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v=2Y'(YY")" =ZY* (4.13)

The matrix ¥ is known as the pseudo-inverse of ¥. The problem still arises of how to
calculate (Y¥))” in the above equation. lirect inversion is computationally inefficient and
insufficiently robust to cope with the ill-conditioning that arises, a more economical
approach is to use LU decomposition,  even better approach is to use the more robust
QR decomposition. The most robust approach is to use a method known as smgular value

decomposition to calculate the pseudo-inverse ¥ [16].

4.4.4 Complexity of the MLLP’s Training Algorithms

(a) The Back-propagation Algorithm

The Back-Propagation Algorithm consi - of two phases. In the forward pass the weights
are fixed and the output of each neuron is computed. For a fully connected MLP with N
neurons in the hidden layer an m inputs, this phase requires mxN multiplication’s and N
evaluations of the non-linear activation mction. In order to calculate the final output a
further N multiplication’s and additions are required. The backward pass requires N updates
of the outer weights and Nxm updates  the inner weights for each iteration. Note the
physical umber of operations has been neglected here for simplicity . The MLPs that have
been suggested for channel equalisation are generally comprised of more than one hidden
layer [6] or have a very large number ¢ neurons i the hidden layer. The computational
requirements of a system employing the  algorithm is likely to be considerably more than
that of the RBFNE described in section 4.3, since the number of operations is O(mN). In
general a MLP will require more hidden units that a RBFNE for comparable performance
in this application. In other applications such as function approximation, the number of
hidden units required in a RBFN may be considerably more than for a MLP.
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family of solutions generated by the MLP-16 are more constrained in their location than the
MLP-32. In order to limit the family of solutions in this high dimensional space additional
traming information would be required. The problem is compounded at high SNR’s (low
noise) where the training information only occupies certain highly concentrated areas of the

input space.
5.4 Simulations on Non-mir mum phase channel

Non-mimimum phase channels are channeis in which in the z-domain the zero’s of the
transfer function /(=) are located outside of the unit circle [4]. LTE’s are unable to equalise
these channels as the input to the equaliser is not linearly separable. Figure 5.6 illustrates the
received states and their associated set membership. Notice how it is not possible to pass a
line though the graph that will separate the two classes. It is also worthwhile noting that this
example is merely of academic terest as by introducing a delay 7, the zeros of the transfer
function will shift into the unit circle and the problem becomes linearly separable. This
example does however serve to illustrate 1e ability of neural networks to create convoluted

non-linear decision boundaries.

Graph showing B states for channel H(2)=0.5+1/z with vaniance=0.01
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Figure 5.6 : Signal S es for Channel H(z)=0.5+z"
Figure 5.6 shows the signal states a: iciated with the non-minimum phase channel

H()=0.5+z". The ‘+" symbol indicates at the state in question is associated with a +/

transmitted symbol and a ‘-’ indicates 1 1t the state is associated with a -/ transmitted
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6.3 Further Research

There are a large number of clusterit algorithms in existence. There is a possibility
that one or more of these algorithms may be used in conjunction with an algorithm to
estimate the channel order (as in [18]) to blindly train a RBFNE. The possibility exists
that the blindly trained RBFNE could approach the performance of the RBFNE trained
with a training sequence, particularly the clustering algorithm is able to accurately

cluster the input.
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/* Do initializations */
INIT _CHANNEL();
INIT_FILTER();,
INIT WE HTS();

E_COUNT=0;
COUNT=0;
for (i=0;i<=SIMSIZE;i++)
{
NRZ_GEN(&SEED), /* Generate prolar NRZ signal*/
CONV(); /* Convolve with response of filter */
ADD_ NOISE(&SEEDY; /* Add Gaussian Noise */
LTF_FILTER(:, /* Pass channel output into filter */
if(COUNT<=TRAIN_LEN)
LMS(), /* Train LTE using LMS */
else
BitERR();
COUNT++,

}

[r¥xkxkikk ndefine the defined constants ******x¥*x/
#undef FILTORD
#undef INPUTS
#undef SIMSIZE
#undef CENTERS
#undef MEU

#undef TA

#undef IM

#undef AM

#undef IQ

#undef IR

#undef NTAB
#undef NDIV
#undef EPS

#undef RNMX
#undef TRUE

#un 7

#undef TRAIN_LEN
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#undef AM

#undef IQ

#undef IR

#undef NTAB
#undef NDIV
#undef EPS

#undef RNMX
#undef TRUE
#undef FALSE
#undef TRAIN LEN
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X(:.






X(:,1) = ones(Train_len-1,1),
X(:,2)= C(2:Train_len)’; % note t:  1spose ' to convert to column
X(:,3)= C(1;Train_Ilen-1)';

Y = S(3:Train_len+1)"; % note transpose operator <>
NNoutput = sign(tanh(X*Whidden)*Wlinear),

errors = sum(NNoutput ~= Y);

terr=terr+ern

A=times*1000;

disp([A,terr]);

end
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