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Abstract

Music often shares notable parallels with lan-
guage, motivating the use of pretrained large
language models (LLMs) for symbolic music
understanding and generation. Despite grow-
ing interest, the practical effectiveness of adapt-
ing instruction-tuned LLMs to symbolic mu-
sic remains insufficiently characterized. We
present a controlled comparative study of fine-
tuning strategies for ABC-based generation
and understanding, comparing an off-the-shelf
instruction-tuned backbone to domain-adapted
variants and a music-specialized LLM baseline.
Across multiple symbolic music corpora and
evaluation signals, we provide some insights
into adaptation choices for symbolic music ap-
plications. We highlight the domain adapta-
tion vs. preserving prior information tradeoff
as well as the distinct behaviour of metrics used
to measure the domain adaptation for symbolic
music.

1 Introduction

Symbolic music can be represented as discrete to-
ken sequences that exhibit long-range dependen-
cies, hierarchical organization, and strong syntactic
and structural constraints. These properties make
pretrained large language models (LLMs) a great
candidate for symbolic music generation and for
text-conditioned musical reasoning tasks. At the
same time, symbolic music differs from standard
text domains in that small local errors can invali-
date entire sequences, and musically meaningful
structure often spans many measures, creating adap-
tation and evaluation challenges that are not well
understood.

Recent work has demonstrated that transformer-
based models can generate symbolic music and
answer music-theoretic questions, either through
training from scratch, music-domain pretraining,
or instruction-tuned pipelines (Yuan et al., 2024;
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Wang et al., 2025; Xu et al., 2025; Bhandari et al.,
2025; Mundada et al., 2025). Of these works, Chat-
Musician (Yuan et al., 2024) is the only work to
adapt a language model for the symbolic music
domain in the literature. The effectiveness of adapt-
ing general LLMs to symbolic music therefore
remains insufficiently characterized. In practice,
researchers and practitioners face a pragmatic ques-
tion: given an off-the-shelf LLM, can it be adapted
to the symbolic music domain via standard domain
adaptation practices of NLP as seen for other do-
mains (e.g., medicine, law, coding) (Ling et al.,
2025; Li et al., 2024; Chen et al., 2025).

In this work, we study the adaptation of a lan-
guage model to symbolic music in a controlled set-
ting using ABC notation, a plain-text format that
encodes notes, rhythms, meter, and key as ASCII
characters. Its compact structure and broad pub-
lic corpus availability simplify tokenization and
training compared with the more verbose **kern
or XML-based encodings. We compare a base
instruction-tuned backbone to domain-adapted vari-
ants trained with supervised instruction tuning and
preference-based optimization, and we include a
music-specialized LLM baseline for reference. To
support both symbolic generation and grounded
musical reasoning, we curate and unify instruction
data from multiple sources and task formats, com-
bining composition-oriented corpora with concept-
focused understanding prompts paired with ABC
excerpts.

Our study addresses two research questions:
i) how effectively do common finetuning strate-
gies adapt an LLM for symbolic music under-
standing and generation, and ii) what tradeoffs
arise between music-domain gains and retention of
general-domain capability. We provide empirical
comparisons across symbolic corpora and general
benchmarks, and we discuss vocabulary expansion
through music-specific tokens as a complementary
direction for improving representation and genera-
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tion fidelity.

2 Related Work

LLMs for symbolic music have recently been
explored by representing music notation as text-
like sequences, enabling next-token prediction,
prompting, and instruction following over symbolic
scores. Music-specialized models and pipelines
have demonstrated promising capabilities for com-
position and music-theoretic question answer-
ing when trained or adapted on large corpora
of symbolic data, often using ABC, **kern, or
MusicXML-derived encodings, such as ChatMu-
sician (Yuan et al., 2024), and MuPT (Qu et al.,
2025).

Instruction tuning for music tasks extends these
foundations by pairing natural-language prompts
with symbolic outputs or analyses, with the goal
of controllable generation and grounded reason-
ing about musical structure. Prior systems show
that careful prompt templating and multi-stage
generation can improve controllability, for exam-
ple, by separating planning from realization or by
providing intermediate constraints such as chord
progressions or form descriptions, such as Com-
poserX (Deng et al., 2024), MuseCoco (Lu et al.,
2023), etc.

