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Abstract

The evaluation of music understanding in Large
Audio-Language Models (LALMs) requires a
rigorously defined benchmark that truly tests
whether models can perceive and interpret mu-
sic, a standard that current data methodologies
frequently fail to meet. This paper introduces a
meticulously structured approach to music eval-
uation, proposing a new dataset of 320 hand-
written questions curated and validated by ex-
perts with musical training, arguing that such
focused, manual curation is superior for prob-
ing complex audio comprehension. To demon-
strate the use of the dataset, we benchmark six
state-of-the-art LALMs and additionally test
their robustness to uni-modal shortcuts.

1 Introduction

The rapid progress of Large Language Models
(LLMs) has catalysed the development of Large
Audio-Language Models (LALMs), such as Audio
Flamingo (Ghosh et al., 2025b; Goel et al., 2025)
and Qwen-Audio (Chu et al., 2023). These multi-
modal systems integrate an audio encoder with a
large language model, allowing them to process
audio input and generate textual responses condi-
tioned on what they hear. This sets them apart
from earlier self-supervised audio representation
models (Schneider et al., 2019; Alonso-Jiménez
et al., 2025), which learn acoustic features with-
out language generation, and from uni-modal text-
only approaches. To achieve comprehensive audio
understanding, LALMs must go beyond speech
recognition and encompass all audio domains (Iyer,
2025), with music being one of the most challeng-
ing — requiring a model to listen to an audio clip,
process a text-based question, and produce an an-
swer grounded in auditory perception.

Music understanding presents persistent chal-
lenges for LALMs due to music’s dynamic, lay-
ered, and information-dense nature. This includes
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both perceptual and analytical capabilities, recog-
nizing musical features like instrumentation, key,
and structure, as well as cultural and contextual
knowledge about genre and mood. Evaluating mu-
sic understanding in LALMs is particularly difficult
because musical concepts are often complex and
open-ended, making conventional lexical metrics
like BLEU (Papineni et al., 2002) inadequate for
assessing the diverse language responses.

To establish a comprehensive and objective mea-
sure of auditory intelligence, the field has coa-
lesced around Question Answering (QA) frame-
works (e.g., Weck et al., 2024; Sakshi et al., 2025;
Wang et al., 2025; Yang et al., 2024), which struc-
ture evaluation through multiple-choice classifica-
tion, constrained reasoning, or open-ended ques-
tions that are better suited to assessing complex mu-
sic capabilities. Despite the growth of Music-QA
datasets, the field has historically prioritized scale
over quality. Early benchmarks like MusicQA (Liu
et al., 2024) and Musiclnstruct (Deng et al., 2024)
were constructed by using LLMs to automatically
augment existing captions from datasets like Mus-
icCaps (Agostinelli et al., 2023) or tags from Mag-
naTagATune (Law et al., 2009). This reliance on
automated sourcing often compromises evaluation
integrity: text-only LLMs lacking audio perception
can achieve high accuracy by exploiting language
priors and “world knowledge” embedded in the
question text alone. This “perception gap” suggests
that many current benchmarks primarily measure a
model’s reasoning ability rather than genuine audio
perception (Weck et al., 2024; Zang et al., 2025).

Automatically deriving questions from short,
surface-level captions or tags inherently limits ques-
tion depth and scope, preventing the formulation
of challenging, multi-hop inquiries necessary for
testing expert-level musical understanding.

Recent work has begun shifting toward expert-
annotated benchmarks that demand more than
surface-level recognition. A significant milestone
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in this direction is MM AU-Pro (Kumar et al., 2025),
a comprehensive benchmark that utilizes expert-
written and validated question-answer pairs to eval-
uate holistic auditory intelligence. Notably, music
forms a substantial portion of this dataset, with
1,618 questions dedicated to musical understand-
ing. While MMAU-Pro sets a high standard for
expert curation, it highlights a remaining trade-off
in benchmark construction regarding data prove-
nance. To avoid data leakage from existing train-
ing sets, MMAU-Pro sources its audio “from the
wild” and through various online repositories. This
approach, while robust against leakage, often re-
lies on disparate sources with potentially variable
audio quality and metadata reliability. Further-
more, other expert-curated efforts like MusicThe-
oryBench (MTB) (Yuan et al., 2024) offer high
expert-driven quality but remain limited to the sym-
bolic domain (ABC notation), failing to test direct
perceptual grounding in audio.

