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ABSTRACT the melody as a sequence of I/R structures (conform Nar-
mour’s Implication/Realization (I/R) model for melodic

Computing melodic similarity is a very general problem structure [10]). The similarity is then assessed by cal-
with diverse musical applications ranging from music anal- culating the edit-distance between I/R representations of
ysis to content-based retrieval. Choosing the appropriatemelodies. We compared this assessment to assessments
level of representation is a crucial issue and depends onpased on note representations [9], and melodic contour
the type of application. Our research interest concerns therepresentations [2, 7].
development of a CBR system for expressive music pro-  We have found that the discriminatory power (using an
cessing. In that context, a well chosen distance measur%ntropy based definition) of the note level distance mea-
for melodies is a crucial issue. In this paper we propose sure is much lower than that of the contour and I/R level
a new melodic similarity measure based on the I/R model measures. Also, taking into account interval durations
for melodic structure and compare it with other existing within the contour level measures, tended to decrease the
measures. The experimentation shows that the propose@jiscriminatory power. We argue that the I/R level mea-
measure provides a good compromise between discrimi-syre is an appropriate compromise that takes into account
natory power and the level of abstraction of melody rep- rhythmical/temporal information in an implicit way, with-

resentation. out losing discriminatory power.
The paper is organized as follows: In Section 2 we
1. INTRODUCTION briefly introduce the Narmour’s Implication/Realization

Model. In section 3 we describe the four distance mea-
Computing melodic similarity is a very general problem sures we are comparing — the note-level distance pro-
with diverse musical applications ranging from music anal- posed in [9], two variants of contour-level distance and
ysis to content-based retrieval. Choosing the appropriatethe I/R-level distance we propose as an alternative. In sec-
level of representation is a crucial issue and depends ortion 4 we report the experiments performed using these
the type of application. For example, in applications such four distance measures on a dataset that comprises mu-
as pattern discovery in musical sequences [1], [4], or style sical phrases from a number of well known jazz songs.
recognition [4], it has been established that melodic com- The paper ends with a discussion of the results, and the
parison requires taking into account not only the individ- planned future work.
ual notes but also the structural information based on mu-

sic theory and music cognition [12]. 2. THE IMPLICATION/REALIZATION MODEL
Our research interest concerns the development of a

CBR system for expressive music processing. In that con-Narmour [10, 11] has proposed a theory of perception and
text (e.g. for retrieval and reuse mechanisms), a well cho- cognition of melodies, the Implication/Realization model,
sen distance measure for melodies is of importance. Someyr |/R model. According to this theory, the perception of
desirable features of such a measure are the abl'lty to dIS-a meiody Continuousiy causes listeners to generate expec-
tinguish phrases from different musical styles and to rec- tations of how the melody will continue. The sources of
ognize phrases that belong to the same song. We proposehose expectations are two-fold: both innate and learned.
a new way of assessing melodic similarity, representing The innate sources are ‘hard-wired’ into our brain and pe-
ripheral nervous system, according to Narmour, whereas
Permission to make digital or hard copies of all or part of this work for learned factors are due to_?xposu_re to mUSIC as a cul-
personal or classroom use is granted without fee provided that copies tural phenomenon, and familiarity with musical styles and
are not made or distributed for profit or commercial advantage and that pieces in particular. The innate expectation mechanism
copies bear this notice and the full citation on the first page. is closely related to thgestalt theoryfor visual percep-
© 2004 Universitat Pompeu Fabra. tion [5, 6]. Gestalt theory states that perceptual elements




(notes with a long duration contribute to closure), and
harmony (resolution of dissonance into consonance con-
tributes to closure).

