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Automatic Speech Recognition

e Task:

« Transform speech from audio to text

e Also known as:
« SST (Speech to Text)
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Automatic Speech Recognition

« Metrics: WER (Word Error Rate)

 Target: the quick brown fox jumps over a lazy dog
* Prediction: the quick brow an fox jumps over lazy dog



Automatic Speech Recognition

« Metrics: WER (Word Error Rate)
 Target: the quick brown fox jumps over a lazy dog
* Prediction: the quick brow an fox jumps over lazy dog

1. S — substitutions

2. D — deletions

3. | —insertions

4. N — total words in target

WER_S+D+I
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Automatic Speech Recognition

« Metrics: WER (Word Error Rate)

 Target: the quick brown fox jumps over a lazy dog
* Prediction: the quick brow an fox jumps over lazy dog

CER (Character Error Rate)
« The same tings, but at the
character level

1. S — substitutions

2. D — deletions

3. | —insertions

4. N — total words in target

Questions:
« What is more important?
weR =2+ 2! . What is more difficult to
N minimize?
« WER > 17
e N=07




Automatic Speech Recognition

« Metrics: WER (Word Error Rate)
* Target:

1. S — substitutions

2. D — deletions

3. | —insertions

4. N — total words in target

the quick brown fox jumps over a lazy dog
* Prediction: the quick brow an fox jumps over

lazy dog

CER (Character Error Rate)
« The same tings, but at the
character level

D>S> | (H&E &4 2o|0|
Questions: HZ =M KB =)
« What is more important?/ N
weR = T2 *! + What is more difficult to — S (B S48,
N minimize? 2OH 2E=2d)

WER > 1?——— Possible (Why?)

N =20 ?\
Undefined or NaN



Automatic Speech Recognition

e Data: Wall Street Journal (WSJO, WSJ1)

« Domain: WSJ articles read aloud by journalists, high-quality audio
recorded with 2 mics

* Parts:
« train: 78k samples, totally 73h
« test: 8.2k samples, total 8h

* Features:
 read speech
« up to several minutes of audio
-« complex newspaper language Sample: =
« commercial: no free access



Automatic Speech Recognition

per-spk | female | male | total
subset hours .
. . minutes | spkrs | spkrs | spkrs
. dev-clean 54 8 20 20 40
 Data: Libri Speech (2015) dovelean | 54 | 8 | 20 | % [ 40
S o : : : ! dev-other 5.3 10 16 17 33
« Domain: audio books from LibriVox project |—&voter | >3 |10 R -
° . train-clean-100 | 100.6 25 125 126 251
Pa rts * train-clean-360 | 363.6 25 439 482 921
° train: 960h / test: ']']h / dev: ']']h train-other-500 | 496.7 30 564 602 1166
e clean / other (noise)
600
° Features' test clean test other %m
 read speech with ASR model alignment s
i model 1.4 2.48 £ 200
e 10-20s of audio E I
° |iterary |anguage human >.83 12.69 % 020 2021 2022 2023 2024
@ LibriSpeech

several sentences per sample
balanced by speakers

Sample (clean): Sample (other):



Automatic Speech Recognition

 Audio Visualization tool: Audacity (Free)

= Audacty

Tracks

1

File Edit Select WView Tranmspert Generate Effect Analyze Tools Extra  Help

n > | I > [ ] 151
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3 Audio Track Clip-handle drag-bar
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Stopped. Click and drag to select audio 20

17 18
L 190

https://www.audacityteam.org/



Automatic Speech Recognition

* Before Deep Learning

Spectrogramj

Acoustic model | Language model

. »
& 39 features Features extraction =
0.3
” 0.2

‘ \
ay ! ‘ } O
® Decoding search — @ oot )
P A ge pwe | wyy)
Lexicon l ois | she)
smile: s Word sequence )

W* = arg max P(W | X)
W* = arg max p(X|W) P(W)

word sequence acoustic model language model 10



Automatic Speech Recognition

* Before Deep Learning

Acoustic model (& 2 &)

- Feature > Phoneme (22) &S
mapping

- HMM (Hidden Markov Model) +
GMM (Gaussian Mixture Model)

-

ay

Acoustic model |

smile ¢

Lexicon

ay |

S m A 1
W WA

/

Spectrogramj

39 features Features extraction

l

Decoding search

word sequence

!
Word sequence

W* = arg max P(W | X)

W* = arg max p(X|W) P(W)

Language model (210

acoustic model language model

Word sequencel| &

n-gram

Acoustic modelO] &l

ES 2E

Language model
‘os ‘

pwe | wey)

p(is | she)

