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Abstract
Large language models (LLMs) excel at modeling relationships between strings in natural language and have
shown promise in extending to other symbolic domains like coding or mathematics. However, the extent to which
they implicitly model symbolic music remains underexplored. This paper investigates how LLMs represent musical
concepts by generating symbolic music data from textual prompts describing combinations of genres and styles,
and evaluating their utility through recognition and generation tasks. We produce a dataset of LLM-generated MIDI
files without relying on explicit musical training. We then train neural networks entirely on this LLM-generated MIDI
dataset and perform genre and style classification as well as melody completion, benchmarking their performance
against established models. Our results demonstrate that LLMs can infer rudimentary musical structures and
temporal relationships from text, highlighting both their potential to implicitly encode musical patterns and their
limitations due to a lack of explicit musical context, shedding light on their generative capabilities for symbolic music.
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1. Introduction

Large language models (LLMs), trained exclusively
on vast corpora of text strings, have demonstrated
remarkable proficiency in capturing not only lin-
guistic structures but also intricate aspects of other
symbolic domains (Pavlick, 2023) embedded within
those strings . This capability stems from their abil-
ity to model relationships between sequences of
characters, enabling them to infer and generate
representations far beyond mere syntax. For in-
stance, LLMs can produce executable code in pro-
gramming languages, effectively simulating compu-
tational logic and algorithmic processes that mirror
real-world problem-solving (Wang et al., 2024a).
Similarly, they can solve mathematical problems,
such as algebraic equations or geometric proofs,
by leveraging textual descriptions of logical re-
lationships and formal rules (Shao et al., 2024;
Yang et al., 2024). These examples illustrate that
LLMs, despite their string-based training, can im-
plicitly encode structured knowledge across di-
verse domains, raising intriguing questions about
the breadth and depth of their world knowledge.
In contrast to their well-documented success in
code generation and mathematics, the implicit mod-
eling of symbolic music within LLMs remains rel-
atively unclear and underexplored. Music, as a
symbolic system, combines hierarchical structures
and temporal dynamics in ways analogous to lan-
guage, yet its abstract, non-linguistic nature poses
unique challenges. While LLMs can generate tex-
tual descriptions of music or even lyrics, their ability
to directly produce structured musical data, such
as MIDI sequences encoding pitch, duration, and

velocity, has received little attention. This gap is
significant as music offers a rich testbed for prob-
ing how LLMs generalize pattern recognition to
domains beyond natural language, potentially re-
vealing whether their string-modeling prowess ex-
tends to the temporal and harmonic relationships
that define the musical world.

In this regard, (Sharma et al., 2024) provides
an interesting foundation, where they investi-
gated what modeling relationships between strings
teaches LLMs about the visual world. They sys-
tematically evaluated LLMs’ abilities to generate
and recognize visual concepts by representing im-
ages as code, circumventing the models’ inabil-
ity to process pixels directly. Their findings that
precise string modeling enables LLMs to encode
aspects of visual complexity and even support self-
supervised visual representation learning suggest
that LLMs can transcend their textual origins to
grasp structured, non-linguistic domains. This in-
sight motivates our exploration of music, a domain
similarly abstract and structured, where we hypoth-
esize that LLMs might learn musical concepts in-
volving genre, style, and melody through analo-
gous text-to-symbol mappings, offering a parallel
lens into their representational capabilities.

It is important to acknowledge that the term
"understanding" when applied to Large Language
Models is a complex and highly debated topic
within the Al community. This paper does not claim
that LLMs possess human-like "understanding"” of
music. Rather, we use terms like "perceive," "in-
fer," or "model" to refer to the LLM’s capacity to
identify and generate structured patterns in sym-
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bolic music based on its vast textual pre-training.
We recognize that this is distinct from cognitive un-
derstanding, which is a nuanced and multi-faceted
human capability. (Mitchell and Krakauer, 2022)
and (Jacobs and Wallach, 2019) highlight the chal-
lenges in defining and reliably measuring "under-
standing" in Al, and demonstrates specific failure
modes of LLMs that suggest a lack of human-like
comprehension. Our aim is to investigate the com-
putational phenomenon of LLMs processing sym-
bolic music, not to make claims about their cogni-
tive state. The evidence presented herein focuses
on the LLM’s ability to process and generate struc-
tured sequences, which, while fascinating, is funda-
mentally different from a human’s rich, experiential
understanding of music.

