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Abstract

Music is a universal cultural practice that in-
fluences emotion, ritual and creativity, and
it is now represented in many digital modal-
ities: audio recordings, symbolic encodings
(MIDI, MusicXML, ABC), visual scores and
lyrics. Multimodal Large Language Mod-
els (MLLMs) have the ambition to process
“everything”, including music, and therefore
promise to support musical analysis, creation
and education. Despite this promise, sys-
tematic methods for evaluating whether a
MLLM understands music are missing. Exist-
ing music-focused benchmarks are fragmented,
largely single-modality, Western-centric, and
often do not require actual perception of the
musical content; methodological details such
as prompt design and answer-extraction are fre-
quently omitted or not discussed, and some
evaluations rely on proprietary LLMs, hinder-
ing reproducibility and raising concerns about
test-data leakage. To fill this gap, this disser-
tation proposes to design a musically multi-
modal benchmark built on a transparent, fully
open evaluation pipeline. The benchmark will
present closed-question-answer items across
four musical modalities, employ carefully en-
gineered distractor options to enforce gen-
uine perceptual engagement, and follow rig-
orously documented prompt-selection and
answer-extraction procedures. It will further
incorporate culturally diverse musical material
beyond the dominant Western canon. Guided
by three research questions: (1) how to devise
robust, reproducible evaluation procedures, (2)
how current MLLMs perform across modali-
ties, and (3) how model scores relate to human
musical abilities; the benchmark will enable
precise diagnosis of model limitations, inform
the development of more musically aware AI
systems, and provide a principled basis for as-
sessing practical usefulness to musicians and
other stakeholders in the creative industry.

Figure 1: Examples of potential benchmark questions,
with different modalities of music to percept to: im-
age of notation (top), symbolic MIDI (middle), audio
recording (bottom). In the QA-pair in the bottom, mul-
timodality is enhanced: both the correct and distrac-
tor options may take different modalities (here, audio).
(Figure adapted from Weck et al. (2024, fig. 1).)
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1 Introduction

Language-modeling at scale is reshaping the cre-
ative landscape. Large language models (LLMs)
already transform literature (Ivanova et al., 2025),
visual arts (Fanelli et al., 2025), theatre (Horváth,
2025), and music (Ma et al., 2024). Music per-
vades every culture (Mehr et al., 2019), influencing
emotion, ritual (Small, 1999) and creativity. Mul-
timodal Large Language Models (MLLMs) now
handle text, images, audio and other modalities
in a shared representation (OpenAI et al., 2024).
Their ambition to process “everything”, including
music (Liu et al., 2024a,b), makes them promising
for musical analysis, creation and education, yet
systematic methods for assessing musical under-
standing are lacking (Ma et al., 2024).

Music can be represented in four digital modal-
ities (see fig. 2): (i) the audio modality stores
the acoustic signal of a performance (e.g., .mp3,
.wav); (ii) the image/visual modality captures
the notated score as pictures conveying compo-
sitional intent (e.g., PDF, JPG, PNG; can be a
scan of a handwritten/printed notation score, or
just a rendered PDF of a score); (iii) the sym-
bolic modality encodes abstract musical seman-
tics, such as pitches, durations, and onsets of notes,
in machine-readable formats (MIDI, MusicXML,
ABC); (iv) the text modality (lyrics) adds seman-
tics (.txt). True understanding requires accurate
perception of each modality, grounding in musical
knowledge, and cross-modal reasoning.

Current MLLMs are trained mainly on main-
stream Western material and under-perform on
other genres (Papaioannou et al., 2025). A
number of music-focused benchmarks have ap-
peared recently, but they are fragmented, largely
audio-centric (Weck et al., 2024; Zang et al., 2025;
Koh et al., 2025), Western-biased, and often al-
low models to succeed without genuine perception
(Zang et al., 2025). Crucial details such as prompt
selection and answer extraction are frequently omit-
ted or hidden (Weck et al., 2024; Mundada et al.,
2025; Yuan et al., 2024), and some rely on propri-
etary LLMs, raising reproducibility and fairness
concerns (Lin et al., 2025; Dai et al., 2025). Thus,
no open-source, musically cross-modal benchmark
currently offers a robust, reproducible assessment
of music understanding in MLLMs.

This dissertation aims to design a systematic,
multimodal music benchmark by (i) posing ques-
tions across the four modalities, (ii) enforcing gen-

uine perception with difficult distractors (Zang
et al., 2025), (iii) providing an open, reproducible
evaluation protocol free of proprietary components
(Yue et al., 2024), and (iv) incorporating diverse,
non-Western material. The work is guided by three
research questions: (1) robust evaluation proce-
dures, (2) capabilities and limits of state-of-the-art
MLLMs across modalities, and (3) the link between
model performance and human musical abilities.

