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Speech Recognition

e Classical Methods
* Noisy Channel
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Speech Recognition

 End-to-End Methods
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Speech Recognition

Hard Allgnment
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HMM

Hidden Markov Modeks
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The “source-channel” model for automatic
speech recognition (ASR)
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Hidden Markov models are popular as
acoustic models
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Dynamic programming is popular for
“decoding,” i.e. for hypothesis search

W = arg max P(A|W)P(W)

= argmax Z P(A|S)P(S)P(W)
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Composite HMM for “cat and hat”
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Composite HMM for “cat and hat”
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“Forward” Algorithm

> PyGIA(S)
seS(w)
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CTC

Connectionist Temporal Classification
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Calculating the CTC loss for “cat and hat” Calculating the gradient of the CTC loss

e o —C
I o
@ @
. @

0«0 O

o
O
O

0 0<0 O
0 0<0 O
O 0«0 O
0 0<0 O
0 0<0 O
0 0<0 O
O 0«0 O

Lo (0) = —logz np9 (qbtib’i)
t i=1

@
ae

0 0 OO0
0 O«<0 O

%

O O<0 O

O P<0 O<0 O
Om

ae

Lo () =— logz Hpa (vi|pe )ps(de,|Pe,, )
t i=1

& " o
e e o Ny g g gy n
. C CTC Ny
dog< g< g< g< ]g< ..: e (0]y;) 2. I1" 1pe(¢tl|yl)t;¢m(¢|y, ll&Pe((l)lb’)
"0 S0 S0 Mo o O o"s‘.mo 0 O MO O MO O
O MY MO0 MO MO0 M0 MO 1 aLCTC(e) 1 t:pe;=¢b i=1Po\ P, | Vi
L 00 0 0 0 0 g ‘\é\ﬁ‘\;\jape(qbly, “po(0ly) %Mo (00 ly)

HHHH TR



Composite HMM for “cat and hat”
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Neural Speech Recognition
without HMMSs
(aka End2End ASR)

“Purely” CTC-Based Speech Recognition Architectures



End-to-End Speech Recognition

arXiv

Deep Speech: Scaling up end-to-end
speech recognition

Awni Hannun; Carl Case, Jared Casper, Bryan Catanzaro, Greg Diamos, Erich Elsen,
Ryan Prenger, Sanjeev Satheesh, Shubho Sengupta, Adam Coates, Andrew Y. Ng

Baidu Research — Silicon Valley Al Lab

Figure 1: Structure of our RNN model and notation.




The CNN Architecture
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The CNN+LSTM Architecture
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A Bidirectional LSTM Architecture (Deep Speech)
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Transducers

(RNN-T)



ASR with Transducers

The Transducer: Inference

a Tokenize transcripts hello there

© Transducer produces sequences of scores over a finite set of tokens, called a Vocabulary

© Vocabulary includes a special symbol, @, which means move to the next audio sample

[/ -7.4 11.2 -0.2 12.4 4.9 0.2
Vocabulary a
_hell 10.1 9.1 -2.2 9.1 -5.5 -10.3

o] 5.2 4.2 9.7 4.2 4.2 0.9

the 0.1 -0.1 -1.3 -0.1 12.8 1.1

Transducer = ee Scores

re -9.5 -7.6 -7.5 -7.6 -3.6 2.4

v -10.5 -10.8 -8.4 -10.8 -11.1 -10.8

z -12.3 -9.6 -10.3 -9.6 -10.9 -9.6

o 0O 03



ASR with Transducers

The Transducer: Inference

a Tokenize transcripts hello there

© Transducer produces sequences of scores over a finite set of tokens, called a Vocabulary

© Vocabulary includes a special symbol, @, which means move to the next audio sample

1) -7.4 11.2 -0.2 12.4 4.9 0.2
_hell 10.1 9.1 -2.2 9.1 5.5 -10.3
o 9.7 4.2 4.2 0.9
the 0.1 -0.1 -1.3 -0.1 12.8 1.1
Transducer = eee
re -95 -7.6 -7.5 -7.6 -3.6 2.4
z -12.3 -9.6 -10.3 -9.6 -10.9 -9.6
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ASR with Transducers

The Transducer: Training

@ The posterior of one alignment, , af a particular transcript X  Pproduct of scores, a;, along

alignment path
@ Many possible alignments

_hellppogp _theg gre Possible alignments of the 4 token sequence
_hellpop g _thepore _hell o _there

