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Abstract

In the psi3 pitch spelling algorithm, the pitch name of a note is assumed to depend on the local
key and voice-leading. In the first stage of ps/3, the pitch name implied for a note by a tonic is
assumed to be the one that lies closest to that tonic on the line of fifths. The strength with which
a pitch name is implied for a note is assumed to be proportional to the sum of the frequencies of
occurrence, within a context around the note, of the tonics that imply that pitch name. In the second
stage of psl3, certain neighbour-note and passing-note errors in the output of the first stage are
corrected. An implementation of psi3, called PS13, spelt correctly 99.31% of the notes in a 195972
note test corpus, C. A post-processing phase was added to PS13 in which the pitch names computed
by PS13 are transposed by a diminished second if this brings them closer on the line of fifths to the
pitch names of the notes in their vicinity. This version of the algorithm spelt 99.43% of the notes in C
correctly. When the second stage was removed altogether from PS13, 99.44% of the notes in C were
spelt correctly. The psi3-based algorithms achieved higher note accuracies than the algorithms of
Temperley, Longuet-Higgins, Cambouropoulos and Chew and Chen on both C and a ‘noisy’ version
of C containing temporal deviations similar to those that occur in MIDI files derived from human

performances.
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Figure 1: Three perceptually similar patterns with different chromatic pitch interval structures (from
the first bar of the Prelude in C minor (BWYV 871/1) from Book 2 of J. S. Bach’s Das Wohltemperirte
Clavier).

1 Introduction

A pitch spelling algorithm attempts to compute the correct pitch names (e.g., Cf4, Bb5 etc.) of the notes
in a passage of tonal music, when given only the onset-time, MIDI note number and possibly the duration
and voice of each note.

There are good practical and scientific reasons for attempting to develop a reliable pitch spelling al-
gorithm. First, such an algorithm is an essential component of a MIDI-to-notation transcription system—
that is, a system that reliably computes a correctly notated score of a passage when given only a MIDI
file of the passage as input. Second, existing audio transcription systems generate not notated scores but
MIDI-like, ‘piano roll’ representations as output (Abdallah and Plumbley, 2004; Davy and Godsill, 2003;
Plumbley et al., 2002; Walmsley, 2000). So, if one needs to produce a notated score from a digital audio
recording, one needs not only an audio transcription system but also a MIDI-to-notation transcription
algorithm (incorporating a pitch spelling algorithm).

Third, knowing the letter-names of the pitch events in a passage is useful in music information re-
trieval and musical pattern discovery (see, for example, Meredith et al., 2002, pp. 328-330). In particular,
two occurrences of a motive on different degrees of a scale might be perceived to be similar even if the
corresponding chromatic intervals in the patterns differ. In Figure 1, for example, the three patterns A,
B and C are perceived as being three occurrences of the same motive even though the corresponding
chromatic intervals are different in the three patterns. Note that, in this example, one important aspect of
the perceived similarity between patterns A, B and C is nicely represented in the notation by the fact that
they all have the same scale-step interval structure (i.e., a descending step followed by two ascending
steps). In other words, one result of the choice of pitch names for the notes in this passage is that the
scale-step interval structures are the same for these three perceptually similar but chromatically different
patterns. This illustrates the fact that a correctly notated score is not simply a set of instructions for the
performer (cf. tablature). A correct Western staff notation score of a passage of tonal music is a structural
description that represents certain important aspects of the way that the passage is intended to be per-
ceived and interpreted. As Longuet-Higgins (1976, p. 646) pointed out, “much can be learned about the
structural relationships in any ordinary piece of music from a study of its orthographic representation”.

If the pitch names of the notes are encoded, matches such as the ones in Figure 1 can be found using
fast, exact-matching algorithms such as those described by Knuth et al. (1977), Galil (1979) and Boyer
and Moore (1977). However, if the pitches of the notes are represented using just MIDI note numbers,

matches such as the ones in Figure 1 can only be found using slower and more error-prone approximate-
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matching algorithms such as those described by Crochemore et al. (2001) and Cambouropoulos et al.
(2002). Thus, if a reliable pitch spelling algorithm existed, it could be used, for example, to compute the
pitch names of the notes in the huge number of MIDI files freely available on the internet, allowing these
files to be searched more effectively by a music information retrieval system.

The development of a reliable pitch spelling algorithm can also serve the scientific purpose of fur-
thering our understanding of music perception and cognition. For example, Temperley’s pitch spelling
algorithm forms one part of a computational model of music cognition that attempts to explain how “we
extract basic kinds of musical information ... from music as we hear it” (Temperley, 2001, p. ix). In
Temperley’s view, “recognizing spelling distinctions” (i.e., identifying the pitch names of the notes in a
piece) is “of direct experiential importance, for pitches, chords, and keys” and “provides useful input in
harmonic and key analysis” (Temperley, 2001, p. 122).

Cambouropoulos (2003, p. 412) similarly argues that distinguishing between enharmonic spellings
reflects “underlying tonal qualities of pitch and, thus, may facilitate other musical tasks such as harmonic
analysis, melodic pattern matching, and motivic analysis”. He also claims that “it allows higher level
musical knowledge to be represented and manipulated in a more precise and parsimonious manner.”

In a similar way, Longuet-Higgins’s (1976, p. 646) pitch spelling algorithm was developed as part
of a computer program that was “intended to embody, in computational form, a psychological theory of
how Western musicians perceive the rhythmic and tonal relationships between the notes of ... melodies”.

It is therefore accepted by those in the field that the development of a reliable pitch spelling algorithm
may provide us not only with a useful tool for transcription and music information retrieval, but also with
“useful insights into possible cognitive principles and mechanisms ...that may be at work during the
pitch transcription task” (Cambouropoulos, 2003, p. 413-414).

In this paper, section 2 is a discussion of the theory underlying the psi3 pitch spelling algorithm,
which several published evaluations have shown to be one of the most accurate pitch spelling algorithms
currently available (Meredith, 2003, 2005, 2006; Meredith and Wiggins, 2005). In section 3, various
basic concepts, notation, terminology and functions are defined that will be used without further comment
throughout the remainder of this paper. Then, in section 4, pseudocode will be presented and discussed
for an implementation of ps/3 called PS13. In section 5, the computational complexity of PS13 will
be discussed. In section 6, the methodology used here to evaluate and compare the algorithms will be
briefly described. Then, in section 7, I present the results obtained when PS13 was run on a test corpus,
denoted by C, containing 195972 notes equally divided between eight baroque and classical composers.
In section 8, possible ways of improving PS13 will be discussed and the results obtained when these
improvements are implemented will be presented. The results achieved by psi3 on the test corpus C
need to be set in context by considering what can be achieved using various trivial or chance-based
baseline algorithms. This is done in section 9. Then, in section 10, the best versions of psi3 will be
compared with optimised versions of the algorithms proposed by Cambouropoulos (1996, 1998, 2001,
2003), Longuet-Higgins (1976, 1987, 1993), Temperley (2001) and Chew and Chen (2003a,b, 2005). In
section 11, I present and discuss the results obtained when these same algorithms were run on a “noisy”
version of C in order to measure how robust they are to temporal deviations of the type that typically
occurs in MIDI files derived from human performances. Finally, in section 12, the main results of this

paper are summarised and some directions for future research are suggested.
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2 The theory underlying ps13

Most experts seem to agree that the pitch name of a note in a passage of tonal music is primarily a function
of the key at the point where the note occurs and the voice-leading structure of the music in the note’s im-
mediate context. For example, in the “theory of tonality” (Longuet-Higgins, 1987, p. 115) implemented
in the pitch spelling algorithm incorporated in Longuet-Higgins’s (1976, 1987, 1993) music.p pro-
gram, one rule ensures that each note is spelt in accordance with the local key (Longuet-Higgins, 1987,
pp. 112-113), while three other rules (Longuet-Higgins, 1987, pp. 113-114) are primarily designed to
ensure good voice-leading. Similarly, in Temperley’s (2001, pp. 124—132) theory of pitch spelling, the
first “tonal-pitch-class preference rule” (TPR 1) (Temperley, 2001, p. 125) effectively captures the influ-
ence of key on pitch spelling, while the second preference rule in this theory (TPR 2) (Temperley, 2001,
pp- 127-130) takes voice-leading into account.

Chew and Chen (2005, p. 61) state that pitch-spelling is “dependent on the key context, and to a
lesser extent, the voice-leading tendencies in the music”. In Chew and Chen’s pitch spelling algorithm,
the “center of effect” (Chew and Chen, 2005, p. 67) of a set of notes is defined to be the weighted centroid
of the position vectors of the pitch names of the notes in Chew’s (2000) “Spiral Array Model”, which is
a geometric model of tonal pitch relations. In the spiral array, the pitch names are arranged on a helix
so that adjacent pitch names along this helix are a perfect fifth apart and adjacent pitch names along the
length of the cylinder in which the helix is embedded are a major third apart. The center of effect of the
notes preceding the note to be spelt acts “as a proxy for” the local key, and notes are spelt so that they are
as close as possible to this center of effect (Chew and Chen, 2005, p. 63). However, although Chew and
Chen’s algorithm models the effect of key on pitch spelling, it does not take voice-leading into account,
and Chew and Chen (2005, pp. 73, 75) claim that this is one of the main causes of the errors made by
their algorithm.

Unlike most of the other pitch spelling algorithms that have been proposed in the literature, Cam-
bouropoulos’s method does not explicitly take key into account. Instead, it is based on what he calls the
principles of interval optimisation and notational parsimony (Cambouropoulos, 2003, p. 421). Interval
optimisation involves pitches being spelt so that the intervals between them are preferably either (a) ones
that occur frequently within the major and minor scales or (b) intervals that correspond to short distances

along the line of fifths, i.e.,

...FhChGPDbAPEbBhFCGDAEBFYCt G Df Af Ef Bt ...

(Cambouropoulos, 2003, p. 423). Preferring to use intervals that correspond to short distances along
the line of fifths tends to keep the pitch names close together on the line of fifths, which may indirectly
model the effect of key on pitch spelling to some extent. Similarly, preferring to use intervals that
occur frequently within the major and minor scales would tend to lead to the notes being spelt so that
the implied key does not change too frequently—again, indirectly modelling the effect of key on pitch
spelling. Furthermore, the principle of notational parsimony involves a pitch name being penalised if it is
a double-sharp or a double-flat—i.e., if it is more than 10 steps away from Dl on the line of fifths. This,
again, tends to keep the pitch names assigned to notes within a fairly compact region on the line of fifths,
which, indirectly, may serve to model the effect of key on pitch spelling.

The earliest published version of Cambouropoulos’s method (Cambouropoulos, 1996, 1998) incorpo-
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rated a ‘tie-breaker’ rule, based on Krumhans!’s (1990, pp. 150-151) principle of contextual asymmetry,
that aimed to ensure good voice-leading in certain situations. However, the two more recent published
versions of Cambouropoulos’s algorithm do not take voice-leading into account. Nevertheless, Cam-
bouropoulos (2003, p. 427) claims that “voice leading is also an important component of pitch spelling”
and proposes that “if the various melodic streams are predetermined, additional rules can cater to voice-
leading effects”.

When determining the pitch name of a note, the ps/3 algorithm (Meredith, 2003, 2005, 2006; Mered-
ith and Wiggins, 2005) explicitly takes into account both the key at the point where the note occurs and
the voice-leading structure of the music in the note’s immediate vicinity. psi3 is a two-stage algorithm:
in Stage 1, each note is assigned a pitch name in accordance with the local key; in Stage 2, pitch names
assigned in Stage 1 that lead to poor voice-leading are corrected.

In the algorithms of Temperley and Longuet-Higgins, the influence of key on pitch spelling is taken
into account by assigning pitch names that are as close as possible on the line of fifths to either each
other (in Temperley’s theory) or the tonic (in Longuet-Higgins’s theory). In Chew and Chen’s algorithm,
each pitch is spelt so that it is as close as possible to a “center of effect” which acts “as a proxy for” the
key (Chew and Chen, 2005, p. 63). The results of a thorough evaluation of Chew and Chen’s algorithm
(Meredith and Wiggins, 2005, p. 286; Meredith, 2006, Chapter 5) showed that it performed equally well
when the spiral array was replaced with the line of fifths. All this suggests that the effect of key on pitch
spelling can be successfully modelled by spelling each note so that it is as close as possible to the local
tonic on the line of fifths. This has therefore been adopted as the basic principle underlying Stage 1 of
psi3. If this principle is adopted, however, one needs to decide whether notes six semitones away from
the tonic are spelt as sharpened subdominants or flattened dominants. In psi3, notes six semitones away
from the tonic are spelt so that they are six steps sharp of the tonic rather than six steps flat of it along
the line of fifths. This implies that, in Stage 1 of psi3, each note is spelt in the same way as it is in the
harmonic chromatic scale beginning on the local tonic (Associated Board of the Royal Schools of Music,
1958, p. 78).

A number of authors have claimed that key is more important than voice-leading for determining
pitch names. For example, Chew and Chen (2005, p. 61) claim that “the spelling of a given pitch number
is primarily dependent on the key context, and to a lesser extent, the voice-leading tendencies in the
music”. Krumhansl (1990, p. 79) states that “once a key (or key region) has been determined, the correct
spellings of the tones [i.e., pitch names] will be able to be determined in most cases”. Temperley (2001,
p. 125) claims that his TPR 1, which states that notes nearby in the music should be assigned pitch names
that are “close together” on the line of fifths, is “the most important” rule in his theory of pitch spelling
and that, “in many cases, this rule is sufficient to ensure the correct spelling of passages”. Moreover, in
a thorough evaluation carried out by Meredith (2006, Chapters 4-5) and summarised by Meredith and
Wiggins (2005, p. 286), Chew and Chen’s algorithm (which ignores voice-leading) and a straightforward
implementation of Temperley’s TPR 1 both achieved high note accuracies, supporting the claim that the
vast majority of notes in a passage of tonal music can be spelt correctly simply by keeping the pitch
names close together on the line of fifths.

In the algorithms of Longuet-Higgins, Temperley and Chew and Chen, the local tonic at each time
point in a passage of tonal music is represented by a single point on either the line of fifths or the spiral

array. However, the results of an experiment carried out by Krumhansl and Kessler (1982) suggest that
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two or more keys may be more or less strongly implied at any given point in a passage of tonal music
(Krumhansl and Kessler, 1982; Krumhansl, 1990, pp. 214-226). In this experiment, Krumhansl and
Kessler (1982) used the probe tone method to derive rating profiles for all the prefixes of ten chord
sequences, each containing nine chords. In each trial of the experiment, a listener had to judge how
well one of the 12 pitch classes fit with a particular sequence of chords forming a prefix of one of the
ten chord sequences. The listeners showed strong agreement with each other, so their probe tone rating
profiles were averaged. The correlation was then calculated between each of these 90 averaged rating
profiles and each of the 24 tonal hierarchies for the major and minor keys obtained by Krumhansl and
Kessler (1982) (see Krumhansl, 1990, pp. 25-31). Each of these calculated correlations was taken to
represent the strength with which a particular key was implied at a particular point in one of the chord
sequences. The results showed that, even in simple, non-modulating sequences of major and minor triads,
there may be two or more keys that are more or less strongly implied at any given location in the music.

This suggests that it may be inappropriate to represent the perceived tonic at a given point in a passage
by means of a single point on the line of fifths. This is effectively the same as using an “average” over
all the tonics that may be implied to various extents at a given location in the music as a point estimate
of the tonic. Such a representation would only be appropriate if the strengths with which the different
tonics were implied were ‘normally’ distributed around some point on the line of fifths. If the most
strongly implied tonics at a given point in the music are not typically adjacent on the line of fifths, then
representing the tonic as an average, point estimate on the line of fifths would be inappropriate. For
example, it might be that the two most likely tonics at a given point are the tonic of a major key and
the tonic of that key’s relative minor which would be a minor third below. In this situation, the two
most strongly implied tonics would be three steps apart on the line of fifths, possibly giving a bi-modal
distribution of strength of implication along the line of fifths. It may therefore be more appropriate to
represent the sense of key at a point in the music by a spectrum indicating the strength with which each
major and minor key is implied at a given location. Such a “key spectrum” might correspond to the
set of 24 correlations with the tonal hierarchies for the major and minor keys obtained by Krumhansl
and Kessler (1982) for each of the 90 probe-tone rating profiles obtained in their experiment to trace the
developing and changing sense of key in chord sequences.

However, if we want to use such a key spectrum to represent the sense of key in a pitch spelling algo-
rithm, we clearly cannot obtain the probe-tone rating profiles experimentally for every location in every
piece of music. Fortunately, Krumhansl (1990, pp. 66—70) discovered that there are highly significant
correlations between the major and minor tonal hierarchies, as measured experimentally by Krumhansl
and Kessler (1982), and the frequency distributions of pitch classes in major and minor tonal works.

Krumhansl and Schmuckler used this result as the basis of a key-finding algorithm (Krumhansl, 1990,
pp. 77-110). This algorithm takes as input a 12-vector, I = (dy, da, . . . d12), giving the total durations of
the 12 pitch classes in the passage whose key is to be determined. Then, for each of the 12 major and 12
minor key probe-tone rating profiles K; (Krumhansl and Kessler, 1982), the correlation r; is calculated
between K; and I. This gives a 24-vector, R, representing a key spectrum, in which each entry gives the
strength with which a particular key is implied in the passage being analysed.

Note that, in Krumhansl and Schmuckler’s algorithm, the durations of the notes are taken into ac-
count. However, note duration was not taken into account in the data obtained by Youngblood (1958)
and Knopoff and Hutchinson (1983) that Krumhansl (1990, pp. 66—70) used to show that there is a strong
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correlation between pitch class frequency distributions in tonal works and the probe-tone rating profiles
for major and minor keys. This suggests that it may be possible to predict the sense of key accurately by
simply counting the number of notes with each pitch class in a passage, giving equal weight to each note
regardless of its duration.

Krumhansl and Kessler’s (1982) probe tone rating profiles for the major and minor keys were ob-
tained by asking musically experienced participants to judge how well each of the 12 pitch classes “fit
with” various unambigous key-defining contexts (Krumhansl, 1990, pp. 25-31). For both major and mi-
nor keys, the highest rating was given to the tonic, followed by the other notes in the tonic triad, then the
other scale tones and finally the non-scale tones (Krumhansl, 1990, pp. 29-31). Krumhansl (1990, p. 30)
observes that the ordering of the probe-tone ratings for the 12 pitch classes “corresponds to the musical
dimension variously known as relative stability, structural significance, priority, resolution, and rest”. It
therefore seems reasonable to interpret the probe-tone rating of a pitch class within one of these key
profiles to be an indicator of how fonic-like that pitch class is perceived to be within that particular key
context. This interpretation is supported by the fact that the major-key profile, obtained by Krumhansl
and Shepard (1979) when musically trained listeners were asked to rate how well each pitch class com-
pleted an incomplete scale, was very similar to that obtained by Krumhansl and Kessler (1982) when
listeners were asked to judge how well each pitch class “fit with” the key context.

