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Abstract

Recent work on music question answering
(Music-QA) has primarily focused on single-
track understanding, where models answer
questions about an individual audio clip using
its tags, captions, or metadata. However, listen-
ers often describe music in comparative terms,
and existing benchmarks do not systemati-
cally evaluate reasoning across multiple tracks.
Building on the Jamendo-QA dataset, we in-
troduce Jamendo-MT-QA, a dataset and bench-
mark for multi-track comparative question an-
swering. From Creative Commons-licensed
tracks on Jamendo, we construct 36,519 com-
parative QA items over 12,173 track pairs, with
each pair yielding three question types: yes/no,
short-answer, and sentence-level questions. We
describe an LL.M-assisted pipeline for gener-
ating and filtering comparative questions, and
benchmark representative audio—language mod-
els using both automatic metrics and LLM-as-
a-Judge evaluation.

1 Introduction

Music is often experienced relationally: listeners
compare tracks by mood, energy, instrumentation,
or stylistic similarity (e.g., “this song feels darker
than the previous one”). Despite this, most existing
music benchmarks (Liu et al., 2025; Yuan et al.,
2023) focus on single-item tagging (Law et al.,
2009), captioning (Doh et al., 2023b; Kim et al.,
2019; Agostinelli et al., 2023), or classification
(Tzanetakis and Cook, 2002; Defferrard et al., 2017,
2018), and do not directly test a model’s ability to
reason across multiple tracks. Recent analyses
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further suggest that performance on some Music-
QA benchmarks may be driven by text-based cues
rather than genuine audio perception, highlighting
the need for evaluation settings that explicitly probe
reasoning over audio inputs (Zang et al., 2025).

In parallel, large language models (LLMs) and
audio-language models (Rubenstein et al., 2023;
Wu et al., 2019) have achieved strong results on
textual QA and multimodal understanding. Yet it
remains unclear how well these systems support
comparative music reasoning, where a model must
integrate information from two or more tracks and
express the relation in natural language.

Jamendo-QA (Koh et al., 2025b) recently intro-
duced a large-scale dataset of QA pairs and cap-
tions aligned with Jamendo music audio, targeting
general music understanding. Building on this re-
source, we propose Jamendo-MT-QA, a dataset for
Multi-Track comparative Question Answering.
Each data point correspondg to a track pair, for
which we generate three comparative questions
(yes/no, short-answer, and sentence-level), collec-
tively forming a QA group.

Beyond dataset construction, we empirically in-
vestigate the difficulty of multi-track comparative
question answering by benchmarking several re-
cent audio—language models. Our evaluation re-
veals that, despite strong performance on single-
track audio understanding, existing models strug-
gle to generate well-grounded sentence-level com-
parisons across multiple tracks. These findings
motivate the need for a dedicated benchmark that
explicitly targets comparative music reasoning.

Contributions. Our main contributions are:
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* We construct Jamendo-MT-QA on top of
Jamendo-QA, comprising 36,519 comparative
QA items over 12,173 track pairs, covering
genre, mood, instrumentation, and production-
related attributes.

* We design an LLM-assisted pipeline for gen-
erating and filtering three comparative ques-
tions per track pair (yes/no, short-answer,
sentence-level).

* We provide a baseline benchmark of repre-
sentative multi-audio and caption-based audio-
language models under a unified evaluation
protocol, using both automatic metrics and
LLM-as-a-Judge evaluation.

2 Related Work

Music-QA and Captioning. Prior datasets such
as MUSIC-AVQA (Li et al., 2022), MusicQA
(Ouyang et al., 2025), and MusicXQA (Chen et al.,
2025) focus on answering questions about music
or music-related video, often using symbolic repre-
sentations or constrained QA formats. Other large-
scale resources, including MTG-Jamendo (Bog-
danov et al., 2019), JamendoMaxCaps (Roy et al.,
2025), and LP-MusicCaps (Doh et al., 2023a), pro-
vide tags or captions but not explicit QA pairs.
Jamendo-QA (Koh et al., 2025b) dataset addresses
Music-QA at scale for single tracks; our work ex-
tends this direction to multi-track comparative rea-
soning.

