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Towards a Cognitive Pattern Language for Tonal Music Representation

Joris Monnet (joris.monnet@epfl.ch)! & Martin Rohrmeier

1

IDigital and Cognitive Musicology Lab, EPFL

Abstract

We present a symbolic, rule-based framework for modeling
tonal music composition as the construction and transformation
of structured cognitive programs. Building on the Language of
Thought hypothesis, our approach treats musical scores as ex-
ternally observable artifacts that encode hierarchical relations,
melodic patterns, and harmonic scaffolds in a reusable symbolic
system. Using Minimum Description Length (MDL) principles,
we show that tonal abstractions support compression: themes
function as shared models, allowing variations to be represented
with fewer parameters and transformations, reflecting cogni-
tively plausible reuse and systematicity. We demonstrate the
framework on Paganini’s Caprice No. 24 and Steve Reich’s
Clapping Music, showing how surface diversity emerges from
a compact set of symbolic operations applied over inherited
structures. Unlike data-driven neural models, our method pre-
serves interpretable, inspectable representations aligned with
musicological analysis. This work provides a proof-of-concept
that tonal music can be formalized as an executable symbolic
system, offering both a computational model of composition
and a window into the cognitive structures underlying musical
creativity.

Keywords: Symbolic cognition; Tonal music; Musical pat-
terns; Computational modeling; Algorithmic composition; Ab-
straction; Compression; Musical representation

Introduction

A central topic in cognitive science characterizes cognition
as the manipulation of structured symbolic representations
by rule-governed mental programs (Fodor, 1975; Jackend-
off, 2002; Newell and Simon, 1972). Within this framework,
cognitive systems are understood as productive and system-
atic: a finite set of symbols and operations gives a large range
of structured thoughts and behaviors. This perspective has
been fruitfully applied to domains such as planning, prob-
lem solving, language, visual narrative. or comics and visual
storytelling (Cohn, 2013, 2020).

Music cognition has a rich literature on perception, expec-
tation, grouping, and affect (Deutsch, 1999; Huron, 2008).
Yet music making, particularly tonal composition, is rarely
examined as symbolic program execution. Generative mod-
els like the Generative Theory of Tonal Music (Lerdahl,
2005; Lerdahl and Jackendoff, 1985) focus on perceptual
organization and analysis rather than composition as exe-
cutable symbolic processes. More recent frameworks, in-
cluding Pytakt (Nishimura and Marui, 2025), CommonMusic
(Taube, 1991, Tymoczko’s work (Tymoczko, 2006, 2023) and

more specifically his Arca language (Tymoczko, 2024), for-
malize musical structure computationally. Here, we explic-
itly treat tonal composition as constructed and transforming
symbolic programs, emphasizing representational adequacy,
reuse, and description-length minimization as cognitively mo-
tivated principles.

Musical scores offer an opportunity for cognitive modeling.
They are not encodings of acoustic outcomes, but structured
symbolics patterns that specify actions, constraints, and trans-
formations that can be learned, taught, analyzed, and system-
atically understood. Tonal music, in particular, relies on a
symbolic ontology: scales, harmonic functions, patterns, and
transformations. These regularities are not arbitrary: they
support learnability, stylistic coherence, and productive reuse
between works and composers (Gjerdingen, 2007; Temperley,
2004). From a cognitive perspective, this suggests that tonal
music reflects an implicit domain-specific symbolic system,
similar to a programming language internalized by composers
and performers.

This view aligns naturally with the Language of Thought
(LoT) hypothesis, which states that cognition operates over
structured representations built from a finite set of primi-
tives and combinatorial rules (Fodor, 1975; Newell, 1994;
Pylyshyn, 1984). Such representations support systematic-
ity, productivity, and compositionality (Fodor and McLaugh-
lin, 1990; Jackendoff, 2002). Contemporary implementations
highlight description length, abstraction, and symbolic reuse
as explanatory principles in concept learning, causal reason-
ing, program induction, and visual representation (Chater and
Vitanyi, 2003; Dechter et al., 2013; Ellis et al., 2018; Lake
et al., 2017; Solomonoft, 1964). Here, LoT is adopted as a
representational hypothesis: if tonal music is produced and
understood via symbolic cognitive structures, it should admit
compact, compositional, and reusable formal descriptions.

