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Abstract

A small gate array is ewlved exrinsically to carry out a
low pass filtering task defined over fifteen dfferent
frequencies. The drcuit is ewvolved by asessngits resporse
to digitised sine waves. Two dfferent fitness functions are
contrasted. One is based on computing the sum of the
absolute differences between the actual resporse and that
desired, the other is defined by examining characteristics of
the Discrete Fourier Transform of the output. The gate
arrays posess ®me linear properties, which means that
they are apale of filtering composite signds which have
not been encountered in training. Thisincludes sgnds with
noise added and with frequencies which are not in the
training set.

1 Introduction

Recently it has been demonstrated how a digital circuit may
be eolved in-circuit to cary out a frequency
discrimination task * [21][22]. The behaviour of the drcuit
was intimately related to the physicd properties of the
adual integrated circuit used (i.e. temperature, silicon
batch). The drcuit was not clocked and the evolutionary
algorithm had to allow the drcuit to construct interna
timing circuits with periods varying over many orders of
magnitude. In this paper it is srown that by using dgitised
samples of an incoming signal one can evolve agate aray
to cary out a low pass filtering task invaving fifteen
frequencies. The gate aray is feed-forward and requires no
clock. The methodis novel in that it does not use one of the
fundamental paradigms of conventional digital signal
processng, namely, the difference equation [10]. The latter
is formally represented in the following way. The output of
the filter at time n, y(n), may be afunction d N samples of
the signal x(n-i) at ealier times (FIR: finite impulse
resporse), and may also, if feadbadk is present (IIR: infinite

! The frequency discrimination task consisted of distinguishing between
square wave signals of frequencies 1kHz and 10kHz.

impulse resporse), involve ealier outputs y(n-i) given by
the foll owing equation:

N-1 M
Y= 3 axn=i)+ 3 by(n-) (1)
i= i=1

where the wefficients a and b, are red valued floating-
point numbers. The esential problem of filter design is the
choice of {a}, {b}, N, and M, so that the filter has the
desired behaviour (i.e. frequency resporse). In pradice the
coefficients {a}, {b} are of finite predsion. The pradicd
requirements of implementing such a system in hardware
consists of providing a number of shift registers,
multi pliers, and adders. Large bit multipliers are very costly
in hardware terms. Three of the most important fadors in
the design d digital filters are quality of signal resporse,
size (cost) of hardware implementation, and speed of
operation. There ae many traditional approaches which
have been developed to address these issues [10]. In
paticular one popdar method for reducing the
implementational complexity is to restrict the filter
coefficients to integer coefficients, see [6] and references
therein. Recently, reseachers have started to explore the
applicaion d evolutionary algorithms to filter design
[2I[3][4][5][7][8][18][19][20][23]. The esentid idea
employed by most of these authorsisto use an evolutionary
algorithm to optimise the filter coefficients. This may be in
combination with finite wordlength analysis [1][8] for IIR
filter design, or it may be in an adaptive context [7][20].
Other workers have enployed evolutionary algorithms to
optimise wefficients together with add and shift operations
in so-cdled multi plier-lessdesigns [18][ 19][ 23].

The pioneaing concept of gate-level evolution of digital
functions was developed in [9]. In [17] the aithors
generalised the cncept of gate-level evolution to the so-
cdled functional level, and they showed how it was possble
to cary out adaptive equdisation on a @mmunicaions
channel with superior bit error rates to the conventional
least mean sguares method. One of the objedives of this
paper is to show that that the posshiliti es afforded by gate-
levd evolution have been left largely unexplored, and that
there remains much fundamental work to be done & this
level. An additional motivation for attempting this work is



