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Abstract

We describea seriesof experimentsin generatingtraditionalmusicalharmony usingGenetic
Algorithms. We discusssomeproblemswhich arespeci�c to themusicaldomain,andconclude
thata GA with no notionof meta-level controlof the reasoningprocessis unlikely to solve the
harmonisationproblemwell.

1 Intr oduction

In recentyears,theuseof evolutionarytechniquessuchasGeneticAlgorithms(GAs) hasgenerated
signi�cant interestin the arti�cial intelligenceand computersciencecommunities. This hasbeen
re�ected in a numberof publicationsin thecomputermusicworld, someof which will bediscussed
later.

In thispaper, weexploretwo aspectsof theapplicationof GAsto music:

1. theuseof knowledge-richstructuresandprocedureswithin thealgorithmitself, asopposedto
themoretraditionaluseof GA componentswhicharenotproblem-speci�c;

2. thestrictuseof objective methods,in thesensethatany reasoningencodedin theGA shouldbe
statedexplicitly, ratherthanbeingimplicit in theexpressedopinionof ahumanuser.

Thesecriteriaareimportantbecauseweareworking in thewidercontext of simulatingandunder-
standingaspectsof humanbehaviour, sowe arenot interestedjust in achieving a musicalresult: we
wish to beableto examinethe internalbehaviour of our methods,andattemptto form somenotion
of why the answerwe achieve is produced.In particular, we wish to comparethe behaviour of our
harmonisationsystemwith humanbehaviour, andattemptto explainany discrepancies.

Thispaperis structuredasfollows. Wepresenta brief statementon theissuesinteractionvs.non-
interactionin GAsfromthepointof view of thisstudy. Wethenoutlineexistingapplicationsof GAsin
computermusic.Wepresenta casestudyof aknowledge-richmusicalGA, includinga discussionof
somesigni�cant problems,andthendraw conclusionsabouttheimplicationsof thework for musical
GAs in general.

2 Interacti veGAs

TheInteractiveGA(IGA) approach,sometimestakenby GA applicationsin themusicaldomain(see
section3, below), usesa humanlistenerasa meansto evaluatethe �tness of chromosomes.This
approachis inappropriateto ourendsin this research,for thefollowing reasons.

1Andrew Tusonmaynow becontactedcareof theDepartmentof Computing,City University, London,UK.
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1. It is subjective, becauseit relieson individual preferences– we wantanobjective measureof
whatis goingon in oursystem,sowecanproperlyjudgeits performance;

2. Humanlistenerstendto becomemoreopento agivenpieceof musiconrepeatedhearings,and
areproneto otherinconsistenciesbasedonmood,attentionspan,andsoon;

3. An IGA doesnot allow usto studythe�tness functionitself, to determinehow faithful it is to
ourchosentask– sousinganIGA wouldberemoving amajorobjectof interestin thisstudy.

A further tenablepositionon this issue,lying part-way betweenthe two polesof interactive and
non-interactive, is the ideaof usinga corpusof existing worksandsomeform of machinelearning
systemto infer a�tnessfunction.Thisapproachhasbeenappliedby, for example,SpectorandAlpern
(1994),BurtonandValdimirova (1997b)andJohansonandPoli (1997).Again, for ourpurposes,this
approachis inappropriate,aswe areprimarily interestedin the natureof the searchspaceandhow
to controlsearch,ratherthanthenatureof theresult(given that it beacceptablemusic). In fact,use
of neuralnetworksmakesthe �tness judgementsevenmoreinscrutable,sinceat leastonecanaska
humanjudgefor themotivationbehindhisor herjudgements.

In theexperimentsdescribedhere,music-theoreticalknowledgeis usedto constructa �tness func-
tion in objective andconsistentlogical terms,whichallowsusto examinethebehaviour of thesystem
morescienti�cally thanwouldanIGA. TheGA canthenbeusedto comparetheories(psychological
or otherwise)of musicalbehaviour by observingthesearchpatternsandresultsproduced.In particu-
lar, it is to beemphasisedthattheencodedmusicalknowledgedoesnot directly constrainthesearch
path– it merelyconstrainsthesolution.Soour interestfocussesonwhatourGA cantell usaboutthe
searchpathswhicharisefrom thisunconstrainedsetup.