We present a rule-based framework modeling tonal music
generation as interactions of symbolic musical objects and
compositional operations. Grounded in established musico-
logical taxonomies, it represents musical material as reusable
patterns that can be repeated, transformed, overlaid, and con-
catenated. We evaluate it on diverse examples, including
Steve Reich’s Clapping Music and Paganini’s Caprice No.
24. Using Minimum Description Length (MDL) (P. Griin-
wald and Roos, 2019; P. D. Griinwald, 2007), we show that
generating scores via this framework yields more compressed
representations than note-by-note generation. When a theme
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exists, variations can be encoded with shorter symbolic de-
scriptions than independent representations, approximating
Kolmogorov compression (Chaitin, 1966; Kolmogorov, 1965;
Li and Vitanyi, 2008) and formally supporting the role of tonal
abstractions in compact generative representation.

Unlike data-driven deep learning approaches (Hornel and
Menzel, 1998; Johnson et al., 2017), our framework is fully
rule-based and symbolic. Neural models, while effective,
often obscure how musical objects, structure, and relations are
represented. Our focus is not surface-level generation quality
but preserving explicit, interpretable symbolic information
aligned with musicological concepts.

This proof-of-concept demonstrates that tonal music can
be modeled as an executable symbolic system consistent with
cognitive principles of systematicity, productivity, and par-
simony. Beyond generating music, the framework serves as
a cognitive model, capturing the structure of symbolic ob-
jects and operations that musicians reason about, manipulate,
and transmit, providing a foundation for further empirical and
theoretical work on symbolic musical cognition.

Model

Pattern

A Pattern is a container for representing and manipulating
sequences of musical events. It behaves like an ordered se-
quence while supporting musically meaningful structural and
transformational operations. A Pattern may contain Notes,
Rests, Chords, or other event objects.

A Pattern may be rhythmic or non-rhythmic. In rhythmic
patterns, events have explicit onset and duration, enabling
time-based transformations and analyses. In non-rhythmic
patterns, events are represented only by sequential ordering.

The Pattern abstraction is extensible and can accommodate
additional event types (e.g., dynamics or articulations) without
modifying its core interface.

P ::=base | shift(P,d) | retrograde(P)

1
| concatenate(P, P) | overlay(P, P) 1

These production rules define a compositional language
over Pattern expressions. From a Language of Thought per-
spective, the goal is not to enumerate all musically useful
operations, but to specify a small set of cognitively plausible
primitives from which more complex structures can be com-
positionally derived. In our framework, this grammar defines
the hypothesis space over which structural descriptions are
evaluated under a Minimum Description Length criterion.

The terminal symbol base denotes an atomic pattern, i.e., a
finite sequence of musical events. The operator shift(P, )
translates all events in P by an offset § while preserving inter-
nal structure, and retrograde(P) reverses event order. Se-
quential composition is captured by concatenate(Py, P;),
which appends P, after P; with appropriate time alignment,
whereas overlay(Pi, P;) merges both patterns without al-
tering internal temporal relations.

The auxiliary operation split(P, @) partitions a pattern
into two sub-patterns (P, P»), where a denotes either a tem-
poral boundary or an index.

These operations correspond to elementary transformations
over structured sequences: displacement, reversal, sequen-
tial composition, superposition, and segmentation. In LoT,
cognition relies on structured symbolic representations com-
positionally generated from a finite set of primitives (Fodor,
1975). Our proposal follows this view by using a minimal
set of domain-specific primitives sufficient to generate richer
musical structures.

Some musically useful operations are not primitive but com-
positionally defined. Let A(P) denote the duration of a rhyth-
mic pattern P. Then

repeat(P,2) = concatenate(P, shift(P,A(P))),

with the general case obtained recursively.

For example, Steve Reich’s Clapping Music can be gener-
ated using the Pattern abstraction together with TimeSpan ob-
jects representing rhythmic onsets, durations, and Rests. The
composition has attracted interest from both mathematicians
(Haack, 1991, 1998) and musicologists (Sethares and Tous-
saint, 2015) because of its apparently simple notated structure
and rhythmically complex perceptual effect.

