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Today’s agenda

* Introduction to end-to-end speech recognition
* HMM-based pipeline system

e Connectionist temporal classification (CTC)

* Attention-based encoder decoder

* Joint CTC/attention (Joint C/A)

* RNN transducer (RNN-T)



Noisy channel model (1970s-)



Noisy channel model (1970s-)

O: Speech sequence
W' Text sequence

arg max p(W|0)



How to obtain the posterior »(W|0)

* Further factorize the model with phoneme

elet L=(l; € {/AA/, /AE/,---}i=1,---,J) be a phoneme sequence

— L
argmwe}xp(W|O) argmwa;xz];p(W, O0)

B p(O|W, L)p(L|W )p(W)
= arg mME}X EL: (0

= argmax »  p(O|W, L)p(L|W)p(W)

= argmax »  p(O|L)p(L[W)p(W)

Sum rule

Product rule

lgnore p(0) as it does
not depend on W

Conditional independence
assumption



Noisy channel model

arg max p(W|0) = arg max p(O|W)p(W)

~ arg mvgxz p(O|L)p(LIW)p(W)
L

* Speech recognition

* p(O|L): Acoustic model (Hidden Markov model)
* PULIW):; Lexicon * Factorization
e p(W): Language model (n-gram)

* Conditional independence
(Markov) assumptions, CIA



Noisy channel model (1970s-)

arg max p(W|0) = arg max p(O|W)p(W)

~ arg mmc;lxz p(O|L)p(LIW)p(W)
L

Big barrier:

« Speech recognition noisy channel model
— p(0|L): Acoustic model ‘ HMM
— p(L|W): Lexicon n-gram
etc.

— p(W): Language model
* Continued 40 years




However,















“End-to-End” Processing

Using Sequence to Sequence

SOS

€1

* Directly model p(W|0) with a single neural network

e Great success in neural machine translation

€0s

mt
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e HMM-based pipeline system



Seqg2seq end-to-end ASR

f
X = (:1;1,:1;2,--- ,:L'T) — Y = (y1,y2, - aZUN)

f()

Direct seq2seq mapping function

1.

2.

3.

4.

5.

HMM-based pipeline system

Connectionist temporal classification (CTC)
Attention-based encoder decoder

Joint CTC/attention (Joint C/A)

RNN transducer (RNN-T)
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HMM-based speech recognition pipeline

G ONW T UW

GOW Z T UW

“I want to go to

CMU campus”
Feature Acoustic Lexicon Language
extraction modeling modeling

“go to”
“go tWO”
(13 »
go too
“goes to”
“goes two”
“goes too”

p(O|L) p(L|W) p(W)




HMM-based speech recognition pipeline

“I want to go to
CMU campus”
Feature Acoustic Lexicon Language
extraction modeling co modeling

 Require a lot of development for an acoustic model, a pronunciation
lexicon, a language model, and finite-state-transducer decoding

* Require linguistic resources

* Difficult to build ASR systems for non-experts




HMM-based speech recognition pipeline

Acoustic Lan

modeling

Feature
extraction

I I I I Lexicon

-

Require a lot of development for an acoustid
lexicon, a language model, and finite-state-tr
Require linguistic resources

Difficult to build ASR systems for non-expert:

/ Pron
A
A'S

unciation lexion
AH
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HMM-based speech recognition pipeline

“I want to go to
CMU campus”
Feature Acoustic Lexicon Language
extraction modeling co modeling

 Require a lot of development for an acoustic model, a pronunciation
lexicon, a language model, and finite-state-transducer decoding

* Require linguistic resources

* Difficult to build ASR systems for non-experts




From pipeline to integrated architecture

“I want to go to

CMU campus”
D—[ End-to-End Neural Network ]‘
.

Train a deep network that directly maps speech signal to the target letter/word sequence
Greatly simplify the complicated model-building/decoding process
Easy to build ASR systems for new tasks without expert knowledge

Potential to outperform conventional ASR by optimizing the entire network with a single
objective function

Note that all items have pros and cos




Speech recognition pipeline

“l want to go to

CMU campus”
D—l i ]'[ End-to-End Neural Network ]‘
Ul

* We will skip the feature extraction in most cases
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e Connectionist temporal classification (CTC)



Speech recognition pipeline

G ONW T UW

GOW Z T UW

“I want to go to

Feature
extraction

CTC

CMU campus”
Language
modeling

-

Feature seq.