3 Existing Work on GAs in Music

GAs have beenusedin musicgenerationelsewhere.ExamplesincludeHornerandGoldberg (1991)
who useda GA for thematicbridging;Biles (1994),who usedanIGA for Jazzimprovisation;Jacob
(1995),who deviseda composingsystemusinganIGA; andMcIntyre (1994)andHornerandAyers
(1995). McIntyre useda GA to generatea four partharmonisationof an input melody, focusingon
Baroqueharmony, while HornerandAyersfocussedontheharmonisationof chordprogressionsusing
GAs.

A main aim of our harmonisationprojectis to investigatethe potentialof a knowledge-richGA
andits performancein themusicaldomain.Soour solutionspaceis not arti�cially constrainedasin
McIntyre's system(which only useda C majorscale);nor is thereproblemabstractionasin Horner
and Ayres' system,(which usesthe GA to generateparts,given a chord progression,which is a
signi�cantly simplertask). Our work aimsto harmoniseinput melodieswith no explicit cuesasto
therequiredharmony, anddoesnot limit itself to a speci�c key or scale;andit worksat the level of
individual voices,with all theextraconstraintsthisentails.

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

4 Harmonising Chorale Melodiesby GA

In thissection,wepresenttheresultsof astudyontheuseof GAsin generatingfour-parthomophonic
tonal harmony for user-speci�ed melodies. The domain-speci�c(i.e., musical)knowledgein this
systemis implementedin threepartsof the GA. Thesearedescribedin turn, and followed by an
overview of theGA con�gurationused.
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4.1 ChromosomeRepresentation

Generallyspeaking,keys andchordsarethemainconceptsin harmonisationof westerntonalmusic.
Harmonisationrules are expressedin termsof relationshipsbetweentriads, and betweendegrees
of scalewithin a key signature(e.g., tonic-dominant,etc) but not the absolutepitch. Therefore,in
this implementation,musicalinformation(e.g., pitch, interval, time, duration)is representedafter
normalisationwith respectto key – that is, absolutepitch informationis abstractedout. Then,pitch
is expressedin termsof scaledegree. To expressall twelve semitones,thestandard� ve accidentals
are used. Differentoctaves are distinguishedby an associatedinteger. Finally, time intervals are
representedasintegers.Therepresentationconformsto theCHARM speci�cationof Wigginset al.
(1989).

As notedearlier, a knowledge-richanddirectly meaningfulrepresentationis usedin our chromo-
somerepresentation.Thisrepresentationmaybethoughtof asamatrix,whichconsistsof � vestrings
of equal,�x ed length. The top four stringscontainsoprano(�x ed),alto, tenorandbassparts,with
the �fth describingthe durationsof the chords. The userinputsthe sopranoinformation(assumed
to be the melody); the GA will thenharmonisethe input soprano,homophonically, with a further
threevoicesin conjunctionwith themusicaldomainknowledgeencodedin its operatorsand�tness
function.

This approachis illustratedin Figure1, usingthecompletedharmonisationfor the �rst two bars
of “O Come,All YeFaithful”; seeFigure4 for thescorerenditionof thecorrespondingoutput.

Soprano
Alto

Tenor
Bass

Duration

chromosomelength
� ��� �

[0,0,3] [0,0,3] [4,0,2] [0,0,3] [1,0,3] [4,0,2]
[2,0,2] [2,0,2] [2,0,2] [2,0,2] [4,0,2] [1,0,2]
[4,0,1] [4,0,1] [2,0,1] [0,0,2] [7,0,1] [1,0,1]
[2,0,1] [0,0,1] [0,0,1] [4,0,1] [4,0,1] [7,0,0]

1 2 1 1 2 2

Figure1: SchematicDiagramof aFour-VoiceHarmony Chromosome

In the�gure, wecanseethematrixarrangementproducedby thedirectrepresentationof time(left
to right alongthestructure)andvocalpartandnoteduration(top to bottomdown thestructure).For
thepurposesof reproductionoperators,weview the� vehorizontallayersasinseparable.

