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Abstract [14,[15]. The emergence of this new field in recent years
has been influenced profoundly by the progresses in re-
Evolutionary approaches have been used in a large vatnfigurable hardware and evolutionary computation.
ety of design domains, from aircraft engineering to the This paper describes an evolutionary design approach
designs of analog filters. Many of these approaches ws&ligital filter design. We have applied three different
measures to improve the variety of solutions in the pogrethods to achieve population diversity in our research,
ulation. One such measure is clustering. i.e., Pareto optimisation, fitness sharing and clustering.
In this paper, clustering and Pareto optimisation a®ur empirical studies show that the new approach can
combined into a single evolutionary design algorithniead to improved designs of different characteristics.
The population is split into a number of clusters, and The rest of this paper is organised as follows.
parent and offspring selection, as well as fithess calcuIaSectio@ introduces the evolutionary approach, and
tion, are performed on a per-cluster basis. The objecty®@mpares it with the conventional design approach. A
of this is to prevent the system from converging premgetailed definition of the design problem is given in
turely to a local minimum and to encourage a numbgkectior{ 3. The novel features of our algorithm are de-
of different designs that fulfil the design criteria. scribed in Sectiop|4, where we also give an overview of
Our approach is demonstrated in the domain of digther aspects of the implementation. Secfiipn 5 presents
ital filter design. Using a polar coordinate based poléhe experimental results. Finally, Sectjdn 6 concludes
zero representation, two different lowpass filter desighe paper with a brief summary and a few remarks.
problems are explored. The results are compared to de-
signs created by a human expert. They demonstrate that ) .
the evolutionary process is able to create designs tgat Conventional and Evolutlonary
are competitive with those created using a conventional Digital Filter Design
design process by a human expert. They also demon-
strate that each evolutionary run can produce & NuUmBgi | fiter design has a number of features that make
OT different deS|gn§ V\,"th similar fitness values, but Veri¥very attractive as test problems for our research.
different characteristics.
e The problem has engineering relevance. Digi-
. tal filters play an important role in communica-
1 Introduction tion systems, often at the interface between digi-
tal and analog signal processing systems. Exam-
ples are mobile communications, speech process-
ing, modems, etc.

Evolvable hardware (EHW) refers to one particular
type of hardware whose architecture/structure and func-
tions change dynamically and autonomously in order
to improve its performance in performing certain tasks ¢ While the science of digital filter design is very
OPart of the material presented in this paper was publish€tind well established and researched, there are no 'con-

NASA Workshop on Evolvable Hardware(EH 2QaD-14 July 2001, VenFional’ .deSign procedures t_hat lead to optimal
Long Beach, California, pp 136-145 designs with acceptable effort in the general case.




A survey of relevant journals reveals that digita2.2 ~Advantages of Evolutionary Design

filter design is an active area of research. For ex- wuti desi h off ber of ad
ample, the leadingEEE Transactions on Circuits 21 €volutionary design approach offers a number of ad-

and Systems published 12 papers on different ap\_/.antages over the conventional one used by human de-

proaches to filter design in only two years (19983_|gne_rs although there are some important issues that

99), e.g., [27[ 29, 34, 26, 32,128], to name justgmanopen. ,

few. First, the evolutionary design approach can explore
a much wider range of design alternatives than those

e The design space for digital filters is well define8OUId beconsidered F’y humgn beings. _Th's has been
but large and complex. A well defined space sshown by many experiments in other design ta_lslfs, such
cilitates comparison of different results. A largéS evolu'qonary des!gn of neural networkH[H.1. (.” 7,8,
and complex design space will challenge our ev8! of building archltectures (9. Th_ese experiments
lutionary system and will be good at evaluating Odjremonstrated how evolutionary techniques could be ap-

system’s suitability in dealing with tough desigrp!ied to evolving novel. designs which were difficult to
problems. discover by human beings.

Second, the evolutionary design approach does not
« A quantitative measure of filter performance {€SSUM& priori knowledge of any particular design do-

generally available, providing a fithess measure fgrn- It can be applied by users without resorting to

EAs that is relatively easy to compute. It also prcg-om_am experts. It can be. used in domains where little
vides a straightforward metric in comparing differd Pron knowledge is ava|_lable or where such know-
ent designs. edge_ls very costly_to obtain. _ _
Third, the evolutionary design approach is very flex-
. . . ible. It can deal with non-differential or even discon-
Th_ere are many different kinds of digital f"tefs’ deﬁnuous objective functions. It can deal with various
gg:O::Ega?ncgrggznognig)meggﬁ?gﬁoﬁzegn(eiﬁérgr;iirIf?{ear and nonlinear constraints as well as objectives.

. . . ) &t population-based nature makes it ideal in tackling
tions (e.g., with or without feedback) and the intend ulti-objective design problems. Although the evolu-

characteristics of the filters. The difficulty in deSignﬁonary approach can work with littla priori domain

ing individual filters depends on the exact type of f:__LRnowIedge, it can incorporate domain knowledge in the

ters. For SOmE, aqalytlcal methods are available. romosome representation and search operators easily
others, approximation methods have to be used. In a¥,ch knowledge is available

case, different filters generally need different design ap-
proaches. A human designer specialised in designing o _
one type of filters might not be able to design an op2.3 Limits of the Conventional Process

mal filter of a different type. Since no general design . . o , L ,
gQe&gnmg digital filters, especially recursive filters, is

