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Abstract Since the middle of the 20th century, various types of automatic music composition have been
attempted. Usually, these attempts utilized random number or stochastic information to generate music. In
these trials, the researches focused on the automatic generation of music. Indeed, their trials are important
for art and science. However, from the viewpoint of entertainment, it is more important to generate music
by ourselves with the proper assistance or guidance from a computer. We are now developing a symbolically
rich interactive music composition system, the Augmented Composer, that uses atomic music patterns and
controls their duration, pitch, and velocity to generate music. Tts interface 1s quite simple and easy, so even
a non-expert can compose “music”. Through analysis of composed music (MIDI data), we found an explicit
difference between music by expert composers and novices composers. In this paper, we briefly introduce
the Augmented Composer. We show the difference of induced composition patterns between experts and
non-experts. Finally, we propose a music composition support (suggestion) system from the viewpoint of
active mining.
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method. Xenakis proposed stochastic music [16]. Thisis a
mathematical method to construct unknown, but overall

1. Introduction controlled complex sound movements from the repeated

Since the middle of the 20th century, various types of
automatic music composition have been attempted. The
first trial, string quartet No.4 “The Illiac Suite”, was com-
posed by Hiller and Isaacson in 1957 [4]. They used their
experience with the ILLTAC for computing polymer con-
formations and adapted the approach to develop rules for
the composition of music. Then, according to the rule,
the suite was automatically composed by a probabilistic

random trials. Without any musical premises such as
theme, tone row or rhythmic patterns, using only Pois-
son distributions and other probability functions, one can
determine every phase from the pitch, duration, density
(number of sound within a unit time), timbre distribution
to the overall structure (macro composition) [15]. Thus,
they utilized random number or stochastic information to



generate music. In these trials, they focused on the au-
tomatic generation of music. That is, these trials aim to
make the computer perform like a human beings. Indeed,
their trials are important for art and science. However,
from the viewpoint of an entertainment, it is more im-
portant to generate music by ourselves with the proper
assistance or guidance of a computer.

We are now developing a symbolically rich interactive
music composition system, the Augmented Composer
[3], that uses atomic music patterns and controls their
duration, pitch, and velocity to generate music. Since
the Augmented Composer is a real time music gen-
erator, the output data is not a graphical score (pat-
tern) but MIDI (Musical Instrument Digital Interface)
sequence data (symbol). Thus, we can easily obtain infor-
mation of a composition as MIDI sequence data that can
be regarded as symbols. Asshown later, the data from the
system can be dealt with by data mining methods with a
little modification. Though MIDI data is quite low level,
we first analyzed the data for comparison between compo-
sitions by experts and non-experts. After analysis of the
composed music data, we were impressed to find an ex-
plicit difference between music by expert composers and
non-expert composers. In fact, we can distinguish music
composed by Mozart from that composed by Beethoven.
This has been achieved by expertized or intuitive induc-
tion. Though there will be some limitations, this type
of analysis can also be computationally achieved. As to
an analysis of literature, there has been much study for a
quantitative analysis that can determine the author of a
certain article [6]. Since articles are symbolically written,
it is easy to analyze them statistically. For instance, by
referring to statistically analyzed results, analyzers can
determine whether the work was written by Shakespeare
or not. As to an analysis of music, some research has
been done. For example, Paelo[10] adopted statistical
methods, rule-based analysis, and constraint derivation
to analyze a score. The object of analysis is to provide

a database search that is a sort of index. It does not
aim to find a style of composers automatically. Thus, as

for music, there has been study into data mining as li-
brary data base support. However, there does not seem
to be any research to detect a difference between the style
or manner of professionals and amateurs. Furthermore,
there does not seem to be any research to automatically
find the style or manner of a particular composer in a log-
ical manner. Although, Pachet proposed a playing style
leaner and imitator by using Hierarchical Markov mod-

els[9].

This paper points out the importance of data mining
not for the library but for individual reference as enter-
tainment and education. In addition, this paper points
out that the above data mining can be achieved under the
framework of active mining. This paper proposes music
composition support from the viewpoint of active min-
ing. That is, this paper proposes a user-friendly support
system. This paper also analyzes the necessary features
for a music composition supporting system and sets forth
current problems.

In Section 2, we briefly overview the Augmented
Composer. In Section 3, we show the analyzed results
of the outputs (composition data) from the Augmented
Composer. In Section 4, we propose a music composi-
tion suggestion system from the viewpoint of active min-
ing.