J =160-184 Repeat each bar 12 times
1 2 3

2 3

Figure 1: First 3 bars of Clapping music by Steve Reich

According to Reich, 2002 himself, the piece consists of
a single rhythmic pattern continuously repeated by the first
performer, while the second gradually shifts the same pattern
forward by an eighth note every n measures (n=2o0r12 de-
pending on the version), as partially shown in Figure 1. This
produces a systematic phase-shifting effect that progressively
obscures the beat while continuously renewing the surface
texture.

Within our framework, a base Pattern is defined using
TimeSpan (1) and Rest (0) objects of equal durations. Succes-
sive ROL operations then provide a compact computational
reconstruction of the piece, as shown in Algorithm 1.

1110 110 10 1 10

1 10

ROL
110 10 110 1

ROL

10 110 10 1 10 1 1

Figure 2: ROL operation applied to Clapping music pattern
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Algorithm 1 Clapping music Algorithm
1: Py« [1,1,1,0,1,1,0,1,0,1,1,0]
2: Py« P

3: Clap, « repeat(P1,12xn—1)
4: Clapy « repeat(Py,n—1)

5: for i < 1 until size(P;) do
6:
7
8
9

Py « ROL(P,, 1/8) > 1/8 = eighth note
Clap, <« concatenate(Clap,,repeat(P,,n—1))
: end for
: Piece < overlay(Clapi,Clap;)

The ROL operation in Figure 2 is compositionally defined
through segmentation and recombination. Let (Py, P;) =
split(P, 1), where 7 is a temporal split point. Then

ROL(P, 7) = concatenate(shift(P;, —7), Py).

Tonal Hierarchy

The Pattern object operates over lists of events and can there-
fore be extended through specialized sub-languages. In our
tonal music instantiation, we define sub-languages for rhythm,
dynamics, and harmony/pitch-based events. These may inter-
act to form higher-order musical structures composed within
Patterns. From an MDL perspective, this factorizes the hy-
pothesis space over distinct musical dimensions.

Here we focus on the pitch/harmony sub-language,
grounded in the tonal hierarchy. The tonal hierarchy provides
a cognitively grounded representation of pitch organization in
tonal music (Krumhansl and Kessler, 1982), later refined for
analyzing compositions in Tonal Pitch Space (Lerdahl, 2005).

In this framework, the tonal hierarchy models how listeners
organize pitches into nested levels of structural importance
(Figure 3). These levels reflect cognitive importance, and
encode expectations about pitch attraction and melodic prox-
imity. Common melodic patterns and abstractions (Schenker,
1935) could crucially be expressed using the tonal hierarchy
as proposed by Tymoczko and others (Tymoczko, 2023). Each
pitch event is associated with an instantiated hierarchical level
specifying its role in the local harmonic context; all primitives
below are evaluated in relation to their local harmony.

For pitch entities N, the primitive

neighbor(N,d, k) : N

returns the adjacent pitch of N in direction d at hierarchical
level k.
Given two pitches N| and N, the interpolation operation

passing(Ny, Ny, k) : Seq(N)

returns the intermediate pitches connecting N; to N, while
respecting the constraints of level k.
Finally, sequential melodic trajectories are generated by

get_line(Ny,n,d, k) : Seq(N)

which returns a stepwise path of length n from N in direction
d atlevel k.

Tonic/Dominant
level:

Tonic level: ©

Triadic level:

I@ — @ @ neighbor C
Diatonic level: : @ e e @ Q
Srenacis QDO OOOOBOENC

Figure 3: Tonal hierarchy of C Major

Together, these operations define a minimal set of domain-
specific pitch primitives capturing both local transitions and
structured melodic motion.

Figure 3 illustrates upper and lower chromatic neighbors
(D — D#/Eb, B — A), passing structures between C and G
yielding either arpeggiated [C,E,G] or diatonic [C,D,E,F,G]
interpolations depending on level, and chromatic line gener-
ation from F ([F,F#,G,G#,A]). Chromatic nodes are shown
with enharmonic pitch classes for visualization, while the im-
plementation preserves pitch spelling distinctions (e.g., A#
versus Bb) through a spelled-pitch representation (Finkensiep
et al., 2022).

