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Abstract

We describea seriesof experimentsn generatingraditionalmusicalharmory usingGenetic
Algorithms. We discusssomeproblemswhich arespeci ¢ to the musicaldomain,andconclude
thata GA with no notion of meta-lerel control of the reasoningprocesss unlikely to solve the
harmonisatiomproblemwell.

1 Intr oduction

In recentyears,the useof evolutionarytechniquesuchasGeneticAlgorithms (GAs) hasgenerated
signi cant interestin the arti cial intelligenceand computersciencecommunities. This hasbeen
re ectedin anumberof publicationsin the computemusicworld, someof which will be discussed
later

In this paperwe exploretwo aspect®f theapplicationof GAsto music:

1. theuseof knowvledge-richstructuresand proceduresvithin the algorithmitself, asopposedo
themoretraditionaluseof GA componentsvhich arenot problem-speci c;

2. thestrictuseof objective methodsjn thesenseahatary reasoninggncodedn the GA shouldbe
statedexplicitly, ratherthanbeingimplicit in the expresseapinionof ahumanuser

Thesecriteriaareimportantbecauseve areworkingin thewider context of simulatingandunder
standingaspect®f humanbehaiour, sowe arenotinterestedustin achieing a musicalresult: we
wish to be ableto examinethe internalbehaiour of our methodsandattemptto form somenotion
of why the answerwe achieve is produced.In particular we wish to comparethe behaiour of our
harmonisatiorsystemwith humanbehaiour, andattemptto explain ary discrepancies.

This paperis structuredasfollows. We present brief statemenon theissuesnteractionvs.non-
interactionn GAsfrom thepointof view of thisstudy Wethenoutlineexistingapplication®f GAsin
computemusic. We present casestudyof a knowledge-richmusicalGA, includinga discussiorof
somesigni cant problemsandthendrav conclusionsabouttheimplicationsof thework for musical
GAsin general.

2 Interactive GAs

ThelnteractiveGA (IGA) approachsometimesakenby GA applicationsn the musicaldomain(see
section3, below), usesa humanlistenerasa meansto evaluatethe tness of chromosomes.This
approachs inappropriatg¢o our endsin thisresearchfor thefollowing reasons.
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1. It is subjectie, becauset relieson individual preferences- we wantan objective measuref
whatis goingonin our systemsowe canproperlyjudgeits performance;

2. Humanlistenergendto becomanoreopento agiven pieceof musiconrepeatedearingsand
areproneto otherinconsistenciebasedn mood,attentionspan.andsoon;

3. An IGA doesnot allow usto studythe tness functionitself, to determinehow faithful it is to
ourchosertask— sousinganIGA would beremaving a majorobjectof interestin this study

A furthertenablepositionon this issue,lying part-way betweerthe two polesof interactve and
non-interactie, is the ideaof usinga corpusof existing works and someform of machinelearning
systentoinfera tnessfunction. Thisapproacthasbeenappliedby, for example SpectoandAlpern
(1994),BurtonandValdimirova (1997b)andJohansomndPoli (1997).Again, for our purposesthis
approachis inappropriateaswe are primarily interestedn the natureof the searchspaceand how
to controlsearchratherthanthe natureof the result(giventhatit be acceptablenusic). In fact, use
of neuralnetworks makesthe tness judgements®ven moreinscrutable sinceat leastone canaska
humanjudgefor the motivation behindhis or herjudgements.

In theexperimentdescribedere music-theoreticatnowledgeis usedto construct tnessfunc-
tionin objective andconsistentogical terms which allows usto examinethebehaiour of thesystem
morescienti cally thanwould anIGA. The GA canthenbe usedto compareheoriegpsychological
or otherwise)of musicalbehaiour by observinghe searchpatternsaandresultsproducedIn particu-
lar, it is to be emphasisethatthe encodednusicalknowledgedoesnot directly constrainthe search
path—it merelyconstrainghesolution.Soourinteresttocusse®nwhatour GA cantell usaboutthe
searchpathswhich arisefrom this unconstrainedetup.