2. Symbolically rich interactive music

composition environment

In this section, we briefly introduce a symbolically rich
interactive music composition system, the Augmented

Composer. The Music Table is the first of a planned
series of interface designs under the umbrella title of the
Augmented Composer. The Music Table is a system
that enables a player to compose musical patterns by ar-
ranging cards on a tabletop. An overhead camera allows
the computer to track the movements and positions of
the cards and to provide immediate feedback in the form
of music and on-screen computer generated images. The
Music Table provides both tactile and visual representa-
tions of music that can be easily manipulated to make
new musical patterns. In this way, inexperienced music
makers can experience their own music as patterns in mu-
sical space.

The overlapping tactile and visual representations of
the music help reinforce one another in a way that can
provide a form of interaction and representation not pos-
sible with mouse, keyboard and screen (Fig. 1). By giv-
ing the player a physical model of the music, the abstract
nature of music can be experienced on an intuitive level.

Fig.1 Augmented Composer

2.1 The system overview

The software component of the system is in two main
parts. The Music Table program itself handles the
camera-based tracking of the cards, the rendering of
VRML objects, and the compositing of CG graphics into
the original video image. To do this, it uses the Aug-
mented Reality Toolkit programming libraries [5] devised
by Kato and supported by a lively community of program-
mers. The sequencer for MIDI events is built in the PD
music programming environment [12] and receives data
from the Music Table program via MIDI and via UDP
sockets. This use of MIDI is a carry-over from the Aug-
mented Groove [11], an earlier project that used the same
marker tracking technology to mix live dance music tracks
and effects via MIDI.

When a card is placed on the table, and its tracking
pattern becomes visible to the computer, the software
recognizes the position of the card on the table. A card’s
position on the axis running toward or away from the user
determines the pitch of the note to be played. Its posi-
tion from left to right determines its position on a looping
timeline running across the table. Several cards combined
make up new musical patterns that follow a sequence, as
if the cards on the table were notes on a musical score.

By rotating a card clockwise, the loudness of its note is
increased, as is the spikiness and movement of the an-

imated character associated with that card. Counter-
clockwise rotation makes the note less loud. Tilting a

card slightly to the left or the right causes the length of
the note to be increased or decreased. When this hap-
pens, the creature on the screen also becomes longer or

shorter (Fig. 2 and Fig. 3).



Fig.2 A short, smooth creature corresponding to a short,

quiet note

Fig.3 A long, spiky creature corresponding to a long, loud

note

The onscreen animated characters serve to complement
the physical representation on the table by giving extra
information about the notes being played. When a note’s
turn comes to actually make a sound, the onscreen char-
acter will suddenly jump to give the user some indication
of the state of the timeline.

Other cards are used to save and copy patterns and to
change instrument sounds for making multi-layered mu-
sical compositions. For the purposes of this particular
research however, just the basic note cards were used to
simplify the data collection.

For each iteration of the timeline, the positions of the
note cards and their respective MIDI values were recorded
as a line in a text file. The resultant files represent around
five minutes of interaction by one person.

3. Obtaining user models from com-
posed data

3.1 Data from the Augmented Composer

As shown in the previous section, the Augmented
Composer works as music composition support, so even
a novice can enjoy music composition. The result from
the Augmented Composer is not a traditional score,
but an MIDI sequence data. Usually, the system is con-
nected to an MIDI apparatus to play music. In fact, the
data is an ASCII data and not a standard MIDI file.

For example, a part of the MIDI data is shown in Fig.
4, where “loop” means the number of cycles of the musi-
cal phrase (all lines prefixed by loop 1 belong to the same
musical pattern), “card” means the ID (identification) of
card (1-10), “pitch” means the MIDI note number on
the pitch axis, “position” means the note’s position on
the time axis range (0-7), “on_off” means whether the
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loop 1 card 1 pitch 61 position 5 on_off 0
velocity 124 duration 17;
loop 1 card 2 pitch 55 position 2 on_off 0

velocity O duration 24;

loop 1 card 10 pitch 59 position 3 on_off O
velocity 121 duration 17;

loop 2 card 1 pitch 61 position 5 on_off 0
velocity 124 duration 17;

loop 2 card 2 pitch 55 position 2 on_off 0

velocity O duration 24;

Fig.4 Output from the Augmented Composer

card is seen by the camera or not (0 or 127), “velocity”
means the loudness of the note (MIDI velocity number),
and “duration” means the length of the note’s playing
time (0-127).