As discussed above, Krumhansl (1990, pp. 66—70) observed that the probe tone rating profiles for
the major and minor keys, as obtained by Krumhansl and Kessler (1982), correlate very well with the
frequency distributions of pitch classes in major and minor tonal works. This implies that the frequency
with which a pitch class occurs within a particular tonal context is typically a good indicator of how
well it “fits with” that context—a result which seems almost self-evident, since one would hardly expect
composers of tonal music to make frequent use of pitch classes that sound out of place. But, as discussed
in the previous paragraph, it seems reasonable to interpret the probe-tone rating of a pitch class within
one of Krumhansl and Kessler’s (1982) key profiles to be an indicator of how fonic-like that pitch class
is perceived to be. Therefore, it seems likely that the frequency with which a pitch class occurs within a
particular tonal context should typically be a good indicator of how tonic-like that pitch class is within
that context. This, in turn, suggests that the frequency with which a pitch class occurs within a context
surrounding some point in a piece of tonal music should provide a good measure of the likelihood of that
pitch class being perceived to be the tonic at that point in the music. Therefore, in Stage 1 of ps/3, the
likelihood of a particular pitch class being that of the tonic at a given location in a passage is assumed
to be proportional to the frequency with which that pitch class occurs within a region surrounding that
location.

In Stage 1 of psi3, it is assumed that the notes are spelt so that they are as close as possible to
the tonic on the line of fifths, with notes 6 semitones away from the tonic being spelt as sharpened
subdominants rather than flattened dominants. This is the same as saying that, in ps/3, it is assumed
that notes are spelt as they are in the harmonic chromatic scale starting on the local tonic (Associ-
ated Board of the Royal Schools of Music, 1958, p. 78). Given this assumption, the pitch name, p,
of a note, IV, can be inferred if we know the pitch class of NV and the pitch class, ¢, of the local tonic.
In other words, for each note, NV, (whose pitch class we know), each of the 12 possible local tonic pitch
classes, ct, implies a specific pitch name, p. It is assumed that the strength with which a particular local

tonic pitch class, ¢, implies a pitch name, p, is proportional to the frequency with which ¢; occurs within
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a region of the music surrounding N which I call the context of N. That is, the strength with which a
particular pitch name, p, is implied by a particular local tonic pitch class, ¢, is assumed to be directly
related to the likelihood of ¢, being perceived to be the local tonic pitch class, which, as discussed in the
previous paragraph, is, in turn, assumed to be proportional to the frequency with which ¢; occurs in the
context surrounding N. In general, a particular pitch name, p, may be implied for a note, NV, whose pitch
class we know, by more than one local tonic pitch class, ¢;. In Stage 1 of psi3, the total strength with
which a particular pitch name, p, is implied for a note, NV, is therefore taken to be proportional to the sum
of the frequencies of occurrence within the context of N of the local tonic pitch classes, ¢, that imply
the pitch name, p. The most strongly implied pitch name, p, is then assigned to the note, N.

It can therefore be seen that Stage 1 of ps/3 only takes the local sense of key into account when
assigning pitch names to the notes in a passage. As discussed earlier in this section, voice-leading also
plays a part in determining pitch names. Stage 2 of psi3 takes voice-leading into account by correcting
those instances in the output of Stage 1 where a neighbour note or passing note is erroneously predicted

to have the same letter name as either the note preceding it or the note following it (see Figure 12).

3 Preliminary definitions

3.1 Ordered sets and strings

The names of ordered sets will be printed in bold-face font. When printed in full, the elements of an
ordered set will be enclosed between angle brackets and separated by commas (e.g., A = (1,2,3,1)
contains the elements 1, 2, 3 and 1 in that order). The empty ordered set will be denoted by (). The
ith element of an ordered set, A, will be denoted by A[i — 1]. This ‘square- bracket’ notation can
be used when an ordered set is printed out in full: (1,2,3,4)[2] = 3. It can also be extended for
accessing elements of nested ordered sets. For example, if A = ((1,2,3), (1, (2,3)), (1, (2, (3)))), then
A[0][1] = 2 and A[2][1][1][0] = 3. The length of an ordered set, A, denoted by |A|, is the number of
elements in A (e.g., | (1,1,2,3)| = 4). If A = (ap, a1, ...an—1) then A[4, j] = (@i, ajy1,...aj-1). If
A = (ag,a1,...an—1) and B = (bg, b1, ... by,—1), then the concatenation of B onto A, denoted by A®B,
is (ag, a1, ...an—1,b0,b1,...bm—1). If A1, A9, ... A, are all ordered sets, then " | A; = A1 B A &
... @ A,. An ordered set in which every element is a character may be called a string. When printed out
in full, strings and characters will be printed in teletype font. Characters will be enclosed between
single quotes (e.g., *a’). When printed out in full, the characters in a string may be printed adjacent to
each other between double quotes (e.g., "abcdefg" = (ta’, ‘b’, ‘c’,*d’, ‘e’, *£’, ‘g’ )). The
empty string (which is equal to the empty ordered set) will be denoted by "". All notation relating to

ordered sets may be used for strings. If Y is an ordered set, then the function POS(z, Y) returns
e nilif 2 is not an element of Y; and

e the least value of ¢ for which Y[i] = z, if « is an element of Y.

3.2 Pseudocode conventions

The pseudocode used in this paper should be easy to read for anyone who is familiar with a procedural
programming language (e.g., C or Java). Each algorithm is expressed as a function which begins with a

header line in which the name of the function is printed flush-left in CAPITALIZEDSMALLCAPS font (e.g.
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the word ‘COMPUTECHROMALIST’ on the first line of Figure 9). The name of the function is followed
on the same line by a list of parameters. For example, the function COMPUTECHROMALIST in Figure 9
takes two parameters, SortedOCPList and n. The lines following the header line of a function define
the instructions carried out by the function on its parameters. The looping constructs, while and for,
and the conditional constructs, if and else, have the same interpretation as in PASCAL. Block structure is
indicated solely by indentation. Everything occurring on a printed line after the symbol ‘»’ is a comment
and is not executed. The symbol ‘«—’ is used to denote assignment. Thus, the expression ‘z «+— y’ means
that the value of the variable called x becomes equal to the value of the variable called y. Note that, after
assignment, = does not refer to the same object as y. All variables and parameters in a function are local
to the function. Variables are not declared before they are used. If a variable’s value is an ordered set
(but not a string), then it is printed in bold-face, otherwise it is printed in italic. Global variables will not
be used. Parameters are passed to a function by value. This means the called function receives its own
copies of the parameters, so that if the value of a parameter is changed, this change occurs only within
the called function, not in the calling function (Cormen et al., 1990, p. 5). A return statement has the

same meaning here as it does in C (Kernighan and Ritchie, 1988, p. 25-26).

3.3 Some basic mathematical functions and algorithms

The function ABS(z) takes a real-number x as its argument and returns x if > 0 and —x if x < 0. The
floor of x, denoted by ||, returns the largest integer less than or equal to x. The ceiling of x, denoted
by [x], returns the smallest integer greater than or equal to x. The binary operation mod is defined as

follows: x mod y =z — y |z /y].

3.4 Pitch and pitch interval representations

In this paper, various different ways are used to represent various different types of pitch and pitch
interval information. In this section, certain concepts relating to pitch and pitch interval representation
will be introduced that will be used without further comment throughout the remainder of this paper.

An object may be called a pitch letter name if and only if it is a member of the set
{"A"’ "B"’ "Cll’ "Dll’ "EII’ "F"’ "G"’ "a"’ "b"’ "c"’ "d"’ "e"’ "f"’ "g"} .

An object may be called an accidental if and only if it is a string, A, which satisfies one of the following

conditions:
1. A=" ";
2‘ AE{"I’I","N"};

3. JA| > 1ANA[i] € { b, B }forall 0 <i < |A];

4. |A| > 1NA[i)e{ £, F" }forall0 <i < |A|;
5. Al > 1ANA[i]e{ s, s’} forall 0 < i < |A|;or
6. |A| > 1ANA[i] = 4’ forall 0 <i < |A].
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For example, "bbb", "###", "fF£" and "SSS" are all valid accidentals.

If x is a rational number, then NUM2STR(x) is a function which returns a string representation of
the number = as a decimal. For example, NUM2STR(—5) = "-5", NUM2STR(—5.32) = "-5.32"
and NUM2STR(—0.32) = "-0.32".

An object, PN, may be called a pitch name if and only if PN is a string of the form ¢ & a & o, where £
is a pitch letter name, a is an accidental and there exists some integer, 7, called the octave number of PN,
such that o = NUM2STR(4). The pitch name of a note in a score of a passage of western tonal music
can be derived from the note in the usual way, by considering the position of the note-head of the note
on the staff, the key signature and clef in operation where the note occurs, whether or not the music is
for a transposing instrument and the presence of any explicit accidentals that apply to the note. Thus, the
pitch name of middle Cis "Cn4" (which is equivalent to "cN4", "cn4", "c4" and "C4"). The pitch
name of ‘concert A’ is "An4". The lowest and highest notes on a normal piano keyboard are "An0" and
"Cn8". The octave number of a pitch name is the same as the highest "Cn" not above it on the staff,
which is not necessarily the highest "Cn" not above it in frequency. For example, in an equal-tempered
tuning system, "Bs3" has the same frequency as "Cn4". This system of pitch naming is equivalent to
that proposed by the Acoustical Society of America (Young, 1939) and accepted by the US Standards
Association (Backus, 1977, p. 154; Brinkman, 1990, p. 122).

If PN = { @ a® o is a pitch name such that £ is a pitch letter name, a is an accidental and o represents
the octave number of PN, then ¢ @ a is called the pitch name class of PN. In general, a string, PNC, may
be called a pitch name class if and only if PNC has the form ¢ @ a where / is a pitch letter name and a is
an accidental. Thus, the pitch name class of "Cn4" is "Cn". A pitch name class, PNC, represents the
set of pitch names that have the same pitch letter name and accidental as PNC.

The chromatic pitch of a pitch name, PN, is an integer that represents the key on a normal piano
keyboard which would have to be pressed in order to produce the pitch represented by the pitch name
PN. Raising the pitch by one semitone increases the chromatic pitch by 1 and lowering the pitch by one
semitone decreases the chromatic pitch by 1. In this study, the chromatic pitch of "An0" is defined to be
0, the chromatic pitch of "Bf 0" is 1, the chromatic pitch of "Gs0" is —1, the chromatic pitch of middle
C is 39, and so on. Enharmonically equivalent pitch names therefore have the same chromatic pitch.
For example, "Cn4", "Bs3", "Asss3" and "Df£4" all have a chromatic pitch of 39. Note that it is
possible for a note to have a higher position on a staff but a lower chromatic pitch than another note. For
example, the chromatic pitch of "Cn4" is 39 but the chromatic pitch of "Bss3" is 40. The chromatic
pitch of a note can be understood as being a representation of the log frequency of the fundamental of a
note in an equal-tempered tuning system. If p, is the chromatic pitch of a note, then the continuous pitch
code of the note in Brinkman’s (1990, p. 122) system is p. + 9 and the MIDI note number of the note is
Pe + 21 (The MIDI Manufacturers’ Association, 1996, p. 10).

If pc 1 and p o are two chromatic pitches, then the chromatic pitch interval from pe 1 to pc 2 is defined
tobe pc2 — pe1-

The morphetic pitch of a note is an integer that is determined by

1. the vertical position of the note-head on the staff,
2. the clef in operation on the staff at the location of the note and

3. the transposition of the staff.
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The morphetic pitch of a note is independent of the sounding pitch of a note and the chromatic pitch of
the note. Moving a note one step up on the staff (while keeping the clef constant) increases its morphetic
pitch by 1, whilst moving it down one step decreases its morphetic pitch by 1. The morphetic pitch of
"AnO" is defined to be 0. The morphetic pitch of a pitch name is independent of its accidental. Thus
"AnQ0", "Af£f£0" and "As0" all have a morphetic pitch of 0. The morphetic pitch of middle C is 23.
Note that it is possible for a note to have a higher frequency but lower morphetic pitch than another note.
For example, "Bss3" has a lower morphetic pitch (22) but a higher frequency than "Cn4" (whose
morphetic pitch is 23). If py, is the morphetic pitch of a note, then the continuous name code of the note
in Brinkman’s (1990, p. 126) system is pp, + 5 and the diatone of the note in Regener’s (1973, p. 32)
system is py, — 17.

If pm,1 and py o are two morphetic pitches, then the morphetic pitch interval from py 1 t0 py 2 is
defined to be py 2 — Pm,1-

The chromamorphetic pitch of a note is simply an ordered pair, (pc, pm), in which p; is the note’s
chromatic pitch and py, is the note’s morphetic pitch. If the chromamorphetic pitch of a note is
(P, pm), then its continuous binomial representation in Brinkman’s (1990, pp. 133-135) system is
(Pc + 9, pm + 5).

If (pc,1,Pm,1) and (pc2,Pm2) are two chromamorphetic pitches, then the chromamorphetic pitch
interval from (pc 1, Pm,1) t0 (Pe,2, Pm,2) 1S (Pe2 — Pe,1, Pm,2 — Pm,1)-

Chromamorphetic pitches and intervals behave in exactly the same way as (i.e., they are strictly
isomorphic to) pitch names and pitch interval names, respectively.

The chroma of a note is the least non-negative residue, modulo 12, of its chromatic pitch. That is, if
Pc is the chromatic pitch of a note, then its chroma is p. mod 12. For example, the chroma of "Cn4"
is 3. Therefore, if the chroma of a note is ¢, then its pitch class (as this term is used by Babbitt (1965),
Forte (1973), Rahn (1980), Morris (1987), Brinkman (1990, p. 119) and many others) is (¢ — 3) mod 12.

If ¢; and ¢ are two chromas, then the chroma interval (or pitch class interval) from c; to cs is defined
to be (c2 — ¢1) mod 12.

The morph of a note is the least non-negative residue, modulo 7, of its morphetic pitch. That is, if
Pm is the morphetic pitch of a note, then the morph of the note is p,, mod 7. The morph of a note is
simply a numerical representation of its pitch letter name, with "A" corresponding to a morph of 0, "B"
corresponding to a morph of 1, "C" corresponding to a morph of 2 and so on. If the morph of a note is
m, then its name class in Brinkman’s (1990, p. 124) theory is (m — 2) mod 7 and its diatonic note class
in Regener’s (1973, p. 34) theory is (m + 2) mod 7.

If m; and mqy are two morphs, then the morph interval from m;j to ms is defined to be (mg —
my) mod 7.

If p. is the chromatic pitch of a note, then its chromatic octave is |p./12]. If py is the morphetic
pitch of a note, then its morphetic octave is |pyn/7|. Note that the morphetic and chromatic octaves of
a note may not always be equal. For example, the chromatic octave of "Af3" is 2, but its morphetic

octave is 3. If the morphetic octave of a note is oy, then the octave number of its pitch name is

1. op if the morph of the note is less than 2; and

2. om + 1 otherwise.

Note that one flaw in Brinkman’s (1990) system of pitch representation is that he does not distinguish

between chromatic and morphetic octave.
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In this study, pitch interval names, such as “rising major third”, “falling perfect fifth” and “perfect

prime”, will be represented by strings of the form d & g & s, where:
1. d, the direction of the pitch interval name, is a member of the set {"r", "£", ""};

2. g, the quality of the pitch interval name, is either a member of the set {"ma", "mi", "p"} or a
string of any length in which every character is an ‘a’ or a string of any length in which every

characterisa *d’; and

3. s, the diatonic size of the pitch interval name, is a string representation of an integer greater than

ZEro.

If the direction of a pitch interval name is " r", this indicates that the pitch interval name is rising; if
itis "£", the pitch interval name is falling. Primes can be neither rising nor falling, so their direction is

" " Note that the direction of a pitch interval name is
1. rising (" r") if its morphetic pitch interval is positive;
2. falling (" £") if its morphetic pitch interval is negative; and
3. absent (" ") if its morphetic pitch interval is zero.

The direction of a pitch interval name is therefore independent of its chromatic pitch interval. Thus, the
chromatic pitch interval of a rising pitch interval name may be negative. For example, a rising triply-
diminished second has a chromatic pitch interval of —1 but a morphetic pitch interval of 1.

If an interval is major, then its quality is "ma"; if it is minor, its quality is "mi"; if it is perfect,
its quality is "p"; if it is augmented, its quality is "a"; and if it is diminished, its quality is "d". The
quality of an n-tuply augmented interval is a string of length n in which every character is an ‘a’. The
quality of an n-tuply diminished interval is a string of length n in which every characterisa *d’.

The diatonic size of a pitch interval name is "1 " for a prime, "2" for a second, "3" for a third, "4"
for a fourth and so on. The diatonic size of a pitch interval name may be any integer greater than 0.

As examples, the pitch interval name "raaa3" represents a rising triply-augmented third (e.g., the
interval from "Cn4" to "Esss4"); the pitch interval name "dd1" represents a doubly-diminished
prime (e.g., the interval from "Cn4" to "C££4"); and the pitch interval name "£d10" represents a
falling diminished tenth (e.g., the interval from "Cn4" to "As2").

Two pitch interval names are members of the same piftch interval name class if and only if the dif-
ference between them is an integer number of rising or falling perfect octaves. In this study, a pitch
interval name class is represented by writing the rising pitch interval name with the lowest diatonic size
in the class between square brackets. For example, the pitch interval name class ["rmi3"] contains,
amongst others, the pitch interval names "rmi3", "rmi10", "fma6" and "fmal3". A pitch interval
name class containing a prime is represented by writing that prime interval between square brackets (e.g.,
["al"] contains "al", "ra8", "£d8" and so on).

Figure 2 shows the line of fifths. The line of fifths is a 1-dimensional pitch name class space in which
each pitch name class is adjacent to the pitch name classes that are a perfect fifth above and below it. The
line-of-fifths position of a note is an integer that indicates the position on the line of fifths of the pitch
name class of the note. "Fn" is defined to have a line-of-fifths position of 0. Transposing a pitch name

class by a rising perfect fifth increases its line-of-fifths position by 1 and transposing it by a rising perfect
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Pitch name class --+ Fo Cb Gb Db Ab E» B F C G D A E B Ff C§ Gf Dj Af Ef Bf ---
LOF position, quint (Regener) --- =7 -6 -5 -4-3-2-10 1 2 3 4 5 6 7 8 9 10 11 12 13 ---
TPC (Temperley) --- -6 =5 -4 -3 -2-1 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 ---
Sharpness (Longuet-Higgins) --- -8 -7 -6 -5-4-3-2-1 0 1 2 3 4 5 6 7 8 9 10 11 12 ---

Figure 2: Line of fifths, showing the line-of-fifths position, Regener’s quint, Temperley’s tonal pitch class
and Longuet-Higgins’s sharpness for each pitch name class.

fourth decreases its line-of-fifths position by 1. If ¢ is the line-of-fifths position of a note, then its quint
in Regener’s (1973, p. 33) theory is ¢, its tonal pitch class in Temperley’s (2001, p. 118) theory is £ 4 1
and its sharpness in Longuet-Higgins’s (1987, p. 111) theory is £ — 1.

If /1 and ¢5 are two line-of-fifths positions, then the line-of-fifths interval or line-of-fifths displacement
from ¢1 to £y is fo — £1. If 04 is the line-of-fifths displacement of a pitch interval name, then the line-
of-fifths displacement class is 6¢ mod 7 and the line-of-fifths displacement cycle is |6¢/7|. The line-of-
fifths displacement class, 6¢ mod 7, is related to the diatonic size, s, of a pitch interval name class by the
equation

¢ mod 7= (2(s — 1)) mod 7.