methodology is available, evolutionary design will be / . )
good and automatic alternative to manual design. Nt @ straightforward problem. For certain design prob-
lems with particular characteristics, it is possible to
mathematically derive the optimal filter configuration;
2.1 Evolutionary Algorithms but in the general case, no such method exists. Instead,
a number of approximation methods have been devel-
EAs refer to a class of population-based stochastiped, usually applicable only for a particular class of
search algorithms that are developed from ideas aghekign problems.
principles of natural evolution. They include evolution There are two problems with this design method.
strategies (ES)_[16], evolutionary programming (EMBirst, for new problem classes, an approximation ap-
[17], and genetic algorithms (GAs) [118]. One importarmdroach has to be developed first. For example,_in [27],
feature of all these algorithms is their population-basedprocess for design of stable IIR filters with equirip-
search strategy [19]. Individuals in a population conple passbands and peak-constrained least-squares stop-
pete and exchange information with each other in ordesinds is developed. As the title indicates, the class of
to perform certain tasks. A general framework of EAfiiters that the method is applicable to is fairly limited.
can be described by Figyre[1]19]. This is different from evolutionary approaches, which



1. Generate the initial populatid#(0) at random, and sét= 0;
2. REPEAT

(a) Evaluate each individual in the population;

(b) Select parents fror¥(i) based on their fitness ifi(i);

(c) Apply search operators to parents and produce offspring whichd&im- 1);
d)i=i+1,

3. UNTIL ‘termination criterion’ is satisfied

Figure 1: A General Framework of Evolutionary Algorithms.

can generally be written for much larger classes of prob- mal design, and generally depends on the starting
lems, allowing it to be used for many different filter de-  point.
sign problems.
The second problem with the conventional approach
is that, depending on the exact approach taken, the4e4 Top-Down versus Bottom-up Ap-
sulting design is likely to be suboptimal. For example, proach
the approach taken in[27] is based on iterative quadratic
programming method with linearised constraints with!8 conventional digital filter design, a two-step process
least-square objective. The resulting design would mdstisually chosen. In the first step, a mathematical de-
likely be suboptimal for three different reasons: scription of the filter fulfilling the design criteria is de-
rived. This description is then transformed into a hard-
e Linearisation of constraints: All constraints havare description in the second step. The two steps are
to be formulated as linear inequalities. Constraint§"Y different in terms of difficulty, methods employed,
that are not initially linear have to be linearised. T8Nd performance criteria. Similar to many conventional
ensure that the linearised constraint still excludéfer design papers_[27], our work follows this top-
all designs that initially violated the constraint, iflOWn process, and the work reported here only deals
has to exclude some viable designs (otherwise th&h the more difficult first step. It produces a near

linearised version would have to be identical to tHgPtimal polynomial that can then be transformed into
original). hardware implementation.

In the literature, a number of approaches to evolu-
e Objective as least-square problem: the objectitionary digital filter design can be found that follow
has to be implemented as a weighted least-squarbottom-up approach, where the evolutionary process
function. Often, this is not exactly the same as thi¢ used directly to specify a filter in terms of building
actual design goal; for example in [27] the squalkgocks and their connections. Generally, the building
error from the desired behaviour is used as oblocks used are very low-level, for example gate level
jective for the quadratic programming, while ther function block level[[40] 37, 36, 35]. This bottom-
maximum deviation from the desired behaviowtp method has the advantage that a complete filter is
is used to compare the final designs with othéwolved, and additional fitness criteria (e.g. sensitivity
filter designs. While the maximum deviation i$0 parameter quantisation) can be used. On the other
the real’ design goal, the accumulated weightdeand, the complexity of the evolved filters is limited,

square error is used for the design algorithm.  typically to second or third order filters. The work
presented here is aimed at constructing filters of 'real

e Asnoted in[[27], the result of the iterated quadratiworld’ complexity; the examples shown are order 12
programming solver is generally only a suboptand order 15 filters.



3 The Design Problem The precise objectives depend on the type of filters and
engineering constraints imposed by their applications.
3.1 Mathematical Description of Linear The two filters considered in our work are low-pass
Digital Filters filters. An application example would be a filter in a
telephone system with a corner frequency of 20kHz.
Any linear digital filter can be mathematically specifieg\,igneﬂS with a frequency below this frequency should
by a complex-numbered polynomial function, i.e., theass the filter unmodified, while signals above should
transfer function (Equatiop] 1). This polynomial funche suppressed. An ideal low-pass filter lets signals pass
tion, i.e., Equatioﬁ]l_, can be rewritten as th_e quotient@ﬁchanged in the lower frequency region (passband),
two product terms with the numerator specifying the zgnq plocks signals completely in the upper frequency
roes of the polynomial and the denominator specifyinggion (stopband). In reality, a transition band is of-
the poles. The function (i.e., Equatiph 2) usually hastgn |ocated between passband and stopband. The goal
scaling constant. The two descriptions are equivalegt.fiter design is to minimise distortion of the signal
Itis easy to transform a pole-zero description to a polyy the passhand and maximise suppression in the stop-

nomial description, but not vice versa. The frequengand. The transition band should be as narrow as possi-
response can be derived from the transfer function gy

calculating the values for = ¢/“", whereT' = 2m/ws.  To minimise distortion in the signal in the passband,
two criteria have to be met. The first is that the ampli-

S bz tude of the frequency response in the passband should

H(z) 2ln —r) ST biar (1) pe as constant as possible. For example, all frequencies

(2= 20)(2 = 201) -+ (2 = 20n) in a speech signal should be amplified by exactly the

H(z) = box—— {2) same amount.