We have designed an algorithm to automate the anno-
tation of melodies with their corresponding I/R analyses.
The algorithm implements most of the ‘innate’ processes
mentioned before. The learned processes, being less well-
Figure 1. Top: Eight of the basic structures of the I/R  defined by the I/R model, are currently not included. Nev-
model. Bottom: First measures of All of Me, annotated ertheless, we believe that the resulting analysis have a rea-
with I/R structures. sonable degree of validity. An example analysis is shown
in figure 1(bottom).

are (in the process of perception) grouped together to form

a single perceived whole (a ‘gestalt’). This grouping fol- 3. MEASURING MELODIC DISTANCES

lows certain principlesgestalt principles The most im-

portant principles argroximity (two elements are per- For the comparison of the musical material on different
ceived as a whole when they are perceptually clase); levels, we used a measure for distance that is based on
ilarity (two elements are perceived as a whole when theythe concept ofdit-distance(also known as Levenshtein
have similar perceptual features, e.g. color or form, in vi- distance [8]). In general, the edit-distance between two
sual perception), angbod continuatiorftwo elements are  sequences is defined as the minimum total cost of trans-
perceived as a whole if one is a ‘good’ or ‘natural’ contin- forming one sequence (the source sequence) into the other
uation of the other). Narmour claims that similar princi- (the target sequence), given a set of allowed edit opera-
ples hold for the perception of melodic sequences. In histions and a cost function that defines the cost of each edit
theory, these principles take the formiwiplications Any operation. The most common set of edit operations con-
two consecutively perceived notes constitute a melodic in- tains insertion, deletion, and replacement. Insertion is the
terval, and if this interval is not conceived as complete, or operation of adding an element at some point in the tar-
closed, itis anmplicative interva) an interval thatimplies  get sequence; deletion refers to the removal of an element
a subsequent interval with certain characteristics. In otherfrom the source sequence; replacement is the substitution
words, some notes are more likely to follow the two heard of an element from the target sequence for an element of
notes than others. Two main principles concezgis- the source sequence.

tral direction andintervallic difference The principle of Because the edit-distance is a measure for comparing
registral direction states that small intervals imply an in- sequences in general, it enables one to compare melodies
terval in the same registral direction (a small upward in- not only as note sequences, but in principle any sequential
terval implies another upward interval, and analogous for representation can be compared. In addition to compar-
downward intervals), and large intervals imply a change in ing note-sequences, we have investigated the distances be-
registral direction (a large upward interval implies another tween melodies by representing them as sequences of di-
upward interval and analogous for downward intervals). rectional intervals, directions, and I/R structures, respec-
The principle of intervallic difference states that a small tively.

(five semitones or less) interval implies a similarly-sized These four kinds of representation can be said to have
interval (plus or minus 2 semitones), and a large intervals different levels of abstraction, in the sense that some rep-
(seven semitones or more) implies a smaller interval. resentations convey more concrete data about the melody

Based on these two principles, melodic patterns canthan others. Obviously, the note representation is the most
be identified that either satisfy or violate the implication concrete, conveying absolute pitch, and duration informa-
as predicted by the principles. Such patterns are calledtion. The interval representation is more abstract, since
structuresand labeled to denote characteristics in terms it conveys only the pitch intervals between consecutive
of registral direction and intervallic difference. Eight such notes. The direction representation abstracts from the size
structures are shown in figure 1(top). For example, the of the intervals, maintaining only their sign. The I/R rep-

P structure (‘Process’) is a small interval followed by an- resentation captures pitch interval relationships by distin-
other small interval (of similar size), thus satisfying both guishing categories of intervals (small vs. large) and it
the registral direction principle and the intervallic differ- characterizes consecutive intervals as similar or dissimi-
ence principle. Similarly the IP (‘Intervallic Process’) struc- lar. The scope of this characterization (not all interval-
ture satisfies intervallic difference, but violates registral pairs are necessarily characterized), depends on metrical
direction. and rhythmical information.