Polyphonic Example

Figure 4 shows the generation of the first bar of Bach’s C
Major prelude within our system. The prelude is based
on broken arpeggios (Alfano, 2014; Drabkin, 1985; Lester,
1998). It begins on the tonic (C) and arpeggiates upward
(get_line(C,7,UP,Triadic)). The final three notes may
be interpreted either as an octave displacement of the preced-
ing arpeggio, as shown here, or as a direct repetition of the
previous three chord tones.

The rhythm is a uniform sixteenth-note texture without rests.
The add_rhythm function is used as a convenience abstrac-
tion, since onsets and durations could alternatively be attached
directly to pitches or generated through a rhythmic grammar
(e.g. Rohrmeier, 2020). Polyphony arises from the first two
notes, sustained as pedal tones over the full duration of the
pattern. Finally, the pattern is repeated to fill the four beats of
the first measure.

This compositional process can be encapsulated as a
reusable function, allowing the pattern to be varied or re-
combined as needed, which is particularly useful for theme
and variation as we will see in next section.

Results

Caprice 24 from 24 Caprices for Solo Violin, Op.1,
Paganini

Figure 5 shows a simplified representation of the Paganini
theme and its variations. The theme is in binary form: an
8-bar repeated i—V—i—V harmonic progression ending with
a half-cadence, followed by a second 8-bar section subdi-
vided into a descending fifths line and a cadential passage.
A small set of functions are enough to generate the theme,
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transpose

add_rhy

repeat

N
.L |

thm
e

=T, R

Figure 4: Generation of the first bar of Prelude I in C Major, Bach (BWYV 846)
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Figure 5: Main Theme Generation

# N2 (Am)
e * =

2 Nig (Am) -®

&

1
add_rhythm ———

get_line(N, n,
UP, Triadic)

get_Tine(N2, 7-n,
DOWN, Triadic)
Figure 6: Generation of the pattern of Variation 1 (p_varl)
with N = A(Am) & n=2

with melodic patterns in the second section systematically de-
rived as variations of the first. This reuse creates a compact,
self-referential structure: the theme maintains a consistent
rhythmic texture across variations, while each variation intro-
duces surface-level rhythmic differences without disrupting
internal consistency.

Figure 7 presents a simplified symbolic representation of
the first variation. As in the theme, the piece is constructed
through the concatenation of bars, and the initial section is

repeated verbatim. However, these structural properties are
inherited directly from the theme and therefore do not need
to be re-encoded, resulting in a more compact representation.
At an abstract level, the variation preserves the same binary
form and harmonic scaffold as the theme, with only a local-
ized deviation in the antepenultimate bar, where a diminished
chord replaces the augmented sixth. This exception can be
integrated into the melodic schema of the theme itself, as it
also supports theme and subsequent variations. As shown in
Figure 6, melodically, the three principal contour types in the
variation can be parameterized by a single value indicating
the number of upward pitch steps from an anchor point, with
the remaining motion proceeding downward. Aside from the
E-major bar preceding the final cadence, which mirrors the
exception already present in the theme, this parameterization

acaititidarhe sahiearadladis suibagerné the vvnadiotructure

1740



LE | LE |

D]

[an] an] [E] [4]

p_varl(A5(Am), 2)

!

repeat bar 1

p_varl(ES(E), 2) l
N2

cadence_1(E4)
+

|

p_varl(D4(Dm), 7)

+

Figure 7: Variation 1 Generation with harmonic structure from theme.

" repeat add_neighbor get_line add_rhythm

s P i YR R 1 M P .
N T i e LTE e LA

g
=

Figure 8: First bar generation, Caprice 24, Var 2

and higher-level organization. As shown in Figure 8, the notes
are generated by repeating an input note, then inserting chro-
matic neighbor tones, and adding an upward or downward
line depending on the bar. The remaining bars are generated
by a stepwise line directed toward the next harmonic anchor,
optionally initiating from a lower chord tone in specific loca-
tions. These optional deviations occur in the second half of
the piece and contribute to a stronger sense of closure. From
a cognitive perspective, both variations illustrate how surface
diversity can be generated through the systematic manipula-
tion of a small number of symbolic parameters operating over
a shared structural representation.

