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Abstract
Providing personalized learning paths increases the ef-
fectiveness of education. In the context of music ed-
ucation, personalization is often limited by the use of
standard curricula for all students, as preparing or se-
lecting ad-hoc learning material is non trivial and ex-
pensive. Computationally Creative systems could po-
tentially help create personalized material, but to do so
it would be necessary for them to be able to evaluate
internally the degree of difficulty of the generated mu-
sic. Automatic difficulty estimation has been proposed
by Music Information Retrieval Research, but those de-
scriptions of difficulty are however absolute and not per-
sonalized. We believe instead that different students
will find different pieces more or less challenging than
others. We propose therefore to use information the-
ory metrics to estimate the level of challenge based on
prior experience of the learners, by employing Idyoms,
a system for the cognitive modeling of music. In two
experiments we show that the system does model dif-
ferences in levels of preparation when facing difficult
pieces, and that it can account for different learning
paths leading to different levels of challenge based on
the appropriateness of the pieces known to the student,
showing this approach could enable a Creative system
to estimate the perceived difficulty of newly generated
pieces and therefore improve the personalization of mu-
sic education.

Introduction
Providing a personalized learning experience can signifi-
cantly increase the effectiveness of education (Bloom 1984).
Music teaching is an activity that offers some personaliza-
tion afforded by the presence of personal teachers during
one-to-one lessons. However, the degree of personalization
is limited by the use of standard teaching materials and fixed
curricula of pieces to learn, that typically apply to all stu-
dents in a school (or in some cases even fixed by regional
or national level curricula) (Carnovalini, Roda, and Wiggins
2023; Carnovalini, Espı́rito Santo, and Wiggins 2025).
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We propose that Computational Creativity can help
achieve a higher degree of personalization. We have wit-
nessed notable progress in music generation systems, and
we posit that such systems could be employed for the cre-
ation of personalized exercises. This represents an inter-
esting intersection of requirements that is underexplored in
Computational Creativity, as the system would need to cre-
ate sheet music that is a) not too hard for the student’s cur-
rent skill level, but also b) challenging enough to have ed-
ucational benefits, and finally c) pleasant to play and listen
to. The sum of a) and b) can be described as laying in the
Zone of Proximal Development (Chaiklin 2003), which can
be seen as an ideal area of a conceptual space that, for a
specific student has the ideal amount of difficulty to enable
learning without triggering frustration. It is worth noting
that no two learners are the same, and therefore the shape
of this area will always be different even for two students in
the same level or class, as one may find certain skills eas-
ier or harder than the other (for example, in the same class
of beginner pianists one may be faster in playing melodies,
but another may be better at playing chords in the left hand).
The need for personalization requires the system to be able
to create novel pieces each time, which of course must also
show sufficient quality, suggesting that this is indeed a prime
use case for Computational Creativity, whereas Generative
AI is currently capable of creating music, but is almost im-
possible to steer to creating pieces that match these strict
educational requirements (Carnovalini et al. 2026).

There has been research in Music Information Retrieval
systems to estimate and/or classify the difficulty of a mu-
sical piece, given the sheet music (Ramoneda et al. 2022),
which could ideally be used as an internal evaluation for a
creative system. However, this work aims to estimate diffi-
culty as an absolute value, i.e., describing how hard a piece
is compared to other pieces, for most people. We argue that
to obtain proper personalization, a system for evaluating dif-
ficulty should try and make a cognitive model of the learner.
In this study, we explore a system for the estimation of chal-
lenge, defined as how difficult a certain piece will be to a
certain person at a certain stage in their development (or in
other words, how much they will struggle to learn it). Ex-
ploring how effective such a measure is will enable further
exploration in a creative system that generates music taking
challenge into account.



A Cognitive Model
Idyoms
For the current investigation, we utilize Idyoms1, a Ju-
lia implementation of IDyOM (Information Dynamics of
Music), a cognitive model developed by Marcus Pearce
(Pearce 2005) for the statistical modeling of the percep-
tion of melodic sequences. Idyoms is able to extract sta-
tistical patterns based on example sequences by creating a
variable-order Markov model (Conklin and Witten 1995)
and is then able to estimate the likelihood of unseen se-
quences by means of the Prediction by Partial Matching
(PPM) algorithm (Cleary and Witten 1984), which com-
bines the likelihoods of the different orders. The system also
allows the definition of different viewpoints, i.e., different
feature dimensions to be used for the estimates (e.g., pitch
and duration of notes). The model consists of two compo-
nents, which may be used separately or together. The Short-
Term Model (STM) bases its prediction only on elements
that are within the current sequence (i.e., within the same
song/piece), incrementally updating the statistics as the se-
quence is being processed. The Long-Term Model (LTM),
in contrast, bases its statistics on a corpus of previously-
analyzed sequences, offering the option to update statistics
as the new sequence is being processed or to use just the
prior knowledge. In both cases, the model allows compu-
tation and analysis of the Information Content of each event
in a sequence, which is an indication of how unexpected that
event is based on the elements that precede it. It is computed
as follows:

h(x) = −log2(p(x)) (1)

where p(x) is the probability of the event according to
PPM. Events with low probability will have high infor-
mation content and vice versa. Information content has
been shown to model aspects of human perception and
cognition of musical sequences very closely (Pearce 2005;
Pearce and Wiggins 2006; 2012; Hansen and Pearce 2014).

Information Content, Difficulty, and Struggle
Using Information Content or the related metric, Entropy,
for difficulty estimation is an established idea (Ramoneda et
al. 2024; Sébastien et al. 2012; Verstraeten 2025). These
metrics can give an indication of how structurally complex
and varied a piece of music is, and these aspects are re-
lated to the perceived difficulty in performing that piece.
However, research that has used these measures has typi-
cally done so by computing the metrics only within a single
piece (equivalent to Idyoms’ STM approach) and/or using
only zeroth-order probability estimations, which therefore
do not capture the dynamic structure of the music. Both
these two limitations are reasonable for the goal of describ-
ing the variance of the piece’s elements (e.g., how spread are
the pitches, or how varied are the rhythmic figures), but fall
short when it comes to describe how difficult a piece will be
to a certain learner based on their learning path, i.e., what
we call challenge.

1https://github.com/nick-harley/Idyoms

In order to model this personalized feature, we investigate
the following approach: we expose the Long-term model
of Idyoms to pieces that have already been studied by the
learner, and compute the (average) Information Content of
the new piece that is to be studied. As mentioned above, In-
formation Content is correlated with surprise and unexpect-
edness. Our rationale is that, by modeling the unexpected-
ness of the new piece, we also model how much the learner
will struggle to learn new sequences and techniques, that are
not already part of their musical and technical vocabulary,
which is roughly modeled by the LTM.

Idyoms has been shown effective as a model of the per-
ception of music. Here, however, we are using it as a model
of performance. We believe that the overall statistical mod-
eling that Idyoms is based upon will also work as a model
for the cognitive load that a musician must process when
performing a new piece. While the present experiments are
some of the first to test this hypothesis, we posit that ex-
pecting this well-established cognitive model of perception
to highly correlate with performance is not an unreasonable
assumption. The results of the following experiments cor-
roborate this hypothesis, although at this stage it remains to
be tested in future work with human participants.

Experiments
Using Information Content to Model Progression
Method. Our first experiment2 is intended to assess the
viability of general ideas outlined in the previous section.
We model a student learning through a progressive exercise
book, Mikrokosmos, a well-known piano book written by
Béla Bartók (Bartók 1987), which contains pieces of pro-
gressive difficulty going from beginner to piano virtuoso.
The book is available in digital format in the Mikrokosmos-
Difficulty Dataset (MKD)3, where the pieces are divided
into three difficulty categories: easy, medium, and hard.
Our experiment works as follows: we trained the Long-term
model (LTM) of Idyoms with only the easy category and
the second using both the easy and medium subsets of the
dataset using the combination of Pitch and duration of the
note events as the data representation4. We only used the
right hand information in this experiment, in order to keep
the alphabet size limited. We then predict the information
content of the hard pieces based on the two learned models.
The idea is to try to model a student that tried to approach the
hard pieces only studying the easy pieces, and one who went
through both easy and medium pieces before approaching
the hard ones. The hypothesis is that the level of challenge
(and therefore the average Information Content) is signifi-
cantly lower for the latter, as the student we model has a
better preparation for the hard pieces.