3 Existing Work on GAs in Music

GAs have beenusedin musicgeneratiorelsavhere. ExamplesncludeHornerand Goldbeg (1991)
who useda GA for thematicbridging; Biles (1994),who usedan IGA for Jazzimprovisation;Jacob
(1995),who deviseda composingsystemusinganIGA; andMclntyre (1994)andHornerandAyers
(1995). Mclintyre useda GA to generatea four partharmonisatiorof aninput melody focusingon

Baroqueharmoly, while HornerandAyersfocusseantheharmonisatiomf chordprogressionssing
GAs.

A mainaim of our harmonisatiorprojectis to investigatethe potentialof a knowledge-richGA
andits performanceén the musicaldomain.Soour solutionspaceds notarti cially constrainedsin
Mclintyre's system(which only useda C major scale);nor is thereproblemabstractiorasin Horner
and Ayres' system,(which usesthe GA to generateparts, given a chord progressionwhich is a
signi cantly simplertask). Our work aimsto harmonisenput melodieswith no explicit cuesasto
therequiredharmoty, anddoesnot limit itself to a speci ¢ key or scale;andit works at the level of
individual voices,with all the extra constraintghis entails.

Finally, for amorecompletesummaryof GA work in music,seeBurtonandVladimirova (1997a).

4 Harmonising Chorale Melodiesby GA

In this sectionwe presentheresultsof a studyontheuseof GAsin generatindour-parthomophonic
tonal harmoly for userspeci ed melodies. The domain-speci c(i.e., musical)knowledgein this
systemis implementedn threepartsof the GA. Theseare describedn turn, and followed by an
overview of the GA con gurationused.



4.1 ChromosomeRepresentation

Generallyspeakingkeys andchordsarethe main conceptsn harmonisatiorof westerrntonalmusic.
Harmonisatiorrules are expressedn termsof relationshipsbetweentriads, and betweendegrees
of scalewithin a key signature(e.g., tonic-dominant.etc) but not the absolutepitch. Therefore,in
this implementationmusicalinformation (e.g., pitch, intenal, time, duration)is representeca’fter
normalisationwith respecto key — thatis, absolutepitch informationis abstractedut. Then,pitch
is expressedn termsof scaledegree. To expressall twelve semitonesthe standard ve accidentals
areused. Differentoctaves are distinguishedby an associatednteger Finally, time intenals are
representedsintegers. The representatiosonformsto the CHARM speci cationof Wigginsetal.
(1989).

As notedearlier a knowvledge-richanddirectly meaningfulrepresentatiors usedin our chromo-
somerepresentationThisrepresentatiomaybethoughtof asa matrix, which consistof ve strings
of equal, x edlength. The top four stringscontainsoprand x ed), alto, tenorandbassparts,with
the fth describingthe durationsof the chords. The userinputsthe soprancinformation (assumed
to be the melody); the GA will thenharmonisethe input sopranohomophonicallywith a further
threevoicesin conjunctionwith the musicaldomainknowvledgeencodedn its operatorsand tness
function.

This approachs illustratedin Figurel1, usingthe completecharmonisatiorfor the rst two bars
of “O Come,All Ye Faithful”; seeFigure4 for thescorerenditionof the correspondingutput.

chromosoméength

Soprano | [0,0,3] [0,0,3] [4,0,2] [0,0,3] [1,0,3] [4,0,2]
Alto | [2,0,2] [2,0,2] [2,0,2] [2,0,2] [4,0,2] [1,0,2]
Tenor | [4,0,1] [4,0,1] [2,0,1] [0,0,2] [7,0,1] [1,0,1]
Bass | [2,0,1] [0,0,1] [0,0,1] [4,0,1] [4,0,1] [7,0,0]
Duration ‘ 1 2 1 1 2 2 ‘

Figurel: SchematiDiagramof a FourVoice Harmory Chromosome

In the gure, we canseethe matrixarrangementroducedy thedirectrepresentationf time (left
to right alongthe structure)andvocal partandnoteduration(top to bottomdown the structure).For
the purpose®f reproductioroperatorsye view the ve horizontallayersasinseparable.

