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Abstract

This paper describes and analyzes CHC, a nontraditional genetic
algorithm which combines a conservative selection strategy that
alwaysprcservesthebmindividualsfoundsofmwithamdical
(highly disruptive) recombination operator that produces offspring
that are maximally different from both parents. The traditional
reasons for preferring a recombination operator with a low
probability of disrupting schemata may not hold when sach a
conservative selection strategy is used. On the contrary, certain
highly disruptive crossover operators provide more effective search.
Empirical evidence is provided to support these claims.

Keywords:  cross-generational competition, elitist selection, implicit parallelism
uniform crossover, incest prevention, restarts.

I Introduction

Any search algorithm that operates via a reproduction-recombination cycle on a
Population of structures can be called a genetic algorithm (GA) in the broad sense of
the term. Since Holland’s seminal work (1975), however, in order for any such
algorithm to qualify as a genetic algorithm in a more restricted sense, it must be
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shown that its search behavior displays what Holland calls implicit parallelism. Thus,
it is incumbent upon anyone who claims that some new population-based search
algorithm is a genetic algorithm in the more restricted sense to make a case for itz
implicit paraileiism.
InﬂlispapulsgmumCHC.anamﬂiﬁoml geneticalgm'itlml.(loesincleedclis;:lsu_.r
implicit paraflelism. Fmﬂume.lmdm”meofthefmmthmmthewfzm
seem to disqualify itasamxeGAmtonlydonotsodisqualifyit.bminfactmk:il
more powerful than the traditional GA.
Is!nﬂnsemefolbwmgmnﬁneofngawdcalgmithmasapointofmfmm
describe how CHC diffcrsﬁmnamditionaIGA(buedonGtefenstmandBak:r.
1989, but generalized):
procedure GA
begin
t=0;
initialize P(L);
evaluate structures in P();
while termination condition not satisfied do

t=t+1;
select, C(1) from P(-1);
recombine structures in C(t) forming cQ);
evaluate swuctures in C'(t);
select, P(t) from C'(t) and P(t-1);
end
end.
By a traditional GA I mean a GA for which the following is assumed: (1) The
initialization of the population P(0) (of fixed size M) is random. (2) The selection for
reproduction (select,) is biased toward selecting the better performing structures. (3
The selection for survival (select;) is unbiased, typically replacing the entire parenl
population P(t-1) with the child population C(t) generated from P(t-1). (4) The
recombination operator is either one- or two-point Crossover. (5) A low rate of
mutation is used in the recombination stage 10 maintain population diversity.
CHC differs from a traditional GA on all but the first of these points. First, it is
driven by survival-selection (elitist selection) rather than reproduction-selection. In
other words, the bias in favor of the better performing structures occurs in survival-
selection rather than reproduction-selection. Second, a new bias is i i
mating individuals who are similar (incest prevention). Third, the recombination
operator used by CHC is a variant of uniform crossover (HUX), a highly disruptive
form of crossover. Finally, mutation is not performed at the recombination stage.
Rather, diversity is maintained (or more precisely, reintroduced) by partial population
randomization whenever convergence is detected (restarts).
In the remainder of this paper I describe CHC in detail, contrast it with the traditional
GA, give a theoretical justification for the differences, and provide some empirica
ions 2 and 3 describe and analyze the essential features of CHC —
jon algorithm working in conjunction with a radical (i.e., highly
disruptive) recombination operator. Sections 4 and 5 describe mechanisms foe
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avoiding premature convergence and maintaining diverss
\ ; taining di )

;tmng empirical evidence that CHC uuqnﬂfnmsgmnvmy tioml. se‘:(t;?&.i‘Sectmn6 oo Mshows
ow the philosophy of CHC can be extended o permutation problems. S:ction 9

offers zome coocluding remarks. An i i
i P appendix ot the end of this paper provides

2 Elitist Selection

CHC replaces "reproduction with emphasis™ with “survival More
pmd:‘s;aly' during selection for ﬂ:pm}]uﬂiun. mﬁmd of bia;flgmtheﬁmleéﬁon

candidates C{t) for reproduction in favor of the beer performing mans:as £ o
li:_genl population P(1-1), each member of P(t-1) is copied to C(1), and randoml ;aild:d
fo reproduction. (In other words, C() s idenical 10 P-1) except that the order of
b ool b uffied.) During survival-selection, on the other hand, instead
g g ]c old parent population P(t-1) with the child population C'(t) to f
pﬂpmnnm-;g I:J:Irt.aﬁ;e:d ;l]m!:i;:ln must compete with the members of the the

L - v survival — ie itipn i ’
specifically, the members of Mt-1) :rfdl é%:?ﬁh?u;dﬁﬂmmm“ .M(!e

-
Hg

8

fitneess, and F{) is created b i
y selecting the best M (where M i population si
Emﬁ? chlhc merged population. (In cases where a mul:bderwot‘ P(t-1) ’s‘:lze )
hoesghin of C{t) have the same fitness, the member of P(t-1) is ranked higher.) I shal.l
s procedure of rewining the best ranked members of the merged ﬂ?ﬂll and

child populations population-elitist select . "
individuals seen so far shall always s it- guarantees that the best

