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I present a short overview of computational methods for musicological 
analysis of notated music. We first need to clarify the various levels of 
computational representations of music: on one side, notated music, on 
the other, audio recordings, and in the middle, a note-level representa-
tion of music performance where higher-level musical descriptions are 
absent. The article provides a synthetic and partial panorama of the 
different types of music analysis that have been systematised and auto-
mated using computers. While pioneering works were mainly focused 
on statistical descriptions of the surface of music, other dimensions of 
music analysis such as harmony, metre and structure have been taken 
into consideration since. I conclude by sketching my personal vision of 
the future of computational music analysis. 

Musicological importance of computational approaches
The use of computers in music analysis can offer various benefits. It 
automates aspects of music analysis that are particularly cumbersome 
to carry out manually. Besides, the automation enlarges the perspective 
by enabling analyses that can be significantly more extensive (through 
the analysis of very large music catalogues) and intensive (studying 
each piece of music at a note level). But automating music analysis is 
far from trivial. On the contrary, it remains an open problem, far from 
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being resolved. One very interesting underlying issue is that auto-
mation requires an explicit formalisation of the core process under-
lying music analysis. Computers can also be considered a means for 
developing and testing existing as well as new theories related to music 
analysis and music cognition.

Articulating computational music analysis with traditional 
methods enables us to reconcile historical evidence with content-based 
data. Besides, the analysis of large corpora allows the design of power-
ful tools for content-based search.

Levels of music representations
Music can be represented in various ways. Notated music, or sheet 
music, is a traditional form of representation of music, embodied into 
scores. But at the same time music is first and foremost a performance 
that often (but not always) consists of a rendering and interpretation of 
a predefined score. The large degree of freedom added by the interpre-
tation itself forms a significant constituent of music.

In improvised music, music from oral tradition as well as electro- 
acoustic music, to name a few examples, the score does not play the 
role of a reference representation anymore. When a score is established 
from these types of music, it is not “prescriptive” but “descriptive”: it 
can be considered an attempt to describe what has been played or pro-
duced; this description generally covers a part (often minimal) of the 
music that was created and performed. Studying the computational 
representations of music therefore requires us to consider these two 
opposite poles in music representation: notated music and music per-
formance.

As for music scores, various representation formats exist 
depending on the purpose of use. Music notation software, enabling 
us to input and edit sheet music digitally, was initially designed to 
represent music merely as a combination of graphical elements, with 
the unique aim of printing the result on paper or on screen. The 
graphic appearance of a score can vary significantly without changing 
the actual musical content (for instance by simply modifying the hori-
zontal spacing between notes). Hence a large part of those graphic 
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considerations is of no importance with respect to the representation 
of music itself. Other representations of music focus solely on the part 
of music score description that relates directly to the musical content 
itself, while ignoring the graphical considerations that have no impact 
on the way music is played. Reference formats in Western musical 
notation are MusicXML (Good 2001) and MEI (Music Encoding 
Initiative) (Hankinson et al. 2011), which were preceded in particular 
by the Humdrum **kern encoding scheme (Huron 2002).

Music performance, the opposite pole of music representation, 
can be simply encoded in the form of audio recordings. Evidently, this 
representation, reduced to sound waveforms, does not contain any 
explicit representation of the music. But listeners can detect most of 
the notes and the underlying musical structure. Algorithms have simi-
larly been designed to automatically detect those notes and perform 
music analysis. Thanks to the automation of music production, a new 
type of representation of music performance, provided by the MIDI 
standard, allows us to describe the particularity of each performance 
while at the same time representing the actual notes that are played. It 
basically indicates at which exact time (in seconds) each note appears, 
with characteristics related to each note such as pitch height, dynamics, 
instrumentation, duration etc.

This MIDI representation, while building a bridge between the 
opposite poles of notated music and music performance, is at the same 
time less rich than each of those poles. First, this decomposition into 
discrete notes does not do justice to the actual audio performance, 
where each note might feature a subtle dynamic timbral evolution, for 
instance. The notes are represented on a temporal axis that enables an 
exact rendering of the performance in terms of time and pitch. The 
underlying metrical grid can be represented as well, on the other hand, 
the harmonic context is ignored. Other aspects generally represented 
in the score, such as the decompo-sition of the music into voices, are 
sometimes absent as well.

