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ABSTRACT
Algorithmic Composition (AC) methods often depend on
evaluation methods in order to define the probabilities that
change operators have to be applied. However, the evaluation of music material involves the codification of aesthetic features, which is a very complex process if we want
to outline automatic procedures that are able to compute
the suitability of melodies. In this context, we offer in this
paper a comprehensive investigation on numerous ideas to
examine and evaluate melodies, some of them based on
music theory. These ideas have been used in music analysis but have been usually neglected in many AC procedures. Those features are partitioned into ten categories.
While there is still much research to do in this field, we
intend to help computer-aided composers define more sophisticated and useful methods for evaluating music.

Many AC procedures rely on a measure of quality to distinguish between suitable and inappropriate melodies. The
quality of the melodies can be used to guide the process in
many computer-aided composition methods, such as Markov
Models, Generative Grammars or Artificial Neural Networks. The method that certainly depends the most on
those measures of quality is Genetic Algorithms, at least
when they are found in its simplest form. For instance,
one way of computing the quality of a melody would be
by directly comparing two tunes or using music theory to
evaluate a song.
Given the open problems for evaluating music and art
(Section 2), we present metrics that could be used to deal
with the problem of defining an automatic evaluation function (Section 3) for melodies. Few of the metrics mentioned here have been used in earlier evaluation-oriented
algorithms while most of them are extracted from an extensive musicology research, that might be useful to scientists
interested in creating algorithms for generating melodies.
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1. Pitch (Section 4)
2. Tonality and dissonance (Section 4.1)
3. Intervals (Section 4.2)
4. Melodic expectation (Section 4.3)
5. Contour (Section 4.4)
6. Rhythm (Section 5)
7. Patterns (from Section 6)
8. Phrases (Section 6.1)
9. Originality (Section 6.2)
10. Second order analyses (Section 6.3)

1. INTRODUCTION

an

In that context, the contribution of this paper is to provide
an extensive research on ways of analyzing melodies by
means of:

These analyses can help the development of more sophisticated automatic evaluation functions for AC methods. Even though the focus of this paper is to analyze metrics that would be helpful in guiding AC methods, those
metrics may also be useful from the point of view of Music
Information Retrieval or Computational Musicology themselves.
We conclude in Section 7 that while there is still much research to do in this field, this work can surely help computeraided composers define more sophisticated and useful methods for evaluating music generated by AC techniques.
2. EVALUATING MELODIES
As evaluating music includes the problem of codifying aesthetics, the definition of automatic methods for calculating
the melodic features becomes a very complex task. For that
reason, evaluating melodies is one of the biggest problems
in generate-and-test AC methods because it is still not clear
how aesthetic judgement can be expressed by an evaluation
function [1].
Serious problems with interactive aesthetic selection in
evolutionary computation [2] are that (i) the population
size is limited to the ability of people to perform subjective
comparisons; (ii) interactive comparison is a slow subjective process and it may take many hours to evaluate few

