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EECS 183/283a: Natural Language Processing



Recap:Speech Representations

* The result of the vocal articulation is an acoustic pressure wave

* Speech can thus be represented as an acoustic waveform

* Waveforms are continuous time series cannot be easily 
analyzed or interpreted, or computed with

* Signal processing can give more interpretable information
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Speech Production

Vocal articulators that 
produce speech

* Air passing through vocal 
articulators produces speech

* Vocal folds, tongue, jaw, lips, 
velum are both independently and 
jointly controlled to produce 
different sounds

* eg. Vocal fold vibration causes 
voicing.

* The output of vocal articulation is 
an acoustic pressure wave



The most complex action we do is speaking!
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Speech Waveform
She just had a baby
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Analyze a running short time window of 
speech

Run Fourier Transform to convert  time 
to Time-frequency representation



Speech Waveform
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Speech Spectrogram
She just had a baby
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Speech Spectrogram
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Phonetics
Study of speech sounds — their physical production, spectral and 
perceptual properties

Articulatory 
Phonetics

Acoustic 
Phonetics

iy ae uw



Acoustic Phonetics
She just had a baby
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Spectrogram reveals some segmental structure with distinct properties

These are Phonemes — perceptually distinct speech sounds



Acoustic Phonetics
She just had a baby

am
pl

itu
de

Spectrogram reveals some segmental structure with distinct properties

These are phonemes — perceptually distinct speech sounds

Phonetic transcription

But, Speech is not just the phonemes This is a short example
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Coarticulation: speech is not segmental or linear

Head Heed Hood

/h     eh      d/ /h    iy        d/ /h   uh       d/

Co-articulation: An elegant phonological-articulatory 
transformation to facilitate rapid communication
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Coarticulation = Bad for pattern matching

3 different “eh” sounds



International Phonetic Alphabet (IPA)
Phoneticians compiled a common 
set of sounds used to codify different 
speech sounds (across languages)

English spelling is not phonetic

It has about 40 distinct phonemes  
represented by 26 graphemes

About 16 vowel sounds
About 24 consonant sounds



International Phonetic Alphabet (IPA)
Vowels are characterized by jaw position and tongue shape

Some vowels also use lips (eg. sound uw in cool)

Ja
w

 a
pe

rtu
re

Tongue frontness



International Phonetic Alphabet (IPA)
Consonants are characterized by place and manner of articulation

/p/ is caused by constriction at lips (labial)

/p/ is caused by sudden release of air (plosive)

Place of articulation
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What is phone and phoneme??? 
GO TO: “ɡ oʊ t u” or “G OW T UW”

• Phone: ɡ oʊ t u 
• Devised by International Phonetic Association 
• Physical categorization of speech sound 
• Not applicable to all languages, needs special characters, too many variations 

• Phoneme: one of the units that distinguish one word from another in a 
particular language 
• /r/ and /l/ are degenerated in some languages (e.g., “rice” and “lice” sounds same for 

me!). Then, we don’t have to distinguish them. 
• ARPAbet: G OW T UW 

• Proposed by ARPA for the development of speech recognition of only “American English” 
• Represented by ASCII characters



Pronunciation dictionary

• CMU dictionary 
• http://www.speech.cs.cmu.edu/cgi-bin/cmudict 

”I want to go to campus” 

àAY W AA N T T UW G OW T UW K AE M P AH S 

• Powerful, but limited 

• Out of vocabulary issue, especially new word 
	 → Grapheme2Phoneme mapping based on machine learning 



From letters to sounds
Pronunciation dictionaries (often made by linguists) give the 
syllables and phonemes within each word in vocabulary

CMU Phonetic Dictionary gives the syllabic and phonetic 
spellings for >110K words in English

ML based phonetizers are built on such phonetic dictionaries

She  just    had  a  baby

ʃiː     ʤʌst  hæd ə ˈbeɪbi
sh iy jh ah s t h ae d ah b  ey b iy

Graphemes

IPA
Arpabet

Arpabet is an ASCII friendly representation of IPA 



Phonology
Phonology are the grammatical rules that phonemes of a language follow 

Lexical Phonology: Study of rules that govern the organization of sounds in a 
language  ( Phonemes —> Syllables —> Words) 

