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ABSTRACT

This paper first analysesthe impact of

variance on schematransmission. Work-

ing from an exact derivation of the ex-
pectedvariance in schematransmission,
it derivesand analysegshe signal-to-noise
ratio for schemata. The paper then

presentsshort term schematransmission
probability results that focus on newly
createdschematain the population. The
analysis reveals the relative dependen-
cies betweenschematransmission, pop-
ulation size, schema measured fitness,
schemafragility and schemacreation.

1 Intr oduction

While Holland’s Schemarheorem(see[Holland, 1992 and
[Goldbemg, 1989) in its original presentatiorandinterpreta-
tion presentsnary technicalifficulties,the GA andGPcom-
munitieshave gaineda greatdeal of analytic knowledgeby
challengingit and comingto understandoth its inadequa-
ciesandits content(seefor example[Grefenstette1993 and
[Altenberg, 1999). AsrecentlyasDecembenf 1997schema
understandingin the context of crosswer analysisand the
building block hypothesiswasatopicof discussioronthege-
netic programmindist [GP-List, 1997. It seemghat(right-
fully) eachresearchehasa unique perspectie on the use-
fulnessof schemaanalysisthe validity of the building block
hypothesisaandtherelationshipbetweerthetwo.

It is our position that schemaanalysisis useful for ex-
plainingwhathappengo subsolution®f differentfithessand
structurein the courseof one generation. While a schema
theoremmakesa prediction(as an expectation)one genera-
tion time stepin advanceandonly focuseson oneschemaat
a time, schemaprocessingaccountsyield valuableinsights.
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Schemeaanalysiscanalsobe combinedwith experimentation
to yield a substantiate@nd furtherimproved accountof GP
[Poli andLangdon,19973.

Schemanalysisdoesnotleadto one“correct” GPschema
theorem. Different GP schemadefinitions and formula-
tions of schematheoremsshould not be seenas competi-
tive but should be intellectually organisedso as to distin-
guishthe significantpropertiesandissuesof focusthateach
authortried to addresqPoli andLangdon,1998. To date,
GP schemaesearchasoffereddifferentschemadefinitions
[Koza,1992 O’Reilly andOppacherl995 Whigham,1995
PoliandLangdon,1997h Rosca 1997 anddifferentSchema
Theorems. Dependingon whether the definition allows
only one or more than one schemainstanceto appearin a
program, the resulting schematheoremexpressesa lower
bound on either the expected number of programssam-
pling a schemaor the expectednumberof instancesof the
schemain the populationfrom one generationto the next
[Poli andLangdon,1999.

In this paperour resultsconcerningschematdall into two
areasand are independenbf a particularschemadefinition.
Theareasare: 1) resultswhich derive the variancein the ex-
pectednumberof individualssamplinga schemaandwhich
examinethe signal-to-noiseatio of a schemaand2) proba-
bility resultsontheshorttermlik elihoodof schemanstances
beingtransmittedor becomingextinct.

In thefirst area,our focusis on analysingthe secondmo-
mentof a schemasampledistribution aswell ason the first
moment. We startby formulatinga SchemavarianceTheo-
rem expressingan estimateof the variancein the numberof
individualssamplinga schemahat arepropagatedrom one
generationo the next. We extendthis formulation, in con-
trastto otherschemaheoremsto account,not only for the
propagatiorof a schemahroughthe propagatiorof theindi-
vidualsthat sampleit in the currentpopulation,but alsofor
the additionalschemasampleghatappeaiin the next gener
ation becausef spontaneousreationdueto crosseer. The
derivationof the variancepermitsusto formulatethe signal-



to-noiseratio of aschemas generation-basearopagatiorand

spontaneousreationin termsof a SchemaSignal-to-Noise
Ratio Theorem. We analyseit relative to populationsizeas

transmissiorprobabilityis variedor decomposed.

The analysisof the shortterm schemaransmissiorprob-
ability constitutesthe secondareaof results. Our analysis
focuseson the schematavhich aresampledonly oncein the
population.Therationalefor thisis asfollows. Theimportant
schematdor the succes®f arun arethoseof above average
fithess. New schemataomeinto existencewhen crosseer
producesa new individual. Oftenthesearesampledby only
oneindividual (for exampletowardsthe end of a run, when
finding new above averageindividuals becomesvery rare).
Thus, it is importantto analysethe extinction lik elihood of
a schemawith only onesample.We derive the likelihood of
schemaextinction in one or two generations. The analysis
suggestsa reconsideratiorof fithessscalingtechniquesand
thevalueof a steadystateselectionalgorithm.