Several other GA's use [imess-biased i ENITO)
/ - survival-seloction — Whitley’
(51939}. ﬁgm ;??Bﬂé{[ Csmdl,f."ﬂﬁ EF;SSGA} {1989), and Ackley'lsnw Geneul}:
mmh.. ). C iffers from all three of these algorithms i
competition fm: sur:-'w?li is cross-generational — a child only replaces a metl:buw e
parent population if it is betier, Furthermore, unlike these three algorithms, i~
gcp;{r:u}snsggliﬁg:&c{muml cycles with many matings rather than one mating per ccyncilec
sole reliance upon survivalselection for its bias in :
E_cln‘i:]:lnmng m:_imdu:ﬂs also distinguishes it from GENITOR and ng‘S’GorA?{'mm 1GS.
inally, C{rl(‘.'s deterministic, mnk-based method of doing selection disti uis IGS'-
from S55GA and IGS, but not GENITOR. distinguishes
In the remainder of this section | shall
o id address th 3 i
]:lu']:ll!!dunn—clll.]ﬂt selection (ie., relying 50]:;? u&:ﬂmmmmm.ww » GA(bwmmlmmg' ?‘“.Y
n;rvﬂwni-sc,l-ccuun _fur its bILas in favor of the bewer performing individuals ol
EE.I' uza hcxpuncnpﬂ.l sampling of the betier performing schemata (buildin blocks) o
m::r.;r myu“g'.nmhmquuns of bit-valoes), and thus exhibit implicit pmallehfm. The
ek :} t?mmum depends upon what is meant by implicit parallelism. It will be
erped t ugh CHC does not exhibit implicit parallelism as it was originally
g ¥ Holland, it does exhibit a weaker version of implicit parallelism. e
]J::mﬂlllcll:m? casy (o Shl‘.‘:\l{ that elitist selection does not exhibit slmn implici
o , where unpllmll parallelism is undersood o mean: If tllegob.!erwmp Cl‘;
i mnwmhra c:,i‘;:hcm I is consistenily higher than the observed ;aafonmnce of H,
- oile? share af H; (fraction represented in the population) grows at "
= j[;lg:'emufi; rizmm the market share of H; (Grefenstette and Baker, 198;;l
reason that elitist tion fails 1o demonstrate strong implicit parailelism is that
is that

2
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at most one additional copy of an individual is made in each generation. This means
that for any schema H; that has a high average observed performance but also a high
performance variance, CHC cannot compensate in one generation for the performance
of the poor individuals by making extra copies of the good individuals. If the poor
performing individuals containing H; are replaced, but only one additional copy i8
made of the high performing individuals, the net result may be fewer instances of
schema H; even though its average performance was relatively high compared 1o the
popuiation average.
Elitist selection, however, does permit CHC to exhibit Grefenstette’s and Baker's
(1989) weak version of implicit paraliclism: If schema H,; completely dominaies
schema H;, then the market share of H; grows at least as fast as that of H, in any
generation. (Schema H, is said to completely dominate schema H; if every possible
representative of H; isalunugooduevuypomibkmmmiveofﬁ;.}
hmwseehoweﬁﬁnsehaimaﬁsﬂuuwwﬂiﬁonsfawmkimpﬁdl
puallelim.considawhatlnppmsnau’ngleindividnal. Ignoring for the momenil
the disruptive cffects of recombination, at most two copics of any member of the
p-ultpthﬁonmwviveinwmencnmﬂon. Furthermore, an individual can
nevahvemmeopiessmvivemamdmhmividmlifitismmnnthuturhnr
individual. (Iheconversedoesnotfollow:ifitisbemr.itdoesmtnaceasarlly
produce more copies.) Thus.them-msimeofdmeschennum;mnphm;r
dmninmwwrschunmwiugmwnlmstasﬂnasmemukushmnfﬂminmr
(again igm:rhgthceﬁectsofdismpﬁondmlorecombimﬁon).
Tomumtebowmiscmleadmexpamﬁalyowdlofmenumwofhmncus of the
bewachemambtusﬁrstconsiduadogmw“seinwhichﬂwmnbmﬁnn
opamismeidenﬁtyopummdsimplymmthemmn. In this case C{1)
will not be changed by recombination and will be the same as P(t-1). Afier survival-
selection, however, the best M/2 individuals in P(t-1) will have duplicate copics in
P(t), replacing the worst M/2 individuals in P(t-1). Thus, in log,M generations the
best individual will have taken over the population. Even though no individoal can
produce more than a single offspring per generation, good individuals, since they are
ranked higher, survive at least as long as, and usually longer than, lower ranked
individuals, and, therefore, tend to produce more offspring. Since thess offspring, in
turn, produce surviving offspring, exponential growth will resuit. Thaose individuals
that are in the top half of the population will be growing at the same ratc {doubling in
number each generation). In the long run, however, some of these individuals will be
squeezed out of the top half of the population, and the beger mdividuals will increnss
Mmmmauwexpmseofdlelowamkedindividmls.
Now let us reintroduce recombination into the analysis. ( shall assume that the
recombination operator produces two new strings by recombining material from two
parcnts.) Suppose schema H compietely dominases schema H;, and inatances of both
H; and H; appear in the parent popuiation. Remember that this means that each
instance of H, pafamsallenstaswelluanyinsmnceof}l‘. Thiz is enough (o
that’ under elitist selection the individuals containing H, are safc [rom being
replaced by those offspring containing H;. Further, if the recombinalion opcmioo
stxnedmesmesinmuofH,meywinevennmuyinaweﬂwtr market share
a(meexpmaeofinmesofll‘ (unless cvery sample of H has the same
performance value as every sample of H;). In other words, in 80 as individuals
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containing H; tend to be better than indivi
X f : ndividuals ini
will grow exponentially for a longer period of I.i.rl:';lgj]IﬂmmE