Lexical Stress (project (noun) vs project (verb))
Allophones 

(r and l in Japanese; p and b in Arabic; t and k in Hawaiian)
Phonological changes in continuous speech 

Westside vs Westend

Intonational Phonology: Study of the Fundamental  Frequency (F0) in 
relation to the intended meaning of an utterance

I never said she stole my money (Emphasize each word for different meanings)



Lexical Phonology
Phonology is the study of rules that govern the organization of 
sounds in a language  ( Phonemes —> Syllables —> Words) 

Syllabic constituency

How is “had a baby” composed? 

 (denotes a syllable)σ

Onset Rhyme

Nucleus Coda

σ

Onset Rhyme

Nucleus Coda

σ

Onset

σ

Onset Rhyme

Nucleus
hh ae d ah

σ

Onset Rhyme

Nucleus
b ey b iy



Speech in the Wild
Audio is neither clean nor just restricted to spoken language

What technologies fall under spoken language research ?

• Speech recognition 
• Speech synthesis 
• Voice conversion 
• Speaker recognition 
• Language recognition 
• Speech emotion recognition 
• Speaker diarization 
• Speech coding 
• Speech perception

• Speech enhancement 
• Microphone array processing 
• Audio event classification and 

detection 
• Speech separation 
• Spoken language understanding 
• Spoken dialogue systems 
• Speech translation 
• Multimodal processing
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Speech Recognition

ASR

aka  
ASR: Automatic Speech Recognition 



Speech Perception: Transforming Sound to Meaning
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Auditory	Pathway



Computations along the auditory pathway
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The	ear

28



FFT	in	the	ear
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Important	parameters	 of	sound	waves

30



Perception	of	Sound

31



Perception	of	Sound
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Mel scale: A Logarithmic filter bank for Perception

Mel Filter bank for MFCC
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Mel Frequency Spectrogram



Speech is a small part of all possible sound
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Speech	Recognition

●Large Vocabulary Continuous Speech Recognition (LVCSR)

● ~64,000 words

● Speaker independent (vs. speaker-dependent)

● Continuous speech (vs isolated-word)
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Conversational	 Speech
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●Utterance	without	Context


●With	context



HSR versus ASR

(Saon et al, 2017)



Why Study ASR ?
● In the last ~5 years

● Dramatic reduction in LVCSR error rates (16% to <3%)

● Human level LVCSR performance on Switchboard

● New class of recognizers (end to end neural network)

● Understanding how ASR works enables better ASR-enabled systems

● What types of errors are easy to correct?

● How can a downstream system make use of uncertain outputs?

● How much would building our own improve on an API?

● Next generation of ASR challenges as systems go live on phones and in homes



Why Study ASR ?



Design of Classical ASR Systems
● Build a statistical model of the speech-to-words process


● Collect lots and lots of speech, and transcribe all the words.


● Train the model on the labeled speech


● Paradigm: Supervised Machine Learning + Search



Current ASR Systems



Why is ASR Hard ?



What are the factors that determine difficulty ?



Why is HSR easy ?



Robustness of HSR

We also use multiple modalities - McGurk effect



Problems and Challenges



Problems and Challenges



Template Matching



A Template based ASR System

• Some applications only have limited vocabulary — Voice Dialing System



The matching problem
• We change durations


• two utterances are never the same


Dynamic Time Warping



Dynamic Time Warping



Dynamic Time Warping Paths



Dynamic Time Warping Path Constraints



Dynamic Time Warping Path Constraints



DTW Search Space



DTW with Beam Search



DTW and Multiple Templates



Also adapted for Speaker ID



Template Matching



Computing distances



Isolated Word Recognition using Template Matching



More reliable distances



More reliable matching



Beyond Template Matching



Automatic speech recognition

Feature 
extraction

“I want to go to  
campus”

