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Abstract—A Landscape State Machine (LSM) is a Mark ov
model describing the transition probabilities betweenthe tness
“levels' of an optimization problem, when a given neighbour-
hood (or mutation) operator is applied. Although most opti-
mization problemscannot be modeledpreciselyby an LSM, an
appraximate LSM can always be constructed by sampling, and
can be used,subsequentlyin placeof real tness evaluationsin
order to model the performance of any search algorithm using
the given neighbourhood operator. In this paper, we provide
empirical evidence that (a) LSMs constructed by simulated
annealing-basedsampling of a problem landscape make ac-
curate models in few evaluations; (b) LSMs can accurately
rank the performance of diverse algorithms including EAs
with/without niching and SA; (c) the LSM approach works
on diverse problems from MAX-SAT to NKp; (d) corvergence
of the LSM can be used as a guide to stopping the sampling
phase;and, (e) a single LSM constructed using a low mutation-
rate sampleis suf cient to accurately rank the performance of
seaich algorithms run at multiples of this mutation rate.

|. INTRODUCTION

The needfor tuning of searchalgorithmsto achieve good
performanceon speci ¢ problemshas beenunderstoodby
black-box optimization practitionersfor mary years and
has been highlighted by the No Free Lunch theoremsfor
optimization [16]. In practice,the tuning problem can be
addressedising several differentapproaches:

"Good-old Understanding' The nature of the opti-
mization problem and previous experimentswith dif-
ferent algorithmsare analysedthoughtfully, to support
future design of specic representationspperatorsor
searchstratgies (e.g.[15]).

Mathematical Models The searchalgorithmandprob-
lem aremodeledmathematicallyresultingin theoretical
performancecurves that relate parameterdik e popula-
tion sizeandmutationrateor typeto best-of-population
tness (e.g.[14], [7]).

Landscape Statistics Measuresof problemdif culty
(e.g. epistasisvariance, tness-distance correlation),
madeby empirical samplingof the problemlandscape
areusedto predictthe probablerelative performanceof
different searchalgorithms,e.qg. a hillclimber versusa
geneticalgorithm (see[13] for an overview).

Empirical Testing and Statistical Analysis Several
differentalgorithmsare run repeatedlyon the problem
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andperformancestatisticsare collectedandanalysedo
determinethe “winner' (e.g.,see[3]).

(Self-) Adaptive Parameter Tuning Algorithms

Theseadapttheir searchbehaiour during run-time in

responseto searchprogressor other measurege.g.,
see[6]).

Landscape Modelling A model of the landscapeof

the optimizationproblemis constructedandalgorithms
are testedempirically (off-line) on the model, instead
of the real problem[5].

The choiceof approach(edp take depend®n severalfactors
including how muchis known or knowable a priori about
the problem (i.e. how black-boxit really is), what kind of
performancetargets or guaranteene is aiming for, how
expensve tness® evaluationsare, and how muchtime and
effort can be afforded for the tuning phase.Mathematical
modelsand good-oldunderstandingtsuallydemandsignif-
icant knowledge of the problem structure,while landscape
statistics and empirical testing may rely on an extensive
number of tness evaluations. Adaptive parametertuning
methodstend to be the cheaperalternatves, when neither
analysisnor evaluationoverheadcan be afforded.
Landscapemodelling is a potentially promising nev ap-
proachto algorithmtuning, particularly for problemswhere
evaluationoverheads expensve andlittle is known aboutthe
problem structure(e.g. directed evolution, seesectionlV).
In this approachthe tness evaluationoverheadof empirical
testingis reducedby usinga modelof the problemfor tuning
the algorithms. Straightforwardly, the model could be ary
compactapproximationof the mappingfrom decisionspace
to tness space(e.g. provided by a suitably trained neural
network) but the constructiorof this mappingfrom a sample
of the optimizationproblemby corventionalmeansmay be
highly fraught.Corneet al. [5] have proposedan alternatve
way of modelling searchlandscapes— a landscapestate
maching(LSM) — which abstracteompletelyaway from the
decisionspaceand only modelstransitionsbetween tness
intervals. The model is very compactand can easily be
constructedempirically from samplesto allow subsequent
tuning of algorithmsat very little computationaloverhead.
The state transition probabilitiesin an LSM are closely
relatedto the “searchkernel' of Altenbeig [1] but, whereas
the latter rests on the assumptionof an invertible tness
function, the LSM methodwas showvn to estimatealgorithm
performanceeven when mary different genotypesmap to

1we usethe term " tness' in the senseof objective function value, not
reproductire successthroughoutthis paper



each tness interval usedin the model[5].