4.2 Reproduction Operators

The following crosswer and mutationoperatorsare usedin this implementationdescribecherein
musicalterms.Thereadedessfamiliar with musicaljargonmay nd solacein Taylor (1996).

Splice: Onepointcrosseer betweertwo chromosomes selectsa crosseer pointbetweersuccess-
ive notesof themelodyandcorrespondinghords.

Perturb: Mutateby allowing alto, tenorandbassto move up or down by onesemitoneor tone. The
selectionof thevariouspossiblemutationss random.

Swap: Mutate by swappingtwo randomly picked voices betweenalto, tenoror bass. This gives
the effect of changingthe chordbetweerdifferentopenandclosedpositions,andof changing
inversions.

Redtord: Mutateto a differentchordtype. This mutationgenerates nev chordfrom the melody
data.A chordis built with the sopranaoteasroot, 3rd or 5th. Doubling (necessaryor a four
notechord)canbein ary position.



PhraseStart: Mutatethe beginning of eachphraseo startwith tonicroot positionon a down beat.

PhraseEnd: Mutatethe endof eachphraseo endwith a chordin root position.

4.3 FitnessFunction

The tness function judgesthe tness of eachchromosomeaccordingto the following criteria de-
riveddirectly from musictheory Within individual voices(asopposedo betweervoices),we prefer
stepwiseprogressiorover large leaps,andwe keepthe voice within its properrange. We penalise
progressiorto dissonantchords,and we avoid leapsof major and minor 7ths, of augmentedand
diminishedintenals,andof intenalslargerthanoneoctave.

Betweenvoices,we apply the following criteria: we avoid parallelunison,parallel perfect5ths,
andparalleloctares; we forbid progressiorirom diminished5th to perfect5th (thoughthe corverse
is allowed); we avoid hiddenunison;we forbid crossingvoices;andwe forbid hidden5th andoctave
in the outervoices,whensoprands not progressingtepwise.

Solutionsare penalisedor note doublingand omission,in the primary major and minor triads:
doublingof theroot (tonic) is preferred while doublingof the 3rd is penaliseddoubling of the 3rd
is forbiddenin a dominantchord;if it is necessaryo omit a voice,omit the fth only, exceptin 1st
inversion;in invertedchords,doublingof the bassis preferred;andwe penalisedoublingof tones
which give a strongharmonictendeny, suchasleadingnotes.

In this implementationthe systemdoesnot have enoughknowledgeto planfor large scalehar
monic progressionThe tness functiondetermine®nly the plausibleharmonicmovementbetween
two adjacenthords.The tness functionprefers(in decreasingrderof preference)descendingth
movement;progressioriowardsthetonic; retrogressionandrepetition.

4.4 GA Con guration

In mostof theseexperiments gxceptionsbeingmentionedexplicitly here,a generationaGA, in the
style of Davis (1991),with a panmitic (unstructuredpopulationmodelwasused. Stringswereini-
tialisedby randomlypicking chordscontainingthe relevantsoprangoitch. Finally, a populationsize
of atleast50 wasused with binarytournamenselection.

5 Resultsand Analysis

All the outputof the systemwas assessetly Dr. JohnKitchen, a seniorlecturerin the Faculty of
Music at the University of Edinturgh, accordingto the criteria he usesfor 1styearundegraduate
studentsharmory. This examplescoreds out of 10 — a clearpass.While otherexampleswereless
successfu{mostearningaroundthe 30% mark),accordingo the assessethis wasmostlydueto the
lack of coherentarge-scalenusicalprogression- which wasnot evaluatedn the tness function,so
thisis nota surprise.The systemwasjudgedby the assessdo be betterthanstudentharmonisersit
gettingthebasicrulesright.

Figure2 shavs a harmonisatiorby our systemof the rst eightnotesof “Joy to theworld”. The
outputis not perfect,but it is surprisinglygoodgiventhe limited, local natureof the rulesbuilt into
thesystem.