the eormous potential for new knowledge discovery
afforded by the simple nature of logic functions. In other
words, can new principles be etraded from gate-level
evolution that can inspire ad contribute to new
methoddogicd paradigms? There ae of course
fundamenta questions which nead to be addressed if such a
filtering method is to become pradicable. Foremost among
these would be the question of lineaity. If agate aray isto
be trained to carry out afiltering task, then can this be done
in such a way that composite signals, which can be
represented as weighted sums of sine waves, will also be
filtered? This would imply that the drcuit is, at least,
wedly linea. This has recantly been shown to be possble
[15][16] and once ayain the results presented here (sedion
4) confirm this fad. The fitness of the gate arays is
assesed by presenting a number of digitised sine waves to
the gate aray. In ealier work the fitness function was
related to the frequency response of the gate aray by taking
the Discrete Fourier Transform (DFT) of the output.
Although the output signals of the gate aray were
reasonably well behaved in the frequency domain there was
noticedle distortion in the time domain. In this paper an
attempt is made to improve the time domain behaviour by
defining another fitnessfunction which looks at the sum of
the diff erences between the drcuit output and that desired.
The new behaviour of the fitnessfunction is compared with
the origina. In addition the response of the evolved filters
to noisy signals and signals with non-integral frequencies is
examined. Again the findings are encouraging as ome of
the filters are noise tolerant and are &le to respond
appropriately to non-integral frequencies.

The ad¢ua methodemployed here to evolve agate aray
is developed from ealier work in [11-14]. Thisis explained
in sedion 2 In that work [12-14], the objedive was to
synthesise an entire truth table. This becomes increasingly
time consuming and dfficult as the number of inputs grow.
It is obvious that attempting to evolve truth tables of larger
sizeswill not be feasible. It was argued in [11] that the red
applicaions for gate-array evolution probably lie in red
number mapping poblems, where the digitised red
numbers are presented to a drcuit and a digitised red
number output is desired. In such a scenario the number of
inpu condtions is determined by the problem and is not
necessrily an exporential function o the number of
inpus. Such a scenario is idedly furnished by the digital
filtering task and thisis explained in sedion 3 In sedion 4
the evolved filtering charaderistics of the gate arays are
presented, including some results which show the quasi-
linea behaviour. Some hardware apeds of the evolved
circuits are discus=d in sedion 5 Conclusions are given in
sedion 6

2 Gate-level evolution of digital circuits

The dromosome representation can be explained with a
simple example. Fig. 1 shows a small gate aray consisting
of four logic cdls. The logic cdls in this case have
functions XOR, AND, or MUX (multiplexer). The gate
array implements the one-bit adder (with cary-in). The
circuit in question adualy arose in an ealier experiment
reported elsewhere [14] and is quite novel in its own right.
A, B, and Cin represent the primary inputs. Cout and Sum
are the output bits of the alder. Each cdl is assuumed to
possssthreeinput connedions. If the cdl function does not
require inputs then the corresponding genes are ignored. For
example the upper right cdl (output 5) below has input
connedions 3, 2, 1. This means that the first input is
conneded to the output of the cdl with output label 3
(upper left), the second input is conneded to the primary
input Cin, and the third input is conneded to primary input
B. The functionality of ead cdl is expressed as the fourth
gene asciated with ead cdl. The primary outputs of the
gate aray are dso expressed as connedions. For example
Cout is conneded to the output of the cél with output label
6. The gate aray is envisaged as being divided into verticd
columns of cdls and the representation is $ constrained
that columns of cdls may only have their inputs conneded
to connedion poaints on their left. This ensures the feed-
forward nature of the drcuit and removes any time
dependent behaviour. Actuadly the wnnedivity is further
constrained by the presence of a parameter denoted |, which
dictates the number of columns on the left (including the
primary inputs at column zero) to which the inputs of cdls
in column | may be @mnneded. The purpose of this is to
constrain the fan-out of signals and thereby improve the
eae with which the drcuit may be routed when it is
physicdly implemented.
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Figure 1. Genotype and phenctype for the gate aray of logic cédls
which implement a one-bit adder (with carry in)

The dlowed cdl functions can be chosen to be any subset
of those shown in Table 1, where ab implies a AND b, "a
indicaes NOT a, O represents the exclusive-OR operation
and + the OR operation. Functions 0-15 are the basic binary
functions of 0, 1 and two inputs. Functions 16-19 are dl
binary multi plexers with various inputs inverted, function
20 describes a Read-Muller universal logic module (ULM).
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Figure 2: The training scenario for evolving agate aray to havefiltering properties

It is important to note that one can consider multi plexers to
be atomic both formaly and from an implementational
point of view. It is atomic in that it isa ULM so that it can
be used to represent any logic function. Additionaly some
modern FPGASs now use amulti plexer based architedure so
that all two input gates are synthesised with multi plexers.