The line-of-fifths displacement cycle of a pitch interval name class is directly related to its quality. Specif-

ically,

1. if the quality is n-tuply augmented and the diatonic size is not 4, then the line-of-fifths displacement

cycle is n;

2. if the quality is n-tuply augmented and the diatonic size is 4, then the line-of-fifths displacement

cycleisn — 1;

3. if the quality is n-tuply diminished and the diatonic size is 1 or 5, then the line-of-fifths displace-

ment cycle is —n;

4. if the quality is n-tuply diminished and the diatonic size is neither 1 nor 5, then the line-of-fifths
displacement cycle is —n — 1.

If ¢ is the line-of-fifths position of a pitch name, then the morphetic line-of-fifths class of the pitch
name is £ mod 7, the morphetic line-of-fifths cycle of the pitch name is | ¢/7], the chromatic line-of-fifths
class of the pitch name is ¢ mod 12 and the chromatic line-of-fifths cycle of the pitch name is |¢/12].
Two pitch names have the same morph if and only if they have the same morphetic line-of-fifths class.
Two pitch names have the same chroma if and only if they have the same chromatic line-of-fifths class.
Two pitch names have the same accidental if and only if they have the same morphetic line-of-fifths
cycle.

The displacement of a note (not to be confused with the line-of-fifths displacement of a pitch interval)
is a numerical representation of its accidental. The displacement of a note is zero if the accidental is
natural, 1 if it is sharp, —1 if it is flat, 2 if it is double-sharp, —2 if it is double-flat, and so on.

The undisplaced pitch name of a note is the natural pitch name with the same morphetic pitch as the
note. The undisplaced chromatic pitch, MIDI note number, chroma, pitch name class, etc. of a note are,
respectively, the chromatic pitch, MIDI note number, chroma, pitch name class, etc. of the undisplaced

pitch name of the note.
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P2PN(CMP)

1 Morph «— CMP[1] mod 7

2 LetterName <— ("A","B" "C" "D","E","F", "G") [Morph]

3 UndisplacedChroma — (0,2,3,5,7,8,10) [Morph]

4 Displacement — CMP[0] — 12 |CMP[1]/7| — UndisplacedChroma
5  Accidental — ""

6 if Displacement # 0

7 if Displacement < 0

8 AccidentalChar < "£"

9 else

10 AccidentalChar < "s"

11 for i «— 0 to ABS(Displacement) — 1

12 Accidental < Accidental & AccidentalChar
13 else

14 Accidental <— "n"

15 ASAOctaveNumber — |CMP[1]/7 |

16 if Morph > 1

17 ASAOctaveNumber < ASAOctaveNumber + 1

18 return LetterName @ Accidental & NUM2STR(ASAOctaveNumber)

Figure 3: The P2PN algorithm.

The undisplaced pitch interval name of a pitch interval name, PIN, is the major or perfect pitch inter-
val name that has the same direction and diatonic size as PIN. The undisplaced quality, chromatic pitch
interval, chroma interval, pitch interval name class, etc. of a pitch interval name, PIN, are, respectively,
the quality, chromatic pitch interval, chroma interval, pitch interval name class, etc. of the undisplaced
pitch interval name.

The interval displacement of a pitch interval name, PIN, (on an analogy with the displacement of a
pitch name) is an integer that indicates the difference between the quality of PIN and the undisplaced
quality of PIN (just as the displacement of a pitch name indicates the difference between the accidental
of the pitch name and natural). Specifically, if the undisplaced quality is "ma", then the interval dis-
placement is: O if the quality of PIN is "ma", —1 if the quality of PIN is "mi", —n — 1 if the quality of
PIN is n-tuply diminished and n if the quality of PIN is n-tuply augmented. If the undisplaced quality is
"p", then the interval displacement is: O if the quality of PIN is "p", n if the quality of PIN is n-tuply
augmented and —n if the quality of PIN is n-tuply diminished.

3.5 Algorithms for converting between different pitch and pitch interval representations

A selection of algorithms for converting between different types of pitch and pitch interval represen-
tations will now be presented. The following is not intended to constitute a complete and exhaustive
conversion system. Only those functions that are used in this paper will be presented here (for a larger
selection of conversion algorithms, see Meredith, 2006, pp. 41-50).

The pitch name that corresponds to a chromamorphetic pitch, CMP, can be determined using the
function P2PN, defined in Figure 3. This function has one parameter, CMP, which must be a chro-
mamorphetic pitch.

The pitch name class of a note can be derived from its pitch name using the trivial function, PN2PNC,
defined in Figure 4.

The line-of-fifths position of a pitch name class can be computed using the function PNC2LOF,
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PN2PNC(PN)

1 i< |PN|—1

2 while PN[i] € { "=, Y07, 17,27 V37 V47 N57 NGr N77 Ngr Ngr}
3 i—i—1

4 return PN[0,7 + 1]

Figure 4: The PN2PNC algorithm.

PNC2LOF(PNC)

1 MorpheticLOFClass < POS(UPCASE(PNC[0]), "FCGDAEB")
2 if (|PNC| =1) v (UPCASE(PNCI[1]) = *N’)

3 MorpheticLOFCycle < 0

4  else

5 if UPCASE(PNC[1]) € { s, ‘#'}

6 MorpheticLOFCycle — |PNC| — 1

7 else

8 if UPCASE(PNC[1]) € {'B", ‘F’}

9 MorpheticLOFCycle — 1 — |PNC|

10 return MorpheticLOFClass + TMorpheticLOFCycle

Figure 5: The PNC2LOF algorithm.

defined in Figure 5. PNC2LOF has a single parameter, PNC, which must be a valid pitch name class.
The function UPCASE(x), called in the first line of PNC2LOF, has a single parameter, , which must
be either a string or a character. If x is a string, then UPCASE(z) returns the string that results when
every alphabetic character in x is replaced with its upper case equivalent and the other characters are left
unchanged. If x is an alphabetic character, then UPCASE(z) returns the character that is the upper case
version of x. If z is a non-alphabetic character, then UPCASE(x) returns x.

The pitch name of a note can be determined from its MIDI note number and its tonal pitch class (Tem-
perley, 2001, p. 118) using the function TPCMIDI2PN which is defined in Figure 6. TPCMIDI2PN
takes two parameters: TPC, which must be a tonal pitch class; and MIDINoteNumber, which must be a
MIDI note number. The basic strategy used in TPCMIDI2PN is to compute the appropriate chromamor-
phetic pitch and then use the function P2PN, defined in Figure 3, to compute the pitch name from this
chromamorphetic pitch.

The pitch name of a note can be computed from its line-of-fifths position and its chromatic pitch
using the function LOFCP2PN, defined in Figure 7. This function has two parameters: LOF, which

must be a line-of-fifths position; and CP, which must be a chromatic pitch. The MIDI note number is

TPCMIDI2PN(TPC, MIDINoteNumber)

ChromaticPitch < MIDINoteNumber — 21

Morph — (4TPC + 1) mod 7

Displacement — | (TPC —1)/7|

UndispChromPitch < ChromaticPitch — Displacement
MorpheticOctave < | UndispChromPitch/12 |
MorpheticPitch <— Morph + TMorpheticOctave

return P2PN((ChromaticPitch, MorpheticPitchy))

~N NN R W=

Figure 6: The TPCMIDI2PN algorithm.
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LOFCP2PN(LOF, CP)
1 return TPCMIDI2PN(1 + LOF, CP + 21)

Figure 7: The LOFCP2PN algorithm.

PS13(SortedOCPList, Kpre, Kpost)
» Stage 1 begins here.
n < |SortedOCPList|

1
2 ChromaList < COMPUTECHROMALIST(SortedOCPList, n)
3 ChromaVectorList «<— COMPUTECHROMAVECTORLIST(ChromalList, Kpre, Kpost, 1)
4 MorphList < COMPUTEMORPHLIST(ChromaList, ChromaVectorList, n)
» Stage 2 begins here.
5  OCMChordList <— COMPUTEOCMCHORDLIST(SortedOCPList, ChromaList, MorphList, )
6  Nch < |OCMChordList|
7  OCMChordList < CORRECTNEIGHBOURNOTES(OCMChordList, Ncy,)
8  OCMChordList < CORRECTDOWNWARDPASSINGNOTES(OCMChordList, Ncp,)

9  OCMChordList < CORRECTUPWARDPASSINGNOTES(OCMChordList, Ncy,)

10 MorphList < COMPUTENEWMORPHLISTFROMOCMCHORDLIST(OCMChordList, Ncy,)
11  MorpheticPitchList — COMPUTEMORPHETICPITCHLIST(SortedOCPList, MorphList, n)
12 return COMPUTEOPNLIST(SortedOCPList, MorpheticPitchList, n)

Figure 8: The PS13 algorithm.

derived by adding 21 to CP and the tonal pitch class is derived by adding 1 to LOF.

4 PS13: an implementation of psi13

Figure 8 shows an implementation called PS13 of the complete ps/3 algorithm introduced in section 2
above. As shown in Figure 8, lines 1-4 implement Stage 1 of the algorithm and lines 5-12 implement
Stage 2. PS13 has three parameters: SortedOCPList, K. and Ko5. SortedOCPList is an ordered set
of ordered pairs in which each ordered pair, (ton, pc), gives the onset time, to,, and the chromatic pitch,
Pe, of a single note or sequence of tied notes in the passage to be analysed. It is assumed that the elements
of SortedOCPList have been sorted by increasing onset time and chromatic pitch, with priority given to
onset time.

As explained in section 2, in Stage 1 of ps/3, the likelihood of a pitch class, ¢, being that of
the tonic at the point where a note, N, occurs is assumed to be proportional to the frequency with
which ¢; occurs within a context surrounding N. The parameters, Kpe and Kpos, of PS13 de-
termine the size of this context. Specifically, the context for the note, N, represented by the or-
dered pair, SortedOCPList[i], is SortedOCPList|ContextStart, ContextEnd] where ContextStart =
MAX({0,i — Kpre }) and ContextEnd = MIN({n,i + Kpos }) where n = |SortedOCPList|. K. must

therefore be an integer greater than or equal to zero and Ko must be an integer greater than zero.

4.1 Implementing Stage 1 of ps13: Lines 1-4 of PS13

In line 2 of PS13 (see Figure 8), an ordered set of chromas, ChromalList, is derived from
SortedOCPList such that |ChromaList| = |SortedOCPList| and ChromaList[i] is the chroma
of the note represented by SortedOCPList[i| for all 0 < ¢ < n. This can be accomplished
using the simple function defined in Figure 9. Next, in line 3 of PS13 (see Figure 8), the
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COMPUTECHROMALIST(SortedOCPList, n)

1 ChromaList < ()

2 fori—O0ton—1

3 Chroma «— SortedOCPList[][1] mod 12
4 ChromalList < ChromaList & (Chroma)
5  return ChromaList

Figure 9: The COMPUTECHROMALIST function.

COMPUTECHROMAVECTORLIST(ChromaList, Kpre, Kpost, 1)
ThisVector — (0,0,0,0,0,0,0,0,0,0,0,0)
for i < 0 to MIN({n, Kpost}) — 1
ThisVector[ChromaList[i]] < 1 + ThisVector[ChromalList[:]]
ChromaVectorList < (ThisVector)
fori — 1ton—1
if i 4 Kpost <n
ThisVector[ChromaList[i + Kpost — 1]] <— 1 + ThisVector[ChromaList[i + Kposc — 1]]
ifi — Kpe >0
ThisVector[ChromaList[i — Kpe — 1]] < ThisVector[ChromaList[i — Kpe — 1]] — 1
ChromaVectorList < ChromaVectorList & (ThisVector)
return ChromaVectorList

—_ = 0 0 O\ AW =

— O

Figure 10: The COMPUTECHROMAVECTORLIST function.

function COMPUTECHROMAVECTORLIST, defined in Figure 10, is used to construct an ordered
set of 12-vectors, ChromaVectorList, such that |ChromaVectorList| = |SortedOCPList| = n
and ChromaVectorList[i] represents the chroma frequency distribution within the context surround-
ing SortedOCPList[i| defined by K, pre and Kpog (i.e., the chroma frequency distribution within
SortedOCPListMAX ({0, — Kpre }), MIN({n, i + Kpos })]). Therefore, when line 3 of PS13 has
completed, ChromaVectorList[:][c] gives the frequency with which chroma, ¢, occurs within the con-
text, SortedOCPListMAX ({0, — Kpre }), MIN({n, i + Kpos } )], surrounding the note represented by
SortedOCPList|[:].

The ultimate purpose of Stage 1 (i.e., lines 1-4) of PS13 is to assign to each element of
SortedOCPList the morph which is most strongly implied by the context around that element. Given the
morph and chromatic pitch of a note, its pitch name can be computed directly (given certain reasonable
assumptions which will be discussed below in connection with the COMPUTEMORPHETICPITCHLIST
function, defined in Figure 19).

As explained in section 2, in Stage 1 of ps/3, each note N (whose pitch class we know) is assigned
the most strongly implied pitch name, where the strength with which a given pitch name, p, is implied
is assumed to be proportional to the sum of the frequencies of occurrence within the context of NV of the
local tonic pitch classes that imply the pitch name, p. It was also stated that, if we assume that notes are
spelt as they are in the harmonic chromatic scale and we know the pitch classes of the local tonic and the
note to be spelt, then the pitch name of the note can be inferred. However, this is a simplification: strictly
speaking, we can only infer the pitch name of the note if we also know the pitch name class assigned
to the tonic where the note occurs. Unfortunately, we do not, in general, know the pitch name class to
be assigned to each tonic chroma at each point in a passage. Therefore, in the PS13 implementation of
psi3, I make the simplifying assumption that the pitch name class associated with a given tonic chroma

remains constant throughout the passage to be analysed. For example, if the pitch name class associated
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with the tonic chroma, 9, at the beginning of the passage to be analysed is "F's", then it is assumed that
the pitch name class, "Fs", is associated with the tonic chroma, 9, throughout the passage.

In order to explain how PS13 implements Stage 1 of ps/3, the points made in the previous paragraph
need to be re-considered more formally. Let’s suppose that the variable, ChromalList, computed in line
2 of PS13, is equal to (co, c1, . .. cn—1), so that c; denotes the (j + 1)th element of ChromaList. The

task to be accomplished in lines 1-4 of PS13 is to construct a list of morphs,
MorphList = (mg, m1,...my_1),

such that m; is the morph that is most strongly implied by the context around chroma, ¢;. Let m/(c;, j)
denote the morph that should be assigned to the chroma, c;, if the chroma of the tonic where c; occurs is
cy; and let my(cy, j) denote the tonic morph associated with ¢; at the point where c; occurs. If ¢; is spelt

in accordance with the harmonic chromatic scale, then
m(c, j) = (MorphInt[(c; — ¢;) mod 12] + my(cy, j)) mod 7, (1)

where
MorphlInt = (0,1,1,2,2,3,3,4,5,5,6,6) . 2)

Let Ci(m, j) denote the set of tonic chromas that imply that the morph, m, should be assigned to ¢;. That

18,

Ci(m, j) = {e | m(e, ) = m} . (3)

It follows that the strength, S(m, j), with which morph, m, is implied as the spelling for ¢; is given by

S(m,j) = Z ChromaVectorList|[j][c], 4)
Clecl(mvj)

where ChromaVectorList is the list of 12-vectors computed in line 3 of PS13. Therefore, the morph,

m,;, that should be assigned to c; in Stage 1 of PS13 is given by
mj = POS(MAX((S(0, /), (L, ), ... S(6,5)}). (S(0,5). S(L,j),... 5(6.)))- 5)

The foregoing paragraph suggests that each m; in MorphList can be computed by

1. computing m(c, j) forall 0 < ¢, < 11 using Eq. 1;

2. computing Ci(m, j) for all 0 < m < 6 using Eq. 3;

3. using ChromaVectorList to compute S(m, j) for all 0 < m < 6 in accordance with Eq. 4; and
4. using Eq. 5 to compute m;.

However, in order to carry out the first of these four steps, we need to know my(c, 7) forall 0 < ¢ < 11
and all 0 < j < n, which, unfortunately, we do not. We therefore have to make an assumption about
each value of m(c, j) and the assumption made in PS13 is that m(c, j) = m(c, 0) forall 0 < j < n.
In other words, it is assumed in PS13 that the morph associated with a given ¢ is constant throughout

the passage to be analysed.
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COMPUTEMORPHLIST(ChromaList, ChromaVectorList, n)
n
1 MorphList — & (nil)
j=1
» First compute myg.
InitMorph — (0,1,1,2,2,3,4,4,5,5,6,6)
co < ChromalList[0]
mg < InitMorph|[co]
MorphInt — (0,1,1,2,2,3,3,4,5,5,6,6)
» Compute Eg. 8 for 0<¢ <11.
TonicMorphForTonicChroma «— (nil, nil, nil, nil, nil, nil, nil, nil, nil, nil, nil, nil)
forc, — Oto 11
TonicMorphForTonicChroma|c;| <+ (mo — MorphInt[(co — ¢;) mod 12]) mod 7

MorphForTonicChroma — (nil, nil, nil, nil, nil, nil, nil, nil, nil, nil, nil, nil)
10  TonicChromaSetForMorph «— (nil, nil, nil, nil, nil, nil, nil)
11 MorphStrength — (nil, nil, nil, nil, nil, nil, nil)
12 forj«—Oton —1

» Compute Eqg. 1 for 0<c¢ <11.
13 forc, — 0to11
14 ¢ < ChromalList([j]
15 MorphForTonicChromal[c] < (MorphlInt[(c — ¢;) mod 12] 4+ TonicMorphForTonicChromal|c]) mod 7

» Compute Eq. 3 for 0 <m <6.
16 form — 0to6

(S NNV I )

[c-BEN e

el

17 TonicChromaSetForMorph[m] « nil

18 for m < 0to 6

19 forcc — Oto 11

20 if MorphForTonicChroma|c] = m

21 TonicChromaSetForMorph[m| < (c;) @ TonicChromaSetForMorph|[m)]

» Compute Eg. 4 for 0 <m <6.
22 for m — O to 6

23 MorphStrength[m] «— > ChromaVectorList[j][c(]
¢ € TonicChromaSetForMorph[m/]

» Compute Eg. 5.
24 MorphList[j] < Pos(Max(MorphStrength), MorphStrength)
25 return MorphList

Figure 11: The COMPUTEMORPHLIST function.

This still leaves the problem, of course, of determining m;(c, 0) for all 0 < ¢ < 11. However, this
problem can be easily solved by assigning a reasonable but otherwise arbitrary morph to cq. This can be

done, for example, by setting

mo = InitMorph|[co], (6)
where
InitMorph = (0,1,1,2,2,3,4,4,5,5,6,6). 7)
mi(cy, 0) is then given by
my(ct, 0) = (mo — MorphInt[(co — ¢;) mod 12]) mod 7. (8)

MorphList can therefore be computed by, first, computing my(c, 0) for all 0 < ¢, < 11 using Eq. 8; and,
then, carrying out the four steps given in the previous paragraph for each value of j between 0 and n — 1.
This strategy is implemented directly in the function COMPUTEMORPHLIST, defined in Figure 11.
Note that, at line 24 in COMPUTEMORPHLIST, if MorphStrength[k] = MAX(MorphStrength)
for two or more values of k, then POS(MAX(MorphStrength), MorphStrength) arbitrarily returns the
least value of k for which MorphStrength[k] = MAX(MorphStrength). One way of improving this
implementation of ps/3 might therefore be to incorporate rules for choosing, in a principled way, the best

value of k in this type of situation.
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Figure 12: Examples of the types of passing and neighbour note errors corrected in Stage 2 of ps/3.