In this paper we build on [5] to further our understanding
of LSMs, particularly their accurag for predicting search
algorithm performance,and their constructionoverheadin
terms of real tness evaluationsused.In the next section,
we rst briey describeLSMs and summarisehe empirical
samplingresultsof [5]. Next, detailsof our extendedempir
ical studyandour experimentalset-upare given. Sectionll|
presentsthe resultsof the study SectionlV discusseour
ndings and SectionV concludes.

Il. LSM METHODOLOGY
A. LSMsand basic sampling

A landscapestatemachinedescribes searcHandscapeas
a seriesof statesS, eachrepresentinga group of equivalent
tness values. Associatedwith thesestatesis a transition
matrix T, which representghe transition probabilities be-
tweenthe seriesof stateswhen an operatorM is applied.
This canbe visualizedeasily using the theoreticallyderived
LSM describedn [5], representinga Max-Onesproblemin
which the candidatesolution is a binary string of length L
=5, andthe parametemhich is to be maximized(the tness
value)is the numberof 1sit contains(seeFigure1).

0.8

0.6 0.4 0.2

0.2 0.4 0.6 0.8 1

Fig. 1. Landscapetatemachinefor Max-Onesproblem,wherethe number
of statesis 6, assumingsinglebit ip mutations.Reproducedrom [5].

If the length of the chromosomeis ve, there are six
possible thess values.These tness valuescanbe modeled
asstates(0-5). If a geneticalgorithm operatingon the chro-
mosomeproducesone bit (allele) mutationper chromosome
per generation,the transition probabilities betweenthese
statescanbe easilycalculated For exampleif achromosome
hasa tness of zeroit can be assumedhat thereis a one
hundredpercentchancethat a bit ip (0 to 1) mutationto
the sequencewill producea tness of one. The transition
probability from statezeroto stateoneis thereforeone.lt is
straightforvardto determinewhatthe transitionprobabilities
will be with a simple Max-Onesproblem,andthe modelis
also precise(i.e. a searchalgorithm using the operator
will have the sameperformancelistribution on the LSM as
on the real problem). However, for mary other problems,
no precise LSM exists becausetness is not Markovian.
Nonethelessan approximateLSM may still be derived, and
used to test algorithm performance.ln [5], a method of
deriving an approximateLSM from a sampleof a search
landscapevas describedandtested.

For an NK-landcapeproblem a two-hundredstate LSM
was constructed,with equally spacedboundariesbetween
the highest and lowest tness statesencounteredby the

samplingalgorithm.The samplingalgorithmwasbasedon a
mutation-onlyevolutionaryalgorithmwith elitism (the ttest
individual is automaticallyselectednto the next generation),
a population size of two hundredand a tournamentsize
of 1 (randomselection),run for either 50,000 or 100,000
evaluations.Eachparentandresultantchild tness statewas
recorded,and usedto generatethe transition matrix. The
statesof the intial populationin the sampling algorithm
were stored,to generatethe initial statesin the algorithms
subsequentlyestedon this LSM.

This LSM was then usedto assesghe performanceof
ten differentevolutionary algorithms.The rank order of the
performanceof thesealgorithmsrun on the landscapevas
comparedto the rank order producedwhen assessinghe
performanceof thesealgorithmson the real landscapeOn
two different NK landscapeith and
and , respectiely, an LSM constructedrom 100,000
evaluationsdelivereda promising performanceat predicting
the ranking of the ten EAs.

B. Simulatedannealingfor sampling

In [5], algorithmsthat reachedhe higheststatewhenrun
on the LSM were distinguished,in terms of ranking their
performanceby the numberof evaluationsrequiredto reach
this state.This form of discriminationmay lack accurag,
andmay alsodistort resultsin favour of algorithmsthat con-
verge quickly, relative to an algorithmwith more controlled
cornvergencesuchasa simulatedannealingalgorithm[12].