Someexperimentatiorwascarriedout with variousGA parametesettingsasshavn in Figurel;
the penaltiesgiven hereareall-or-nothing penalties exceptwheretwo numbersaregiven, in which
caseeithervalue may be appliedas appropriate.As expected,the weightsof the variouspenalties
appliedin the tness function have a signi cant effect on the solution. Other parameterssuchas
crosseer rate, mutationrate,anddifferentselectionschemesppeato affect thetime taken for the
populationto corverge,anddo little for thesolutionquality Thisis dueto thefactthatit is the tness
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Figure2: Harmonisatiorof the First Line of Joy to the World

function which primarily de nes the knowledgein the systempertainingto what doesor doesnot
constitutea goodpieceof music,while the otherparametersle ne the searctstratgy.

Tablel: Probabilitiesandpenaltiesusedin the experiments

Population: 30—200\ Migrationintenal: 20 generationg
OperatorProbabilities
P(Splice): 0.3 | P(Perturb): 0.1
P(Svap): 0.2 P(Rechord): 0.3
P(PhraseStart): 0.05 | P(PhraseEnd): 0.05
FitnessPenalties
Invalid Pitch: 1 Invalid Chord: 10,1
Invalid Range: 10 Invalid Intenal: 10
Invalid Doubling: 10 Voice Crossing: 10
HiddenUnison: 10 Singlevoice progression: 10
Dualvoiceprogression: 10 Harmonicprogression: 10,1
HarmonicAnalysis: 100,20

Whatis mostsigni cant — and problematic— is that, with the currentevaluationfunctionsand
reproductioroperatorsthe GA still cannotsatisfyall the constraintswithin 300 generationsFigure
3illustratesatypical tness pro le of the bestsolutionin eachgeneration.The datais from the rst
phraseof the hymn“O come,all ye faithful”, which is twentyfour noteslong. The gure shaws the
distribution of penaltiesalongthe chromosome- in otherwords,the scoreof eachharmonicmove-
mentor chordin the piece— asthe generationproceed.The higherthe contour thelessacceptable
thechordatthatpoint.

In the gure, we canseethatthedistribution of penaltiesat the beginningis quite random. After
a few generationsit startsto shapeto a certainpattern. However, the GA could not reduceall the
penaltiesn the tness function even with enlaged populationsandwhenrun for large amountsof
time. In anattemptto solwe this problem,an experimentwith anisland model(Gordonetal., 1992)
with four populationgroupswas carriedout, to determinewhetherdifferentgroupsmight be able
to presere their own salientcultures,and so bring the GA to a more globally acceptablesolution.
However, thoughthe experimentshaved an improvementin searchef ciency, the GA still could
notreduceall of the penaltiesat once,andthe generakhapeof the unacceptableontourabore was
maintained Themusicaloutputassociateavith that nal contouris shavn in Figure4.

Why, then,do theseproblemsarise? They arisebecausehe structureof a harmonisatiorof this
kind is very speci ¢, in thatindividual variationsin chordarevery stronglycontext dependentThere-
fore, it is oftenthe casethatonecannotchangeary given chordwithout changingthe chordsaround
it. In termsof the GA, this meanghatreductionof a tness penaltyin onepositionis likely to in-
creasepenaltiesn otherpositions pecauséhemovementirom onechordto thenext is notconsidered



Figure3: A Typical FitnessPro le Landscape
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Figure4: A GA Harmonisatiorof “O Come,All Ye Faithful”

with respecto overall movementin the phrase Humancomposersolwe this problemby structuring
the constructiorprocesstself in anexplicit way anddesigningan overall harmonicframework, and
then lling in the mostcrucial parts rst — in short,a leastcommitmentstratgy is taken. This kind

of structuredreasonings not a featureof a simple GA of the kind usedhere,andso the resultsare
sub-optimal.