CoMPUTEOCMCHORDLIST(SortedOCPList, ChromaList, MorphList, n)
OCMList — ()
fori —Oton —1
OCMList — OCMList & ((SortedOCPList[:][0], ChromaList[i], MorphList[:]))
OCMChordList — ((OCMList[0]))
fori — 1ton —1
if OCMList[i][0] = OCMList[i — 1][0]
OCMChordList[|OCMChordList| — 1] < OCMChordList[|OCMChordList| — 1] & (OCMList]:])
else
OCMChordList — OCMChordList & ((OCMList[i]))

1
2
3
4
5
6
7
8
9
10 return OCMChordList

Figure 13: The COMPUTEOCMCHORDLIST function.

4.2 Implementing Stage 2 of ps13: Lines 5-12 of PS13

As explained near the end of section 2, the purpose of Stage 2 of ps/3 is to take voice-leading into account
by correcting those cases in the output of Stage 1 where a neighbour note or passing note is erroneously
predicted to have the same letter name (i.e., morph) as either the note preceding it or the note following
it (see Figure 12).

Stage 2 of psi3 is implemented in lines 5-12 of PS13 (see Figure 8). In lines 5-10, the variable,
MorphList, is modified to produce a new list of morphs in which cases like the ones in Figure 12 have
been corrected. In line 11, this new value of MorphList is used in conjunction with the chromatic pitches
in SortedOCPList to compute a morphetic pitch for each element in SortedOCPList which is stored in
the list, MorpheticPitchList. Finally, in line 12, the morphetic pitches in MorpheticPitchList are used
in conjunction with the chromatic pitches in SortedOCPList to compute pitch names for all the notes in
the passage being analysed and the algorithm outputs a list of ordered pairs in which each ordered pair
gives the onset time and pitch name of a single note or sequence of tied notes.

As just explained, the purpose of lines 5-10 of PS13 is to take the list of morphs, MorphList,
generated by the COMPUTEMORPHLIST function in line 4, and correct errors like the ones in Figure 12,
producing a new, corrected value for MorphList. The first step in this process is carried out by the
function COMPUTEOCMCHORDLIST, which is called in line 5 of PS13 and defined in Figure 13. In
lines 1-3 of COMPUTEOCMCHORDLIST, the value of SortedOCPList provided by the user to PS13,

SortedOCPList = ((ton,0, Pc,0) (ton,1:Pc,1) - - - (tonn—1,Pe,n—1)) »
together with the value of ChromaList computed in line 2 of PS13,
ChromalList = (cy,c1,...cp-1),
and MorphList, computed in line 4 of PS13,

MorphList = (mg, my,...my_1),
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CORRECTNEIGHBOURNOTES(OCMChordList, Ncy)

1 <0

2 while ¢ < N¢y, — 2

3 for j — 0 to |OCMChordList[i]| — 1

4 Note; — OCMChordList[][7]

5 if Note; [1,3] € JIOQMChordtistli2l=1 o cmchordList[i + 2][][1, 3]}
6 for ¢ — 0 to |OCMChordList[i + 1]| — 1

7 Notey <« OCMChordList[: + 1][/]

8 if Note; [2] = Note3 [2]

9 if (Note2[1] — Note; [1]) mod 12 € {1,2}

10 OCMChordList[i + 1][¢][2] — (Notex[2] + 1) mod 7
11 if (Note; [1] — Notez[1]) mod 12 € {1,2}

12 OCMChordList[i + 1][¢][2] — (Notex[2] — 1) mod 7

13 t— i+ 1
14 return OCMChordList

Figure 14: The CORRECTNEIGHBOURNOTES function.

are used to compute a list of triples,
OCMList = ((ton,0, 0, M0) , (ton,1, €1, M1) - . - (tonn—15 Cn—1, Mn—1)) - )

Then, in lines 4-10 of COMPUTEOCMCHORDLIST, this list of triples, OCMList, is partitioned
into classes, called chords, such that each chord contains all and only those triples, (ton j,cj, mj) €
OCMList, for which the onset time, o, ;, is equal to a particular value. In other words, no two
chords contain triples whose onset times are the same, and all the triples within a particular chord have
the same onset time. These chords are stored, in increasing order of onset time, in the ordered set,
OCMChordList, which is returned in line 10 of COMPUTEOCMCHORDLIST.

In line 6 of PS13, the number of elements (i.e., chords) in the list, OCMChordList, computed by
COMPUTEOCMCHORDLIST in line 5, is stored, for convenience, in the variable, Ncy,. Then, in line 7 of
PS13, the function CORRECTNEIGHBOURNOTES, defined in Figure 14, takes OCMChordList as input
and corrects neighbour-note voice-leading errors such as the ones in Figure 12 (a) and (b). Let’s suppose
that

OCMChordList = (Ho, Hy, ... Hyy—1) -

CORRECTNEIGHBOURNOTES considers, in turn, each sequence of three chords, (H;, H;11, Hit2), (0 <
i < Ncp—3). For each three-chord sequence, (H;, H; 1, H;12), the function takes each note in H;, stores
this note in the variable, Note;, (line 4) and determines whether there is a note in H;» that has the same
morph and chroma (line 5). If there is, each note in H;; (stored in Notes) is checked to see if it has the
same morph as Note; (line 8). If Note; and Notes have the same morph, then line 9 determines whether
Note, is 1 or 2 semitones above Note; (i.e., (Notez[1] — Note;[1]) mod 12 € {1,2}). If Note; has the
same morph as Note; and it is 1 or 2 semitones above Notey, then it is assumed to be an incorrectly
spelt upper neighbour note and its morph is increased by 1 (mod 7) in line 10. Also, if Note; and
Notes have the same morph, then line 11 determines whether Notey is 1 or 2 semitones below Note;
(i.e., (Note;[1] — Notes[1]) mod 12 € {1,2}). If Note, has the same morph as Note; and it is 1 or 2
semitones below Note;, then it is assumed to be an incorrectly spelt lower neighbour note and its morph
is decreased by 1 (mod 7) in line 12. When all the three-chord sequences have been checked and, if

necessary, modified in this way, the new value of OCMChordList is returned in line 14.
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Figure 15: Bar 7 from J. S. Bach’s Fugue in F minor (BWYV 857), chosen to illustrate problems with
CORRECTNEIGHBOURNOTES function.

The function CORRECTNEIGHBOURNOTES implements what is clearly only a very crude method for
correcting incorrectly spelt neighbour notes. For example, if the input data encoded in SortedOCPList
is derived from a MIDI file generated from a performance of the passage to be analysed, then notes that
are notated as starting simultaneously may well have slightly different onset times in SortedOCPList. If
this is the case, then notes that should be members of the same chord may become members of different
chords in OCMChordList. In this situation, a note that is actually an incorrectly spelt neighbour note
may not occur in the chord that immediately follows the chord containing the note that precedes it in the
neighbour note pattern. Such an incorrectly spelt neighbour note would therefore not be corrected by
the CORRECTNEIGHBOURNOTES function. For example, if the "Dn4" semiquaver in the alto voice,
3/8 of the way through the bar in Figure 15, were spelt as an "E££4" and the tenor "Bf3" quaver
were played very slightly before this incorrectly spelt alto neighbour note, then the CORRECTNEIGH-
BOURNOTES function would fail to correct this error. Also, CORRECTNEIGHBOURNOTES will fail to
correct a neighbour note if another note, not involved in the neighbour note pattern, starts between the
incorrectly spelt neighbour note and the note that precedes it in the pattern. For example, if the "D£3"
crotchet in the bass part in Figure 15 were spelt as a "Cs3", CORRECTNEIGHBOURNOTES would fail
to correct it, even if all the note onsets were strictly proportional to their notated values. This is because
the bass "Cn3" crotchet which precedes this neighbour note would not be contained within the chord in
OCMChordList preceding that containing the neighbour note—in fact, there would be two intervening
chords between the one containing the first bass "Cn3" and the chord containing the bass neighbour
note "Df3", incorrectly spelt as "Cs3".

Having corrected (some of) the incorrectly spelt neighbour notes, the function CORRECTDOWN-
WARDPASSINGNOTES, defined in Figure 16, is then used in line 8 of PS13 to correct (some of the)
passing note errors like examples (¢) and (e) in Figure 12. Again, let’s suppose that OCMChordList =
(Ho,Hi,...Hyy—1). Like CORRECTNEIGHBOURNOTES, CORRECTDOWNWARDPASSINGNOTES
considers, in turn, each sequence of three chords, (H;, H;+1, Hi+2), (0 < i < Ncn — 3). For each
three-chord sequence, (H;, H;11, H;t2), the function takes each note in H;, stores this note in the vari-
able, Note;, (line 4) and then checks each note in H;,o (stored in Notes in line 6) to determine if its
morph is two less than that of Note; (mod 7) (see line 7). If this is the case for a particular value of
Notes, this means that the pitch interval between Note; and Notes is octave-equivalent to a falling third.

In this case, the function checks each note in H;; (stored in Notes in line 9) to see if

1. it has the same morph as either Note; or Notes (hence the expression,

Notey [2] € {NOtel[Q]aNOteS [2]}7
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CORRECTDOWNWARDPASSINGNOTES(OCMChordList, Ncy,)
1 ¢<0

2 while ¢ < Nep — 2

3 for j — 0 to |OCMChordList[i]| — 1

4 Note; — OCMChordList[][7]

5 for k& — 0 to |[OCMChordList[i + 2]| — 1

6 Notes «— OCMChordList[i + 2][k]

7 if Note3[2] = (Note; [2] — 2) mod 7

8 for £ — 0 to |OCMChordList[i + 1]| — 1
9 Notez < OCMChordList[: + 1][¢]

1

0 if (Notez [2] € {Note; [2], Note3[2]})
A(0 < (Noteq[1] — Notez[1]) mod 12 < (Note; [1] — Notez[1]) mod 12)

11 CanChange — true
12 for m «— 0 to |OCMChordList[; + 1]| — 1
13 Note — OCMChordList[i + 1][m]
14 if (Note[2] = (Note; [2] — 1) mod 7) A (Note[1] # Notex[1])

15 CanChange — false
16 if CanChange
17 OCMChordList[i + 1][¢][2] < (Note; [2] — 1) mod 7

18 i—i+1
19  return OCMChordList

Figure 16: The CORRECTDOWNWARDPASSINGNOTES function.

in line 10); and

2. the chroma interval from Note; to Note; is greater than zero and less than that from Notes to

Note; (hence the expression,
0 < (Note;[1] — Notey[1]) mod 12 < (Note;[1] — Notes[1]) mod 12,

in line 10).

If both these conditions are satisfied, then the note stored in Note; is a candidate for correction. However,
this note only has its morph changed to being one less (mod 7) than that of Note; (line 17), if there is not
already a note in H;;; with a morph one less (mod 7) than that of Note; and a chroma that is not equal
to that of Note, (see line 14). This ensures that the ‘correction’ does not lead to two or more notes with
different chromas having the same morph in the same chord.

Like the CORRECTNEIGHBOURNOTES function, CORRECTDOWNWARDPASSINGNOTES is only a
crude implementation of a method for correcting downward passing note errors and suffers from similar
short-comings to those of the CORRECTNEIGHBOURNOTES function described above.

Having corrected (some of) the incorrectly spelt downward passing notes, the function
CORRECTUPWARDPASSINGNOTES, defined in Figure 17, is then used in line 9 of PS13 to correct
(some of the) passing note errors like examples (d) and (f) in Figure 12. The CORRECTUPWARDPASS-
INGNOTES function works in essentially the same way as the CORRECTDOWNWARDPASSINGNOTES
function just described.

Having completed the process of correcting various types of voice-leading error, a modified
MorphList is produced from OCMChordList in line 10 of PS13, using the trivial function COM-
PUTENEWMORPHLISTFROMOCMCHORDLIST, defined in Figure 18.

Then, in line 11 of PS13, this corrected MorphList is given, together with SortedOCPList, as input
to the function COMPUTEMORPHETICPITCHLIST, defined in Figure 19, which returns a list of mor-
phetic pitches which is stored in the variable MorpheticPitchList. COMPUTEMORPHETICPITCHLIST
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CORRECTUPWARDPASSINGNOTES(OCMChordList, Ncp, )

1 <0
2 while ¢ < N¢y, — 2
3 for j < 0to |OCMChordList[:]| — 1
4 Note; — OCMChordList[][7]
5 for &k «— 0 to |OCMChordList[i + 2]| — 1
6 Note3 < OCMChordList[: + 2][k]
7 if Notes[2] = (Note;[2] + 2) mod 7
8 for £ — 0 to |OCMChordList[; + 1]| — 1
9 Notes — OCMChordList[i + 1][¢]
10 if (Note2[2] € {Note; 2], Note3[2]})
A(0 < (Note3[1] — Note2[1]) mod 12 < (Note3[1] — Note; [1]) mod 12)
11 CanChange «— true
12 for m — 0 to |OCMChordList[: + 1]| — 1
13 Note — OCMChordList[i + 1][m]
14 if (Note[2] = (Note;[2] 4+ 1) mod 7) A (Note[1] # Notez[1])
15 CanChange +— false
16 if CanChange
17 OCMChordList[i + 1][¢][2] < (Note; [2] + 1) mod 7

18 i— i+ 1
19 return OCMChordList

Figure 17: The CORRECTUPWARDPASSINGNOTES function.

COMPUTENEWMORPHLISTFROMOCMCHORDLIST(OCMChordList, Ncp, )
1 OCMList — ()

2 fori<—OtoNc, —1

3 OCMList — OCMList & OCMChordList|:]

4

return /2™~ (OCMList]j][2])

Figure 18: The COMPUTENEWMORPHLISTFROMOCMCHORDLIST function.

COMPUTEMORPHETICPITCHLIST(SortedOCPList, MorphList, n)

1 MorpheticPitchList < ()

2 fori—Oton—1

3 ChromaticPitch — SortedOCPList[:][1]

4 Morph «— MorphList[i]

5 MorphOct, < | ChromaticPitch/12]

6 MorphOct, < MorphOct; + 1

7 MorphOcts < MorphOct; — 1

8 MP — MorphOct; + (Morph/T)

9 MPy — MorphOcty + (Morph/7T)

10  MP3 «— MorphOcts + (Morph/T)

11 Chroma «— ChromaticPitch mod 12

12 CP — MorphOct; + (Chroma/12)

13 DiffList — (|CP — MPy|,|CP — MP3|,|CP — MPs|)

14 MorphOctList < (MorphOct; , MorphOcty, MorphOcts)

15 BestMorphOct < MorphOctList[Pos(MIN (DiffList), DiffList)]
16 BestMorpheticPitch < Morph + (7 x BestMorphOct)

17 MorpheticPitchList < MorpheticPitchList & (BestMorpheticPitch)
18 return MorpheticPitchList

Figure 19: The COMPUTEMORPHETICPITCHLIST function.
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CoMPUTEOPNLIST(SortedOCPList, MorpheticPitchList, n)

1 OPNList — ()

2 fori«—Oton —1

3 PN — P2PN((SortedOCPList[i][1], MorpheticPitchList[:]))
4 OPNList — OPNList @ ((SortedOCPList[:][0], PN))

5 return OPNList

Figure 20: The COMPUTEOPNLIST function.

uses the morph and the chromatic pitch of each note to predict the most likely morphetic pitch for that
note. Let’s suppose that a note has a chromatic pitch, p., and a morph, m. Now it is possible for a note’s
morphetic octave to be different from its chromatic octave. For example, the morphetic octave of "Af4"
is 4 whereas its chromatic octave is 3. However, if the difference between the morphetic octave and the
chromatic octave is more than 1, the pitch name of the note must have at least 13 flats or sharps. Therefore
we may safely assume in PS13 that the difference between the chromatic and morphetic octaves of a note
will never be more than 1. Therefore, if we’re given the morph, m, and chromatic pitch, p., of a note, we
may safely assume that its morphetic octave, o, will be a member of the set, {oc, oc + 1,0, — 1}, where
oc, the chromatic octave, is equal to |p./12]. We are therefore left with the problem of deciding for each
note whether its morphetic octave should be o, o + 1 or o — 1. Fortunately, this can easily be solved
correctly in almost every case by choosing the value of oy, for which |oy, + (m/7) — (0. + (¢/12))] is
a minimum, where ¢ = p. mod 12. Having found an appropriate morphetic octave, op,, for a note, its
morphetic pitch, p,, = m + 7op, can be computed directly. This is precisely the strategy implemented
in the function COMPUTEMORPHETICPITCHLIST.

Finally, in line 12 of PS13, the COMPUTEOPNLIST function, defined in Figure 20, uses the
list of morphetic pitches in MorpheticPitchList in conjunction with the chromatic pitches given in
SortedOCPList to compute a pitch name for each note. The pitch name for each note is computed
from its chromatic and morphetic pitches in line 3 of COMPUTEOPNLIST using the P2PN function
defined in Figure 3.

5 Computational complexity of PS13

As already mentioned near the beginning of section 4, it is assumed in PS13 that the elements in
SortedOCPList have been sorted by increasing onset time and chromatic pitch, with priority given to
onset time. If this is not the case, then this data has to be sorted in a pre-processing phase which would
require O(n log n) time in the worst case where 7 is the number of notes in the input passage. Lines 1 and
6 of PS13 can each be executed in constant time, provided that SortedOCPList and OCMChordList
are stored appropriately; and it is straightforward to see that lines 2, 3, 4 and 5 of PS13 each run in O(n)
time in the worst case, where n = |SortedOCPList|. The worst-case time complexity of Stage 1 of
PS13 is therefore O(n).

It can be shown that the worst-case running time of the CORRECTNEIGHBOURNOTES function,
called in line 7 of PS13 and defined in Figure 14, is O(Cn) where C is the maximum number of notes
that occur simultaneously in a single chord. It can also be shown that the worst case running time of
CORRECTDOWNWARDPASSINGNOTES is O(C®n), that is, linear in the number of notes in the input

passage, but cubic in the maximum number of notes that occur simultaneously in a chord. This suggests
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that Stage 2 of PS13 may become impractically slow if the number of notes that occur simultaneously
in the music is extremely high. CORRECTUPWARDPASSINGNOTES clearly has the same worst-case
running time as CORRECTDOWNWARDPASSINGNOTES, that is, O(C®n) (Meredith, 2006).

Each of the functions COMPUTENEWMORPHLISTFROMOCMCHORDLIST (Figure 18), COM-
PUTEMORPHETICPITCHLIST (Figure 19) and COMPUTEOPNLIST (Figure 20) clearly has a worst-case
running time of O(n). Therefore, the overall worst-case running time of PS13 (and of Stage 2 of PS13
in particular) is O(C®n), where n is the number of notes in the input passage and C' is the maximum
number of notes that occur simultaneously in the music.

It can readily be shown that the worst-case space complexity of PS13 is O(n).