Noie that in the above sccount nothing was
:Equ:m; I;IITDI‘IEL _Ir.uwlh prqbn]:niiity of di:u-fpsjng m&.aﬁ ﬁ:—i;inmwhhmm
i Expnnmt'lsi Al 11 i5 ot mecessary 1o make such an assumpd iy
i {Pmﬁmg]uwmlpf the market share of the better sv:hcrrmltja oﬂnmuﬁﬂ?r al
g i EHL_D: m;:u.r_mni: su:]g:.cu‘nn]n good performers get n;ure. i i
i i mm 15t seleclion achieves the same thing by mml:qpms ood
effect of a disruptive Cgc.uc?rau:ms and thus over ime generating more ml{'lg e
G s iy seTibﬂi:m ugg:z:;;&hnfm::v:r, is :J[utmuijl'[crem Tor eliu’s?:;ccm
i ! tien. 4 xample,
mmgl:;;crn ?Iutmrmﬂp;r::ls;ﬂ iﬁ;ﬁﬁ:ﬂ ﬁ{;nﬂm ;ILEEE ?:hildn:n g::hw“:mmﬂlin‘:m
arent | s wou di iti
g]?tig:h::l hﬁnd' _|t' clitist selection is used the pmei’ft;}:;filgfnﬁ un'{iitmm:l' Gﬁ:' vy
selection 15 much more mwbust than traditional selection bec:azﬂsc iﬂwc i
Mpensiles

for those occasions in which :
tio Dits. which it generates many inferior children by replacing fewer of

-”,5. the market share U[H)

The eszential requirement for an inali
I il req : ¥ recombination o sed juncti i
ﬁiﬂ.\; :f:‘:cfruﬂm LE.DIJI-EI it not be strongly biased aga:ﬁ??]rm !;H:duams:ﬁ;im:;m? o

; anflt;mhr is highly disruptive provided the offspring of 1;:: }erat i
of the better individuals. Give belter chance of surviving a mating than the off <l
il :];l:rt this proviso it follows that if schema & o S]Emg
sy gl i i+ then the marke share of #; will be expecied to Riogsnd
H, that an;liln'cu }'biuﬁﬁ:rﬂlmﬂ._ Furthermore, 1o the extent that them m&{'ﬂw ot
! ey |-:an he}r r than instances of H; the exponential th ot i

j expecied o evenually overtake that of 4, O S0 Tkt

Since clitist selection’s claim o e i

S b clai ven weak implicit lelism

e n: uuﬂ:cmrf:;}&t:lmfuuunhiffnw 18 not hinsed u::;'rnas]r. the MHHTSS;E:EU; i

s e w s er ihere are any highly disruptive recmbirﬁt'm

s o b ot pz:mm olds. But before taking up this question, we wﬂmn

o et goxs undamental question: Why should anyone want use 1 highly
mbination operator? 1 shall address both questions in mt?m'i?v;cmgmy

section,

3 Uniform Crossover

i . ' F 5 ol =
I 15 u“m tant Lo kl:&{:l mr t“d Lh-at. what we are !Dﬂk—l E .I-‘D: In a CIA 15 an mu'
|'| I ]J‘.I'l:]'l' dﬁs I |[HI||E| V& recombing ons and nol Sll“i!l!" DTCSETvanon of SC-IJEJH.EIIH.

& a tradeoff between  effective inati FesSery

L recombination  and i

i s “;Ec::::g: .gm ,ﬂ‘fr&.:‘rs crossed ‘over a single differing I'::iL I'u:l;MI Y

i ividuals while being minimally disruptive, but it woold s

Mt st Hnlg;emur More generally, this tradeaff can be s-l.".m s iy
minimum number of schemata preserved via cmqm:::- Eimmwhng ic

: -e., when the

parents are complementary on all loci):
2 4 2%

:ulzc“::; is the string length and x is the number
i " of :ach_cmam guarmnieed (o be preserved
mbining, ie., when x =0 or

is ;t‘ bits ﬂ\?srhm over. Note that the
reatest when the o

v perator does no
- On the other hand, the number of schemats
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guaranteed o be preserved is the lowest when x =L/2. Thus, if we are mainly
interesied in preservation, we would prefer that x be low, But what if our concem is
with recombination?

The intuitive idea behind recombination is that by combining features from two good
parcnts we may produce even better children. What we want o do is copy high
valped schemata from both parents, simultineously instantiating them in the same
child. Clearly the more bits that we copy from the first parent the more schemata we
ccpjrmdlhusmmutﬁknlywemmwpy.mumd‘mwlimhighwhmd
schemata, On the other hand, the more bits we copy over from the first parent the
fewer we can copy from the second parent, thus increasing the likelihood of disrupting
high valued schemaia from the second parent. Consequently, a crossover operalor that
crosses over half the bits (or even betier, half the differing bits) will be most likely 1o
combine valusble schemata simply for the reason that the maximum number of
schemala is combined from each parent