Conversions from the opposite poles of computational music 
representation are possible, but challenging. Starting from notated 
music, an interpretation of the score would require a choice concerning 
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the tempo and its dynamic evolution over time, as well as the dynamics 
of each note, among other aspects. This leads to a MIDI representa-
tion, which can then be turned into an audio recording by selecting a 
synthesis technique (a particular instrument, say) for each voice. An 
automation of this process would generally lead to very robotic music 
instrumentation, although recent advances in automated music ren-
dering show some progress. 

Reversely, going from the audio recording to the notated music 
is also extremely challenging. This problem is often known as auto-
mated music transcription. To oversimplify, this could be understood 
as a process in two steps: first converting the audio into MIDI, and 
then MIDI into score. If we ignore the first step, which is by itself 
highly challenging, we can decompose the second step into three 
sub-problems. First, reconstructing the underlying pulsation and met-
rical grid, enabling us to locate each note in the metrical grid and infer 
the rhythmic value (e.g. crotchet) associated with each note duration 
(e.g. one second). Second, reconstructing the underlying tonal or 
modal structure (or at least part of it) in order to represent each pitch 
height in a diatonic scale, which enables us to distinguish between C# 
and Db, for instance. Finally, the rhythmic value of each note in 
notated music is represented with respect to the subsequent value. 
This next event can also be a silence, which has itself a rhythmic value 
and a succeeding event, note or silence. It is therefore necessary to 
chain the notes together into voices.

As we can see, transcribing music is already a form of music 
analysis.

Panorama of computational music analysis
Computational music analysis started as soon as computers were made 
available. Pioneering works can be traced as far back as 1937, for 
instance, which is when a scholar named Otto Ortmann wrote an arti-
cle entitled “Interval Frequency as a Determinant of Melodic Style” 
(Schüler 2005, 34). For several decades the early works were focused 
on statistical and information theory analysis, where basic elements of 
music are counted and statistics are computed, with determination of 
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frequencies, of “transition probabilities”1 between successive intervals, 
of “entropy”2 etc. And in fact, interest in these types of quantitative 
analysis emerged before the rise of informatics: pioneering work in this 
domain was carried out through manual analyses.

In the middle of the twentieth century information theory was 
considered a scientific discipline that could profoundly revolutionise 
music analysis, music theory and music aesthetics. Richard Pinkerton 
wrote already in 1956: 

Information Theory may well prove generally useful for studying the 
creative process of the human mind. I don’t think we have to worry that 
such analysis will make our art more stilted and mechanical. Rather, as 
we begin to understand more about the property of creativeness, our 
enjoyment of the arts should increase a thousandfold. (Schüler 2005, 32)

One main application of the early statistical approaches was to estab-
lish models that discriminated between different music genres or 
between contrastive styles related to different music composers. The 
aforementioned work by Ortmann enters this category. Another appli-
cation concerns the representation of music styles in the form of a net-
work of statistical transitions between successive notes – such as 
“Markov chains”3 – which can be used to generate new pieces of music 
following the same style.

Besides counting occurrences and statistics, computational anal-
ysis can reveal particular structures in scores and draw connections 
between structures. Allen Forte’s Set Theory, where music analysis is 
based on a systematic categorisation of sets of pitch classes, has been 
largely conditioned by the rise of computational tools: 

1 Probability of going from one interval to the next one, based on statistics.

2  The information entropy is a basic quantity in information theory, indicating the average 
level of “information”, “surprise” or “uncertainty”.

3  A Markov chain is a statistical model that describes a sequence of possible events such that 
the probability of each event depends only on the previous event.
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The computer can be programmed to deal with complex structures – 
such as musical composition – very rapidly. […] A second reason for 
using the computer derives from the requirements of completeness and 
precision that form the basis of every computer program. […] The design 
of an algorithm, the formulation of a decision-structure to solve a prob-
lem, the careful checking out of a malfunctioning programme – all these 
activities provide clarifications and insights which would be difficult, 
perhaps impossible, to obtain otherwise. (Forte, Allen. 1967a. “Computer 
implemented Analysis of Musical Structure”. Papers from the West 
Virginia University Conference on Computer Applications in Music, ed. by 
Gerald Lefkoff. Morgantown: West Virginia University Library. 29–42. 
Excerpt from pp. 33–34, cited in Schüler 2006, 9–10) 

Set theory analyses are generally sufficiently formalised to be directly 
implemented in the form of algorithms. A significant part of computa-
tional analysis around the mid-1960s was related to set theory analysis. 
Among them are also Milton Babbitt’s analytical approaches to do-
decaphonic and set structures.