6 Methodology used for evaluating and comparing algorithms

When comparing algorithms, one must first identify relevant evaluation criteria—that is, specific ways in
which the performance of one algorithm might be considered interestingly different from that of another.
Then appropriate performance metrics have to be defined for these evaluation criteria. A performance
metric for a particular evaluation criterion is a way of measuring the performance of an algorithm with
respect to that criterion. When comparing pitch spelling algorithms, these performance metrics are used
to measure how well an algorithm performs on some specified test corpus of works. In the study described
here, the test corpus, which I denote by C, contained 195972 notes, consisting of 216 movements from
works by eight baroque and classical composers (Corelli, Vivaldi, Telemann, J. S. Bach, Handel, Haydn,
Mozart and Beethoven). This corpus was chosen so that it contained almost exactly 24500 notes for each
of the eight composers represented. This corpus was derived by automatic conversion from files in the
MuseData collection of encoded scores (Hewlett, 1997).!

In this paper, I use two principal evaluation criteria: spelling accuracy, that is, how well an algorithm
predicts the pitch names of the notes; and style dependence, that is, how much the spelling accuracy of
an algorithm is affected by the style of the music being processed. The performance metrics used here to
measure spelling accuracy are note error count and note accuracy. The note error count, NEC(A4, S), of
an algorithm A over a set of movements S is defined to be the total number of notes in .S spelt incorrectly
by A. The note accuracy, NA(A, S), of an algorithm A over a set of movements S is defined to be the
proportion of notes in S spelt correctly by A. In this study, the note accuracies were measured over the
complete test corpus and over each of the eight subsets of this corpus containing the works by a particular
composer. The standard deviation of the note accuracies over these eight composer subsets was used as
a measure of style dependence (SDgy).

If every pitch name in a movement is transposed by the same interval, the resulting score will still
be correctly notated—it will just be in a different key. For example, if every note in a correctly notated
movement in Gff minor is transposed up a diminished second, the resulting score will be in Ab minor but
it will still be correctly notated. Therefore, if every pitch name assigned in a movement by an algorithm
is the same interval away from the corresponding pitch name in the original ‘ground truth’ score, the
computed spelling for the movement should be considered correct. Consequently, in this study, for every

movement and every algorithm, three spellings were generated:

1. the spelling s generated directly by the algorithm;

! Available online at http: //www.musedata.org.
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2. another spelling generated by transposing s up a diminished second; and
3. athird spelling generated by transposing s down a diminished second.

The note error counts were then calculated for all three of these spellings and the spelling with the
smallest number of errors was defined to be the spelling generated by the algorithm for that movement
for the purpose of the results reported here.

Occasionally in tonal music, a modulation occurs that results in a passage being in an extremely
flat or extremely sharp key that requires many double flats or double sharps. Composers often choose
to notate such passages in enharmonically equivalent keys that require fewer accidentals because this
usually makes the music easier to read. When this happens, a sudden enharmonic change occurs in the
score in which the notated key suddenly changes to a very distant key even though no such modulation is
heard by the listener (Temperley, 2001, p. 135). The test corpus used here contained just one example of
such a sudden enharmonic change. This occurs at bar 166 in the fourth movement of Haydn’s Symphony
No. 100 in G major (‘Military’) (Hob. 1:100) where the notated key suddenly changes from Db major to
Ct major, even though no change in key is perceived by the listener. As no modulation is perceived by
the listener, it can be argued that spelling this movement without the enharmonic change (i.e., staying
in Db major) would also be correct. It was therefore decided that the output of each algorithm for this
movement should be compared with two “correct” spellings: one in which the notes are spelt as they are
in the original score; and a second, modified version, in which the enharmonic change is omitted. When
an algorithm performed better on the modified version than on the original, an alternative value for its
note accuracy will be given in the results.

Most of the various versions of ps/3 tested in this study achieved note accuracies higher than 99%
on C which prompts one to question whether the differences between these values are statistically signifi-
cant. To date, only Meredith (2005) has attempted to measure the statistical significance of the difference
between the spelling accuracies achieved by pitch spelling algorithms. However, he used McNemar’s
test for this purpose (McNemar, 1969, pp. 54-8), and this test is not strictly appropriate in this situation
because its validity depends on the correctness of any particular pitch name being independent of the
correctness of the pitch names assigned to the notes around it—which is usually not the case since many
pitch spelling algorithms (including psi3) typically use the context surrounding a note to determine its
pitch name. In fact, it seems that there is no straightforward statistical method that is entirely appro-
priate for giving a reliable estimate of the significance of the difference between two spelling accuracies
achieved over C. In order to avoid the risk of giving misleading estimates of significance, I have therefore
decided not to provide such estimates in this paper (for more discussion on this issue and some estimates
of significance, see Meredith, 2006, pp. 24-28, 321-323).

The algorithms were also evaluated for their robustness to temporal deviations of the type that typi-
cally occurs in MIDI files derived from human performances. This was done by running the algorithms
on a version of C in which the onset times and durations had been randomly adjusted by small amounts.

This will be discussed in more detail in section 11 below.

7 Results of running PS13 on the test corpus C

Meredith (2003) found that psi3 performed best on the first book of J. S. Bach’s Das Wohltemperirte
Clavier (BWYV 846-869) when K. was set to 33 and Ko Was set to either 23 or 25. However, these
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Kpre Kpost | Bach Beethoven Corelli Handel Haydn Mozart Telemann Vivaldi | Complete | SDs;y
1 5 33199.933 98.900 99.933 99.900 99.633 99.200 99.900 99.667 99.633 | 0.387
2 7 19 [ 99.933 98.933 99.933 99.900 99.467 99.133 99.967 99.800 99.633 | 0.407
3 3 22199.933 98.967 99.900 99.900 99.567 99.133 99.900 99.700 99.625 | 0.379
4 3 20 | 99.867 98.967 99.900 99.900 99.533 99.133 99.933 99.733 99.621 | 0.378
5 3 33199.933 98.900 99.900 99.900 99.667 99.133 99.900 99.633 99.621 | 0.395
6 4 34199.933 98.900 99.933 99.867 99.667 99.133 99.900 99.633 99.621 | 0.395
7 6 32199.933 98.900 99.933 99.900 99.600 99.133 99.900 99.667 99.621 | 0.398
8 8 18 [99.933 98.833 99.933 99.900 99.267 99.333 99.967 99.800 99.621 | 0.423
9 4 32199.933 98.933 99.933 99.867 99.633 99.133 99.900 99.600 99.617 | 0.386
10 3 35199.933 98.900 99.900 99.900 99.700 99.067 99.900 99.633 99.617 | 0.408
11 3 23199.933 98.800 99.900 99.900 99.567 99.200 99.933  99.700 99.617 | 0.416
12 10 40199.933 98.867 99.933 99.900 99.533 99.067 99.933  99.767 99.617 | 0.427
13 10 42199.933 98.867 99.967 99.900 99.533 99.067 99.933 99.733 99.617 | 0.429
14 7 23199.933 98.767 99.967 99.867 99.533 99.200 99.933 99.733 99.617 | 0.431
15 8 42199.933 98.867 99.967 99.933 99.533 99.067 99.933  99.700 99.617 | 0.431

Table 1: Note accuracies achieved by PS13 expressed as percentages over Csamp (“Complete”) and each
subset of Csamp containing music by a particular composer. Results are given for the 15 <Kpre, Kp05t>
combinations that produced the highest note accuracies. The last column gives the style dependence for
each of these <K pres KK post> combinations, measured over Csamp.

values of Kpe and Kpose may only be optimal for processing music specifically in the style of Bach’s
keyboard music—other values of Kpe and Ko may give better results on a stylistically more varied
test corpus such as the test corpus C used in this study.

To test this, PS13 was run 2500 times on a small subset of the test corpus C, each time using a
different pair of values for the parameters Kpr and Kpos, chosen so that both were between 1 and 50,
inclusive. The subset of C used contained exactly 24000 notes, consisting of exactly 3000 notes for each
of the 8 composers represented. This 24000 note subset of C will be denoted by Csymp. The mean and
standard deviation of the note accuracies achieved by PS13 on Csamp over all 2500 <Kpre, Kp05t> com-
binations tested were 99.52% and 0.076, respectively. The lowest note accuracy, 97.88%, resulted when
<Kpre, Kpost> was set to (1, 1); and the highest note accuracy, 99.63%, was achieved when <Kpre, Kpost>
was set to either (7, 19) or (5, 33). Table 1 shows the note accuracy and style dependence values achieved
by PS13 over Csapyp for the best 15 <Kpre7 Kpost> combinations tested.

PS13 was then run 17 times on the full test corpus, C, each time using a different combination of
values for the parameters K and Ko, chosen from the 15 <Kpre, Kp05t> combinations that resulted
in the highest note accuracy when the algorithm was run on Csapp, together with the two combinations
that resulted in the highest note accuracy when the algorithm was run on the first book of Bach’s Das
Wohltemperirte Clavier. Tables 2 and 3 show the note error counts and note accuracies, respectively,
achieved by PS13 for each of these 17 <Kpre, K p05t> combinations over C and each of the 8 subsets of
this test corpus containing works by a particular composer. The last column of Table 3 gives the style
dependence for each parameter value combination.

Note that the <Kpre, Kpost> combinations (33, 25) and (33, 23) were, respectively, the second and
fourth best-performing over the complete test corpus C of the 17 combinations tested, despite the fact
that they did not perform particularly well over Csamp: <K pres K post> = (33, 25) achieved a note accuracy
of 99.54% over Csamp and 888 of the 2500 combinations tested performed better than it; <K pres Kpost> =
(33,23) spelt 99.53% of the notes in Csamp correctly and 1155 of the 2500 combinations tested performed
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Rank | Kpre  Kpost Bach Beethoven Corelli Handel Haydn Mozart Telemann Vivaldi | Complete
(24505) (24493) (24493) (24500) (24490) (24494)  (24500) (24497) | (195972)

1 10 42 34 423 17 66 274 231 113 194 1352
2| 33 25 39 407 22 68 281 238 108 200 1363
3 8 42 36 425 17 62 276 237 116 199 1368
4| 33 23 37 410 20 73 277 239 116 197 1369
5 10 40 35 433 19 65 275 235 118 189 1369
6 6 32 40 429 21 69 279 233 122 222 1415
7 5 33 43 431 21 72 281 230 120 222 1420
8 4 32 40 446 21 75 271 229 121 232 1435
9 7 23 32 430 21 75 270 241 126 243 1438
10 4 34 49 438 21 79 283 230 118 225 1443
11 8 18 35 425 19 76 298 232 127 232 1444
12 7 19 33 420 19 76 291 242 129 236 1446
13 3 33 44 441 22 78 282 228 124 227 1446
14 3 35 47 447 22 80 278 234 118 231 1457
15 3 23 45 436 24 78 282 239 142 255 1501
16 3 22 45 429 25 71 279 247 141 270 1507
17 3 20 48 436 23 75 285 239 142 275 1523

Table 2: Note error counts obtained for PS13 for 17 different <Kpre, Kpost> combinations over the test
corpus C and each subset of this corpus containing the movements by a particular composer. The results
are sorted in ascending order by the overall note error count (given in the final column). The number in
parentheses underneath each column heading gives the number of notes in that subset of the test corpus.

Rank | Kpre Kpost | Kpre + Kpost | Bach Beethoven Corelli Handel Haydn Mozart Telemann Vivaldi | Complete SDSly
1| 10 42 52199.86 98.27 99.93 99.73 98.88 99.06 99.54 99.21 99.31| 0.57
21 33 25 58199.84 98.34 9991 99.72 98.85 99.03 99.56 99.18 99.30| 0.55
3 42 50199.85 98.26 99.93 99.75 98.87 99.03 99.53  99.19 99.30| 0.57
41 33 23 56199.85 98.33 99.92 99.70 98.87 99.02 99.53  99.20 99.30| 0.55
5| 10 40 50(99.86 98.23 99.92 99.73 98.88 99.04 99.52  99.23 99.30| 0.58
6 6 32 38199.84 98.25 9991 99.72 98.86 99.05 99.50  99.09 99.28| 0.57
7 5 33 38199.82 98.24 9991 99.71 98.85 99.06 99.51 99.09 99.28| 0.57
8 4 32 3699.84 98.18 9991 99.69 98.89 99.07 99.51 99.05 99.27| 0.58
9 7 23 30/99.87 98.24 9991 99.69 98.90 99.02 99.49  99.01 99.27| 0.58
10 4 34 38199.80 98.21 9991 99.68 98.84 99.06 99.52  99.08 99.26| 0.57
11 8 18 2699.86 98.26 99.92 99.69 98.78 99.05 99.48 99.05 99.26| 0.58
12 7 19 26(99.87 98.29 99.92 99.69 98.81 99.01 99.47 99.04 99.26| 0.57
13 3 33 3699.82 98.20 9991 99.68 98.85 99.07 99.49  99.07 99.26| 0.58
14 3 35 38199.81 98.17 9991 99.67 98.86 99.04 99.52  99.06 99.26| 0.58
15 3 23 2699.82 98.22 9990 99.68 98.85 99.02 99.42  98.96 99.23| 0.58
16 322 25199.82 98.25 9990 99.71 98.86 98.99 99.42  98.90 99.23| 0.58
17 3 20 23199.80 98.22 9991 99.69 98.84 99.02 99.42  98.88 99.22| 0.58

Table 3: Note accuracies achieved by PS13 for 17 different <Kpre, Kp05t> combinations over C and each
of the 8 subsets of this test corpus containing the music by a particular composer. The results are sorted
into descending order by note accuracy over C (column headed “Complete”) and then in ascending order
by style dependence (column headed “SDgyy ™).
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better than it. Also, note that, out of the 17 combinations tested over C,
1. the combinations for which K. + K5t = 50 performed best (see fourth column in Table 3);
2. the combinations with the smallest K (3) performed worst;

3. there seems to be a general trend for the overall note accuracy to fall as the size of the context

becomes smaller.

These results suggest that Cs,mp might not have been a particularly representative sample of C. Nev-
ertheless, there is no specific evidence to suggest that the note accuracy of PS13 can be raised to much
higher than 99.31% over C by adjusting the values of K and Kpo. It can therefore be reported that,
in this evaluation, when <Kpre, Kpost> was set to (10, 42), PS13 spelt 99.31% of the notes in C correctly
(corresponding to 1352 incorrectly spelt notes out of 195972) with a style dependence of 0.57.

8 Improving PS13

8.1 Choosing between the most strongly implied morphs for a note

As discussed near the end of section 4.1 above in relation to the COMPUTEMORPHLIST function, the
way in which PS13 chooses between the most strongly implied morphs for a note is arbitrary. This
suggests that it might be possible to improve the performance of PS13 by modifying it so that the choice
between the most strongly implied morphs for each note is made in a more principled way.

When PS13 was run on C with <Kpre, Kpost> set to (10,42) (i.e., the parameter value combination
that led to the best result in the evaluation described in section 7 above), there were 161 notes for which
more than one morph was most strongly implied. In each of these 161 cases, two consecutive morphs
(mod 7) were most strongly implied. These 161 cases were distributed over 46 movements, including
several movements by each of the 8§ composers represented in C. In 53 of these 161 cases, the note was
spelt incorrectly by PS13. If all 53 of these errors could be corrected by choosing between the most
strongly implied morphs for a note in a principled way, then the overall note accuracy for PS13 over C
could be raised to 99.34% (i.e., 1299 errors out of 195972 notes).

It was noticed that, in some of the 161 cases in which two morphs were most strongly implied for a
note, PS13 chose an incorrect pitch name that was relatively distant from the other pitch names around
it on the line of fifths. This suggested that it might be possible to choose correctly between two most
strongly implied morphs by selecting the one that results in the pitch name that is closer on average on the
line of fifths to the pitch names of the notes in the vicinity of the note to be spelt. However, in practice,
it was found that in 53 of the 161 cases where two morphs were most strongly implied for a note, the
correct pitch name was not the one that was closest on average on the line of fifths to the pitch names of
the notes around it. Moreover, of the 53 of these 161 cases that were mis-spelt by PS13, only 31 could
be corrected by choosing the pitch name that was closest on the line of fifths to the other notes around
it. This suggests that it is not, in general, a good idea to choose between the two most strongly implied
morphs for a note by selecting the one that results in the pitch name that is closer on the line of fifths to
the pitch names of the other notes in the vicinity of the note to be spelt.

Another possible way of deciding between two or more most (and equally) strongly implied morphs

for a note is based on the idea that two notes influence each other less the further apart they are in time.
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As discussed in section 4 above, the ultimate purpose of Stage 1 (i.e., lines 1-4) of PS13 is to assign
to each element of SortedOCPList the morph which is most strongly implied by the context around
that element. Let ¢; denote the onset time of SortedOCPList[j] and let c; denote ChromaList[j] where
Chromalist is the variable whose value is computed in line 2 of PS13 (see Figure 8). As already

discussed, the task accomplished in lines 1-4 of PS13 is to construct a list of morphs,
MorphList = (mg, m1,...mp_1),

such that m; is the morph that is most strongly implied by the context around SortedOCPList|j], con-
sisting of the notes represented by the ordered set of elements,

Context; = SortedOCPList[MAX ({0, j — Kpre }), MIN({n, j + Kpost })]- (10)

In PS13, this is done using the COMPUTEMORPHLIST function, defined in Figure 11, which implements
the strategy summarised in Eqs. 1-8. Let M; denote the ordered set of distinct values of m (sorted into
ascending order) for which S(m, j) = MAX((S(0, j),S(1,5),...5(6,7))) (see Eq. 4). In general, M;
may contain more than one value and our problem is to decide which of these values should be assigned
to m;.

In PS13, it is assumed that the strength with which a given tonic chroma, ¢, implies a particular
morph, m(c, j), (see Eq. 1), for a chroma, c;, is equal to the frequency with which ¢, occurs within
Context;, this frequency being stored in ChromaVectorList[j][c;], where ChromaVectorList is the
list of 12-vectors computed in line 3 of PS13. Let’s suppose that the strength with which a particular
occurrence of ¢; within Context; implies the morph, m(c, j), for ¢; decreases the further away this
occurrence of ¢ is from c¢;. This suggests that, if we have two tonic chromas, ¢, that occur with equal
frequency within Context;, then the one that influences the spelling of c¢; the most will be the one for
which

T(cwj)= Y, ABS(ty —t;) (11)
keK (c,7)
is a minimum, where
K(c,j) ={k |k =a AMAX({0,j — Kpre }) < k < MIN({n, j + Kpost}) } - (12)

In turn, this suggests that the best value, m € M, to assign to m; may be the one for which

T(m,j)= Y, T(cj) (13)

C[EC[(m,j)

is a minimum. This strategy was implemented in a modified version of PS13, called PS13B. PS13B was
run on the test corpus, C, with <Kpre, Kpost> set to (10, 42) and the results are shown in Table 4. As can
be seen in Table 4, PS13B actually made 25 more errors over C than PS13. Moreover, of the 161 notes
in C for which more than one morph was most strongly implied, PS13B spelt 69 incorrectly, whereas
PS13 only spelt 53 incorrectly. This suggests that the strategy just described for deciding between the
most strongly implied morphs for a note does not, in general, lead to a higher note accuracy than when

the choice between the most strongly implied morphs for a note is made arbitrarily.
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(a) Note error counts
Algorithm | (K, pres K pm} Bach Beethoven Corelli Handel Haydn Mozart Telemann Vivaldi | Complete
(24505) (24493) (24493) (24500) (24490) (24494)  (24500) (24497) | (195972)
PS13B (10,42) 32 426 17 64 280 240 112 206 1377
PS13 (10,42) 34 423 17 66 274 231 113 194 1352

(b) Note accuracies (%)
Algorithm | (Kpre, Kpost) | Bach Beethoven Corelli Handel Haydn Mozart Telemann Vivaldi | Complete SDsyy
PS13B (10,42) | 99.87 98.26 9993 99.74 98.86 99.02 99.54  99.16 99.30 | 0.58
PS13 (10,42) | 99.86 98.27 9993 99.73 98.88 99.06 99.54  99.21 99.31| 0.57

Table 4: Tables (a) and (b) show the note error counts and note accuracies, respectively, for the PS13
and PS13B algorithms when they were run on the test corpus C with <Kpre, Kpost> set to (10,42). The
number in parentheses underneath each column heading in table (a) gives the number of notes in that
subset of the test corpus.