4.2 Reproduction Operators

The following crossover andmutationoperatorsareusedin this implementation,describedherein
musicalterms.Thereaderlessfamiliarwith musicaljargonmay�nd solacein Taylor (1996).

Splice: Onepointcrossover betweentwo chromosomes– selectsa crossover point betweensuccess-
ivenotesof themelodyandcorrespondingchords.

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

Swap: Mutate by swappingtwo randomlypicked voicesbetweenalto, tenor or bass. This gives
theeffect of changingthechordbetweendifferentopenandclosedpositions,andof changing
inversions.

Rechord: Mutateto a differentchordtype. This mutationgeneratesa new chordfrom the melody
data.A chordis built with thesopranonoteasroot,3rd or 5th. Doubling(necessaryfor a four
notechord)canbein any position.
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PhraseStart:Mutatethebeginningof eachphraseto startwith tonic rootpositiononadown beat.

PhraseEnd:Mutatetheendof eachphraseto endwith achordin rootposition.

4.3 FitnessFunction

The �tness function judgesthe �tness of eachchromosomeaccordingto the following criteria de-
riveddirectly from musictheory. Within individual voices(asopposedto betweenvoices),weprefer
stepwiseprogressionover large leaps,andwe keepthe voice within its properrange. We penalise
progressionto dissonantchords,and we avoid leapsof major and minor 7ths, of augmentedand
diminishedintervals,andof intervalslargerthanoneoctave.

Betweenvoices,we apply the following criteria: we avoid parallelunison,parallelperfect5ths,
andparalleloctaves;we forbid progressionfrom diminished5th to perfect5th (thoughtheconverse
is allowed);we avoid hiddenunison;we forbid crossingvoices;andwe forbid hidden5th andoctave
in theoutervoices,whensopranois notprogressingstepwise.

Solutionsarepenalisedfor notedoublingandomission,in the primary major andminor triads:
doublingof the root (tonic) is preferred,while doublingof the3rd is penalised;doublingof the3rd
is forbiddenin a dominantchord;if it is necessaryto omit a voice,omit the �fth only, exceptin 1st
inversion; in invertedchords,doublingof the bassis preferred;andwe penalisedoublingof tones
whichgive astrongharmonictendency, suchasleadingnotes.

In this implementation,the systemdoesnot have enoughknowledgeto plan for large scalehar-
monicprogression.The�tness functiondeterminesonly theplausibleharmonicmovementbetween
two adjacentchords.The�tness functionprefers(in decreasingorderof preference):descending5th
movement;progressiontowardsthetonic; retrogression;andrepetition.

4.4 GA Con�guration

In mostof theseexperiments,exceptionsbeingmentionedexplicitly here,a generationalGA, in the
styleof Davis (1991),with a panmitic(unstructured)populationmodelwasused.Stringswereini-
tialisedby randomlypicking chordscontainingtherelevantsopranopitch. Finally, a populationsize
of at least50wasused,with binarytournamentselection.

5 Resultsand Analysis

All the outputof the systemwasassessedby Dr. JohnKitchen, a seniorlecturerin the Faculty of
Music at the University of Edinburgh, accordingto the criteria he usesfor 1st yearundergraduate
students'harmony. This examplescored5 out of 10 – a clearpass.While otherexampleswereless
successful(mostearningaroundthe30%mark),accordingto theassesser, thiswasmostlydueto the
lackof coherentlarge-scalemusicalprogression– whichwasnot evaluatedin the�tness function,so
this is not a surprise.Thesystemwasjudgedby theassesserto bebetterthanstudentharmonisersat
gettingthebasicrulesright.

Figure2 shows a harmonisationby our systemof the�rst eightnotesof “Joy to theworld”. The
outputis not perfect,but it is surprisinglygoodgiven the limited, local natureof therulesbuilt into
thesystem.

