Selection of Attributes for Modeling Bach Chorales by a Genetic AlgorithmMark A. Hall (mhall@waikato.ac.nz)Department of Computer Science, University of Waikato, Hamilton, New Zealand.AbstractA genetic algorithm selected combinations of attributes fora machine learning system. The algorithm used 90 Bachchorale melodies to train models and randomly selected setsof 10 chorales for evaluation. Compression of pitch wasused as the fitness evaluation criterion. The best modelswere used to compress a different test set of chorales andtheir performance compared to human generated models.G.A. models outperformed the human models, improvingcompression by 10 percent.IntroductionThere are many possible ways to describe the surface of amusical piece; any particular note could have literallyhundreds of descriptive attributes associated with it. Apartfrom obvious static properties such as pitch and duration,there are many properties based on interval systems thatcould be applied. Some examples include the intervalbetween a note and the previous note, the interval between anote and the note that started the measure, the intervalbetween a note and the tonic of the chord, and the differencein start times of two consecutive notes.If we model attributes individually, it is feasible to testthe performance of each attribute. However, it is almostcertain that there are relationships to be exploited betweenattributes: ie. there is predictive power to be gained byexplicitly modelling the relationship between two or moreattributes. If we have 20 attributes and we are interested intesting the performance of modelling 2 attributes together,then there are 20! / 2! 18! combinations to try. If we areinterested in exploring all possible combinations ofattributes, then there are 220 combinations!So, how do we decide which attributes to model? Oneobvious way would be to consult an expert and exploit hisor her a priori musical knowledge. The disadvantage here isthat knowledge will vary from expert to expert and is in noway guaranteed to be optimal. Also, with this method, ourmodelling technique be comes more domain dependent; if wemove to a new domain, we must seek new experts. Ideallywe want an automated method for selecting attributes tomodel; one that will work regardless of the domain. It isworth noting however, that although we will hopefullyarrive at a method that optimally chooses combinations ofattributes, the initial �pool� of properties or attributes thatwe choose from must still be designed by a human. Thispaper describes the application of an automated technique forselecting combinations of attributes.Predictive modelsThere are many different types of models. With respectto music informal models have developed in our own mindsover many years. Other models are constructed from formaltheories. Computational models use adaptive learningtechniques. All have the ability to predict upcoming eventson the basis of what has been heard so far. The systemdescribed in [1] is an adaptive learning system that borrowsmodeling techniques from text compression, specificallyP.P.M [2]. Additional power is gained through the use ofmultiple models ("viewpoints") simultaneously. Eachmodel acts as an independent knowledge source viewing themusic from its own perspective. These perspectives areconstrained by how the music is represented and what can bederived from the representation. The Bach chorales that thesystem operates on are represented as discrete sequences ofevents. Each has a start time, pitch, duration and fermataindicator. More attributes can be derived from these �basic�types. Contour, for example, is derived by examiningsequential pitch values. A given pitch is either the same as,higher, or lower than the preceding pitch. Other derivedattributes include descriptors such as the interval between anote and the note that began the piece, the interval between anote and the first note in the bar, and the interval betweennotes that begin phrases.ViewpointsThe concept behind viewpoints is to use backgrounddomain knowledge to arrive at new ways of describing eventsin a sequence. A viewpoint is defined by the attribute(s) itmodels. Each viewpoint has an underlying context model,where by context model we are referring to a subclass of theprobabilistic finite-state, or Markov, class of grammars. Asimple viewpoint models a single attribute. A linkedviewpoint is one that models two or more attributessimultaneously. Sequences stored by a linked viewpoint aresets of tuples, eg. [(a1, a2,...,an), (a1, a2,...,an),...]. Wherea1 - an are the attributes modelled by the viewpoint. A tuplewill be recorded by a viewpoint at event j, if and only if, allconstituent attributes of the viewpoint are defined at thatevent.