Combining many schemata from both parents, however, is just half the story. Every
Inwm.trthhdqﬁmdmapmpumbsﬂdﬂwchﬁningmﬁﬂuﬂsufmlwﬂm
higher order schema. * Although this is a truism, it has imporiant consequences o
search, If the best performing individual in the population is not the global optimum..
then certain instances of Jower order schemata that are critical to its good performance
are combined with other lower order schemata that arc hindering performance. “he
jnhol'rcmnbimtimEiumﬂm&cmmwﬁmslymsavﬁiﬁyn{
recombinations. As an illustration of a crossover operator that fails in this regard,
consider the one-point crossover operator, HIX, which always cuts the strings at the
mid-point im0 two equal segments. One would not expect this 0 be a very effective
crssover opertor for @ search algorithm. There is one sef of schemata that are
glways disrupted and another sct thal are always preserved. Although in any crossover
operation HIX will recombine a maximum number of schemata, on subsequent
crossovers it will always operate on the same schemata. The case Is similar, but less
extreme, with a two-point crossover operator, H2X, that crosses over half the material
—Lc..nmpadmisdmnatrmdnmmywhatmmcsuing,mummmmimjs
chosen so as @ be L2 loci from the first point, H2X has the same low probability
(3L} of disrupting two adjacent bits as waditional 1wo-peint crossover (2X). (It is
assumed in the following discussion that the parents differ on the defining loci) As
the defining length is increased, however, the probsbility of disrupting order-2
schemata increases more rapidly for H2X than for 2X. If the defining length is L/2,
the probability of disuption for 2X is (.5 whereas for HZX it is 1.0 (assuming an
even numbee of bits in the string). In fact, any schema (a) whose defining length is
greater than or equal 1o L/2 and (b) which has no “gap” of adjacent undefined loci
grmmﬁmmequﬂmLﬂm&ﬂﬂwmhcdinuﬁndbymx,mmﬂi
always be some probability that 2X will not disrupt such a schema, provided there are
some undefined loci. (Tt should be kept in mind, however, that the only reason 2X has
suchulﬁwpmbnhilixynidlsrupﬁmismmiluﬂmdmm{dummhmhhwim
For example, the probability that it will exchange exacily one bit is LL.) Mo
generally, certain schemain tend 0 get passed through repeated applications of HIX

T The onder of a schema is the mimber of defining loci. T defining bength is the difference berween the fint
and last defined loci.

b s ot dominate jig
g mn;aj_mlm“mm” ‘f'lpﬂumu!'mﬁﬂ
hmh;:::"'lﬂuﬂlﬁ_ in the parent population wiﬂx:; & if other

: yet if they contained this crits | i this scherma,

n
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Eshelman il iTerent order of
; . hits is of a diffe i

] C rogsOVET in 4 Sing of 103 3 usin uniform

o mmnﬂngm“mgt cﬂ building block :;mm_ he muck:smingn sumisal'ui than

mm:mwlm% It might seem that uniform mmvutll;jﬂn of schemata of high order. The

rossover (assuming that two
any schema usIng llmrm ¢ i af the specified

T isroptive, it is,
highly disruptive, |
e ver, that although HUX is alleles, but
It shoatd be Jge mri'unlfbﬁ;ﬁﬂn operator. It n:mm'e'-'*-'::"“'“"“‘duc"‘clc “ul::”:nci that are
unlike muotation, 3 t;:':m i contzined in the parenis. Inmmm wocds, the mare
simply Tﬁﬂmhmhﬂ dismurbed by uniform Crossover. ver is, Furthermore,
converged cannol s are, the less disruptive uniform m minuie 10 FESCUE
converged the two pﬂrr.'nE dews ex machina brought in ot the o \he schematn of
convergence 1S :fﬂl ;?Ee is no way a GA can n!lucai:::: M“mji;"g those schemata.
umf‘ mm. T:“»E- individuals without converging mﬁgﬂ oF gtagnation:
Con P ence can be 4 sign of progress as well 25 8 jy be made to look as bad as
kg crally, uniform crossover cin D“{‘"I is true that if there is one
HUnan and‘mmmhh Et::ssunﬁ;:g a worst-case analysis. hlsu other individuals in the
O % an order-10 schema in the populatior " then the probability of preserving
mﬂ;ﬂj o &r ed on its mmpﬂn’iﬁ“lﬂi}' hits, B AR this worst .:m'? _].'E.
Mmuu?ﬂt‘?“mmc;mgun are produced). Why., !’;wsf:r' of order k, in a population
it ig 12" (if two cl one instance of a schema Mg ifoem crossover that
g qmn;fﬁnﬁg rl;t:lspl:ugai!ilﬂty that a child will be created by um
size M. ;
. is schema s p
préeyes Biie 55 i=k=1 [nstances (Hy 1)
L gt
o M-0 T ) i
is the number of individuals in the P?;?s“ﬂ;:g“ ﬂ;{:ﬂ:mnn Ht;
for exactly i bis of the k t.'1-”1_’;:l.1'mm':,Tl'l-ﬂ-t'Im’«“h"-"’":'1"'t
same  value c:{ _1), then, is the probability of choosing whenever for all i >0,
Instances (i | )1 bits of Hg. The worst case Dccurs Wi relatively large for i
of the k dcﬁ:j”“gﬂ On the other hand, if Insiances (Hei) is
Instances (He i) =U. L rve schema Hy.
er is likely 1o prese ; igh order schema
e m,m:,m:ndcmu how likely CHC is to propagate any high orwer Stoe
order 0
}tilt we need 1o consider lﬂﬂﬂﬂpﬁ% a}::;.:m;r
onfribute to 7 these is likely 1o ¥
ﬂﬁf&m building block. 16 e e mﬁﬂtﬂ e critical high BTm
the population “”’“S“E&"Tﬁ“&f fow_ordor schemaia that D e help in finding
L s i gimilar values to their competiions, ang the loci defining Hy 10
blacks for Hy e vand, there is no pressuso for the bits in
Hy. On the other

these bits will end o
converge on any particular set of valucs. Values for not the warst case oF

where [nstances (Hy i)