generations; (iii) small changes in the genotype can radically change the phenotype and the quality of the individual; (iv) the complexity of the genotype is limited and
complex pieces may take a long time to process, even when
it is not possible to distinguish the rare ones that will result
in something interesting.
A usual approach is to use a human mentor to evaluate
solutions. At first sight, it seems to be a practical, efficient and elegant solution for the problem of evaluating art.
However, in music, which is a temporal art, this approach
rises the trade-off between the legitimacy of the evaluation
and the size of the sample shown to the mentor. This problem is often referred to as the fitness bottleneck [3, 4].
An existing bolder approach to cope with the fitness bottleneck are fitness-free genetic algorithms [5]. In those algorithms, originality is allowed to emerge from a fitnessfree environment as musicality is strongly controlled through
the genetic operators and the initial population. Besides
avoiding the study of all the nuances of the problem, this
approach is limited in the sense that the algorithm does
not “know” where it is heading to, and all we can do is to
expect that the initial population is good and the genetic
operators will not disrupt the melodies into something less
acceptable than the original reference melodies. In order to
guarantee that, the genetic operators will inevitably have to
be more conservative, in contrast to the boldness of the initial idea, and they will not be allowed to strongly alter the
solutions.
Another substitute for a human mentor is neural network
evaluation, which has not yet achieved much success as the
typical result is a network unable to generalize beyond the
training sets or even evaluate the sets properly [6]. The
problem is often based on the lack of information or lack
of easily computable features in the musical material [7].
Other attempts to use such connectionist models were focused on evaluating simple music [8], images [9], and paintings [10].
Therefore, an open problem in the area is to formalize automatic evaluation functions [1]. Those functions must be
machine representable, capable of measuring human aesthetic properties and practically computable. Evaluation
functions should not only define what is more likely to occur on melodies but they should also allow creativity when
considering all the different aesthetic objectives to generate
ideas not imagined before [11]. Computational aesthetic
evaluation is a distinctly non-trivial unsolved problem [1].
3. AUTOMATIC EVALUATION FUNCTIONS
Many examples of the use of at least simple formalized
metrics for automated evaluation can be found in the literature. The automatic evaluation schemes are of three
types [7]: heuristic features, rule-based and learned functions. Many heuristic features come from perceptions of
the composer while other features are based on music theory.
There have been partial attempts to develop automated
aesthetic measures of quality [1]. In an extensive research,
Towsey [12] considers several simple features to model
an evaluation function and analyze which of those impose

strong constraints on melodies. With the lowest standard
deviation among the features on a dataset, pitch variety appeared as a strong constraint on the melodies.
Aesthetic measures were developed to evolve four part
Baroque harmonization for input melodies [13], and the
results were restricted to the C major scale to reduce the
search space. Some formalized automatic evaluation measures have also been used for the generation of jazz melodies
[14]. In this work, there are several metrics such as intervals, patterns, suspensions, position and duration of notes,
and contour.
Although we are describing characteristics to be explored
by the fitness function, it is important to notice that other
results [5, 15] suggest that some musical features have to
be considered not only by the evaluation function but also
in conscious manipulation methods that can maintain the
solutions feasible. Otherwise, rule-based systems that do
not iteratively evaluate solutions can be better suited for
those tasks [15].
Besides measures of how people perceive art, comparisons to target values have also been used to evaluate melodies,
as it has been done to generate synthesizer voices similar to
sound targets [16]. Although target melodic features such
as sound patterns can be used to evaluate melodies [17,18],
in the case of algorithmic composition the problem is very
complex as it involves a necessity of originality.
Empirical measures can also be used to formulate evaluating concepts. For instance, the Zipf’s law [19] and
fractal analysis [20] have been used to evaluate music and
art. There are also works that tackle aesthetics in general,
and an aesthetic measure has been defined regarding the
image-processing task of the brain [21], in which the aesthetic value of an artwork would be directly connected to
image complexity and inversely connected to processing
complexity.
As we can see from the literature, several metrics have
been used individually to evaluate melodies in Evolutionary Computation. Very often, these Genetic Algorithms
did not produce satisfying results because the whole context in which a melody is inserted was not considered. That
motivates our effort in this work to consider a musicology
research to define functions for evaluating melodic aesthetic criteria. We define here many measures for fitness
evaluation divided into ten categories from Section 4 to
Section 6.
It is important to mention that the applicability of these
measures of fitness presented in this paper is dependent
on the genre of music with which the composer intends
to work. Some common criteria, such as the penalization
of large vertical intervals, for instance, would not apply to
many baroque melodies, which may have much larger vertical intervals than many Renaissance melodies. For other
melodies, the tonality cannot be so easily implied and that
makes the transposition of all melodies to a specific key
less feasible. Thus, although some adaptation to the material the reader will be working with is expected, most
observations in the text are adequate to a repertoire of classical or baroque tonal melodies and they also apply for a
large spectrum of popular twentieth-century melodies.