As the sampling algorithm employed a low selection
pressurethe actualrangeof tness valuesrecordedin the
LSM would have beenlimited. This offers the potential of
generatingan LSM with high predictive quality with fewer
evaluationsthanwith the LSM samplingalgorithmdescribed
previously. A simulatedannealing-basesamplingalgorithm
will initially allow randomsampling,with increasingselec-
tion pressureasthe algorithmprogressesrhis shouldstretch
therangeof tness valuesrecordedn the LSM. Algortihms
subsequentlyun on the LSM should nd it harderto reach
the higher states,and reducethe relianceon discriminating
between algorithms basedon the number of evaluations
requiredto reachthe higheststate.

We comparethe performanceof anLSM constructedising
the methoddescribedy Corneet al., with oneinferredfrom
arunof simulatedannealingln thesimulatedannealingalgo-
rithm, the probability of acceptinga mutationis determined
by the Boltzmannacceptanceriterion:

if

accept .
if

@
where accept is theprobabilityof acceptinghetransition,

is the changein the objective function associatedvith
the transition,and is the temperatureof the system.

The startand nal temperaturesire determinecby values
recordedin the constructionof the LSM with the original
samplingalgorithm. For this algorithm, the initial value of

is setso that the the probability of acceptinga mutation



from the higheststateto the lowest statein the LSM is one
percent.

To determinethe cooling rate, the nal temperatureis
setbasedon the nal probability of acceptanceHere, the
probability of acceptinga mutationfrom the higheststateto
the secondhigheststateis setat one percent.

C. Diverse problemtypes

In orderto evaluatehow robustthe LSM tuning method-
ology is to diverseproblemtypes,we extend the range of
problemsconsideredn the Corneet al study

In all, four different types of binary-basedoptimization
problemsareinvestigatedgiving six instancesn all:

1) NK-landscapd10] where and

2) NK-landscapavhere and
3) NKp-landscapd2] where , and
4) NKp-landscapewhere , and
5) Flat GraphColoring problem[9] with verticesand
edges.
6) Blocks World problem[11] with variablesand
clauses.

The latter two problemshave both beentransformedinto
MAX-SAT form. Note: we do not showv results for all
instancesfor all of our experiments;a selectionof results
only is given.

D. Seach algorithmsincluding EAs with niching

In addition to ten algorithmssimilar to those originally
testedby Corneetal (algorithmsA-JY, eleven further algo-
rithms are tested.Ten of theseare evolutionary algorithms
with local breedingon a one-dimensionalgrid [4]. The
purposeof including these algorithmsis to investigateif
LSMs can still predict the performanceof algorithmsthat
explicitly try to maintain diversity in the decision space.
This may be particularly challengingbecausean LSM does
not encodeary decisionspacenformationandonly “lumps'
all equivalent tness valuestogether Finally, the simulated
annealingalgorithm that we use to constructsome of our
LSMs is also included in the set of algorithms to test
subsequently

A. Population size 10, tournamentsize 1 (random
selection),500 generations.

B. Populationsize 10, tournamensize 2, 500 genera-
tions.
C-FE Populationsize 20. 235 generations,tournament

sizesl, 2, 3 and5 respectiely.

Population size 50. 91 generations,tournament

sizes3, 5, 7 and 10 respectiely.

Niche A-J. As for A—J above, respectiely, but with local
breeding.

SA. Thesimulatedannealingalgorithm— the sameone
asusedfor sampling.

G-J.

20ur algorithmsA—J do not useelitism (protectionof the bestindividual)
whereCorneet al's did.

In all algorithmsandall problemsconsideredn this study
abinary ip mutationprobability of 1/L is used,wherel is
the length of the binary chromosome.

E. Measuring prediction accuracy with a rank-oder dis-
tance

Our experiments measurethe accurag that the LSM
achievesat rankingthe performanceof the 21 algorithmsde-
scribedabove, on eachproblem.To do this for oneproblem,
we rst measurethe performanceof eachalgorithm on the
real problemin termsof its best-objectie value in eachof
10 independentuns. A Fisherpermutationtestis next used
to determinestatisticallysigni cant differencesbetweenthe
algorithms'performancdanalphavalueof 0.05/21is usedto
correctfor multiple testing). The algorithmsarethenranked
accordingto thesedifferenceswith tied algorithmssharing
the sumof the rank valuesbetweenthem.The sameranking
procedureis then carriedout usingthe LSM in placeof the
problem (with the exceptionthat 30 independenglgorithm
runsareused).Finally, the “distance' betweerthe ranking
of the algorithmson the real problemand on the LSM is
computed,and the signi cance of this result is estimated
using a Fisherpermutationtest.