= ing H, is AT
domly. This means that the probability of propagatiri i a mandomby mmul!ﬂ:d_
I'HJ"I i

tha i h
J! 12421} The reason is : will maic
172 1:_ but closer ::ssurc for convergence, half the ELLI:]U“ a;-sm-:gsmpﬁ ve problem
population and a0 p 4 case pecurs when the problem i blocks (0 CONVETES
in Hy. nggi"} ﬂ::fudwmcmm is pressure for the lower arder building
{Goldberg, 1987),

2 e S
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on values that are compliments of the bit-values defining Hy. In this case, if the order
of Hy is high, the schema will be unlikely 1o propagate (2%, Furthermore, if
there are several such high order deceptive schemats instantiated in different
individuals, then it will be highly unlikel
combined intact in a single offspring,
Even in this latter case the traditional GA does not necessarily have an advantage qver
CHC. The traditional GA can do relatively well on such deceptive problems only if
two additional conditions hold. First, the GA must use a population size that is large
enough to make it likely that these high order deceptive schemat will ocenr in the
initial, randomly generated population. Secondly, the high order deceptive schemata
should have short defining lengths, and, more importanily, their defining loci showld
not be interspersed.  The first condition ean easily be met provided one is willing 1o
pay the cost — large populations require more evaluations 1o converge o a solution.
The trouble is that typically one does not know whether or not the problem is a high
order deceptive problem. If it twrns out not  be such a problem, then a much
smaller population is likely o be more efficient for search. The second condition,
hawever, is the critical one. What reason is there for wssuming that the problem will
be so well behaved that the deceptive schemaw will end not to overlap? 1t is easy o
contrive problems where this assumption is met, but there is no reason © believe that
real problems are going to be so benign. In fact, GAs are usually advertised ns being
most useful for large, complex, poorly undersiood problems, where there is little or no
4 priori knowledge about how the bits interact. Under such conditions the traditional

GA will have no advantage over CHC with regard Lo deceptive schematn,

y that they will ever be successfully

4 Avoiding Incest

The exponential growth of instances of good schemata is of linle value i€ it leads 10
peematore convergence. One of the effects of crossing over hall the differing bits
between the parents i that the danger of premature convergence is lessened. Even if
al each generation the most recent descendant mates with one of its original ancestors
(the same one each time), it will ke logah gencrations o converge (within one bit)
to the original ancestor where k is (he Hamming distance between the original
parents. In the case of two-point crossover, on the other hand, each of the two
children will differ from its nearest (measured by Hamming dislance) parent by an
amount manging from one bit 1o no maore than hall the length of the string L. Thus,

the longest time it can take o converge williin one bit of its ancestor is logah
generations and the shortest is one g

eneration, * OF course, a child is unlikely 1o be
repeatedly mated with one of its remote ancestors, but since better individuals have
mare descendents, it is fairly likely that a individual will be mated with one of ils near
relitives, In so far as this leads (o crossing aver of individuals that share a lot of
alleles, exploration via recombination quickly degenerates. Although dlways crossing
over half the differences (using HUX) slows this process, sometimes individoals ars
paired that have few differences. IT one or both children sirvive this mating, it will
be even more likely that such an event will occur the next generation,

_itt‘. instead of alwsyy choating the child tha s nearesd {in ennt of Hemming distance) 1o the parend that 1
B2 original ancestor, 1 child is chosen a2 random, then ponvergence may take lenger than log b gencrations,
Bl the expected wabie will stil] be less than log .
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CHC has an additional mechanism 10 slow the pace of convergence — 2 mechanism
for helping avoid incest. During the reproduction step, each member of the parent
population is randomly chosen without replacement and paired for mating. Before
mating, however, the Hamming distance between potential parents is calculated, and if
half that distance (the Hamming distance of the expected children from their parents)
does not exceed a difference threshold, they are not mated and are deleted from the
child population. (The difference threshold is set at the beginning of the run o L4 —
half the expected Hamming distance between two randomly generated strings.) Thus,
typically only a fraction of the population is mated to produce new offspring in any
generation. Whenever no children are accepted into the parent population {gither
because no potential mates were mated or because none of the children were betier
than the worst member of the parent population), the difference threshold is
decremented. The effect of this mechanism is that only the more diverse potentizl
parents are mated, but the diversity required by the difference threshold automatically
decreases as the population naturally converges. The number of survivors for each
generation stays remarkably constant throughout the search because when CHC is
having difficulty making progress, the difference threshold drops faster than the
average Hamming distance, S0 that more individuals are evaluated, Conversely, when
CHC is finding it easy to generate children that survive, the difference threshold drops
at a slower rate, and the number of matings falls. (See Eshelman and Schailer (1991)
for a more detailed discussion of the benefits of incest prevention.)

5 Restarts

Mothing has been said so far concerning mutation. This is because in the
uction-recombination cycle CHC does not use any mutaton, The use off AUA

and incest prevention in conjunction with a population size large enough o Preserve &

number of diverse structures (8.8, 50) enables CHC to delay premature COTIVETEENCE .

and thus do quite well without any mutation, But these vanous mechanisms cannad.

guarantee that no allele will prematurely converge. Some sort of mutation 15 necded.

Mutation, however, is less effective in CHC than in the traditional GA. Since CHC is
already very good at maintaining diversity, mutation contributes very little early on in
the search. On the other hand, late in the search, when the population s nesrly
converged, mutation, combined with elitist selection, is not very elfective in
reintroducing diversity. At this siage of the search mutation will rarely produce an
individual who is better than the worse individual in the population, and consequently,
very few new individuals will be accepted into the population. In contrast id CHC, a
iraditional GA, by replacing the parent 3population each generation, insures that mew
variations will constantly be introduced.

