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Abstract

Therecent“no free lunch” theorems of Wolpert ~md
Macreadyindicate the needto reassess empirical
methods for evaluation of evolutionaryand genetic
optimizers. Their main theorem states, loosely.
that the average performance of all optimizers is
identical if the distribution of functions is average.
The present work generalizes the result to an un-
countable set of distributions. The focus is upon
the conservation of information as an optimizer
evaluates points. It is shown that the information
an optimizer gains about unobserved values is ul-
timately due to its prior information of value dis-
tributions. Inasmuch as information about one dis-
tribution is misinformation about another, there is
no generally superior function optimizer. Empirical
studies are best regarded as attempts to infer the
prior information optimizers have about distribu-
tions—i.e., to &termine which tools are good for
which tasks.

1.0 Introduction

In “No Free Lunch Theorems for Search,” Wolpert sal
Macready(l995) have established that there exists no gener-
aily superior function optimizer. There is no “free lunch” in
the sense that an optimizer “pays” for superior performance
on some functions with inferior performance on others.
Their paper shows that if the distribution of functions is
uniform, then gains and losses balance precisely, and all op-
timizers have identical average performance.

The news of “no free lunch” spread rapidly through the
evolutionary computation (EC) community. Empirical
comparison of genetic and evolutionary optimizers has long
been the cornerstone of research in the field (Btkzk ad
Schwefel 1993; Fogel 1995). Furthermore, many workers
regard natural evolution as an optimized optimizer that pro-
duces outstanding results underall circumstances. Thus it is
not surprising that the significance of “no free lunch” has
been debatedvigorously in the community. It is surprising.
however, that few understand the fundamental reasons for the
result

It is even more surprising that the fundamental reasons
have changed several times during the preparation of this pa-
per. The primary objective was, and is, to provide EC practi-
tioners with an accessible explanation. It is purely fortuitous
that simplification of the formal presentation has led to new
results on “no free lunch” distributions—that is, function dis-
tributions for which random walks are optimal.

The formal demonstration depends primarily upon a theo-
rem that describes ho~v information is conserved in optimi-
zation. This Conservation Lemma states that when an opti-
mizer evaluates points, the posterior joint distribution of
values for those points is exactly the prior joint distribution.
Put simply, observing the values of a randomly selected
function does not change the distribution.

To see the usefulness of the lemma, suppose that func-
tion values are independent and identically distributed (iid).
The Conservation Lemma indicates that the values observed
by an optimizer will also be iid. In essence, the points air
identical roulette wheels, and all ways of visiting n distinct
points correspond to identically distributed value sequences.
Thus there is no distinction between optimizers’ value-
sequence distributions. Any distinction between the value-
sequence distributions on a subset of functions is “canceled”
by a distinction on the complementary subset This cancella-
tion is most intuitive when values are iid uniform—i.e.,
when the distribution of functions is uniform (Wolpert and
Macready 1995).

The following section presents several definitions and
concepts required in Section 3. where the formal results are
derived. Section 4 discusses the significance of the results.
Section 5 makes suggestions for future research in genetic
and evolutionary optimization. Section 6 states several con-
clusions, and briefly argues that no conclusions about natu-
ira] evolution arejustified.

2.0 Definitions, Concepts,and Notation

The section starts with a brief review of functions. Then the
notion of a randomdistribution of functions is presented in a
simple, but somewhat unusual, way. After that, the notions
of mutual independence and mutual information air ex-
plained in terms relevant to the present work. Finally, the
term walk (as in “random walk”) is ~fined as an abstraction
of an optimizer’s decisions to evaluate points in a particular
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order. Thetheoremsof Section3 will refer to walks, and not
to optimizers.

2. 1 Functions

Let S and T be sets. A function f from domain S to
codomainT, denotedfS—fl’, is a subsetof SxT such that
for each x C S there is exactly one y C T for which (x, y) E
f The expression y = fix) is equivalent to (x, y) C f The
range off is fiS) = (fix): xE S}.

To paraphrase loosely, a function is a set of value as-
signments.Every domainelementhas exactlyone value in
the codornain. The cudurnain elements that are actually
“used” as values comprisethe range.For instance, if f =

~(b,2). (a, 2). (c, 1)1 then the domain is {a, t. c} and the
rangeis { 1, 2}. Any superset of the range may be regardedas
the codomain.Note thatfis equivalentto the union of three
disjoint and nonempty functions; i.e., 1= {(a. 2)} U {(b. 2)}
U {(c, 1)}.