11



DL-based ASR
« What do we want?
e Build an ASR model —W—W

v

ASR model

o

Hello world

12



DL-based ASR

« What do we want?
e Build an ASR model

« We ca extract audio features
« Spectrogram
* Mel spectrogram '

ASR model

o

Hello world

13



DL-based ASR

« What do we want?
e Build an ASR model

« We ca extract audio features
« Spectrogram
* Mel spectrogram

« We have
» variable input lengths, x;, x5, -, x; ASR model

« variable output length, y;, vy, -, y, u <t l

Hello world

Yi Y2 - Yu
14



DL-based ASR

« What do we want?
e Build an ASR model

« We ca extract audio features
« Spectrogram
* Mel spectrogram

« We have
» variable input lengths, x;, x5, -, x; ASR model

« variable output length, y;, vy, -, y, u <t l

Hello world

. | L |
Problem: x and y are misaligned! Vi Vo e Yy

15



DL-based ASR

« What do we want?
e Build an ASR model

« We ca extract audio features
« Spectrogram
* Mel spectrogram

« We have Hello World
« variable input lengths, x1, x5, -, x; = [y1,Y2, Y3 Y6 Ys]l = 1Y7, Y8 Yo Y10, Y11l
« variable output length, y;, vy, -, y, u <t

* Problem: x and y are misaligned!
16



DL-based ASR

* Naive Approach

 Build a model that predicts probability
distribution for each x; over vocabulary V

c0=PW I X)=Model(X)

e X € ]Rseqwnxmellen, 0O € ]RseqwnXSizevoca

 then, we can easily predict output as
argmax over the time axis

« Y* = argmax(0),Y € R%¢qlen
e Y*={h he 1L}

Input: xq, x5, -, X¢

X: Mel spectrogram

PU—
e ——e
e c—

0: probability
distribution

[ e

v
[0 hhiEmn
Vocabulary: vy, vy, , V4

17



DL-based ASR

* Naive Approach

 Build a model that predicts probability
distribution for each x; over vocabulary V

c 0=P(V | X)=Model(X)
e X € ]Rseqwnxmellen, 0O € ]RseqwnXSizevoca

Encoding
 then, we can easily predict output as

argmax over the time axis

e Y* = argmax(0),Y € R%¢qten
« Y*={h he Ll -}

Decoding

Input: xq, x5, -, X¢

X: Mel spectrogram

I ]
HREmND
Vocabulary: vy, vy, , V4

[]

18



DL-based ASR

« What do we want?

 Thus, how can we obtain Y* €

[RS€d1ien

0: probability
distribution

¥

£

-

N~<><E<c,-,m-1n'co:13_7\-._._.:no_..mn.nc'm .
1 1 | 1 j — } v | — 1 [ —

wwoorrlllddd

19



DL-based ASR

« What do we want?
 Thus, how can we obtain Y* € R5¢4ten

‘ Merge consecutive letters

e Issues?

* Multiple consecutive letters in a target word
(e.g., hello)

* Silence between works and letters
(e.g., breathing, lip-smacking)

0: probability
distribution

OnOT
'l

i
-

li

1

-l'll

NS XECC N 0TO0T3 —xe = TQ 4D
1

wwoorrlllddd

20



DL-based ASR

0: probability
distribution

« What do we want?
 Thus, how can we obtain Y* € R5¢4ten

‘ Merge consecutive letters

e Issues?

* Multiple consecutive letters in a target word
(e.g., hello)

* Silence between works and letters
(e.g., breathing, lip-smacking)

— Blank symbol: ¢

wwoorrlllddd

21



DL-based ASR

0: probability
» What do we want? w
« Add special symbol to vocabulary b
« Blank symbol: ¢ -
-
AN
 Train model in such a way, to predict blank symbol f -
in_issue case .{;
« How to deal with blank symbol while decoding 0
* Merge all repeated symbols into one v
heelleeleo—>heeleleo ﬁ
w:. | N
» Delete blanks ‘EE =

=
I

heeleleo—>hello

[l
I I

heeleleelc€e 22



DL-based ASR

0: probability
distribution

e How should we define a loss?

