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)
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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

P(A|W) = Y P(AS|W) = ) P(A|S,W)P(S|W)

SeS(W) SES(W)

Q

Z Pr(A[S)Pr(S)

SES(W)

— Z H Pg(ay | s¢)Pr(st|st—1)

ScS(W) t=1
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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)
SES(W)

~ P(A|S)P(S)P(W
argmax max (A|S)P(S)P(W)

= loe P(A|S log P(S log P(W
argmvgfxsé{lg%%cv)og (A]S) +log P(S) +log P(W)

= Project (Bestpath (Compose (Alogp(A |S) © Liog P(S) © Glog P(W))))
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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+etet 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

Abstract r-v__ (£) OUTEUT (t)

JEFFREY L. ELMAN A new recurrent neural network based language model (RNN —
LM) with applications to speech recognition is presented. Re-

University Of Cal’fornm' San D iego sults indicate that it is possible to obtain around 50% reduction

of perplexity by using mixture of several RNN LMs, compared
to a state of the art backoff language model. Speech recognition
experiments show around 18% reduction of word error rate on
the Wall Street Journal task when comparing models trained on
the same amount of data, and around 5% on the much harder
NIST RTOS task, even when the backoff model is trained on _ _
much more data than the RNN LM. We provide ample empiri- )
cal evidence to suggest that connectionist language models are
superior to standard n-gram techniques, except their high com-
putational (training) complexity.

Index Terms: language modeling, recurrent neural networks,
speech recognition




A Simple RNN
Language Model
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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” Calculating the gradient of the CTC loss
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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
= = = = = = = = = = = = = = = = = = = = = = = = =
= = = = = = = = = = = = = = = = = = = = = = = = =
= = = = = = = = = = = = = = = = = = = = = = = = =
= = = = = = = = = = = = = = = = = = = = = = = = =
(| (| = = = = = = = E E = = = = E E E E E = = = = =
A A A O A
FC||FC||Fc||Fc||Fc||[Fc||Fc||Fc||Fc||Fc||Fc||Fc||Fc||Fc||FC||FC||Fc||[FC||FC||FC||FC||FC|]|FC||FC||FC
1 1 1 1
FC FC FC FC FC FC FC FC FC FC FC FC FC FC FC FC FC FC FC FC FC FC FC FC FC
I R R e T e e e T T e e e e T e e e e e e e
CNN| |CNN| ICNN| |ICNN| |[CNN| |ICNN| ICNN| |ICNN| |ICNN| |ICNN| ICNN| [CNN| |ICNN| ICNN| |CNN| |ICNN| ICNN| [CNN| |[CNN| ICNN| [CNN| [CNN| ICNN| |ICNN| [CNN
I R R e e e e e e T T e e e e e e e e e T e e
CNN| |CNN| |ICNN| |ICNN| |[CNN| |ICNN| ICNN| |ICNN| |ICNN| |ICNN| ICNN| [CNN| |ICNN| ICNN| |CNN| |ICNN| ICNN| [CNN| |[CNN| ICNN| ICNN| [CNN| ICNN| |ICNN| [CNN
F T+ £ F f FF F F FF F F FF F FF F FF F 1
CNN| |CNN| |ICNN| |ICNN| |[CNN| ICNN| ICNN| |ICNN| |ICNN| |ICNN| ICNN| [CNN| |ICNN| ICNN| |CNN| |ICNN| ICNN| [CNN| |[CNN| ICNN| |[CNN| [CNN| ICNN| |ICNN| |[CNN
I R R e e e e e e T e e e e e e e I e e T e
CNN| |CNN| ICNN| |ICNN| |[CNN| |ICNN| ICNN| |ICNN| |ICNN| |ICNN| ICNN| [CNN| |ICNN| ICNN| |CNN| |ICNN| ICNN| [CNN| |[CNN| ICNN| [CNN| [CNN| ICNN| |ICNN| |[CNN




The CNN+LSTM Architecture

g & & B F B @ B B B BB DB DB EBE BB B DB OB B @3
¥ § B B § B B B 8 8 B BB BB B B B B B 3 B B @3 @
¥ &8 &8 & B B B B BB BB B E B BE B BB B DB OB EH @B
= H &3 = B B 3 = B O B B O3 = = B B3 B B O B O B B 3
FC FC FC FC FC FC FC FC FC FC FC FC FC FC FC FC FC FC FC FC FC FC FC FC FC
FFF FFFF F F F F F F F F FF FFFFF F F 5
FC FC FC FC FC FC FC FC FC FC FC FC FC FC FC FC FC FC FC FC FC FC FC FC FC
FFFFFFFFFF T FF FFFFFFFFFFF A
LSTM—|LSTM~|LSTM[|LSTM[{LSTM [ {LSTM|LSTM —|LSTM[->|LSTM[-{LSTM -{LSTM |-{LSTM | LSTM=|LSTM->|LSTM -|LSTM [ -{LSTM{|LSTM —|LSTM>|LSTM -|LSTM -{LSTM |->{LSTM |-{LSTM->|LSTM
Fr T+ F F FFFFfFfFFFFFFFFF 1
LSTM|LSTM[#{LSTM[{LSTM[>|LSTM [>|LSTM{>{LSTM=|LSTM >|LSTM[{LSTM[>{LSTM | LSTM {LSTM[>{LSTM > LSTM [>|LSTM[{LSTM[>|LSTM | LSTM [>{LSTM | LSTM [->|LSTM [>|LSTM [>{LSTM[->|LSTM
FFrF* F+ F+ F+ F+ F+ F F F ff fFfFfFFFFFFF 57
CNN| |CNN| |CNN| |CNN| |CNN| |CNN| |CNN| [CNN| [CNN| [CNN[ [CNN[ [CNN| |CNN| |CNN| |CNN| |CNN| |CNN| |CNN| [CNN| [CNN| [CNN| [CNN| [CNN| |CNN| |CNN
FFrFF F F F F+ F ¥ F F F F FF FFFFF F F F T 7
CNN| |CNN| |CNN| |CNN| |CNN| |CNN| |CNN| [CNN| [CNN| [CNN[ [CNN[ [CNN| |CNN| |CNN| |CNN| |CNN| |CNN| |CNN| [CNN| [CNN| [CNN| [CNN| [CNN| |CNN| |CNN

I




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
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Decoder

Encoder Network

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)
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)