Someexperimentationwascarriedout with variousGA parametersettings,asshown in Figure1;
thepenaltiesgiven hereareall-or-nothingpenalties,exceptwheretwo numbersaregiven, in which
caseeithervaluemay be appliedasappropriate.As expected,the weightsof the variouspenalties
appliedin the �tness function have a signi�cant effect on the solution. Otherparameters,suchas
crossover rate,mutationrate,anddifferentselectionschemesappearto affect the time taken for the
populationto converge,anddo little for thesolutionquality. This is dueto thefactthatit is the�tness
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Figure2: Harmonisationof theFirstLine of Joy to theWorld

function which primarily de�nes the knowledgein the systempertainingto what doesor doesnot
constituteagoodpieceof music,while theotherparametersde�ne thesearchstrategy.

Table1: Probabilitiesandpenaltiesusedin theexperiments

Population: 30-200 Migration interval: 20generations
OperatorProbabilities

P(Splice): 0.3 P(Perturb): 0.1
P(Swap): 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 Interval: 10
Invalid Doubling: 10 VoiceCrossing: 10
HiddenUnison: 10 Singlevoiceprogression: 10
Dualvoiceprogression: 10 Harmonicprogression: 10,1
HarmonicAnalysis: 100,20

What is mostsigni�cant – andproblematic– is that, with the currentevaluationfunctionsand
reproductionoperators,theGA still cannotsatisfyall theconstraintswithin 300generations.Figure
3 illustratesa typical �tness pro�le of thebestsolutionin eachgeneration.Thedatais from the�rst
phraseof thehymn“O come,all ye faithful”, which is twentyfour noteslong. The�gure shows the
distribution of penaltiesalongthechromosome– in otherwords,thescoreof eachharmonicmove-
mentor chordin thepiece– asthegenerationsproceed.Thehigherthecontour, the lessacceptable
thechordat thatpoint.

In the�gure, we canseethat thedistribution of penaltiesat thebeginningis quiterandom.After
a few generations,it startsto shapeto a certainpattern. However, the GA could not reduceall the
penaltiesin the �tness function even with enlargedpopulationsandwhenrun for large amountsof
time. In anattemptto solve this problem,anexperimentwith an islandmodel(Gordonet al., 1992)
with four populationgroupswascarriedout, to determinewhetherdifferentgroupsmight be able
to preserve their own salientcultures,andso bring the GA to a moreglobally acceptablesolution.
However, thoughthe experimentshowed an improvementin searchef�ciency, the GA still could
not reduceall of thepenaltiesat once,andthegeneralshapeof theunacceptablecontourabove was
maintained.Themusicaloutputassociatedwith that�nal contouris shown in Figure4.

Why, then,do theseproblemsarise?They arisebecausethestructureof a harmonisationof this
kind is veryspeci�c, in thatindividualvariationsin chordareverystronglycontext dependent.There-
fore, it is oftenthecasethatonecannotchangeany givenchordwithout changingthechordsaround
it. In termsof theGA, this meansthat reductionof a �tness penaltyin onepositionis likely to in-
creasepenaltiesin otherpositions,becausethemovementfrom onechordto thenext is notconsidered
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Figure3: A TypicalFitnessPro�le Landscape
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Figure4: A GA Harmonisationof “O Come,All YeFaithful”

with respectto overall movementin thephrase.Humancomposerssolve this problemby structuring
theconstructionprocessitself in anexplicit way anddesigninganoverall harmonicframework, and
then�lling in themostcrucialparts�rst – in short,a leastcommitmentstrategy is taken. This kind
of structuredreasoningis not a featureof a simpleGA of thekind usedhere,andso the resultsare
sub-optimal.

To restatethis argumentin termsof thesearchspace:webelieve thattheproblemis dueto amul-
timodal�tness landscape,characterisedby many localoptimain basinsof attractionwhichseparated
by very high barriers,dueto the interactionsdescribedabove. Beforethe GA canmove from one
basinof attractionto another, multiple factorsleadingto a �tness penaltyneedto bechanged.Sucha
simultaneouschangeis veryunlikely to occur.