Training from scratch on symbolic music, typi-
cally with music-native objectives and large-scale
corpora, remains a strong alternative to adapting
general LLMs. Such models can benefit from
domain-specific inductive bias in data and tokeniza-
tion, and may achieve strong distributional fidelity
and coherence when the training scale is sufficient,
e.g. NotaGen (Wang et al., 2025).

Alignment and preference learning methods,
widely used in NLP to refine instruction-following
behavior, have also begun to appear in music set-
tings (Wang et al., 2025). Techniques such as
preference-based optimization and related align-
ment objectives can be used to bias generation
toward outputs that satisfy structural constraints,
stylistic goals, or user intent, potentially reduc-
ing the gap between likelihood-based training and
human-facing quality criteria.

3 Method

3.1 Task and Evaluation Scope

We focus on symbolic music in ABC notation and
study two tasks: (1) generation or continuation,

Algorithm 1: ABC Degradation Pipeline
Input: ABC notation string A, maximum removable bars Bmax

Output: Degraded ABC notation string A′

Split A into a list of lines L;
Initialize L′ ← L;

Key Changing;
foreach line l ∈ L′ do

if l is a key declaration then
Replace key signature with a fixed alternative key (e.g.,

D#);

Random Pitch Swap;
Define note pool P = {C,D,E, F,G,A,B, c, d, e};
foreach line l ∈ L′ do

if l is not a metadata line then
foreach character c in l do

With probability p, replace c with a random note
from P if c ∈ P ;

Truncate bars;
Extract all musical (non-metadata) lines M from L′;
if |M | > 1 then

Sample k ∼ U(1,min(Bmax, |M | − 1));
Randomly select k indices from M ;
Remove the selected lines from M ;
Set L′ ←M ;

return Concatenate lines in L′ to form A′

Statistic Short Train Short Test Long Train Long Test

# Samples 88,575 22,306 104,270 26,229
Avg. Input Length 178.2 178.4 201.7 199.8
Avg. Target Length 275.8 275.4 4,808.4 4,733.4
Max Target Length 500 500 615,538 710,425
Avg. Bars 10.2 10.3 233.0 229.1
Notes per Bar 6.11 6.14 4.79 4.77

Table 1: Dataset statistics for short- and long-target
ABC datasets.

where the model produces ABC sequences con-
ditioned on prompts or partial contexts, and (2)
answering concept-rooted questions about music
using ABC excerpts and metadata as context. In
relation to both capabilities, we focus on symbolic
music data from different sources, split into short
sequence lengths and long sequence lengths. This
setup allows us to study how LLMs adapt to sym-
bolic music when trained on ABC data sources of
varying quality and under different context length
constraints.

3.2 Data Curation and Unification
We build a unified instruction-style training set
by combining multiple sources that cover comple-
mentary aspects of symbolic music. We include
composition-oriented corpora, such as collections
of ABC tunes (monophonic) and structured sym-
bolic datasets such as PDMX, high-quality classical
music translated to ABC such as the Distant Listen-
ing Corpus (DLC) (Hentschel et al., 2025), Open
Lieder (Gotham and Jonas, 2022) and Open String
Quartets (Gotham et al., 2023), and understanding-
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Model Musicpile-Short PDMX-Short ABCTunes-Short MMLU Musicpile-Long PDMX-Long ABCTunes-Long

PPL↓ FMD ↓ PPL↓ FMD ↓ PPL↓ FMD ↓ ↑ PPL↓ FMD ↓ PPL↓ FMD ↓ PPL↓ FMD ↓
LLaMA 3.1 Inst. 8B 693.90.0 66.50.2 9.00.0 320.40.1 28.20.0 467.20.3 0.590.0 6.00.0 130.10.0 3.30.0 475.80.0 5.10.0 449.60.1
(Weerawardhena et al., 2025)
ChatMusician 502.30.0 66.00.3 3.50.2 298.00.0 9.00.0 172.00.0 0.240.0 3.00.0 250.71.3 2.30.6 na 2.80.0 na