27z = 2p0) (2 = 1) - (2 = 2 The second criterion is that the phase in the passband
wheren is the number of zerosjs the number of poles, has to be as linear as possible. In practice, the so-called
andr — i the number of poles at the origin [27]. ‘group delay, i.e., the first derivative of the pha%é, is

It should be noted that not all transfer functions a@ten used. The second criterion can therefore be stated
generally realizable in hardware. Two main requiré@s a constant group delay.
ments have to be observed. In the stopband, the design goal is generally to atten-

Real coefficients: The coefficients in the pol nomialuate the signal as much as possible. Because the signal
T _Polyno is attenuated, the phase and group delay of the signal in
description directly translate to multipliers in th

hardware implementation. Since it is ver difficuﬁhe stopband usually becomes unimportant,
. P N Y AMCUT £0r the transition band, constraints are rarely used.
to multiply a signal with a complex number, it is

. - Figure[2 shows a typical lowpass filter. The top half
gg?eosrt;l:ét;:rt_oaeusc?ﬁg'i';:tsea;ec;?g'e:jni:(zrﬁn;o?sfhows the amplitude and the lower half the group de-

" o : Eﬁ/ The ideal behaviour is shown with thick lines. The
and zeroes are either real, or exist in conjugatg; I' behaviour (thin line) will be acceptable as long as

complex pairs (i.ea + jb anda — jb). Jeal bet . P 9

it is within the shaded regions.

Stability: Because a general IIR filter has feedback To facilitate comparison between our and other ex-
loops, the output may grow without bounds (or ifsting work, we follow the criteria used previously [27]
hardware until overflow), or oscillate. In a stawhenever possible. That is, the following factors are
ble filter, a bounded input will always produce gonsidered:
bounded output. A filter is only stable if all poles
are within the unit circle, i.e]|a + jb|| < 1. While
there are uses for unstable filters in specific appli-
cations, most filters are designed to be stable. 2. peak amplitude in the stopband,

o ) 3. maximum deviation from constant amplitude in
3.2 Performance Criteria and Constraints the passband,

1. weighted square error over the amplitude in the
passband and stopband,

Filter performance is usually multi-objective. There is 4. maximum deviation from the goal group delay in
no single universal criterion that applies to all filters. the passband, and



‘ | needs to be established. One individual dominates an-
Amplitude other if and only if its fitness is higher than the other’s
3 3 according to at least one criterion and as good as the
3 | other's according to the rest of criteria. A popula-
/\\M tion will usually contain a number of non-dominated
0 | | : individuals, which are referred to as the Pareto front.
Group delay / ; Among individuals in the Pareto front, it is not possible
to say which one is better than the other.

Different individuals from different regions in the

‘ ‘ Pareto front can have very different genotypes. Pareto
Passband Transition band Stopband selection allows individuals at the Pareto front to co-

) ] o ) exist as long as they are not dominated. Fitness shar-
Figure 2:_A lowpass filter which is used as the first teﬂg can help increase and maintain population diver-
problem in our work. sity. However, these two techniques are not very good

at helping dominated individuals to survive in a popula-
tion. We are interested in some of the dominated indi-

5. stability. viduals because they may be on different fithess peaks

("valleys” in our minimisation case) from those occu-

The conventional design process adopted by humgiad by non-dominated individuals.
experts usually uses the first factor above as the optimi-
sation objective and others as constraints within certainIn o_rder fo allow more than one _Pareto front t(.) de-
predefined values. By defining our representation 8|°p independently in the population, we have intro-

that the poles of any phenotype will always lie withi uced a clustering operation. This operation will sepa-

the unit circle, we can guarantee stability of all fiIterE“"‘tt()e the plorilulatlon 'n(t;_) a ?u?]bgr of Sim"'ndzp?ndt,em
produced by the evolutionary process. sub-popuiation according to their genotypes. Seiection
of parents and for survival is performed on a per-cluster

basis, individuals can therefore survive and create off-

4 The Filter Design A|gorithm spring as long as they are on or near the Pareto front for
that particular cluster.

The |mp!ementat|on of an evolutionary algorithm for 'Tl'he clusters in the population are initially established
filter design faces a number of challenges. The spaceog applying the k-means algorithm to the random, ini-

possible filters is very large, and individual paramete{i | population. The algorithm we implemented then

are tightly coupled, making it more likely for the algoijistinguishes between an early 'exploration’ phase and
rithm to converge onto local, unsatisfactory SUb'Opt'mS'main ‘exploitation’ phase. In the exploration phase
For this reason, a number of new techniques have bﬁ:ﬁ '

: . ) . . dlviduals will cover large parts of the search space,
introduced into the selection process. In this article, Cd we encourage exploration of the search space by
will concentrate on the two main techniques, clusteri

) : _ lowing unrestricted crossover. During this phase, we
and per-cluster self-adaptive constraints, which we w,

be d ve in detail in thi i We will al . periodically re-cluster the individuals using k-means
€ describe In detail in this section. Ve will aiso giv lustering. At the end of the exploration phase, the pop-

[Mation should have discovered a number of promisin
algorithm at the end of this section; additional descriQ‘-reas in the search space, and the algorithr% switch%s
tions can be found in previous publication8, §1). to 'exploitation’ mode. Here, crossover is restricted to
parents of the same cluster only.

4.1 Clustering Pareto Optimisation Clustering has its largest effect during the selection of

As mentioned in Sectidn 3.2, filter performance is gethe next generation from the current generation and the
erally multi-objective. A selection scheme based affspring. In this operation, the cluster memberships
Pareto fitness is a natural choice for our EA. In Paredpe established, and an individuals chance of survival
selection, any number of criteria can be used. Onlydapends very much on which cluster it is in. The fol-
partial order among individuals, based on dominandewing section describes the operation in detail.