to sentence
directly

“go to”
“go tWO”
(14 »
go too
“goes to”
“goes two”
“goes too”

p(W)
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Connectionist temporal classification (CTC)

[Graves+ 2006, Graves+ 2014, Miao+ 2015]

Use bidirectional RNNs (later self-attention) to predict frame-based labels including
blanks

Find alignments between X and Y using dynamic programming

< Simple implementation (built-in & cudnn), on-line, fast
& Poor performance (conditional independence assumptions), limited applications

CTC 1 » »
y ﬂu A
Forward-Backward

algorithm -1 2] L= ?‘_‘ = - o Zj ;
Stacked v, & # s (& b, & hs h h’, h;7 & hs & & by
BLSTM t t 1 t 1t 1 Tt t
h; h; & h; h, hs he & hy hyg - = hy
1 t i t t t 1 t 1
X1 X2 X3 X4 X5 X6 X7 Xg X




Alignments
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Alignments
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How to represent all possible alignments?

e Trellis

®

p(“see”’|oq,0,,03,04,05)

(9
©

28



How to represent all possible alignments?

e Trellis

p(“s e |01, 0,, 03,04, 05)

p(llsnlol, Oz)p(l{e"|03’ 04)p(lle))|05)

- This is derived by using the
conditional independence
assumptions

- To compute the factorized
probability, we also introduce
a blank symbol

VI1TI1I1111]
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How to represent all possible alignments?

e Trellis

p(“S e €"|01, 02, 03, Oy, 05)

p(llsnlol)p(llenloz’ 03’ 04)p(lle"|05)

-

=

\
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How to represent all possible alignments?

e Trellis

®

p(“S e 8"|01, 02, 03, 04, 05)

@ We can compute the probability
with all possible paths based on

dynamic programming
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HMM vs. CTC

Conditional independence assumptions

Language models

Use of pronunciation lexicon information

Implementation




Today’s agenda

e Attention-based encoder decoder
* Joint CTC/attention (Joint C/A)



Speech recognition pipeline

“l want to go to

Feature
extraction

GOWT UW
GOWZTUW
Attention

] CMU campus”

-

“go 'tO”
“go tWO”
(14 »
go too
“goes to”
“goes two”
“goes too”

p(W)
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Attention-based encoder decoder (chorowsks 2015, chans 2016]

Encoder: acoustic model, decoder: RNN language
model, attention: align input and output labels

Later transformer

No conditional independence assumption

< Good performance but, a lot of applications (ASR, TTS,

NMT)
& Too flexible alignment, off-line

(ry)

SOSs

Av!
— X

Attention

&
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Source-target attention

* Adjust different-length sequences based on the attention
mechanism

— If the encoder state at input frame t is h;, and we can compute a hidden

state value in token i based on the following equation
T

Ci = z aichy

t=1
— a;¢: attention weight obtained by a neural network

* Widely used in machine translation and other sequence-to-
sequence applications in NLP



Alignments
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Normal arrow:
high probability
Dashed arrow:
low probability
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The attention mechanism performs a soft alignment

— T
* Attention weight a;;
determines whether encoder

h; is assigned to a character c¢;
or not

—a;; = 0: no assignment

—a; # 0: assigned




The attention mechanism performs a soft alignment

 There is no constraint for the alignment

 The order can be changed (good for machine translation, but it
does not happen in speech recognition)

Monotonic Non monotonic




1654
1111111
22222

Examples of wrong alignments

id: (20040717_152947 A010409 B010408-A-057045-057837)
Reference
EENRMEBNRLOOANTIEMAREEX TR ERNIE
ZEArAEREBES M

MTL

Scores: (#Correctness #Substitution #Deletion #Insertion) 28 2 3 45
BERENRMEBEEBENELI TEIEMRAREEXTHRED
MRMFMEBNRLEB TEIEMAOREEXIITREN T U
MREBANMREB TEEMAOARTE XTI EBN

S A8 <

i
A <t
i

We can avoid it by setting the constraint for the output length

43




HMM vs. CTC vs. Attention

Conditional independence assumptions

Language models

Use of pronunciation lexicon information

Implementation




Joint CTC/attentiOn (JOlnt C/A) [Kim+ 2017, Hori+ 2017]