Table 1: Allowed cdl functions

0 1 2 3 4 5 6 7 8 9
0 1 a b "a b a ab "a ab
10 11 12 13 14
allb alOwb a+b a+b Ta+b
15 16 17 18 19
“a+ b ac+bc ac+bc "ac+bc ac+ hbc

The evolutionary agorithm employed was a simple form
of (1+4) evolutionary strategy (ES). In this case a
population of 5 random chromosomes were randomly
generated and the fittest chromosome seleded. The new
population is then filled with mutated versions of this.
Random mutation was defined as a percentage of genes in
the population which were mutated. The mutation operator
respeded the feal-forward nature of the drcuits and also
the different alphabets assciated with connedions and
functions.

3 Evolving afilter response with a gate array

The incoming analogue signals which are to be processed
by the gate aray are sampled at frequency f, and s samples
are olleded. The required total samplingtimet is given by
gf, The samples are digitised and represented by a
wordlength of w bits. In a FIR filter of order n one
therefore must colled nw bits at eadr sampling time. These
nw bits for the s samples are @lleded and represent the
inpu condtions to the gate aray. For ead nw inpu bits
the gate aray must produce w output bits. In this way a set
of inpu-output condtions is defined. The etire
arrangement is own in fig. 2. In this figure an input sine
wave is siown on the left which is digitised to binary
numbers with w=4 , and n=2. An entire history of samples
are olleded for eah sine wave. These ae the inpu
condtions presented to the gate aray. On the right of the
gate aray is own the outputs of wordlength equal to 4
bits. The input signals chosen were pure sine waves with
zeo phese. Two fitnessfunctions were defined. In the first
when s samples have been colleded the discrete Fourier
transform (DFT) is taken. A program which was fredy
available in [10] was used to do this. In this way the
frequency charaderistics of the evolving gate aray can be
asessxd for eadh input signal. For brevity we refer to this
fitness function as Fourier Fitness Function (FFF. The
seoond fitness function dd na cary out a DFT but was



based on the difference between the adual circuit output
and the desired ouput, this is referred to as the Error
Fitness Function (EFF). Both these functions are defined
more eadly below. The sine waves had frequencies which
were integral multi ples of the fundamental f, (2rtf_/s) up to
the Nyquist frequency’, f_ (half sampling frequency) minus
1. The sine waves were trandated by the aldition d a d.c.
comporent so that they assumed ony pasitive values. One
can envisage this more dealy by noting that the
fundamental corresponds to asingle exad sine gycle fitting
into the sampling window (fig. 2). The power in the
frequency domain W(f), defined as the moduus of the
output resporse in the complex frequency domain, is sded
by dviding by the maximum power asciated with the
DFT of the fundamental sine wave. The d.c. componrent of
the output is ignared. Define the maximum power over all

frequencies, W, and the maximum power over ll

frequencies excludingf,, W\,

W, = max{ W(f), (f: f, <f <f — 13,
W' = max{ W), [ j#i: f, st <f,—1 (2

Define ¢; to be 1 if the frequency i isto be pas=d, and Oif
it is to be stopped. The fitness is cdculated with a user
defined set of frequency rewards r; (fitness profile). The
Fourier fitness(FFF is given by (3) below, where n, , and
n_ , represent the number of frequencies to be passed, and
stopped, respedively (over all frequenciesupto f —1).