In thepresentwork, as in (Wolpert and Macready1995),
the domain and codoniain are assumed to be finite. The sig-
nificance of this restrictionis mathematical,rather than pmc-
tical, because digital computersrepresentonly finite sets.
Extensionof the formal resultsto infinite sets is straight-
forward, but interpretation becomes considerablymore com-
plicated.

2.2 Distributionsof Functions

It is no moreodd to say that a mndom variable is disizibtued
on a set of functions than to say that it is distributedon a
set of Presidentialcandidates. The random variable models
uncertaintyabout an event, and therearc no restrictions upon
the set of possibleoutcomes. For instance,let randomvari-
able F be distributed on the set of all functions from S to T.
The expression P(F =fj denotes the probability that the out-
come of Fis aparticularfunctionf S—T. 1FF is uniformly
distributed, then P(F = = it for each of the ~LSt func-
tions f from S to T

Recalling the definition of a function, F can be written

F {Gt1, F(x1)), (x2, F(s2)) (xe, F(x~))},

where SI = n. The random variables F(x), x S S. are some-
times referredto as the values off. Note that x is an index,
nor an argument,in the expressionF(x). This notation per-
mus thestraightforwardstatement,

P(F =j) = P(F(x1) =J%x1) F(x~) =ftx,))

for all funcijons I. That is, the distribution of a mndom
function corresoonds to ajoint distribution of its values.

As an example of the relationshipbetween the distribu-
non of F and the distributions of its values, note that F is
uniform on the set of all functions from S to T if and only
if the distributi6ns of its values are mutually independent
and uniform on T.

It is sometimesconvenientto referto an observed out-
comeof a rundom variable,X, as a realization of X. In the
contextof function optimization, someadditional terminol-
ogy is helpful.Theoptimizer operatesupon a realizationof
F. Evaluatingor visiting point x is equivalent to observing
the realizationof the valucF(x). It is said that the valueof x
hasbeenohsen’ed. The values of unvisited points aresaid to
beunobserved.

2.3 Mutual Independence

The random variables F(s), x C S. arc mutually independent
if and only if

P(F =3) z II, P(F(x) =1(x))

for all functionsffromS to T That is, for everyjoint out-
come the probability is the product of the probabilities of
the individual outcomes. hjuivalcntly, the values are mutu-
ally independent if and only if all conditional distributions
are identical to their unconditional tistributions. That is,

P(G= g I Hr/i) = =

for all outcomesg of C and/i of if, where G and H are dis-
joint subsetsof F. Put simply, the distributions of unob-
sen’edvalues do not changewhen some values have been
observed.

2.4EntropyandMutual Information

This subsection pmvidcsa sufficient set of concepts aid
definitionsto understandthe information theoreticanalysis
of functionoptimization in latersections.

2.4. 1 Entropy

The entropyof a distribution is the avengeuncertainty of
theoutcomeor, equivalently,theaverageinformation gained
when the outcomeis observed.Foreach possible outcome
x, —log2 p(x) is the information gainedwhenx is observed.
Theaverageinformation is

wherex rangesover the possibleoutcomes of random vail-
ableX.

This measure of information has profound physical sig-
nificance. Consider a scenario in which an observer uses a
binary code and some method or transmissionto tell a non-
observer about the outcomes. A compelling measure of in-
formationin theoutcomesis the minimum bit rate(bits per
outcome) that suffices to keep the non-observer fully in-
forme& Determining the minimum bit rate over all possible
codes is a daunting prospect, however. In each code, out-
comeshavebinary names, and the bit mte is I~ p(x) n(s),
wheren(s) is the length of (he namefor outcomex. Fortu-
nately, a fundamentaltheorem of information theory states
that the bit pile is minimizedwheneachoutcomeis assigned
a nameof —log2 p(x) bhs. Theseideal Icngths are not ints-
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sadly integers,but there is an efficient algorithm that al-

ways succeeds in generating a real code with bit rate

I, p(x) n(x) = —I. p(x) log2 p(x).

Thus the entropyof a distribution is the minimum bit rate
that allowsa non-observerto be fully informedof outcomes.