4.1.1 Clustering Surviver Selection

Figure[3 shows a flowchart of the selection operation. It ¢yyrent population
starts with the current population and the new offspring R All Offspring
at the top. We assume the current population is already
divided into clusters, and has its Pareto non-dominated ]
set selected. The algorithm then proceeds in the follow
ing steps.

Assign to clusters

—

1. Assigning offspring to cluster&ach individual in L
the offspring needs to be assigned to a single clus —

ter. There are two ways of doing this, depending
on how the individual was produced. If the off-

spring is the result of a mutation of a single par-

ent, or of a crossover of two parents from the same

cluster, it is simply assigned to the parent’s cluster. 9
If it was created from parents from different clus-

ter has a representative’, which is simply the arith- D D

metic centre of the genotypes of the individuals in

this cluster. Offspring with different parents will

times the largest distance between any individual

in the population and its associated cluster centre,

a complete re-clustering of the population is trig-

gered. 5 Tighten

. . . . — /
ters (in the exploitation phase), the new cluster i$ \\ﬂ H H H
be assigned to the cluster whose centre is closest tq
2. Find non-dominated individuals in offspringhis D D D D

selected based on genotype similarity. Each clus-
it. If the distance to the closest centre is more than ~_{Merge Dominated| 6
m (m is around 1.8 for most of our experiments) 4 [ . J
Shrink
is done on a per-cluster basis; all individuals in the

offspring are pairwise compared with all other in-
dividuals in the same cluster, and tested for Paret
domination. Any individual dominated by any
other offspring is flagged as dominated. Individ-
uals that violate at least one of the current con- O
straints (see Sectign 4.2.1) are always flagged as
dominated, independent of the other individuals. —

3. Merge non-dominated setThe non-dominated [ ] Non-Dominated
sets of current population and offspring are merged
on a per-cluster basis; individuals that becomé ] Dominated
dominated during this step are removed from the L
non-dominated set. Next—gen Population

4. Shrink the Pareto fronih most implementations of _ .
Pareto selection with elitism. the number of indiEigure 3: Flowchart of the selection of the next genera-

viduals in the Pareto front will grow continuoushy!'o"-
through the run. It is necessary to periodically re-
move individuals from the Pareto front to prevent



the front and the population from over-growing.
Individuals are removed from the Pareto front of a
cluster whenever the number of individuals in the
front is above a pre-set threshold value (the same
for all clusters).

Generally speaking, individuals should be re-
moved whenever many very similar individuals
can be found, because there is little incentive to
keep very similar individuals. To achieve this, all
individuals are ‘paired’: the two individuals which
have the smallest genotypic distance are paired,
then the two individuals with the next smallest dis-
tance are paired, etc. Each individual is allowed
to be in only one such pair. Within each pair, one
individual is removed. We can repeat this process
until sufficient number of individuals have been re-
moved. The number of individuals to be removed
is a pre-set parameter in our system.

The decision about which individual of a pair to
remove is based on the combined fitness of an in-
dividual. The better individual survives. The best
individual in a cluster (in terms of combined fit-
ness), and therefore also the best individual in the
population, will never be removed from the popu-
lation in the shrinking operation.

. Tightening ConstrainttJsing Pareto selection, in-
dividuals with poor fitness values can still survive
as long as they are not dominated by any other in-
dividuals. For example, the final population can
easily contain ‘filters’ that do not allow any signal

to pass, because they maximise the signal suppres-

sion in the stopband and are very different from
other filters in the same population. These ex-
treme individuals may make up a large fraction of
the individuals in the Pareto front and squeeze out
promising individuals in the 'compromise’ region
of the front.

It is useful to have some kind of constraints for
the individuals to restrict the number of such ex-
treme individuals in a Pareto front. Unfortunately,
setting these constraints is difficult. A harsh con-
straint will limit the number of extreme individu-
als, but early in a run only few, if any, individu-
als would be able to fullfill the constraints. To get
around this problem, we have used a self-adaptive
mechanism that adapts a constraint vector dynami-
cally to the currently achieved fitness values in the
population.

To concentrate evolutionary search on 'compro-
mise’ individuals, we use a 'Current Constraint
Vector’ (CCV). This vector has as many dimen-
sions as there are fithess values, and contains the
constraints currently applied to the fitness values.
Individuals that violate any of these constraints
will not be considered as non-dominated in the se-
lection operations. They will not become part of
the Pareto front, and will instead have to compete
with the dominated individuals for the remaining
places in the population.

To implement the self-adaptation, we initialise the
CCV with the worst possible fitness values (posi-
tive infinity in our case of minimisation). We also
define a second vector, the ‘final constraints vec-
tor’ (FCV). The values in it are pre-defined. They
are the constraints that are applied at the end of
a run. Everyk generations, we compute a new
(CcV) from the current CCV, the FCV, and the fit-
ness values of the current population , using the
following algorithm.

(a) Find the worst individual for each of the fit-
ness criteria.

(b) For each of the fitness criteria, calculate the
quotient of the value in the FCV to the cur-
rent worst value in the population. The cri-
terion that has the largest quotient is selected
for tightening.

(c) Sortall non-dominated individuals according
to the criterion selected in the previous step.

(d) Identify the worstm individuals and mark
them for deletion+: is a pre-defined param-
eter, e.g. 0.5% of the population size).

(e) Update the CCV by setting the value for
the selected criterion to that achieved by the
worst remaining individual.

The values in the CCV will shrink each time the
above algorithm is run. The speed of shrinking
depends on the progress of the evolution. Once
a value in the CCV reaches that in the FCV, it will
not be reduced further.