Multimodal Audio-Language Models and
Benchmarks. Audio-language models based
on contrastive learning, such as CLAP (Elizalde
et al., 2022) and MuLan (Huang et al., 2022),
align music or audio with natural language in a
shared representation space and have shown strong
performance on retrieval and captioning (Koh et al.,
2025a). Beyond representation learning, encoder—
decoder architectures and audio-conditioned
LLMs (Chu et al., 2024; Ghosh et al., 2024; Tang
et al., 2024) enable more flexible audio—text
generation and understanding. Recent models such
as MU-LLaMA (Liu et al., 2023, 2024), Music
Flamingo (Ghosh et al., 2025), and ChatMusician
(Yuan et al., 2024) further extend this line of work
by supporting instruction-following and interactive
reasoning grounded in music audio.

In parallel, several benchmarks have been pro-
posed to evaluate audio-language models across

diverse tasks and domains. The MAE bench-
mark (Chen et al., 2024) evaluates multi-audio
processing capabilities across speech and general
sound domains. AIR-Bench (Yang et al., 2024)
introduces an instruction-following benchmark for
audio-language models spanning speech, environ-
mental sounds, and music. AudioBench (Wang
et al., 2025) further provides a broad, task-diverse
evaluation suite for AudioLLMs, covering caption-
ing, question answering, retrieval, and reasoning
over general audio. These benchmarks primarily
assess general audio understanding or the ability to
process multiple audio inputs, typically in single-
track or non-comparative settings.

In contrast, Jamendo-MT-QA specifically targets
comparative reasoning between music tracks, re-
quiring models to integrate perceptual attributes
across tracks and generate structured comparative
answers.

Comparative and Relational Question Answer-
ing. Comparative question answering has been
extensively studied in the NLP domain, particularly
in multi-hop and relational QA settings (Schnitzler
et al., 2024; Li et al., 2024; Lee et al., 2026). Rep-
resentative benchmarks such as HotpotQA (Yang
etal., 2018) and WikiMultiHopQA (Ho et al., 2020)
require models to aggregate evidence across mul-
tiple documents, while DROP (Dua et al., 2019)
emphasizes discrete and logical reasoning over tex-
tual contexts.

Recent work on audio-language benchmarks has
highlighted that high accuracy on existing QA tasks
can mask deficiencies in genuine multimodal per-
ception and reasoning. For example, in Music-QA,
text-only models can achieve strong results even
without access to audio inputs, suggesting dataset
biases and shortcut cues rather than true perceptual
inference (Zang et al., 2025). Such diagnostic per-
spectives motivate benchmarks that more explicitly
probe relational and reasoning capabilities beyond
surface-level pattern matching.

However, existing analyses in the music and au-
dio domain have primarily focused on single-track
understanding or perceptual grounding in isolation
(Zeng et al., 2021; Wu et al., 2025). They have not
systematically examined comparative or relational
reasoning across multiple audio inputs, where mod-
els must integrate perceptual attributes, temporal
structure, and cross-track relationships. Our work
draws inspiration from both multi-hop QA and re-
cent diagnostic benchmark analyses by formulating
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male baritone and vintage-leaning, analog production in C major,
whereas electronic_CrawlIBack is a faster, darker Industrial Techno
track in E minor featuring a processed female vocal and tight,
aggressive, high-fidelity electronic production.
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The Stage 3 data were filtered through
both LLM Evaluation and Human Evaluation.

Figure 1: Overview of the Jamendo-MT-QA construction pipeline. Starting from the Jamendo-QA dataset, we first
generate rich single-track captions using Music Flamingo, expand them into single-track QA pairs using GPT-5.1,
and construct comparative QA groups consisting of three question types (yes/no, short-answer, sentence-level) for
each track pair via an LLM-assisted generation pipeline. Finally, we apply human evaluation and LLM-as-a-Judge
assessment for quality control and filtering, resulting in the final Jamendo-MT-QA dataset.

comparative Music-QA as a multi-track reasoning
problem, and by providing a dataset and bench-
mark that explicitly require integrating information
across multiple music tracks.