XF =8, (W (f)-W, )+ (@-8)1-W

r.
I max ) I

max)n

(©)
The eror based fitness (EFF) is cdculated in the following
way. Define 5 and y; to be the input signal and circuit
output at sample time j respedively. Then the aror E is
defined as the sum over samples of the @solute difference
between 5 and y;. Y is defined as the sum over samples of y;.
The dementary error-based fithess (EFF) is defined by (4)
below,

E oi Hri ,H1Zd6i Hri 4

X- = e | ——
: L+ E/K gn, QOlL+Y/Kgn_

where the scding constant K is given by (2"-1)s. Note that
the definitions given in (3) and (4) are scde invariant and
just asdgn a fixed maximum fitness contribution for the
passregions and stop regions irrespedive of their size The
total fitnessx™ or xF asciated with a given chromosome is
then gven by the sum of the components x for all
frequencies up to f,-1. These definitions of fitnessmean that

 Nyquist's theorem states that in arder to reconstruct asignal perfedly
half the sampling frequency (known as the Nyquist frequency) must be
greaer than the highest frequency comporent in the signal.

in the Fourier fitnessdefinition one is trying to suppressall
sine waves with frequencies in stop region, and trying to
enhance only pure frequencies (uncorrupted sine waves) in
the pass region. In the aror fithess one is trying to
minimise the differences between the output and input
signals in the passregion, and minimise the total signa in
the stop region.

4 Results

The experimental parameters for this paper are given below,
All filters were evolved with s=32, w =8, filter order = 6.
The only alowed gate function for al experiments was a
multiplexer (type 16). The population size = 5, mutation
rate = 1.00, number generations = 10000 The gate aray
was 7 rows and 7 columns. The levels badk parameter was
set to 4. The passhand was defined by frequencies f;-fs. For
ead fitness function the best chromosomes of 25 runs of
the dgorithm were sdleded. In these eperiments the
reward profiles r; were set uniformly to one The frequency
response of afilter is defined as the plot of maximum output
power with frequency. The responses of the evolved filters
are shown below (note that the in these figures the
frequencies arein anguar form).
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Figure 3: Frequency resporses of evolved low pass gate arays
with EFF (i) and FFF (i)

In order to understand the wmplete behaviour of the
evolved gate arays it is necessry to examine how they
respond to the individua signals with which they were
trained. A perfed linea filter would be transparent to any
signa which was totally composed of frequencies in the
passand. It would be opague to frequency components
which were in the stopband. It is not pasdgble to asaume any



of this when evolving a gate aray. It is only possble to
assssthe quality of the evolved gate arays by examining
how they respond to various sgnals. In sedion 4.1 the
responses of the fittest evolved gate arays to pure sine
waves are shown. In sedion 4.2 the filters are presented
with signals which are sums of two pure sine waves of
varying amplitudes. The fitness functions with which the
gate arays were evolved only looked at responses to pure
sine waves with frequencies which were integral multiples
of the fundamental. Thus the incident signals are entirely
new. In sedion 4.3 the responses of the filters to a signal
which is a sum of threesine waves are given. In sedion 4.4
noise is added to the fundamental sine wave axd the
responses of the gate arays are examined. Finaly in sedion
4.5 the responses to signals with frequencies which are not
integer multiples of the fundamental are examined. It is
important to redise that all these experiments are necessary
in order to assessthe true behaviour of the evolved filters.
Unlike conventiona filter design the filters have not been
designed using a linea difference euation and al the
power of the mathematics of modern signal processng
theory. Thus we @an asume nothing abou the behaviour of
the ewlved filters.

4.1 Gate array response to pure sine waves

Infigs. 4 — 6the adual responses of the fittest evolved gate
arrays to pure sine waves are shown. Fig. 4 shows the time
and frequency domain response of the EFF evolved gate
array (4 (i), 4(iii)) and the FFF evolved gate aray (4 (iv),
4(v)) when presented with the fundamental sine wave.
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In figure 4 (ii) the shape of output signal of the gate aray
evolved using the EFF is good for half a gycle but doesn’'t
return to the mean level (128 at the end of the sample
window (32). The FFF gate aray shows better periodic
behaviour but has lost much of the shape information of the
orginal signal and it is tending to operate & threelevels (O,
128 and 255. However the frequency responses appea
resonably good in that the output is dominated by the
fundamental frequency (figs. 4 (iii) and 4 (v)).