CHC’s way out of this impasse is to introduce mutation only when the population has
converged or search has stagnated (i.e., the difference threshold has dropped 0 7200
and there have been several generations without any new offspring accepled inio the
parent population). More specifically, whenever the rcproduction-recomhiuminn cycle

-

3 This might explain why the Evolution Strategy work in Germany (Hoffmeister and Bick, 19407, wiich ini-
tially used a form of cross-generational competition, later abandoned it, opting for & selection stralegy MmO
closely resembling that used by the traditional GA.

The CHC Adaptive Search Algorithm

achieves its termination condit

cycle ondition, the population (s reinitiali i
Ol e Th o, e oy i, e i i
population E-‘;‘:U:T:Ewmﬁml{ﬁﬁdﬂwiduﬂ found so far as a lﬂ“plal.;: fnrﬂci!;fi::um is
L inehi is created R h a news

£ th 'y : d by flipping a fix

?ndiv?dﬂpii:igd:;m chosen at random without r:plaugmacm.mc)nw 00 (18- 55l
i 4 unchanged 1o the new population. This i stance of the bess
cmm L ot converge to a worse solution than the previous search at the nexs
mn:ﬁ i ng of reinitialization followed by genetic search, i8 iteraled m’l‘h:s outer loop,
Shotiton ek (either reaching a fixed number of reinifiakization: its termination
any beter structures than the retained struciuns) s or repeated failure

It should be pointed out that fi
1 or CHC there is no dan b
far. av ; A b that the i
beiZdtadin. hisgidalloiligocer Brsm bl hestmmd.l;:;ual o
i Cobobitiits itk eH Lo mechanism (the dropping diﬁueic& uuu.;f;h:
o i II! elitist Sﬂlﬂtumland disruptive recombination prevents thi i)
Crossover will owever, that saving the best individual has no eff n
individual with ﬁu an::lM the schemaia represented in this siri O:nm;:t
st of the other individ B . £

Pm”j"m[ whenever two individuals ammp-arrml uajmsat ;':eﬂ:mpgpluhuon, but mating is
iﬂp ation as a whole as reflected by the difference IhluhOld.ey more similar than the

n advantage of partial reinitializati

. s : .
S R e e b s X
ek m&cﬁs”ﬁnbﬂ“ﬂ; of a large popultion without the cost of siower scarch

optimal solution s found in the first initializati -

on hard problems the optimal solution s found only mmm'mwmmmcwk' whereas

6 Empirical Results

CHC's

fun:tiunlfrf?‘hn:anu has been compured with that of a traditional GA on

fnetions. The Mast exteasive comparisons arc bated on 8 et suite of 10 Panction

o funclifms EIEm y studied by Schaffer, et al. (1989). They tesied mo funcnonx:

o finctioes 1-F10 with 840 different parameler seitings includin 2 aditioml GA

i rates, 7 mulation rites, and two Crossover operat (%ne-wnm sizes,

el i for 10000 evaluations and repeated 10 times. mmpmn_t).

el e five De :Tung; functions (1975) as well as five other test suite
4 uding two sine-wave-hased functions. a FIR dlglv]:l filter muln-modal

’ optimization

task, a 30-city treveling salesman j
roh
64-node graph partition task. problem (with 2 sort order representation), and a

1“ order 1oy jﬂi.‘.-l [i[g- W WELI a GA =11 Pﬁljl:]"“ on m‘ o‘ ﬂm lo tm I Cm
' . .
the 5 T L » {1}

Y Ackley's (1987) IG5 algori : resnitial reains wratation
i gorithm alio medndes siiitialirag
Igur:rt:g:mp, arud Mlly mandamizes the p-:pulu:mc:\::n it is m{mm e 105 il e -
o rmun::’s;idi:':tq?m?r .-.und Baker's (1987} mochanic undversal sampling, dynamic fitness
g ll:-ﬂ-:ll'l.dul.l]. {Greferutetie and Bakes, 1969), the -ﬁ:ﬁl mm Glﬁll-.ul-
(oot 10 be confured with the population-elisis selection discussed in ;:Iil 9 ’(nuthn
peper), 2

gap of L0 (ie., the entim Gy
t parent popalation #
garsnciers (Corsnn wad Schalle, 10083 T childea), sad Gray codlug for the mamere
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conducted runoffs. lnmisseoondsuiuofapaimau.
until the global optimumwasfotmdoruntil a maximum of 50000 cvaluations was
reached. (Bwnunﬂisanoisyf\mcﬁon.itwnsuwedsomewhmdiffmﬂy. The
seachwashalwdwhemvaﬂwpcrfommcevalmbefaeaddingmwmm
twouxdarddevinﬁanofdwnoisefmcﬁonﬁomﬂwopﬁmm (ie., Fa(x) < 2).)
Each search was repeated SO times. CHCwasalsotmedonFl-FlOundathem
canimmdm:singhsuofpmamwmwasusedforallmefuncﬁons(a
'msizeofSOandadivugmmeo(35%). Note that since a single
pcametersetwuusedforCHthuusthepamnewrsetﬁngsfm'meGAwm
swmuyfawnam.muammmwmmmam

Table 1: Mean Number of Evaluations
1o Find the Global Optimum

' |

¢ Srandard error of the mean.