In this paper, we systematically assess how
LLMs model the musical world by performing sym-
bolic music recognition and generation through
LLM. In particular, we set out to investigate two
questions; 1) To what extent do LLMs implicitly
encode musical information from their text-only
pre-training, enabling them to "perceive," i.e. pro-
cess and generate structured symbolic music, from
textual prompts? 2) Can LLM-generated sym-
bolic music data be effectively used to train neural
networks for music classification and generation
tasks? As a by-product, we generate a dataset of
MIDI files from textual prompts specifying combi-
nations of genres and styles. Each song is gener-
ated without predefined musical templates, relying
entirely on the LLM’s interpretation of prompt re-
lationships. Furthermore, we train a convolutional
neural network on this dataset to classify genres
and styles, evaluating the distinctiveness of LLM-
generated musical features, and additionally adapt
the model into a transformer-based decoder to per-
form melody completion task. Our approach tests
the hypothesis that string modeling equips LLMs
with the ability to implicitly derive rudimentary musi-
cal structures, expressed through symbolic outputs
rather than explicit musical training.

The implications of this work are two-fold: it
advances our understanding of LLMs as general-
purpose pattern learners capable of cross-domain
synthesis, and it opens new avenues for genera-
tive music systems powered by text-driven Al. By
demonstrating that LLMs can generate classifiable
musical structures and plausible melodies from
prompts alone, we highlight their potential to im-
plicitly derive a "musical world" representation akin
to their grasp of code or visual concepts. This sug-
gests that the power of string modeling lies in its
ability to abstract and generalize across symbolic
systems, a finding with significant ramifications for
Al creativity and interdisciplinary applications in
music informatics.

2. Related Work

The investigation into how large language models
(LLMs) extrapolate knowledge from string modeling
to non-linguistic domains has gained traction with
(Sharma et al., 2024) providing a foundational ex-
ploration in the visual domain that directly inspires
our work. They systematically evaluate LLMs’ ca-
pacity to generate and recognize visual concepts
by representing images as code, bypassing the
models’ inability to process raw pixels. Their results
demonstrate that precise string modeling enables
LLMs to encode complex visual features, such as
shapes and spatial relationships, and even sup-
port self-supervised visual representation learn-
ing. This paradigm of using text as a bridge to
structured symbolic outputs parallels our approach,
where we leverage LLM to generate MIDI files
from textual prompts describing musical genres
and styles. While (Sharma et al., 2024) focus on
static visual representations, our work extends this
concept to the temporal and hierarchical domain
of music, probing whether LLMs can similarly cap-
ture the dynamic patterns of melody, harmony, and
dynamics through string relationships.

There have been notable previous works that
examine LLMs in the context of symbolic music.
Text2MIDI (Bhandari et al., 2024) introduces an
end-to-end model for generating MIDI files from
textual descriptions using an LLM encoder paired
with an autoregressive transformer decoder. They
capitalize on LLMs’ text-processing strengths to
produce controllable MIDI sequences reflecting
music theory terms, such as chords, keys, tempo,
and validate through automated and human evalu-
ations. While effective, Text2MIDI relies on a spe-
cialized encoder-decoder architecture tailored for
music generation, contrasting with our approach of
using a single, unmodified LLM to directly output
strings to be converted to MIDI data. As such, our
method avoids additional architectural complexity,
testing the raw generative capacity of a general-
purpose LLM. MS(GPT)? (Po'cwiardowski et al.,
2024) further explores text-driven music genera-
tion, employing an autoregressive transformer to
map natural language prompts to JSON composi-
tion parameters, followed by a genetic algorithm for
melody generation and probabilistic methods for
percussion. This hybrid approach generates multi-
minute MIDI compositions with complex structures,
outperforming neural baselines on musically mean-
ingful metrics. Unlike M®(GPT)3, which integrates
rule-based algorithms with LLMs to enforce mu-
sical coherence, our work relies entirely on the
LLM’s output, avoiding post-processing or exter-
nal algorithms, enabling us to directly assess the
LLM’s implicit pattern recognition abilities for musi-
cal structure. This advantage lies in its ability to di-
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rectly probe the LLM’s inherent capabilities without
confounding factors introduced by domain-specific
training or rule-based post-processing. While spe-
cialized models can achieve superior performance,
understanding the baseline capabilities of general-
purpose LLMs in novel domains is intrinsically valu-
able for advancing the broader field of Al. It helps
us to discern what knowledge is genuinely learned
from massive text corpora and what requires ex-
plicit domain adaptation.