- Combine CTC and attention during
o training based on multi-task
learning Y ¥

o inference based on score |

combination

CTC

< Very good performance with
reasonable alignment

& Complicated implementation, off-line,
limited applications

ESPnet uses joint CTC/attention since it does not

Shared
Encoder

have a tuning parameter during inference

I
1l

11;1_}'—‘112 > h, 7= b, ==
T T T T T

X, X; X3 X, X5 Xg X5 Xg Xy




Example of recovering insertion errors (HKUST)

id: (20040717 _152947 A010409 B010408-A-057045-057837)

Reference

EBHEORMEREBEOR@DE T8 EXIRAORTEX DAL ILIZE R 2 RS
Hybrid CTC/attention (w/o joint decoding)

Scores: (#Correctness #Substitution #Deletion #Insertion) 28 2 3 45
BEE2ORREBORFBT 7 EIRAORTEXDIALR T

R g XA AR Y 1A S U AR A S e 2] L??ﬁ%wﬁﬁ“ X A B AE B #L
w/ Joint decoding

Scores: (#Correctness #Substitution #Deletion #Insertion) 31 1 10

HYP: B2 40 3R (R AR AR R B 2] 7 i B RO R EXDIHAER - ILE A 2R R

w%ﬁﬁﬁw%@@Tﬁiﬁw
e rEMR - -

0 50 100 150

_—




Example of recovering deletion errors (CSJ)

id: (AO1F0001_0844951_0854386)

Reference

FlaMiTHEoOoza —uv s —va s HEers XI0VEMCHENT2Z2RICHENE~J

sm R ryrBILOCAERT VT ay e ) ICEHRTLIEEBZ R TCEBY T £S5 T
NP A R

Hybrid CTC/attention (w/o joint decoding)

Scores: (#Correctness #Substitution #Deletion #Insertion) 30047 0

FLEAMITHEOa—ar — v a3 VEELE IDDEMICHEN T S

. a:

w/ Joint decoding

Scores: (#Correctness #Substitution #Deletion #Insertion) 67 91 0

FrhExAaROTOKBE O a —uv s —3va VUEELZ LD FEMICMHEAT LRI LR~ A

smArE - W FEHNN b EayvE)IIcEE T LA EBE X TCBY T ST

5 Z Tk o T

(o} 50 100 150 200
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* RNN transducer (RNN-T)



< Good performance with reasonable alignment, on-line
& lower performance than attention, limited applications
Now, widely used especially in industry

O

RNN-transducer icraves: 2013

Extension of CTC by considering previous output dependency
Combine input RNN and auto-regressive output RNN to provide a joint distribution

Joint model can handle this combination

A 4

808 / " | eos
9o Q[ " 9.
]
h,l - h,z ~ h’; — h’4 :“z h:r'
T T T T t
‘l!l'—’:hz - i"—#"s h 72 b, 2 by F= - S,
T T T T I I
X4

Joint
model

p(yn ‘xt » Yn—1 )
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How to represent all possible alignments?

e Trellis

®

p(“see”’|oq,0,,03,04,05)

(9
©

50



How to represent all possible alignments?

e Trellis

p(“s e €”|01,0,, 03,04, 05)

p(llsnlol, Oz)p(lle"|03, 04)p(lle"|05)

p

p(“s”|oq,07)
p(“e”l”S"’ 03’ 04)p(lle,)|’)5’)’ (leU, 05)

We consider the history (relax
the conditional independence
assumptions)

We can still compute it by using

dynamic programming -

VI1TI1I1111]




HMM vs. CTC vs. Attention vs. RNN-T

Conditional independence assumptions

Language models

Use of pronunciation lexicon information

Implementation




Seqg2seq end-to-end ASR

f
X = (:1;1,:1;2,--- ,.’IJT) — Y = (y1,y2, - aZUN)

f()

Direct seq2seq mapping function
1. HMM-based pipeline system
2. Connectionist temporal classification (CTC)

3. Attention-based encoder decoder
s. Joint CTC/attention (Joint C/A) m ESP“EI
LS RNN transducer (RNN-T) 53

-
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Discussion

Please discuss your current status of assignment 3. Please pick up one or two items from the
following items.
* Which language did you choose, and why?

— Please share the information of how many hours of training data? What kind of scripts are used?
What kind of text/audio pre-processing you’re performing? etc.

What is your computing environment?

— Using AWS? Your Lab’s computing resources?

— 0S, GPU types, cudnn versions, python version, pytorch version, etc.
Which stage did you finish?

— What were the difficulties and what were the things that should be good to be shared with the
others?

— What issues are you currently facing on?
What is the role in your team, if your team member is also in the discussion group?

Any other issues, status, and TIPS that you want to report