Figs. 5(i) — 5(v) show the gate aray responses to a pure
sine signal on the elge of the pasdand. First of all note the
distortion in the input signal which is due to the rounding
error incurred in integer arithmetic. The response of the
EFF gate aray (5(ii)) is again reasonably good hit it is
prone to clipping when the input signa is of very low
amplitude. The response in the frequency domain (5(iii))
shows a number of * off-f requency’ components.
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Figure 5: Incident signal f5 (i), output and frequency resporses for

Examining (5(iv)) it can be seen how FFF gate aray is
tending to operate & three levels (as with fig. 4). The
frequency response (5(v)) is a little deaner than with the
EFF. The main thing to note is that the input signa is dill
being transmitted.

Fig. 6(1)) shows an incident pure sine wave with a
frequency ten times the fundamental. The frequency is well
into the stopband. Thus the signal should be highly
attenuated by the evolved gate arays. Figs 6(ii) and &iii)
show the output response for the EFF and FFF gate arays
respedively. There is very obvious attenuation. Note that



the dc response of 6(iii) is ignored by the FFF (see
equations 2 and 3) asthereis no time dependent behaviour.
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Figure 6: Incident signal fiq (i), and ouput resporses for EFF (i)
and FFF (i)

4.2 Gate array response to sums of two sine waves

In the next three eperiments sgnals were presented to the
evolved gate arays which were not in the training set.
However the signals were sums of two sine waves ead of
which was present in the training set (albeit with a different
amplitude). In two of the experiments the frequencies of the
sine waves lay in the pasdiand. In the first of these the sine
waves had equal amplitude (fig. 7) equa to 05 and
frequencies f; and f,.
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Examining fig. 7(ii) one can see that the output response
usingth EFFisquite good Againit tend to plummet to zero
as the input signal dropsto 128and it tends to stay at zero
when the input signal rises again from 0 to 128 In the
frequency domain the component sine waves in the output
signal can be examined (fig 7(iii)) and it is ®en that the
dominant amplitudes do correspond to the rred
frequencies. The amplitudes of these cmponents are not
quite equal however and there ae other amplitudes not
present in the input signal. It is clea that the gate aray is
behaving in an almost linea manner. The behaviour of the
ouput response of the gate aray evolved with FFFis also
good It exaggerates the changes in the input signal but
corredly identifies the flatter region between samples 12
and 16 It also rises again in the sample region 28-32. Once
again the frequency response beas out the nealy linea
response & the output signal is dominated by the frequency
components present in the incident signal. As with the EFF
the amplitudes of these components are slightly unequal .

In the second experiment the amplitudes in the incident
signal are unequal (fig. 8) and the input signal was given by
0.7f;+0.3f;. Unequal amplitudes were cosen to test
whether the components in the gate aray output aso
consisted of unequal components of the rresponding
frequencies of approximately the same propartions.
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Figure 8: Incident signal 0.7f,+0.3f; (i), output and frequency

In the third experiment a wmposite signal which consisted
of the sum of two sine waves of amplitudes 0.5 and
frequencies f; and f,o was presented to the gate arays. This



signal is a much more severe test of the linea behaviour.
This is becaise one frequency is in the passand (f; ) and
the other well into the stop region (fio ). The results are
showninfig. 9.
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Figure 9: Incident signa 0.5(f;+ fig) (i), output and frequency