MuPT (Qu et al., 2024) investigates LLMs in
music pre-training, arguing that ABC Notation
aligns better with LLM strengths than MIDI, and
proposes Synchronized Multi-Track ABC Notation
(SMT-ABC) to maintain coherence across tracks.
Pre-trained on extensive symbolic music data,
MuPT’s models handle up to 8192 tokens and ex-
plore scaling laws for performance. While MuPT
leverages ABC Notation’s text-like structure for pre-
training, our work uses MIDI directly, aligning with
its prevalence in symbolic music tasks and avoiding
the need for notation conversion. NotaGen (Wang
et al., 2025) introduces a symbolic music genera-
tion model for classical sheet music, pre-trained on
1.6M ABC Notation pieces, fine-tuned on 9K classi-
cal compositions and enhanced via reinforcement
learning with the CLaMP-DPO method. Subjec-
tive tests show NotaGen outperforming baselines
against human compositions. While NotaGen ex-
cels in classical music aesthetics through exten-
sive pre-training and fine-tuning, our work targets a
broader genre-style spectrum without pre-training,
relying solely on prompt-driven generation.

Text-to-symbolic-music generation has also seen
notable progress. MuseCoco (Lu et al., 2023) uses
musical attributes as a bridge between text descrip-
tions and symbolic music generation, demonstrat-
ing superior performance compared to GPT-4 in
musicality and controllability. MeloTrans (Wang
et al., 2024b) employs principles of motif develop-
ment rules and outperforms existing music genera-
tion models. XMusic (Tian et al., 2025) emerged
as a generalized symbolic music generation frame-
work supporting various input modalities, including
text, and focusing on emotional control and high-
quality outputs. While these models represent sig-
nificant progress in combining natural language
processing with music composition techniques,
their models require a large-scale pre-training with
symbolic music and text data, and fundamentally
deviate from the objective of our work of examining
LLMs trained with text only.

In short, our work stands out by using a single,
unmodified LLM to generate a diverse, large-scale
MIDI dataset without external rules or pre-training,
directly testing the limits of string modeling in music.
We integrate classification and generation tasks,
providing a holistic assessment of LLM-derived mu-

sical representations. While the abstract noted that
"internal perception of symbolic music remains un-
derexplored," it is important to clarify that this refers
to the specific direct probing of general-purpose,
text-only LLMs without musical fine-tuning, as op-
posed to the broader field of LLMs applied to music,
where significant work exists.

3. Data Generation

To investigate LLMs’ implicit modeling of sym-
bolic music, we generated a novel LLM-generated
dataset of MIDI files, spanning 13 genres from
the TOP-MAGD taxonomy and 25 styles from the
MASD framework (Ferraro and Lemstrém, 2018).
We designed textual prompts to elicit four-track
MIDI sequences, each comprising melody, chords,
bass, and rhythm tracks. The prompts followed the
format “[genre] song in [style] manner”, augmented
with a randomly selected mood, e.g. ’‘happy’
or ’sad; to enhance diversity. We instructed
the LLM to output a JSON string encoding 8-
bar sequences, with each track defined as a
list of tuples (pitch, duration, velocity,
start_time). We also imposed specific con-
straints; pitch values range from 0 to 127, duration
values are 240 (eighth note), 480 (quarter note),
or 960 (half note) ticks, velocity ranges from 0 to
127, and start times span 0 to 7680 ticks. For the
rhythm track, drum pitches were restricted to 35
(kick), 38 (snare), and 42 (hi-hat), aligning with
MIDI percussion standards. The instruction ex-
plicitly demanded a pure JSON string as output,
which was then parsed and validated to ensure
all four tracks were present and values conformed
to the specified ranges. The generation process
iterated over all 325 genre-style combinations, pro-
ducing 50 songs per combination, summing up to
generation of 16,250 files. This amounts to 1250
songs per class for genre classification and 650
songs per class for style classification. We adopted
temperature parameter varying from 0.6 to 1.0 (in-
cremented by 0.04 per song index modulo 10) to
introduce variability, and set the maximum number
of tokens to 1200 to accommodate complete JSSON
outputs, addressing truncation issues observed in
preliminary tests. Successful outputs were con-
verted to MIDI files using the mido library, with
each track assigned appropriate instruments (pi-
ano for melody and chords, electric bass for bass,
and MIDI channel 10 for rhythm). Our generated
dataset consists of 780k note events, which re-
quired 7.3M tokens. We used GPT-4 as our LLM,
although any other LLM can be used. Figure 1a de-
scribes the generation process. Table 1 shows the
actual prompt used to generate the dataset, and
Table 2 summarizes the statistics of this dataset.
This data generation approach leverages the
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(a) Generation of MIDI file using LLM. Prompt asks LLM to generate a JSON description of MIDI, specifying genre,
style, and mood. The resulting JSON output is subsequently converted to an actual MIDI file.