Trained on short music sequences

DPO 401.514.2 72.70.0 9.00.4 349.60.0 517.33.9 348.10.0 0.310.0 6.60.2 233.110.5 3.40.3 502.00.0 21.313.4 240.50.0
SFT 36.30.5 362.11.5 3.70.0 350.30.6 9.30.0 265.2523.4 0.290.0 4.50.3 291.30.0 2.40.0 455.55.0 3.40.0 253.97.5

Trained on long music sequences

DPO 432.70.0 72.40.0 7.20.0 327.10.0 27.40.0 356.50.0 0.330.0 5.70.0 130.02.0 3.20.1 496.34.2 5.70.2 351.719.2
SFT 56.20.0 67.50.0 3.70.0 366.60.0 12.70.0 218.80.0 0.270.0 4.70.0 130.95.5 1.90.0 433.00.8 4.00.3 209.210.4

Table 2: Perplexity (PPL) and Frechét Music Distance (FMD) across short sequence length symbolic music datasets
and MMLU.
We report "na" for ChatMusician as results could not be calculated due to non-redable generation for FMD calcualtion and extremely slow evaluation due to lack
padding, which restricted in resolving the issue

oriented prompts based on MusicPile-sft (Yuan
et al., 2024). For the latter, we filter out exam-
ples dominated by caption-like or metadata-centric
content (for example, YouTube-style descriptions)
to better emphasize grounded musical concepts,
terminology, and reasoning. All sources are nor-
malized into a common ABC-centric schema with
consistent separators and explicit fields for prompt,
context, and target.

The data is split into two sets: long and short,
based on the average sequence length of the target
across the datasets. In the unified dataset, this split-
ting criterion is a sequence length of 500. Note that
for short sequence length, the data from only three
sources qualify, while for long sequence length,
data from all sources qualify. Table 1 provides the
key statistics of the unified datasets’ splits.

3.3 Finetuning Strategies

We compare several practical adaptation strategies
that are common in NLP but underexplored for
symbolic music. Our primary baseline is an off-
the-shelf instruction-tuned LLM (LLaMA 3.1 Inst.
8B) (Weerawardhena et al., 2025). We then train a
supervised finetuning (SFT) (Ouyang et al., 2022)
variant on the unified instruction data, optimiz-
ing next-token likelihood over the concatenated
prompt, context and target with standard token-
level cross-entropy loss for next token prediction.
In addition, we train a preference-based variant us-
ing paired outputs for the same prompt, optimizing
a contrastive objective that increases preference for
the chosen output relative to a rejected alternative.

For preference-based training, we construct re-
jected outputs via a set of musically motivated
degradations applied to the chosen target, as speci-
fied in Algorithm 1, while preserving ABC syntac-
tic validity throughout. This provides a controllable
source of negative samples that differ from the cho-

sen output primarily in musical quality rather than
formatting errors. We treat this signal as weak
preference supervision rather than direct human
preference data. Then we use the direct preference
optimization (DPO) (Rafailov et al., 2023) tech-
nique to train the preference-based model.

We report results for Base, SFT, and DPO vari-
ants, and we include ChatMusician as a music-
specialized reference point in our comparison. To
maintain comparability with ChatMusician, we use
a model from the LLaMA family (Touvron et al.,
2023). We further adopt an instruction-tuned ver-
sion, as instruction tuning has been shown to facil-
itate more effective knowledge acquisition under
continued training (Jiang et al., 2024).

3.4 Metrics

We want to evaluate the LLM’s performance on dif-
ferent music datasets to show understanding (Mu-
sicPile) and generation (rest) capabilities. We use
perplexity (PPL) to measure the token-level close-
ness of generation to the target for understanding
and music generation. In contrast, Fréchet Mu-
sic Distance (Retkowski et al., 2025) (FMD) over
CLAMP2 (Wu et al., 2025) is used to measure
the global-level musical similarity of the generated
music. We also measure the change in prior capa-
bilities of the LLM. In this regard, we use the Mas-
sive Multitask Language Understanding (MMLU)
benchmark (Hendrycks et al., 2020) to see the cost
of adapting an LLM for the music domain. MMLU
is a multiple-choice question answering benchmark
over 57 different subjects (e.g., history, law) with
varying levels of expertise.