3 Jamendo-MT QA Dataset

Base Dataset: Jamendo-QA. Jamendo-QA
(Koh et al., 2025b) is built from Creative Commons-
licensed tracks on the Jamendo platform and pro-
vides question—answer pairs and captions aligned
with music audio. Each sample links an audio file,
rich metadata (genre, tempo, gender, etc.), and au-
tomatically generated QA pairs. The dataset spans
a wide range of genres and musical attributes. In
this work, we treat Jamendo-QA as the foundation
for our multi-track comparative QA dataset.

3.1 Stage 1: High-quality music captioning

For each track, structured natural language descrip-
tion using Music Flamingo (Ghosh et al., 2025).
Given a raw audio, Music Flamingo produces de-
tailed captions covering genre, tempo, key, instru-
mentation, production style, vocal characteristics,
and lyrical themes. These captions form a dense
semantic representation of each track that serves
as the basis for downstream QA generation. To

ensure audio—text consistency, we further conduct
a human evaluation in which annotators with ac-
cess to the underlying audio assess the alignment
between the generated captions and the musical
content. The detailed evaluation method and re-
sults are provided in Appendix A.1

3.2 Stage 2: Single-track QA expansion

We then expand each caption into multiple high-
quality single-track QA pairs using GPT-5.1. The
model generates diverse factual and descriptive
questions about the track (e.g., genre, tempo, key,
instrumentation, mood), producing an enriched
single-track QA resource.

3.3 Stage 3: Multi-track Comparative QA
Generation

To construct comparative QA pairs, we combine
two track descriptions (caption, metadata, and
single-track QA) into a structured JSON input and
prompt the model to act as a music comparison
expert. In this stage, we use GPT-5 mini as the pri-
mary generator for dataset construction. For each
track pair, the model produces exactly three com-
parative questions corresponding to yes/no, short-
answer, and sentence-level formats. All questions
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GPT-5 mini

yes no

Question:
Is pop_WhentheSnowfalls slower in tempo than pop_LonesomeRoad?

Reasoning :
Step 1: Identify tempos for both tracks: pop_WhentheSnowfalls ~ 81 BPM,
pop_LonesomeRoad = 125 BPM.

Step 2: Compare numerical BPM values: 81 is less than 125.

Step 3: Conclude whether the first track is slower than the second based on the
BPM comparison.

Answer :

Yes

short answer

Question:

Reasoning :
Step 1: Examine instrumentation of pop_WhentheSnowfalls: primarily expansive
synth pads, synth bass, and a clean electronic drum kit.

Step 2: Examine instrumentation of pop_LonesomeRoad: warm, finger-picked
acoustic guitar carries the core chordal rhythm, with layered synth pads as
accompaniment.

Step 3: Determine which audio_name matches the description of a finger-picked
acoustic guitar as the core chordal element.

Answer :
pop_LonesomeRoad

Which track features a warm, finger-picked acoustic guitar carrying the core chordal
rhythm, as opposed to being built primarily around synth pads and electronic drums?

pop_LonesomeRoad pop_whentheSnowfalls

sentence

Question:
In one sentence, how do the two tracks differ in key, tempo, primary
instrumentation, and vocal timbre?

Reasoning :
Step 1: Note key and tempo for pop_WhentheSnowfalls (C major, ~81
BPM) and pop_LonesomeRoad (E» major, 125 BPM).

Step 2 : Compare primary instrumentation: Snowfalls centers on
reverberant synth pads, deep synth bass and electronic drums;
LonesomeRoad centers on finger-picked acoustic guitar, melodic
electric bass, brushed drums and supporting synth pads.

Step 3 : Compare vocal timbres: Snowfalls features a smooth, slightly
breathy male baritone with heavy reverb/delay, while LonesomeRoad
features a clear, slightly breathy male tenor with lighter reverb and
compression.

Step 4 : Synthesize these points into a single comparative sentence.

Answer :

Pop_WhentheSnowfalls is rooted in C major at 81 BPM and
emphasizes lush synth pads, deep synth bass, electronic drums and a
smooth, slightly breathy male baritone drenched in reverb/delay,
whereas pop_LonesomeRoad sits in E» major at 125 BPM and
foregrounds a warm finger-picked acoustic guitar, melodic electric
bass and brushed drums with layered synth ambience and a clear,
slightly breathy tenor delivered with lighter spatial effects.