Another interesting emerging application is the automated 
detection, or “retrieval”, of particular moments in the music score 
where a particular structure – defined by a specific “query” – has been 
found. For instance, finding the positions of a particular motivic struc-
ture or a fugue entry etc.

Metrical analysis
Computational harmony analysis emerged in the 1960s and was 
preceded by early attempts to perform statistical analyses of chord 
structures and root movements, particularly in Bach chorales (Schüler 
2005, 35). Another area of analysis is related to rhythmical and metrical 
analysis. It is not the intention and ambition of this paper to establish a 
chronology and state of the art of those different dimensions of com-
putational music analysis. 

We propose here to focus on one particular reference software 
for music analysis: David Temperley’s Melisma Music Analyzer (Tem-
perley and Sleator 1999). The core principles of the approach are highly 
influenced by Fred Lerdahl and Ray Jackendoff’s Generative Theory 
of Tonal Music (GTTM): for each type of analysis the methodology is 
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governed by a set of rules that compete with each other. On one side, 
well-formedness rules specify particular structural descriptions; on the 
other, preference rules enable us to compare different possible analyses 
and choose the one that is most relevant (Lerdahl and Jackendoff 1983).

For instance, the metrical analysis in Melisma aims to infer the 
metrical structure from a score and is particularly useful when analys-
ing a MIDI representation where that metrical structure is not indi-
cated. In other words, from a series of notes with only pitch, temporal 
location in seconds and duration in seconds we would like to recon-
struct the pulsation along the different metrical levels (cf. Figure 1). 
The preference rules are the following:

• Event rule: prefer a structure that aligns beats with event onsets4

•  Length rule: prefer a structure that aligns strong beats with 
onsets of longer events 

•  Regularity rule: prefer beats at each level to be as evenly spaced 
as possible

Fig. 1: Metrical and harmonic analysis of “Oh Susannah” by Melisma (Temperley 
and Sleator 1999, Figure 1, reprinted courtesy of MIT Press). Each row of dots 
indicates a level of the metrical structure; each dot indicates a beat on the onset 
of the note below. Each chord symbol represents a chord span, beginning on the 
note below and extending to the beginning of the following chord span.

4 An onset simply designates the temporal position of the beginning of a note.
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Let’s consider the example in Figure 1, supposing again that we listen 
to the music played in a regular tempo but without knowing what the 
pulsation and metrical structure are. The event rule specifies that we 
would prefer to tap the beat at the same time as note onsets instead of 
tapping between two notes. Thus we would prefer to synchronise the 
pulsation with as many notes as possible. But at the same time the reg-
ularity rule constrains the duration between successive pulsations at a 
given metrical level to be as regular as possible. Finally, we would also 
tend to synchronise the locations of higher (slower) metrical levels with 
onsets of longer notes.

Harmonic analysis
Harmonic analysis in Melisma aims to reconstruct the chord sequence 
underlying a given melody. This process is governed by another set of 
preference rules:

•  Compatibility rule: prefer chord roots5 that result in certain 
pitch-root relationships. From most preferred to less preferred, 
the relationships are: 1, 5, 3, 3b, 7b, 5b, 9b and finally ornamental. 
In other words, for a given pitch in the score (let’s say C).

 -  The most obvious root would be pitch 1 (C would correspond 
to C major or minor chord, for instance).

 -  Or that pitch could be the fifth degree 5 above the root  
(C would correspond to F major, for instance).

 -  Or else the major third degree 3 (C would correspond to Ab 
major chord).

 -  Or the minor third degree 3b (C would correspond to A minor 
chord).

 - Etc. 
  -  In the “worst” case, that pitch is not related to the root and 

corresponds to an ornamental.

5 For instance, the root of chord C-E-G is C.



150

•  Ornamental dissonance rule: when labelling events as ornamen-
tal, prefer events that are

 - closely followed by another event a half step or whole step away
 - metrically weak 
•  Harmonic variance rule: prefer roots such that roots of nearby 

chord spans are close together on the line of fifths.
• Strongbeat rule: prefer to start chord spans on strong beats.