Stakeholders, including researchers, developers,
industry, and musicians, will gain a tool for system-
atic capability analysis, task feasibility assessment,
and realistic expectation setting, advancing trans-
parent and fair AI research.

The proposal proceeds as follows: Section 2
reviews definitions and benchmarks; Section 3 out-
lines shortcomings in current benchmarks; Sec-
tion 4 presents research questions and goals; Sec-
tion 5 details the proposed approach; Section 6
summarizes contributions.

2 Background and Related Work

2.1 Definitions

We use the term music understanding to denote
the ability to answer questions and solve tasks that
require perceiving musical information from one
or more modalities (e.g., audio, symbolic notation,
text, or visual cues), leveraging musical facts and
conventions (knowledge), and drawing structural
or relational inferences (reasoning) across one or
more modalities.

Music perception refers to extracting salient mu-
sical features from the input modality, such as pitch,
timbre, rhythm, melody, and texture. Music knowl-
edge denotes the accumulated understanding of
musical commonsense, including music theory, his-
torical and cultural context, stylistic conventions,
and instrument characteristics. Music reasoning is
the capacity to infer latent and relational musical
elements, such as harmony, key, meter, form, and
stylistic progression, that are not explicitly anno-
tated but are essential for understanding a piece’s
structure, themes, and expressive intent (Yuan et al.,
2024). Together, these components enable coherent
analysis, interpretation, and explanation of music,
such as is necessary for communication among mu-
sicians to rehearse and perform together.

2.2 Existing MLLMs

Multimodal LLMs claiming to be general have
been emerging in a rapid pace (OpenAI et al., 2024;
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Text (lyrics): .txt

Audio (recording): .wav, .mp3

source: https://speechprocessingbook.aalto.fi/_images/1482949661.png

1.  You call me out upon the waters
The great unknown where feet may fail
And there I find You in the mystery
In oceans deep my faith will stand

R:  I will call upon Your name
And keep my eyes above the waves

Symbolic (ABC notation)

M:C
K:D
[a4c4] [g4B4]|efed c2cd|e2f2 gaba|g2e2 e2fg|
a4 g4|efed cdef|g2d2 efed|c2A2 A4:|
K:G
ABcA BAGB|ABAG EDEG|
A2AB c2d2|e3f edcB|
ABcA BAGB|ABAG EGAB|
cBAc BAG2|A4 A4:|

Symbolic (MusicXML)

<note> <pitch>
          <step>D</step>
          <alter>1</alter>
          <octave>5</octave>
          </pitch>
        <duration>6</duration>
        <voice>1</voice>
        <type>16th</type>
        <accidental>sharp</accidental>
        <stem>down</stem>
        <staff>1</staff>
        </note>

Symbolic (MIDI)Image (score): .jpg, .pdf, .pnghttps://www.sheetmusicplus.com/dw/image/v2/BJFX_PRD/on/demandware.static/-/Sites-smp-main/default/dwe5a95932/images/5306/22805306_cover-large_file.png?sw=900&sh=1200&sm=fit

Figure 2: Different modalities of music: audio, image, text, and symbolic (with three example sub-modalities, ABC,
MusicXML, and MIDI).

Anthropic, 2025; Comanici et al., 2025), yet the
authors usually do not measure the musical abilities
of the models. Even in the musical domain specifi-
cally, there is a trend towards models that are more
general and more multimodal (see table 1). How-
ever, even those claiming to be modality-agnostic
(Liu et al., 2024a,b) are not evaluated in all the
modalities of music — the evaluation mostly fo-
cuses on the audio representation. Focusing only on
audio neglects the particular needs and use-cases of
musicians that AI is supposed to help, undermining
the claim that these models truly support human
creative expression.

2.3 Existing benchmarks

Until recently, most benchmarks for music under-
standing were created ad-hoc, along with papers
introducing new (M)LLMs, to show the superior-
ity of their performance (Liu et al., 2023; Yuan
et al., 2024; Deng et al., 2024), leading to inconsis-
tent comparisons between models, since every new
model was evaluated on a different benchmark.

In recent years (2024-2025), dedicated bench-
marks for evaluating music understanding have
begun to appear, with the vast majority testing
(M)LLMs via question answering (QA) (Weck
et al., 2024; Zang et al., 2025; Koh et al., 2025;
Dai et al., 2025; Mundada et al., 2025; Chen et al.,
2025; Wang et al., 2025; Zhao et al., 2025), with
closed QA (also called multiple-choice) being dom-
inant. In closed QA (Weck et al., 2024; Zang et al.,
2025; Mundada et al., 2025; Wang et al., 2025;
Zhao et al., 2025), the model is provided with a

question and set of options (one correct options
along with distractor answers), and is tasked to
select the correct one.1 On the other hand, in open-
ended QA (Chen et al., 2025; Dai et al., 2025), the
model is prompted with a question. Its response is
then evaluated against the ground truth either based
on a string-matching metric (Chen et al., 2025),
which may prefer incorrect yet semantically simi-
lar answer (Lin et al., 2025), or using an external
LLM-as-a-Judge (Zheng et al., 2023), used e.g. by
Dai et al. (2025). Music is also included as one
of the tested subjects in more general benchmarks
(Yue et al., 2024, 2025; Li et al., 2025b).