We argue that evaluating the full depth of music
understanding requires a specialized, perceptually
rigorous approach that combines expert curation
with high-fidelity source material. We introduce
a novel evaluation dataset containing 320 hand-
written questions, curated and validated by experts
with advanced musical training. Manual author-
ship enables broader topic coverage and more so-
phisticated multi-layered reasoning than automated
generation can achieve. Crucially, our design min-
imizes language shortcuts: questions require gen-
uine musical perception and analysis across struc-
tural, harmonic, perceptual, and cultural dimen-
sions. All audio materials are sourced from Cre-
ative Commons-licensed recordings, ensuring the
benchmark can be openly distributed.

2 Methodology

The goal of this study is to create a human-authored
benchmark for evaluating large audio-language
models on music understanding tasks. The bench-
mark consists of 320 expert-written questions
paired with freely licensed musical recordings, de-
signed to assess model performance across diverse
aspects of musical knowledge and reasoning.

All audio tracks were sourced from Jamendo!, a
platform hosting Creative Commons-licensed mu-
sic. We selected 108 tracks spanning multiple gen-
res, instrumentation types, and production styles to
ensure comprehensive coverage of musical charac-

"https://www.jamendo. com/
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teristics. Each question refers to a specific excerpt
from a track, ranging from 30 to 90 seconds in du-
ration, with the exact time window determined by
the question authors based on the musical content
being assessed. The use of openly licensed material
ensures the benchmark can be freely distributed and
reproduced without legal restrictions (Bogdanov
et al., 2019; Manco et al., 2023), addressing a sig-
nificant barrier to reproducibility in music Al re-
search (Batlle-Roca et al., 2025). The complete
dataset, including questions, and metadata statis-
tics is made publicly available under a Creative
Commons licenses on Zenodo.?

2.1 Question Design

Question design was informed by two established
music education standards: the Associated Board
of the Royal Schools of Music (ABRSM)? syllabi
and the General Certificate of Secondary Education
(GCSE) music curriculum®*. We additionally in-
formed our approach by existing music understand-
ing benchmarks, such as MuChoMusic (Weck et al.,
2024) and MMAU (Sakshi et al., 2025). Drawing
on these sources, we designed questions spanning a
broad spectrum of music understanding: from foun-
dational perceptual tasks and world-knowledge as-
pects (e.g., cultural context, lyrical content) acces-
sible to music beginners, to sophisticated analytical
reasoning requiring music theory knowledge.
Three music theory experts (mean professional
experience in music = 15 years; all holding ad-
vanced academic qualifications in music theory)
each authored approximately one-third of the ques-
tions. Authors were instructed to design questions
that: i) reflect authentic educational objectives from
ABRSM/GCSE curricula; ii) span diverse cogni-
tive demands including perceptual identification,
analytical reasoning, and interpretive assessment;
iii) require careful listening and musical knowledge
to answer correctly; and iv) admit exactly one clear,
unambiguous correct answer. All questions were
designed in multiple-choice format with four op-
tions (one correct, three distractors) to facilitate
automated evaluation. Questions range from those
accessible to casual listeners (e.g., “What emotion
is mainly conveyed in this song?” with options: joy,
sadness, anger, disgust) to those requiring music
theory knowledge (e.g., “What intervals create dis-
sonance in the background guitar?” with options:

2https://doi.org/1®.5281/zenodo.18462524
3https://www.abrsm.org/
*https://www.gov.uk/education
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4ths, fifths, octaves, unison). More examples are
provided in Appendix 6.