F. LSM corvemgence/accuacy

The value of the LSM techniquedependson the number
of evaluationsrequiredto constructa reasonablyaccurate
LSM. Corneet al notedin their study that they required
more evaluationsto producea suitableLSM basedon the
NK-landscapewhere and , than the
landscapewhere and . This re ects
that thereis unlikely to be a x ed numberof evaluations
requiredto generateLSMs for all problems.In practice,
we would like to stop sampling from the real landscape
oncethe LSM hasreacheda certainaccurag or it has,in
ary case,converged. To accommodatehis, the LSM can
be constructedincrementally checking the changein the
transitionmatrix with theadditionof new sampleevaluations.
Once the transition matrix has reacheda point where the
addition of new evaluationsfails to contribute signi cantly
to its overall structure,the predictive quality of the LSM
should not improve further and more evaluationswould be
wasteful.

G. Mutation rate tuning using LSMs

Tuning of mutationratesis an importantaspectof search
algorithm tuning. We investigatewhetherit is possibleto
modify the way the algorithmstestedinteractwith the LSM
to predictthe effect of highermutationrateson performance.
The LSMs describedpreviously predict the performanceof
algorithmsat the samemutationrate of the samplingalgo-
rithms usedto constructhem.To predictthe performanceof
the algorithmsat higher mutationrate, solutionsare simply
allowed to make several transitionsbeforetheir new tness
is calculatedand selection(or an acceptancecriterion) is
applied.



I11. EXPERIMENTAL RESULTS
A. LSM constructionby EA samplingvs SA sampling

The predictive quality of LSMs basedon the simulatedan-
nealingandEA samplingalgorithmfrom [5] werecompared.
TheLSMswerebasedn 100,000evaluationson problemsl,
2 and 3. The constructionof the simulatedannealing-based
LSM was madeup of 20 runs of the algorithm for 5000
evaluations.To comparethe rankingsof the algorithmson a
real problemandits LSM, 10 independentuns of 100,000
evaluationswere conductedon the real problemand 30 runs
of 100,000evaluationsonthe LSM, for eachalgorithm.Note:
the initial populationsof algorithmsrun on an LSM were
drawn uniformly atrandomfrom theinitial “population’'used
in the constructiorof the LSM itself. In the caseof the LSM
constructedoy SA, the twenty initial startingstatesusedby
the SA countasthe population.

TABLE |
RANK ORDER OF PERFORMANCE OF ALGORITHMS ON NK-LANDSCAPE,
FLAT GRAPH COLOURING AND BLOCKS WORLD OPTIMIZATION
PROBLEMS. RESULTS BASED ON STATISTICAL DIFFERENCES IN BEST
FITNESS ACHIEVED FROM TEN INDEPENDENT RUNS; BEST PERFORMING
ALGORITHM IS LISTED FIRST.

[ NK | FGC | BW |
1 SA 1.5 nicheJ 2 niche F
2.5 nicheJ 1.5 SA 2 nicheJ
25 nicheF | 3.5 F 2 SA
45 nichel 35 nicheF | 4 nichel
45 F 5 nichel 6 nicheB
6 nicheg | 7.5 nicheH | 6 F
8 J 7.5 E 6 nicheE
8 E 7.5 | 8 B
8 nicheH | 7.5 J 9.5 E
10 B 10 nicheg | 9.5 nicheH
115 nicheB | 11.5 H 11 nicheD
115 | 115 B 13 niche G
13 H 14 nicheG | 13 J
145 D 14 nicheB | 13 D
145 nicheD | 14 D 15 |
16 nicheG | 165 G 16 H
17 G 16.5 nicheD | 17 G
19 nicheC | 19.5 nicheA | 19.5 nicheA
19 A 195 C 195 C
19 nicheA | 195 A 195 A
21 C 19.5 nicheC | 19.5 nicheC