Although only two plausible strategies were tested for deciding on a principled basis between the
most strongly implied morphs for a note, the foregoing discussion does suggest that it may be hard to do
this in a way that results in a higher note accuracy than that achieved when the selection from the most

strongly implied morphs for a note is made arbitrarily, as it is in PS13.

8.2 PS1303

In the previous section, it was shown that choosing a pitch name on the basis of how close it is on the
line of fifths to the pitch names of the notes around it was not effective as a way of deciding in Stage 1
of PS13 between the most strongly implied morphs for a note.

However, Meredith (2006, pp. 210-218) showed that a simple implementation of Temperley’s TPR 1
(which simply states that notes that are “nearby” in the music should be assigned pitch names that are
“close together” on the line of fifths (Temperley, 2001, p. 125)) was capable of spelling more than 99% of
the notes in C correctly (see also Meredith and Wiggins, 2005, p. 286). Moreover, an analysis of the 1352
errors made by PS13 when it was run on C with <Kpre, Kp05t> = (10, 42) showed that, for 620 of these
1352 notes, the correct pitch name was the one that was closest on the line of fifths to the pitch names of
the notes in its context. This suggested the possibility of improving the note accuracy of PS13 by adding
a post-processing phase in which the pitch names computed by PS13 are transposed up or down by a
diminished second if this brings them closer on the line of fifths to the pitch names of the notes around
them in the music. This idea was implemented in the PS 1303 algorithm, defined in Figure 21.

PS1303 takes the same three parameters as PS13 (see section 4). In line 1 of PS1303, PS13 is used
to compute an ordered set, SortedOPNList, in which each element is an ordered pair, (¢, p), giving the
onset time, ¢, and the predicted pitch name, p, of a note.

The ‘for’ loop in lines 6-25 of PS1303 iterates once for each note in the input passage, assigning
a new line-of-fifths position to the note. If ¢(p) is the line-of-fifths position of a pitch name, p, then
¢(p)+ 12 and ¢(p) — 12 are the line-of-fifths positions of the pitch names that result when p is transposed
by a falling and rising diminished second, respectively. Let p be the pitch name assigned by PS13 to
the note, n, being processed on a given iteration of the ‘for’ loop in lines 625 of PS1303. The new
line-of-fifths position assigned to n will be either ¢(p), ¢(p) 4+ 12 or £(p) — 12, depending on which of the
three leads to the pitch name of n being closest on the line of fifths to the notes in the context surrounding
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PS1303(SortedOCPList, K pre, Kpost)

1
2

3

24

SortedOPNList < PS13(SortedOCPList, K e, Kpost)
n < |SortedOCPList|

n—1
OnsetList — & (SortedOPNList[;](0])
j=0
n—1

LOFList — @ (PNC2LOF(PN2PNC(SortedOPNList[5][1])))

=0 n—1
NewLOFList — & (nil)
j=0
forj —Oton—1
LOF «— LOFList[j]
LOFRD2 «— LOF — 12
LOFFD2 «— LOF + 12
ContextStart «— MAX({0, j — Kpre})
ContextEnd «— MIN({n, j + Kpost})
Context — LOFList[ContextStart, ContextEnd)
ContextForRD2AndFD2 «— LOFList[ContextStart, j] ® (0) @ LOFList[j + 1, ContextEnd)|
OnsetContext < OnsetList[ContextStart, ContextEnd)
s < |Context|

ABs(Context[k] —LOF)

s—1
LOFDist — kZ:O MaX({1,ABs(OnsetList[j] —OnsetContext[k]) } )

ABs(ContextForRD2AndFD2[k] —LOFRD2)
AX({1,ABS(OnsetList[j] —OnsetContext[k]) } )

s—1
LOFDistRD2 — kX_:O M

s—1
. ABs(ContextForRD2AndFD2[k]| —LOFFD2)
LOFDistFD2 « kZ:O MAX({1,ABs(OnsetList[j] —OnsetContext[k]) })

if LOFDistFD2 < LOFDist
NewLOFList[j] « LOFFD2
else
if LOFDistRD2 < LOFDist
NewLOFList[j] — LOFRD2
else
NewLOFList[j] < LOF

n—1
return & ((OnsetList[;j], LOFCP2PN(NewLOFList[;], SortedOCPList[j][1])))
j=0

Figure 21: The PS1303 algorithm.
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n. In lines 8 and 9, the variables, LOFRD2 and LOFFD?2, are set to equal the line-of-fifths positions of
the pitch names that result when the pitch name assigned to the current note by PS13 is transposed by a
rising and falling diminished second, respectively.

For the untransposed line-of-fifths position, stored in LOF, the context, stored in the vari-
able, Context, in line 12, is set to equal LOFList[ContextStart, ContextEnd|, where ContextStart =
MAaX({0,j — Kpre}) and ContextEnd = MIN({n, j + Kpos }), as assigned in lines 10 and 11. How-
ever, for the transposed line-of-fifths positions, LOFRD2 and LOFFD2, the context, stored in Con-
textForRD2AndFD2 in line 13, is defined to be the same as that for LOF except that the untrans-
posed line-of-fifths position in the context for the current note is replaced with a zero (i.e., the line-
of-fifths position for the pitch name class "Fn"). This might seem like a somewhat arbitrary design
decision. However, the effect of replacing the line-of-fifths position for the current note with 0 in Con-
textForRD2AndFD?2 is to slightly bias the algorithm towards spelling the notes so that they are not too
extreme on the line of fifths. It was found that doing this resulted in higher note accuracy than when

other, perhaps more obvious, strategies were adopted, such as
1. leaving the line-of-fifths position of the current note unchanged in the context;
2. omitting the line-of-fifths position for the current note from the context; or

3. changing the line-of-fifths position for the current note to LOFRD2 for LOFRD?2 and to LOFFD?2
for LOFFD2.

Perhaps the obvious next step would be to choose the line-of-fifths position for the current note that
minimises the sum of the absolute line-of-fifths distances between the current note and the context notes.
However, in PS1303, it was found that a higher note accuracy could be obtained by weighting the line-
of-fifths distance between the current note and each context note by the reciprocal of the time difference
between the two note onsets (see lines 16—18 in Figure 21).

PS1303 was run on the test corpus, C, with <Kpre, Kpost> set to (10, 42) and the results are shown
in Table 5, together with those for PS13 for comparison. The results in this table show that adding the
post-processing phase in PS1303 to PS13 decreases the overall note error count by over 17% from 1352
for PS13 to 1119 for PS1303. Moreover, note that this modification increased the note accuracy for all
of the 8 composers in the test corpus. The results also seem to indicate that PS1303 is less dependent on
style than PS13, with PS1303 achieving a style dependence value of 0.53, compared with the value of
0.57 obtained for PS13.

8.3 Removing Stage 2 from ps13

As discussed in section 4.2 above, Stage 2 of ps/3 is implemented in a rather crude way in PS13. In par-
ticular, the CORRECTNEIGHBOURNOTES, CORRECTUPWARDPASSINGNOTES and CORRECTDOWN-
WARDPASSINGNOTES functions can only be expected to perform properly if the onset times of the notes
are strictly proportional to their notated values—which, of course, they typically are not in MIDI files
generated from performances. Also, as discussed in section 4.2 in relation to the CORRECTNEIGH-
BOURNOTES function, there are certain situations where the implementation of Stage 2 in PS13 will fail
to correct passing-note and neighbour-note errors even if all the note onsets are strictly proportional to

their notated values. Unfortunately, it is hard to see how these problems could be corrected without using
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(a) Note error counts
Algorithm | (K, pres K pm} Bach Beethoven Corelli Handel Haydn Mozart Telemann Vivaldi | Complete
(24505) (24493) (24493) (24500) (24490) (24494)  (24500) (24497) | (195972)
PS1303 (10,42) 21 402 1 61 208 178 80 168 1119
PS13 (10,42) 34 423 17 66 274 231 113 194 1352

(b) Note accuracies (%)
Algorithm | (Kpre, Kpost) | Bach Beethoven Corelli Handel Haydn Mozart Telemann Vivaldi | Complete SDsyy
PS1303 (10,42) | 99.91 98.36 100.00 99.75 99.15 99.27 99.67  99.31 99.43 | 0.53
PS13 (10,42) | 99.86 98.27 9993 99.73 98.88 99.06 99.54  99.21 99.31| 0.57

Table 5: Tables (a) and (b) show the note error counts and note accuracies, respectively, for the PS13
and PS1303 algorithms when they were run on the test corpus C with <Kpre, Kpost> set to (10,42). The
number in parentheses underneath each column heading in table (a) gives the number of notes in that
subset of the test corpus.

PS13s1(SortedOCPList, Kpre, Kpos)

n « |SortedOCPList|

ChromaList < COMPUTECHROMALIST(SortedOCPList, n)

ChromaVectorList < COMPUTECHROMAVECTORLIST(ChromaList, Kpre, Kpost, 1)
MorphList < COMPUTEMORPHLIST(ChromaList, ChromaVectorList, )
MorpheticPitchList — COMPUTEMORPHETICPITCHLIST(SortedOCPList, MorphList, n)
return COMPUTEOPNLIST(SortedOCPList, MorpheticPitchList, n)

AN AW =

Figure 22: The PS13s1 algorithm.

the durations of the notes to help with determining which notes occur within the same voice. However,
modifying PS13 so that it requires and depends on note durations could make it less robust to the types of
temporal deviations that typically occur in MIDI files derived from performances. For example, in MIDI
files derived from keyboard performances, the relative durations of sustained notes may differ greatly
from their notated values.

Moreover, as explained in section 5, the worst-case time complexity of Stage 1 of PS13 is O(n),
whereas the worst-case time complexity of Stage 2 of PS13 is O(C?®n) where C'is the maximum number
of notes that occur within any single chord in the input passage. This implies that Stage 2 of PS13 may
become impractically slow if the maximum number of notes per chord in a passage is extremely high.

The foregoing arguments imply that omitting Stage 2 altogether from PS13 would

1. improve the overall time complexity of the algorithm and make the algorithm faster in absolute

terms since less processing is required;

2. make the algorithm more robust to the types of temporal deviations that typically occur in data

derived from performances;
3. simplify the algorithm considerably, thereby making it easier to implement.

This suggests that it would be a good idea to omit Stage 2 from PS13, provided that this does not reduce
note accuracy.

The lines implementing Stage 2 were therefore deleted from PS13 to produce the PS13s1 algorithm,
defined in Figure 22. A new version of PS1303 was also produced in which the call to PS13 in the
first line (see Figure 21) was replaced with a call to PS13s1. This version of the algorithm is called
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(a) Note error counts

Algorithm | (FKpre, Kpost) Bach Beethoven Corelli Handel Haydn Mozart Telemann Vivaldi | Complete
(24505) (24493) (24493) (24500) (24490) (24494)  (24500) (24497) | (195972)

PS13s1 (10,42) 40 382 3 65 205 144 96 165 1100
PS13s103 (10,42) 31 407 1 61 219 166 78 162 1125
PS1303 (10,42) 21 402 1 61 208 178 80 168 1119
PS13 (10, 42) 34 423 17 66 274 231 113 194 1352

(b) Note accuracies (%)

Algorithm (Kpre,KposQ Bach Beethoven Corelli Handel Haydn Mozart Telemann Vivaldi | Complete SDSIy
PS13s1 (10,42) | 99.84 98.44 9999 99.73 99.16 99.41 99.61  99.33 99.44| 0.49
PS13s103 (10,42) | 99.87 98.34 100.00 99.75 99.11 99.32 99.68  99.34 99.43| 0.53
PS1303 (10, 42) | 99.91 98.36 100.00 99.75 99.15 99.27 99.67  99.31 99.43| 0.53
PS13 (10,42) | 99.86 98.27 99.93 99.73 98.88 99.06 99.54  99.21 99.31| 0.57

Table 6: Tables (a) and (b) show the note error counts and note accuracies, respectively, for the PS13s1
and PS13s103 algorithms when they were run on the test corpus C with <Kpre, Kpost> set to (10,42).
The results for PS13 and PS1303 are also given for comparison. The number in parentheses underneath
each column heading in table (a) gives the number of notes in that subset of the test corpus.

PS135103. Both PS13s1 and PS13s103 were run on the test corpus, C, with (Kpre, Kpost) set to
(10, 42) and the results obtained are shown in Table 6, together with the results for PS13 and PS1303
for comparison. These results show that omitting Stage 2 from PS13 actually improved its performance
over the test corpus, C, both in terms of note accuracy and style dependence: with <K pres K post> equal to
(10,42), PS13s1 made nearly 19% fewer errors than PS13 achieving a note accuracy of 99.44% and a
style dependence of 0.49. However, omitting Stage 2 from PS1303, by changing the call to PS13 in the
first line of this algorithm to a call to PS13s1, very slightly increased the total note error count.

PS13s1 was then run on the test corpus, C, with each of the 17 values of <Kpre, Kpost> used to test
PS13, shown in Tables 2 and 3. This was done in order to test whether PS13s1 is more accurate than
PS13 in general or only for very specific values of <Kpre, Kp03t>. Comparing Tables 2 and 7 reveals
that, for each of the 17 <Kpre,Kp0st> combinations tested, PS13s1 made 15-19% fewer errors than
PS13. Similarly, comparing Tables 3 and 8 reveals that, for each of the 17 <Kpre, Kpost> combinations
tested, the style dependence of PS13S1 is 12-18% lower than that of PS13. Note that the ranking of
the <K pres K post> combinations for PS13S1 is also very similar to that for PS13, again suggesting that
removing Stage 2 from PS13 consistently reduces the note error count over a wide range of values for
)

It may therefore be concluded that PS13s1 is superior to the other versions of the ps/3 algorithm
tested here in terms of note accuracy, style dependence, time complexity, tolerance to temporal deviation

and ease of implementation.

9 Baseline algorithms

The results reported above need to be set in context by considering what can be achieved using vari-
ous trivial or chance-based baseline algorithms. Four baseline algorithms were considered. The first,
BLACKNOTESSHARP, spells all black notes (i.e., notes with pitch classes in the set {1, 3,6,8,10}) as
sharps and all white notes as naturals. The second, BLACKNOTESFLAT, spells all black notes as flats
and all white notes as naturals. The third, RANDOMFLATSHARP, spells all white notes as naturals and
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Rank | Kpre  Kpost Bach Beethoven Corelli Handel Haydn Mozart Telemann Vivaldi | Complete
(24505) (24493) (24493) (24500) (24490) (24494)  (24500) (24497)| (195972)

1 10 42 40 382 3 65 205 144 96 165 1100
2 33 25 42 355 7 68 201 156 97 179 1105
3 10 40 41 386 5 64 207 145 100 164 1112
4 8 42 43 386 4 61 207 143 101 171 1116
5| 33 23 41 360 5 73 201 159 104 177 1120
6 6 32 48 382 7 69 207 148 111 197 1169
7 5 33 47 391 8 73 213 150 107 191 1180
8 4 34 53 394 9 78 212 151 105 193 1195
9 4 32 48 396 8 75 200 149 111 208 1195
10 7 19 38 379 7 79 214 157 120 211 1205
11 7 23 41 389 7 75 209 155 116 214 1206
12 8 18 42 381 5 81 219 148 119 212 1207
13 3 33 48 398 11 76 213 150 112 199 1207
14 3 35 50 402 11 78 210 153 106 199 1209
15 3 23 51 396 14 77 208 153 130 226 1255
16 3 22 52 391 16 73 202 159 132 241 1266
17 3 20 55 403 11 78 217 156 134 245 1299

Table 7: Note error counts obtained for PS13S1 over C and each subset of C containing the movements
by a particular composer, for the same 17 <Kpre, Kpost> combinations used to test PS13 (see Table 2).
The results are sorted in ascending order of overall note error count (given in the final column). The
number in parentheses underneath each column heading gives the number of notes in that subset of the
test corpus.

Rank | Kpre Kpost | Bach Beethoven Corelli Handel Haydn Mozart Telemann Vivaldi | Complete SD51y
1 10 42199.84 98.44 99.99 99.73 99.16 99.41 99.61  99.33 99.44| 0.49
2|1 33 25199.83 98.55 99.97 99.72 99.18 99.36 99.60 99.27 99.44| 045
3 10 40 199.83 98.42 9998 99.74 99.15 99.41 99.59  99.33 99.43| 0.49
4 8 42199.82 98.42 9998 99.75 99.15 99.42 99.59  99.30 99.43| 0.49
50 33 23199.83 98.53 9998 99.70 99.18 99.35 99.58  99.28 99.43| 0.46
6 6 32199.80 98.44 9997 99.72 99.15 99.40 99.55  99.20 99.40| 0.48
7 5 33199.81 98.40 99.97 99.70 99.13 99.39 99.56  99.22 99.40| 0.49
8 4 34199.78 98.39 99.96 99.68 99.13 99.38 99.57  99.21 99.39| 0.49
9 4 32199.80 98.38 99.97 99.69 99.18 99.39 99.55 99.15 99.39 | 0.50
10 7 19 199.84 98.45 9997 99.68 99.13 99.36 99.51  99.14 99.39| 0.49
11 7 23199.83 98.41 9997 99.69 99.15 99.37 99.53  99.13 99.38| 0.50
12 8 181 99.83 98.44 9998 99.67 99.11 99.40 99.51  99.13 99.38 | 0.49
13 3 33199.80 98.38 99.96 99.69 99.13 99.39 99.54  99.19 99.38| 0.50
14 3 35199.80 98.36  99.96 99.68 99.14 99.38 99.57  99.19 99.38| 0.50
15 3 23199.79 98.38 99.94 99.69 99.15 99.38 99.47  99.08 99.36| 0.50
16 3 22199.79 98.40 9993 99.70 99.18 99.35 99.46  99.02 99.35| 0.49
17 3 20 (99.78 98.35 9996 99.68 99.11 99.36 99.45  99.00 99.34| 0.51

Table 8: Note accuracies achieved by PS13s1 over C and each subset of C containing the movements by
a particular composer, for the same 17 <Kpre, Kpost> combinations used to test PS13 (see Table 3). The
results are sorted into descending order by note accuracy over C (column headed “Complete”) and then
in ascending order by style dependence (column headed “SDsgy ™).
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Figure 23: Graphs showing how (a) total note error count, (b) note accuracy and (c) style dependence
varied with £p,;, for FIXEDLOFRANGE when run on the test corpus C.

assigns either a flat or a sharp with equal probability to each black note. The fourth baseline algorithm,
FIXEDLOFRANGE, spells each note so that its pitch name class is within a user-specified range contain-
ing 12 consecutive positions on the line of fifths.