While LLMs could potentially generate ques-
tions of this kind, they lack the ability to ground
questions in genuine audio perception. Expert au-
thorship ensures that the proposed questions reflect
authentic musical reasoning, requiring engagement
with both the audio and the textual content.

Experts played a dual role in this process: not
only generating the questions, but also validating
each other’s work through iterative peer review.
Each expert was asked to blindly answer questions
authored by the others without prior knowledge of
the intended correct answer, ensuring that questions
could be consistently and unambiguously resolved.
During this blind review, annotators flagged dis-
agreements regarding the most likely answer op-
tion and provided written comments identifying
potential issues. Common failure modes included
questions deemed too subjective (e.g., relying on
personal interpretation rather than objective musi-
cal features), distractors that were not equally plau-
sible (e.g., one option being trivially eliminable),
and incorrect or imprecise labeling of answer op-
tions. Authors then revised their questions based on
this feedback, addressing flagged issues and clar-
ifying ambiguities. This iterative cycle continued
until no further comments or disagreements were
raised, at which point the question was considered
validated and included in the final benchmark.

2.2 Question Labelling

To enable systematic analysis of model perfor-
mance across different aspects of musical under-
standing, we classified questions according to two
dimensions: musical category and level of musical
knowledge required.

Each question was assigned one or more cate-
gories from an adapted version of the MuChoMu-
sic (Weck et al., 2024) taxonomy, comprising 13
musical dimensions: Melody, Harmony, Metre and
Rhythm, Instrumentation, Musical Texture, Sound
Texture, Performance, Structure, Mood and Ex-
pression, Lyrics, Genre and Style, Historical and
Cultural Context, and Functional Context. Each
question received one primary category reflecting
its main analytical focus and zero or more sec-
ondary categories if addressing multiple aspects.

We additionally classified questions according to
the level of musical knowledge required to answer
them correctly based on listening alone. Questions
were assigned to one of three levels: Low (answer-
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able by casual listeners with no formal training),
Medium (requiring some musical training or active
listening experience), or High (requiring formal
music education or specialized knowledge).

Both classifications were performed using GPT-
5 (gpt-5-2025-08-07) (OpenAl, 2025a) with
structured prompts providing category definitions
and detailed examples of each dimension. We
used LLM-assisted annotation to ensure consis-
tency across all 320 questions and 13 categories, re-
ducing subjective interpretation of category bound-
aries. Two domain experts independently validated
all automated assignments and disagreements were
resolved through discussion.

The final benchmark comprises questions dis-
tributed across all 13 musical categories, with the
most frequent being Instrumentation (19.7%), Har-
mony (11.3%), and Melody (10.6%), while Musi-
cal Texture, Structure, and Lyrics each represent
less than 3.5% of questions. Regarding difficulty,
44.4% of questions were classified as low, 38.4%
as medium, and 17.2% as high.

3 Experiments

To demonstrate the utility of our benchmark, we
test several state-of-the-art LALMs, selecting mod-
els that span different design paradigms: general-
purpose multi-modal LLMs (gemini-2.5-flash, gpt-
audio), audio-specialized LALMs (audio-flamingo-
3, gwen2.5-omni-7b, audsemthinker), and one
model explicitly designed for music understanding
(music-flamingo). Since all models have been de-
signed and fine-tuned on question-answering tasks,
the QA format should be familiar, enabling per-
formance to serve as a direct measure of music
understanding rather than task format comprehen-
sion. Furthermore, following prior work (Zang
et al., 2025), we assess whether questions can be
answered using text alone, without access to audio.

