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Speech Recognition Basics

Signal
Processing

Pattern
Matching

Template
Dictionary

“One”

Signal Processing

4

Signal Acquisition

Speech is captured by a microphone.

The analog signal is converted to a digital
signal by sampling it 16000 times a second.

Each value is quantized to 16 bits, a number
between -32768 and 32767.

A/D …,14,1617,-3456,...
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Spectral Analysis

Take a window of 20-30 ms (320 to 480
samples).

FFT (Fast Fourier Transform) used to
compute energy in several frequency bands,
typically 20 to 40.

Cepstrum computed, 12 or so coefficients.

Spectral Analysis

A frame, a snapshot of the input’s
spectrum, is represented by a vector of 12
cepstrum coefficients.

To describe the spectral change with time,
one frame is computed every 10 ms or so,
i.e. 100 frames per second.

A word that lasts 1 second is described by
1200 numbers.



Probability
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Markov Models
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Weather predictor example of a Markov model

State 1: rain
State 2: c lo u d
State 3: su n

1 2

3

0.4 0.6

0.8

0.10.3

0.2

0.3

0.20.1

State-transitio n p ro b ab ilities,

A =
{

aij

}

=







0.4 0.3 0.3
0.2 0.6 0.2
0.1 0.1 0.8






(12)
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Weather predictor calculation

Given today is sunny (i.e., x1 = 3), w h at is th e p rob ab il-

ity of “ sun-sun-rain-c loud-c loud-sun” w ith m odel M?

P (X|M) = P (X = {3,3,1,2,2,3} |M)

= P (x1 = 3)P (x2 = 3|x1 = 3)

P (x3 = 1|x2 = 3)P (x4 = 2|x3 = 1)

P (x5 = 2|x4 = 2)P (x6 = 3|x5 = 2)

= π3 a33 a31 a12 a22 a23

= 1 · (0 .8 )(0 .1)(0 .3)(0 .6)(0 .2)

= 0 .0 0 28 8

w h ere th e initial state p rob ab ility for state i is

πi = P (x1 = i). (13)

16

State duration probability

As a consequence of the first-order Markov model, the

p rob ab ility of occup y ing a state for a g iven duration, τ ,

is ex p onential:

p(X|M, x 1 = i) = (aii)
τ−1 (1 − aii) . (14 )

0 5 10 15 20
0

0.05

0.1

0.15

0.2

duration

pr
ob

ab
ili

ty

a
11

 = 0.8
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Summary of Markov models

1 2 3 4

Transition probabilities:

A =
{

aij

}

=











0.6 0.4 0 0
0 0.9 0.1 0
0 0 0.2 0.8
0 0 0 0.5











and π = {πi} =
[

1 0 0 0
]

.

P robability of a g iven state seq u ence X:

P (X | M ) = πx1 ax1x2 ax2x3 ax3x4 . . .

= πx1

T
∏

t=2

axt−1xt. (15)

18



Hidden Markov Models

25

Hidden Markov Models

Urns and balls example (Ferguson)

21

3

b1 b2

b3

P rob ab ility of state i p rodu c ing an ob servation ot is:

bi(ot) = P (ot|xt = i), (1 6 )

w h ic h can b e discrete or co n tin u o u s in o.

1 9

Elements of a discrete HMM, λ

1. N u m b e r o f sta te s N , x ∈ {1, . . . ,N};

2 . N u m b e r o f e v e n ts K, k ∈ {1, . . . ,K};

3 . In itia l-sta te p ro b a b ilitie s,

π = {πi} = {P (x1 = i)} fo r 1 ≤ i ≤ N ;

4 . S ta te -tra n sitio n p ro b a b ilitie s,

A = {aij} = {P (xt = j|xt−1 = i)} fo r 1 ≤ i, j ≤ N ;

5 . D isc re te o u tp u t p ro b a b ilitie s,
B = {bi(k)} = {P (ot = k|xt = i)} fo r 1 ≤ i ≤ N

a n d 1 ≤ k ≤ K.

2 0

Hidden Markov model example

a45π1

a11 a22 a33 a44

a34a23a12

o1 o2 o3 o4 o5 o6

b (o )11

b (o )21

b (o )32

b (o )43

b (o )53

b (o )64

1 2 43

with state sequence X = {1,1,2,3,3,4},

P (O|X, λ) = b1(o1) b1(o2) b2(o3) b3(o4) b3(o5) b4(o6)

P (X|λ) = π1 a11 a12 a23 a33 a34 (17 )

P (O, X|λ) = π1b1(o1) a11b1(o2) a12b2(o3) . . . (18 )

21

Isolated digit recognition

10 templates: one template Mi per digit.

Compare input x with all templates.

Select the most similar template j:

where f is the comparison function.

)},(min{ iMfj x=

Hidden Markov Models (HMM)

HMM defined by:
– Number of states

– Transition probabilities aij

– Output probabilities bi(x):

( )
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a35



Probability of a path

)()()()()()(

)()()()()()(

)()()()()()(

185551755516555155551455513545

124441144410444944484447444

6424522242223212211111

xbaxbaxbaxbaxbaxba

xbaxbaxbaxbaxbaxba

xbaxbaxbaxbaxbaxbP =

St
at

es

Input Frames
1 3 6 13 18

1

2

3

4

5 a11

a12

a13

a22

a23

a24

a33

a34

a44

a45

a55

a35

Probability of a model

Is the probability of the best path.

Problem: We need to evaluate all possible
paths, and there grow exponential with
number of states and input frames.

