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



The “source-channel” model for automatic 
speech recognition (ASR)

Speaker’s 
Mind

Speaker’s 
Vocal 

Apparatus

Listener’s 
Auditory 

Apparatus

Listener’s 
Mind

Speaker’s 
Mind

Listener’s 
Mind

Stochastic 
Communication 

Channel

W A W*

P(W) P(A|W) arg max P(!|A)
Language Model Acoustic Model Decoder



Hidden Markov models are popular as 
acoustic models

HMMs for computing P (A|W ).
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Dynamic programming is popular for 
“decoding,” i.e. for hypothesis search

HMMs for computing P (A|W ).

P (A |W) =

X
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Viterbi decoding for computing argmaxP (A|W )P (W ).
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Phoneme
HMMs
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cat           and            hat

and ae n d
cat k ae t
hat h ae t

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 …

ICASSP 1988



So, a lot of progress has been made since 1988
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Maximum Mutual Information Estimation



Language Modeling
with

(Recurrent) Neural Networks
Efforts to Go Beyond n-gram Dependence in Language Models



Using Neural Networks to Estimate 𝑃 𝑤! ℎ!

ICASSP 1989



A paper appeared in September 2010 …
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Training Neural Networks
without using

HMM-Based Alignments
Connectionist Temporal Classification
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Calculating the CTC loss for “cat and hat”
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HMMs

Composite HMM for “cat and hat”

FSA of permissible CTC strings for “cat and hat”

The CTC “Blank” Symbol (𝛽)
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Neural Speech Recognition
without HMMs

(aka End2End ASR)
“Purely” CTC-Based Speech Recognition Architectures



End-to-End Speech Recognition
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The CNN+LSTM Architecture
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A Bidirectional LSTM Architecture (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

NeurIPS 2015



An Encoder-Decoder Architecture with Attention
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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)
• Connectionist Temporal Classification: Graves (2006) 
• CTC-Based Models: Hannun et al (2014) and Graves & Jaitly (2014)
• Attention-Based Models: Chorowski et al (2015)