Theresultsfrom the comparisorbetweerthe performance
of the 21 algorithmson the LSMs constructedrom the orig-
inal samplingalgorithmson the NK-landscapesthe Blocks
World and Flat Graph Coloring problemsproduceda rank
orderdistanceof , ,and |, respectiely (seeTablell).
Although this level or predictionis good, it is noticeable
that the LSM underestimateghe performanceof simulated
annealingon the real landscape.This is especially prob-
lematic as the simulated annealingalgorithm is the best
performing algorithm on the at graph colouring problem
and NK-landscape.The resultsin Table lll shov a better
prediction accurag for the LSMs basedon the simulated
annealingalgorithm comparedwith thosebasedon the orig-
inal samplingalgorithm. The performanceof the algorithms
run on the LSMs derrived from the NK-landscapethe Flat

GraphColoringandthe Blocks World problemcorrelatevery
well with the performanceof the algorithmson the real
landscapeproducingrank order distancesof just 13, 12.5
and 24, respectiely.

However, it is clear that there is commonality between
the performance®f the twenty one algorithmson the three
different problemsand so the above raw resultsdo not, on
their own, rule out the possibility that the LSMs merely
mirror generallandscapdeaturesof the threereal problems,
but not their specic features.To test this, we compared
the rank order distancesachiered by the LSM basedon
SA to rank order distancesobsened betweeneach pair
of real problems The rank order differencesfor the pairs
of real problemsare given in Table IV: the bestvalue is
32. For the LSM basedon SA, the bestvalueis 12.5 and
the worst is 24. Fig. 2 gives the null distribution, i.e. the
frequeng that a particularrank order differenceis achieved
for randomrankings.Theserequenciesverecomputedising
a Metropolis-Hastingsalgorithm [8] run at a seriesof ve
temperatures From the plot, it follows that the ranking
producedby the LSMs arebetweenl00and 1 million times
lessfrequentthanthe bestrankingdifferenceshetweenpairs
of problems,supportingthe hypothesisthat the LSMs are
modelling ne featuresof the problems.

We have also veri ed that the LSMs for thesethree dif-
ferentproblemsare structurallydifferentfrom eachotherby
plotting the LSM transitionmatrix usinga colour map. This
is not shavn here,asit doesnot transferwell to grayscale,
but therearecleardifferencesn the LSMs constructedor the
three different problems,again suggestinghat ne-grained
structureis being captured.
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Fig. 2. Relatie frequencieof rank orderdistancedor randomrankings.
A rankingof 12.5is approximately  timeslessfrequentthana ranking
of 32. A rankingof 24 is alsoindicated.

3We generatedthe randomrankingsby drawing a score uniformly at
randomin for eachalgorithm and then ranking basedon these,
in orderto simulatethe possibility of there being ties; however, this has
little effect on the null distribution comparedto using a randomly dravn
permutationof the ranks1 to 21, i.e. allowing no ties.



TABLE I
RANK ORDER OF PERFORMANCE OF ALGORITHMS ON L SM

REPRESENTING NK-LANDSCAPE, FLAT GRAPH COLOURING AND

BLOCKS WORLD OPTIMIZATION PROBLEMS, CONSTRUCTED BY THE EA
DESCRIBED BY CORNE ET AL. RESULTS ARE BASED ON STATISTICAL

DIFFERENCES IN BEST-FITNESSACHIEVED OVER THIRTY INDEPENDENT
TRIALS; BEST PERFORMING ALGORITHM IS LISTED FIRST. THE BOTTOM

TWO ROWS SHOW THE COLUMN SUM  OF RANK DIFFERENCES,
COMPARED WITH THE RANKING ON THE REAL PROBLEM (SEE TABLE 1),

AND THE ESTIMATED SIGNIFICANCE COMPARED WITH A RANDOM

RANKING (SEE FIG. 2).

TABLE I
RANK ORDER OF PERFORMANCE OF ALGORITHMSON L SM
REPRESENTING NK-LANDSCAPE, FLAT GRAPH COLOURING AND
BLOCKS WORLD OPTIMIZATION PROBLEMS, CONSTRUCTED BY THE
SIMULATED ANNEALING ALGORITHM. RESULTS ARE BASED ON
STATISTICAL DIFFERENCES IN BEST-FITNESSACHIEVED OVER THIRTY

INDEPENDENT TRIALS; BEST PERFORMING ALGORITHM IS LISTED FIRST.