Other formsof entropyare H(X, Y), the joint entropy,
andH(X I Y), the conditionalentropy, whereX and Y am
randomvariables. As the names and notationssuggest,H(X,
1’) is theaverageinformationin joint outcomesof X and Y,
andH(X I 1’) is the averageinformation in the outcomeof X
when the outcomeof Y is known. The identity P(X, Y) =

P(X I Y)JNY)hasas its analogfl(X, Y)=I-J(X I Y)+ P1(Y).

2.4.2 Mutual Information

Another measureof information is definedin terms of en-
tropy. Themutual information of the distributionsof X and
1’ is

J(X; Y)=H(X)—H(X I Y).

The differenceMX) — H(X I Y) is the reductionin average
uncertaintywhen theoutcomeof Y is known. The reduction
is non-negative,althoughsomeoutcomesof Y may supply
negative information (i.e., increasethe uncertaintyof the
outcomeof X).

In the presentwork, the mutual informationof the distri-
bution of a function valueand a joint distribution of func-
tion valuesis of particularinterest.For a randomvariableF
distributedon the setof all functions from S to T, the mu-
tual informationof thedistributionsof F(x) andC C F, it F
S. F(x) * 0, is

I(F(x); 0) =H(F(x))—H(F(x) ‘0).

This may be interpretedas potential reduction in an opti-
mizer’saverageuncertaintyaboutthe valueof it after visit-
ing a certainset of points. Actual reductionrequiresknowl-
edgeof the joint distribution of C and F(x). That is, when
the realizationofGisg,p(ylg)=p(y, g)/p(g) forall pos-
sible realizationsy of F(x). Theoptimizergains information
aboutF(x) to thedegreethat it obtainsp(y Ig). Thus the in-
formation comesfrom the optimizer’s prior information of
p(y, g), notg itself.

By definition, thevaluesof F aremutually independentif
andonly if H(F(x) IC) = H(F(x)) for all F(x) CF andCC
F, F(x) ~ C. Hut H(F(x) I C) = H(F(x)) is equivalentto
I(FQ); C) = 0. Thus mutual independenceis equivalentto
zeromutual information of all valuesand subsetsof values.
In this context,it is instructiveto note that the total amount
of information gained about unobservedvalues from ob-
servedvaluesis I, H(F(.x)) — P1(P) bits, on average.The dif-
ferenceiszeroif andonlyif the valuesofFaremutually in-
dependent.

2.5Walks of Functions

Thenotion of “honest” selectionof a sequenceof points is
formalizedwith the definition of walk. In essence,it is dis-
honestto evaluatepoints and omit them from the sequence.
It is alsodishonestto concealthe orderin which points axe
evaluated.

Formally, let x denoteany finite sequenceof points in
the domainof functionf Sequencex is a walk of I if am]
only if x is emptyor x = xx suchthat

i) x’ is a walkoff,
ii) x doesnotoccurin x’, and

iii) x is selectedwithout referenceto valuesof
points otherthan thosein x’.

Note that the definition does not precludestochasticselec-
tion of in > I points at a time. Any permutationof simul-
taneously selectedpoints may be addedto the end of the
walk, subjectto the constraintthat no points in thewalk me
duplicated.Thus the parallel explorationthat characterizes
evolutionaryandgeneticalgorithmsis notexcluded.

When functions are randomly distributed, the valuese-
quenceofanarbitrarywalkx =x,...x,, is randomlydistrib-
utedas well. Theexpressionpj.y,,..., Y4) denotesthe prob-
ability that valuesequencey,...y. correspondsto x.

3.0 FundamentalTheorems

This sectionexploresthe relationshipbetweenpropertiesof
the distribution of functionsandpropertiesof the distribu-
tion of valuesequencesfor a walk. Of particularinterestme
the conditionsunderwhich all walks w and x of identical
lengthhaveidentical value-sequencedistributionsp,, andp~.
Whenthe value-sequencedistribution dependsonly upon the
lengthof thewalk, it clearly doesnot dependupon the pro-
cedureby which the walk is generated.

3. 1 Conservationof Information

An important propertyof walks is that they provideno in-
formationabout the valuesof visitedpoints. The ubiquitous
claim that optimizers gain andexploit information about
functions is somewhatmisleading. The following proof
showsthat optimizersgain information aboutthe valuesof
unvisited points without gaining information about the
function.This apparentparadoxis resolvedby noting that
optimizers exploit the redundancy(mutual information) of
valuedistributions.