Most of the benchmarks assess music under-
standing in a single modality of music: audio
(Weck et al., 2024; Zang et al., 2025; Koh et al.,
2025; Lin et al., 2025), visual notation (PDF/JPG
of a score) (Mundada et al., 2025; Chen et al., 2025;
Yue et al., 2024, 2025),2 or symbolic representa-
tion: specifically ABC notation (Yuan et al., 2024;
Zhao et al., 2025) or across multiple symbolic for-
mats (ABC, Humdrum, MEI, MusicXML) (Pond
and Fujinaga, 2025).

Most recently, there have been a few evaluations
covering two modalities: Wang et al. (2025); Dai
et al. (2025) benchmark jointly understanding in
the symbolic representation (ABC notation) and
the visual notation scores; Carone et al. (2025)

1This allows simple and explainable comparisons using
accuracy.

2We include Chen et al. (2025) as a single-modality bench-
mark, although they release both visual and MIDI data, be-
cause in their evaluation of LLMs they report only perfor-
mance on the visual notation data.
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attempts to evaluate jointly across audio and sym-
bolic (MIDI).3

To the best of our knowledge, there is currently
no open-source benchmark that would evaluate
MLLMs on more than two musical modalities.

We discuss the benchmarks (and specifically
their issues) in section 3.

3 Issues in Existing Benchmarks

As we discuss in section 2.3, recently, various
benchmarks and evaluations of music understand-
ing in MLLMs have been released.

However, there are several issues that make com-
parative evaluation difficult. Most of the issues
are not music specific and apply to any closed-QA
benchmark evaluating LLMs. Therefore, the poten-
tial techniques to mitigate the issues sometimes
come from general (not music-specific) bench-
marks.

3.1 Prompt Selection

Benchmarks rarely discuss or release prompts
(Weck et al., 2024; Mundada et al., 2025; Chen
et al., 2025; Yuan et al., 2024; Dai et al., 2025);
when provided, they often appear only in code with-
out paper or README references (e.g., (Mundada
et al., 2025)), forcing guesswork, especially when
each model uses a distinct prompt (Mundada et al.,
2025; Chen et al., 2025). Outside of the field of
music-specific benchmarks, Agrawal et al. (2024,
Table 4) show that naive prompting can markedly
degrade performance, making careful prompt se-
lection essential.

3.2 Extraction of the Actual Answer from
Model Response

In closed-QA (e.g., options A–D) one must map the
model’s full response (the string returned, possibly
with prefatory text) to the intended answer (the cho-
sen option). Prompting the model to output a fixed
format (e.g., “Final answer: <answer>” or “Re-
spond only with the option letter (<valid_letters>)”)
often fails; Agrawal et al. (2024, Sec. 4.2, App. D)
show that models may ignore even highly specific
instructions.

Benchmarks frequently omit or do not release
their extraction procedures (Weck et al., 2024;
Mundada et al., 2025) and, when described, employ
heterogeneous methods: Wang et al. (2025) uses

3yet they do not release the evaluation data at all, which
makes the contribution rather poor

the external tool MathVerify,4 Weck et al. (2024)
relies on a custom script5 without discussing its
quality, Mundada et al. (2025) uses custom parsers,
different for each model6 (e.g., searching for a
solitary A–F surrounded by spaces), and Lin et al.
(2025) extracts answers with a proprietary LLM
(GPT-4o-mini), compromising reproducibility (see
section 3.4).

These inconsistent pipelines risk mis-labeling
correct answers as incorrect (and vice-versa). In
contrast, MMMU (Yue et al., 2024), a general
benchmark with 3.2% of QA pairs on music,
provide a concrete, reproducible approach: they
“construct robust regular expressions and develop
response-processing workflows (...) to extract key
phrases, such as numbers and conclusion phrases,
from the long responses for accurate answer match-
ing” (Yue et al., 2024, pp. 6). Their method has
been adopted by subsequent general benchmarks:
MMMU-Pro (Yue et al., 2025) and OmniBench (Li
et al., 2025b), both with a portion of music-specific
questions.