It is possible and has been observed in our exper-
iments that the individual with best combined fit-

ness may be removed from the population. This
happens when this individual has extremely good
values for some of its fitnesses, but also at least



one very bad fitness value. How likely this hap4.2 Per-Cluster Parent Selection and Self-

pens depends mainly on the number of individu- adaptive Fitness Sharing
als removed during each tightening. The speed of
tightening is important. Fast tightening can imAs well as the selection for the next generation, we have

prove the initial progress of evolution a lot, bu@lSO implemented versions of fitness Shal’ing and parent

may remove very promising individuals. Becausgelection that are optimised for a clustered population.
promising individuals are generally compromises
among different criteria, they are unlikely to bg, 2 1  Self-adaptive Fitness Sharing
the best according to any single criterion and thus
could be removed. In practice, it is sufficient té\nalysing the runs using fitness sharing and cluster-
remove only a few individuals. ing, we noted that within each cluster, the population
was quickly converging towards a small area of search
Another possible effect of constraint tightening ispace. Because each cluster only represents a fraction
the removal of all individuals in a cluster espeef the overall population, the number of individuals in
cially when all individuals in that cluster have ‘exthe cluster is small, and convergence is therefore more
treme’ fitness values. When this happens, our dkely to occur prematurely.
gorithm will automatically increase the allowed To counteract this, we use a niche-count based fit-
size of the Pareto front of the remaining clusaess sharingef to horn etc.. The niche count produces
ters. This is very useful because the algorithm canmeasure of how many other individuals "inhabit’ the
concentrate on the remaining clusters. In sonsame niche in the population. To do this, distances are
sense, a limited degree of competition is intrasomputed between individuals and individuals already
duced among clusters, poor clusters will be driveén the population. This distance is based on a compari-
to extinction. son of the genotypes, by computing the geometric dis-
tance of the locations of the corresponding poles and
zeroes. Since distance calculation is computationally
. Merge dominated setsAll individuals from off- expensive, each individual is only compared to a small
spring and current population that are marked esndom sample of individuals in the population in our
'dominated’ are accumulated on a per-cluster bRA. This is somewhat similar to implicit fithess sharing
sis. [42]. If the distance between two individuals as calcu-
lated above is below a threshold (i.e., the sharing ra-
dius), theniche counbf the individual is increased by a
. Selection between dominated individualéfter value inversely proportional to the distance. The niche
we have considered all the non-dominated individount will be normalised by the number of samples this
uals for the next generation, any vacant placesiimdividual has been compared with.
the next generation will be filled up by dominated This niche count is used in selection of both par-
individuals. To decide which individuals surviveents and next generation (see Sedfion 4.1.1), individuals
in the population, we first divide the number of rewith higher niche counts are less likely to become off-
maining places by the number of clusters. For eagpring and to survive into the next generation.
cluster, we then sort the individuals using niche An important parameter in niche-based fitness shar-
count. The individuals with the smallest nichéng is the niche radius. This radius defines the size of
count (see Sectidn 4.2.1) survive into the next gefihe niche, only individuals with a distance less than the
eration. Other sorting criteria, like a weighted fitniche radius are counted in the niche count. The size
ness, a combination of weighted fitness and nice the niche radius is therefore critical for the success
count, or Pareto based selection schemes, are psfsniche based fitness sharing. If the value is set too
sible. low, very few individuals will be defined as 'sharing a
niche’; the niche count therefore provides little infor-
mation about the distribution of the individuals. Simi-
. Generate new population. Surviving non- |arly, with a niche size too high, most of the individuals
dominated and dominated individuals are conyould share one or a few niches, again the niche count
bined into a new population. provides little information about the individual distribu-



tion. to be performed on a per-cluster basis. Each non-empty

The optimal niche radius depends on the distanckister receives an equal share of the number of parents.
measure employed, and on the actual distribution Blfiese parents are selected using the per-cluster niche
individuals in the search-space. During any particaeunts. As described in Sectipn 4.1, each run gener-
lar run, this distribution will change, as the populatioally has an exploration and an exploitation phases. Dur-
moves from the random distribution of the initial popig the exploration phase, crossover between individu-
ulation towards areas of the search space with good &its from different clusters is allowed. Per-cluster parent
ness. This in itself is not a problem, as the prematuselection produces a list of parents for each cluster. To
convergence only becomes a concern once the popaldew for cross-cluster genetic operations, the parents
tion has concentrated on a few areas. The niche radiusn the individual clusters are randomly merged into a
is usually set so that it is optimal for this phase of the&ingle list before being passed to the genetic operators.
evolutionary run.

In our cluster based imple.mer?tation, each clustgr, 3 Computational Cost
contains only one or a few major fithess peaks, and the
size of these peaks in the fitness landscape varies frBerclustering a whole population using the k-means al-
cluster to cluster. As a result, the distribution of the irgorithm is computationally expensive and cannot easily
dividuals in each cluster varies. The optimal niche sife distributed over multiple processors. However, it is
needs to vary too. In order to have different niche sizesly required in the early exploration phase of the algo-
for different clusters, we have implemented a new sefithm where the evolutionary run discovers promising
adaptive per-cluster fitness sharing algorithm. regions, and is only run a few times during this time.