Lemma(Conservation).Let F be distributedon the set
of all functions from finite set S to finite set T. If x =

isa walkof F and(y y,) is in 7” then

pkv y,,) = P(F(x,) = yi,..., F(x5) = y4).

The proof proceedsby inductionon n. For n = 1, pJy1) =

flF(x~) =y1) becauseit1 is by definitionselectedwithout tef-
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erenceto the value of any point. Now supposethat the
equalityholds for ii = k, I s k < SI. For arbitrary walk x =

X t~
1 = wx~1, theprefix w is by definitiona walk,and

Yt+r) —PtYA+r I y ~.tyI,..., Yk).

Theinductionstepis completedby showing that eachfactor
in the right-handside canbe rewritten as the corresponding
factorin

P(F(x,) = y F(xA.L) = in) =

P(F(xk~3 = Yk.I I F(x,) = y,,..., F(x~) = Yk)

By definition, x~4~ is selectedwithout referenceto valuesof
points otherthan it .ik, andtherefore

NYk+I I i,..., Yt) =

P(F(x~+1) = F(s,) = y F(sk) = Yk).

Byhypothesis,

This establishesthat the equality statedin the lemmaholds
forn=l SI.

12 DistributionsIndependentof WalkSelection

It follows from the ConservationLemmathat p, = p., for all
walksx =x1...x,, andw = w1...w, if andonly if the distri-
butionsof all sets {F(x1) F(x,)} and{F(w1) F(w,)}
of n valuesareidentical.If all setsof n valuesaxe identically
distributedfor n = I SI, then the distribution of value
sequencesis identical for all ways of selectingwalks. Fur-
thermore,all conditionaldistributionspgy*.i I y Yk) &-

pendonly uponk. This indicatesthat all setsof k observed
valuessupply the sameinformation abouteachof the unob-
servedvalues.

3.3 Mutually IndependentValueDistributions

If functionvaluesaremutually independent,eachof the pos-
terior distributionsply*+r I y i..... YA) is identical to the cor-
respondingprior, P(F(itQ = Yk+l). Thus an optimizer can
exploit only prior information—thereis no mutual infornia-
tion. To bemoreexplicit, no strategyis betterthan one that
selectsa fixed walk on the basis of the prior distribution of
values, irrespectiveof the realizationof F.

Theorem(IndependentValues). Let F be distributedon
the setof all functions from finite set S to finite set T.
Alsoletx=it x beawalkofFandlet(y1,..., y,,) be
anelementoft. If the valuesF(x), it F S. are mutually
independentthen

pp i,..., y~) = P(F(it1) = y1,..., F(x~) =

= P(F(x1) Yb x ... x P(F%) = y,).

The first step is justified by the ConservationLemma, and
the secondby the mutual independenceofFCr1) F(x,).

3.4IndependentandIdenticalValueDistributions

If valuesare not only mutually independent,but identically
distributed, then everyorderingof points correspondsto an
identical sequenceof value distributions.That is, sequences
of n iid valuesareiid n-sequencesofvalues. As is evident in
the following comliarv, the distribution p~ dependsonly
uponthe lengthof x.

Corollary (110Values). If, in additionto the hypothe-
sesof the IndependentValuesTheorem,the valuesF(it),
x F S. are identically distributedas random variable Y

then

N.Y y3)=fl, P(Y=yj.

To verify, substituteP(Y=y,) forP(F(x,)=y,), i = 1
in the equalityof the theorem.

15 “Needlein aHaystack”Functions

ThelID ValuesCorollary is much strongerthan a statement
that all walksof a given length haveidenticallydistributed
value sequences.It says that all points in all walks have
identically distributedvalues. As one might guess, mutual
independenceis not a necessaryconditionfor the walk selec-
tion procedureto be irrelevant to the distribution of value
sequences.Therealefunctiondistributionsin which the mu-
tual information of valuedistributions cannot be exploited
by anyoptimizer. It cannotbeexploitedbecauseeveryset of
k observedvaluesprovidesthe sameinformation abouteach
of the unobservedvalues(Section3.2).

This is illustrated by constructing a distribution of
“needlein a haystack” functions. Let the domain and a>
domainbe S = {a. b, c. 4 and T = {0. 1}, respectively.Let
randomvariableF be uniformly distributedon the four func-
tions from S to T that assign I to exactlyone elementof
the domain. It is easily verified that all value subsetsof
equalsize are identically distributed.Thus all proceduresfor
generatingwalks yield identical value-sequencedistributions.