We now proceedin the following manner In Section2
we presentheresultsrelatedto varianceanalysisandsignal-
to-noiseratio. Section3 statesour derivationsin standard
schemaheoremterms. In Section4 we presenthe schema
extinction likelihoodresults.In Section5 we summariseour
resultsandbriefly commenton futurework.

2 Variance and Signal-to-Noise Ratio
Analysis

In this section derivations have the following sequence:

(1) An individual h is considered.Under selection,the ex-
pectednumberof copiesof h andthe variancein the num-
ber of copiesof A in the next generatioris derived. (2) The
individuals that samplethe schemaH are considered.Un-
der selectionthe averagenumberof individualsmatchingH
and the variancein the numberof individuals matching H
in the next generationis derived. (3) Crosseer is integrated
into the expectedvalue and variancederivationsby includ-
ing the probability that individuals sampling H still sample
H aftercrosswer. (4) An exact expressionof the expected
numberof individualsmatchingH is derived by considering
the probability that new samplesof H arecreated.Thetotal
schemaransmissiorprobability is definedandthe variance
in the numberof individualsmatchingH is derived. (5) The
signal-to-noiseatio of the numberof individualssamplinga
schemas derivedin termsof thetotal transmissiorprobabil-

ity.

2.1 Propagation of Individuals under
Selection

Following the notation used in our previous work
[Poli andLangdon,1997h PoliandLangdon, 19973
PoliandLangdon, 1994, let usdenotewith m(h,t + %) the
actualnumberof copiesof individual h in the mating pool

producedhfterselectionat generatiort. If fithessproportion-
ateselections usedthen

Q)

f)

where f(h) is thefitnessof h and f(t) is the meanfitnessof
theindividualsin the population. Eachselectionstepcanbe

modelledasa Bernoulli trial (eitheranindividual is selected
oritis not). So,m(h, t+%) will follow abinomialdistribution

with p = p(h, t) andg = 1 — p(h, t), wherep(h, t) = f’;i)hzl
is the selectionprobability of individual A and M is the pop-

ulationsize.So,

Blm(h,t + 3)] =

Varlm(h,t+ 5)] = Mp(h,) (1 - p(h, 1)

This is a well known result (see for example
[Goldbeg etal., 1991, pagel4)).

2.2 Propagationof Schemataunder Se-
lection

Now letusconcentratenasubsebdf individualsatgeneration
t: thosematchinga schemaH. The numberof individuals
samplingH in thematingpoolis

m(H,t-{-%) = Zm(h,t-l-%)

heH

wherethe summatioris performedover all theindividualsin

the populationmatchingthe schemaH at generatiort. As a

result
E[m(H,t+ -

ht+ ]—Mp(H t),

=3 Elm(

heH

wherep(H, t) is the schemaselectionprobability, definedas

= Zp(hat)'

heH

Eachapplicationof selectioncan be seenas a Bernoulli
trial whereeachindividual insertedin the matingpool either
samplesH or it doesnot. So, m(H,t + ) is a binomial
stochasticvariablewith p = p(H, t), whereby

Varlm(H,t + 3)] = Mp(H,1) (1 — p(H, )

2.3 Survival of Schemata under

Crosswer

Crosseer will causesomeof theindividualsmatchingH in
the mating pool to produceoffspring not samplingH. If we
callps;(H,t) theprobabilitythatindividualsin H will survive
crosswer(in thesensahattheir offspringwill still sampleH)
andwe assumehattheonly possibleoutcomef acrosswer



operationare schemadisruptionor schemasurvival, we can
computethe expectednumberof individualsin H in the next
generation

Em(H,t+1)] = pi(H,OEm(H, ¢+ )

= Mp,(H,t)p(H,t). )
Notethat,in generalp,(H,t) dependsiot only on the char
acteristicof the particularschemaconsideredut alsoon the
contentsof the restof the population(hencethe dependence
ont). In thefollowing, schematavith relatively largesurvival
probability will be qualified as robust, while schematawith
smallsurvival probabilitywill becalledfragile. Althoughwe
will consideronly the effectsof crosswer in the restof the
paper it is worth noting that most of the resultspresented
belov remainvalid if we considerp,(H,t) to representhe
probabilitythatindividualsin H will survive mutationor ary
combinationof mutationandcrosswer.