In this algorithm, each cluster uses a different nicltdtness evaluations require a large number of floating
size. After the creation of new individuals, the new irpoint operations and are therefore expensive, compared
dividuals are evaluated. For each individual, the nicft@ this the additional complexity of the selection mech-
count is then computed by comparing it to a numb&nism does not add a significant amount of computa-
of individuals from the population. The individuals aréional cost. The other computationally expensive part of
only compared to other individuals in the same clustéfe algorithm is fitness sharing, because it requires dis-
using the cluster-specific niche radius. The niche couafice computation between fairly long (e.g. 13 points
has to be recalculated for all individuals in the popul#? polar space) genotypes. However, the clustering re-
tion, not just for the new individuals, because the negces this alot, as only distance measures to individuals
individuals will have changed the overall distribution o the same cluster are required. Since in our algorithm
the population. While computing the new shared fipearly all operations proceed on a per-cluster basis, it is
ness, the algorithm also computes the average distadls® possible to distribute the algorithm by associating
between individuals in each cluster. From these valu€&ch cluster to a separate process.
the new niche radius is computed, simply as a fraction

(for example 50%) of the average distance. 4.3 Other Implementation Details

This section will give an overview of our implemen-

tation of the remaining parts of the evolutionary algo-

Observing individual runs, it was apparent that somighm. More detailed descriptions can be found in a

clusters with a large number of high-fitness individysrevious publication ).

als often produce a large fraction of the offspring than

other _clusters in the next generation. By having MOW3 1 Chromosome Representation

offspring, these clusters would then also have a higher

chance of improving the fitness of their individualshs described in Sectign 3.1, the transfer function is gen-

leading to a positive feedback situation where someeally given in one of the two forms: a polynomial or a

clusters would eventually be starved of offspring. Withole-zero description of the filter. Because of the di-

a population-wide niche size, the fitness sharing woulélct relationship between the transfer function and fre-

partially counteract this process, but with a per-clustguency response, poles and zeroes in the pole-zero form

niche computation, different measures are necessanof the transfer function (Equatigry 2) can be directly in-
For this reason, parent selection has been modifiedpreted: a pole near the current frequency amplifies

4.2.2 Per-cluster Selection



the signal, a zero attenuates it. Since poles and kéutation For mutation, we use an operator built on
roes are complex numbers, their locations in the co@auchy mutation [20, 21]. We decide on a random ba-
plex plane can be naturally expressed in polar coordis which genes in a genotype are mutated. For each
nates. Under such coordinates, the angle directly speggne that is mutated, a random value is created using
fies the frequency at which the pole or zero is active, andCauchy distribution with a given strategy parameter
the distance from the origin indicates its strength. O[20,[21], and added to the value of the gene. Because ra-
study [30] has shown the effectiveness of such a potius and angle have different ranges, different strategy
representation for certain class of real-valued problenpsrameters are used.
The detailed results were reported earliel in [30].

In short, a polar coordinate based representation 05 . .
poles and zeroes has the following advantages. 4.3.3 Fitness Computation

e It can represent all linear IR filters. Fitness evaluation is a challenging issue in design, be-
) _ cause a design task is usually multi-objective and be-
* asuitable genotype-phenotype transformation cggyse it is often difficult to quantify the quality of a de-

automatically add the conjugate opposite to corgign, Fitness evaluation is done in three steps in our
plex poles and zeroes, thereby ensuring that thg k.

phenotype will always be realizable.

e Stability can be guaranteed by restricting the r&enotype-Phenotype transformation First, a phe-

dius of poles td0.0.... 1.0[. notype is computed from the genotype. This mainly in-
e Locality is preserved. That is, similar genotype¥olves translating the polar representation of poles and
will have similar frequency responses. zeroes into Cartesian representation, and application of
scaling.

e The search space is relatively smooth since small
changes in a genotype will cause small changes in
the frequency response and therefore in the fithdggnerating the Frequency Response The frequency
of the genotype in most cases. response is derived by sampling the transfer function at

regular intervals. The filter response for a single fre-

The transfer function of a filter is represented by éﬁjency can be calculated easily by computifigz)
sequence of paired real-value numbers, where each pajf, ., — v

indicates the angle and radius of the polar coordinates
of a pole or zero. An additional pair of real-valued num-
bers encode the scaling parameigrEach pair of real- Computation of Fitness Values We compute a num-

valued numbers is called a gene in our study. ber of fithess values from the frequency response. Fit-
ness values are computed separately for passband (in-
4.3.2 Evolutionary Search Operators cluding transition band), and stopband. We compute all

_ the performance measures used by the human designers
We have proposed both crossover and mutation qBectior{ 3.p); plus a number of additional values. Not

erators for our chromosome representation based fifvalues are used in all runs, the values used in the runs
our previous work on evolutionary programming [205re:

21,[43]. The effectiveness of the operators has been
shown both analytically and experimentally elsewhere; passhand amplitude deviatiormaximum devia-
[20,30]. tion from constant attenuation in dB.

Crossover Both uniform and two-point crossover 2. Passband amplitude constraint violatioaccumu-
have been implemented, with the later used in most ex- lated 'punishment’ value for all samples where
periments. As radius-angle pairs are closely coupled, the amplitude is outside the allowed band, with a
it does not seem to make sense to allow crossover to power of 4 increase with increasing violation.
separate them. Crossover points are therefore limited to

be between pairs only. In other words, two parents car8. Passband delay deviationmaximum deviation
only be crossed over between genes, not within a gene. from goal group delay.
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4. Passbhand delay constraint violatioaccumulated Because of sampling and rounding, the computed fit-
‘punishment’ value for all samples where the anness values for the filters are similar to but not exactly
plitude is outside the allowed band, with a powehe same as those reported by the human expert [27].
of 8 increase with increasing violation.