It remainsto be shown that the value distributions me
mutually informative. Foreachit ~ P(F(x) = 0) = 3/4 and
P(F(it) = 1) = 1/4. Thisgivesentropyof H(F(x)) — 0.81 bits
for each value. With four equiprobablerealizations of F,
P1(E) = 2, andthe total mutual information of the valuedis-
tributions is 4 H(F(it)) — ME) 3 ~4..1 — 1.24 bits.

This is demonstratedby writing
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Fraction

IProbability
0.01 OOOt 00001

0.99
0.999
0.9999
0.99999

458
4603

46049
460515

687

6904

69074

690772

9t6

9206

92099

921029Table I Nuinberoftrials requiredto obtain a particu-

lar quality at a particularprobability.

4.0 Discussion

4. 1 The Sourceof Information

The ConservationLemma indicates that a walk-generating
proceduregainsno informationabout the function. As men-
tioned in Section 2.4.2, mutual information is not gained
from observedvalues. An optimizerexploits mutual infor-
mationonly to the degreethat it is informedof theprior dis-
tribution of functions. Mutual information is a measureof
the information that canbe gainedfrom the prior distribu-
tion.

Notethat not all partsof the joint distribution nit equally
relevantto locatingoptima. In some cases there is strong
regularity in the structureof the distribution which can be
capturedin asimple procedure-e.g.,consideroptimizationof
quadraticfunctions. Thus there are subtlequestions as to
whatprior information is embeddedinthe algorithm,and as
to how it is encoded.

42 No FreeLunch

Thepresentwork doesnot contradictearlierresults (Wolpert
andMacready1995), becausea distribution of functions is
uniform if and only if the valuesair iid uniform. The uni-
form distribution is averyspecialcase,becauseit is the av-
erageof all distributions. The notion that an optimizer has
to “pay” for its superiorityon one subsetof functions with
inferiorityon the complementarysubsetis easiestto under-
standin the caseof the uniform. The issue of whether the
distribution of problemsin the world is uniform is irrele-
vant. The point is to gain insight into the economyof in-
formationandoptimizationpeiformance.

4.3OptimizingUniformly DistributedFunctions

Theobviousinterpretationof “no free lunch” is that no op-
timizer is faster, in general,than any other. This misses
some very important aspectsof the result, however. One
might concludethat all of the optimizersare slow, becatise
noneis fasterthan enumeration.And one might also con-
clude that the unavoidableslowness derivesfrom the per-
versedifficulty of theuniform distribution of test functions.
Both of theseconclusionswould be wrong.

If the distribution of functions is uniform, the opti-
mizer’s best-so-farvalue is the maximumof ii realizations
of a uniform randomvariable.The probabilitythat all it val-
uesarein the lowerq fractionof the codomainis p = qt Ex-
ploring n = logq p pointsmakesthe probability p that all
valuesarein the lower q fraction. Table I shows n for sev-
cml valuesof q andp.
It is astonishingthat in 99.99%of trials a value betterthan
99.999%of thosein the codomainis obtainedwith fewer
than one million evaluations.This is an averageover all
functions,of course.It bearsmention that oneof them has
only the~vorstadomainvaluein its range,and anotherhas
only the bestcodomainvaluein its range.

Breeden(1994)has given an analogousdistribution-free
resultfor finite functions. Supposethat all pointshavebeen
rankedaccordingto value, with ties brokenarbitrarily. Fur-
ther. let it be the rank function, rather than the given test
function, that is optimized. If a point is drawnrandomly
from the domain,the value is uniform on thesetof ranks. It
follows that randomlydrawingit points, with replacement.
is equivalentto sampling a uniform random variable it
times. This is preciselytheconditionunderlyingthe compu-
tationsin the table above.Thus the table also describesthe
relationship between rank, probability, and number of
evaluationsin randomoptimization of any finite function.
In this case,however,the numbersdo not representan aver-
ageover functions. Theyapply to eachrank function indi-
vidually.

How cantest functions from a distribution with abso-
lutely no structurebe so easy, on average,to optimize?
Whenfunction valuesare drawnindependentlyfrom a uni-
form distribution, high valuesareas likely as low values.
High andlow values,both, tendto be spreadthroughoutthe
domain. Everypoint is a good one to try, andthe order in
which points aretried is irrelevantIntuitively, when thereis
no structureto help the optimizer find good points, thereis
also no structureto hidegoodpoints.As thenextsubsection
shows,thenumberof goodpoints is alsovery important.