MIDI JSON:

J=I1}\l

: pa— £ PR "melody”: [[64,
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EC i T i S = B i = = D is this song?

(b) Recognition of MIDI file using LLM. Existing MIDI file is converted to JSON format and, along with a prompt
asking for the its genre or style, is input to LLM which returns the classification result.

do “Pop” “Classical’
el L P01 = .gl-J_,J:r.
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LLM generated MIDI dataset Existing MIDI file

(c) We train a CNN with our LLM-MIDI dataset (left), and perform inference on existing MIDI files to perform genre
and style classifications (right).

Input Melody Phrase Candidate Phrases

(d) We train a transformer with our LLM-MIDI dataset to predict the next melodic phrase (left), and find the most
likely candidate given the input melodic phrase in evaluation (right).

Figure 1: lllustrations of the workflow of our experiments.

Table 1: Prompt used to generate the dataset.

Prompt

"Generate a 4-track MIDI description for an 8-bar {genre} song in {style} style with a {mood} mood. Include exactly
these tracks: 'melody’, ‘chords’, 'bass’, 'rhythm’. Each track is a list of (pitch, duration, velocity, start_time) tuples:
pitch (0-127), duration (240=8th, 480=quarter, 960=half), velocity (0-127), start_time (0-7680 ticks for 8 bars at 120
BPM). Try diverse duration for each pitch. Melody: 16 events, cohesive sequence. Chords: "8 events, harmonic
support. Bass: "8 events, low-end depth. Rhythm: “16 events, drum pitches (35=kick, 38=snare, 42=hi-hat). Output
ONLY a valid JSON string like 'melody’: [(60, 480, 80, 0), ...], ‘chords’: [...], ‘bass’: [...], rhythm’: [...] with no additional
text, no explanations, no formatting outside the JSON. Ensure the JSON is complete and parseable.”
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(a) MIDI sample generated for pop genre in romantic style.

(b) MIDI sample generated for rock genre in minimalist
style.

Figure 2: Example songs from LLM-MIDI dataset.

Table 2: statistics of the LLM-MIDI dataset.

Characteristic Description

Total # Files
# Genre Classes
# Style Classes
Tracks per File

16,250
13 (1250 per class)
25 ’(650 per class)
melody, chords, bass, rhythm

Seq. Length 8 bars (7680 ticks at 128 steps)
Pitch Range 0-127; For rhythm, 35/38/42
Duration Values 240/480/960
Velocity Range 0-127
Model GPT-4
Temperature 0.6-1.0
Max Tokens 1200
Total Note Events 783,928
Mood happy/sad/energetic/

calm/mysterious

raw generative capacity of LLM for symbolic mu-
sic, avoiding musical templates or pre-training, to
directly test the LLM’s ability to model musical re-
lationships from text prompts alone. In the rest of
the paper, we refer to this dataset as LLM-MIDI.
Figure 2 shows sheet music for example songs
from LLM-MIDI dataset.