An alternative way of looking at the selection/crosseer
processs to considelit a Bernoullitrial (as,again,eachtime
anindividual is producedgithertheindividual samplesH or
it doesnot). So,we cancomputehevarianceof thestochastic
variablem(H,t + 1)

Var[m(H,t+1)] = Mp,(H, t)p(H,t)(1-ps(H, t)p(H,1)).
)

2.4 SchemaCreation

If wetermp.(H,t) the probabilitythatoffspringwhich sam-
ple H arecreatedby parentsnot sampling H, thenthe ex-
pectednumberof individualssamplingaschemaH atgener
ationt + 1 canbeexpresseaxactlyas

E[m(H,t+ 1)]

Po(H, O Blm(H, ¢ + )] +

pe(H, (M — Blm(H, ¢ + 3))

- M[ S(H, t)p(H, t) +
pe(H, ) (1= p(H,1))]

Again,m(H,t+ 1) canbeseerasabinomialstochasticari-
able. Therefore,if we definethe total schematransmission
probability

a :ps(Hat)p(Hat) +pc(Hat)(1 _p(Ha t))a

we canwrite

E[m(H,t +1)] = Ma 3)

and

Varlm(H,t+1)] = Ma(l — o) 4)

which is a parabolawith a maximumof 0.25M ata = 0.5.
Thereforehestandardieviation StdDev[m(H,t+1)] of ary
schemais at most0.5v/ M. For example,if A = 10,000,

StdDev[m(H,t + 1)] < 50 which is 0.5% of the popula-
tion size. Thetotal schemaransmissiorprobability o corre-
spondsto the expectedproportionof populationsamplingH
atgeneratiort + 1. Thus,Equation3 canbe seenasa refor-
mulationof the“gain andlosses’equationn [Whitley, 1997.

2.5 Signal-to-NoiseRatio

We definesignal-to-noiseatio asthedivision of themeanof a
distribution by its standardieviation: £.". It expresses sec-
ond orderpropertyof the distribution asonevalue. The dis-
tribution of relevanceto schemarocessings the samplesf
ascheman thenext generationWhenthe signal-to-noisea-
tio is infinite, oneexpectsthatthe propagatiorof theanalysed
schemawill occurexactly aspredicted.Whenthe signal-to-
noiseratiois lessthanone,oneexpectsthattheactualnumber
of instance®f a scheman the next generatioris essentially
randomwith respecto its currentstatus.

From Equations3 and4 we candefinethe signal-to-noise
ratio for schemaH as

E[m(H,t+ 1))

<%) = VVarlm(H,t + 1)]

() =y

whichis amonotonicincreasingunctionof a.
For a < 1 thisequationbecomes

()

obtaining:

(5)

11—«

while

Figurel shavsaplotof (&) /v/M
An interesting special case of Equation 5 is when
p.(H,t) = 0, thusobtaining:

i ps(H,t)p
\/l—psHt

3 SchemaTheorems

H,1)
(H,1)

(6)

Equationsdl, 2 and6 canbeformulatedn themanneiof agen-
eralschemaheoremandthe correspondingchemavariance
and schemasignal-to-noiseratio theorems. The probability
p(H,t) canbeexpresseds:

m(H,t) f(H,1)
Mo f@)

wheref(H,t) is themeasuredchemditness.

p(H,t) =

IThis differs from the definition of signal-to-noiseratio usedby other
authorse.g.in [Kargupta, 1995
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Figure 1: Normalisedsignal-to-noiseratio vs. total schema
transmissiorprobability.

However, Equationsl, 2 and 6 shouldbe viewed as ap-
proximationsbecausethey do not accountfor a crosseer
event that generatesn offspring sampling H from parents
which did not sampleH. In contrastto the establishedtyle
of schematheoremsthey are left as approximationgather
thanbeingderivedinto upper/laver bounds.On the contrary
Equations3, 4 and5 areentirelygeneral In thefollowing we
derive more generaltheoremsformulating upperand lower
boundsfor schemamean,varianceand signal-to-noiseratio
by consideringhe bestandworsecasescenariogor the val-
uesof ps(H, t).