Additional principles are assumed to hold, one of which ~ An example may illustrate how the interval, direction
concerngclosure which states that the implication of an and I/R measures assess musical material. In figure 2,
interval is inhibited when a melody changes in direction, three musical fragments are displayed. The direction mea-
or when a small interval is followed by a large interval. sure rates A—B and A — C as equally distant, which is not
Other factors also determine closure, like metrical posi- surprising since A differs by one direction from both B
tion (strong metrical positions contribute to closure, rhythmand C. The interval measure rates A as closer to B than



A ) tweenn; andn,, n; andng, etc. The duration part is
%ﬁ%& defined by the absolute difference between the duration
1D, L P of nq, and the summed durations 0%, ns, ..., nx. Just
B c like the replacement weight the fragmentation weight is a
Q%H% @C@&%%#%@EEEE weighted sum of the pitch and duration parts. The weight
L2 - of consolidation is exactly the converse of the weight of
LPy Py Dy P

fragmentation.

Figure 2. An example illustrating differences of similarity

assessments by the interval, direction and I/R measures. 3.2. An edit-distance for contour sequences

One way to conceive of the contour of a melody is as
comprising the intervallic relationships between consec-
utive notes. In this case, the contour is represented by a
sequence of signed intervals. Another idea of contour is
that it just refers to the melodic direction (up/down/repeat)

to C. The most prominent difference between A and C in
terms of intervals is the jump between the last note of the
first measure and the first note of the second. In fragment

Athis jump is a minor third down, a_nd. forCit ISa perfect pattern of the melody, discarding the sizes of intervals (the
fourth up. It can be argued that this interval is not really directions are represented as 1,0,-1, respectively). In our

relevant, since the first three and the last three notes of the

. experiment, we have computed distances for both kinds of
fragments form separate perceptual groups. The I/R dis- ¢
tance assessment does take this separation into account gg ntour sequences. . .
'~ We have restricted the set of edit operations for both

can be seen from the I/R groupings and rates fragment Akinds of contour sequences to the basic set of insertion,

closer to C than to fr_agmen_t B. . . deletion and replacement, thus leaving out fragmentation
The next sub_sectlons_ briefly o!escnbe our_deC|5|ons '€-and consolidation, since there is no correspondence to frag-
ge_lrdmg the choice of edit-operations and we|ghts.of OP€" mentation/consolidation as musical phenomena (as there
ations for ea(?h type 9f sequence. V.Ve. do not claim theseis trivially in the case of note-sequences). The weights for
are the only right choices. In fact, this issue deserves fur- replacement of two contour elements (intervals or direc-
ther dispussion and'm?gh.t benefit also from empirica.I data tions) is defined as the absolute difference between the el-
conveying human similarity ratings of musical material. ements, and the weight of insertion and deletion is defined
as the absolute value of the element to be inserted/deleted
3.1. An edit-distance for note sequences (conform Lemstdm and Perttu [7]).
Additionally, one could argue that when comparing two
In the case of note sequences, we have followed Mon-jntervals, it is also relevant how far the two notes that con-
geau and Sankoff's approach [9]. They propose to ex- stitute each interval are apart in time. This quantity is
tend the set of basic operations (insertion, deletion, re-measured as the time interval between the starting posi-
placement) by two other operations that are more domaintjons of the two notes, also called the Inter Onset Interval
specific: fragmentationand consolidation Fragmenta-  (101). We incorporated the 10l into the weight functions
tion is the substitution of a number of (ContigUOUS) el- by add|ng it asaweighted Component_ For examp|e?iet
ements from the target sequence for one element of theandO 1, respectively be the pitch interval and the 101 be-
source sequence; conversely, consolidation is the substitutyween two notes in sequence 1 aRdandIO1, the pitch
tion of one element from the target-sequence for a numberinterval and 101 between to notes in sequence 2, then the
of (contiguous) elements of the source sequence. In mu-yeight of replacing the first interval by the second, would

sical variations of a melody for example, it is not uncom- be|P, — Pi|+ k- |IOI, — IOI,|. The weight of deletion
mon for a long note to be fragmented into several shorter of the first interval would be + & - IO1;.

ones, whose durations add up to the length of the original
long note.