Since the data is represented electronically as symbols,
it is suitable for computers. Thus, MIDI data can be
convenient for data analysis as well as to play music on
various MIDI-supporting players.

3.2 Analysis of result from the Augmented

Composer

As shown above, since the output data from the Aug-
mented Composer is MIDI data, the data from the sys-
tem can be dealt with by a certain data mining method
with a little modification. Though MIDI data is quite
low level, first, we analyzed the data for a comparison
between compositions by experts and non-experts. We
adopted two popular analysis systems. Omne is C4.5[13],
which can analyze continuous or discrete data to obtain
logical relationships. Another is KeyGraph [7], which an-
alyzes discrete data to obtain relationships between el-
ements in a graphical manner. Part of the result from
KeyGraph can be regarded as association rules.

The result by C4.5 is shown in Fig. 5.
expert and “NE” means non-expert.

“E” means
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Pitch < 51 :

duration< 1: E

duration > 1 :

velocity £ 75 :

| duration £ 24 : NE

| duration > 24 : E

velocity > 75 :

| ON/OFF = 0: NE

ON/OFF = 127:
velocity £ 97 : E
velocity > 97 : NE

Pitch > 51 :
Pitch < 66 :

velocity £ 8 :
duration < 23 :
| Card<7:NE ... (omitted)

- /

Fig.5 Generated decision tree by C4.5 (part of)

Each cluster of the tree in Fig. 5 can be interpreted as
follows, for example:

E - pitch(<= 51), dura(<=1). (1)



E - pitch(<= 51),velo(<=T5),dura(> 24). (2)
N E = pitch(<= 51), velo(<=75),dura(<= 24). (3)

Thus, we can find an explicit difference (clustering) be-
tween the composition pattern of experts and that of non-
experts in the manner of logical equation. For example,
as to duration, in general, experts selected short duration
(equation (1)). This might mean that experts have cer-
tain techniques and prefer complex music patterns. How-
ever, if the volume of sound is slightly low, experts prefer
to continue the sound (equation (2)). By analysis of the
result by C4.5, we can determine the tendency or style of
a composition. We seem to obtain a certain generalized
rule for composition by experts as well.

In this section, we analyzed the results from C4.5. In
fact, we observed the following phenomena during exper-
iments on the Augmented Composer.

From a small sample of subjects, it is apparent
that the expert subjects paid a lot more atten-
tion to the duration and loudness of the individ-
ual notes than did the musically naive subjects,
who focused more on the pitch of notes and their
placement on the timeline. This may be partly
due to the clearer physical mapping of pitch and
time to the x and y axes on the tabletop where
loudness and duration require a slightly finer ma-
nipulation and rely more on the on-screen repre-
sentation for information about their states.

The observation shows the similar phenomena as the re-
sult from C4.5 shows.
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Fig.6 Composition by experts (KeyGraph)

The results by KeyGraph [7] are shown in Fig. 6 (by ex-
perts) and Fig. 7 (by non-experts). You can immediately
detect an explicit difference between the patterns by the
experts and by the non-experts. For example, as to the
experts’ patterns, we can see that “duration_1” plays a
central role. On the other hand, as to the non-experts’
pattern, we can see that “velocity_100” and “duration_20”
play main roles. Some of the results are similar to the re-
sults by C4.5. Since KeyGraph does not analyze data
based only on data frequency, there should be a differ-
ence between the results by C4.5 and KeyGraph. Never-
theless, we can determine relations among elements that
play central roles in the composition, and have general-
ized or particular composition patterns in an association
rule’s manner. Of course, we can obtain non-frequent re-
lationships by KeyGraph as well. If we carefully survey
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Fig.7 Composition by non-experts (KeyGraph)

non-frequent relationships, we might find secret or tacit
techniques for music composition. However, this paper
does not deal with such cases.

4. Music composition suggestion by ac-
tively mined data

As shown in the previous section, we found an explicit
difference between compositions by experts and those by
non-experts. As a result, we think that we can induce a
set of proper or preferable rules of music composition by
experts. Of course, if we analyze the result from a partic-
ular composer, we can also uncover a composition style
or rule of the composer. We think these induced models
can play a significant role in music composition support,
because they are automatically obtained from real data,
so that they provide an objective analysis to be used as
a set of references if they are verified. In addition, due to
the improvement of the power of computational calcula-
tion, it is quite realistic to build a real time analyzer of
music composition. In this section, we propose a music
composition support system from the viewpoint of active
mining.

