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ARSTRACT

In this paper, we have introduced a network and showed
how this can be realised as an adaptive equalizer,
The walsh equlizer is built from a set of Walsh-Block pulse
functions and IMS algorithms with the optimal convergence
factor(C.F.). The convergence and the adaptation speed of
this algorithms depends on the proper choice of a design
factor pt called the C.F. Conventional adaptation techniques
use the fixed time constant C.F, by the method of trial and
error. In this paper, we propose to adaptive C.F.which are
optimally tailored to adapt C.F. in real time so that their
values are kept optimum for a new set of input variables.
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3. Adaptive Walsh Filter 47}
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FIG. 3-1 IMS Adaptive Walsh Equalizer
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Fig. 5-5 Learning Curve of Trial and Error Method
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