THE BOTTOM TWO ROWS SHOW THE COLUMN SUM  OF RANK
DIFFERENCES, COMPARED WITH THE RANKING ON THE REAL PROBLEM
(SEE TABLE 1), AND THE ESTIMATED SIGNIFICANCE COMPARED WITH A

RANDOM RANKING (SEE FIG. 2).

[NK Distance] FGC Distance] BW Distance]  [NK Distance] FGC Distance] BW Distance]
1 niche F 15|15 nicheJ 0.5(1 nicheJ 0.5 1.5 nicheF 1[1.5 nicheF 21 nicheJ 1
2 nicheJ 0.5/1.5 nicheF 0.5(2 niche F 15 1.5 nicheJ 115 F 2(2 niche F 1
3.5 nichel 1|{3.5 nichel 0.5|3 F 0.5 3 SA 2|3 nicheJ 15(3 SA 1
35 F 1|35 F 254 nichel 1 4.5 nichel 0|4 nichel 14 nichel 0
5 SA 4155 nicheE 05|55 E 2 45 F 0[55 SA 4|5 F 1.5
6 E 2|55 E 4(55 J 2 65 E 15(55 J 2|6 nicheE 1
8 nicheH 0|/7.5 nicheH 2|7.5 nicheH 0 6.5 nicheE 0.5(8 nicheH 0.5/7.5 nicheB 15
8 nicheE 2|75 SA 55|75 | 0 8 nicheH 08 E 05|75 B 0.5
8 J 0|95 J 3.5(9 SA 7.5 9 J 18 | 0.5/9.5 nicheH 0
10 | 15|95 B 1.5/105 H 1 105 | 1{10 nicheE 0|95 E 0
11 B 1111 | 4110.5 nicheE 0.5 105 B 05/11 H 0.5/11 nicheD 0
12.5 nicheB 113 D 0|125 B 1 12 nicheB 05(13 D 11125 J 0.5
125 H 0513 H 3|125 D 2 135 D 1{13 nicheB 1125 D 0.5
14 D 0.5/13 nicheB 7115 nicheB 1 135 H 0.5/13 B 1.5|14.5 nicheG 1.5
15.5 nicheD 1{15 nicheD 4|15 G 15 15 nicheD 0.5[15.5 nicheG 1.5|14.5 | 0.5
15.5 nicheG 0.5/16 nicheG 3|15 nicheG 1.5 16 nicheG 0|155 G 1{16 H 0
17 G o177 G 0|17 nicheD 0.5 17 G 0|17 nicheD 05|17 G 0
18.5 niche A 0.5[18.5 nicheA 1(18.5 nicheA 1 18.5 nicheA 0.5[19 nicheA 0.5[18.5 niche A 0
18.5 nicheC 0.5|18.5 nicheC 1{18.5 nicheC 1 18.5 nicheC 0519 A 0.5|18.5 nicheC 1
205 A 1.5(20 A 0.5/205 A 1 20 A 1|19 nicheC 0.5/205 A 1
205 C 0521 C 1.5/205 C 1 21 C 0|21 C 1.5/205 C 1

21 46 28 13 125 24

TABLE IV

B. Simulatedannealing-based SM corvergence/accuacy

To investigatethe corvermgence of the LSM transition
matrix as more samplesare taken, we constructedhe LSM
incrementallyusingshortrunsof SA. Speci cally, we ranthe
SA twenty times for evaluationseach,and after each
run, the the LSM was updatedusing the new samplesand
thenusedasusualto rank the performanceof the  search
algorithms.Two methodswerethenusedto assesshe LSM's
convergence((i) therankorderdistancecomparedo thereal
rankingof the 21 algorithmsi(ii) thechangen therankorder,
comparingthe updatedLSM with the LSM beforethe last
update.Obviously, (i) uses externalknowledge' of the true
ranking of the algorithms,which would not be available in
practical applications,whereas(ii) doesnot needthe true
rankings.We were interestedo seehow well (ii) correlated
with (i), to seeif it is possibleto estimatewhen to stop
“training' the LSM. We repeatedhe experimentsalso using
SA runs of evaluations (with the cooling schedule
changedappropriately).