Let ps...(H,t) be the minimum of ps(H,t). This is
normally known in each schematheory thanksto proba-
bilistic calculationson the likelihood of schemadisruption
(seefor example [Poli andLangdon,199g). For instance,
for a simple GA with one-pointcrossaer, with probability
pxo, andno mutationappliedto binary stringsof length IV,
Donin (H, 1) = 1—pxo 58 (1 — p(H, 1)) whereL(H) isthe
defininglengthof theschemaH .

Thusalower boundfor a is

Omin = Pspin (H, t)p(H, t) + pc(Ha t) (1 - p(H, t)) .

We canobtainan upperlimit for a by consideringselection
without cross@er and,by implication, assuming, (H,t) =
1. Therefore,

amax = p(H,t) + pe(H,t)(1 — p(H,1)).

Theselimits are functionsof the value of p.(H,t). Using
them it is possibleto obtain lower and upper boundsfor
E[m(H,t+1)], Var[m(H,t + 1)] and(£).

For the expectedvaluewe obtain:

Emin S E[m(Ha t+ ]-)] S Ema.x (7)
where

FEoin = Monin and  Egax = Momax-

For thevariancewe obtain:

Vinin < Var[m(H,t + 1)] < Vinax (8)
where
i if Epax < 0.5M
Vimin = Vs if Epin > 0.5M
min(Vy,V,) otherwise
Vo if Bmax < 0.5M
Vinax = Vi if Bpin > 0.5M
M otherwise
and
Vi Y Bl — i)y Vo Y Ern(1— = Buna)
1 — ‘min M min ) 2 — max M max ).

The different casesin theseequationsare due to the non-
monotonicity of Var[m(H,t + 1)] both with and without
Crosswer.

Finally for the signal-to-noiseatio we obtain:

(%)mm . (%) g (%)m ©)

where
S Qmin
> = M, ——mn
(N> min 1-— Qmin
S Omax
= = M, —max
(N) max 1- Qmax

Equations7, 8 and 9 are generalschemamean, schema
varianceandschemasignal-to-noiseatio theoremswhichin-
cludealsotheeffectsof schemacreation.

3.1 Analysis of the Schema Signal-to-
NoiseRatio Theorem

Figure2 shaws plotsof (%) /v/M asafunctionof p.(H,t)
andp(H,t) for differentvaluesof ps(H,t). The uppermost
plot canbeinterpretedasthe maximumnormalisedS/N ratio
(%) smax / VM. Thisbecomeserylargewheneitherp, (H, t)
or p(H,t) arelarge. In this situationsamplingnoiseeffects
on the processingof robust schemataare limited even with
smallpopulationsOnthecontraryif p.(H, t) andp(H,t) are
bothsmall,themaximumnormaliseds/N ratio becomesgjuite
small. This meansthat even the schematdessaffected by
crosswercansuffer from severesamplingnoiseif thepopula-
tionis notlargeenough.Theotherplotsin thefigurerepresent
the behaviour of progressiely lessrobust schemata. They
canbeinterpretecasrepresentinghevalueof (%) . /vM
for differentvaluesof p,_, (H,t). So,thevalueof the nor-
malisedS/N ratio will always stay betweenthe “blankets”
representedy the uppermostplot and one of theseplots.
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Figure 2: Normalised signal-to-noiseratio for different
schemasurvival probabilities.

The bottommostplot shavs a paradoxicaleffect which oc-
curswith fragile schematathe signal-to-noiseatio may get
worseastheschemaspreadsn the population.

This effect is clearly shavn in Figure 3 (at the end of the
paper)which containsplots of (%) /v/M asa function of
p(H,t) for differentvaluesof p,(H,t) andp.(H,t) (these
representrosssectionsof the surfacesin Figure?2).2

Theseplots shav anotherinterestingphenomenonwhen
theschemaselectiorprobabilityis nearzero(for examplebe-
causethe schemahasonly oneinstancein the populationor
becausét is severely belov averagefitness),the signal-to-
noiseratio dependwerylittle ontherobustnes®f theschema
(all the plots have a commonstarting point for p(H,t) =
0). However, if alsop.(H,t) is very small then, as soon
asp(H,t) startsgrowing, robust schematawill have signif-
icantly betterS/N ratiosthanfragile ones.