4.4TheHardestDistributionsAre theEasiest

The“needlein a haystack”distribution (Section3.5) is the
hardest distribution for function maximizers. Knowing
which elementof the domain is assignedthe good value is
equivalentto knowing the identityof the function. Thus the
entropyof thedistributionof goodpointsis equalto the en-
tropyof the distribution of functions. Thelocation of good
pointscannotbe moreuncertain.

Themost difficultdistribution formaximizersis the least
difficult for minimizers.Whenthe senseof optimality is re-
versed,theproblemis to find the “hay.” Theentropy of the
location of good points cannot be smaller without being
zero.Changingtheoptimality criterion doesnot changethe
distnbutionof values,and thus thereis no mutual infcrma-
ion to be exploited by minimizers. That is. there is no
strategyfor avoiding theonepoint with a bad value.
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The reason that the mutual information cannot be ex-
ploited is interesting.The location of the maximumis uni-
formly distributedon the domain,and all non-maximahave
identical values.Observing0’s at visited points yieldsno in-
formation as to which of the unvisitedpoints has the value
of 1. The mutual information correspondsto reductionin
uncertaintyas to whether one of the unvisitedpoints is the
optimum. Observinga I removesall uncertaintyabout the
valuesof unvisitedpoints.

Recall that thedomainof the fourfunctions in the distri-
bution is (a, b. c. 4, and that H(F(x)) = 0-811 bits for all
points x. When the valuesof threepoints have beenob-
servedthereis no uncertaintyin the value of the remaining
point. This indicates that the joint entropy of any three
valuedistributionsis 2 bits- It is easyto determinethat the
joint entropyof any two distributions is 1.5 bits- Thus, on
average,the first valueobservationsupplies0.811 bits, the
second1.5 — 0.811 = 0.689 bits, the third 2 — 1.5 = 0.5
bits, andthe fourth” — 2 = 0 bits of information- The~rre-
spondingmutual information values are 0, (1122, 0311,
andOSli bits. As indicatedinSection3.5, the total mutual
information of thevaluedistributionsis 1.244bits.

5.0 Ramifications For Future Studies

From the discussionof precedingsections,thereemergesa
clearpicture of what empirical studiescan and should do.
Perhapsthe most important observationis that each opti-
mizer has knowledge of some distribution of functions.
Thus empirical performanceassessmentin the absenceof a
distributionof problemsis meaningless.Of course,theclass
of multimodalfunctionsis often identified in the BC litera-
ture. But if one takes multimodal to mean“not unimodal,”
then virtually all functions are multimodal. Thus the im-
plicit uniform distribution on the class makesthe perform-
anceof all optimizers nearly identical- Specifying a class
that is too broadis not muchbetterthan specifyingno class
atall.

The literature is dominated, however, by continuous
functionsselectedfor responsesurfaceshape.This amounts
to a strong Euclideanbias. The bias is particularlyclear in
many descriptionsof how an evolutionaryalgorithm “finds
its way” to anoptimum, perhapsadaptingitself to the orien-

tationof “ravines” in the responsesurface.(Similar, but not
Euclidean, biases are evident in genetic algorithms. The
numberof variations of geneticalgorithmsmakesgeneral
statementsdifficult.) An appropriatewayfor researchto pro-
ceedwould be for the propertiesof interest—theydo exist—to
beexplicitly identified,and for the distribution of functions
with those propertiesto be sampled. Means for random
samplingdo not necessarilyexist, but that doesnot reduce
the importanceof obtaininga representativesampleby some
reasonablemeans. Note, also, that difftculties in random
samplinggenerallydiminish as the classis restricte&

5. 1 “Promising”Algorithms

Anyoneslightly familiar with the BC literature recognizes
the papertemplate“Algorithm X was treatedwith modifica-
tion Y to obtain the bestknown resultsfor problemsP, and

P2.” Anyone who has tried to find subsequentreports on
“promising” algorithmsknows that they are extremelyrare.
Whyshouldthis be thecase?

