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Speech Production Model

H(z)=G(z)V(z)R(z)
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H(z)=G(z)V(z)R(z)
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General Speech model:

Pitch period, P

DT
Impulse

generator

Voiced/unvoiced 
switch

Uncorrelated
noise

generator

G(z)
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Speech
signal

u(n)
Voice

volume
velocity

Gain (G)

Voiced
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V

U


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H(z)
Vocal
tract
filter

Gain (G)

Sometimes neglected



The LPC Model
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The prediction error:
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Error transfer function:
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LP Estimation Issues

Need to determine {αk} directly from speech such that
they give good estimates of the time-varying spectrum

Need to estimate {αk} from short segments of speech

Need to minimize mean-squared prediction error over
short segments of speech

resulting {αk} assumed to be the actual {ak} in the speech
production model

all of this can be done efficiently, reliably, and accurately for
speech



mean squared error signal:
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Where

Can find values of αk that minimize by setting
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The resulting covariance matrix is symmetric, but not Toeplitz,
and can be solved efficiently by a set of techniques called
Cholesky decomposition
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Autocorrelation Method

Let           exists for 0 ≤ m ≤ L −1 and is exactly zero every 
where else (i.e., window of length samples) 
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There are L-| i-k| non-zero terms in the computation of                 
for each value of  i,k

Then 
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Minimum mean-squared prediction error can be written as
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The (i −1)st solution can be expressed as:
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Appending a 0 to vector α and multiplying by the matrix Rn
(i) gives
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Toeplitz matrix has special symmetry we can reverse the
order of the equations
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Combine the two sets of matrices with a multiplicative
factor ki
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The first element of the right hand side vector is now
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1. Consider a simple p = 2 find the solution

2. Consider a simple p = 3 find the solution

3. Consider a simple p = 4 find the solution



Model order is usually determined by:
 Fs/1000 poles for vocal tract
 2-4 poles for radiation
 2 poles for glottal pulse

Prediction Error vs. Model Order







 p

k

k
k z

GzH

1
1

)(


GhceGkrr

mhmGmhkmhmhmh

ilet

imhmGimhkmhimhmh

imhbyMultiply

mGkmhmh

h

p

k
kh

m

p

k m
k

m

p

k
k

p

k
k















 























]0[sin][]0[

][][][][][][

0

][][][][][][

][

][][][

2

1

1

1

1









Computation of Model Gain
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Put m=0 in equation (1)
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Energy in h[m]=Energy in short time measurement sn[m] 

Solution for Gain (Voiced)



Solution for Gain (Unvoiced)

For unvoiced speech the input is white noise with zero
mean and unity variance,

Excite the system with input Au[n]
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Frequency Domain Interpretations of Linear 
Predictive Analysis

The final LPC model consists of the LPC parameters,αk and 
gain A together  which define the system function
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Effects of Model Order

The AC Rn[m] function of the speech segment Sn[m], and
the AC function Rˆn[m], of the impulse response,
corresponding to the system function hn[m], are equal for the
first ( p +1) values. As p->α the AC functions are equal for all
values and thus:
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Linear Prediction Spectrogram
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Angle corresponds to frequency, and radius corresponds
to bandwidth. So we can determine the pole (or
resonant) frequencies and bandwidths (converting to Hz)
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Where

Can find values of αk that minimize by setting

ikfortorespectwithtconsiskms

kmsims

kmskmsms

kmsmsE

piE

i
nk

p

k
nk

i
n

p

k
nk

i

p

k
nkn

n

p

k
kn

ii

n

i

n

































 

 







 



 

















tan])[

][][

])[])([][(2

])[][(

,...,2,1,0

1

11

2

1



)2(,...,2,1],[]0,[

1][][],[

)1(][][][][

])[])([][(20

1

1

1

1

pikii

then

pikmSimSki

let

kmSimsmsims

imskmsms

p

k
nkn

m
nnn

nn

p

k
knn

nn

p

k
kn

pi















 













 











leading to a set of p equations in p unknowns that can 
solved in an efficient manner for the {αk}



],0[]0,0[

][][][

][][

][][2][

]][][[

][

1

1

2

11

1

2

2

1

2

k

mskmsms

lmskms

kmsmsms

kmsmsE

meE

n

p

k
kn

n

p

k
n

m
k

m
n

p

l
nl

p

k
nk

m

p

k
nk

m
n

m
n

m

p

k
nknn

m
nn













 





 

































 

















Minimum mean-squared prediction error































p

k
nk

m
n

n

p

k
nk

m

p

l
nl

p

k
nk

m

kmsms

mskms

lmskms

1

1

11

][][

][][

][][









pikmSimSki
m

nnn  1][][],[

pkpikmSimSki
L

m
nnn  





01][][],[
1

0


Changing the summation index gives

pkpiikmSmSki

pkpikimSmSki

kL

km
nnn

iL

im
nnn
















01][][],[

01][][],[

1

1





key difference from Autocorrelation Method is that limits of summation
include terms before m =0. i.e window extends p samples backwards

since we are extending window backwards, don't need to taper it using
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the solution of the matrix equation is called the Cholesky 
decomposition, or square root method

 Matrix is symmetric but not diagonal elements are same
tADA

Where A = lower triangular matrix with 1's on the main diagonal; 
D=diagonal matrix

determine elements of  A and D by solving for ( i, j ) elements of the matrix 
equation
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d1=11
for(i=1; i<=p;i++)
{
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Both covariance and autocorrelation methods of LP
use two step solutions

Step-1: computation of a matrix of correlation values
Step-2: efficient solution of a set of linear equations

In lattice methods, two steps are combined into a recursive
algorithm for determining LP parameters

It begin with Durbin algorithm--at the ith stage the set of coefficients  
are coefficients of the ith order optimum LP
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All-Pole Lattice Filter for H(z)
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Direct Computation of k Parameters
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Minimize backward prediction error as
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