4 SchemaExtinction Lik elihoods

For ary reasonabl@opulationsize,only arelatively tiny pro-
portionof all possibleschematarepresenin theinitial pop-
ulation. This implies that, until the populationcorverges,
crossw@er continuedo introducenew schematanto the pop-
ulation. Often,a schemabhatis betterthanonesof the previ-

ousgeneratioris identifiedwhenit appearsn a single,novel

individual of above averagefitness. Thus, it is importantto

investigatethe effects of noiseon the ability of a newly cre-
atedschemao survive andspread A way of assessinthisis

to computethe probability of extinction for a new schemaat
thenext generatior?.

4.1 SchemakExtinction in One Genera-
tion

As mentionedin Section2.4, m(H,t + 1) canbe seenasa

binomialstochasticzariable.Therefore,

Pr{m(H,t+1) =k} = (Alf) af(1-a)M*. (10
So,theprobabilityof any schemaecomingextinct atthenext
generatioris

Pr{m(H,t+1) =0} = (1 - )

as (%) = 1. So,theprobability of extinction in onegenera-
tion is a monotonicdecreasindunction of thetotal transmis-
sionprobabilityof theschemasSince(1—a)M = eMlos(1-)

2The right-bottomplot in the figure doesnot shav the signal-to-noise
ratiofor pc(H,t) = 1 andp,(H,t) = 1 asall the pointsareatinfinity.

3The term “extinction” is usedhereto indicatethe situationin which a
schemasampledby at leastoneindividual in onegenerations sampledby
zeroindividualsat somepoint in future generations This is differentfrom
a more biological interpretationof the term which would meanthat all the
instancesof a schemaare not propagatediue to the disruptve effects of
crosseer. In fact, with our terminologya schemebecomesxtinct if all the
existing instance®f a schemaaredisruptedand no new instanceis created
by cross@er betweerparentsot samplingthe schema.



we canwrite
Pr{m(H,t+ 1) = 0} = ¢Mlos(1-a)

So, in generalthe probability of extinction goesquickly to
zeroasa grows,andfor practicalpurposeshereis nochance
of losingaschemaf o > l—e ¥ 4/M for ary reasonable
valueof M.

For newly createdschemataypically m(H,¢) = 1 and

oty LU0 _ J0)
Mi(®) ~ M

whereh is theonly individualin H atgeneratiort. Therefore,

= p(ha t):

a = ps(H7 t)p(hat) +pc(H7 t)(]- _p(hat))'

Let us now consider the worst case scenario, i.e.
when schemacreationis absentin the current generation
(p.(H,t) = 0).* In thiscase

Pr{m(H,t+1) =0} = (1—ps(H,t)p(h,1))

M
- (o

If H is anaveragefitnessschemd(i.e. h is anaveragefitness
individual suchthat f(h) = f), p(h,t) = 1/M andthe pre-
viousequationsimplifiesfurther:

Pr{m(H,t+1) =0} = (1 —Ps(H,t)/M)M ~ e Ps(H)

thefinal approximationbeingvalid for ary reasonablevalue
of M. Newly createdaveragefithessschematédnave a proba-
bility of extinction (in onegeneration)f at least37% (1/e)

for ary reasonablepopulationsize unlessschemacreation
helps. If a schemas fragile this probability canactuallybe-
comemuch bigger, thus emphasisingeven more the rescu-
ing role of schemacreation. Obviously betterthan average
schematawill tendto suffer lessfrom this effect. However,

asemphasiseth Figure4, unlesshey aresignificantlybetter
thanaverage(e.g.a > 2/M), they still have a remarkably
high extinction probability.

The picture obtainedfrom theseobsenationsis relatively
gloomy. However, reality is even worse. Newly created
schematacan becomeextinct in otherways: a) it is possi-
ble for a new schemato survive for one generationwithout
getting additionalindividuals samplingit andthenbecomes
extinct after a further generationp) it is alsopossiblethata
new schemas sampledby two individualsin the next gen-
eration, but becomesextinct after a further generationand
soon. Obviously themoreindividualsa schemacontainsthe
smallerthe probability of extinction. Therefore we canob-
tain agoodunderestimatef thereal extinction probabilityin
two generationdy consideringcasea) only.