The weights of the operations are all linear combina-
tions of the durations and pitches of the notes involved in The sequences of (possibly overlapping) I/R structures (I/R
the operation. The weights of insertion and deletion of a sequences, for short) that the I/R parser generated for the
note are equal to the duration of the note. The weight of musical phrases, were also compared to each other. Just
a replacement of a note by another note is defined as theas with the contour sequences, it is not obvious which
sum of the absolute difference of the pitches and the ab-kinds of edit operations could be justified beyond inser-
solute difference of the durations of the notes. Addition- tion, deletion and replacement. It is possible that research
ally, there is a weight factor for the duration difference, in investigating the I/R sequences of melodies that are musi-
order to control the relative importance of pitch and dura- cal variations of each other, will point out common trans-
tion attributes. Fragmentation and consolidation weights formations of music at the level of I/R sequences. In that
are calculated similarly: the weight of fragmenting a note case, edit operations may be introduced to allow for such
ny into a sequence of notes, ns, ..., ny IS again com- common transformations. Presently however, we know of
posed of a pitch part and a duration part. The pitch part no such common transformations, so we allowed only in-
is defined by the sum of the absolute pitch differences be-sertion, deletion and replacement.

3.3. An edit-distance for I/R sequences



As for the estimation of weights for edit operations recurrence equation for the distantg between two se-
upon I/R structures, note that unlike the replacement oper-quencesiy, as, ..., a; andby, b, ..., b;:
ation, the insertion and deletion operations do not involve

any comparison between I/R structures. It seems reason- di—1,j +w(a;,0) @
able to make the weights of insertion/deletion somehow dij—1 +w(0,b;) ®)
proportional to the ‘importance’ or ‘significance’ of the dij = min{ di—1,;—1 +w(ai, b;) ©
I/R structure to be inserted/deleted. Ideally the (unformal- di—1,j—k + (@i, bj—kt1,..,05),2 <k <5 (@)
ized) notion of significance of an I/R structure would de- dikj—1+w(@—gy1,50i505),2<k<i (9)

pend on the context of the structure. However, this would
not make sense in the case of editing sequences, as thiF
would create a cyclic dependence among the weights of ©
edit operations. Therefore we propose to take the size of
an I/R structure, referring to the number of notes the struc-
ture spans, as a more practical indicator of the significance
of an I/R structure. The weight of an insertion/deletion of
an I/R structure can then simply be the size of the struc-
ture. . dig = di—l,j + w(ai, @) deletion
The weight of a replacement of two I/R structures should . .
assign high weights to replacements that involve two very doj = dij-1+w(®b;) Insertion
different I/R structures and low weights to replacements of doo = 0
an I/R structure by a similar one. The rating of distances
between different I/R structures (which to our knowledge . .
has as yet remained unaddressed) is an open issue. Di _espectlve!y, we tak.dm” as the distance betweenan_d
tance judgments can be judged on class attributes of the The weight functionw, defines the cost of operations

I/R structures, for example whether the structure captures(\’\'h'ChtWe tdh'SCOLlJ_SfEd in tk?et prevuzrl:s subtsectlonj)l./RFor
a realized or rather a violated expectation. Alternatively, computing the distances between Ihe contour an Se-

or in addition, the distance judgment of two instances of quences respectively, the terms corresponding to the cost