A claim that analgorithm is the verybest for two func-
tions is a claim that it is the very worst, on average,for all
but two functions. Indeed,the only way to make an algo-
rithm fasteron a givenset of functions is to makeit slower
on others.It is possible,andclearly undesirable,for speed-
upson particularfunctionsto beattendedby slow-downson
otherfunctionsin the classthealgorithm is intendedto han-
dlewelL

In studiesof algorithm X-with-Y, thereis rarelyexplicit
indication of theclassof functionsthe algorithm shouldop-
timize rapidly. It is easyto discern(particularly afterconver-
sationswith authors)that X-with-Y is “promising” because
the authorbelievesthat some additional modification will
give excellentperformanceonat leastonebenchmarkin {P3,

~} without detractingfrom the performanceon P1 and
P2. Obviously the classof interestis the set of all popular
benchmarkproblems.

It is due to the diversity of the benchmarkset that the
“promise” is rarely realized. Boosting performancefor one
subsetof the problemsusuallydetractsfrom performancefor
thecomplement.In any case,the notion that the best algo-
rithm is onethat workswell for a wide rangeof problemsis
highly dubious,in light of”no free lunch.” The standardX-
with-Y studieshavealwaysbeensubjectto criticism, if only
becauseof their exclusion of bad results. There is now a
strongbasisfor saying that theyaretotally illegitimate.

5.2 ExtensiveBenchmarkStudies

Thereis a class of studiesof an entirely different caliber,
which comparesalgorithm variantsor differentalgorithms
on morethana few benchmarkproblems.A major justifica-
ti~n for suchstudiesis that they assessalgorithmswith a
diversecollection of problems, and that if one algorithm
doesbetterthan anotheron awide rangeof problems,it is
genuinelya betteralgorithm. Algorithms that do well on
only two or three problemsare generally consideredto be
tunedto those problems.

It is not so much that the rationalefor extensivebench-
markstudiesis wrong asit is that the objectiveof finding a
generally better algorithm does not appear to be well
founded. It is much as though the community is insisting

that tools be Swiss army knives insteadof hammersand
screwdnvers.

Revision of objectivesis strongly indicatedby link of
performance to information of the prior distribution. i-low

good is the optimizer?” is more appropriately“What dues
the optimizer do?” The preoccupation with the best ojfli-
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mizershouldshift to an interest in finding the right opti-
mizerfor thejob. The benchmarkproblemswould profitably
bereplacedby a collection of diagnosticdistributions. That
is, the distributions would be designedto provide informa-
tion as to how an optimizerworks.

Researcherswho selectdistributions, sample them, and
give a full characterizationof the resultsof trials providein-
formation that can be used in many ways.

53 Applications

Studiesof applicationshavethe advantagethat distributions
aregiven.Themain concernis to obtain a randomandrepre-
sentativesample,as it alwayshasbeen. Thereare no appar-
ent ramificationsof “no freelunch” for thesestuties.

It is extremelyinteresting,however,that in most appli-
cations the basic algorithm is tuned to fit the problem du-
main. For someapplications,the algorithmfails miserably
prior to modification. This is not a rare event, and it is just
what one would expecton the basis of the “no free lunch”
arguments.
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60 Conclusion

Hammerscontaininformationaboutthe distribution of nail-
driving problems. Screwdriverscontain information about
the distribution of screw-driving problems. Swiss army
knives contain information about a broad distribution of
survival problems.Hammersand screwdriversdo their own
jobs very well, but they do eachothers’ jobs very poorly.
Swiss army knives do many jobs, but none particularly
~vell.When the many jobs must be done underprimitive
anditions,however,Swissarmyknives areideal.

Thetool literally carriesinformationaboutthe task. Fur-
thermore, optimizers are literally tools—an algorithm im-
plementedby a computing device is a physical entity. In
empiricalstudyof optimizers, the objectiveis to determine
the task from the information in the tool. The problem of
theBC researcherissimilar to that of an anthropologisttry-
ing to explain excavatedanifacts.BC researchersmake and
bury the tools beforediggingthem up and trying to explain
them,however.This anomalyderivesfrom the fact that the
algorithmsarebiologically inspired,but poorly understood.

Do theargumentsof this papercontradictthe evidenceof
remarkableadaptivemechanismsin biota? The questionis
meaningful only if one regardsevolutionaryadaptationas
function optimization. Unfortunately, that model has not
beenvalidated.It is well known that biota are components
of complex, dynamical ecosystems. Adaptive forces on
changerapidly and nonlinearly,due in part to the fact that
evolutionaryadaptationis itself ecologicalchange.In terms
of function optimization, evaluationof points changesthe
fitness function. The ConservationLemmaclearly doesnot
appI~ to sucha process.