Results and Discussion. Figure 1 shows box plots detail-
ing the distribution of the mean information content of the

2The code for both experiments is available at:
www.github.com/project-caliope/caliope_experiments

3https://zenodo.org/records/6092709
4Viewpoint in IDyOM and Idyoms terminology (Conklin and

Witten 1995; Pearce 2005).
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Figure 1: Paired box plot of the mean information content of hard pieces predicted by an Idyoms model trained on easy pieces
and one trained on easy and medium pieces, with lines pairing values for the single pieces.

hard pieces, as predicted by the two models. The distribu-
tion is almost equally spread over a large range, but what is
more interesting than the distribution itself is to see how the
Mean Information Content changed for each piece based the
model having been exposed to solely easy pieces or easy and
medium pieces. To test that, we performed a paired nonpara-
metric test (the Wilcoxon signed-rank test, graphically rep-
resented as the dots and lines in Figure 1), which confirmed
the differences are significant (T = 6.0; p = 1.3e-8(∗∗∗);
two-sided alternative rejected).

This first result indicates that Information Content can in-
deed model different levels of preparation, suggesting that
it is indeed possible to give a personalized account of dif-
ficulty, or challenge. It is however possible to argue that
this experiment offered little personalization, as both mod-
els came from the same dataset and have a non negligible
overlap, and the results are only the effect of having more
data in the easy+medium category. We address these rea-
sonable points in the following section.

Personalization of Learning Paths
Method. In order to test how much our model can ac-
count for different learning paths, we performed a second
experiment. We imagine two learners wanting to approach
the same difficult piano piece, Alban Berg’s Piano Sonata
(Op. 1). This sonata is a challenging piece that does not
rely on classical tonal theory, but is instead partly inspired
by Schoenberg’s (of whom Berg was a composition student)
serialist ideas. The first student we envision goes through
a more classical curriculum: we model this student with
an Idyoms long-term model trained on the entirety of the
Mikrocosmos dataset. The second, on the other hand, de-
cides to train on fewer pieces, but ones which are more rel-
evant to Berg’s sonata. We collected a small dataset of 11
serialist pieces by Arnold Schoenberg and Anton Webern,
on which we train a different instance of Idyoms’ LTM. The
first student has seen more pieces (some of which require
high skill to master), but our hypothesis is that the second
student, being more used to the relevant style of music, will
struggle less on the piece, resulting in lower Information
Content.

Results and Discussion In the previous experiment we
compared the Mean Information Content of various pieces.
Since we only analyze one piece in this second experiment,
we compare the distribution of the Information Content of
each event in the sonata, as predicted by the two models.
Figure 2 shows the two distributions as violin plots. A
Kruskal–Wallis H test confirms that the distributions are sig-
nificantly different (H = 15.82; p = 0.00007(∗∗∗)).

This result confirms that our model can account for dif-
ferent learning paths in a personalized manner, and that it is
not merely an indication of having more data in the learned
model. While in general adding more data to a model is ex-
pected to lower the Information Content, the relevance of the
learned pieces is more important than the quantity of data.
This is the expected behavior for the model: students who
study more will generally struggle less, but the pieces they
studied must be coherent with the piece they want to prepare
to lower its challenge level.

Conclusions
We presented a problem for which Computational Creativ-
ity can offer help, namely the creation of personalized music
exercises, and an approach to the estimation of challenge,
defined as how difficult a certain piece will be to a certain
person at a certain stage in their development, a key feature
of such a creative system. This concept can become part of
the internal evaluation for a Computational Creativity sys-
tem creating music meant for learners, but could also help
in recommending existing study material or automatically
constructing personalized learning paths. Through two ex-
periments we demonstrate that this approach is promising in
providing a more personalized view on difficulty than what
previously proposed.

There are however some limitations of the current study,
which call for further work. Firstly, we have used a mea-
sure (Information Content) that is known to be significant
for perception, but has not been validated for performance.
The results suggest that indeed it could be appropriate for
modeling performance cognition as well, but this remains to
be tested.
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Figure 2: The distribution of the information content of all Berg’s sonata’s notes, as computed by a Idyoms model trained on
all the MKD dataset and one trained on just serialist music.

The experiments could be repeated with more data and
by using the information related to both hands, and possibly
including additional information in our viewpoints such as
fingering annotations or dynamics. It would also be inter-
esting to model more closely existing piano curricula from
music schools, to see how well this approach can relate to
real-world scenarios, and finally, once a higher degree of
maturity is reached, it would need to be validated with actual
learners. Moreover, while the approach is promising, further
work is needed to make it viable within a creative system so
that it can be used by the final users, namely piano teachers
and music students.

Despite the limitations, we believe the proposed approach
opens interesting perspectives for AI-supported music edu-
cation and for Computational Creativity alike, as it requires
creating music that is novel and of quality under a personal-
ized and educational point of view, rather than being gener-
ically a new piece of satisfactory quality.
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