It is important to acknowledge several method-
ological limitations imposed by these constraints.
The 8-bar length, fixed 4/4 time signature, and
limited rhythmic values severely restrict the com-
plexity of musical structures that can be generated.
Furthermore, the specific instrumentation and the
restriction to only 3 drum instruments, along with
the fixed tempo of 120 BPM, are deeply incom-
patible with the stylistic diversity expected from
some genres and styles within the TOP-MAGD
and MASD taxonomies. For instance, genres like
free jazz or complex electronic music often feature
irregular meters, highly varied rhythmic patterns,
and diverse instrumentation that cannot be ade-
quately captured by these constraints. Similarly,
not all mood vocabulary pairings are musically com-
patible with all genre/style combinations. These
artificial and sometimes musically inappropriate
constraints inherently limit the expressive range
of the LLM-MIDI dataset, potentially leading to a

lower upper bound on performance in downstream
tasks and obscuring the LLM’s full generative po-
tential. These design choices were made to sim-
plify the initial controlled experiment and ensure
consistent JSON output for parsing, but their im-
pact on musical realism and complexity should
be considered when interpreting the results. Fu-
ture work will explore generating music with fewer
constraints to better reflect the complexity of real
musical datasets.

4. Experiments

We perform genre and style classification and
melody completion tasks in various settings. First,
we examine LLM'’s ability to recognize the attributes
of existing MIDI files by directly asking LLM to
classify the input. Subsequently, using LLM-MIDI
dataset generated in Section 3, we train a convolu-
tional neural network and see its performance on
classification. For melody completion, we train a
transformer model with LLM-MIDI dataest.

The experimental protocol primarily focuses on
evaluating the capacity of a general-purpose LLM
to implicitly encode musical information from its
text-only pre-training and to generate symbolic
music. It also assesses the utility of this LLM-
generated data for training downstream neural net-
works. While we acknowledge that a comprehen-
sive understanding would ideally involve extensive
ablation studies on prompts, music representation,
and a broader range of LLM architectures, this
paper lays foundational work for this novel direc-
tion. Our primary aim is to establish a baseline
for LLM-driven symbolic music generation and its
utility, which naturally points to these deeper inves-
tigations as crucial future work.

4.1.

In order to examine musical recognition ability of
LLM, we convert MIDI files from TOP-MAGD and
MASD dataset’s test splits into JSON representa-
tion, and feed it as input into LLM along with a
prompt that asks to classify its genre or style (Fig-

Setting
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Table 3: Results on genre and style classification
tasks. LLM indicates directly inputting JSON format
of MIDI file along wtih prompt into LLM, whereas
CNN + LLM-MIDI indicates a CNN model trained
with LLM-MIDI dataset. Note that all baseline mod-
els are trained on the target benchmark dataset.

Model Genre F1  Style F1
melody2vec 0.649 0.299
tonnetz 0.627 0.253
pianoroll 0.640 0.365
PiRhDy 0.668 0.471
MusicBERT 0.784 0.645
Chance 0.077 0.040
LLM 0.150 0.108
CNN + LLM-MIDI 0.453 0.352

ure 1b). This setup tests the LLM’s zero-shot ability
to interpret symbolic music directly from its internal
representations, bypassing traditional supervised
learning on musical data.

For supervised model, we designed a simple
vanilla CNN with two convolutional layers and
a fully connected layer, using separate output
heads for genres and styles. The input is a 4-
channel piano roll representation with dimensions
4 x 128 x 128, where 128 time steps approximate
8 bars and 128 pitches cover the MIDI range. The
first convolutional layer has 32 filters with a 3 x 3
kernel, while the second layer has 64 filters, fol-
lowed by 2 x 2 max pooling. The flattened output is
processed through a 128-unit fully connected layer
with 50% dropout, yielding logits for 13 genres or
25 styles via linear heads. This design leverages
spatial and temporal patterns across tracks, suit-
able for symbolic music classification. We trained
this CNN with LLM-MIDI dataset and use TOP-
MAGD and MASD datasets for evaluation. We
measured performance using weighted F1-score.
Figure 1c illustrates our workflow for classification
task.