4.1 Why active mining?

Data mining is defined as the nontrivial extraction of
implicit, previously unknown, and potentially useful in-
formation from data. This encompasses a number of dif-
ferent technical approaches, such as clustering, data sum-
marization, learning classification rules, finding depen-
dency networks, analyzing changes, and detecting anoma-
lies. Data mining is now applied to analyze economic
trends, predict a future trend, etc., and has achieved a
certain success. Recently, however, it has been pointed
out that data mining is insufficient from the viewpoint of
a user interface (readability). That is, the result is not
user-friendly displayed, so that the user cannot easily un-
derstand the result. Thus, in the active mining field, they
try to achieve the following aims [2].

¢ Efficient information focusing

e Retrieval of significant information to a particular
user
¢ Dealing with situation sensibility and frequent infor-

mation updates
These are very fundamental aims for recent Al research.
If these aims are achieved, mined knowledge will play a
significant role in the real world.
You might not think there is any relationship between
music composition and active mining. Of course, facially,
there is no relationship. However, from the viewpoint of
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creativity and education, we think there is a certain rela-
tionship. For example, for education, we need a certain
reference or teacher. For students, it is very important
to be shown a proper reference in a proper manner. For
teachers, it is very important to show proper examples to
students in a proper manner. Usually, this type of educa-
tion is discussed and achieved only by an expert teacher.
This type of education is exactly what active mining aims
at.

First, it is important to select the proper data to be
shown. Second, it 1s important to modify the data to a
user-friendly style or according to the users’ capabilities.
Third, the users can refer to and compare with a refer-
ence in real time to improve their compositions. These
types of tasks can be discussed in the framework of active
mining.

4.2 Music composition support as active min-

ing

We define one of the music composition supports as
showing a proper reference. A reference will be a rule for
good music. Usually, composers learn music composition
rules in schools or from text books. In addition, they
study the style of great composers to obtain composition
rules. Usually, this type of education is provided by a hu-
man teacher. In this paper, we propose a computational
music teacher who analyzes good music styles and rules
to provide a guidance for a better music composition.

In Section 3, we pointed out that composition style can
be obtained by inductive methods such as C4.5. As shown
in Fig. 5, if we collect many patterns (composition data)
by experts and non-experts, we can generalize the differ-
ence of composition rules between them. As discussed in
Section 3, we think these results can be used as powerful
references or guidance for all users. For instance, Fig. 8
shows a generated decision tree where the data of non-
experts is classified as data by NE1. That is, there are
three classes, i.e. E, NE, and NE1 (individual).

4 I
..... (omitted)

duration £ 58 : NE

duration > 58 :

|  Loop £ 28:
velocity > 59 :
|  velocity £ 114 : E

| | ON/OFF =o0: E
‘ ‘ ON/OFF = 127:
| | | | velocity > 114: NE1 ... (omitted)
\ _J

|  velocity £ 59 : NE
Fig.8 Generated decision tree by C4.5 (part of)

From Fig. 8, we can observe a certain difference be-
tween E and NEI1, as well as a difference between NE

and NE1. The latter classifications reflect the individual
feature as a non-expert. A more important factor can be

read from the former classifications that show a difference
between the music composition style of experts and NE1

(individual). Thus, we think that if the result is properly
displayed, though it depends upon the user’s capability,
the user can be aware of a difference between his/her com-
position style and the experts’ composition style. If the
users are aware of the difference, it will help them to im-
prove their work. Of course, as shown in Fig. 6, since
KeyGraph shows the relationship among each element in
a graphical manner, we can use KeyGraph’s result by an-
alyzing the experts’ data as a visual reference.

We propose a method dealing with a user-friendly ref-
erence or assistance for better composition under the con-
cept of active mining. Under this context, “user-friendly”
means that the users can easily ascertain a difference be-

tween works by experts and their own to improve their
work.
4.3 Music composition support system

After taking the above analysis into consideration, we
decided to build music composition supporting system
with a user-friendly interface. In fact, there are many
“user-friendly” applications for musicians. However, our
conclusion is to provide an interface that guides users to
be aware of a difference between work by experts and
their own to improve their work.

We propose the system shown in Fig. 9. This figure
shows a cyclic music composition by referring to an au-
tomatically generated reference. That is, a multiple se-
quence of composition, comparison, and improvement is
a composition cycle for non-experts. This circulation will
work as an automatic education for non-experts.