In the same example in Figure 1, from bar 0 to 3, pitches D and A are 
considered ornamental because they appear in metrically weak posi-
tions and are followed by whole-step intervals. The first note (C) could 
define C as the root. Note E in bar 1 would preferably be considered 
the third degree of root C rather than defining a new root E because 
the movement between C and E does not follow the line of fifths. The 
following note G in bar 1 could actually define a root G, but as this 
change of roots would not appear on a strong beat, this is avoided. We 
could imagine root G starting at bar 2 and going back to C at the sec-
ond beat of that bar, but because that return to C would appear on a 
not very strong beat, this could be avoided as well. Conversely, the D 
in bar 4 can lead to root G, where D would be the fifth degree of that 
root. And so on. More refined harmonic analyses of more complex 
music can be found in (Temperley and Sleator 1999).

It is not the aim of this paper to give a complete overview of the 
Melisma Music Analyzer. Besides, significant progress has been made, 
both by the author David Temperley and by a community of research-
ers. For instance, while harmony in the first version of Melisma is rep-
resented merely as a succession of roots that are constrained to follow 
the circle of fifths, more recent approaches integrate functional analy-
sis: each chord is expressed as a scale degree (such as I or V) – with a 
function (such as tonic or dominant) – within a particular tonality.

For instance, the hierarchical organisation of tonal music has 
been represented in the form of a context-free generative grammar 
(Rohrmeier 2011). The grammar incorporates four levels: a phrase level 
divides a piece into phrase; a functional level specifies the functional 
role a certain scale degree has within a phrase, the scale degree cap-
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tures the relationship between the chord and the key and the surface 
level expresses the actual chord with all its possible additions, inver-
sions, etc.

Fig. 2. Automatic analysis, using HarmTrace, of the first two phrases of J.S. Bach’s Ach Herre Gott, 
mich treibt die Not, BWV 349, in the key of F.

Figure 2 shows an example of analysis obtained through an implemen-
tation of this grammar called HarmTrace (de Haas et al. 2011). The 
analysis is displayed in the form of an upside-down tree, made up of a 
series of top-down branches, each one representing one of the succes-
sive chords in the piece. For instance, the first branch on the left repre-
sents the first chord, an F major chord (“F”), first degree (“I”), hence 
tonic (“Ton”). We can see that the fifth chord is exactly the same. The 
previous (fourth) chord is the dominant (“Dom”), hence fifth degree 
(“V”) C major chord (“C”). Similarly, the previous (third) chord is the 
subdominant (“Sub”), hence second degree (“IIm”) G minor seventh 
(“Gm7”). Again, the previous (second) chord is the fifth degree above, 
represented as “Vd/II”, hence sixth degree (“VIm”) D minor chord 
(“Dm”). At each level in the tree, branching indicates descending fifth 
transitions, in particular from subdominant (“Sub”) to dominant 
(“Dom”). 

Computational models did not focus solely on Western music. 
For instance, with my colleague Mondher Ayari I tried to model the 
modal development of traditional Arabic maqam music and in par-
ticular the Tunisian repertoire (Lartillot and Ayari 2011). Western 
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Fig. 3: Modal structure of Mhayyer Sîkâ D, a Tunisian maqām mode (Lartillot and Ayari 2011). The 
ajnas constituting the scales are: Mhayyer Sîkâ D (main jins), Kurdi A, Bûsalik G, Mazmoum F, 
Isba’în A, Râst Dhîl G, and Isba’în G. Pivotal notes are circled.

Fig. 4: Computational modal analysis of a transcription of the beginning of a traditional instru-
mental improvisation performed by the Tunisian Nay master Mohamed Saâda, developing the 
fundamental elements of the Mhayyer Sîkâ D maqām mode (Lartillot and Ayari 2011).
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classical harmony is defined by the use of particular tonal scales, 
where for each scale the discourse is composed of a succession of 
chords, made up mostly of triads based on notes taken from that scale. 
Maqam music is defined by the use of modal scales, and the discourse 
is structured by the use of particular subscales (also called jins, plural 
ajnas) made up of successive notes from those scales, generally four 
(tetrachord) or five (pentachord), where some of the notes on those 
subscales are pivotal, serving as stable notes. Figure 3 shows an exam-
ple of modal structure.