For melody completion task, we trained a vanilla
transformer model of encoder-decoder architec-
ture with 2 layers each, 4 attention heads, and
512-unit feedforward layers, using multi-head self-
attention to model temporal dependencies. 128
pitches are linearly mapped to 128-dimensional
embedding space. We also trained this model with
LLM-MIDI dataset, and use PiRhDy dataset (Liang
et al., 2020) for evaluation, where each test sam-
ple consists of 1 positive sample and 49 negative
samples, and the goal is to find the correct con-
secutive phrase for a given melodic phrase. Dur-
ing training, transformer learns to generate plau-
sible continuations that align with the LLM-MIDI
dataset’s melodic patterns, leveraging attention to
capture short and long-term dependencies (Fig-
ure 1d). We use teacher forcing by providing the

ground-truth target sequence as input to the de-
coder, predicting each step based on prior true
notes rather than its own predicted outputs. Dur-
ing evaluation, each of the 50 candidates is con-
verted to a 64 x 128 binary piano roll, after which
we compute a similarity score using cosine simi-
larity between the decoder’s probability matrix and
the candidate’s binary matrix for ranking the can-
didates. For evaluation metrics, we used mean
average precision (MAP) to assess ranking quality
of predicted pitches and HITS at varying degrees
of k to measure the proportion of true pitches in
the top & predictions per time step.

Both models were trained for 20 epochs with a
batch size of 32, using Adam (Kingma and Ba,
2014). We compare our model’s performance
to that of melody2vec (Hirai and Sawada, 2019),
tonnetz (Chuan and Herremans, 2018), pianoroll
(Dong et al., 2018), PiRhDy (Liang et al., 2020),
and MusicBERT (Zeng et al., 2021) for illustrative
purpose. Note that all baseline models are trained
on target benchmark dataset for respective tasks,
whereas our neural network models are trained
entirely on LLM-MIDI dataset. We acknowledge
that this experimental setup, while demonstrating
the capabilities of LLM-generated data, does not
provide a direct benchmark against state-of-the-art
models trained on real human-composed music.
A direct comparison with other highly performant
music classification and generation models would
require substantial additional experiments, includ-
ing training our CNN/transformer models on real
data or adapting state-of-the-art models to our con-
strained dataset. This comprehensive benchmark-
ing is a crucial direction for future work to fully
situate our findings within the broader landscape.

4.2. Results & Discussion

4.2.1. Genre / Style Classification

Table 3 summarizes the results from genre and
style classification tasks for both directly asking
LLM to classify the input and classifying with CNN
trained on LLM-MIDI dataset. The classification re-
sults from directly asking LLM to classify the input
are higher than chance rate, indicating some ability
to discern musical structure. Training CNN on LLM-
MIDI dataset outperformed directly asking LLM by
a large margin, affirming that supervised training
with actual music data provides richer clues for
classification than an LLM entirely trained on text.
In particular, CNN trained on LLM-MIDI outper-
formed melody2vec and tonnetz on style classifi-
cation trained on existing MIDI dataset. Overall,
however, our models remained significantly poor
compared to supervised models trained on stan-
dard music datasets.

For classification task, correctness was deter-
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Table 4: Example of LLM’s thinking process for classifying genres and styles.

Prompt | "What genre is the song described in the following JSON for MIDI file? {"melody": [[62, 480, 90, 0], ..."
"1. Melody
Notes: Mostly stepwise motion (C, D, E, G, A, B, C, etc.), suggesting a major scale.
Rhythm: Consistent quarter-note durations (480 ticks per note).
Impression: This kind of movement is common in classical, folk, or simple pop melodies.
2. Chords
Chord progression: Chord progression: C Major (C-E-G) — F Major (F-A-C) — G Major (G-B-D) — C
Major (C-E-G). Standard I-1V-V-I structure, commonly found in pop, classical, and folk music. Chords
last for one full beat each, reinforcing harmonic stability.

LLM 3. Bass

Root-note bass at C2 (36 MIDI number), repeating on every beat, which is common in pop, folk, or
classical music.

4. Rhythm Section

Kick (35), snare (38), hi-hat (42) forming a regular backbeat. High repetition rate (240 ticks per hit)
suggests a fast tempo. This pattern is common in pop, rock, or even upbeat jazz styles.

Given the chord progression, stepwise melody, and backbeat rhythm, this music most likely belongs to:
Classification: Pop / Folk — The simple harmonic structure and steady rhythm fit many folk and pop

songs."

Table 5: Results on melody completion task. Bottom row indicates a transformer model trained with
LLM-MIDI dataset. Note that all baseline models are trained on the target benchmark dataset.