MIDI data

Augmented
Composer

2 e
individual’
A I —

expert's data

MIDI data

DB

Fig.9 Music composition cycle

After composing music, the user can analyze his/her
composition to compare with the experts’ composition
style. Then he/she can be made aware of the difference
and improve his/her work according to the recognized dif-
ference. If the difference is displayed clearly and properly,
the users can ascertain what need to be changed. The cy-
cle will continue until the difference becomes considerably
small. In this sense, the users can learn how to compose
good music by themselves. If the users use the system
in another way, they might be able to imitate or pretend
other composers’ styles.

From the viewpoint of active mining, this type of appli-
cation is quite important. This application includes some
problems regarding how to display the results in a user-
friendly manner. Since this is a preliminary proposal of
music composition support from the viewpoint of active
mining, we currently have quite a few ideas regarding the
above problems.

In the following section, we will point out problems from
the viewpoint of art as well as active mining.

4.4 Problems in the music composition sup-

port system

First of all, since the obtained information is currently
only MIDI output that is quite low level, any analysis we
can do is quite limited. Nevertheless, we can derive cer-

tain tendencies from the data. The results are shown in
Section 3. From the viewpoint of art, the data including

pitch, duration, etc., is quite rough. However, from the
viewpoint of computational data analysis, a small num-
ber of data seems to be suitable for focusing on significant
data.

Besides the data structure problems, the following
problems need to be solved.

1. How will the difference be shown?



Currently, we adopt C4.5 to generate a type of log-
ical representation. This is because a logical repre-
sentation 1s suitable for computational data and a
tree-style representation is understandable as a type
of visualization. However, whether a logical rule is
suitable for representing music will be a problem. A
logical presentation is suitable for computer and log-
ical thinking. In fact, it seems suitable for analyzing
music in a structural way. However, if we want to
analyze music in an affective manner, is it still suit-
able to use logical representation? If not, we should
find an alternative method to deal with affective rep-

resentation.
2. Is the classification enough?

Currently, we divide samples into two categories,
i.e., data by experts and data by non-experts. For an
experimental brief check, this classification is enough.
However, if we use this system in a real situation,
more classification should be required. For instance,
categorization such as beginner, teacher, professional
composer, etc., might be required to give more de-
tailed information.

3. How to close up necessary information?

Currently, we only show the result by C4.5, which
is not user-friendly for a person who has never expe-
rienced C4.5. Of course, this problem will occur if
we use another data mining tool. We must find an
automatic close up or selection method.

4. Which part of music mainly influences music?

After reviewing all the data and music or interview-
ing professional composers, we will be able to focus
on an exact data that influences musical appearance.
This is so-called heuristic problem solving. However,
there may be a computational method to detect the
exact element that mainly influences music.

The problems shown above are key factors for making
our system attractive.

5. Conclusions

In this paper, we briefly introduced an interactive music
composition system, the Augmented Composer. We
then showed the analyzed result of MIDI data from the
Augmented Composer. Though MIDI data is quite
low level, we recognized that the analyzed data reflects
techniques and styles of music composition. By reviewing
the analyzed data, we saw a means of using the analyzed
data for reference to music composition. This is because
we could ascertain an explicit difference between the com-
position styles of experts and those of non-experts. Thus,
we proposed a cyclic composition support system that
shows the experts’ composition pattern as a reference to
educate non-experts in a cyclic manner. Part of the con-
cept of this system is based on active mining, where we
introduce user-friendly reference or assistance for better
composition. “User-friendly” means that the users can be
easily made aware of the difference between experts and
themselves. Of course, a reference should be generated
automatically.

Since this is a preliminary proposal of music compo-
sition support from the viewpoint of active mining, as
shown in Section 4, we still face many problems and will
likely uncover many problems during experiments. For
instance, currently, we adopted a common induction or
data mining system for a test. During the experiments, if
we find problems in induction or data mining, we should
improve or develop new induction or data mining meth-
ods.

In this paper, we did not address chance discovery [8].
However, since composition is a creative task, we should
take into consideration an aspect of chance discovery. Our
system will then become a better composition system. In
fact, there have been several studies on creativity from

the viewpoint of chance discovery. Abe pointed out that
when we use the internet as reference, a slightly differ-
ent search result simulates our hidden creativity [1]. Shi-
bata and Hori showed that related problems and ideas
stimulate the user’s creative thinking [14]. Though they
deal with creativity in research, for artistic tasks, there
should be a similar framework or mechanism to compose
excellent music. Our future goal includes a method to
stimulate the users’ creativity by concepts such as chance
discovery.
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