I/R structures can be based on instance attributes, such a f fragmentation and. consolidation are simply left out of
the number of notes that the structure spans (which is usu-t e recurrence equation.
ally but not necessarily three), the registral direction of the
structure, and whether or not the structure is chained with 4. EXPERIMENTATION

neighboring structures. _ o ) _

Aiming at a straight-forward definition of replacement A crucial question is how the behawor. of each distance
weights for I/R structures, we decided to take into account Méasure can be evaluated. One possible approach could
four attributes. The first term in the weight expression is P& to gather information about human similarity ratings
the difference in size (i.e. number of notes) of the I/R of mu3|ca.l material, and theq see how close egch distance
structures. Secondly, a cost is added if the direction of the Measure is to the human ratings. Although this approach
structures is different (where the direction of an I/R struc- Would certainly be very interesting, it has the practical dis-
ture is defined as the direction of the interval between the @dvantage that it may be hard to obtain the necessary em-
first and the last note of the structure). Thirdly, a cost is Pirical data. For instance, it may be beyond the listener's
added if one I/R structure is chained with its successor capabilities to confidently judge the similarity of musi-
and the other is not (this depends metrical and rhythmical €&l fragments longer than a few notes, or to consistently
information). Lastly, a cost is added if the two I/R struc- Judge hundreds of fragments. Related to this is the more
tures are not of the same kind (eBandVP). A special fundamental question of whether there is any consistent
case occurs when one of the I/R structures is réfie- ‘ground truth’ concerning the question of musical similar-
spectivecounterpart of the other (a retrospective structure 1ty (Se€ [3] for a discussion of this regarding musical artist
generally has the same up/down contour as it's prospec-s'm'lar'tY)- Leav_mg these issues a§|de, we have chosen
tive counterpart, but different interval sizes; for instance, @ More pragmatic approach, in which we compared the
a retrospective P structure typically consists of two large atings of the various distance measures, and investigate
intervals in the same direction, see [10] for details). In possible d|ffer¢nces in features like d!scr|m|nat|ng power.
this case, a reduced cost is added, representing the ideé\nother criterion to judge the behavior of the measures
that a pair of retrospective/prospective counterparts of theiS t0 see how they assess distances between phrases from

same kind of I/R structure is more similar than a pair of the same song versus phrases from different songs. This
structures of different kinds. criterion is not ideal, since it is not universally true that

phrases from the same song are more similar than phrases
from different songs, but nevertheless we believe this as-
sumption is reasonably valid.

The minimum cost of transforming a source sequence into  The comparison of the different distance measures was
a target sequence can be calculated using the followingperformed using 124 different musical phrases from 40

foralll < i < mandl < j < n, wherem is the
ngth of the source sequence ands the length of the
target sequence. The terms on the right side respectively
represent the cases of (a) deletion, (b) insertion, (c) re-
placement, (d) fragmentation and (e) consolidation. Addi-
tionally, the initial conditions for the recurrence equation
are are:

For two sequencesandb, consisting ofn andn elements

3.4. Computing the Distances



400 T T T 400 T T An interesting detail of the note measure distribution
is a very small peak betwedhand0.2 (hard to see in

the plot). More detailed investigation revealed that the
data points in this region were comparisons between ‘part-
ner’ phrases of the same song (e.g. the A1 and A2 vari-
ants). This peak is also observable in the I/R measure, in
the ranged — .05, In the interval and direction measure
the peak is ‘overshadowed’ by a much larger neighboring
peak. This suggests that the note and I/R measures are
better at separatingery much resemblinghrases from

not much resemblinghrases than the interval and direc-
tion measures. However, the note measure lacks a sub-
tle assessment necessary for separation ohtitenuch-
resemblingcategory into sub-categories.

T T S R N S

Figure 3. Distribution of distances for four melodic similarity ] ) ]
measures. The x axis represents the normalized values for the The 'r‘terya!’ direction and I/R measures seem to have
distances between pairs of phrases. The y axis represents th@igher discriminatory power for phrases that are not near-

tion are evidence that these measures cluster the phrases in

] ] ] some way, since the within-cluster comparisons produce
different jazz songs from the Real Book. The musical 4, 5ccumulation of low-distance values, and the between-
phrases have a mean duration of eight bars. Among themy,,ster comparisons of the various clusters produce peaks

are jazz ballads like ‘How High the Moon® with around 5 higher distance values, depending on how close the clus-
20 notes, many of them with long duration, and Bebop ers are to each other.