The rank order distancefor eachof the landscapesto-
getherwith the changein rank order distance,are plotted
on the sameaxesin Figures2 and3. It canbe seenthatthe
LSM corvergesto areasonablgredictionof the performance
of the algorithmswithin 20,000evaluationson mostof the

RANK ORDER DISTANCES BETWEEN PAIRS OF REAL PROBLEMS AND THE
FISHER PERMUTATION TEST SIGNIFICANCE (SEE FIG. 2.)

Fisher|

[ Problemsor problemand LSM compared | |
NK real landscapeand FGC real landscape 32
NK real landscapeand BW real landscape | 32
FGC real landscapeand BW real landscape 56

optimizationproblems.This corvergenceis re ected by the
changein the rank order of the performanceof the
algorithmson the addition of the new evaluationsin each
optimizationproblem. This can be more clearly seenin the
plots representinghe performanceof the LSMs constructed
in 5000 evaluationsteps.

The NKp-landscapewhere K=2 appearsto be the most
challengingfor the LSM to model.After 100,000evaluations
the two forms of LSM constructedin 5000 and 10000
intervals producedrank order differencesof 44 and 64.

There appearsto be little differencein the performance
of the LSM generatedwith the two sampling algorithms,
althoughthe performanceof the LSM generatedwith the
samplingalgorithmconstructedn 10,000evaluationintervals
on the Flat Graph Coloring problemappearso be slightly
more erratic.
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Fig. 3. Plotsdisplayingthe relationbetweenyank orderdistancesetweenalgorithmsrun on real landscapend LSMs constructedrom theselandscapes,
the numberof evaluationsusedin constructingthe LSM andthe total changein the transitionmatrix eachtime a new setof evaluationsis added.LSMs
constructecprogressiely usinga samplingalgorithmwith 5000 evaluations.

C. Mutation rate tuning that multiple transitionswere appliedto solutionsbetween

The four bestperformingalgorithmson the NK-landscape  tness evaluations(asdes_cribedn the method_ssection).T.he
whereN=1000and K=5 decribedearlier (seeTable ) were performanceof the algorithmsat thesemodi ed mutation
assesedusing four separategenavise mutation rates of ~ rateswasthenranked.

L, L Land L.An LSM basedon a simulated The overall rank order distanceof the algorithms run
annealingsampling algorithm run on this landscapewas on the real landscapeat the different mutation rates and
constructedisinga mutationrateof 1/L andthe performance those run on the modi ed LSM is 40.0. This is despite
of algorithmson this LSM was ranked. The procedurefor  the performanceof mary of the algorithmsbeing similar.
runningthe algorithmson the LSM wasthenmodi ed such  Overall, the mutationrateof 1/L works beston this problem,
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Fig. 4. Plotsdisplayingthe relationbetweenyank orderdistancesetweenalgorithmsrun on real landscapend LSMs constructedrom theselandscapes,
the numberof evaluationsusedin constructingthe LSM andthe total changein the transitionmatrix eachtime a new setof evaluationsis added.LSMs
constructecprogressiely usinga samplingalgorithmwith 10000evaluations.

with a reduction in performanceof the algorithms with
increasingmutation rate. This is re ected very well in the
performanceof the algorithmson the LSM.

IV. DISCUSSION

The results given above suggestthat LandscapeState
Machinesmay prove useful as a tool for the prior tuning
of stochasticalgorithms for optimization problemswhere
evaluation of solutionsis (even moderately)expensve. It

has beendemonstratedhat, with an appropriatesampling
algorithm, the rank order of performanceof a rangeof al-
gorithms,including simulatedannealingand niching genetic
algorithmscan be predictedwith a high level of accurag.

Initial studiessuggesthat mutationratesmay also be tuned
usingthe LSM methodologyallowing the optimummutation
rateto be determinedfor eachalgorithm. It shouldalso be
possibleto assesslgorithmswith dynamicmutationrates.