5. Stopband amplitude deviatiomaximum ampli- 2-1 Two Test Problems

tude in dB. Both test problems used in our experiments are lowpass

6. Passband amplitude constraint violatioaccumu- filters [27] with slightly Qiﬁerent numbers of poles and
lated "punishment’ value for all samples wherg€eroes, cutoff frequencies, and goals for delays and am-
the amplitude is outside the allowed band, with plitude. The two problem cases are defined as follows.

power of 4 increase with increasing violation.  pyoplem Case Lw, = 0.2, w, = 0.28, maximum

amplitude deviation 0.1dB, minimum stopband at-
tenuation 43dB, group delay = 11 samples with
maximum deviation 0.35, order 15 with 7 zero

pairs, 1 single zero, 2 pole pairs, 1 pole single, 10
poles at the origin.

There are some special cases to be taken into account
when implementing these, especially to ensure that the
conversion into dB does not produce a negative fithess
value for amplitudes larger than 1.0 in fitness 5.

Combined Fitness From the fitness values computed?roblem Case 2:w, = 0.25, w, = 0.3, maximum

we create a single combined fitness value as a weighted amplitude deviation 0.3dB, minimum stopband at-

average. We have experimented with different selection tenuation 32dB, group delay = 9 samples with

mechanisms, some of which use this value; the ones maximum deviation 0.5, order 12 with 6 zero pairs,

described and used in the result presented here only use no single zeros, 5 pole pairs, 1 pole single, 1 poles
the combined fitness value at a single point: to decide at the origin.

which of two individuals to delete when shrinking the

: . ) ._Genotypes representing individuals require 12 pairs
Pareto front (Sectiop 4.3.1). The combined fitness Iﬁ%mbers for Case 1 and 13 pairs of numbers for Case

2{?;&:;?:;:; Ss)r;g[%air:geijﬁf of performance Ofg hen computing the fithess for the human design in
Case 1, it was noted that the amplitude curve seemed to
be slightly too high. When the value féy was mod-

5 Experimental Results ified from -0.00046047 as given in the paper![27] to -
0.000456475, the fitness value becomes very similar to

Extensive experimental studies have been carried ghat given in the paper [27]. We think there is a typo or

using different evolutionary algorithms (as describegenuine mistake in the published pagerl [27]. We will

in previous sections) and parameter settings. To sai&e the corrected value in all our performance compar-
space, we only report those results that we think d&®ns in this report.

interesting in this section. The results produced by

our evolutionary system will be compared againstthose2?  performance of Our Evolutionary

generated by the human experti[27] in order to eval- S

: . : ystem

uate the quality of evolved filter designs and gauge

the strength and weakness of our evolutionary systeRecause the design problems are multi-objective, there

However, the goal is not to beat the human expert with generally no single best design that has the best fit-

more than a decade experience in filter design, butrtess values according to all objectives. Instead, there

evaluate what our evolutionary system can and canmall be a set of good designs (at the Pareto front) as a

do at the moment. result of evolution.

In all the results given below, 300 samples have beenTo demonstrate the range and quality of designs
used in the passband and 200 in the stopband. To cemelved by our system, we have picked a number of
duct a fair comparison, fithess values have been coimdividuals from the final population by taking the in-
puted for the designs given by the human exgert [2dividual with the lowest weighted sum over the fithess
using exactly the same sampling and fitness computatues, using a number of different weight sets. Table 1
tion methods as those used in our evolutionary systeshows these designs for Case 1. For comparison, the
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first row in the table indicates the constraints for the dé5000 generations. Both used a population size of 8000
sign, and the second row shows the performance of tired took 2-3 days in real clock time on a single Athlon
filter created by the human expéert [27]. Apart from thC.
fitness values, the table also shows of which cluster in
the population this individual is a member.
Several observations can be made immediately from
Table[1. Firstly, the design by the human expert actb-3 Examples of Evolved Design
ally violates the constraints slightly. This is likely to be
due to sampling differences between our fitness calcukbr comparison purposes, Figufds 6 @fd 7 show the
tion and the calculation used in [27]. The fitness valueso filters designed by the human expert][27]. The
reported there differ slightly from ours and are withifeft of each figure shows the filter response. The top
the constraints. In any case, the design by the humanve is the amplitude. The lower curve indicates the
expert is very close to the constraints in both passbag@up delay of the filter. The vertical lines indicate
and stopband amplitude objectives. w = wp,w = 0.25,w = w,; for case 2w, = 0.25
Secondly, a number of designs evolved by our systeherefore only two lines appear. Both amplitude and
satisfy all constraints, i.e., those selected by the weigjtoup delay curves use linear scales. On the right hand
sets 1, 4, 5, 6 and 7. Four of these five designs aige of the figures, the poles and zeroes of the transfer
actually better than the design by the human expert &nction are shown. Poles are indicated by crosses and
cording to all criteria. zeroes by circles.

_ Thirdly, our evolutionary syste_m provide not just a Figure B anff]9 show two evolved designs from Ta-
single solution as a human designer would do, bUtb?e['_]] for Problem Case 1. Figurgs] 10Td 11 show two

whole population of designs that differ in their emphaévolved designs from Tabfé 2 for Problem Case 2.
sis on different criteria. For example, the designs in Ta-

ble[] range between 0.04 dB and 0.134 dB in passband € Pole-zero diagrams can be compared quite easily
amplitude deviation, between 0.288 and 0.44 sampl@s€xamine the differences between different designs.
in deviation from constant group delay, and betweé—me, gvolved designs have notlceablydlfferent pole-zero
49 dB and 52 dB in stopband attenuation. Such divd2Sitions from those in the human design. It is worth
sity represents different trade-offs in the designs, whi@gting that all the evolved designs presented here were
satisfy all constraints, and gives the user of our evol{]om & single run of our evolutionary system. The evo-

tionary system to compare and choose the one that §tdonary approach enables us to obtain a population of
his/her situation best. candidate designs, not just one.