4. PITCH METRICS OF MELODIC EVALUATION

4.2 Intervals

Pitch is how humans discern sounds of different frequencies. Pitch values are probably the main aspects to be analyzed in a melody. A large musical corpora has been produced about pitch [22] to determine the perceptual relevance of different possibilities of pitch sets.
A first intuitive approach to analyze pitches would be a
histogram of pitch distribution, which can reveal the most
used notes for all melodies. When melodies come from
tunes in different keys, it is probably more useful to shift
the melodies to the same key before generating the histogram. The histogram of shifted pitch distribution can
then give a hint of the scales being used the most in the
melodies. Those histograms can also consider one or more
octaves, in which case the same pitch would be counted
separately if it is being performed in a different frequency.
It is also important to analyze the pitch variety in each
melody as all the pitches revealed by the histogram may
not be occurring in the same proportion in all melodies. A
method of measuring pitch variety [12] would be dividing
the number of distinct pitches by the number of possible
pitches for the melody. Another aspect of pitch variety
is pitch range [12], which is the difference between the
highest and lowest pitches in a melody.
Melodies are divided into musical phrases, which also
may have some tendency to begin or end with specific pitches.
Thus, it would be important to study histograms of beginning pitches as well as ending pitches. When melodies
are generated for specific chord sequences, it is particularly important to study the relation between those notes
and the chords being played.
As used by some approaches, such as the key of a melody
[23], it may be useful to make histograms of weighted
pitch distribution, where the relevance of a pitch is weighted
by its duration. That intuitively makes sense for many applications as we hear more the pitches with longer duration.

Another class of melodic information relates to the intervals between pitches. Those intervals are usually measured
in terms of scale degrees or semitones and are the basis
of many AC algorithms based on Markov Chains. Thus,
the first information we can extract in this category is a
histogram of interval distribution and interval size distribution. A theoretical model of the occurrence of each
interval [25] indicates that short intervals should happen
more often than large intervals. Thus, another way of analyzing the intervals would be a comparison of the difference between the intervals and the theoretical model.
As described for the pitches, it is also important to study
the interval variety when extracting characteristics from
melodies. The interval variety can be calculated as the
number of intervals divided by the number of possible intervals, as defined by a practical limit.
There is also evidence that short melodic intervals tend
to be predominantly descenders as large ones are ascenders [22]. So a histogram of ascenders and descenders
as well as the proportion of ascending intervals are good
features to analyze the direction of the intervals.
In order to know the form of the melody, another metric is the stability in relation to the last interval [12].
That would represent how much the intervals tend to go in
the same direction as some musical phrases aim to get to
higher or lower pitches.
As very large intervals are usually rare, it is a common
practice to penalize very large intervals in the evaluation
of the solutions [14]. Although that is a common practice,
we remind that this rule can be very genre-specific and it
usually makes less sense when the interval leap is between
phrases.

4.1 Tonality and Dissonance
In relation to melodies, it is important to define the tonality of the melody if that information is not available because it changes the notes that will be desirable when the
intervals are decided. The K-S key-finding algorithm [23]
uses key profiles to find the key of a song based on its
pitches. The tonality of a melody can also be induced and
projected on a self-organizing map neural network of
tonality trained with 24 key profiles, as described by Toiviainen & Krumhansl [24]. The key of the melody can also
be analyzed through the melody with smaller windows of
time.
As we identify the key, we can usually recognize the occurrence of each dissonance, or infrequent notes, used in
the melody and the dissonance variety. It is important
to measure which dissonances are attracted to the closest
note belonging to the appropriate scale or having another
function.
Other features already employed [12] are key centered,
the proportion of notes which are tonic or dominant, nonscale notes and dissonant intervals.