3.1 Evaluation strategy

Models are evaluated by prompting them with au-
dio snippets and corresponding multiple-choice
questions. Previous studies have shown that both
large audio-language models and text-only large
language models are highly sensitive to the order-
ing of multiple-choice options, with answer posi-
tion alone inducing substantial performance vari-
ance and unstable model rankings (Lin et al., 2025;
Zheng et al., 2024; Pezeshkpour and Hruschka,
2024). To address this issue, and following estab-



Accuracy with SD (%)

Consistency (%)

Model All Low Med. High All Low Med. High
qwen2.5-omni-7b (Xu et al., 2025) 643+29 739+31 58125 532+39 666 705 613 679
music-flamingo (Ghosh et al., 2025a) 585+1.6 609+21 581+18 532+4.1 39.1 417 387 302
audio-flamingo-3 (Goel et al., 2025) 58.1+32 627+33 547+38 541+15 550 554 565 509
gpt-audio (OpenAl, 2025b) 577+15 653+39 55119 436+1.8 456 453 435 472
gemini-2.5-flash (Google, 2025) 559+12 644+15 484+36 505+27 350 403 315 283
audsemthinker (Wijngaard et al., 2025) 54.8+22 613+15 49.0+£3.7 514+35 425 446 41.1 396
gemini-2.5-flash (text-only) 427+£09 444+05 376+x18 500+20 488 540 46.0 434

Table 1: Accuracy & consistency scores for systems across all benchmark questions, overall and by difficulty level.
Accuracy is averaged over four runs with randomized answer orderings (standard deviation shown). Consistency
measures the percentage of questions where the model produced identical answers across all four runs, indicating

robustness to answer position bias.

lished practices in recent audio and music under-
standing benchmarks (Weck et al., 2024; Lin et al.,
2025), we evaluate each model under multiple ran-
domized answer orderings. Specifically, for each
question, we perform four independent evaluation
runs, where the answer options are randomly shuf-
fled in each run. Final performance metrics are
computed by averaging results across these runs.

The output provided by the model is automat-
ically parsed by an LLM (gemini-2.5-flash)
prompted to match the response with the given
options. This ensures consistent analysis of model
outputs of different lengths, particularly when re-
sponses are long. From this matching, we calculate
a simple accuracy scores which are presented in
Table 1.

From the results, we observe that Qwen2.5-
Omni-7B (Xu et al., 2025) attains the best per-
formance overall, as well as within the low and
medium difficulty categories. Notably, this model
demonstrates remarkable consistency, producing
the same answers across multiple runs despite
variations in answer option ordering. In contrast,
most models exhibit strong sensitivity to answer
shuffling, with performance varying substantially
across runs — suggesting vulnerability to prompt
formulation rather than robust understanding.

Performance decreases consistently with increas-
ing difficulty levels, validating our difficulty la-
beling scheme. Figure 1 reveals distinct patterns
across question categories: questions requiring
general musical knowledge (e.g., genre and style,
mood and expression, functional context) achieve
higher scores, while music theory-grounded ques-
tions (e.g., harmony, melody, performance) yield
substantially lower performance. This suggests
that models are stronger at cultural and contextual
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reasoning than at formal analytical tasks requiring
music theory expertise.

3.2 Testing robustness to uni-modal shortcuts

—— audioflamingo3
audsem

—— gemini25

— gpt-audio

—— musicflamingo

—— qwen25-omni

Instrumentation

Mood and

Expression Harmony

Genre and

Style Melody

Metre and

Performance Rhythm

Sound Texture

Figure 1: Accuracy across different categories in the
benchmark. Categories accounting for <= 5% of ques-
tions in the dataset are excluded from the chart. Specifi-
cally, these are Historical and Cultural Context, Musical
Texture, Lyrics, Structure, and Functional Context.

Additional experiments are conducted to test ro-
bustness by replacing real audio inputs with fake
audio, following prior work (Zang et al., 2025;
Weck et al., 2024; Kumar et al., 2025). The gen-
erally accepted hypothesis is that, without correct
audio context, question-answering accuracy should
not exceed random chance (25%). Therefore, we
evaluate whether average model performance drops
under these fake-audio conditions (see Table 2).