EntropyOur goal is to automate the selection of attributes for alinked viewpoint such that the predictive power of theviewpoint is optimised. From an information theoreticapproach we can measure the predictive power of a viewpointby the amount of redundancy it removes from a sequence ofevents. An entropy profile for a sequence of events can bederived by examining the probabilities that the modelassigns to events that actually occur in the sequence.Intuitively, the higher the probability assigned to an event,the less surprising it is to the model, and the lower itsentropy. Therefore, an entropy profile is an event-by-eventplot of entropy against time. The entropy of an event isusually expressed in bits; it can be calculated from theformula E = -log2p [3], where p is the probability assignedto the event by the model. If the model as signs aprobability of 50 percent to a event, then the entropy of thatevent with respect to the model is 1 bit. If the probability is25 percent, then the entropy is 2 bits.Entropy provides a measure of the performance of aviewpoint on a event-by-event basis; averaging theindividual entropies gives a measure of the performance onthe sequence as a whole.Using a genetic algorithm to selectattributesAs mentioned earlier, our goal is to automate theselection of attributes for a viewpoint. The only fail-safeway of locating the optimal combination of attributes is totry all combinations. Unfortunately this is computationallyintractable even for a small pool of attributes. The methoddescribed here applies a genetic algorithm to select attributes.Genetic algorithms are machine learning and optimisationtechniques based on the principles of natural selection inbiology [4]. They use a population of competing solutions- evolved over time - to converge to an optimal solution.Effectively, the solution space is searched in parallel.Although they are not guaranteed to find the global optimum[5], the use of a population helps avoid local optima. Thealgorithm is an iterative process where each successivegeneration is produced by reproduction among the membersof the previous generation. Selection of populationmembers for reproduction is driven by fitness (determined bysome objective measure). There are numerous variations ofgenetic algorithms; many of them are �tweaked� for optimalperformance on a specific problem. The one presented hereis the simple one outlined by Goldberg [5]. Despite itssimplicity, it remains a powerful algorithm.Genetic algorithmAttribute combinations are coded as a 22 bit string. . Ifa bit is set (value 1), then the corresponding attribute ismodelled in the linked viewpoint; if the bit is not set (value0), then the attribute is not modelled by the linkedviewpoint. Note that the algorithm also evaluates simpleviewpoints, ie. those which model only a single attribute.Average entropy is used as the raw fitness of a viewpoint.The objective function builds a model of 90 chorales usingthe 22 bit string provided by the genetic algorithm. Theaverage entropy of 10 test chorales with respect to the modelbecomes the fitness of the viewpoint. The lower the averageentropy, the fitter the viewpoint. New generations arecreated by three genetic operators: selection, crossover, andmutation. Generations are non-overlapping, meaning that inprinciple each generation is made up of new individuals. Inpractice however, some members of the new generation willbe copies of their parents. Selection is based on fitness by the simple biased roulettewheel method. Under this scheme, each population memberis allocated a slice of the roulette wheel proportional to theirfitness. Spinning the wheel provides a candidate forreproduction; those population members with high fitnesshave greater chance of being selected. Crossover is the operator for creating new strings frompairs of selected individuals. In the experiments presentedhere, crossover occurs with a probability of 60 percent.When crossover does not occur, both selected individuals arecopied into the new generation without change. Whencrossover does occur, a crossover point for the twoindividuals is randomly chosen, and the two offspring arecreated by concatenating the pieces of the two parents. Mutation is a genetic operator designed to introduce adegree of random noise into the procedure by occasionallychanging the value of a single bit, chosen at random from anindividual. This helps avoid local optima. Mutation isusually applied with some low probability. In theseexperiments, mutation is used in two slightly different ways.Firstly, mutation is always applied to one offspring whenparents selected for crossover are exact copies of one another.This insures that we introduce a new string every timecrossover occurs. Secondly, a string is mutated if it doesn’tcontain a pitch related attribute. Since we are interested inthe predicting pitch, a viewpoint that does not contain atleast one pitch related attribute will never predict anything.Generation 0 is initialised by randomly setting two bits ineach population member, with the constraint that at leastone correspond to a pitch related attribute. Generation 0 isalso constrained to contain only unique population members.ResultsG.A. runsFigure 1 shows the population maximum, populationminimum, and population mean entropy scores for the firstexperiment over 30 generations. From the 100 Bachchorales in the data base, ten were randomly selected andremoved to from a fitness evaluation set. The remaining 90were used for training. Average entropy starts off at justover 3 bits per pitch; midway through the run the averagehovers around 2.7 bits per pitch and by the end the average isat 2.02 bits per pitch. It can be seen that right from thestart the population contained a good solution (minimumentropy of 2.55 bits per pitch). This was superseded by a periodic viewpoint that became the population best for therest of the run. This viewpoint predicts only

1 2 3 4 5 6 7 8 9 10

0 5 10 15 20 25 30

Entropy Generation

max entropy pop. mean entropy min entropy

Figure 1: G.A. experiment 1. Maximum, minimum, and for the last note in

(50 out of 401 notes), an average of 1.92 bits per pitch.The spikes in the maximum entropy plot show algorithm tries a poor solution.