Table 9 shows the results that would be obtained if these algorithms were run on the test corpus C
with the algorithms sorted in descending order of overall note accuracy. Note that the algorithms were
not actually run on C as the results can be calculated directly. Thus, the number of note errors made
by BLACKINOTESSHARP is the sum of the number of white notes that are not spelt as naturals and
the number of black notes that are not spelt as sharps. Similarly, in the case of BLACKNOTESFLAT,
the note error count is the sum of the number of white notes not spelt as naturals and the number of
black notes not spelt as flats. In the case of RANDOMFLATSHARP, we are interested in the expected
number of errors rather than the actual number of errors made on any particular run. The expected
number of errors made by RANDOMFLATSHARP is e,, + ¢, + (b — €p)/2, where e,, is the number of
non-natural white notes, e, is the number of black notes not spelt as single flats or single sharps and b
is the number of black notes.2 FIXEDLOFRANGE takes a single parameter, ¢y,i,, which specifies the
least line-of-fifths position permitted. The note error count for FIXEDLOFRANGE is therefore the num-
ber of pitch names with line-of-fifths positions that are either greater than £,;, + 11 or less than £p,;,.
BLACKNOTESSHARP is exactly equivalent to FIXEDLOFRANGE with (;;, = 0 and BLACKNOTES-
FLAT is exactly equivalent to FIXEDLOFRANGE with £,,;, = —5. Table 9 shows the results that would
be obtained with FIXEDLOFRANGE on C for all values of /,,;,, between —6 and 1, inclusive. Note that
FIXEDLOFRANGE performed best when £,,,;,, was set to —2, that is, when all the notes were spelt so that
they were between Eb and Gf on the line of fifths. With £,,;,, set to —2, FIXEDLOFRANGE performed
best of all the baseline algorithms, spelling 95.62% of the notes in C correctly with a style dependence of
1.47. The graphs in Figure 23 show how the total note error count, the total note accuracy and the style
dependence for FIXEDLOFRANGE over C varied with ¢y,;,,. Note that both the note error count and the

style dependence increase steadily as £,,;, moves further away from —2.3

There was, in fact, just one occurrence in C of a black note not spelt as either a single flat or a single sharp. This was a
single Bx in the first movement of Haydn’s String Quartet in A major, Hob. III1:60 (Op. 55, No. 1).

3lam grateful to Alan Marsden for pointing out that the fact that FIXEDLOFRANGE performed best over C with £rin = —2
is not surprising, since, during the period over which the music in C was composed, the ‘wolf fifth’ in any regular mean-tone
temperament (Oldham and Lindley, 2006) was commonly placed between G and Eb—that is, the two pitch name classes at the
limits of the range permitted by FIXEDLOFRANGE when {pnin = —2.
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10 Comparing ps13 with other algorithms

Table 10 summarises the results obtained on C for the best versions of ps/3 and selected versions of
the algorithms proposed by Cambouropoulos (1996, 1998, 2001, 2003), Longuet-Higgins (1976, 1987,
1993), Temperley (2001) and Chew and Chen (2003a,b, 2005). The results are sorted into ascending order
of overall note error count. This table gives the results for those versions of each algorithm that performed
best in a comparison carried out by Meredith (2006). The table also gives results for certain baseline and
poorly-performing algorithms for comparison. The results in parentheses in this table give the note
accuracies obtained when the output for the fourth movement of Haydn’s ‘Military’ Symphony was
compared with the version in which the sudden enharmonic change was omitted (see section 6). These
parenthesized values are only given for those algorithms that performed better when this enharmonic
change was omitted from the ground truth.

As can be seen in Table 10, the algorithm in Meredith’s (2006) study that achieved the highest note
accuracy over the test corpus, C, was PS13s1. This algorithm made 1100 errors when processing C,
achieving a note accuracy of 99.44%, with a style dependence of 0.49 when <Kpre, Kpost> was set to
(10,42). When <Kpre, Kpost> was set to (33, 25), the note error count rose very slightly to 1105 but the
style dependence dropped to 0.45. PS13s1 was found to be superior to the other versions of ps/3 tested
in terms of note accuracy, style dependence, time complexity, robustness to temporal deviation and ease
of implementation.

Pitch spelling can be achieved by using the meter and harmony programs in Temperley and
Sleator’s Melisma music analysis system, which implements Temperley’s (2001) computational theory
of music cognition.* The Melisma system can be used in two different ways for pitch spelling. First,
pitch names can be computed by first running the met er program on the input passage and then running
the harmony program on the output of the meter program. I denote this procedure by “MH”. In an
attempt to take harmonic rhythm into account when computing metrical structure, Temperley and Sleator
also experimented with a “two-pass” method (Temperley, 2001, pp. 46-47), in which the meter and
harmony programs are both run twice, once in a special “prechord” mode and then again in “normal”
mode. I denote this “two-pass” method by “MH2P”. Meredith (2006) ran both MH and MH2P on six

different versions of the test corpus, one in which the music was at a “natural” tempo and five other

1
> 9
and MH2P were run on either the natural tempo version of C (see entries for MH and MH2P in Table 10)
or the version in which all the music was at half speed (see entries labelled MHX2 and MH2PX2 in

versions in which the tempo was multiplied by 2, 4 i and %. The best results were obtained when MH

Table 10). Under these conditions, the Melisma system achieved a note accuracy of up to 99.30% and a
style dependence as low as 1.13. However, this was only the case when the sudden enharmonic change
in the fourth movement of Haydn’s ‘Military’ Symphony was omitted from the ground truth. When this
enharmonic change was included, the note accuracy of MH2P on the half-speed version of the corpus
dropped to 97.79% and the style dependence rose to 4.57.

The note accuracies achieved by the best versions of Temperley and Sleator’s system on C were only
slightly less than that achieved by PS13 when <Kpre, Kpost> was set to (10, 42). However, Temperley and
Sleator’s algorithm performed considerably less consistently across the 8 composers in the test corpus
than PS13 (compare SDgy values for MH2PX2 and PS13 in Table 10). Also, whereas the algorithms
based on PS13 are unaffected by tempo, the note accuracies over C of MH and MH2P were highly

“The Melisma system is available online at <http://www.link.cs.cmu.edu/music-analysis/>.
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sensitive to tempo, dropping to 83.74% and 75.58%, respectively, (i.e., worse than simply spelling all
the black notes as flats), when the music was at 4 times its ‘natural’ tempo (see entries for MHD4 and
MH2PD#4 in Table 10). Furthermore, the performance of Temperley and Sleator’s algorithm depends on
the durations of the notes in the input passage being close to proportional to their notated values. This
makes the algorithm less robust to temporal deviations of the type that typically occurs in data derived
from performances. The fact that PS13s1 does not use note durations makes it immune to this type of
‘noise’ in the input data (see section 11 below).

Also, Temperley and Sleator’s system is by far the most complicated method for pitch spelling that
has been proposed in the literature, involving carrying out a complete harmonic and metrical analysis
of the passage to be processed. This complexity contrasts sharply with the simplicity of the PS13s1
algorithm which consistently made nearly 20% fewer errors than the best version of Temperley and
Sleator’s system.

The twelve most accurate versions of Chew and Chen’s algorithm (Chew and Chen, 2003a,b, 2005)
tested by Meredith (2006) spelt 99.15% of the notes in C correctly (see entries for CCOP01-06 and
CCOPO07-12 in Table 10). For these best versions of the algorithm, the line of fifths worked just as well
as the spiral array. Of these 12 best versions, the 6 in which all the notes sounding in each window were
considered when calculating the centers of effect (CCOP01-06) were slightly less dependent on style
than those which only used the notes starting in each window (CCOP07-12) (see Table 10). Indeed,
CCOPO01-06 were less affected by the stylistic differences between the composers in the test corpus than
any of the other algorithms tested in Meredith’s (2006) study. Moreover, Chew and Chen’s algorithm
is well-suited to being used in real-time applications, as the choice of pitch name for each note only
depends on the notes that precede it in the music.

Nevertheless, the best versions of Chew and Chen’s algorithm made over 50% more errors over C
than PS13s1. Also, Chew and Chen’s algorithm, unlike PS13S1, uses the duration of each note to
weight its contribution when calculating a center of effect, which potentially makes the algorithm less
robust to the problem of note durations not being strictly proportional to their notated values in data
derived from performances. Moreover, PS13s1 is simpler than Chew and Chen’s algorithm and can
easily be implemented as a real-time algorithm, provided that the post-context is made sufficiently small.
Indeed, it seems that even with K05 set to 1, PS13S1 is more accurate than Chew and Chen’s algorithm:
with <Kpre, Kpost> set to (40, 1), PS13s1 spelt 99.19% of the notes in the test corpus correctly, making
over 4% fewer errors than Chew and Chen’s algorithm (see Table 10).

Chew and Chen’s algorithm and PS13S1 are similar insofar as

1. they are both based on the idea that each note should be spelt so that it is as close as possible to the
tonic on the line of fifths (or, in Chew and Chen’s algorithm, the line of fifths coiled up to form the

spiral array);

2. they both assume that the strength with which a tonic is implied at a point increases with the
frequency with which the tonic occurs within a window surrounding (or, in Chew and Chen’s

algorithm, preceding) the note to be spelt.

However, there are some important differences between the best versions of Chew and Chen’s al-
gorithm and PS13S1. First, Chew and Chen’s algorithm uses a complex windowing process involving

combining windows at three different scales of structure containing only notes that precede the note to
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be spelt; whereas PS1351 uses a single window which may contain notes preceding and following the
note to be spelt. Second, Chew and Chen model the local tonic as a single point on the spiral array or line
of fifths; whereas, in PS1351, the sense of key at a point is modelled as a frequency distribution which
allows each potential tonic pitch class to make a contribution to the choice of pitch name in proportion
to the frequency with which it occurs within the context window. Third, Chew and Chen weight the
contribution of each note by its duration; whereas, in PS13s1, duration is ignored.

The fourth difference between PS13S1 and Chew and Chen’s algorithm concerns the way in which
the algorithms find the local tonic at each point in the music. In the 12 best versions of Chew and Chen’s
algorithm tested, the center of effect (CE) of a set of notes on the line of fifths or spiral array is used as a
“proxy” for the key (Chew and Chen, 2005, p. 63) and then the notes are spelt so that they are as close
as possible to the CE on the line of fifths or in the spiral array (as pointed out above, the line of fifths
worked just as well as the spiral array in Meredith’s (2006) evaluation). The CE is simply the weighted
average position on the line of fifths (or spiral array) of the pitch names of the notes within a particular
window. It is therefore essentially identical to Temperley’s “center of gravity” (COG) (Temperley, 2001,
pp- 125-126, 132-133). However, Temperley (2001, p. 127) found that “for actual musical passages in
the major, the COG is generally about two steps in the sharp direction from the tonic” along the line of
fifths. This suggests that using the line-of-fifths CE or COG of a set of notes as a proxy for the tonic is
not justified. If Temperley is right, then a better estimate of the location of the tonic on the line of fifths
could be achieved by subtracting 2 from the COG or line-of-fifths CE.

Spelling the notes in a passage so that they are as close as possible on the line of fifths to the cur-
rent COG or CE is therefore not equivalent to spelling them so that they are as close as possible to
the local tonic on the line of fifths. However, traditional tonal music theory seems to endorse the idea
of spelling notes so that they are as close as possible to the fonic on the line of fifths. For example,
spelling notes in accordance with the conventional harmonic chromatic scale on a particular tonic (Asso-
ciated Board of the Royal Schools of Music, 1958, p. 78) is the same as spelling them so that they are as
close as possible to that tonic on the line of fifths, with notes 6 semitones from the tonic being preferably
spelt as sharpened subdominants rather than flattened dominants. In other words, tonal theory seems to
suggest that the line-of-fifths position, ¢, of a note should satisfy the inequality t —5 < ¢ < t + 6 where ¢
is the line-of-fifths position of the tonic. This is also one of the principles underlying Longuet-Higgins’s
pitch spelling algorithm (Longuet-Higgins, 1987, pp. 112-113). The fact that PS13S1 is more accurate
than Chew and Chen’s algorithm may therefore be partly due to the CE not being a good estimate of the
local tonic.

The most accurate versions of Cambouropoulos’s (1996, 1998, 2001, 2003) algorithm tested by
Meredith (2006) differ from psi3 and the algorithms of Temperley, Longuet-Higgins and Chew and
Chen in that they do not explicitly use the line of fifths. They are instead based on Cambouropoulos’s
principles of “notational parsimony” and “interval optimization” (Cambouropoulos, 2003, p. 421), where
the latter involves penalising spellings for containing intervals that occur infrequently in the major and
minor scales. However, the principle of notational parsimony involves penalising a spelling if it involves
using more than one sharp or flat, and this is equivalent to penalising a pitch name class if its line-of-fifths
position is greater than 13 (i.e., ‘sharper’ than Bf) or less than —7 (i.e., ‘flatter’ than Fb). This principle,
therefore, (perhaps unintentionally) implies the use of the line of fifths.

The most accurate version of Cambouropoulos’s algorithm tested by Meredith (2006) was the
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CAMOPT algorithm, which Meredith developed by combining the best-performing features of the other
versions of the algorithm tested in his evaluation. When CAMOPT was run on C, it made 8% fewer
errors than the most accurate of the other versions of the algorithm tested by Meredith (2006) and Cam-
bouropoulos (1996, 1998, 2001, 2003). CAMOPT spelt 99.15% of the notes in the test corpus correctly
with a style dependence of 0.47 (see Table 10). The next most accurate version of Cambouropoulos’s
algorithm tested was CAMO1A, which was also the most accurate of the versions described and tested
by Cambouropoulos himself (Cambouropoulos, 2001) (see Table 10). CAMO1A spelt 99.07% of the
notes in C correctly with a style dependence of 0.46 (i.e., it was very slightly less dependent on style
than CAMOPT). Cambouropoulos’s algorithms do not use note durations and do not rely heavily on the
note onsets being strictly in proportion to their notated values. This makes them robust to the types of
temporal deviations that one typically finds in data derived from performances.

However, the running times of the most accurate versions of Cambouropoulos’s algorithm are expo-
nential in the size of the window used, which places a relatively low upper limit of about 12 on the size
of the window that can be used in practice. Even with window sizes less than 12, the versions of Cam-
bouropoulos’s algorithm tested in Meredith’s (2006) study were amongst the slowest of the algorithms
tested—Meredith’s (2006) implementation of CAMOPT took over 40 hours to process C. CAMO1A took
about 6 hours, but this was still extremely slow in comparison with PS13S1, which took around 20
minutes.

Also, even CAMOPT, the most accurate version of Cambouropoulos’s algorithm tested by Mered-
ith (2006), made over 50% more errors than PS13s1 over C. And CAMO1A, the most accurate of the
versions described by Cambouropoulos himself, made around 66% more errors over C than PS13s1. Fur-
thermore, the style dependence achieved by CAMOPT was only marginally better than that of PS13s1,
and, with a minute sacrifice in note accuracy (1105 errors instead of 1100), the style dependence
of PS13s1 could actually be made marginally better than both CAMOPT and CAMO1A by setting
( Kpre, Kpost) to (33,25) instead of (10, 42).

A straightforward implementation of Temperley’s (2001, p. 125) TPR 1, which I call TPRONE,
performed surprisingly well over C, considering that it simply assigns pitch names so that notes that are
nearby in the music are spelt so that they are close together on the line of fifths. The versions of TPRONE
tested by Meredith (2006) over C included a quadratic-time version, that takes into account all the notes
preceding the note to be spelt; and a linear-time version, that considers the w notes preceding the note
to be spelt, where w is a user-supplied value. The best quadratic-time version tested made 1887 errors,
spelling 99.04% of the notes in C correctly with a style dependence of 0.65 (see entry labelled TPR1A
in Table 10). The best version of the linear-time algorithm spelt 99.06% of the notes in C correctly with
a style dependence of 0.63, when the enharmonic change in the fourth movement of Haydn’s ‘Military’
Symphony was ignored. Therefore, when the enharmonic change in the ‘Military’ Symphony was in-
cluded, the quadratic-time version of TPRONE actually made over 56% fewer errors than the best version
of Temperley and Sleator’s Melisma system (MH2PX2). However, with this enharmonic change ignored,
the best version of TPRONE (TPR1C) made nearly 35% more errors than the best system involving the
harmony and meter programs (MH2PX2).

Unfortunately, the quadratic-time version of TPRONE (TPR1A) would be impractically slow for
processing very large movements. Also, the most accurate version of TPRONE tested (TPR1C) made
67% more errors on C than PS13s1 and PS13s1 was less dependent on style than TPRONE. Moreover,
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PS13s1 was faster, no harder to implement and no less robust to temporal deviation than TPRONE.

Like Chew and Chen’s algorithm, TPRONE spells each note so that it is as close as possible on the
line of fifths to the weighted average position on the line of fifths of the notes in a window preceding the
note to be spelt. Unlike Chew and Chen, Temperley does not claim that this average position is a good
estimate of the local tonic. However, as discussed above, the structure of the harmonic chromatic scale
and the greater note accuracy achieved by PS13s1 suggest that spelling notes so that they are as close as
possible to the local tonic on the line of fifths may be a more successful strategy than spelling them so
that they are close on the line of fifths to the notes nearby in the music. This suggests that Temperley’s
TPR 1 should perhaps be changed to

New TPR 1 Prefer to label events so that they are as close as possible on the line of fifths to the local

tonic.

This change could be implemented fairly simply by, for example, using Temperley’s (2001, p. 127)
observation that “for actual musical passages in the major, the COG is generally about two steps in the
sharp direction from the tonic” along the line of fifths. However, to do so would imply that a knowledge
of the local tonic is necessary for determining the pitch name of a note and this would contradict “one of
the main claims” of Temperley’s model, which “is that spelling can be accomplished without relying on
‘top-down’ key information” (Temperley, 2001, p. 126) (see also Meredith, 2002, p. 294).

Longuet-Higgins’s (1976, 1987, 1993) algorithm, like PS135S1, is based on the idea of spelling notes
so that they are as close as possible to the local tonic on the line of fifths. However, in Longuet-Higgins’s
algorithm, it is assumed that there is one unambiguous local tonic; whereas, in PS13S1, all possible ton-
ics are taken into account and the strength with which each tonic is implied is assumed to be proportional
to the frequency with which it occurs within the context surrounding the note. Also, in PS13S1, the
tonic chroma frequency distribution is updated for each note; whereas, in Longuet-Higgins’s algorithm,
the local tonic is assumed to remain constant unless certain configurations of chromatic intervals occur
between consecutive notes in the input passage.