Althoughthe LSMs in this study constructedising simu-



TABLE V
RANK ORDER OF PERFORMANCE OF ALGORITHMSON L SM

REPRESENTING NKp-LANDSCAPE, WHERE , , ,
MODELING ORIGNAL MUTATION RATE OF AND MODIFIED MUTATION
RATE OF UP TO , CONSTRUCTED USING A SIMULATED ANNEALING

ALGORITHM. RESULTS ARE BASED ON STATISTICAL DIFFERENCES IN

BEST-FITNESSACHIEVED OVER THIRTY INDEPENDENT TRIALS; BEST

PERFORMING ALGORITHM IS LISTED FIRST. THE BOTTOM TWO ROWS
SHOW THE COLUMN SUM OF RANK DIFFERENCES, AND THE P-VALUE
FOR ACCEPTING THE NULL HYPOTHESISTHAT THE RANK ORDER

DIFFERENCE  ISNOT SIGNIFICANTLY DIFFERENT FROM THAT

OBTAINED FOR A RANDOM RANKING (FISHER TEST).

NK-landscape Algorithm run on LSM  Distance
basedon NK-landscape

15 SA (1/L) |3 SA (2/L) 15
15 SA (2/L)|3 SA (1/L) 15
4 nicheF (1/L) |3 SA (6/L) 45
4 SA (4/L)|3 SA (4/L) 1
4 nicheJ (1/L) | 3 SA (8/L) 11
6 nicheJ (2/L) | 6.5 nicheF (1/L) 25
7.5 nicheF (2/L)| 6.5 nicheJ (1/L) 0.5
7.5 SA (6/L) |8 nicheJ (2/L) 2
10 F(2/L)|9 F (/L) 1
10 F (1/L) |10 nichel (1/L) 0
10 nichel (1/L)|12 nichel (2/L) 0
12 nichel (2/L)|12 nicheF (2/L) 4.5
13 nicheJ (4/L) |12 F (2/L) 2
14 SA (8/L)| 14 nicheJ (4/L) 1
16 nichel (4/L) |15 nichel (4/L) 1
16 nicheJ (6/L) |17 nicheF (4/L) 1
16 nicheF (4/L) |17 nicheJ (6/L) 1
18 F (4/L) |17 F (4/L) 1
19 nicheJ (8/L) |19 nichel (6/L) 1
20 nichel (6/L) |20 nicheJ (8/L) 1
22 nicheF (6/L) |22 F (6/L) 0
22 nichel (8/L)|22 nicheF (6/L) 0
22 F (6/L) |22 nichel (8/L) 0
24 nicheF (8/L) | 24.5 nicheF (8/L) 0.5
25 F (8/L)|24.5 F (8/L) 0.5
40.0

( )

latedannealing shaved good behaiour at predictingsearch
algorithmperformanceit is unclearwhetherthis is because
the SA wasitself one of the bestsearchmethodslin general,
it may be saferto constructthe LSM from an aggreyate of
different sampling algorithms;then if one of the sampling
schemesis de cient for a particular problem, it may be
compensatedby other schemeghat perform better Racing
algorithms[3] could be usedto constructthe LSM and do
the statistical testing incrementally In this approach,the
algorithmusedto updatethe LSM could be the onewhich is
doingbestsofar. Algorithmsdoing poorly could be dropped
assoonasthereis sufcient statisticalevidenceagainsthem.

A. Applicationto directedevolution experiments

The LSM approachmay provide a very interestingmeans
of selectingalgorithmsfor directed evolution experiments.
In directed evolution, novel biomolecules(for a range of
applications)are evolved in vitro by repeatedrounds of
mutation and selection. This is an optimisation problem
which is very “black-box’; indeed, it is not economically
viable to even know what the protein sequencesadealong

the way actually are, sincethis would involve an expensve
sequencingrocessThis makesLSMs a particularlysuitable
choice, since they do not use decision spaceinformation.
Moreover, the tuning of potential algorithmsis prohibited
by the time and expenseof generatingand evaluating nev
variantsin vivo, in this application,so greatgains can be
potentially madeby tuning algorithmsoff-line.

V. CONCLUSION

We have furtheredour knowledge regarding the ef cacy
of using LSMs constructedby samplingto predict search
algorithm performanceln particular we have increasedur
con dence that LSMs can predict the relative performance
of hetergeneousalgorithmsand further shovn the potential
for mutationrate tuning using LSMs. Thereis much scope
for future work but we are now focusingon the application
of LSMs to directedevolution.
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