3.3 Perception of Musical Content Not
Required

As noted by Zang et al. (2025) and Yue et al. (2025),
some closed QA benchmarks (e.g., MuChoMu-
sic (Weck et al., 2024)) and benchmark questions
(MMMU (Yue et al., 2024)) can be answered with-
out perceiving the musical content (audio, image
of notation), relying only on reasoning about the
answer and options (see Zang et al. (2025, ap-
pendix A)). Zang et al. (2025, Figure 1) showed
that a text-only LLM attains 56% accuracy on Mu-
ChoMusic, far above the 25% random baseline,
highlighting a serious issue. We anticipate a simi-
lar problem in OmniBench (Li et al., 2025b), where
annotators were instructed merely to add at least
one misleading wrong answer, which may be insuf-
ficient. To address this, Yue et al. (2025) propose
filtering out questions solvable by text-only LLMs,
while Zang et al. (2025) introduce a systematic
method for generating distractors that are as likely
as the correct answer. Conversely, Mundada et al.
(2025, Section 4.2) argue that “synthetically diffi-
cult benchmarks that force multi-modal perception
to succeed (Zang et al., 2025) (...) may not reflect
the real distribution of questions, where percep-
tion may not always be necessary.” Nevertheless,

4https://github.com/huggingface/Math-Verify
5see MuChoMusic GitHub
6E.g., for Phi, Qwen, InternVLM
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we maintain that benchmarks must test genuine
musical-content understanding, not merely reason-
ing without perception, even if they diverge from
real-world question distributions.

In the field of benchmarking general vision-
LLMs, several techniques have been suggested to
mitigate the issue of not perceiving the image: Li
et al. (2025a) adopt a vision-centric approach by
linking every question with two contrasting im-
ages that yield different gold answers, Chen et al.
(2024) manually select vision-indispensable ques-
tions, Huang et al. (2025) manually augment each
original question with a corresponding perception
question and a knowledge anchor question, in or-
der to distinguish true perception and reasoning
from guess-work. Although these methods could
be transferred to music-related benchmarks, they
usually require a substantial amount of manual la-
bor.

3.4 Using Proprietary LLM in Evaluation

Several benchmarks employ proprietary
(closed-source) LLMs either to extract an-
swers (Lin et al., 2025) (see section 3.2) or as
evaluators (Dai et al., 2025; Chen et al., 2025) via
LLM-as-a-Judge (Zheng et al., 2023). This raises
four concerns:

• Irreproducibility: the model is closed-source
and future versions may differ.

• Costly evaluation: no matter how much com-
putational time/power/money is needed to run
the evaluated model itself.

• Fairness: using the same model as both sys-
tem and evaluator (Dai et al., 2025; Chen et al.,
2025) can bias results.

• Test-data leakage: gold labels supplied to a
closed evaluator may be incorporated into fu-
ture models (Balloccu et al., 2024).

The MMMU benchmark (Yue et al., 2024) il-
lustrates a mitigation strategy for the problem of
test data leakage: it provides a few-shot develop-
ment set, a fully labeled validation set, and a test
set without gold labels. Test submissions are evalu-
ated by uploading predictions to a dedicated web
platform.7

7https://eval.ai/web/challenges/challenge-pag
e/2179/overview

3.5 Other Issues/Troubles

In addition to the concerns above, the benchmarks
exhibit several further problems:

Missing explainable baselines Random guess-
ing is a relevant baseline for closed-QA, yet many
works omit it (Wang et al., 2025; Carone et al.,
2025; Mundada et al., 2025). It can be computed
from the number of answer options, which varies
across benchmarks (e.g., MMMU has 4 options,
MMMU-Pro 10 (Yue et al., 2024, 2025)) and some-
times within a single benchmark (Mundada et al.,
2025, cf. Fig. 1 and Appendix B). The omission is
especially problematic when the number of options
per question is not reported, as in (Mundada et al.,
2025).

Missing statistical significance tests Most
benchmarks do not report statistical tests to mea-
sure whether performance differences are signifi-
cant (Yuan et al., 2024; Yue et al., 2024; Wang et al.,
2025; Mundada et al., 2025; Pond and Fujinaga,
2025).8 This is especially an issue in benchmarks
that are rather small (Yuan et al., 2024; Pond and
Fujinaga, 2025).

Trade-off between quantity and quality Bench-
marks differ markedly in quality versus quan-
tity. Curated, human-written QA sets are small
(e.g., Pond and Fujinaga (2025) with 9 questions,
MusicTheoryBench with 372 QAs (Yuan et al.,
2024)), while automatically generated sets are
larger (MuChoMusic 1,187 QAs (Weck et al.,
2024), SSMR-Bench 1,600 QAs (Wang et al.,
2025)) and synthetic musical data can yield very
large benchmarks (MusiXQA 130k QAs (Chen
et al., 2025)). Manual creation ensures validity and
relevance; synthetic approaches enable scalability
but require validation to confirm the benchmark
measures the intended abilities.

Missing comparison to human performance
As benchmarks serve primarily comparing differ-
ent models, reporting human performance cannot
be required. However, some benchmarks include
it (Yue et al., 2024; Li et al., 2025b), making the
actual numbers more informative.