We also evaluate gemini-2.5-flash in a text-only
setting, prompting it to respond using theoretical



Accuracy with SD (%)
Model Real Noise Silence
gwen2.5-omni-7b 643 +29 462+13 47.0+x20
musicflamingo 585+1.6 429+3.6 422+30
gemini-2.5-flash 559+12 378x15 398+1.6

Table 2: Accuracy scores with true audio compared to
fake audio (Gaussian noise or silence).

knowledge. We further test using prompt varia-
tions and prompt optimisation strategies such as
DSPy (Khattab et al., 2024) without significant dif-
ferences in results. Results show that, while model
performance is indeed degraded in comparison to
the true audio setting, it exceeds pure random se-
lection. This is noteworthy since in our question
writing we strive for equally likely options.

Analysis of responses reveals that the model ex-
ploits cues in the questions and employs its knowl-
edge of common practices and methods like sta-
tistical likelihood of an option and elimination of
outliers. For example, in the question, “The guitar
is a typical accompaniment from a specific coun-
try. Which country is it?”, the model might deduce
Brazil (Bossa Nova) by assuming “typical” means
“most globally recognized/distinctive,” using the-
oretical and historical knowledge, and statistical
prevalence of specific guitar styles. Other options,
Argentina, Venezuela and Cuba, while having “typ-
ical” guitar styles, are seen as less singularly iconic.
In another example, “During the chorus, we can
hear a very popular type of synthesizer sound. Can
you guess its name?”, the phrase “very popular
type of synthesizer sound” strongly cues “super-
saw’’ over the other options (square, triangle, sine)
because it’s a named, popular sound, while the oth-
ers are building blocks. The options themselves
create a categorical distinction. These findings re-
veal that human-written questions are vulnerable to
being answered due to factors such as weak ques-
tion phrasing and distractors. We leave a more
detailed analysis of what makes human-authored
questions solvable from text alone to future work.
In particular, follow-up studies could analyse why
items labelled as high difficulty are still answered
correctly by a text-only model in roughly 50% of
cases. This could inform how annotation proce-
dures might be refined to help annotators design
genuinely high-difficulty questions (typically in-
volving very specific conceptual content) such that
all answer choices are roughly equally plausible
based on the text alone.
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4 Conclusion

We presented a music question-answering bench-
mark with 320 expert-authored questions and eval-
uated six state-of-the-art LALMs. Results show
that while models achieve moderate performance
overall, they exhibit systematic weaknesses on mu-
sic theory questions requiring analytical reasoning,
with performance decreasing with difficulty. The
dataset is situated within the broader ecosystem of
existing benchmark datasets and is intended to be
used either in conjunction with or as a complement
to them. Furthermore, it enables reproducible eval-
uation under clear licensing constraints, since both
the audio materials and the expert-authored ques-
tion text are provided under Creative Commons
licenses.
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6 Appendix