« We have valid paths that decode into the target b-
2]
h € e | e | £ o o o | %F
9]
h € e | | | € | o o — Hello r:f-
j
k_
e h h h e | ¢ | o o 411
s
0]
* and non-valid path P
r N
h ¢ e I € | € I o o —— Hello %u
L
ui
e h h h e | & | €& € 4 o

heeleleelc€e 23



DL-based ASR

0: probability
» How should we define a loss? w
« We have valid paths that decode into the target :
hlelell |e|llelolo|lo ] n
h € e I | | € | o o ~— Hello r -
e h h h e |l &€ | o o :

- we don't care what path the model selected, thus,
we maximize probabilities for all of them

« for each valid path, we can compute its probability
from the output matrix

M

a
b
C
d
e
f
g
h
|
J
k
I
m
n
0
p
q
r
S
t
u
v
W
X
Y
z
£

heeleleelc€e 24



DL-based ASR

0: probability
distribution

e How should we define a loss?

« we don't care what path the model selected, thus,
we maximize probabilities for all of them

« for each valid path, we can compute its probability
from the output matrix
e P(hhelleeleo)=0.00123

L}
5

NS XS <CCrUN="00TO053 - X e TQ DN TQ

: Ty

heellegleo 25



DL-based ASR

e How should we define a loss?

« we don't care what path the model selected, thus,
we maximize probabilities for all of them

« for each valid path, we can compute its probability
from the output matrix
e P(hhelleeleo)=0.00123
e P(hhellleleo) =0.00112

NS X SN —"0T O3 —c X e TQ DN TQ =

0: probability
distribution

L}
5

.

,I_:_Ei_

|

heellegeeglego

26



DL-based ASR

e How should we define a loss?

« we don't care what path the model selected, thus,
we maximize probabilities for all of them

« for each valid path, we can compute its probability
from the output matrix
e P(hhelleeleo)=0.00123
e P(hhellleleo) =0.00112
s P(hhhhhelelo)=0.00001

 and for many others ...

AN 0T O3 — X T QD OANTO =

0: probability
distribution

B

l-lplr
®

heellegegleo

27



DL-based ASR

0: probability
distribution

e How should we define a loss? === CTC Loss

« we don't care what path the model selected, thus,
we maximize probabilities for all of them

« for each valid path, we can compute its probability
from the output matrix
e P(hhelleeleo)=0.00123
e P(hhellleleo) =0.00112

B

l-lplr
®

AN 0T O3 — X T QD OANTO =

s P(hhhhhelelo)=0.00001 i |
i
T m
p(Y | X) = S I pea: | X) it
AAxy 1 « B
x -
The CTC conditional marginalizes over the computing the probability for a yil IlE |
probability set of valid alignments single alignment step-by-step. Z.: E

heelleegleo 28



DL-based ASR

» Efficient CTC Loss Compute

target = ab

p(out=ab), = p(out=ab, last_char = b),
+ p(out=ab, last_char = &)

p (out=ab, last_char =b) p =
p(prefix=a, last_char = b), ; - p(char=b),
+ p(prefix=a, last_char =€), ; - p(char=b),
+ p(prefix=a, last_char = a),_, - p(char=b).

p (out=ab, last_char =€) =
p(prefix=a, last_char = b), , - p(char=e)
+ p(prefix=ab, last_char = €);_; - p(char=e),

29



DL-based ASR

» Efficient CTC Loss Compute

Z = |6 Y1, €& Y2, -+, € YU, €
—-—>Qﬁ-—>
% u)
Btviee!
Lelelel

Node (s, t) in the diagram represents a4 — the CTC

—_—

Two final

e
0@
Q- -@®
-0
O—@

@0 O

score of the subsequence Z;., after t input steps.

30



DL-based ASR

» Efficient CTC Loss Compute: Case 1

el

cla O Ot — (as—l,t—l + as,t—l) : pt(zs | X)
The CTC probability of the two valid The probability of the current
subsequences after ¢ — 1 input steps. character at input step ¢.

al e

31



DL-based ASR

» Efficient CTC Loss Compute: Case 2

d

E sy =  (Qsop-1+ Qo141 F0p1) pe(zs | X)
The CTC probability of the three valid The probability of the current
subsequences after t — 1 input steps. character at input step t.

b

32



DL-based ASR

» Efficient CTC Loss Compute: Example
* OQutput Y = [a, b]

Node (s, t) in the diagram represents a;; — the CTC
score of the subsequence Z;., after t input steps.

t=1

t=2

t=3

t=4

0.6

0.2

0.3

0.4

0.3

0.5

0.2

0.1

0.1

0.3

0.5

0.5

O: probability distribution

33



DL-based ASR

t=1

t=2

t=3

t=4

0.6

0.2

0.3

0.4

0.3

0.5

0.2

0.1

0.1

0.3

0.5

0.5

O: probability distribution

» Efficient CTC Loss Compute: Example
* OQutput Y = [a, b]

input, X
e 012“*““'0036 0.0144
output
. 0114 0015

‘ L @)68

b O 2835

e \, 027%01308

Node (s t in the diagram represents o, ¢ — the CTC
score of the subsequence Z;., after t input steps.