Figure 2: Qualitative example of a Stage 3 comparative QA group generated by GPT-5 mini for the same track
pair. The generator produces three comparative question types (yes/no, short-answer, sentence-level) and provides
explicitly step-by-step reasoning, which improves interpretability and makes the reasoning field more suitable as a

supervision signal for downstream training.

are required to explicitly reference both tracks. The
full output schema is provided in Appendix B.

We experimented with several alternative LLMs
for Stage 3 generation, including Qwen3-32B
(Yang et al., 2025), InternLM3-8B (Cai et al.,
2024), Gemma 3 12B (Gemma Team et al., 2025),
and Claude 4.5 Haiku (Anthropic, 2025). Based
on qualitative comparison, we select GPT-5 mini
as the generator used for all dataset construction.
GPT-5 mini consistently produces step-by-step rea-
soning, which improves transparency and supports
the use of the reasoning field as a high-quality su-
pervisory signal. Figure 2 illustrates a qualitative
example of the generated comparative QA group
for a single track pair. A broader qualitative com-
parison against other candidate generators is de-
ferred to Appendix G.

3.4 Stage 4: Evaluation and Quality-Based
Filtering

After generating the full set of 39,291 compara-
tive QA items in Stage 3, we evaluate and refine
the dataset through a final quality-control stage.
This stage consists of: (1) a two-phase evaluation
(human evaluation and LL.M-as-a-Judge), and (2)
quality-based filtering to produce the final released
dataset.

Human Evaluation. To obtain a human refer-
ence for evaluation reliability, we randomly sam-
ple 300 QA items from the GPT-5-mini generated
dataset. Four annotators independently rate each
item using four criteria: Correctness, Comparative
Validity, Reasoning Quality, and Difficulty.

Table 1 reports per-annotator scores together
with aggregate statistics, including the human mean
and mean absolute deviation (MAD), for four eval-
uation criteria. While individual item-level agree-
ment is difficult to quantify due to score compres-
sion on the 1-5 Likert scale, we observe consistent
mean-level trends across annotators for the three se-
mantic criteria (Correctness, Comparative Validity,
and Reasoning Quality).

Table 1 also includes scores from the GPT-5
Mini LLM judge on the same subset. Across all
semantic criteria, LLM-based scores closely match
human mean ratings, indicating that the LLM judge
can serve as a scalable proxy for semantic quality
assessment.

LLM-as-a-Judge Evaluation. Based on the ob-
served alignment between human and LLM judg-
ments on the 300-item subset, we employ GPT-
5-mini as an LLM-as-a-Judge to evaluate the full
dataset at scale. Rather than treating the LLM
as a replacement for human evaluation, we use it
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Metric Rl R2 R3 R4 || HumanMean GPT-5Mini Mean MAD
Correctness 493 4.66 4.64 5.00 4.79 4.87 0.32
Comparative Validity 4.93 4.75 4.83 4.99 4.83 4.61 0.44
Reasoning Quality 487 471 4.67 5.00 4.78 4.37 0.56
Difficulty 1.89 258 3.12 2.66 2.25 2.17 0.57

Table 1: Human evaluation results on 300 sampled QA items using four annotators (R1-R4), together with LLM-
as-a-Judge scores on the same subset. We report human mean scores and mean absolute deviation (MAD) to
characterize aggregate-level agreement between human and LLM judgments.

as a consistent semantic scorer whose behavior
is anchored by human reference statistics. This
approach enables scalable quality control while
preserving comparability with human judgments at
the level of aggregated trends. As shown in Table 1,
the LLM judge reproduces the relative ordering and
mean scores of the semantic criteria, even though
individual item-level agreement may vary.

Quality-Based Filtering. For the final release,
we retain only QA groups for which all three QA
items receive perfect scores (5/5/5) across the three
semantic criteria (Correctness, Comparative Va-
lidity, and Reasoning Quality) under LLM-based
evaluation. This conservative filtering strategy pri-
oritizes semantic reliability over coverage and is
intended to support high-precision benchmarking
and supervised training.