Acoustic 
modeling Lexicon Language 

modelingASR



Automatic speech recognition

– Instead of starting from the waveform, we will often start from speech 
features (MFCC, etc.) through the feature extraction module 

– Let’s think of the conversion from speech feature  to text 𝑂 𝑊

Feature 
extraction

“I want to go to  
campus”

Acoustic 
modeling Lexicon Language 

modelingASR

𝑂 𝑊



Speech recognition with a probabilistic 
formulation
• MAP decision theory: Estimate the most probable 

word sequence        among all possible word sequences       
(I’ll omit the domain sometimes)



Speech recognition with a probabilistic 
formulation
• MAP decision theory: Estimate the most probable 

word sequence        among all possible word sequences       
(I’ll omit the domain sometimes)

• The following parts will discuss how to make this equation 
tractable 

• To do that we need to prepare some basic math



Notation

Type Font, case Latex 
command

Looks like

Scalar variable Italic font, lower 
case

$x$

Vector variable Bold font, lower 
case

$\mathbf{x}$

Matrix variable Bold font, upper 
case

$\mathbf{X}$



Notation

• Please specify the domain of variables 
•    -dimensional continuous vector: 
•              -dimensional matrix: 
• Word with vocabulary      : 

• Set: calligraphic font, upper case, a set of elements are 
represented with curly brackets 

• Sequence: italic font, upper case, a sequence of elements are 
represented with round brackets



Notation

• Subsequence

or



Speech recognition cases

• T-length speech feature sequence (D-dimensional 
vector) 

• N-length word sequence with vocabulary 



Notation cont’d

• Operation: non-italic 

• Index: subscript, italic 

• Type of variables, functions: superscript, non-italic 
𝑊𝑛,  𝐨𝑡

𝑥HMM,  𝑥DNN

𝑝HMM(𝑥),  𝑝DNN(𝑥)

Operation type Latex command
\log()

\arg \max (), \text{argmax}(), etc.

\text{sigmoid}()



Probabilistic rules

• Product rule 

• Sum rule 

• Conditional independence assumption



Other rules

• Bayes rule 

• Probabilistic chain rule 

• Both are derived with a combination of the product and/or sum rules

where



Other approximation

• Viterbi approximation 

We often use this approximation to avoid  

• Set an actual distribution, e.g., 
•  Gaussian distribution, Gamma distribution, softmax probability 

obtained by a neural network etc.

∑
𝑧

𝑝(𝑥):



Now let us use product and sum rules 
and conditional independence 

assumption to formulate the speech 
recognition problem



• End-to-End Speech Recognition 

• Classical speech recognition 
• Pipeline



Speech recognition

“I want to go to  
campus”

Speech recognitionFeature 
extraction

𝑂 𝑊



End-to-end speech recognition

“I want to go to  
campus”

Neural networkFeature 
extraction

𝑂 𝑊



How to obtain the posterior 

• We just replace it with a neural network-based function 

• Easy and simple, no math (in this level), however

•  is a sequence! 
• Very difficult to deal with it 
• Say  we have to deal with  possible sequences 
• Also, the length  is variable  
• We have to use a special neural network (e.g., attention, CTC, and RNN-

transducer)

𝑓nn( ⋅ )

𝑊

𝑁 = 10,  𝒱 = 100, 10010

𝑁



• Classical speech recognition  
• Pipeline



Speech recognition

“I want to go to  
campus”

Speech recognitionFeature 
extraction

𝑂 𝑊



Classical (non-end-to-end) speech 
recognition

Feature 
extraction

“I want to go to  
campus”

Acoustic 
modeling Lexicon Language 

modeling

𝑂 𝑊



Speech  Text

Speech : 

Text : I want to go to the campus

𝑂

𝑊
85

ASR



Speech  Phoneme  Text

Speech : 