A perfea linea filter would filter out the high frequency
component (f;) and passonly an urettenuated sine wave of
frequency f;. The output response of the EFF evolved gate
array is rather poar (9(ii)). Firstly the output signal shape is
no longer very smooth and the second half of the gycle has
virtually dissapeaed. The frequency response (9(iii)) aso
shows the dtenuation of the incident signal and the
presence of significant off-f requency components. The EFF
evolved gate aray is responding in a much lesslinea way.
The behaviour of the FFFevolved gate aray is much better.
Firstly the output response has many similarities to the
ouput response seaninfig. 4 (iv), i.e. it isgiving a‘squared’
sinusoidal response. The frequency response (9(Vv))
confirms the ansiderably more linea behaviour as it is
dominated by the fundamental with much less attenuation.
Once aain it should be enphasised that the gate arays are
responding to these cmpaosite signals for the first time. So
the presence of thislineaity isfairly remarkable.

4.3 Response to sums of three sine waves

As asevere test of the behaviour of the evolved gete arays
a signal was presented which comprised three sine
comporents of unequal amplitudes. The dominant
comporent had an amplitude of 0.5 and a frequency in the
stop region (f,), the other two comporents were f, with
amplitude 0.2 and f, with amplitude 0.3. The incident signal
is srownin fig 1Q(i) and the expeaed resporse of a perfed
low passfilter is e in fig 1Q(ii). The resporses of the
evolved gate arays are seenin figs. 10(iii )-(vi).
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Figure 10: Incident signal 0.2f, + 0.3f, + 0.5f, (i), output and
frequency responses for EFF (iii, iv) and FFF (v,vi). The incident
signal with stop frequencies removed 0.2f, + 0.3f, is diown in
Fig. 10 (ii)

It is clea that both gate arays are not able to easily follow
the low amplitude pass $gnal (10(ii)). The output signal
shape for both gate arays is poa. Even though the
frequency domain is wegly dominated by low frequencies
there ae alarge number of higher frequency componrents
being transmitted.



4.4 Noise tolerance

The behaviour of the evolved gate arays to incident noisy
signalswasinvestigated. Figs. 11and 12show the responses
of the EFF and FFF gate arays respedively when
presented with a sine wave signal f, with an additional
noisy comporent n which was defined as % (1+ x)2"%,
where x is a uniform randam red variable with mean O,
defined in therange [-1,1].
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Figure 12 Incident signal 0.8f;+0.2] (i), output (ii) and
frequency response (iii ) for FFF

Examining figs. 11(i) and (i) it is clea that with the EFF
the output response dosely foll ows the noisy input signal in
the positive going Hhelf-cycle but as was sen ealier
(espedally fig. 4) it doesn’t respond well to low amplitude
signals in the latter part of the sample window. The
response of the gate aray evolved with the FFF is
interesting (fig. 12(ii)) as the alded noise gpeas to have
been removed. This fits in with the previous observation
that the gate aray evolved with the FFF appeas to be
operating in aimost a threelevel manner (0, 128 255). The
ladk of sensitivity to noise could pdentialy be a useful
property for red filtering tasks.

4.5 Non-integral frequency response

The final type of unseen signal presented to the gate arays
was a sine wave with non-integral frequency. The frequency
of the incident signal was 1.5 times the fundamental. This
causes it to have three half-cycles fitting in the sample
window as gown in fig. 13(i). The output and frequency
responses of the gate arays are shown in the remaining
figures.
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Fig. 13(ii) is auprising as the EFF gate aray response is
very good and apparently better with this incident signal
which was not in the training set than its response to
individual signals which were part of the training set. It is
also suprinsing in that it follows well the third pasitive —
going helf cycle. The output response of the FFF evolved
gate aray is aso good hut once aain has lost the
curvilinea shape of the incident signa. In the frequency
domain (figs. 13(i) and (ii)) the power is dared in the
neighbouring frequencies, this is a caraderistic of the
discrete Fourier transform.

