Neural Methods
In Automatic Speech Recognition

Neural Acoustic Models: Waibel et al (1988) to Povey et al (2016)

Neural Language Models: Nakamura et al (1989) to Sundermeyer et al (2012)
Connectionist Temporal Classification: Graves (2006) and Graves & Jaitly (2014)

Deep Speech 2: Hannun et al (2014) and Attention-Based Models: Chorowski et al (2015)

Recurrent Neural Transduction: Graves (2012) to He et al (2019)
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The “source-channel” model for automatic
speech recognition (ASR)
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Hidden Markov models became popular as
acoustic models

P(A|W) = Y P(AS|W) = ) PA[S,W)P(S|W)
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Dynamic programming became popular for
“decoding,” i.e. for hypothesis search

W = arng%XP(A]W)P(W)

= argmax > P(A|S)P(S)P(W)
~ P(A|S)P(S)P(W
ATgIAX Iax (A[S)P(S)P(W)

= log P(A |S) + log P(S) + log P(W
argmax max log (A [S) +log P(S) + log P(W)

= Project (Bestpath (Compose (AlogP(A |S) © Liog P(S) © Gog 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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Acoustic Modeling
with
Deep Neural Networks
for Hybrid ASR Systems

Repurposing Algorithms Developed for HMM-based Architectures



A paper appeared in September 2011 ...
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So, a—Het-ef progress has been made since 1988
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Figure 2: The TDNN architecture (input: "DA”)
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Maximum Mutual Information Estimation
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Language Modeling
with
Recurrent Neural Networks

Efforts to Go Beyond n-gram Dependence in Language Models



Using Neural Networks to Estimate P(w|h;)
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A paper appeared in September 2010 ...
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Finding Structure in Time
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A Simple RNN
Language Model
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Training Neural Networks

without using
HMM-Based Alignments

Connectionist Temporal Classification: Labelling Unsegmented
Sequence Data with Recurrent Neural Networks
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HMMs

Phoneme p(olyDp(y)  p(olyy)
Posterior Probabilities P(Ply) pLil¢) = p(p) x p(¢p)
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Calculating the CTC loss for “cat and hat” Calculating the gradient of the CTC loss
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" “ I Composite HMM for “cat and hat”
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Neural Speech Recognition
without HMMs
(aka End2End ASR)

“Purely” CTC-Based Speech Recognition Architectures



End-to-End Speech Recognition

arXiv

Deep Speech: Scaling up end-to-end
speech recognition
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The CNN+LSTM Architecture
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A Bidirectional LSTI\/l Architecthure (Deep Speech)
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End-to-End Speech Recognition
using
Neural Networks with Attention

Applying ideas from machine translation to speech recognition



Attention-Based Speech Recognition

NeurlPS 2015

Attention-Based Models for Speech Recognition
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An Encoder-Decoder Architecture with Attention
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Recurrent Neural Network
Transducers

Coming full circle to

the basic mathematical formulation of automatic speech recognition



There was another paperin 2012 ...

Sequence Transduction with Recurrent Neural Networks

Alex Graves GRAVESQCS. TORONTO.EDU
Department of Computer Science, University of Toronto, Canada ICASSP 2019

STREAMING END-TO-END SPEECH RECOGNITION FOR MOBILE DEVICES

ICML 2012 W |
Yanzhang He', Tara N. Sainath*, Rohit Prabhavalkar, Ian McGraw, Raziel Alvarez, Ding Zhao,

David Rybach, Anjuli Kannan, Yonghui Wu, Ruoming Pang, Qiao Liang, Deepti Bhatia, Yuan Shangguan,
Bo Li, Golan Pundak, Khe Chai Sim, Tom Bagby, Shuo-yiin Chang, Kanishka Rao, Alexander Gruenstein

Google, Inc., USA
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Encoder Network

Combining a fully neural acoustic model with
a fully neural language model
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Summary + Q&A

* Neural Acoustic Models: Waibel et al (1988) to Povey et al (2016)

* Neural Language Models: Nakamura et al (1989) to Sundermeyer et al (2012)
e Connectionist Temporal Classification: Graves (2006)

e CTC-Based Models: Hannun et al (2014) and Graves & Jaitly (2014)

» Attention-Based Models: Chorowski et al (2015)

e Recurrent Neural Network Transducers: Graves (2012) to He et al (2019)
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