4.3 Melodic Expectation
When someone listens to a melody, it is common to have an
expectation of what is going to come next. One important
study on that subject is Narmour’s Implication-Realization
Model [26], which can predict melodic expectancy reasonably well. Although the whole model is very complex,
some main points are mentioned here.
The first principle of the model is registral direction and
it implies that small intervals tend to be followed by a continuation of pitch direction while large intervals give expectation of a change in direction. Interval difference is
the principle that small intervals imply other intervals of
similar size while large intervals imply smaller intervals.
When a second interval leads to a pitch very close to the
original pitch, we have the principle of registral return.
Thus, listeners expect skips to return to a similar pitch. The
principle of proximity simply defines that small intervals
are more expected than large intervals. The last principle
is closure and it occurs when melody changes direction or
when a large interval is followed by a smaller interval.
The model has been quantified by Krumhansl [27]. In
her work, she also proposes a new principle called consonance. This principle states that unisons, perfect fourths,
fifths and octaves are favored intervals. However, this is a
very context-specific assertion as melodies may have many

more chromatic or dissonant intervals, depending on its
genre.
Of course the melody key also influences the expectations
of the listeners, so the values of expectation can be changed
to conform more to the tonal stability values [28]. In addition to that, the current pitch being used in the melody
can influence the size of the next interval as it may tend
to be followed by a note that belongs to the key. As unstable tones tend to be attracted by stable tones, melodic
attraction [29] can also be analyzed on the melodies.
Two reformulations in the model [30] are tessitura, which
states that the following notes tend to the median pitch
height, and mobility, which uses autocorrelation to predict
if the next pitch is predictable in relation to the previous intervals. A quantifyed implementation of all these measures
is available from Eerola and Toiviainen [31].
There are ways to use those expectations in an evaluation function: (i) using the model directly and penalizing
melodies that do not follow the model or (ii) studying the
relation between a large corpora of melodies and the
model before penalizing melodies that do not have a similar relation.

tion of the notes in the bar as well as the location of the
notes in the beat. It has been revealed that a hierarchical grid of note locations may exist in the expectation of
Western melodies [34]. This metric can also be useful to
find syncopated rhythms in a database. It is also relevant
to know the location of the first notes and the location of
the last notes.
The data related to the location of the notes can also be
compared to the data related to the location of the notes
weighted by their duration, as the notes with longer duration are more notable to the listeners [35].
Other interesting metrics [12, 14] are suspensions, notes
that lie across two consecutive chords; notes at downbeats
and notes at half-bar, as those are significant beats in a
bar; long notes, notes that last for too long; note density,
the sparseness or “business” of a melody; rest density, the
amount of silence; rhythmic variety, the durations used
compared to the possible durations; rhythmic range, the
rank difference from the longest to the shortest note, all
divided by the number o possible durations.
6. PATTERN METRICS

4.4 Contour
Contour represents the sorts of movements being performed
by the melodies. The contour of a melody is usually easier
to remember than all the intervals [32]. There are various
types of melodic contour and the occurrence of each sort
of contour can be used to evaluate melodies. We can identify several sorts of contour [33] in melodies: (i) ascending,
(ii) descending, (iii) undulating, (iv) pendulum, (v) cascading, (vi) arc or (vii) rise. Naturally, another feature to analyze would be the variety of the type of contour.
A form of controlling contour is to have the average interval direction and size and compare it to the melody
[14]. Other contour metrics already employed [12] are the
average contour direction, or the direction of the intervals, contour stability, how many intervals change their
direction, movement by step, the amount of diatonic intervals, leap returns, large intervals not followed by a return
interval, and climax strength, the inverse of the number of
times a climatic note is repeated in the melody.
5. RHYTHM METRICS
The first feature to be analyzed in relation to rhythm is the
duration of notes and duration variety. In order to do
that, all possible durations have to be determined to a practical limit. Other features to be studied are the duration of
the first notes and the duration of the last notes on each
musical phrase. The rhythmic proportion or the rhythmic difference of the melodies, or the proportion or difference between the longest and the shortest note, is also
something to be studied. Also as important as analyzing
the occurrence of pitches in a melody is to perceive the occurrence of silence in the melodies as it can dramatically
change its meaning.
Another characteristic which forms the rhythm is when
the notes are played. Two important features are the loca-