4Obviously at someearliergeneratiom. ( H, t) musthave beendifferent
from 0.
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Figure4: Extinction probabilityin onegeneratiorfor newly
createdschematasa function of the populationsize M, for
differentschemaransmissiorprobabilitiesa.
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4.2 SchemaExtinction in Two Genera-
tions

The probability of any schemabeingsampledoy exactly one
individualin thenext generatioris

Pr{m(H,t+1) =1} = Ma(l — o)™ !

as(M) =M. As(1—a)M-1 = 2

—Q

eMlog(1-2) e obtain

M
Pr{m(H,t+1) =1} = ﬁeMlog(l—a)‘

From this equationit is easyto infer that, in the absencef
schemareationhewly createdweragditnessschemataave
a probability of beingsampledoy only oneindividual alsoin
the next generationthusbarely surviving) of approximately
ps(H, t)e P<(H:t) (which is at most37%)for ary reasonable
populationsize.

The probability of extinction in two generationdor ary
schemas:

Pr{m(H,t+ 2) = 0} ~ Pr{m(H,t+ 1) = 0}
+Pr{m(H,t+2) = 0/m(H,t+ 1) =1}
Pr{m(H,t+1) =1}
=1-a)™+Ma(l - a)M 1 -a(t+1)M

wherea(t + 1) is thevalueof o. onegeneratiorahead If we

assumehatthe featuresof the schemaH andthe meanpop-

ulation fitnessdo not changesignificantlyin one generation
(i.e.a(t + 1) ~ a) thenthe probability of extinctionin two

generationganbe approximateds:

Pr{m(H,t+ 2) =0}
~ 1-a)M1+Mal-a)Mh
— eMlog(l—a) (1+ Mo eMlog(l—a))
1 .

—



In the absence  of schema  creation,
a = ps(H,t)f(h)/(Mf(t)) < 1 for ary reasonableop-
ulation size. Thus,log(l — a) ~ —a. So, newly created
schematdnave a probability of becomingextinct in two gen-
erationsof approximately

Pr{m(H,t+ 2) = 0}
pu(HL ps (HLt) f(h)
e - f"(t)>f(h) (1 + S () — e HO! )
1 — psH ) F(R)
Mf(t)
_ps(H,)f(R)
HO' (1 + pis(fl;,(i))f(h) e

_ps(H,t)f(h)

Q

_ps(H,t)f(h)

7o) )

Using Taylorseriesexpansionabout% = 1 we ob-

~ €

tain

Pr{m(H,t + 2) = 0} ~ 1.0064 — 0.5032 x 1%

So, even very robust averagefitnessschematawill have at
leasta 50% probability of extinctionin two geneitions This
suggestghat in order for slightly above averageschemata
to survive for long enoughto spreadreliably in the popula-
tion, creationmustguarante@areasonablsupplyof schemata
for more thanone generation. Theseresultscorroboratere-
cent theoreticalresults on the importanceof schemacre-
ation[StephensaindWaelbroeck1997.

4.3 Role of FitnessScaling, Elitism and
Steady-StateGAs

Thelastequatiorhighlightsaninterestingrole of fithessscal-
ing techniqueslf we adoptatechniquehatamplifiesthe dif-

ferencedn fitnessof the individualsin the populationwith-

out altering f(t), thennewly createdabove averagefitness
schematawill have a higher probability of survival. This
obsenationis actuallyindependenbf the selectionmethod
used. The higherthe selectve pressurémposed,the better
the chance®f survival of new goodschemata.

It is alsointerestingo considettheeffect of elitism (where
the bestindividual in eachgenerationis always copiedun-
changedn the next). If a new bestof generatiorindividual
is discovered,the newly createdschematat containswill be
shieldedfrom samplingnoiseand schemadisruptionuntil a
betterindividualis discovered thusallowing aneasietpropa-
gationof highly fit schemata.

Extendingthis idea, it is alsoarguablethat sometypesof
steadystateGAs cando muchbetterthangenerationalGAs
in termsof chancesof survival of newly createdschemata.
For example,if oneusesa steadystateGA wherethe worst
individual in the populationis replacedafter eachcrosseer
operation,newly createdabove averageschematawill sur
vive for atleastaslong asthey remainabove averagej.e., as
obsenedin [Syswerda1991], this form of steadystateGA
grantselitism statusto all goodmemberof the population.

5 Conclusionsand Future Work

In this paperwe have obtained,for the first time, a schema
variancetheoremwhich expresseshevariancein thenumber
of individuals samplinga schemaat the next generationin
termsof the informationavailableon sucha schemaandthe
currentpopulation.Usingthisandareformulationof thestan-
dardschemaheorem we obtaineda schemasignal-to-noise
ratio theorem which expresse$ow confidentone canbe of
theschemaheorenpredictionsof theexpectedgrowth or de-
cay in the numberof individualssamplinga schema.When
the signal-to-noiseratio is lessthan one the actualnumber
of instance®f a scheman the next generatioris essentially
random.Whenthe signal-to-noiseatio is infinite the propa-
gationof schemataccursexactly aspredicted.