Category Difficulty  Question Answer options (correct first)
Functional Con-  Low Where would you imagine this song being played? A: In a night club, B: At a children’s party, C: During a
text romantic dinner, D: After exercising
Medium ‘Which of these options is most related to this song? A: bedroom producer, B: racial protests, C: avant-garde mu-
sic, D: futurism
Genre and Style Low Which guitar comping style can we here in the tune? A: bossa nova, B: manouche guitar, C: flamenco guitar, D:
hard bop
Medium This song could have been written recently. However, its  A: Before bebop, B: After bebop, C: Before ragtime, D:
style sounds like it was written... After jazz fusion
High Right before the first verse, there are chords that are reminis-  A: Modal jazz, B: Be bop, C: Hard bop, D: Fusion jazz
cent of a particular jazz style. Do you know which one?
Harmony Low This verse of the tune is written... A: In a major key, B: In a minor key, C: Neither of the two,
D: It is not a tonal tune
Medium How would you define the harmonic rhythm of this tune? A: Steady, B: unstable, C: hemiolic, D: chaotic
High ‘What surprises you about the harmony in this song? A: It has many second dominants, B: It uses chords with
tensions, C: It uses polychords, D: Nothing is surprising
Historical and  Low In what decade could this song be created? A: 2010, B: 1990, C: 1980, D: 1970
Cultural Context
Medium Where could the roots of this song be? A: Andalucia, B: Mexico, C: Cuba, D: Barcelona
Instrumentation Low ‘What instrument plays the lead sound in the introduction? A: Synthesizer, B: Bass guitar, C: Piano, D: Ukulele
Medium The guitar is a typical accompaniment from a specific coun-  A: Brazil, B: Cuba, C: Argentina, D: Venezuela
try. Which country is it?
High ‘Which instrument plays the lead sound in the introduction? A: Muted trombone, B: Trumpet, C: Tuba, D: Saxophone
Lyrics Low What type of language is used in the lyrics of the song? A: Metaphoric and symbolic, B: Realistic, C: Narrative, D:
Essay
Melody Low Which of the following best fits the guitar pattern heard at  A: riff, B: glissando, C: Alberti, D: walking bass
the beginning of this excerpt?
Medium During the introduction, the bass and the lead play their ~ A: parallel motion, B: contrary motion, C: oblique, D: ran-
melodies in a... dom
High In the verse there is a dissonance that doesn’t belong the key ~ A: Ab,B: G,C: F,D: B
and mode of the tune. Do you know which one is it?
Metre and  Low ‘What type of beat do you hear in the drums? A: rock, B: funk, C: soul, D: jazz
Rhythm
Medium During the introduction, the kick is played twice in each bar.  A: one and between the second and the third beat, B: two
On which beats? and four, C: one and three, D: two and three
High ‘When the drums start playing, we can hear something known  A: metric modulation, B: time signature change, C: swing,
as... D: double-time
Mood and Ex- Low What is the singer pursuing with her tone? A: Sensuality, B: Power, C: Loudness, D: Detachment
pression
Medium What does not contribute to creating this mood? A: Tremolo, B: Reverb, C: The sound of the guitar, D: A
clear and consonant harmony
Musical Texture Low What is the intention behind adding new voices in the last ~ A: Increase energy, B: Decrease the energy, C: Maintain the
section? same energy level, D: Introduce new energy
Medium ‘What compositional technique do the piano and the drums  A: call and response (also known as question and answer),
use in the introduction? B: homophonically, C: There is only a piano in this excerpt.,
D: counterpoint
Performance Low What type of articulation best defines the melody of this  A: legato, B: marcato, C: sforzando, D: staccato
song?
Medium How does the drummer create anticipation for the final verse? ~ A: Toms and snare fill, B: Cymbal fill, C: Hi Hat fill, D: Kick
drum fill
High ‘What extended technique is used by the flutist during the ~ A: Flutter tonguing, B: Shake, C: Spitting, D: Jet whistle
solo?
Sound Texture Low What effect is applied to the vocals in this track? A: pitch correction, B: Bitcrush, C: Ring modulation, D:
gated reverb
Medium During the chorus, we can hear a very popular type of syn-  A: supersaw, B: square wave, C: triangle wave, D: sine wave
thesizer sound. Can you guess its name?
High What would you add to the drums to make them more  A: A compressor, B: An equalizer, C: I would duplicate the
present? track, D: I would play it in mono
Structure Medium What is the longest section of the tune? A: Solos, B: Verse, C: Chorus, D: Introduction
High Which section of the song follows this harmonic progression:  A: chorus, B: verse, C: bridge, D: outro

vi, IV, I, V?