We have attempted to automatically perform this type of modal 
analysis. Figure 4 shows an example of analysis. The succession of 
most likely ajnas is indicated below the staves. Important notes (as 
opposed to ornaments) are circled, and pivotal notes are highlighted 
with grey ovals that encompass the whole underlying ornamentation.

Structural analysis
David Temperley’s Melisma Music Analyzer was greatly influenced by 
Lerdahl and Jackendoff’s GTTM, which integrates various dimen-
sions of analysis, including metrical analysis. Another core analytical 
principle studied in the GTTM is reduction, which is further mod-
elled in two ways: through the inference of “prolongation” and “time-
span trees”. Attempts at automation of these reduction principles have 
been proposed (Hamanaka et al. 2006; Marsden 2010).

Another dimension of music analysis considered in the GTTM 
is the grouping of notes in multiple hierarchical levels. The idea is to 
show the decomposition of the musical discourse into successions of 
phrases, themselves decomposed into sub-phrases, and so on. This is 
another complex aspect of music analysis that is hard to model. In our 
collaboration with Mondher Ayari we have tried to develop a computa-
tional modelling of music segmentation6 and have shown how it is 

6  “Grouping” and “segmentation” are basically the two sides of the same coin, one looking 
at how notes are grouped together, while the other considers how the melody is cut into 
pieces.
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governed by a large range of heuristics based on local configurations 
(note durations, pitch interval) but also higher-level aspects such as 
harmony and rhythm (Lartillot and Ayari 2011).

Computational attempts have been made at analysing monodies 
and modelling low-level aspects of grouping related simply to local 
aspects such as note duration and pitch intervals. Emilios Cam-
bouropoulos’ Local Boundary Detection Model (LBDM), for instance, 
assigns a “boundary strength” (which can be understood as a segmen-
tation probability) to each interval between successive notes based on 
the pitch and temporal intervals of previous and subsequent notes 
(Cambouropoulos 2006). Figure 5 shows an example of a segmentation 
curve, where peaks indicate location where segmentation is predicted.

We have introduced a new approach that enables us to reveal a 
multi- level hierarchical construction of local grouping. Figure 6 shows 
this hierarchical local grouping for the beginning of Mozart’s Varia-
tion XI on “Ah, vous dirai-je maman”.

Fig. 5. The first few bars of 
Chopin’s Etude Op10, No3. 
The curve depicts the LBDM 
boundary strength profile. 
Peaks in this curve indicate 
potential local boundaries 
(Cambouropoulos 2006).

Fig. 6. Analysis of the 
melody at the beginning 
of Mozart’s Variation XI on 
“Ah, vous dirai-je maman”, 
K.265/300e. Each box 
indicates a local segment 
based on note durations. 
Box colour is related to seg-
mentation level and defined 
by the longest duration 
between notes in the box. 
Grey is related to dotted 
quavers, yellow to quavers, 
orange to dotted semiqua-
vers, red to semiquavers, 
and so on.
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We have also studied the applicability of these approaches to non- 
Western music, in particular traditional Turkish makam (Lartillot et al. 
2013). Figure 7 shows an example of an analysis of a Nihavend maqam 
in Kar form according to three segmentation models: one presented in 
(Tenney and Polansky 1980), the LBDM and our own model.

Fig. 7. Analysis of a Nihavend maqam in Kar form (Lartillot et al. 2013). Compar-
ison of the boundaries (i.e., where the melody can be cut into segments) given 
by the three computational models – Tenney and Polansky’s (TP) model, LBDM 
and our proposed model (“New Model”) – with segmentations given by listeners, 
shown above the stave.

Another core aspect of music is motivic repetition, i.e. the multiple rep-
etition of musical sequences of various scales, from short motivic cells 
to long thematic phrases. This is taken into account in the GTTM 
under the term “parallelism”. I have shown how parallelism actually 
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plays a central role in Lerdahl and Jackendoff’s theory (Lartillot 2010). 
Yet the GTTM’s authors recognise that they did not manage to for-
malise this core aspect in their model. “Our failure to flesh out the 
notion of parallelism is a serious gap in our attempt to formulate a fully 
explicit theory of musical understanding” (Lerdahl and Jackendoff 
1983, 53).