e

Figure 9: Melodic pattern symmetry

It is also worth noting that an additional half-bar pattern is
inherited directly from the theme, as illustrated in Figure 9.
When aligned on the same starting pitch, the two patterns are
mirror-symmetric, corresponding to functional inversions of
one another. As aresult, the pattern can be abstracted indepen-
dently of absolute pitch: starting from any anchor note, one
can reuse the terminal segment of melodic_generator_1
and apply a reversal operation. This illustrates how symmetry
relations allow multiple surface realizations to be derived from
a single transformation through minimal additional structure.

Compression

Compression in our framework operates at multiple levels. At
the base, symbolic programs yield shorter descriptions than
specifying each note and parameter independently. Ata higher
level, variations encoded conditionally on a theme require only
the transformations and parameters that differ from the shared
model. From an MDL perspective, this constrains the hypoth-
esis space and binds free variables to established structure,
substantially reducing conditional description length. This
reuse of symbolic structure reflects a cognitively plausible
strategy: new musical material emerges by adapting existing
representations rather than constructing entirely new ones.
Following the Minimum Description Length (MDL) prin-
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ciple, description length is the sum of model cost and data
cost given the model (P. Griinwald and Roos, 2019; P. D.
Griinwald, 2007; Rissanen, 1978):

L(x) = L(M) + L(x | M), 2)

where x is a musical object, M a generative model, and L(-)
is measured in bits.

In a program-based representation, x is generated by sym-
bolic operators O (e.g. transposition, neighboring motion)
with parameter bindings ©, giving

Lprog = L(O) + L(('))’ 3

where O denotes the multi-set of operators used in the program
and © the associated parameter bindings.

Conditional MDL encodes a variation v relative to a theme
t, specifying only deviations from the shared model:

L(v|1) =L(©,)+L(A,), “4)

with ©,, the new parameters and A,, local structural exceptions.
Compression is then quantified by

Lpaseline (X)
Lprog (x) '

where Lprog (x) denotes the program-based description length
(knowing the theme when applicable). This ratio measures
how many times more compact the structured program repre-
sentation is compared to a non-compositional baseline encod-
ing.

Following Sablé-Meyer et al., 2022, description length is
approximated by counting symbolic program elements rather
than probabilistic code lengths. Complexity is the number of
primitive function calls plus free parameters, each assigned
1 unit cost. Defining a higher-level function incurs a one-
time cost equal to the primitives used, with subsequent calls
counting once, reflecting abstraction reuse. Free parameters
only contribute if not fixed by the function definition; for
example, once melodic_patternl is defined, calls require
only starting pitch and tonal hierarchy. This uniform-cost
scheme provides a transparent, cognitively plausible MDL
estimate. Program-based MDL values are reported relative to
a fixed set of primitives and previously defined abstractions;
only additional cost is counted.

As abaseline, each musical event is encoded independently,
with three free parameters per note (onset, duration, pitch) or

Compression Ratio =

(&)

cadence_1(A3)

<+

(6] [c] [B7] [Am]|[EasB°-E| [Am]
[
p_varl(C#6(A),2) ‘ p_Varl(]g5(G), 2) ‘ p_varl(F6(B°7), 0) ‘ custom
J p_varl(C4(C), 7) p_varl(E6(Am), 0)
N2 N2



2 for Clapping music (onset, duration), yielding a flat, non-
compositional representation like MIDI. Expressive parame-
ters are omitted for simplicity.

Piece Baseline Prog. MDL Cond. MDL Comp.
(units) (units) (units) Ratio
Theme 252 87 - 2.90
Variation 1 330 80 67 4.93
Variation 2 411 81 69 5.96
Clapping Music 4992 175 - 28.53
1st Bar Prelude 48 17 — 2.82

Table 1: Program-based and conditional description lengths
measured in uniform symbolic units. The baseline column
indicates the reference model relative to which conditional
MDL is computed.