Table 3: Representative questions by category and difficulty
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Model Backbone & Training data Reasoning Mechanism & Context Length Max Audio Capabilities Openness
Architecture Variants
audio-flamingo- Qwen-2.5-7B AudioSKkills-XL,  Optional short 8,192 tokens Upto 10 automatic speech Fully
3 with AF-Whisper LongAudio-XL,  chain-of-thought minutes recognition, audio question  open
unified audio AF-Think, (on-demand, not default) answering, audio reasoning, (research)
encoder AF-Chat (~9.5M « AF3 (Base) - Single-turn sound event recognition,
samples). Inference music understanding,
¢ AF3 + Think - Inference long-audio understanding,
with short CoT prefixes multi-turn audio dialogue,
* AF3-Chat - multi-turn, voice-to-voice interaction
multi-audio,
voice-to-voice interaction
¢ AF3 (Long-Audio
reasoning) - long-audio
reasoning
audsemthinker ~ Qwen2.5-Omni-  AUDSEM dataset Explicit structured semantic 32,768 tokens ~ Variable- semantic audio reasoning, ~ Open
7B fine-tuned (~900k instances) reasoning over sound (inherited from length audio sound event understanding,
from YouTube. ¢ Think - <think> Qwen2.5- segments audio question answering,
<answer> Omni) (>3 audio captioning,
¢ Think + Semantic - seconds, audio-based multiple-choice
<think> context- reasoning, creative
<semantic_elements> limited) audio-conditioned text
<answer> generation
gemini-2.5- Sparse Mixture-of- Proprietary Data ~ Dynamic internal reasoning ~ 1,000,000 Upto ~3 automatic speech Closed /
flash Experts (MoE) with user-controllable tokens hours of recognition, speech Propri-
multimodal thinking budget audio/video translation, audio question  etary
transformer answering, audio
summarization, audio-visual
reasoning, long-context
audio understanding, native
audio dialogue,
text-to-speech
gpt-audio-2025- Not available Not available Not available 128,000 tokens ~ Not general audio model; Closed
08-28 available accepts audio input and
output;
music-flamingo- Enhanced AF3 MEF-Skills (4M+)  Explicit music-theory ~24,000 tokens Upto ~20 music captioning, music Fully
hf backbone with and MF-Think chain-of-thought (optional, minutes question answering, music  open
time-aware (300k) music structured) theory reasoning, harmonic  (research)
embeddings datasets. analysis, structural music
(RoTE) analysis, lyric grounding,
cultural music analysis,
long-form song
understanding
qwen2.5-omni- Qwen-2.5-7B Large-scale Implicit internal reasoning 32,768 tokens Long automatic speech Open
7b Thinker-Talker multimodal streaming recognition, speech-to-text ~ weights
end-to-end pretraining audio translation, audio question
multimodal (~1.2T tokens) (context- answering, audio reasoning,
architecture from open limited, no  sound classification, music
sources. fixed classification, audio-visual
minute cap) reasoning, streaming speech
interaction
Table 4: Comparison of models used in the study
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Summary of model-wise prompts and settings

This section details the salient configuration parameters and representative prompt templates employed
for each model evaluated in this study.

1. audio-flamingo-3

model variant = 'Single-Turn Inference'
prompt = f"{question}\n{answer_str}"

2. audsemthinker

model variant = 'Think + Semantics'
prompt = f"{question}\n{answer_str}"

3. gemini-2.5-flash
prompt = f"""xxTask:*x You are an expert musicologist with perfect pitch and extensive knowledge
of music theory, instrumentation, and performance techniques. Your goal is to analyze the provided
audio excerpt and answer the multiple-choice question with high precision. If audio is missing,
use theoretical knowledge to deduce the answer.
{question}
{answer_str}
*xFinal Answer:*x Return ONLY the single letter: A, B, C, or D"""

4. gpt-audio
prompt = f"{question}\n{answer_str}"

5. music-flamingo

prompt = f"{question}\n{answer_str}"

6. qwen2.5-omni-7b
Using a direct question-answer prompt did not yield optimal results. The model returns responses such as:
"I'm not sure which direction the low - pass filter is shifting. It could be up or down, or even up - down.
You might need to check the audio more closely or have some technical knowledge about filters to figure it
out. Why are you interested in this low - pass filter?”
We use a system prompt based on the audio understanding cookbook provided by the authors.
https://github.com/QwenLM/Qwen2.5-0mni/blob/main/cookbooks/universal_audio_understanding.ipynb
We further guide the model towards selecting one of the provided options using the following prompt template:

prompt = f"""You are a music audio understanding model.

Listen carefully to the provided audio clip. Answer the following multiple-choice
question based on what you hear.

Question:
{question}

Options:
{answer_str}

Respond with ONLY the letter of the correct option (A, B, C, or D).
Do not include any explanation or additional text."""
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