For eachtheoremwe provide threeversions:thefirst ones
are approximationbasedon the assumption(usedin past
schematheorems)that no schemacreation occurs (Equa-
tions 1, 2 and 6), the secondonesare exact formulations
whichincludeschemareationeffects(Equations3, 4 and5),
thefinal onesgive upperandlower boundsobtainedusingthe
minimumandmaximumschemaurvival probabilities(Equa-
tions7, 8 and9).

Theanalysiof thesecondandthird versionsof theschema
signal-to-noiseratio theoremhas revealedtwo interesting
phenomena.Firstly, the signal-to-noiseratio of very frag-
ile schematanay getworseasthey spreadn the population.
Secondlywhenthe schemaselectionprobabilityis nearzero
(e.g.for newly createdschematavith only oneinstancen the
population)}thesignal-to-noiseatiodependwverylittle onthe
robustnes®f theschema.

We have alsostudiedthe short-termextinction probability
of schematén generalwith particularattentionpaidto newly
createdones. This analysisis generalandincludesschema
creation.In the specialcasewhereno creationis presentfor
ary reasonablgopulationsize, a nenly createdschemaof
averagefitnesswhich is only sampledoncehasan extinction
probability of at least37% in one generation. This drastic
extinction probability is decreasedf a schemds betterthan
averagein fitness,but it becomesmallonly if theschemads
severaltimesbetterthanaverage.The extensionof the anal-
ysisto two generationshaws thatthe extinction probability,
in fact,increasesEvena very robustaveragefithessschema
hasatleasta 50% probability of becomingextinct in the next
two generations.

Theseandthepreviousresultsshov theimportanceof con-
sideringschemacreationin the analysisof schemapropaga-
tion, asalsoindicatedby otherresearchers thefield.

Thesefindings also suggesta reconsideratiorof fitness
scalingtechniqueselitism andsteady-stat&As assuchtech-
niguesimprove the chancesf survival of new fit schemata.
Futurework, theoreticaland experimental,will needto be
devotedto understandinghe effects of thesetechniqueson
schemaprocessing.

More theoreticaWwork is necessaryo specialisehetheory
presentedo differentGPandGA schemaheoriesto deepen



our analysisandto estimatethe schemacreationprobability.
Experimentswill alsobenecessaryo corroborateour results
andto provide measuresf schemacreationandschemasur
vival probabilities.

Acknowledgements

The authorswish to thankthe membersof the EEBIC group
and the reviewers of this paperfor their useful comments.
U.M. O'Reilly is supportedoy the Natural Sciencesand En-

gineeringResearcttouncilof Canadaandthe U.S. Office of

Naval Researclicontractno. NO0014-95-1-160p

References

[Altenberg, 1995] Altenbelg, L. (1995). The SchemaThe-
oremand Price’s Theorem. In Whitley, L. D. and Vose,
M. D., editors,Foundationf GeneticAlgorithms3, pages
23-49 EstesPark, Colorado,USA. MorganKaufmann.

[Goldbelg, 1989] Goldbeyg, D. E. (1989). Genetic Algo-
rithms in Seach, Optimization,and Machine Learning
Addison-Weslegy, Reading Massachusetts.

[Goldbegetal., 1991] Goldbeqg, D. E., Deb,K., andClark,
J. H. (1991). Geneticalgorithms, noise, and the sizing
of populations. IIliIGAL ReportNo 91010, Department
of GeneralEngineering,University of lllinois at Urbana-
Champaign.

[GP-List,1997] GP-List (1997). Genetic programming
emaillist: geneti c-programi ng@i sts. stanford. edu.

[Grefenstette]1993] Grefenstette J. J. (1993). Deception
consideredharmful. In Whitley, L. D., editor, Foundations
of GeneticAlgorithms2, SanMateo, CA. Morgan Kauf-
man.

[Holland, 1992] Holland, J. (1992). Adaptationin Natu-
ral and Artificial Systems MIT Press,Cambridge Mas-
sachusettsseconcedition.