Therearevarioussolutionswhichmightbeappliedto solve thisproblemin aGA context. Niching
(Goldberg andRichardson,1987)mightbeexpectedto helpwith theproblemsof multimodality, and
we expectto look at this in future. Linkagelearning(Harik andGoldberg, 1996)is unlikely to help
asthespatialarrangementof thegenesin our chromosomeis alreadyoptimised,andsochangingit
is unlikely to helpthesearch.Further, thenatureof theepistaticinteractionsis well understood,and
thereforethisknowledgecanbebetterutiliseddirectly, ratherthanby having theGA learnit.
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6 Conclusions

It is quiteclearfrom theexperimentshereandelsewherethatGAs canbeappliedsuccessfullyin the
musicaldomain– up to a point. Looking at the outputof our systemsfrom anaestheticviewpoint,
theresultsarestill far from ideal: theharmonisationproducedby theGA hasneitherclearplannor
intention. This is not a surpriseasthediscussionabove suggestedthatwe cannotexpectlargescale
structureto arisefrom thekind of programminginherentin aGA containing(evenin thisexperiment)
relatively little domainknowledge.

However, we would claim that they aresurprisinglysuccessfulmusically, within this limitation.
The inclusionof well-establishedmusicallaws andconstraintswithin the searchseemsto yield a
fairly lightweightbut effective level of searchcontrol.

In summary, therefore,weconcludethatwhile GAscanbesurprisinglygoodatsmall,constrained
musicaltasks,their performance,at leastin this context of simulatinghumanmusicalbehaviour, is
currentlylimited by two issues.

1. GAs area stochastic,heuristicsearchmethod,soonecannotbesurethatanoptimalsolution
will be reached,even if thereis one. In particular, in a problemof this kind, they tendto get
stuckin localoptimain thesearchspace.

2. GAsof theform usedherelackstructurein their reasoning.Ontheotherhand,composershave
developedcomplex andsubtlemethodsoverseveralcenturiesinvolving differenttechniquesfor
solvingtheproblemshighlightedhere.No musicianwould seriouslysuggestthatanauthorof
hymn tunesworks in the sameway asour GA. Therefore,while we may be ableto produce
(near)acceptableresultswith aGA, doingsosayslittle abouttheworkingof thecompositional
mind.

Otherapproachesto usingGAs for this kind of taskmaybemoresuccessful.For example,one
might take theapproachof optimisinga setof instructionsto plana harmonisation,ratherthanactu-
ally operatingon themusicalscoredirectly; this approachis similar to the indirect representational
approachusedby Burke (1995)andothersfor timetablingandschedulingproblems.

Geneticprogrammingapproachesmay alsobe fruitful, but we suggestthat in order to produce
musicwhich is coherentwithin any acceptedmusicalsystem(e.g., the tonalsystemusedin thevast
majority of rock and pop music), therewill needto be someencodingof musicalpracticein the
GPoperators.An exampleof a GPmusicsystemwhich suffers from lack of suchknowledgeis the
GP-musicprogramof JohansonandPoli (1997).

An alternative solutionin thecontext of ourGA wouldbeto introduceevenmoreknowledge-rich
mutations,which would possessknowledgeaboutthe entireharmonicstructureof eachcandidate
solution,andthuswouldbeableto leapdirectlyacrossthebarriersin the�tness landscapedescribed
earlierin asinglebound.However, it wouldbehardindeedto makeacleardifferentiationbetweenthis
approachanda conventionalKBS, if indeedonecouldapplysucha rule withoutbeingunacceptably
adhoc.

We conclude,therefore,thatneighbourhoodsearchmethodssuchasGAs arefundamentallylim-
itedin themusicalharmonisationdomainby thenon-localnatureof theharmonisationproblemitself.
This said,at leastintuitively, GAs seemto offer an interestingapproachto thestudyof creativity. It
would appearthat,if GAs areto bothimprove in musicalperformance,andallow usto gaininsights
into the compositionalmind, dealingwith the issuesraisedhereis an urgent task. We endwith a
suggestionthatit is likely thatmuchcanbegainedin thisparticularproblemby somehow combining
aGA with a conventionalrule-basedsystem.
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