8We cannot confirm statistical tests were used; the authors
say “significant” but never “statistically significant” and pro-
vide no test settings.
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4 Aims and Research Questions

The objective of the dissertation thesis is to design
and develop a systematic benchmark for evaluating
Multimodal Large Language Models (MLLMs) in
the domain of music understanding.9

This inherently involves different modalities of
music: audio (recording), machine readable sym-
bolic encodings (MIDI, MusicXML, ABC nota-
tion), visual notation (scan of a handwritten/printed
notation score, or just a rendered PDF of a score),
and text (lyrics) (see fig. 2). 10

The project aims to address the following re-
search questions:

RQ1 - evaluation procedures:

• RQ1.1 How to evaluate MLLMs in a chal-
lenging, robust, fully open, reproducible, fair,
methodologically sound, broadly applicable,
and leak-free manner?

• RQ1.2 How to evaluate models consistently
across different modalities of music? (visual,
audio, symbolic, text)

In terms of deliverables, it means designing and
creating a benchmark that would be cross-modal,
robust and challenging (requiring genuine musi-
cal perception), musically diverse, broadly applica-
ble to prompting-based MLLMs, reproducible and
fair (standardised prompts and answer-extraction;
see sections 3.1 and 3.2), fully open, and free of
test-data leakage. The full checklist of ideal proper-
ties formulated based on the identified issues (sec-
tion 3) is in appendix A.

RQ2 - musical understanding:

• RQ2.1 How well do current MLLMs under-
stand music in different modalities?

• RQ2.2 Are performance gaps due primarily to
modality-specific processing or to deeper con-
ceptual limitations that affect understanding
across all modalities?

As we define in section 2.1, we use music un-
derstanding to denote the ability to solve tasks
that require perception to musical material across
one or more modalities, applying musical facts

9We delimit the scope intentionally to music understanding
only, completely omitting music generation.

10Images of instruments or video are not considered, al-
though extensions are possible (Liu et al., 2024b).

and conventions (knowledge), and making struc-
tural or relational inferences (reasoning). The sug-
gested benchmark is explicitly behavioral: it should
measure task performance and failure modes from
observable outputs, without attributing those out-
comes to any particular internal representation.

Corresponding research output is an assessment
of current state-of-the-art MLLMs (both open-
source and proprietary) on the benchmark to mea-
sure performance across modalities, providing the
first fully cross-modal comparison of existing mod-
els in the domain of music understanding. The
completed benchmark should enable investigations
such as “Does model A understand a piece better in
modality X or Y?”, “In modality X, which model
(A, B, C) performs best?”, “Can model A general-
ize across cultural contexts, and does this vary by
modality?”

RQ3 - actual usefulness for humans:

• RQ3.1 What is the relationship between
quantitative model scores and human
music-understanding abilities?

• RQ3.2 How do objective measures relate (or
fail to relate) to practical usefulness for differ-
ent users?

Deliverables include validation of the bench-
mark with musicians from varied cultural back-
grounds, measurement of human accuracy on the
tasks, and assessment of user satisfaction with the
best-performing models.

5 Proposed Methodology

Benchmark methodology In order to be broadly
useful for various MLLMs with prompting inter-
faces, support reproducible evaluation with an ex-
plainable metric (accuracy), and enable controlled
experimental design, the benchmark will adopt
the standard closed-question answering paradigm
(Weck et al., 2024) (see fig. 1).

We acknowledge that closed QA has drawbacks:
models may rely on easy-to-detect spectral cues
rather than true musical understanding (Carone
et al., 2025). Nevertheless it remains a com-
mon, fully automatic, and interpretable evaluation
method, whereas open-ended QA suffers from un-
reliable metrics (Lin et al., 2025). Accordingly,
closed QA is preferable, despite mainly testing
answer selection over deep comprehension. To par-
tially mitigate this issue, we plan to include a “none
of the above” option (Raman et al., 2025).
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If, in subsequent research, the community es-
tablishes standardized and reliable metrics for the
open-ended assessment of LLMs, the benchmark
may incorporate an additional, expert-annotated
open-ended test set. The inclusion of such a sub-
set should serve to alleviate the inherent limita-
tions of exclusively closed QA evaluation protocols,
thereby providing a more comprehensive picture of
model performance.

5.1 Benchmark Design and Development
Data preparation and multimodal alignment.
Data will be collected from existing open-source
multimodal musical datasets such as OpenScore
(Gotham and Jonas, 2025) (MIDI scores, Mu-
sicXML, synthetic MP3, lyrics, rendered PDFs),
MAESTRO (Hawthorne et al., 2018) (audio, MIDI
performance), ASAP (Foscarin et al., 2020) (au-
dio, MIDI score and performance, MusicXML),
and others to be added in later stages. The data
will be harmonized and aligned across modalities
(Jung et al., 2025), including automatic conversion
of missing modalities. For example, MusicXML
can be rendered to PDF/image or synthesized with
Smashcima (Mayer et al., 2025) for realistic hand-
written notation.