Table 1 compares the performance of
In spite of the methodological bias in favor of the GA, CHC does

ten functions. (An algorithm performs better on a function i
optimum more often, or it finds the global optimu
competitor but in fewer evaluations.) For five 0
algorithms found the optimum in all 50 searche:
optimum in fewer evaluations, and for the remainin
optimum more often than the GA. Furthermore,
wraditional GA does significantly better than
that is the easiest for most traditional optimization
CHC does significantly better on all the multi-modal functions (F5-F10).
Since the traditional GA was rarely able

functions, perhaps it is only fair to consider
evaluations is limited to 10000 as was the case in the study done by

CHC with the best GA for each of the functions.
better on ning of the
f it finds the global
m the same number of times s is
f the six functions in which both
s, CHC, on average, found the
g four functions, CHC found the
the only function on which the
CHC is F1, a smooth, unimodal functien
techniques. On the other hand,

to find the optimum on the last three

how well CHC does when the number 0f
Schaffer, et al

The GA was able 1 find the opti
evaluations whereas optimum once for F8 and twi -
fOlFlO.mugma:fcmabkpﬁmm . 42',°°fﬂé:10mmml('xxn
was very successful at ﬂlzl,i: 30<ity traveling salesman mbm““m nis ni:d 20 times
;om weve:mg:em — CHC fougm:lhit three m‘i‘a}.d"ﬁ';‘e "éﬁ"“ tour of 42:; within
, at

is doing ,.-g,,-ﬂ:nﬁ;‘ °‘| the S'gm tours found over S0 rum.?t)‘i:totm.‘ If e lg;;k.
cvaluations and 429 after memlm performance for CHC was 461 after o(xx)c

ons.whumfortheGAitmsnlm

10000 evaluations and 482 v
means was less than 5.) after 50000 evaluations. (The standard error for all four

Finally, somethi id about restarts
muu);edmt;hl&:egm'bemd ut the role played by The divergence

el exilt)eil.;n:‘emnls(35%).1samu=l!mwo:tswenove;awid::l
perfmonnancemcan ol signiﬁcandmm‘ y the best rate for functions F1-F10 et
performance can be significanly improved on F10 (s0 tha it wil ind the i o
using a divergence rate of o random onmemhmomerfmmmm
there is a total of three m”m%' but completely izing the o whenever
s et e that do not result in improvements Inshmldw

. L e CH rarely had to resort 10 restats whe carchi ol
Rctions. T, iy e s v n searching the ecasier

ult functions, FY and F10 — an average of 6.2 s pe T and
E_‘a]:gl:ur]']ﬂ Ihis is not to imply that it is simpl ul:mmpamnforwanﬂﬁper
CH(_“i cu:F:r !'l:"..:fl:d'fl'l'li.'lm. on these more difﬁcuylt funl::oz:m orgeSrn L
CHC's performance vas significanty beuer & the point of &ﬁ&mmmmm g
302 mes aluatons, respectively) than the GA 00

had achieved after 50000

evaluations.

7 Deceptive Problems

Although the results of the previous L
algorithen, it should be noted that msecuon indicate that CHC is a robust search
fun consistently more difficult for Cucufom identifiable classes of functions that
: I.ciimnb that are casy for & robust hillclimbangmm than the traditional GA: (1)
S I ¥ ordered (benign) deceptive fanctions, M.g.. 2 m hillclimber) and (2)
wiual assets arc liabilities. CHC'S mechanisms are functions for which CHC's
incest prevention, ensble it to perform a m:x slowing coavergence, cspecially
I[Ilzli&]u-:':'ﬂﬂl I"Tr"" s endency to quickly converge on ‘b‘ﬁne .mh of the space. The
L:i b o its advaniage, however, if no additi 8ptmnum8m0fdnseatchspace
wwledge of the problem’s macrostracture tional insights arc 10 be gained from
In the case of tightly ordered e
T i deceptive functions — . . .
ﬁ:.]:j.:: si;t:pi_lml}lcms are adjacent — the traditio nalﬁé?;am ',",mh the bits of the
schematm of short defining length — gives it g positional bias — favorin
T L e i st e CHC i
’«n_ :“‘M argued in section 3, bowever, ll'lexe is no r;:;ge v tion size (e.g., 500).
Iln|Jc-_:;$§ll[ll- be s0 benign, After all, GAs are s to believe that real problems
o u: search spaces where there is litde “” d 10 be most useful for poorly
ous Iiteract, and so liule likelibood that the o & Priort knowledge about which
siituting deceptive subproblems will be ﬁﬂmzu mﬂn wml be represented so that bits
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18 In order to get a better han
run on Goldberg’s order-3 decepti
Liepins’ order-n deceptive problem
All four problems consisted of 10 deceptive subproblems.
function, f , for a string of length n is defined as follows:

f

j‘ T fo)=0
1 ifolx)=n;
|- lwgéz' otherwise ,
R
I's in the string. Goldberg’s fully deceptive order-3

dle on CHC’s ability to deal with deceptivencss, CHC was
ve problem (Goldberg, Korb and Dch, 1989) and
s for n of 3, 4 and 5 (Liepins and Vose, 1941}
Liepins® fully deccptive

f&)=

where o(x) is the number of
function is defined in Table 2.
Table 2: Goldberg's order-3 deceptive problem
=28 \
f(001) =26  f(010) =22 f100) = 14
f01l) = 0  f(101) = O f(110)= O
f(111) = 30 |
Table 3 shows CHC's performance for the four functions based on 5 replications of

each search. 'meﬁmlineslnwsd\eremluudngdn'amdxd' parameler SeUEngs
duofSOaMdimmnnofOJS. Results for two other