Importantly, this step does not aim to simplify
the task itself. As shown in Section 3.5, the fil-
tered dataset preserves the original diversity of gen-
res, topics, and cross-genre pairings. The resulting
dataset contains 12,173 track pairs (92.9% of the
original 13,097 pairs), forming the final released
benchmark.

3.5 Dataset Statistics

Our final dataset contains 12,173 track pairs, each
associated with three comparative questions, result-
ing in a total of 36,519 QA items. The dataset
exhibits a strong dominance of cross-genre compar-
isons, encouraging fine-grained comparative rea-
soning beyond genre identity.

Human difficulty ratings collected during
Stage 4 indicate that sentence-level questions are
substantially more challenging than yes/no and
short-answer formats, reflecting their requirement
for multi-attribute comparison and coherent natural-
language justification.

A detailed statistical analysis, including genre
distributions, genre-pair frequencies, question-

topic coverage, and question-type difficulty, is pro-
vided in Appendix E and Figure 5.

4 Baseline Benchmark

To assess the difficulty of Jamendo-MT-QA and
provide reference points for future work, we bench-
mark several representative audio—language models
on a sampled subset of the dataset. Our goal is not
to exhaustively optimize model performance, but
to characterize how existing models perform on
multi-track comparative question answering under
a unified evaluation protocol.

4.1 Baselines

Figure 3 summarizes our two baseline setups.
Some models can directly process multiple audio
inputs (Multi), while others operate on single-audio
inputs and are evaluated via an intermediate caption
representation (Cap). This design helps disentangle
limitations of multi-audio perception from those of
comparative reasoning over high-level semantics.

We evaluate the following baseline models: (1)
GPT-40 Audio and GPT-40-mini Audio(OpenAl
et al., 2024), which accept multiple audio inputs
and perform end-to-end audio—text reasoning; (2)
Qwen2-Audio (Chu et al., 2024) and Qwen3-
Omni (Xu et al., 2025), open-source multimodal
models with multi audio input support; and (3)
Music Flamingo, a strong audio-language model,
evaluated in a caption-based comparative setting
by comparing generated captions. Due to cost con-
straints, GPT-40 Audio and GPT-40-mini Audio
are evaluated on a randomly sampled subset of
2,010 track pairs, while other baselines follow the
same evaluation protocol when applicable.

Caption-based Single-Audio Baselines. Not all
audio—language models natively support multiple
audio inputs. To enable a broader and more di-
agnostic comparison, we include caption-based
single-audio baselines, where each track is first
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SINGLE AUDIO
Music Flamingo, Mu-LLaMA

MULTI AUDIO

GPT-40 mini, Qwen2-Audio, Qwen3-Omni
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Figure 3: Baseline evaluation setups for Jamendo-MT-QA. Left: caption-based single-audio baselines (e.g., Music
Flamingo, MU-LLaMA), where each track is independently captioned and an LLM performs comparative reasoning
over the two captions plus the question. Right: multi-audio baselines (e.g., GPT-40(-mini) Audio, Qwen2-Audio,
Qwen3-Omni), which take two audio inputs and the question to produce an answer end-to-end.

independently converted into a natural language de-
scription and comparative reasoning is performed
purely in the text domain by an LLM.

This setup allows us to disentangle the contri-
bution of direct multi-audio perception from that
of semantic abstraction and comparative reason-
ing. By evaluating caption-based and multi-audio
models under a unified protocol, we assess whether
performance gains primarily stem from access to
multiple audio inputs or from higher-level reason-
ing over structured representations.

4.2 Evaluation Metrics

We evaluate three types of questions separately. For
yes/no questions, we report accuracy. For short-
answer questions, accuracy is computed by ex-
act match between the predicted track identifier
and the ground-truth answer. For sentence-level
questions, we report BLEU (Papineni et al., 2002)
and ROUGE-1,2,L (Lin, 2004) as surface-form
similarity metrics based on n-gram overlap, and
BERTScore (Zhang* et al., 2020) as a semantic
similarity metric.