QA creation methodology. To generate QA
pairs we will combine existing approaches: Mu-
ChoMusic (Weck et al., 2024) (LLM-based gen-
eration for metadata/caption datasets) and the
template-driven methods of SSMR-Bench (Wang
et al., 2025) and MusiXQA (Chen et al., 2025),
which cover broader data types. To ensure the
questions require true musical perception and are
challenging, we will use RUListening methodol-
ogy (Zang et al., 2025) to create hard distractors.
The pipeline will be extended to a multimodal set-
ting (where the same musical piece is represented
across different modalities, thus enabling cross-
modal comparability of model performance), per-
mitting multimodal answer options (correct and dis-
tractors may be in different modalities; see fig. 1,
bottom), similarly to some MMMU questions11

(Yue et al., 2024).

Evaluation methodology. We are going to fur-
ther inspect existing techniques of designing
prompts for closed QA benchmarks (see sec-
tion 3.1) and the extraction methods for extracting

11e.g., questions with IDs 6, 25, 34, 48, 50, 52, accessible
here: https://huggingface.co/datasets/MMMU/MMMU/vi
ewer/Music/test?views%5B%5D=music_test

the answer from model response (see section 3.2),
in order to select/design a standardized, method-
ologically correct procedure. (A plausible candi-
date is the method introduced in MMMU (Yue
et al., 2024), as discussed in section 3.2.)

Diversity of Questions In order to make the
benchmark robust, we will include questions of
different difficulty and divide them into correspond-
ing levels (e.g. very easy, easy, medium, and hard),
similarly to MMMU (Yue et al., 2024). We will
also include a wider range of questions in terms
of coverage of music understanding abilites, from
symbolic questions (“What is the lowest pitch in
the 4th measure?”) to musically more interesting
questions (“Select the most suitable key for the
following musical score.”, “What chords would be
appropriate to harmonize the melody shown in the
provided image?”), and provide a systematic tax-
onomy integrating high-level and highly specific
musicological ontologies (Weck et al., 2024, fig.
2), so that the benchmark can be used in various
evaluation scenarios.

Diversity of Musical Data To avoid cultural bias
and improve generalizability, later stages of the
benchmark will include data from diverse musi-
cal practices (e.g., folk music, improvised music
(jazz, basso continuo12), Gregorian chant, brass or-
chestra, symphonic orchestra), using datasets such
as ChoraleBricks (Balke et al., 2025) (multitrack
audio, sheets, time-aligned symbolic), Polyphony
Project (Both et al., 2025) (Ukrainian folk music,
multitrack audio, lyrics), PiJAMA (Edwards et al.,
2023) (jazz audio + MIDI), and ACoRD (Štefunko
et al., 2025) (basso continuo MIDI + MusicXML).

This will enable evaluation of MLLMs on cultur-
ally diverse material, assessing how well models
generalize beyond the dominant Western classical
and popular music datasets.

Benchmark release. The above components will
be connected into a reproducible, open-source
workflow. The benchmark will be released in
stages, beginning with Western classical datasets
and later expanding to musically diverse material.
Along with the benchmark, all details, design de-
cisions, and evaluation protocol will be released.
In order to prevent from data leakage and from
over-evaluating on the test set, we plan to divide
the benchmark into validation part (fully open) and
test part (gold labels not released, with evaluation

12https://en.wikipedia.org/wiki/Basso_continuo
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performed by uploading the predictions to a des-
ignated page13), similarly to MMMU (Yue et al.,
2024).

5.2 Model Evaluation

Selected MLLMs (see table 1 for examples) will
be evaluated on the benchmark, compared to ran-
dom baseline and ideally to other reasonable base-
lines, and to human performance (see section 5.4).
The focus will be on models that can process at
least two musical modalities (from audio, sym-
bolic, image, and text) and support the QA inter-
face, specifically to models claiming musical capa-
bilities, or the most general models (GPT). Model
performance will be compared across modalities
and statistical significance tests will be computed.

5.3 Synthetic Methods and On-Demand
Benchmark Generation

In order to allow higher scalability of the bench-
mark, we will try to integrate existing methods for
generating synthetic musical data (e.g., MusiXQA
(Chen et al., 2025) for generating musically realis-
tic yet random notation sheets, Smashcima frame-
work (Mayer et al., 2024) for automatic rendering
handwritten-like score images from MusicXML;
(Kim et al., 2025) for producing realistic audio
from MusicXML, into a pipeline that would pro-
duce a fully synthetic component of our multimodal
benchmark.

While performance on synthetic data is generally
not directly comparable to that on real data, these
approaches may allow controlled experiments on
learning and interpretability without the confounds
of real-world data leakage (Balloccu et al., 2024).