34



DL-based ASR

t=1

t=2

t=3

t=4

0.6

0.2

0.3

0.4

0.3

0.5

0.2

0.1

0.1

0.3

0.5

0.5

» Efficient CTC Loss Compute: Example
* OQutput Y = [a, b]

O: probability distribution

input, X

€ 012 0036

OXM
output \
Y — [a b] a 0114\
; % L@@B
b O 2835
\' 0.2835+0.1308=0.4143

0027 S O 1308 Forward DP
(Dynamic Programming)

€

Node (s t in the diagram represents o, ¢ — the CTC
score of the subsequence Z;., after t input steps.

35



DL-based ASR

« CTC properties

* No language context: outputs are
independent, meaning that each letter
does not know about others

« Streamable: we don't need full audio, to
start predicting (how to inference?)

* Produces alignment: between audio and
target

Input: xq, x5, -, X¢

X: Mel spectrogram

—
‘
e c—

0: probability
distribution

[ Je—

v
[0 hhiEmn
Vocabulary: vy, vy, , V4

36



DL-based ASR

e CTC inference

« argmax is fast, but:
* Problems:

A

|
o O o

 P([b, b, b])
* P([a,a,¢€])
 P([a,a,al])

R Ul

* but:

* p("a") =0.6
« p("b") = 0.5

argmax

We can't compute all paths

37



DL-based ASR

 CTC Beam Search

« We want to decode an output matrix into
a list of text predictions with probabilities

« Has parameter: beam size >= 1

e Tradeoff between:

- Taking argmax prediction: easy and fast to
compute, but not perfectly accurate

« Computing sum of probabilities of all
possible paths: Perfect quality, but infeasible

Input: xq, x5, -, X¢

X: Mel spectrogram

PU—
e ——e
e c—

) =1

0: probability
distribution

38



DL-based ASR

« CTC Beam Search (Beam size=3)

T=1 T=2 T=3

current proposed current proposed current
hypotheses extensions hypotheses extensions hypotheses

proposed

extensions

@

®©® O

A standard beam search algorithm with an
alphabet of {¢, a, b} and a beam size of three.

®

Beam search step:
« expand beam
e truncate beam

39



DL-based ASR

Beam search step:
« expand beam

« CTC Beam Search (Beam size=3) . merge paths

e truncate beam

T=1 T=2 T=3 T=4
current proposed current proposed current proposed current
hypotheses  extensions hypotheses  extensions hypotheses extensions hypotheses

empty
string

Multiple extensions merge
to the same prefix

The CTC beam search algorithm with an output
alphabet {¢, a, b} and a beam size of three. 40



DL-based ASR

e CTC Summary How to train:

e compute encoder predictions - output matrix

* Connectionist Temporal Classification: Labell » efficiently compute sum of probs of all paths c

ng Unsegmented Sequence Data with Recurre orresponding to target
nt Neural Networks, A. Graves et. al, 2006 e maximize this sum
CTC Properties How to evaluate:
« conditional independence e compute encoder predictions - output matrix
o streamable e argmax / beam search
o produces alignment « CTC decode
« fast inference

CTC Decoding Beam Search:

o allows to reduce fixed len predictions to e expand beﬁm
variable length predictions . e Mmerge patns
« provides mapping from path to string . trunczi\cte beam
e lE€pe€a

41



DL-based ASR

» Encoders: Deep Speech 2 =)
[O 000000 O)I Connected
* Deep Speech 2: End-to-End Speech XXX
Recognition in English and Mandarin, XXX
Dario AmOde| et al., 2015 @0 @@ @0 @) | Recurent
« 11,9k hours of training data o lise
» 35M parameters G2 (@ eeeeeee | Firetnd
* no torch in 2015 - many challenges o
* super human quality on clean sets @eceo0e000),
« 3-5 days on 16 GPUs ©0o0o0coco009t
(©0000000Q)| Invariant
— h | [O 500000 O) | Convolution
ead Speec
Test set DS1 DS2 Human ( Spectrogram )
WSJ eval’92 494  3.60 5.03
WSJ eval’93 6.94 498 8.08

LibriSpeech test-clean  7.89  5.33 5.83
LibriSpeech test-other 21.74 13.25 12.69 42




DL-based ASR

» Encoders: Conformer i i - [ ] ;
 Conformer: Convolution-augmented e i é
Transformer for Speech Recognition, N . ;
Anmol Gulati, Google, 2020 ——— é}: i
» Transformers 5 _ ;