The relation between pitch and rhythm can be used to make
a psychologically motivated [36] identification of melodic
patterns or phrases. An autocorrelation technique [37] can
identify those patterns by correlating series with a delayed
copy of the melody. This autocorrelation technique can
be used to identify patterns in the contour, pitch or rhythm.
Another idea for finding patterns in pitches is to use pattern matching [14] to make a histogram of the number of
pitch patterns found for each melody size.
Other metrics [12] are the number of repeated pitches
in relation to the number of intervals used and repeated
rhythmic values. Extensions of this idea are the number
of repeated pitch of rhythm patterns of n notes.
6.1 Phrases
Melodies usually consist of many musical phrases. By
dividing the melody into phrases, we can analyze (i) the
phrase sizes in the melodies as well as (ii) all the features
mentioned so far in the paper individually for the phrases.
The latter is nice to perceive if the extension of possibilities used in all the songs also apply for different phrases
in the same song. In most cases, the information on the
segmentation of the melodies is not available. In that case,
there are rule-based approaches for melodic segmentation
based on Gestalt psychology [38] or extensions of these
ideas [39]. There are also statistical approaches based on
the analysis of melodies [40].
Similarly to how we described the possibility to use autocorrelation to find patterns in the melody, once we have
the phrases boundaries, we can also use correlation to detect similarity between the phrases. Dividing the melody
into smaller units allows an analysis of variance of pitch
range between phrases, which is an important resource
to create melodic variety. Other features are the distance
between phrases and number of phrases per melody.

6.2 Originality
Many methods have attempted to generate melodies that
not only follow the rules but also are original and diverse
[5]. AC algorithms cannot be considered efficient if they
always return the same “best” melody. There is also a
strong relation between the originality of the themes and
their popularity [41]. The least original themes may be
considered banal as the most original may be considered
too complex.
Although the concept of originality in aesthetics is very
complex, some originality of a melody in relation to many
other compositions may be inferred by its note transition
probabilities in relation to the average melody [42]. The
expectancy-based model [43] uses melodic expectancy
theories to define the complexity of a melody. Another
way to measure the originality of a melody is to monitor
melodic parameters, as any of the parameters mentioned
herein. By monitoring those parameters, it is possible to
detect a change in behavior in the melody as compared to
the parameters used up to that point.
6.3 Second order analysis
As music is a contextual art, it makes sense to analyze the
influence of the parameters into one another. For instance,
it is possible that a particular pitch sequence may lead to
expectations related to the duration of notes. In that case,
it is important to have an analysis of second, third or nth
order in a way that we can discover those interactions between the parameters.
Those analyses are usually not simple and lead to a task
that is also important in first order analyses: the metric
importance. We have mentioned so many metrics that we
have to distinguish which ones are the most important, be
it of first, second or third order. One proposed strategy
to measure the importance of a feature is to analyze its
standard deviation [12], as low standard deviations in a
parameter indicate that it puts a strong constraint on the
melodies.
7. CONCLUSION AND FUTURE WORK
As mentioned in this paper, the previous approaches to formalize an evaluation function for generating melodies have
only been partial and the intention of this paper is to expand the pool of ideas on which computer-aided composers
may be working on at the moment. Although there may be
many more features to research, this work might expand
the possibilities of feature categories of which composers
have been thinking.
An AC procedure will not be able to handle all the features mentioned here. A simple weighted sum of objective
functions or many objective optimization may not be the
best answers to this problem and those may be in fact very
naive solutions. Future studies must include how to put
those metrics together to evaluate melodies.
In order to put the metrics together for use in a genetic algorithm, of course an analysis of which ones are the most
important features as well as an analysis of the practical
limits of those metrics have to be developed. Thus, future

work should analyze many melodies and define which ones
are strong constraints for a specific music genre or even to
devise theoretical models. Naturally, the most important
measures will be dependent on the style of the melodies
analyzed. Besides defining which are the most important
measures, a study of which measures overlap can help handling all the features mentioned here.
It is important to clarify that although we have mentioned
many general metrics of automatic evaluation, there are always specific matters in each repertoire that must be taken
into account for a good analysis of the songs.
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