Model MAP HITS@1 HITS@5 HITS@10 HITS@25

melody2vec 0.646 0.578 0.717 0.774 0.867
tonnetz 0.683 0.545 0.865 0.946 0.993
pianoroll 0.762 0.645 0.916 0.967 0.995
PiRhDy 0.971 0.950 0.995 0.998 0.999
MusicBERT 0.985 0.975 0.997 0.999 1.000
Chance 0.078 0.020 0.100 0.200 0.500
Transformer + LLM-MIDI | 0.153 0.085 0.229 0.357 0.725

mined by a strict string match between the LLM’s
output and the single genre/style label provided in
the TOP-MAGD and MASD taxonomies for each
piece. We acknowledge that the LLM is not lim-
ited to these vocabularies and that music can often
have multiple correct genre/style classifications.
However, for a quantifiable initial assessment and
consistent comparison with other systems, a strict
match was used. This approach has limitations
as it may penalize musically reasonable but non-
exact classifications. Future work will explore more
flexible evaluation metrics, such as using human
evaluators to assess musical correctness or em-
ploying similarity metrics over genre/style embed-
ding spaces.

Several factors contribute to this outcome. For
directly asking LLM, the LLM’s training on text lacks
explicit musical context, forcing it to infer genre and
style from abstract JSON patterns without prior ex-
posure to MIDI conventions or music theory, unlike
models fine-tuned on curated datasets. Also, the
zero-shot nature of the task, relying on prompt-
based reasoning rather than learned embeddings,
inevitably limits precision, as the LLM may priori-
tize salient string patterns, such as rhythm density,
over deeper harmonic or melodic relationships. Ad-

ditionally, occasional JSON interpretation errors or
ambiguous outputs further degrade performance.

Table 4 shows an example of LLM’s output for
classification task. It shows a structured, analytical
approach to interpreting musical attributes from
the MIDI JSON data, breaking it down into melody,
chords, bass, and rhythm components before syn-
thesizing these observations into genre and style
predictions. It identifies melodic motion and scale,
chord progression, a steady root-note bass, and
a repetitive backbeat rhythm, and map these to
genres. This suggests that LLM leverages its text-
based training to recognize patterns akin to mu-
sic theory concepts, such as harmonic stability
and rhythmic consistency, demonstrating its capa-
bility for zero-shot music analysis without explicit
musical pre-training. Its ability to cross-reference
features across tracks and propose multiple plau-
sible classifications highlights a nuanced pattern-
matching ability of musical conventions, offering
a scalable, prompt-driven alternative to traditional
models. However, limitations emerge in its lack
of precision and depth: the analysis relies on ob-
servable string patterns without considering subtler
cues like timbre, or long-term structure, which are
absent in current text input and critical for distin-
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guishing nuanced styles. It is important to clarify
that MIDI velocity, which encodes dynamics, was
indeed part of the JSON input, but its textual rea-
soning seems to have prioritized other features. It
also depends highly on generalized knowledge for
classification, rather than domain-specific musical
expertise.

For CNN trained with LLM-MIDI dataset, the
fixed multi-track structure may have oversimpli-
fied the musical features, missing nuances like
polyphony or dynamic instrumentation critical for
accurate classification, especially in complex gen-
res like jazz or styles like minimalist. While sur-
passing chance rate suggests the LLM captures
rudimentary musical cues, its poor overall perfor-
mance highlights a gap in translating string-based
knowledge to the structured, temporal domain of
music, underscoring the need for musical ground-
ing or enhanced prompting strategies to rival spe-
cialized systems. Moreover, the fact that a CNN
trained on LLM-generated MIDI outperforms the di-
rect LLM classification further supports the notion
that LLMs primarily model token sequences. While
the LLM is adept at generating sequences consis-
tent with textual descriptions, its “understanding”
is not sufficient for high-accuracy direct classifica-
tion when compared to models specifically trained
on musical data. This suggests that the observed
capabilities are better explained by sophisticated
pattern matching rather than a deep, human-like
musical comprehension.