1D depthwise separable convolution | Comevniee
« convolutions for local, attention for global Gomvouton

Subsampling

dependencies - 1 kﬂumﬁoﬁﬁ.‘fe AJ

. S| u
M u |t| - h eda d se | f‘ L A{Muhi-Hegd Attention wnhl—’ }_,/1\ pecAug
attention model everom i i e omewe 1

Feed forward L T T g @ |
Layernorm e Swish Dropout Linear
mo d u | e | Layer | Activation | [ Layer | |

Feed Forward Module

]

1/2

Feed Forward Module

— Dropout }—><t>

43



DL-based ASR

 Encoders: Conformer

« Conformer: Convolution-augmented Transformer for Speech
Recognition, Anmol Gulati, Google, 2020

‘ N Pointwise Glu SW|sh Pointwise
Layernorm4>{ Conv HActwallon Dep?xseJ-’EatchNorm{Actwatm Conv }—PDropout }_)é

Convolution module

44



DL-based ASR

 Encoders: Conformer

« Conformer: Convolution-augmented Transformer for Speech
Recognition, Anmol Gulati, Google, 2020

Standard Convolution Depthwise Convolution

12 - @- ) 8”
3 9 3
12 3 8
12

Pointwise Convolution Depthwise Separable Convolution

8
8 8
3
B 8 256
1
8
8

45



https://towardsdatascience.com/a-basic-introduction-to-separable-convolutions-b99ec3102728

DL-based ASR

 Subword Tokenization

e motivation:

* a lot of characters have different pronunciation in different contexts (e.g. cheese
and character)

« generated tokens are conditionally independent of each other (in case of CTC)

 reducing the target sentence length by subword tokenization, we are trying to
sidestep the CTC loss sequence length limitation

* less compute leads to faster training and inference
» better generalization leads to better quality

e subword tokenization:

 Byte Pair Encoding (BPE)
« Word Piece
« Unigram

46



DL-based ASR

« Subword Tokenization: BPE (Byte Pair Encoding)

Algorithm 1 Byte-pair encoding [30] aaabdaaabac
1: Input: set of strings D, target vocab size K
2: procedure BPE(D, K) 1. addZ<-aa
3 V « all unique characters in D ZabdZabac
4 while |V| < K do > Merge tokens
5: tr,t, < Most frequent bigram in D 5 add Y <- ab
6: tNew <t +tr > Make new token
7 V <V + [tNew] ZYdZYac
8 Replace each occurrence of ¢, ¢, in D with tngw
9: end while 3 add X <- 7Y
10: return V
11: end procedure XdXac

Example: low, lowest, newer —— add "lo"=A, Aw, Awest, newer ———

V:l,own,estr V:A wnestr 47



DL-based ASR

« Subsampling
« motivation:

« speed up training and inference

« subword tokenization can work better,
because we will encode more data per
frame

40ms
40ms
40ms
40ms
40ms
40ms
40ms
40ms
20ms
10ms
Conformer

* options:
* 1d conv with stride
« 2d conv and projection
« stacking consecutive frames and projection—— nme
« and many others..

|

10ms

20ms

proj

~ d_model

20ms

48



DL-based ASR

« Language models (LM)

e motivation:

« spelling of a word heavily depends on its context
* LMs can add context dependency in CTC beam search
 external language models typically saw more data

« examples:

« simple: n-gramms, Kneser—-Ney smoothing and others

« complex: neural networks
e.g: Bert, GPT, LLaMA

hypo 1: let’'s go two a movie (am score: 0.21)
hypo 2: let’'s go to a movie (am score: 0.19)
hypo 3: let’'s go too a movie (am score: 0.13)

P(let's go two a movie) = 0.01 (Im score)
P(let's go to amovie) = 0.6 (Im score)

49



DL-based ASR

« Language models (LM)

ASR Model |, \ voo #2
[ Training ASR Model Beam search }» HXSSE
[ Lol ez, H LM Model }

Training

How to integrate LM?

50



DL-based ASR

« Language models (LM)

« Second pass rescoring:

Hypo #1
I\?osdzl ASR Beam Hypo #2
- Model search J Hypo #3
Training Hypo #4
[ LM Model H LM Model
Training

Best hypo

it's better to use:

e Shallow fusion: - large model (ASR) for rescoring
light model (ASR) for shallow fusion
ASR_M_odeI }—» ASR Model —>(Beam search\
Training Voo #i
“‘ ) . e
Lﬁaﬂ?:: [ LM Model ] —
\ y, \ /

51