4 Results and Analysis

Table 2 presents the results over the short sequence
length music data and the MMLU benchmark. We
observe that for music understanding (i.e., Mu-
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sicpile), all models show improvement compared to
the base model, and the SFT variant appears to be
the best-performing. For music generation, if we fo-
cus on token-level similarity (i.e., PPL), we observe
ChatMusician and SFT are performing well while
DPO deteriorates. In contrast, global-level similar-
ity, as assessed using FMD, does not exhibit clear
trends across datasets. Prior knowledge retention
seems inversely related to global-level similarity,
with DPO least affected and ChatMusician most
affected. The LLM trained on long sequences also
showed some improvement on the short sequence
test set. However, the improvement is generally
weaker than the models trained on short sequences.
In contrast to the short sequence test set, Table 2
shows that the long sequence test set proves to be
harder to adapt for all variants.

5 Discussion and Limitations

General Capability Retention. Finetuning for
symbolic music can degrade general-domain per-
formance, particularly when training is narrow in
domain or overly aggressive in optimization. This
tradeoff is especially relevant for instruction-tuned
backbones that are expected to maintain broad
conversational and reasoning skills. In practice,
preserving general capability may require careful
data mixing, conservative training budgets, and
multi-objective training. The inclusion of a music-
specialized baseline provides a useful reference
point: music-pretrained systems can deliver strong
in-domain behavior, but may deteriorate in gen-
eral instruction-following and out-of-domain ro-
bustness.

Evaluation Considerations. Likelihood-based
metrics such as perplexity capture token-level fit to
a corpus, but they do not fully reflect musical qual-
ity, long-range structure, or instruction adherence.
Distributional proxy metrics, such as FMD, can
complement perplexity, but their correlation with
human judgments for symbolic music is imperfect
and may depend on representation and decoding
settings. Overall, we highlight that metrics for sym-
bolic music generation and understanding might be
insufficient or incomplete.

Limitations. First, our preference-based training
uses weak preference signals induced by musically
motivated degradations while enforcing ABC syn-
tactic validity. This reduces formatting confounds
but does not replace human preference data, and

it may bias learning toward specific error patterns.
Second, our study focuses on ABC as a compact
text representation; results may not transfer directly
to other symbolic encodings with different granu-
larity and constraints. Third, while we curate and
unify multiple data sources, coverage remains un-
even across genres, instrumentation, and levels of
theoretical sophistication. Fourth, evaluation of
“understanding” remains sensitive to dataset con-
struction and prompt design, and broader task cov-
erage is left for future work. Finally, compute and
context-length constraints limit exploration of very
long-form structure and multi-part scores.

6 Conclusion

In this work, we presented a controlled comparative
study of practical finetuning strategies for adapt-
ing instruction-tuned LLM to symbolic music in
ABC notation, spanning generation and concept-
rooted understanding. By comparing an off-the-
shelf backbone, domain-adapted variants, and a
music-specialized reference model, we character-
ized consistent tradeoffs between in-domain sym-
bolic music behavior and retention of general lan-
guage capabilities.
As future work, we plan to evaluate vocabulary
expansion by introducing music-specific special
tokens that capture recurring ABC constructs and
structural markers (for example, barlines, section
labels, voice separators, or compact representa-
tions of common ornaments). This requires ex-
tending the tokenizer, initializing new embeddings,
and adapting the output projection head. While
left for future work, we outline this procedure as
a promising way to reduce fragmentation of mu-
sically meaningful units and improve generation
fidelity under limited finetuning budgets. As an
additional adaptation direction, we will complete
vocabulary expansion experiments, expand the task
suite and evaluation toward deeper music-theoretic
understanding and longer-horizon generation, and
investigate complementary mechanisms such as vo-
cabulary expansion and structured prompting or
planning to improve coherence, controllability, and
grounded reasoning.
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