5 Hardwar e aspects of evolved circuits and
comparison with conventional

In this sdion the adual circuits corresponding to the best
evolved gate arays are examined. Firstly there ae marked
diff erences between the output connedions of the EFF and
FFF evolved gate arays. The FFF evolved array has most
of the @ght physica outputs conneded to the output of the
same multiplexer. The output sedion of the dromosomeis
as follows: 94, 94, 94, 79, 94, 94, 94, 71. The leftmost
paosition isleast significant. Thus the output bit streams look
like aaabaa& where a,b and c are binary. This means that
the FFF circuit is only cgpable of outputting eight numbers.
These ae @ follows: 255 247, 136, 128 127, 119, 8, 0.
Actually when the output data was inspeded 247 and 8
didn’t occur. It is now clea why the output responses of the
FFF evolved gate aray comprise gproximately three
levels: high (255), midde (136128127) and low (0). The
output sedion of the dromosome @rresponding to EFF
evolved gate aray is as follows: 90, 91, 90, 72, 91, 94, 92,
87 which can be written abacbdef where the letters
represent independent binary bits. Thus there ae 64
different levels of response.

Examining the way the evolved gate arays make use of
the input samples is also reveding. In the experiments
reported in this paper a sample window of 6 was used with a
wordlength of 8. Thus for ead sample 48 hts grouped into
6 lots of 8 were presented to the gate aray in order for it to
produce an output. The evolved gate arays tended to use
only the most significant bits of ead goup of 8. Large
numbers of input bits were completely ignored. The FFF
gate aray completely ignored the sixth sample in ead
sample window! Thus indicating that a filter order 6 was
unrecessry. The EFF only used a singe bit from this
sample too. These findings suggest that one could oltain
just as good filtering adion wing smaller wordlegths
(perhaps aslittl e & 4 hits).

The adual number of multi plexers used in the FFF gate
array was 20 aut of a possble 49 and the EFF gate aray
used 29 It isinteresting to compare this with a cnventional
FIR filter implementing a finite difference ejuation. An

eight bit multiplier alone would require 64 AND gates and
8x7=56 full adders. Each adder would require in its most
efficient implementation 1 multiplexer and two exclusive-
OR gates. To build this multiplier one would require 232
multiplexers. A 16 Lt adder is also required to add up the
six 16-bit products this would require 48 multiplexers. So
one would require 280 multiplexers in total. A 16-bit
register would also be nealed to acaumulate and store the
sum during cdculation. The evolved gate aray ‘filters
would operate much faster than a wnventional design asthe
output is only limited by the spead of the gates, one doesn’'t
have to wait for large multiplicaions, additions and
acamulation cycles. One should however be very cautious
about making such comparisons as clealy the gate aray
filters arefar fromided at present.

6 Conclusions

It has dhown in this paper how it is possble to evolve tiny
gate arays which exhibit digital filtering properties withou
using the @mncept of a linea difference ejuation. It was
shown empiricdly that the gate arays are often realy
linea in resporse. The gate arays were evolved to have
filtering properties by presenting dgitised pure sine signals
and asessng the output signals. Two fitness functions
were defined. In ore the fitnesswas cdculated by looking
at the resporses of the gate arays in the frequency domain
by applying a dicrete fourier transform to the gate aray
output. The other fitnesswas cdculated by examining the
closenessof the gate aray output to the the desired ouput.
Experience suggests that gate arays that are evolved using
a fitnessfunction which looks at the frequency spedrum of
the drcuit output appea to be more linea in behaviour
than using an error based measure of fitness However a
considerable amourt of further investigation is required to
substantiate this observation. The drcuits evolved with the
Fourier fitnessfunction are dso input noise tolerant and can
remove noise. Since the gate arays are carying ou
filtering withou diredly implementing a difference
equation, there is no explicit multiplication and addition,
and there ae no coefficients! Currently there is no knavn
mathematica way of designing filters diredly at this level.
The origin of the quasi-lineaity is at present quite
mysterious. There is much more work that needsto be dore
to undrstand the behaviour of such systems. A
fundamental question that till remains is how the lineaity
of the filters may be enhanced. Naturally an important
future step would be to adualy buld these gate arays in
hardware and dredly investigate their ability to ad as
filters on sampled waveforms. This remains for the future.
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