A more detailed performance comparison betweenThe ability of our evolutionary system in discover-
the expert design and one evolved design is shownimg different novel designs can also be seen from the
Figure[4 and Figurg]5. As can be seen, the evolved @wolved filters for Problem Case 2, where both evolved
sign achieves noticeably better suppression in the stdgsigns (Figurgs 10 apd]11) are fairly different from the
band (Figur¢ (a)) and performs similarly to the expettesign by the human expert and also different from each
design in terms of passband amplitude and passbaiier.
delay variations. The evolved design is slightly bet-
ter in terms of passband amplitude (Fighie 4(b)), but
slightly worse in terms of passband delay variation (Fig-
ure[5(b)). 5.4 Per-cluster fitness sharing

Tablg 2 shows some designs from one run of our evo-
lutionary system for Case 2. In this case, the design oy order to show the effect of the per-cluster self-
the human expert does satisfy all three constraints,aaptive niche radius, we have collected data on the
do some evolved designs. Although there is no evolvebare radii used during a number of runs. Fidure 12
design that is better than the design by the human exprows the share radii of 20 clusters at different stages
according to all three objectives, some evolved desigofsa typical evolutionary run. It shows two important
are very similar in performance to the expert design. properties we are after. First, the niche size for a clus-

The run presented in Talflé 1 was run for 35000 geter changes as evolution progresses; and second, they
erations. The run presented in Taple 2 was run fdevelop differently for different clusters.
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Weightset / | Passband Amplitudé Passband Delay Stopband
Cluster Deviation Variation Attenuation
Constraints <0.1dB <0.35 samples| >43dB
Human 0.103 dB 0.293 samples| 42.98 dB
(weightset 1) (10.0) (10.0) (10.0)
cluster 6 0.085 dB 0.289 samples| 49.75dB
(weightset 2) (100.0) (10.0) (10.0)
cluster 3 0.048 dB 0.409 samples| 52.63 dB
(weightset 3) (2000.0) (10.0) (10.0)
cluster 3 0.048 dB 0.409 samples| 52.63 dB
(weightset 4) (120.0) (100.0) (10.0)
cluster 6 0.087 dB 0.2884 samples 50.00 dB
(weightset 5) (10.0) (2000.0) (10.0)
cluster 6 0.092 dB 0.2881 samples 49.75dB
(weightset 6) (10.0) (10.0) (100.0)
cluster 6 0.085 dB 0.289 samples| 49.75dB
(weightset 7) (10.0) (10.0) (2000.0)
cluster 1 0.073dB 0.350 samples| 50.76 dB
(weightset 8) (10.0) (10.0) (20000.0)
cluster 11 0.134 dB 0.441 samples| 52.798 dB

Table 1: Some results from a single run for Problem Case 1. Weights used for selection are indicated in brackets.

EvolvEl

1-0.05

-0.1
905005 01 015 02 025 03 035 04 045 0570 0.05 0.1 0.5 0z 0.
@) Frequency, Cycles/Sample (b) Frequency, Cycles/Sample

Figure 4: Comparison of amplitudes between the design by the human éxpert [27] and an evolved design (selected
using weightset 7 for problem case 1); (a) full view, (b) detail view of the passband behaviour.
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Figure 5: Comparison of delays between the design by the human expert [27] and an evolved design (selected
using weightset 7 for problem case 1); (a) full view, (b) detail view of the passband behaviour.

Weightset / | Passband Amplitude Passband Delay Stopband
Cluster Deviation Variation Attenuation
Constraints <0.30dB <0.50 samples| >32dB
Human 0.2708 dB 0.437 samples| 33.11dB
(weightset 1) (10.0) (10.0) (10.0)
cluster 8 0.267 dB 0.495 samples| 35.58 dB
(weightset 2) (100.0) (10.0) (10.0)
cluster 8 0.267 dB 0.495 samples| 35.58 dB
(weightset 3) (2000.0) (10.0) (10.0)
cluster 17 0.189dB 1.544 samples| 18.53 dB
(weightset 4) (10.0) (100.0) (10.0)
cluster 8 0.284 dB 0.491 samples| 35.58 dB
(weightset 5) (10.0) (2000.0) (10.0)
cluster 24 0.521 dB 0.423 samples| 33.44dB
(weightset 6) (10.0) (10.0) (100.0)
cluster 8 0.267 dB 0.495 samples| 35.58 dB
(weightset 7) (10.0) (10.0) (2000.0)
cluster 10 0.305dB 0.548 samples| 38.79 dB
(weightset 8) (10.0) (10.0) (20000.0)
cluster 10 0.305dB 0.548 samples| 38.79dB

Table 2: Some evolved designs for Problem Case 2. Weights used for selection are indicated in brackets.
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Figure 6: The filter designed by the human expert for Problem Case 1 [27]. The left part shows the filter response,
where the top curve indicates the amplitude and the lower one the group delay. The three vertical lines indicate
w = wp,w = 0.25, w = w,. Both amplitude and group delay curves use linear scales. The right part of the figure

shows the poles and zeroes of the transfer function, where poles are indicated by crosses and zeroes by circles.

o0 |00
+

Figure 7: The filter designed by the human expert for Problem Case 2 [27].
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Figure 8: Evolved design for Problem Case 1 based on weight set (1) in[Table 1.
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Figure 9: Evolved design for Problem Case 1 based on weight set (2) in[Table 1.

16



+

Figure 10: Evolved design for Problem Case 2 based on weight set (1) if Table 2.

Figure 11: Evolved design for Problem Case 2 based on weight set (3) if Table 2.
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Figure 12: Niche sizes of 20 clusters at the beginning, middle and end of an evolutionary run.
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