Table 1 summarizes description lengths for the theme and
first two variations. Symbolically, variations have equal or
greater length than the theme due to increased surface activity.
With program-based conditional encoding, however, descrip-
tion length drops sharply, reflecting reuse of higher-level struc-
tures like harmonic scaffolding, formal organization, rhythmic
schemas, and melodic operators. The theme thus functions as
a shared model: once encoded, variations require fewer ad-
ditional parameters and transformations. Compression ratios
confirm that Paganini’s variations achieve surface diversity
through systematic manipulation of a compact symbolic core
rather than new material.

Discussion

The present framework is a proof of concept showing the
representations and patterns involved in tonal composition
rather than providing a comprehensive model of musical be-
havior. Its primary contribution is representational correct-
ness: it formalizes symbolic primitives, hierarchical organi-
zations, and compositional operations central to tonal music
pedagogy and analysis, which musicians explicitly manipulate
when composing, learning, and varying material (Gjerdin-
gen, 2007; Jackendoff, 2002; Temperley, 2006). It specifies
a cognitively plausible representational level without making
claims about neural or procedural implementation (Glenner-
ster, 2007; Marr, 2010).

From a symbolic cognition and Language of Thought (LdT)
perspective, the framework operationalizes musical structure
as reusable symbolic expressions combined via a finite set of
rules (Fodor, 1975). Patterns, tonal hierarchies, and transfor-
mations function like expressions and operators in a domain-
specific symbolic language, supporting systematicity and pro-
ductivity. The claim is not that musical cognition reduces to
rule execution, but that tonal music provides a culturally sta-
bilized domain in which symbolic structures are externalized
transparently. Musical scores thus offer a clear window onto
symbolic cognition, encoding hierarchical relations and trans-
formations in inspectable artifacts (Cohn, 2013).

Using Minimum Description Length (MDL) (Chater and
Vitanyi, 2003; Rissanen, 1978) clarifies the cognitive rel-

evance of these representations. Musical variations admit
shorter symbolic descriptions when a theme is present, sug-
gesting tonal abstractions act as compression mechanisms that
facilitate memory, generalization, and creative reuse by min-
imizing descriptive complexity, rather than merely enforcing
stylistic convention.

Beyond descriptive adequacy, the framework generates em-
pirically testable predictions. Materials with shorter symbolic
descriptions should be learned and recalled more efficiently
(Alfano, 2014; Gruhn, 2002; StGeorge et al., 2012). Judg-
ments of thematic similarity should correlate with symbolic
distances over patterns and hierarchies. In production, trained
musicians should preferentially generate variations reusing
existing symbolic structures, reflecting implicit biases toward
abstraction and reuse (Simonton, 1999).

Limitations include the hand-specified nature of abstrac-
tions and the focus on representational adequacy rather than
modeling acquisition or cognitive processes. Future work
could integrate program induction and similarity metrics to
align more closely with learning-based and experimental ap-
proaches (Lake et al., 2017). Automatic pattern discovery
could model abstraction learning by identifying recurring
structures (Meredith et al., 2002; Ren et al., 2025), and library
learning methods could infer reusable symbolic components
supporting compositionality and description-length reduction
(Bowers et al., 2023; Dechter et al., 2013; Ellis et al., 2018,;
Jiang et al., 2024).

Conclusion

This paper presented a proof-of-concept framework model-
ing tonal music as an executable symbolic system grounded
in theories of symbolic cognition and the LoT. By represent-
ing musical material as structured patterns and compositional
operations as symbolic transformations, tonal composition is
formalized as the manipulation of discrete symbolic structures
akin to cognitive programs.

Analyses of Clapping Music and Paganini’s Caprice No.
24 show that musically meaningful abstractions yield shorter
symbolic descriptions than note-level encodings. From a
MDL perspective, this demonstrates that tonal music relies
on compact, compositional representations consistent with
principles of systematicity, productivity, and parsimony. The
framework is not a full model of musical cognition, but an ex-
plicit instantiation of the symbolic structures underlying tonal
composition.

More broadly, it illustrates how musical scores function
as externalized cognitive programs, linking music-theoretical
categories to executable symbolic representations. This pro-
vides a bridge between music theory, computational model-
ing, and cognitive theories of representation, and establishes
a foundation for future empirical and theoretical studies of
symbolic musical cognition.
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