Unlike PS13s1, which does not take voice-leading into account, three of the six rules in the theory
of tonality implemented in Longuet-Higgins’s algorithm are concerned with chromatic intervals between
consecutive notes in the input passage, which is assumed to be a monophonic melody (Longuet-Higgins,
1987, pp. 112-114). It was therefore not surprising that Longuet-Higgins’s algorithm was considerably
more accurate when the notes in the data were sorted so that the voices were arranged ‘end-to-end’, than
when the notes in the input were sorted by onset time so that the voices were approximately ‘interleaved’.
When the voices were end-to-end, the best version of Longuet-Higgins’s algorithm spelt 98.21% of the
notes in C correctly with a style dependence of 1.79 (see entry for LH1V in Table 10). However, when
the voices were ‘interleaved’, the note accuracy dropped to 95.11% and the style dependence rose to 5.28
(see entry for LH1 in Table 10). Note that, when the voices were ‘interleaved’, both the note accuracy
and style dependence of Longuet-Higgins’s algorithm were worse than those of the baseline algorithm
FIXEDLOFRANGE when £,,;, was set to —2.

Longuet-Higgins’s algorithm places relatively more emphasis on voice-leading as a factor in pitch
spelling than the other algorithms tested in this study. As can be seen in Table 10, this emphasis does
not seem to have improved its note accuracy. PS13S1 ignores voice-leading altogether but Longuet-
Higgins’s algorithm made over 3 times as many errors as PS13S1 when the voices were end-to-end, and

nearly 9 times as many errors when the voices were ‘interleaved’. The hypothesis that voice-leading
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is of relatively minor importance in pitch spelling is also supported by the fact that removing Stage 2
from PS13 reduced the overall note error count over C by 19%. Of course, it is possible that accuracy
could be improved by using a more sophisticated mechanism for modelling the effect of voice-leading
on pitch spelling than the rather crude methods used in ps/3 and the other algorithms considered in
Meredith’s (2006) study.

11 Testing the algorithms for robustness to temporal deviations

The files in C were generated automatically from encodings of musical scores. Therefore the onset times
and durations of the notes in these encodings are strictly proportional to those in the notated scores
which they represent. However, in an encoding which is generated from a performance on a MIDI
instrument or transcribed from an audio file, the onsets and durations of the notes are typically not
precisely proportional to their notated values. Also, a MIDI file of a passage derived by transcription
from an audio file will typically have both some notes missing and other notes with incorrect pitches.
Unfortunately, “naturally noisy” encodings of the movements in the test corpus C, generated from
performances or transcribed from audio files, were not available. An “artificially noisy” version of the test
corpus C was therefore generated by automatically introducing temporal deviations of the type typically
found in MIDI files derived from human performances on MIDI instruments. Specifically, a ‘noisy’

version of C, which I denote by C’, was generated, by

1. assigning a ‘natural’ tempo to each file in C and re-expressing the onset times and durations in

milliseconds;

2. selecting, for each note, a value at random from the set { —50, —25, 0, 25, 50} and adding this value
to the onset of the note;

3. selecting, for each note, a value at random from the set {0.5,0.75,1.0,1.25, 1.5} and multiplying
the duration of the note by this value.

This was intended to provide a very crude simulation of the spreading of chords and inaccuracies in syn-
chronicity typical in performances (Gabrielsson, 1999, pp. 527-528). In practice, the ‘performances’ in
C’ were rather more error-ridden (at least in terms of temporal deviation) than would usually be expected
in even an amateur human performance.

The best versions of the algorithms evaluated by Meredith (2006) were run on C’ and the results are
shown in Table 11. The rightmost column in this table gives, for each algorithm, A, the proportional
difference in note error count,

~ NEC(A,C") = NEC(A,0C)

ANECp(NEC(A4,C),NEC(A,(C")) = NEC(A.0) : (14)

A higher positive value of ANECp(NEC(A4, C),NEC(A, (")) indicates that the algorithm’s spelling ac-
curacy is more strongly reduced by the introduction of noise into the data. Specifically, the values in the
rightmost column of Table 11 give, for each algorithm, the percentage increase in the number of errors
caused by changing from the ‘clean’ test corpus, C, to the ‘noisy’ test corpus, C’. As in Table 10, the

results in parentheses in Table 11 give the note accuracies obtained when the output for the fourth move-
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ment of Haydn’s ‘Military’ Symphony was compared with the version in which the sudden enharmonic
change was omitted (see section 6).

From Table 11 it can be seen that the best versions of the ps/3-based algorithms performed more
accurately on the noisy corpus, C’, than any of the other algorithms considered in Meredith’s (2006)
study. In particular, when <Kpre, Kp05t> was set to (33,25), PS13s1 spelt 99.41% of the notes in the
noisy corpus correctly with a style dependence of 0.5. As expected, PS13S1 was more robust to the
temporal deviations in C’ than PS1303, whose note error count increased by 23.3%. However, PS13
actually made 5.6% fewer errors on the ‘noisy’ corpus C’ than it did on the ‘clean’ corpus C. This im-
provement in accuracy is probably due to the fact that Stage 2 of PS13 makes fewer “corrections” (and
therefore introduces fewer new errors) when there are many temporal deviations in the data than when
the data is temporally ‘clean’. This is because the CORRECTNEIGHBOURNOTES, CORRECTDOWN-
WARDPASSINGNOTES and CORRECTUPWARDPASSINGNOTES functions can only be expected to find
neighbour-note and passing-note figures when the note onsets are strictly proportional to their notated
values (see section 4.2). Note also that the ‘real-time’ version of PS13s1, in which Kp,s was set to 1,
was only slightly affected by the introduction of noise and had the lowest note error count over the noisy
corpus of the real-time algorithms. These results therefore support the claims made in section 10 that
PS13s1 would be robust to the types of temporal noise typically present in data derived from perfor-
mances.

Of the algorithms tested, Temperley and Sleator’s Melisma programs were by far the worst affected
by the introduction of temporal noise into the data. When the sudden enharmonic change in the fourth
movement of Haydn’s ‘Military’ Symphony was included, the best versions of Temperley and Sleator’s
algorithm achieved about the same note accuracy over the noisy corpus, C’, as the best baseline algorithm
(FIXEDLOFRANGE with l;, = —2). When the enharmonic change in the ‘Military Symphony’ was
omitted from the ground truth, changing from the clean corpus, C, to the noisy corpus, C’, increased
the note error count for the best versions of Temperley and Sleator’s algorithm by between 3.54 and 5.62
times (i.e., by between 254 and 462%), making these algorithms the least accurate of the algorithms tested
on the noisy corpus. These results support the prediction made in section 10 that the Melisma programs
would not be very robust to the type of temporal deviations that typically occur in performance-derived
data.

Of the 12 best versions of Chew and Chen’s algorithm, CCOP0O1-12, those in which only the notes
starting in each window are considered when calculating CEs (CCOP07-12) achieved a higher note
accuracy than those in which the notes sounding in each window are considered (CCOP01-06). This
suggests that, when using Chew and Chen'’s algorithm to process data derived from a performance, better
results can be obtained by considering only the notes that start in each window when calculating a CE (as
proposed by Meredith (2006, Chapter 5)) than by using the method adopted by Chew and Chen in their
own implementation, which involves considering all the notes that sound in each window (Chew, 2004).

Changing from the clean corpus, C, to the noisy corpus, C’, reduced the number of errors made
by CAMO1A by 6.9%, increasing its overall note accuracy from 99.07% to 99.13% and making it the
least dependent on style (SDgiy = 0.39) of all the algorithms tested on the noisy corpus. However,
the note accuracy of CAMOPT was reduced from 99.15% to 99.07% by the introduction of temporal
deviations into the data, which, coupled with its slower running time, makes it a less attractive option than

CAMO1A for processing performance-derived data. Nevertheless, these results support the claim, made
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in section 10, that Cambouropoulos’s algorithms would be robust to temporal deviations in performance-
derived data.

Changing from the clean corpus, C, to the noisy one, C’, reduced the note error counts of the best
versions of the TPRONE algorithm (TPR1A and TPR1C) by over 10%, making them more accurate
over C’ than the algorithms of Chew and Chen, Temperley and Sleator, Cambouropoulos and Longuet-
Higgins. Notes that are notated as having simultaneous onsets (i.e., ‘simultaneities’) have simultaneous
onsets in C but not necessarily in C’. Since TPRONE processes the data a ‘simultaneity’ at a time, the set
of notes in C’ that are taken into account when computing the COG for a note typically contains some
notes that are notated as starting simultaneously with the note to be spelt. However, in C, notes with the
same notated onset time as the note being spelt are not included when computing the COG. Therefore,
some of the preceding notes that have the strongest effect on the spelling of a note in C’ have no effect
in C. This may be part of the reason why TPRONE performs more accurately on C’ than it does on
C. As predicted in section 10, therefore, TPRONE is far more robust to performance-derived temporal
deviations than the Melisma programs. Nevertheless, although TPRONE performs relatively well on C’,
it should be remembered that it is slower and no easier to implement in practice than PS13S1.

The original and best version of Longuet-Higgins’s algorithm (LH1V and LH1) also performed better
on the noisy corpus C’ than it did on the clean corpus C. Indeed, when the voices were interleaved,
changing from C to C’ reduced the note error count for this algorithm by over 50%. Nevertheless, even
on the noisy corpus, Longuet-Higgins’s algorithm was out-performed by the psi3-based algorithms,
TPRONE, and the algorithms of Cambouropoulos and Chew and Chen.

12 Conclusions and suggestions for further work

The psi3 pitch spelling algorithm is based on the assumption, which seems to have been accepted by
most experts in this field, that the pitch name of a note depends on the local key and voice-leading, with
the local key being the more important of the two factors.

In Stage 1 of psi3, the sense of local key is represented by the frequency distribution of chromas
within a context surrounding the note to be spelt. This method of representing the sense of key re-
lates closely to the way that key is represented in Krumhansl and Schmuckler’s key-finding algorithm
(Krumhansl, 1990, pp. 77-110) and contrasts with the way that a key is represented as a single ‘average’
point on the line of fifths (or spiral array) in the algorithms of Temperley, Longuet-Higgins and Chew
and Chen.

In psi3, the frequency with which a chroma occurs within the context surrounding a point in the
music is used as a measure of the likelihood of that chroma being the chroma of the tonic at that point. It
is then assumed that the pitch name implied for a note by a particular tonic is the one that has the same
chroma as the note and lies closest to the tonic on the line of fifths. The strength with which a particular
pitch name is implied for a note is then taken to be the sum of the frequencies of occurrence, within the
context surrounding the note, of the tonic chromas that imply that pitch name. In effect, the contribution
that each possible tonic makes to determining the pitch name of a note is proportional to the strength
with which that tonic is implied by the context surrounding the note.

In Stage 2 of psi3, voice-leading is taken into account by correcting those instances in the output of

Stage 1 where a neighbour note or passing note is erroneously predicted to have the same letter name as
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either the note preceding it or the note following it in the neighbour-note or passing-note pattern.

In Stage 1 of psi3, the size of the context surrounding each note over which the chroma frequency
distribution is calculated is defined by two parameters, K. and Ko, which specify the number of
notes preceding and following the note to be spelt that are to be included in the context. An attempt
was made to find optimal values for K and Kpos and it was found that PS13 performed best when
(Kpre; Kpost) Was set to (10, 42). With these settings, PS13 spelt 99.31% of the notes in C correctly with
a style dependence of 0.57. PS13 was then improved by adding a post-processing phase in which each
of the pitch names computed by PS13 is transposed up or down by a diminished second if this brings it
closer on the line of fifths to the pitch names of the notes around it in the music. When <Kpre, K, post> was
set to (10, 42), this new algorithm, called PS1303, achieved a spelling accuracy of 99.43% over C with
a style dependence of 0.53.

Unfortunately, the implementation of Stage 2 of ps/3 in PS13 is rather crude and cannot be expected
to perform well when the data being processed is derived from a performance. Also, because the algo-
rithm does not have access to voicing information and incorporates no mechanism for determining the
voice to which each note belongs, there are certain situations in which Stage 2 of PS13 fails to correct
the neighbour-note and passing-note errors that it is designed to catch.

The worst case time complexity of Stage 1 of PS13 is O(n). The worst-case time complexity of
Stage 2 of PS13 is O(C3n) where C is the maximum number of notes per chord. Stage 2 may therefore
become impractically slow if a passage contains an extremely high number of notes per chord. The
overall worst-case time complexity of PS13 is therefore O(C®n) and its space complexity is O(n).

It was therefore shown that removing Stage 2 altogether from PS13, leaving just Stage 1, would
improve the time complexity of the algorithm to O(n), make it more robust to the type of temporal
deviations that occur in performance-derived data and make it easier to implement. A new version was
therefore defined, called PS13s1, consisting of just Stage 1 of PS13. When PS13s1 was run on C
with { Kpre, Kpost) set to either (10, 42) or (33, 25), it achieved a note accuracy of 99.44% with a style
dependence of 0.49 when <Kpre, Kpost> was (10,42) and 0.45 when <Kpre, Kpost> was (33, 25). Indeed,
when PS13s1 was run on C with various different values of <Kpre, Kpost>, it was found that it generally
made 15-19% fewer errors than PS13 and that its style dependence was generally 12—18% lower than
that of PS13. PS13s1 was therefore found to be superior to all the other versions of ps/3 tested in
terms of note accuracy, style dependence, time complexity, tolerance to temporal deviation and ease of
implementation. Also, the fact that PS13s1 performed better than PS13 seems to support the view that
the local sense of key is more important than voice-leading when determining pitch names.

Over C, the psi3-based algorithms were the most accurate of the algorithms tested by Meredith
(20006), followed by Temperley and Sleator’s Melisma programs, then the algorithms of Chew and Chen
and Cambouropoulos, then TPRONE, and finally Longuet-Higgins’s algorithm. All the best versions
of the algorithms were more accurate than the best baseline algorithm (FIXEDLOFRANGE with [, =
—2), apart from Longuet-Higgins’s algorithm when it was run with the voices interleaved. The most
accurate algorithm over C was PS13s1 with <Kpre, Kp05t> set to either (10,42) or (33,25). The psi3-
based algorithms were also the most accurate over the ‘noisy’ corpus, C': with <Kpre, Kpost> set to
(33,25), PS13s1 spelt 99.41% of the notes in C’ correctly with a style dependence of 0.50.

Temperley and Sleator’s programs were only slightly less accurate over C than the ps/3-based al-

gorithms under certain conditions. However, when they were run on C’, the most accurate version of
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Temperley and Sleator’s system made over 4 times as many errors as the best version of PS13s1.

It was suggested that the fact that PS13S1 is more accurate than the superficially similar TPRONE
and the algorithms of Chew and Chen and Temperley and Sleator may be partly due to the differences
in the way that these algorithms model the sense of key. In psi3, every tonic contributes to the pitch
name in proportion to its strength of implication and the notes are spelt so that they are close to the local
tonic on the line of fifths. However, in the other similar algorithms, the notes are spelt so that they are as
close as possible on the line of fifths not to the local tonic but to a moving average of the preceding pitch
names.

None of the attempts to take voice-leading into account in the algorithms considered in this study
resulted in an increase in note accuracy and the most accurate algorithm, PS13S1, ignores voice-leading
altogether. This suggests that correctly modelling the sense of key and the effect that key has on pitch-
names is much more important in pitch-spelling than taking voice-leading considerations into account.

In conclusion, on the evidence provided in this study, it is hard to imagine any situation in which
PS13s1 would not be the best of the currently available algorithms to choose for determining the pitch
names in a passage of tonal music. In this study, it achieved the best results on both ‘clean’ score-derived
music representations and ‘noisy’ data containing temporal deviations of the type that one might expect
to be present in performance-derived representations. Moreover, by setting its Kpos parameter to 1, it
can be implemented as a real-time algorithm which has been shown to be more accurate than the other
real-time methods considered in this study. It is also at least as fast and easy to implement as any of the
algorithms considered here and its style dependence is very low (around 0.5). Also, it does not use note
durations so it can be used when only the onset time and MIDI note number of each note are available.

All the pitch spelling algorithms proposed to date in the literature use the line of fifths in one way
or another. One might therefore reasonably wonder whether it would be possible to improve on existing
algorithms by using some pitch space other than the line of fifths. In Chew and Chen’s algorithm,
changing from the line of fifths to the spiral array was shown to make no difference to performance
(Meredith, 2006). Also, the best-performing algorithm in this study, PS13S1, uses the line of fifths.
These results do not suggest that much is to be gained by using a pitch space other than the line of fifths.

Furthermore, it seems likely that most of the pitch spaces that have been proposed in the literature
for accounting for the perception and cognition of tonal structure would give essentially the same results
as the line of fifths when employed in a pitch spelling algorithm. As Temperley (2001, p. 117) observes,
all the models that he considers in his survey of spatial models for representing tonal relations have
“one feature in common”, namely, “an axis of fifths, such that adjacent elements are a fifth apart”.
Nevertheless, it would be interesting to test rigorously whether or not using spaces other than the line of
fifths in pitch spelling algorithms leads to an improvement in performance.

None of the algorithms considered in this study are machine-learning algorithms. However, it seems
plausible that machine-learning techniques could be used to perform pitch spelling effectively. Indeed,
Stoddard et al. (2004) have described a pitch-spelling algorithm that uses machine-learning techniques
which achieved a note accuracy of 99.69% over a small test corpus of eighteenth and nineteenth century
music. Unfortunately, Stoddard et al.’s (2004) method requires metrical information and only works on
‘clean’ input data in which the onsets and durations are strictly proportional to their notated values. It
also needs to carry out a complete harmonic parse of the data as a pre-processing step, using Raphael and

Stoddard’s (2003) harmonic analysis system. The system was not considered by Meredith (2006) because
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the authors were able to provide neither a working system nor a description of it that was sufficiently
detailed for it to be re-implemented.

As pointed out above, none of the attempts to take voice-leading into account in the algorithms
considered in this study resulted in an increase in note accuracy. However, it would be interesting and
worthwhile to carry out a study to explore the possibility of improving the spelling accuracy of existing
algorithms by using a more sophisticated mechanism for modelling the effect of voice-leading on pitch
spelling than the rather crude methods used in the algorithms considered here.

PS13s1 determines pitch names by modelling the sense of local key at each point in a passage of
music. The success with which PS13S1 computes pitch names suggests that it might also be successful
as the basis of a key-tracking algorithm—that is, an algorithm that can determine the perceived key at
each point in a passage of tonal music. Also, if a successful key-tracking algorithm can be developed,
then this could form the basis of a harmonic analysis algorithm. It would be interesting to develop a key-
tracking algorithm and a harmonic analysis algorithm based on PS13S1 and compare these algorithms
with other such algorithms that have been proposed in the literature (e.g., Holtzmann, 1977; Krumhansl,
1990; Longuet-Higgins and Steedman, 1987; Maxwell, 1992; Raphael and Stoddard, 2003; Temperley,
1997, 1999, 2001; Temperley and Sleator, 1999; Vos and van Geenen, 1996; Winograd, 1968, 1993).
Unfortunately, evaluating key-finding and harmonic analysis algorithms is more problematic than evalu-
ating pitch-spelling algorithms, because expert listeners often do not agree about the perceived key and
harmony at each point in a passage of music, whereas they do agree in the vast majority of cases on
how a note should be spelt in a tonal context. Several difficult methodological problems therefore need
to be solved, including the building of large and representative collections of expert key and harmonic
analyses, before key-tracking and harmonic analysis algorithms can be evaluated and compared in a

meaningful way.
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