themes like ‘Donna Lee’ with around 55 notes of short
duration. Jazz standards typically contain some phrases
that are slight variations of each other (e.g. only differ-

ent beginning or ending) and some that are more diStinCt'kind of rhythmical/temporal information. Contour repre-
This is why the structure of the song is often denoted by rmy . P o e P
sentations that ignore rhythmical information are some-

a sequence of labels such as Al, A2 and B, where Iabelstimes regarded as too abstract, since this information ma
with the same letters denote phrases that are similar. 9 ’ y

With the 124 jazz phrases we performed all the possi- _?_Eerz?grrged;zs?g detflze:ftfflt?)?‘peec't r?fnmfr:gqr{te[i%ni:l.
ble pair-wise comparisons (7626) using the four different . . i vlv 1ol the behavi w fl?h ' 'gt II ddi
measures. The resulting distance values were normalize(iIme intervals (101) on the behavior of the interval and dis-

per measure. Figure 3 shows the distribution of distance ance measures. Increasing the weights of 01 did improve

values for each measure. The results for the direction andFhe ability to separateithin-songcomparisons (compar-

interval measures were obtained by leaving 10l informa- Icnogmpr;:s?;?sfr(%rgnghear?r?mehsr(;rs]g)s f;:)onr;ﬁc‘j}iif\rlgsgt-ssogr? 5)
tion out of the weight function (i.e. setting tikgparameter P paring p gs).

100, see section 32) cures. I figure 4. he citance cisyibutons of he dree.
The first thing to notice from figure 3 is the difference tion rﬁeasu?e are ’shown for different weights of 10I. Note
in similarity assessments at the note-level on the one hand 9 '

and the interval, direction and I/R-levels on the other hand. I)huatl;{(,)r?ssr:"nhc?o ':r?l : \?:Z'r?sr:):rrf;i?;;sé f’:ilfi? rrgaiffg:ren(i:ﬁg-
Whereas the distance distributions of the last three mea- vy L P e
sures are more spread across the spectrum with severathose of the .|nterval, d|rect|on. and /R measures in fig-
peaks, the note level measure has its values concentrateHr?. 3)toa sw;]gle.-pe:;\]k fgrm (!|ke Ithe Inote-level measqrﬁ
around one value. This suggests that the note-level mea-:gll?eur:g t?)o).r;seilloslletthee r:gfet'22;:;:??;73?;?;3
sure has a low discriminatory power. We can validate this ment, with a degradation in discriminatory power from
by computing the entropy as a measure of discriminatory5 12 ;‘ork 010481 fork — 2. A similar effect was
power: Letp(z), = € [0, 1] be the normalized distribution ™ o o -

of a distance measut@ on a set of phrases, discretized observed for the interval measure.

into & bins, then the entropy dd on S'is

The distributions of the interval and direction measures
in figure 3 show the assessments that did not include any

This shows that taking into account rhythmic informa-
tion in a straight-forward manner (by weighing the 10I's
H(D) == p(k) Inp(k) in calculatinggthe edit-distance), éle)éreasges t?]e discrimi-
0 nating power of the direction and interval measures for the
wherep(k), is the probability that the distance between a set of musical phrases under consideration. In this respect,
pair of phrases is in bik. The discriminatory power for  the I/R measure is an interesting alternative, since it does
note, interval, direction and I/R measures are then 4.41,abstract from the literal musical surface, but at the same
5.27,5.12 and 4.91, respectively. time rhythmical information is not completely ignored.

1
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Figure 4. Distributions of distances of the direction measure

for various weights of inter-onset intervals.

5. CONCLUSIONS AND FUTURE WORK

In this paper we have proposed a new way of assessing
melodic similarity and compared it with existing methods

also be made. However, for definitive conclusions in this
direction, more research (with explicitly labeled data) is
needed.
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