Phoneme : AY W AA N T T UW G OW T UW K AE M P AH S 

Text : I want to go to campus

𝑂

𝐿

 𝑊

86

ASR

ASR



How to obtain the posterior 

• Factorize the model with phoneme 
• Let                                                                                       be a 

phoneme sequence 

Note: the right hand side is not the probability as it lacks a sum to one constraint

Sum rule

Bayes+ Product rule

Ignore  as it 
does not depend 
on 

𝑝(𝑂)

𝑊

Conditional 
independence 
assumption



• Speech recognition 
•  :	 	 Acoustic model (Hidden Markov model) 
•  :	 	 Lexicon 
•  :	 	 Language model (n-gram)

argmax
W

𝑝(𝑊 |𝑂) = argmax
𝑊

𝑝(𝑂 𝑊 )𝑝(𝑊 ) ≈ argmax
𝑊 ∑

𝐿

𝑝(𝑂 𝐿)𝑝(𝐿 |𝑊 )𝑝(𝑊 ) 

𝑝(𝑂 𝐿)

𝑝(𝐿 𝑊 )

𝑝(𝑊 )

Noisy channel model



• Machine translation 
•  :	 Translation model 
•  :	 	 Language model

argmax
W

𝑝(𝑊 |𝑌 ) = argmax
W

𝑝(𝑌 𝑊 )𝑝(𝑊 )

𝑝(𝑌 𝑊 )

𝑝(𝑊 )

Noisy channel model

W: Target 
language text 
Y: Source language 
text 



Speech recognition pipeline

Feature 
extraction

“I want to go to  
campus”

Acoustic 
modeling Lexicon Language 

modeling

G OW T UW

“go to”
“go two”
“go too”
“goes to”
“goes two”
“goes too”

G OW Z T UW

𝑂
𝑊

𝐿



Speech recognition pipeline

Feature 
extraction

“I want to go to  
campus”

Acoustic 
modeling Lexicon Language 

modeling

G OW T UW

“go to”
“go two”
“go too”
“goes to”
“goes two”
“goes too”

G OW Z T UW



Please remember the noisy channel model

• Factorization 

• Conditional independence (Markov) assumptions 

We can elegantly factorize the speech recognition 
problem with a tractable subproblem



Main blocks of Classical ASR

Feature 
extraction

“I want to go to  
campus”

Acoustic 
modeling Lexicon Language 

modeling



Speech recognition pipeline

Feature 
extraction

“I want to go to  
campus”

Acoustic 
modeling Lexicon Language 

modeling

G OW T UW

“go to”
“go two”
“go too”
“goes to”
“goes two”
“goes too”

G OW Z T UW



Waveform to speech feature

• Performed by so-called feature extraction module 
• Mel-frequency cepstral coefficient (MFCC), Perceptual Linear 

Prediction (PLP) used for Gaussian mixture model (GMM) 
• Log Mel filterbank used for deep neural network (DNN) 

• Time scale 
• 0.0625 milliseconds (16kHz) to 10 milliseconds 

• Type of values 
• Scalar (or discrete) to 12—40 dimensional vector 

Feature 
extraction



Speech recognition pipeline

Feature 
extraction

“I want to go to  
campus”

Acoustic 
modeling Lexicon Language 

modeling

G OW T UW

“go to”
“go two”
“go too”
“goes to”
“goes two”
“goes too”

G OW Z T UW



Speech feature to phoneme

• Performed by so-called acoustic modeling module 
• Hidden Markov model (HMM) with GMM as an emission probability function 
• Hidden Markov model (HMM) with DNN as an emission probability function 

• Time scale 
• 10 milliseconds to ~100 milliseconds (depending on a phoneme) 

• Type of values 
• 12-dimensional continuous vector to 50 categorical value (~6bit) 

• The most critical component to get the ASR performance 
• It can be a probability of possible phoneme sequences, e.g., 

	        or                           with some scores

Acoustic 
modeling

G OW T UW

G OW T UW G OW Z T UW



Acoustic model 𝑝(𝑂 |𝐿)