spike

22 is a the algorithm has viewpoint that nothing. This is possible some attributes mutually exclusive. Thrph x anof this. Thrph is the athat starts a the note that thephrase; it is defined for the first note in a phrase.

the length of a it is the last note in two attributes this viewpoint thisthe viewpoint in isanhigh entropy score - in this case 10 bits per pitch. However,this viewpoint is immediately by the algorithm, the maximum to just

3 bits in following generation.

thing in30, which the upturn in the population

Figure 2 shows population maximum, minimum, and population mean entropy plots for the g.a. run. This experiment used a different set of ten to evaluate viewpoint fitness on. Population starts off at 3.06 bits pitch;

through, the entropy is around 2.3 bits per pitch and by the end has to 2.25 bits per pitch. The best individual in the at25 has an of 2.15 bits pitch over the ten test chorales. In the following the population best to 1.49 pitch. As in

1, ahas It is

1 1.5 2 2.5 3 3.5 4 4.5 5

0 5 10 15 20 25 30

Entropy Generation

max entropy pop. mean entropy min entropy

Figure 2: G.A. experiment 2. Maximum, minimum, and

It is interesting to note that in this than in on the whole predict than those of experiment 1. In testing the best from this on the 10 from experiment 1, we get an of 2.6 bits which is to the of the best viewpoint of experiment 1.

17 from the test set of

1 is It is in E major is one of only nine in the thatintime. A note theof this states that it is sometimes published with a key

1a whole step lower. On examination of this chorale in the thatkeyis still E

This of minor that the viewpoints surprising. An examination of a the first test set that to(though not as that all in minor keys;

theof the on the whole lower than the model is expecting.Figure 3 shows population maximum, minimum, population plots theg.a. run. A set of 10 toviewpoint fitness. Population starts just3 bits pitch the run to finish at 2.4 bits per pitch. The best individual the population has an average entropy of 2.34 bits viewpoint hasn’t

Given the results the previous two experiments, algorithm to thisviewpoint to run longer.

from the graph that maximum, minimum, and mean as the fittest

2

2.5

3

3.5

4

4.5

0 5 10 15 20 25 30

Entropy Generation

max entropy pop. mean entropy min entropy

Figure 3: G.A. experiment 3. Maximum, minimum, and

G.A. discovered viewpoints; how well do theymeasure up?In to get a theof the viewpoints they conjunction with the systems explored by Conklin (1990).Conklin’s original test set is comprised of 5 chorales:

61, 151, 190,

269.

aoffrom a simple one containing only a viewpoint, up to a system containing viewpoints.

best system he anof 2.06 bits on the test set and was made up of two viewpoints. Conklin not test any viewpoints that than

1 shows best viewpoints from

G.A. runs in conjunction with best of Conklin’s systems.Table 1: Average entropy of pitch for G.A. systems best from run 1.

run 2 run 3 system 1

Conklin�s best system 2 system 3 systems 1,

Asbefrom the table, two of the

Conklin’s on the test set.

of them (system 10) hasof2 bits pitch. All in conjunction with system 6.

G.A.

tried together have the best result of all - 1.87 bits per pitch.

0 1 2 3 4 5 6 7 8

0 10 20 30 40 50 60

Entropy (bits/pitch) Event number

system 1 system 2 system 3

Figure 4: Entropy profiles for the three G.A. viewpoints,

This ancombinations of attributes viewpoints to genetic algorithm is able to search a large solution to an optimal solution.

viewpoints from the three G.A. runs outperform the tested by Conklin both individually in conjunction thatonly to the test set of the the best viewpoints from the G.A. runs well on the test set by Conklin. With of the best viewpoint from run 1, they well on other’s test sets.

best from run 1 does not do so well on the other test sets; this possibly to the its own test set.The entropy profiles in figure 6 show that the viewpoints significantly islot to be in a multiple viewpoint system from combination or viewpoint

Conklin, D.

inreport.

of Computer

[2] Witten, I. H.,

J. G. "Foretelling the by Adaptive Modeling".

3(3), Spring 1986.

Shannon, C.E.,

W. The

Theory of

University of Illinios

Urbana, Ill. (1949).

J. H.

in University of Michigan Press, Ann Arbor,

D. E.

Algorithms in

Optimisation,

Reading, MA. (1989).