Computational automation of motivic analysis has been 
attempted during the past few decades. I have personally spent a great 
deal of effort in this area of research. In my approach the idea is to 
reveal the motivic structure with a maximum of detail while at the 
same time keeping the analysis as simple and clear as possible (Lartillot 
2016). Due to the complexity of the problem, my approach is restricted 
so far to the analysis of monodies, or superpositions of monodies such 
as counterpoints. Although various music dimensions, such as rhythm, 
diatonic and chromatic pitch, are also taken into consideration.

Fig. 8. Automated analysis 
of J.S. Bach’s Invention in 
D minor BWV 775, first 14 
bars (Lartillot 2007, 306). 
The motives for each voice 
are indicated below the 
corresponding staves with 
horizontal lines. Groups of 
motives are denoted with a 
letter (larger motives A, B, 
etc.; smaller cells a, b, etc.) 
indicated on the left side of 
each line.
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Figure 8 shows an example of computational analysis, using my 
approach, of the first 14 bars of J.S. Bach’s Invention in D minor BWV 
775 (Lartillot 2007, 306). The opening motive A, with all its occur-
rences throughout the piece, has been accurately retrieved by the 
machine. The accompanying figure B has been detected too and is 
decomposed into a succession of two successive and similar shapes. 
The first sequence unit A’ is detected and identified as a variation of 
the opening motive A. The computational system has been able to 
retrieve the most salient structures of the piece, which are congruent 
with a musicologist’s analysis (Kresky 1977). However, the subtlest 
configurations discovered by the musicologist cannot be detected with 
the algorithm. Indeed, the use of computers here is not intended to 
replace the musicologist’s skills, but rather at to experiment with a for-
malisation of the basic principles of music understanding. Besides, this 
automation may enable the annotation of large music databases. 

Automated analysis of fugues has also been attempted, detecting 
subjects and countersubjects as well as partial harmonic sequences 
inside episodes (Giraud et al. 2015).

Applications
As the GTTM has shown, and particularly when considering the for-
malisation shown in Figure 9, the various dimensions of music analysis 
(metrical, tonal/harmonic, motivic, structural, etc.) are highly interde-
pendent. Melisma Music Analyzer, for instance, does integrate various 
components of music analysis, but it does not model their interdepend-
encies. I am conceiving a computational framework, called the 
MiningSuite, that integrates a large range of analyses, both from audio 
and from scores (Lartillot 2011). One main motivation of this project is 
precisely to model and take into consideration these interdependencies. 
The MiningSuite integrates other previous projects, all developed in 
the Matlab environment: in particular the MIRtoolbox (Lartillot and 
Toiviainen 2007), a leading tool for music analysis from audio, and 
MIDItoolbox (Eerola and Toiviainen 2004), for the analysis of MIDI 
representations.
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Fig. 9. Schematic understanding proposed in (Lartillot 2010, 196) of the general con-
ceptual framework developed in Lerdahl and Jackendoff’s GTTM. In italics are notions 
related to accents, in bold aspects related to parallelism and in grey the part of the 
theory related to grouping structure.

Other software solutions have been developed and used in the research 
community, such as the Humdrum toolkit for pattern matching, for 
search for similarity in music and for statistical measurements (Huron 
2002). Other solutions include Music21, in the Python language, for 
complex query retrievals, statistics and analytical models (Cuthbert 
and Ariza 2010) and JSymbolic (McKay and Fujinaga 2006), also to 
extract statistical information.

Partial or complete automation of music analysis opens a broad 
range of opportunities in terms of application to every-day music 
activities by the general public. Music analysis could help listeners 
better understand music by offering visual guiding tools, which could 
be designed to be as immersive and engaging as possible. This technol-
ogy can also help design new ways of automatically structuring music 
catalogues to get a clear idea of their content and of automatically clas-
sifying the catalogue in terms of genres, composition styles, cultural or 
geographic origins, moods etc. Another application concerns the 
detection of pieces of music that are variants of the same composition 
or that share the very same musical characteristics and can help detect 
cover songs and plagiarism.
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This quest towards the development of artificial musical intelli-
gence can also unlock the development of a form of computational 
creativity. By understanding how music works, machines can then 
learn to automatically compose new music as well as learn to perform 
music, e.g. interpret classical music with rubato and expression.
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