Solution: The Viterbi algorithm has
complexity that grows linearly with number
of states and input frames.

Large vocabulary

Problem:
– Huge number of models: 60,000 models

– Models are hard to “train”

– Cannot easily add new words.

Solution: Use phoneme models

Context Dependent Models

To improve accuracy, phone models are
context-dependent.

Example: THIS = DH IH S

503=125,000 possible models are clustered
to about 8,000 generalized triphones

DH(SIL,IH) IH(DH,S) S(IH,SIL)

Continuous speech

Example: THIS IS A TEST
SIL DH(SIL,IH) IH(DH,S) S(IH,SIL) SIL IH(SIL,Z)
Z(IH,SIL) SIL A(SIL,SIL) SIL T(SIL,EH) EH(T,S)
S(EH,T) T(S,SIL) SIL

SIL DH(SIL,IH) IH(DH,S) S(IH,IH) IH(S,Z) Z(IH,A)
A(Z,T) T(A,EH) EH(T,S) S(EH,T) T(S,SIL) SIL

DH IH S IH Z A T EH S TSILSIL SILSIL SIL

Baum-Welch Algorithm

Exact solution.

)|,,()( 21 isxxxPi ttt == �

)()()( 1
1

1 +

=

+
= tj

N

i
ijtt xbaij

=

=

N

i
T iXP

1

)()|(
sj

s1
s2

sN

a1j

a2j

aNj

t t+1



Speeding Search: Pruning

Viterbi algorithm: replace sum with max.

Speed-Accuracy Tradeoff: Computations
can be reduced by eliminating paths that are
“not promising”, at the expense of having a
chance of eliminating the “best” path.

Typically, computations can be reduced by
more than a factor of 10, without affecting
the error rate significantly.

Training

38

HMM Training

A lot of speech is needed to train the
models. Done with an iterative algorithm:
1 Take initial model (i.e. uniform probabilities).

2 Segment Database (Run Viterbi algorithm).

3 Update models.

4 If Converged stop, otherwise go to 2.
N

x
N

i
jij

j
=

=

1

0

2

2

)ˆ(
ˆ

µ

N

x
N

i
ij

j
=

=

1

0
µ̂

HMM Training

Rule of thumb: Each state has to appear in
the training database at least 10 times.

Speaker-Independent systems have lots of
data (models well trained), but contain high
variability.

Speaker-Dependent systems do not have as
much data (models not so well trained) but
they are more consistent.

Language Modeling

41

Bayes Rule in ASR

where A is the Acoustics and W the
sequence of words. P(W) is the language
model.

)()|(max)|(maxˆ

)(

)()|(
)|(

WPWAPAWPW

AP

WPWAP
AWP

==

=



Statistical Language Model

Unigram

Bigram

Trigram

)|()|(

)|()()()(

121123

121321

WWWWPWWWP

WWPWPWWWWPWP

NN

N

��

� ==

)()()()( 321 NWPWPWPWP �

)|()|()|()( 123121 NN WWPWWPWWPWP �

)|()|()|()( 21123121 NNN WWWPWWWPWWPWP �

Trigrams

P(THIS IS A TEST) =

P(THIS) P(IS|THIS) P(A|THIS IS) P(TEST|IS A)

These statistical language models predict
the probability of the current word given the
past history.

While simplistic, they contain a lot of
information

P(IS|THIS) >> P(IS|HAVE)

Error
Rate
Multiplier

x1.0

x5.0

x3.0

Trigrams Uniform

N-Gram Performance

Bigrams Unigrams

x1.5

Perplexity

Perplexity measures the average branching
of a text when presented to a language
model.

An empirical observation where
E is the error rate and P the perplexity.

A language model with low perplexity is
good for ASR.

Tradeoff between perplexity and coverage.

PkE

n
n

LP WWWPPP /1
21 ),,(ˆ2 == �

Context Free Grammar

Advantages:
– Low error rate (because of low perplexity).

– Compact.

– Easy for application developers.

Disadvantages:
– Poor coverage (out of language sentences).

Applications

48



Error
Rate
Multiplier

x1.0

x10.0

x5.0

More
Constraint

Less
Constraint

Noisy Environment

Unconstrained Task

Large Vocabulary

Speaker Variance

ASR problem Space ASR Accuracy in the Lab

Command &Control (300 words + CFG)
– 1% word error rate (speaker-independent)

Discrete Dictation (60K words)
– 3% word error rate (speaker-dependent)

Continuous Dictation (60K words)
– 7% word error rate (speaker-dependent)

Telephone Digits
– 0.3% word error rate (speaker-independent)

C & C Types of Errors

Pronunciation errors make some words
unrecognizable.

User says something outside the
vocabulary/grammar.

User speaks while machine is talking.

Background noise fires recognizer (false
alarm). Rejection needs improvement.

Spontaneous speech (uhms, ahms)

ASR in Real Applications

New word addition

Rejection

Barge-in.

Robustness to noise.

ASR is just a part of an application, User
Interface is critical.

Interface NLP/ASR

Loose coupling: NLP selects correct input
from a list of top N candidate sentences:
– Easy to implement, not optimal

Tight coupling. NLP provides the language
probabilities for the search:
– Optimal but hard to implement.

– Can a NLP system reduce perplexity?

SAIL Lab:

54



Speec h  A nalysis and  

Interpretation L ab
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Note: Lectures put together

from ow n m a teria l a s w ell a s

m a teria l from tutoria ls of

A lex A cero & P hilips
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