Synthetic data generation methods could be
further extended into an automated process for
on-demand benchmark creation, tailored to user-
provided data. Such an approach would enable
rapid adaptation of the benchmark to align with the
particular domain of interest for each user.

5.4 Benchmark Validation with Human
Musicians

A crucial component is manual assessment of
the benchmark difficulty with real musicians.
Participants from the same cultural contexts as
the datasets will answer a representative subset
of benchmark questions and interact with the

13see https://eval.ai/web/challenges/challenge-p
age/2179/overview for an example

best-performing models. This study will address
the RQ3 as stated in section 4.

The study will include both a quantitative part
(structured survey) and a qualitative part (con-
trolled experiments and interviews), with focus on
the qualitative part.14

5.5 Towards Modality-Agnostic Music
Representations

Analyses will test whether differences in model
performance arise from modality-specific process-
ing issues or from deeper conceptual limitations in
musical understanding. Insights from these anal-
yses will inform exploratory work on pan-modal
representations capable of bridging symbolic, vi-
sual, and audio modalities of music, which as been
recently identified as a “grand challenge” (Chin
and Xia, 2025). This could enable data-efficient
in-context learning and fine-tuning strategies. The
methodology for this stage remains exploratory and
will adapt based on empirical findings.

5.6 Open for Collaboration

We invite scholars to collaborate, whether by shar-
ing their expertise, contributing private datasets,
or helping validate the benchmark as human musi-
cians. Incorporating additional datasets (potentially
from different musical traditions) would enable
more robust evaluation.

6 Conclusion

The rapid emergence of multimodal large lan-
guage models (MLLMs) has outstripped system-
atic assessment of their musical abilities. Existing
work often ignores music-specific tests or evalu-
ates only a single modality (typically audio), over-
looking how musicians engage with audio, nota-
tion, symbolic formats, and lyrics. Current bench-
marks also suffer from undocumented methodol-
ogy, perception-free questions, and reliance on
proprietary LLMs that hinder reproducibility and
risk data leakage. This dissertation proposes an
open, fully cross-modal benchmark covering au-
dio, symbolic (MIDI, MusicXML, ABC), visual
notation, and lyrics. It will enforce genuine mu-
sical perception, employ robust prompting and
extraction pipelines, and culturally diverse data,
and will be validated with human musicians to
link quantitative scores to real-world usefulness

14The research will be conducted in collaboration with
scholars from the humanities and social sciences.
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Model symbolic image audio music o-s ready

M2UGen (Liu et al., 2024a) ✓* ✓* ✓ ✓ ✓ ✗

Llark (Gardner et al., 2024) ✓* ✓* ✓ ✓ ✓ ✗

MuMuLlama (Liu et al., 2024b) ✓* ✓* ✓ ✓ ✓ ✗

MusiLingo (Deng et al., 2024) ✓* ✗ ✓ ✓ ✓ ✗

ChatMusician (Yuan et al., 2024) ABC ✗ ✗ ✓ ✓ ✓

NotaGPT (Tang et al., 2025) ABC ✓ ✗ ✓ ✗* ✓

Qwen3-omni (Xu et al., 2025) ✓* ✓* ✓ ✓ o-w ✓

Qwen2-audio (Chu et al., 2024) ✓* ✗ ✓ ✓ o-w ✓

Music Flamingo (Ghosh et al., 2025) ✓* ✗ ✓ ✓ ✗* ✓

Audio Flamingo 3 (Goel et al., 2025) ✓* ✗ ✓ ✓ ✓ ✓

Phi-4-Multimodal (Microsoft et al., 2025) ✓* ✓* ✓ ✓ ✗* ✓

GPT-4o (OpenAI et al., 2024) ✓* ✓* ✓* ✗ ✗ API
Gemini2.5 (Comanici et al., 2025) ✓* ✓* ✓* ✗ ✗ API
Claude 4 (Anthropic, 2025) ✓* ✓* ✗ ✗ ✗ API

Table 1: Multimodal LLMs that can process music (various modalities) and support QA. Text modality is omitted
(all models handle text). The “music” column shows whether the authors claim music capability; ✓* marks models
that are technically able to process a given modality (e.g., MusicXML) but not explicitly claimed. o-s = open-source
(✗* means open-source expected but code not found, o-w (open-weight) = weights are released, training scripts
not); ready = downloadable for direct use (API = usable only via API). ABC = symbolic-notation format.

(RQ3). The resulting resource will provide the
first comprehensive, modality-spanning compari-
son of state-of-the-art MLLMs, enabling identifica-
tion of modality-specific versus conceptual short-
comings and offering a reproducible assessment
tool to guide more musically aware systems for
education, analysis, and composition.

Limitations

The proposed study is bounded by several method-
ological constraints that may influence the scope
and interpretability of its findings.