— population 1
dnvergawemes(bunhemepoptﬂmmsize)malsos!wwn.
Table 3: CHC's Parformance on Deceptive Functions:

Percent of Subproblems Solved in 50000 Evaluations

1

|

-5

1

=

Goldberg (1989) reports that for his order-3 problem a traditional GA was able 1o find
the optimum in about 40000 trials if the subproblems are tightly ondered, but
converges to the local optimum (all 0's) if the subproblems are loosely ordesed (the
first 3-bit subproblem is located at positions 1, 11, and 21, the second subproblem is

GA was able to find the optimum

located at positions 2, 12 and 22, etc.). His messy

operator is not position biased, its performance is
to find the optimum in 20960 function ev
minimum of 9933, a maximum

east for low-order, loosely ordered

Goldberg’s messy GA (at 1
lem the mean number of evalual

For the Liepins’ order-3 prob
were 7196, 6207, and 6170, respec

for the loosely ordered problem in about 40000 evaluations. Since CHC's crossover

not affected by the ordering. CHC
was able aluations (mean of 50 runs, with 2
ini of 36297 evaluations, and a standard emor of 980)
0.15. This makes CHC a worthy competitar 10
deceptive problems)-
tions to find the optimu
tively, for the three divergence rates af 0.35, 025,

and 0.15. It should also be poi
but allow CHC pointed out that if we don’t restri .
to use two-point, reduced surrogate cmssovc:u:r?:i Sg,scm using HUX
i rgence rate of

8 Extending CHC to Permutation Problems

This section illustrates how it i .
that mani W it is possible to extend the phi
basic ;ujm I the same 23 ber e meup:; Soophy of :gf 0 2 GA
mutation (when it does a restart) ore except that it uses differe .
illeli s and crossover, and cach indivi o s for
. vidual is improved by
a

Cosmmon.

Incest prevention works the sg .
i , same as it does for the bina .
::m‘ir ‘;‘; mﬁnﬂgm the number of bits that the two Wial!mha‘)f CHC, except that
v 1 e Db, e, I e umbe o comn e o
crealed : ts 18 not
per mating, NocMmmmmmCHg:xcmm?de one child is
ure.

Table 4: 532-City-TSP Tour Lengths

i

|mean  sem  best fruns — #runs
WOrst <2

(2774711827710 27849 79800 <2'g750
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It should be noted that the best value (27710) found by CHC is within 0.1% of the
optimum (27686). CHC's performance on this problem is comparable to that reported
for ASPARAGOS — a mean of 27770 for ten replications with the best run having a
tour of 27715 (Gorges-Schleuter, 1989). More recently, Muhlenbein has reported that
his parallel GA has been able to find a tour of 27702 after 3 hours of search using 64
processors (1990). This result outclasses any previous GA on a large TSP problem.
Although CHC'’s performance is not quite as good as that reported by Muhlenbein, it
should be pointed out that CHC was able to find a tour of 27710 in under 3 hours (the
average run time was 2.5 hours per replication) on a single processor — a Sun
SPARCstation 1+.

9 Conclusion

CHC outperforms the traditional GA as a function optimizer over a wide range of
functions. Given a fixed number of evaluations or the goal of finding the optimum in
a minimum number of trials, a GA that can maintain population diversity while using
a small population size (e.g., S0) wiil have an advantage, since large population sizes
mean fewer generations and, thus, less search. CHC is able to maintain population
diversity withowt sacrificing implicit parallelism by combining a highly disruptive
crossover operator with a conservative selection procedure that preserves any progress
made.

The evolution of CHC has been a story in which, once elitist selection was in place,
every change that increased the recombination power of crossover, and consequently
its disruptiveness, also improved CHC's performance across a wide variety of
functions. The switch from traditional crossover o UX, and then to HUX, and finally
the addition of the downward adjusting difference threshold to prevent "incest” have
all led to dramatic improvements. Moving mutation from inside to outside the
reproduction-recombination loop also significantly improved performance, especially
on the mare difficult problems, and was instrumental in allowing CHC to perform well
on a number of functions using the same set of parameter values.
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Appendix: Pseudocode for CHC

procedure CHC
begin
t=0;
d=1/4;
initialize P(1);
evaluate structures in P(t);
while termination condition not satisfied do
begin
t=t+1;
select, C(t) from P(t-1);
recombine structures in C(t) forming C'(t)
evaluate structures in C'(t);
select, P(t) from C'(t) and P(t-1);
if Pg)- equals P(t-1)

ifd<0

diverge P(1);
d=rx(10-xL;
end
end
end

SSSRG Trt
T T

S T T

The CHC Adaptive Search Algorith

procedure selec:,
begin

cnd,copy all members of P(t-1) 0 C(t) in random order;

procedure select,
begin

form P(1) from P(-1)

y replacing the worst members of Pyt
o he best members of C')
1O remaining member of C'(t)

18 any better than any remaining member of P(-1);

procedure recombine
begin

for each of the M2
begin

determine the Hamming di

; \ g_distanc

if (lﬁmmxh:l%_dim!wefz) >d ©

pairs of structures in C(t)

delete the pair of structures from cq:
end.

procedure diverge
n

replace P(t) with M cop
;:81':" but one !ll'smbct:"’::;s l?(f)me best member of P(t-1),

flip r x L bits at random;
evaluate structure; ’