[Kargupta,1995] Kargupta, H. (1995). Signal-to-noise,
crosstalk,andlong rangeproblemdifficulty in genetical-
gorithms.In EshelmanL. J.,editor, Proceeding®fthe6th
International Confeence on Genetic Algorithms pages
193-200,Pittsturgh, PA, USA. Morgan KaufmannPub-
lishers.

[Koza,1992] Koza,J.R. (1992). GeneticProgramming:On
the Programmingof Computes by Meansof Natural Se-
lection MIT Press.

[O'Reilly andOppacher1995] O'Reilly, U.-M. and Op-
pacherF. (1995).Thetroublingaspect®f abuilding block
hypothesidor genetigprogrammingln Whitley, L. D. and
Vose M. D., editors,Foundation®f GeneticAlgorithms3,

pages73-88,EstesPark, Colorado,USA. Morgan Kauf-
mann.

[Poli andLangdon,1997a] Poli, R. and Langdon, W. B.
(1997a). An experimentalanalysisof schemacreation,
propagationand disruptionin geneticprogramming. In
Back, T., editor, GeneticAlgorithms: Proceedingsf the
SeventhinternationalConfeence pagesl8-25,Michigan
StateUniversity, EastLansing,MI, USA. Morgan Kauf-
mann.

[Poli andLangdon,1997b] Poli, R. and Langdon, W. B.
(1997b). A new schemaheoryfor geneticprogramming
with one-pointcross@er and point mutation. In Koza,
J.R., Deb,K., Dorigo, M., Fogel,D. B., Garzon,M., Iba,
H., andRiolo, R. L., editors,GeneticProgramming1997:
Proceeding®fthe SecondAnnualConfeence page78—
285, StanfordUniversity, CA, USA. MorganKaufmann.

[Poli andLangdon,1998] Poli, R. and Langdon, W. B.
(1998). A review of theoreticaland experimentalresults
onschematin geneticprogrammingln Banzhaf\W., Poli,
R., SchoenaueM., andFogarty T. C., editors,Proceed-
ingsof the Fir st EuropeanWorkshopon GeneticProgram-
ming, Paris.SpringerVerlag.

[Rosca,1997] Rosca,J. P. (1997). Analysis of compleity
drift in geneticprogramming. In Koza, J. R., Deb, K.,
Dorigo, M., Fogel,D. B., Garzon,M., Iba, H., andRiolo,
R.L., editors,GeneticProgrammingl997: Proceeding®f
the SecondAnnual Confeence pages286—294,Stanford
University, CA, USA. MorganKaufmann.

[StephensandWaelbroeck1997] StephensC. R. andWael-
broeck,H. (1997). Effective degreesof freedomin ge-
neticalgorithmsandtheblock hypothesisin Back,T., ed-
itor, Proceeding®f the Seventhinternational Confeence
on GeneticAlgorithms (ICGA97) EastLansing.Morgan
Kaufmann.

[Syswerda1991] Syswerda(. (1991).A studyof reproduc-
tion in generationaland steadystategeneticalgorithms.
In Rawlins, G. J. E., editor, Foundationsof geneticalgo-
rithms pages94-101,IndianaUniversity. Morgan Kauf-
mann.

[Whigham,1995] Whigham,P. A. (1995). A schemaheo-
remfor context-freegrammars.in 1995IEEE Confeence
on EvolutionaryComputationvolume 1, pagesl78-181,
Perth,Australia.|EEE Press.

[Whitley, 1992] Whitley, D. (1992). An executablenodelof
a simple geneticalgorithm. In Whitley, D., editor, Foun-
dationsof GeneticAlgorithmsWorkshop(FOGA-92) Vail,
Colorado.



0. 01

pe(H t)

0.9

0.8

0.7

0.5 0.
pP(H t)
pc(H,1)=0.5

0.4

0.3

0.1

0.6

0.5
p(H t)
pe(H t)

=1

Gowdd

P
nnno

o

0.6

0.5
p(H t)

L
0.4

N /S Pas I jau JoN

01

=0

pe(H t)

0.9

0.8

0.7

0.

0.5
pP(H t)
pc(H, 1) =

0.4

0.1

0.6

0.5
p(H t)

pc(H, t)

=0.9

~
0

~Sco

; I
b i
| i
on—o
- O
nn o

0.6

0.5
p(H t)

Figure3: Normalisedsignal-to-noiseatio for differentschemasurvival andschemacreationprobabilities.
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