Helsinki University of Technology
- Signal Processing Laboratory

$-38.411 Signal Processing in Telecommunications |
Spring 2000
Lecture 6: Adaptive equalizers 1

Prof. Timo |. Laakso
timo.laakso@hut.fi, Tel. 451 2473
http://wooster.hut.fi/studies.html

Timetable

L 1 Introduction; models for channels and communication systems

L2 Channel capacity

L3 Transmit and receive filters for bandlimited AWGN channels

L4 Optimal linear equalizersfor linear channels 1

L5 Optimal linear equalizersfor linear channels 2

L6 Adaptive equalizers 1

L7 Adaptive equalizers 2

L8 Nonlinear receivers 1: DFE equalizers

L9 Nonlinear receivers 2: Viterbi algorithm

L10 GL 1: DSPfor Fixed Networks/ Matti Lehtiméaki, Nokia Networks
L11 GL2: DSPfor Digital Subscriber Lines/ Janne Vaananen, Tellabs
L12 GL3: DSPfor CDMA Mobhile Systems/ Kari Kalliojarvi, NRC

L 13 Course review, questions, feedback

E 24.5.(Wed) 9-12 S4 Exam

Sgnal Processing Laboratory

© Timo |. Laakso Page2




Contents of Lecture 6

Adaptive equalizers 1
|. MSE Gradient algorithm
[1. Convergence analysis of MSEG algorithm
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MSE gradient algorithm

A 4
0 Inthe previous lecture, we derived solution for optimal
MMSE FIR equalizer
0 Requires knowledge of channel in form of Rx signal
autocorrelation matrix and crosscorrelation vector +
matrix inversion
o Difficult to implement in practice, because the channel is
unknown and often time varying
0 Inthislecture:
Construct adaptive algorithm that can learn the channel
automatically and adapt to changing conditions
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MSE gradient algorithm... @
0 System model:
Received Decisions
signal Rx filter | AdaptiveFIR
7 >§ equalizer —7L_
Error )

o
>
!

Training signal
generator
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MSE gradient algorithm...

L4
0 Adaptive FIR filter structure:
r(k+M-1) r(k+M-2) r(k-M)
r(k+M) T T Tl T
hg (-M+1 4‘
he(-M) hg, (-M+2) WR (-M)
M L~ y®
y(k) = ZMhR(l)r(k-l)
|==
S e
MSE gradient algorithm... @
0 Recall the MSE form of the FIR solution:
T
E[ez(k)] =By +(hR _hR,opt) R(hR _hR,opt)
0 Properties:
— R is positive definite, with Toeplitz structure
— error surface ilyperparaboloid with a unique minimum.
Signal Processing Laboratory Page8

© Timo |. Laakso




MSE gradient algorithm...

0 General form of gradient algorithm:

neli+d=ne[i]-20,, Ele’ ]

0 Differentiate M SE:

O, Ele*(k)|=2Rh, - 2p
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MSE gradient algorithm...

0 MSE gradient algorithm by insertion:

neli +4 =he[i] -5 (2Rne[i]-20)

=he[j]+ Bl -Rhg[j])
0 Alternative form:

heli+1] = (1 - R[]+ Bo

0 Note! “J” is iteration index, independent of time!
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I1. Convergence analysisof M SEG algorithm

Convergence analysisof MSEG

0 Genera MSEG agorithm:
heli+1 = (- Rhn[i]+ A
0 Let usstudy adaptive 1-tap FIR filter:
he [ +1] = (- AR, )ne[]+ Ao,
0 Subtract optimum solution from both sides:

(el +1~Peg) = (0= AR )]~
=(1-R) (A ey}
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Convergence analysisof MSEG...

A 4
0 The solution converges to optimum if and only if:
1-BR| <1
2
- 0 —.
<pB< R,
0 Upper limit for convergence parameter!
Sgnal Processing Laborat
T O Timo . Laskso Poge13
Convergence analysisof MSEG... @
h(2
R( ) Too large
step sizex.
Negative of gradient
for small step size
he(1)
0 Illustration of 2-tap filter convergence
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Convergence analysisof MSEG...

0 General N-tap adaptive FIR filter:

(hR[j +1] _hR,opt) =(| _m)j (hR[O]_hR,opt)'

0 How to analyze convergence?
0 Spectral decomposition:

R:NZ/N v

0 Eigenvalues & eigenvectors!
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Convergence analysisof MSEG...

0 Moda decomposition for adaptive equation matrix:

(1-mR) =§(1—m)ivi v

0 Convergence criterion for N modes:
i-pr <1 i=12..,N
0 Criterion for the largest eigenvalue:

‘1_ﬂAMAX‘<l - 0<g< 2 :

AMAX
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Convergence analysisof MSEG...

A 4
0 Optimum choice for step parameter (fastest convergence):
2
Bopr =57
o AMIN + AMAX
0 Convergenceis slow for large eigenvalue spread, i.e.
AMAX /AMIN >>1
o o ortry
Convergence analysisof MSEG... @
o lllustration of error surfaces for small and large (right)
eigenval ue spread:
he(1) he(1)
A
@ Direction of Direction of
v negative gradient /V,l negative gradient
Ny, ~ () v, he(2)
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Convergence analysisof MSEG...

A 4
0 Relation of eigenvalues and Rx signal power spectrum:
MIN MAX
o [s(h]sa=" s (0]
0 oy Laortn
Summar
y G
Today we discussed:

Adaptive equalizers 1
|. MSE Gradient algorithm
[1. Convergence anaysis of MSEG algorithm

Next week: Adaptive equalizers 2:
Stochastic gradient (or LMS) algorithm
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