To restatethis amgumentin termsof the searchspacewe believe thatthe problemis dueto a mul-
timodal tness landscapegharacterisetly mary local optimain basinsof attractionwhich separated
by very high barriers,dueto the interactionsdescribedabore. Beforethe GA canmove from one
basinof attractionto anothermultiple factorsleadingto a tness penaltyneedto be changedSucha
simultaneougshangds very unlikely to occur

Therearevarioussolutionswhich mightbeappliedto solve this problemin aGA context. Niching
(Goldbeg andRichardson1987)might be expectedo helpwith the problemsof multimodality and
we expectto look atthisin future. Linkagelearning(Harik andGoldbeg, 1996)is unlikely to help
asthe spatialarrangementf the genesin our chromosomés alreadyoptimised,andso changingit
is unlikely to helpthe search Further the natureof the epistaticinteractionds well understoodand
thereforethis knowledgecanbe betterutiliseddirectly, ratherthanby having the GA learnit.



6 Conclusions

It is quite clearfrom the experimentshereandelsavherethat GAs canbe appliedsuccessfullyn the
musicaldomain— up to a point. Looking at the outputof our systemsrom an aestheticviewpoint,
theresultsarestill far from ideal: the harmonisatiorproducedy the GA hasneitherclearplan nor
intention. This is not a surpriseasthe discussiorabove suggestedhatwe cannotexpectlarge scale
structureto arisefrom thekind of programmingnherentin aGA containing(evenin this experiment)
relatively little domainknowledge.

However, we would claim thatthey are surprisinglysuccessfumusically within this limitation.
The inclusion of well-establishednusicallaws and constraintswithin the searchseemsto yield a
fairly lightweightbut effective level of searchcontrol.

In summarythereforewe concludethatwhile GAs canbesurprisinglygoodat small,constrained
musicaltasks,their performanceat leastin this contet of simulatinghumanmusicalbehaiour, is
currentlylimited by two issues.

1. GAs area stochasticheuristicsearchmethod,so one cannotbe surethat an optimal solution
will bereachedgevenif thereis one. In particular in a problemof this kind, they tendto get
stuckin local optimain thesearctspace.

2. GAsof theform usedherelack structurein theirreasoningOntheotherhand,composerfiave
developedcomplex andsubtlemethodsover seseralcenturiesnvolving differenttechniquegor
solvingthe problemshighlightedhere.No musicianwould seriouslysuggesthatan authorof
hymn tunesworksin the sameway asour GA. Therefore while we may be ableto produce
(near)acceptableesultswith aGA, doingsosaysdlittle abouttheworking of the compositional
mind.

Otherapproacheto using GAs for this kind of taskmay be more successfulFor example,one
might take the approachof optimisinga setof instructionsto plana harmonisationfatherthanactu-
ally operatingon the musicalscoredirectly; this approachs similar to the indirectrepresentational
approachusedby Burke (1995)andothersfor timetablingandschedulingproblems.

Geneticprogrammingapproachesnay also be fruitful, but we suggesthatin orderto produce
musicwhich is coherenwithin ary acceptednusicalsystem(e.g., the tonal systemusedin the vast
majority of rock and pop music), therewill needto be someencodingof musicalpracticein the
GP operators.An exampleof a GP musicsystemwhich suffers from lack of suchknowledgeis the
GP-musigorogramof JohansomndPoli (1997).

An alternatve solutionin the context of our GA would beto introduceevenmoreknowledge-rich
mutations,which would posses&nowledge aboutthe entire harmonicstructureof eachcandidate
solution,andthuswould be ableto leapdirectly acrosghebarriersin the tness landscapelescribed
earlierin asinglebound.However, it wouldbehardindeedo make acleardifferentiationbetweerthis
approachanda cornventionalKBS, if indeedonecouldapply sucha rule without beingunacceptably
ad hoc

We conclude therefore thatneighbourhoodearchmethodssuchas GAs arefundamentallylim-
ited in themusicalharmonisatiomlomainby the non-localnatureof theharmonisatiomproblemitself.
This said,at leastintuitively, GAs seemto offer aninterestingapproactto the studyof creatvity. It
would appeathat,if GAs areto bothimprove in musicalperformanceandallow usto gaininsights
into the compositionalmind, dealingwith the issuesraisedhereis an urgenttask. We endwith a
suggestionhatit is likely thatmuchcanbegainedin this particularproblemby someha combining
a GA with a corventionalrule-basesystem.
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