• Human-validation pool – The validity of the
human-validation component (section 5.4)
rests on recruiting a sufficiently diverse group
of musicians. Limited participation, espe-
cially from under-represented cultural and
stylistic backgrounds, could restrict the gen-
eralizability of the comparative analysis be-
tween human judgments and model outputs.

• Benchmark construction – Assembling the
benchmark requires integrating multiple mul-
timodal music datasets that differ in annota-
tion quality, format, and alignment across au-
dio, symbolic, visual, and textual modalities.
Such inconsistencies can introduce alignment
errors, weakening internal validity and imped-
ing precise cross-modal comparisons. More-

over, the ambition to cover a wide spectrum of
musical traditions is tempered by the scarcity
of openly available, high-quality datasets
for non-Western or under-documented reper-
toires, which may limit the benchmark’s rep-
resentativeness.

• Distractor generation and MLLM evaluation
– Producing musically plausible yet incor-
rect distractors is a non-trivial engineering
challenge; inadequately designed alternatives
could diminish diagnostic precision or inad-
vertently inflate model scores. In addition,
the absence of standardized or documented
prompting interfaces for many state-of-the-art
MLLMs hampers the deployment of a uni-
form evaluation pipeline. In some cases, es-
sential models may be inaccessible because
their APIs are undocumented or their compu-
tational demands exceed available resources,
limiting the set of comparators and potentially
biasing performance assessments.

• Closed-QA format – Designing the bench-
mark as a closed-QA (multiple-choice) task
constitutes a substantive limitation: correctly
selecting the most probable option does not
necessarily demonstrate true music under-
standing.
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• Narrow initial coverage - The first releases
will rely mainly on Western-centric datasets,
which could reduce the benchmark’s immedi-
ate relevance for a truly global understanding
of music.

These interrelated limitations should be kept in
mind when interpreting the results and drawing
broader conclusions from the benchmark.

Ethical considerations

The project will gather responses from human musi-
cians. Prior to each data-collection session we will
provide participants with an information sheet out-
lining the experiment’s purpose, the data-collection
procedures, how the data will be stored and used,
and the compensation offered for their time. Par-
ticipants will be asked to read this briefing and
sign a consent form confirming their agreement.
Signed consent will be obtained from every partici-
pant. The study poses no foreseeable risks beyond
the normal opportunity cost of participants’ time,
which will be compensated accordingly. No per-
sonal identifying information will be collected or
published. All experiments with human partici-
pants will be carried out with Institutional Review
Board approval.
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Jiří Mayer, Pavel Pecina, and Jan Hajič jr. 2024.
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A Appendix: Benchmark Checklist

The designed benchmark should (ideally) have the
following properties/qualities:

• be musically multimodal: visual (score im-
age/PDF), audio (recording), lyrics (text),
symbolic (MIDI, musicxml, abc notation)

• allow comparison of performance between
modalities (may be difficult to achieve be-
tween some modalities) on the same musical
content

• require perception (Zang et al., 2025): the
questions cannot be answered without percep-
tion to the musical material above chance level
(compare to (Weck et al., 2024))

• be broadly applicable to MLLMs with prompt-
ing interfaces,

• specify clearly how to evaluate the models:
which prompt(s) to use (see section 3.1), how
to evaluate the model’s response (see sec-
tion 3.2)

• have reproducible, long-lasting and computa-
tionally cheap evaluation: not include LLM-
as-a-Judge, especially not closed-source LLM

provide different levels of difficulty, such that
neither (1) all/most models would have ~0%
accuracy (then the benchmark says nothing
about the models) nor (2) all/most models
would have ~100% accuracy: ideally, the
benchmark could be divided into very easy,
easy, medium, and hard parts (similarly to
MMMU (Yue et al., 2024))

• report baseline performance, at least random
choice baseline

• be released openly, and all details must be
released: all decisions, evaluation protocol,
etc.

• be prevented from leakage to training data of
LLMs (Balloccu et al., 2024) and from over-
evaluating on the test set (which is problem-
atic as it may goe directly against the fully-
open benchmarks)

• contain wide range of questions: from sym-
bolic questions (“What is the lowest pitch in
the 4th measure?”) to musically interesting
questions (“Select the most suitable key for
the following musical score.”, “What chords
would be appropriate to harmonize the melody
shown in the provided image?”), and ideally
provide a systematic taxonomy integrating
high-level and highly specific musicological
ontologies

• be musically diverse (go beyond mainstream
practices)

• have a reasonable trade-off between very
small, carefully curated benchmark and very
large, synthetic, not-validated benchmark

We acknowledge that achieving all (or most of)
these properties in a single benchmark is very diffi-
cult or even impossible (as some of them are con-
tradictory: full openness vs. prevention of test data
leakage).

Our aim is to continuously try to find balance
between fully fulfilling each of the the best-practice
requirements and completely ignoring them.
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