_hellog g ¢ _theregp o with a 9-frame speech utterance
_hellpopp oo _there

@ The posterior of a particular transcript is computed by mz:

@ Using normalized scores, i.e. via Softmax gives ... Yo camditiame) Indeendlnee sssumaiiaT

a 1=1



ASR with Transducers

The Transducer: Training

O

1 T2 I3
001

Audio

Encoder

Hello there

Joiner

e

Yr Y2 Y3

<s> hello there

Vocabulary
Size
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ASR with Transducers

The Transducer: Training Alignment

Score of aligning frame, , to Align input frames with output tokens using @
position, {4 with label, , is
t=0 t=1 t=2 t=3 t=4
L(t,u,l) T s
L(0,0,@) 7L (1,0,0)
hell
L~ (T x U x d) — L(0,0,_hell)m
” ” g s, >
o o [T |
) N _ R N
T > > > ), b
_the \[/ I
'000.-0 o e All paths are length U + T

* Dynamic programming computes sum over paths
- _/ U/ U/ g\, U/ g\

<s> hello_there

39



ASR with Transducers

The Transducer: Memory Hungry

L~ (TxUxd)

T

T
© When the vocabulary size is large, i.e., characters in Mandarin ~ 10,000

@ When the sequence length is long
N— e’

—

Memory Explodes!

15s utterance, 30 character transcript, 10,000 types > 0.45 GB with fp16 / utterance



ASR with Transducers

The Transducer: Memory Hungry

Solution: 'Pruned RNN-T for fast, memory-efficient ASR training", Fangjun Kuang, Liyong Guo, Wei Kang,
Long Lin, Mingshuang Luo, Zengwei Yao, Daniel Povey, Interspeech 2022

Only realize the tensor, ,[of scores for the top-k scoring positions at each time-step

Use a 2-pass method to first prune unlikely paths

The first pass uses a “simple” joiner that avoids realizing any large matrices

The new tensor of scores, ,Iduring the second pass has different dimensions

4




ASR with Transducers
Transducer Loss,
Pruning Bounds d L,

1 o9 Iz ... XT Yy Ys Ys ... Yy

Audio

Encoder

<s> hello there
! Hello there - - 42




Encoder Decoder



Encoder-Decoder

* RNN-T d e A [
ransaucer ttention
°
p(zk | f(z1:6-1),0) p(w; | wyj-1,0)
Joint model Cross attention
x /__L\ /';\ /_;A_\ /l\ |
Decod / \ \ Decod
P ecoder h ( hy | ( hy | ( h ) ( by ) ecoder &
Naa N % N Bs N A Nl L
T T 3 4 t
Encoder Token prediction Encoder Decoder (Token Recurrency)

1 L 1 1 T— 1 = 1 L i 1 +——t 1
75 PN Y i N\ 77\ 75 S\ / \\ /,/ \ £ N / \\ // e 7 \\ / N / \ 7N / \\
(o) [ 0] ( o ) (or | (wo ) [ w ) (wj1) [ or | [ o2 | [ o ) | or ) ((wo | ( wr ) | wi-1 )
Y o NS Ne oA N/ N/ NS N o' N S N A N N A NO A NS N

- Both do not use the explicit conditional independence assumptions
- Use of h; only versus h; for 1, ..., t, ..., T = Get the future information more efficiently
- The output depends on input frame t or not = Online property

https://www.youtube.com/watch?v=IVc46-aBnzM&list=PLfVgr2l0FG-u7chWKPQMDoT0o-
I2ejxeK&index=17
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Encoder-Decoder

* Sequence Generation is auto-regressive
N-—1

p(yd ") =1l rGilys™)
i=0

e Beam-search
e AlImost identical to NMT models

45



Encoder-Decoder

: Robust Speech Recognition via Large-Scale Weak Supervision
* Whisper ust Sp gnition via Larg upervisi

Alec Radford ! Jong Wook Kim“! Tao Xu' Greg Brockman! Christine McLeavey! Ilya Sutskever !

-
. - Sequence-to-sequence learnin
Multitask training data (680k hours) q L 9 EN ™| 0.0 | The |quickbrown| ...
A
. . e next-token
English transcription prediction
————
* “Ask not what your country can do for ---” - - N
(_cross attention _]
D Ask not what your country can do for - ME cross eltenton
self atterion
. . \ e {— J
Any-to-English speech translation ; 5 .
. c .
“El répido zorro marrén salta sobre ---” Transformer ( ' M = ( N
* rapido zorr r r Encoder Blocks* l g MLP Transformer
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