4.2.2. Melody Completion

Table 5 summarizes the results from melody com-
pletion task. Our transformer’s melody comple-
tion performance also exceeds random chance
throughout all evaluation metrics, suggesting it
was able to learn melodic structure from the LLM-
generated dataset to some extent, capturing basic
patterns such as pitch continuity or rhythmic flow.
However, as with the classification tasks, it still falls
far below supervised models trained with existing
music datasets, which leverage human-composed
data to achieve near-perfect rankings. This gap
underscores the challenges of relying on synthetic,
LLM-derived training data for a task requiring pre-
cise melodic coherence.

Our transformer model’s modest success re-
flects its ability to generalize short-term depen-
dencies from the LLM-MIDI dataset, yet several
task-specific factors limit its effectiveness. The
encoder-decoder architecture, while adept at mod-
eling local note transitions, struggles to align the
synthetic dataset’s often erratic continuations with
human-crafted candidates, leading to lower simi-
larity scores and poorer rankings. Unlike classi-
fication, where the CNN could exploit multi-track
features, the melody completion task isolates the

melody track, amplifying the impact of the LLM’s in-
consistent outputs, without contextual support from
chords or rhythm. Nevertheless, the above-chance
performance highlights potential: with refinements
such as training on longer sequences or incorpo-
rating musically informed similarity measures, train-
ing a transformer model on LLM-generated dataset
could potentially further narrow down the gap to es-
tablished systems, leveraging the LLM'’s scalability
for creative melody completion applications.

5. Conclusion

In this paper, we explored the extent to which mod-
eling relationships between strings teaches large
language models about the musical world and how
LLMs implicitly model symbolic music, by gener-
ating a large-scale dataset of symbolic music and
evaluating its utility in classification and generation
tasks. We demonstrated that LLMs can generate
musically structured outputs, comprising melody,
chords, bass, and rhythm tracks, without explicit
musical training. Our experiments also revealed
that the LLM-generated music encodes distinguish-
able features of genre and style to some degree,
as evidenced by the performance of CNN trained
on LLM-generated dataset, achieving better results
than chance rate. We also showed that it is pos-
sible to learn melody patterns by training a neural
network entirely on LLM-generated dataset. While
the performance is considerably lower than mod-
els trained on human-crafted music dataset for all
tasks, which is an easily predictable result that
aligns with intuition, note that our goal is not to out-
perform baseline models, but to highlight both the
limitations and potential of LLMs in musical con-
texts. The performance gap to supervised bench-
marks underscores the need for musical ground-
ing or refined generation strategies, but the ability
to exceed chance rate suggests an inherent ca-
pacity to capture rudimentary musical structures
through text-based learning. As such, the contribu-
tion of our work lies not in immediate practicality
but in its exploratory insight, as it reveals LLMs’
latent capacity to bridge text and symbolic music
for cross-domain learning without domain-specific
data.

In conclusion, this paper illuminates how LLMs
encode musical knowledge through text, offering a
novel perspective into their representational power
and paving the way for innovative generative mu-
sic applications. The implications of the results
can be important for both Al research and music
informatics, as it positions LLMs as versatile learn-
ers capable of cross-domain synthesis, reinforcing
the notion that string modeling fosters generalized
understanding of structured systems.
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6. Ethics Statement

This work, exploring the capacity of LLMs to gen-
erate and classify symbolic music from textual
prompts, carries both positive and negative eth-
ical implications with potential societal impact. On
the positive side, our approach democratizes music
creation by enabling a scalable, text-driven method
to produce diverse MIDI compositions, potentially
empowering non-musicians and small-scale cre-
ators to explore musical expression without requir-
ing extensive musical training or expensive soft-
ware. By leveraging an off-the-shelf LLM without
domain-specific pre-training, we reduce resource
barriers, fostering inclusivity in music informatics
and offering a tool for educational or therapeutic
applications, such as music-assisted learning or
mood regulation.

However, negative considerations and societal
risks also emerge. The reliance on LLM raises
concerns about data privacy, as MIDI generation
involves proprietary infrastructure, and biases in
the LLM’s training data, reflecting prior societal
contexts of predominantly Western music or main-
stream genres, may perpetuate cultural imbal-
ances, sidelining underrepresented musical tradi-
tions. While our work did not involve user studies,
the potential for misuse, such as generating mu-
sic for commercial exploitation without attribution,
underscores the need for safeguards. These risks
remain unresolved, but highlighting them encour-
ages broader discourse on the ethical deployment
of generative Al in music, balancing innovation with
cultural preservation.
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