• O and L are different lengths 
• Align speech features and 

phoneme sequences by using 
HMM 

• Provide  based on this 
alignment and model 
• The most important problem in 

speech recognition

𝑝(𝑂 𝐿)

UW1                        UW2                                  UW3

UW1                        UW2                                  UW3

or
/UW1/ /UW2/ /UW3/



Speech recognition pipeline

Feature 
extraction

“I want to go to  
CMU campus”

Acoustic 
modeling Lexicon Language 

modeling

G OW T UW

“go to”
“go two”
“go too”
“goes to”
“goes two”
“goes too”

G OW Z T UW



Phoneme to word

• Performed by lexicon module 
• American English: CMU dictionary 

• Time scale 
• 100 milliseconds (depending on a phoneme) to 1 second (depending on a 

word and also language) 

• Type of values 
• 50 categorical value (~6bit) to 100K categorical value (~2Byte) 

• We need a pronunciation dictionary 

• It can be multiple word sequences (one to many)

LexiconG OW T UW “go to”



Lexicon 𝑝(𝐿 |𝑊 )

• Basically use a pronunciation dictionary, and map a 
word to the corresponding phoneme sequence 
•  with the probability = 1.0 when single pronunciation 
•  with the probability = 1.0/J when multiple (J) 

pronunciations 



Speech recognition pipeline

Feature 
extraction

“I want to go to  
CMU campus”

Acoustic 
modeling Lexicon Language 

modeling

G OW T UW

“go to”
“go two”
“go too”
“goes to”
“goes two”
“goes too”

G OW Z T UW



Word to text

• Performed by language modeling module 
• N-gram 
• Neural language model (recurrent neural network or transformer) 

• From training data, we can basically find how possibly ”to”, 
“two”, and “too” will be appeared after “go” 
• Part of WSJ training data, 37,416 utterances 
• “go to”: 51 times 
• “go two”: 
• “go too”:

𝑝(𝑊 )

Language 
modeling

“go to”
“go to”
“go two”
“go too”



Word to text

• Performed by language modeling module 
• N-gram 
• Neural language model (recurrent neural network or transformer) 

• From training data, we can basically find how possibly ”to”, 
“two”, and “too” will be appeared after “go” 
• Part of WSJ training data, 37,416 utterances 
• “go to”: 51 times 
• “go two”: 0 times 
• “go too”: 0 times

𝑝(𝑊 )

Language 
modeling

“go to”
“go to”
“go two”
“go too”



Word to text

• Performed by language modeling module 
• N-gram 
• Neural language model (recurrent neural network or transformer) 

• From training data, we can basically find how possibly ”to”, 
“two”, and “too” will be appeared after “go” 
• WSJ all text data, 6,375,622 sentences 
• “go to”: 2710 times 
• “go two”:  
• “go too”: 

𝑝(𝑊 )

Language 
modeling

“go to”
“go to”
“go two”
“go too”



Word to text
• Performed by language modeling module 
• N-gram 
• Neural language model (recurrent neural network or transformer) 

• From training data, we can basically find how possibly ”to”, “two”, 
and “too” will be appeared after “go” 
• WSJ all text data, 6,375,622 sentences 

• “go to”: 2710 times 
• “go two”: 2 times, e.g., “those serving shore plants often go two hundred miles or 

more” 
• “go too”: 

𝑝(𝑊 )

Language 
modeling

“go to”
“go 
two”
“go 
too”

“go to”



Building speech recognition was really 
difficult…

• We need to develop all components 

• Each component requires a lot of background knowledge 

• We need to tune hyper-parameters in each module

Feature 
extraction

“I want to go to  
CMU campus”

Acoustic 
modeling Lexicon Language 

modeling

G OW T UW

“go to”
“go two”
“go too”
“goes to”
“goes two”
“goes too”

G OW Z T UW



Next: End-to-end speech recognition

“I want to go to  
campus”

Neural network

• We can simply the complicated models 
• Optimize all components by using back propagation 
• We still need some formulations to make a problem tractable

Feature 
extraction