Since such metrics are known to be imperfect for
open-ended comparative generation, we addition-
ally employ an LLM-as-a-Judge protocol (Zheng
et al., 2023) that assigns a 1-5 score to sentence-
level answers based on correctness and compara-
tive soundness. Full details of the LLM-as-a-Judge
prompt and scoring rubric used for baseline evalua-
tion are provided in Appendix D.

4.3 Results

We evaluate baseline models on Jamendo-MT-QA
under two evaluation settings, summarized in Ta-
bles 2 and 3. To additionally assess models that
support end-to-end multi-audio reasoning, we re-
port results on a smaller subset of 2,010 track pairs
that can be processed by all models, including GPT-
based models.

Across models and evaluation settings, BLEU
and ROUGE scores remain low, reflecting the diffi-
culty of generating precise surface-form matches
for open-ended comparative explanations. In con-
trast, BERTScore and LLM-as-a-Judge scores are
substantially higher, indicating that models often
produce semantically correct and comparative an-
swers despite limited lexical overlap. This gap
highlights the limitations of n-gram overlap met-
rics for evaluating sentence-level questions.

A notable result is that the caption-based Mu-
sic Flamingo baseline achieves consistently strong
performance across both evaluation settings. As
shown in Tables 2 and 3, Music Flamingo attains
the highest sentence-level BLEU, ROUGE, and
LLM-as-a-Judge scores among caption-based mod-
els, and remains competitive with multi-audio sys-
tems on the subset of 2,010 track pairs. Despite
operating on single-audio inputs, Music Flamingo
benefits from high-quality captions that capture
rich musical attributes, which support comparative
reasoning when combined with an LLM.
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Model Type Yes/No Short Sentence-level
Acc. Acc. BLEU R-1 R-2 R-L BERT-F1 GPT Claude
Music Flamingo  Cap 77.4%  89.7% 4.00 275 4.6 24.7 0.8786 3.24 3.87
Qwen2-Audio Cap 374%  39.1% 1.88 193 18 174 0.8489 1.49 1.53
MU-LLaMA Cap 20.6%  55.3% 2.39 238 32 165 0.8572 2.36 2.01
Qwen2-Audio Multi  509%  80.2% 2.09 21.0 34 146 0.8472 1.37 1.62
Qwen3-Omni Multi  629% 80.3% 3.58 293 6.6 204 0.8632 3.11 3.48
Table 2: Results on the full benchmark of 12,173 track pairs.
Model Type Yes/No Short Sentence-level
Acc. Acc. BLEU R-1 R-2 R-L BERT-F1 GPT Claude
Music Flamingo Cap 821% 88.1% 2.06 253 59 19.6 0.875 3.25 3.97
Qwen2-Audio Cap 26.9%  55.5% 0.58 153 1.6 12.1 0.845 1.37 1.60
MU-LLaMA Cap 23.6%  50.5% 0.68 16.1 1.9 133 0.853 1.92 2.13
Qwen2-Audio Multi  344%  77.7% 0.57 143 14 113 0.845 1.63 1.75
Qwen3-Omni Multi  59.7%  75.5% 1.22 199 39 160 0.860 2.57 3.25
GPT-40-mini-Audio Multi  77.3%  73.2% 0.87 178 27 147 0.859 2.92 3.14
GPT-40-Audio Multi  69.6% 84.4% 1.04 200 36 16.7 0.870 317 3.57
Table 3: Results on the subset of 2,010 track pairs.

Multi-audio models show mixed performance on Model | Comp.Col. Attr.Hal. Gran.Mis.
yes/no and short-answer questions. In particular, Music Flamingo 35.3% 64.0% 0.7%
GPT-40 Audio and GPT-40-mini Audio achieve MU-LLaMA 37.3% 60.7% 2.0%

. GPT-40-Audio 56.7% 35.3% 8.0%
strong accuracy on the subset of 2,010 track pairs, Qwen3-Omni 23.4% 75.9% 07%

while open-source multi-audio models exhibit more
variable results. However, gains on sentence-level
questions remain modest across all multi-audio
models, suggesting that direct access to multiple
audio inputs alone does not guarantee strong com-
parative explanation quality.

Across all models, performance is consistently
higher on yes/no and short-answer questions than
on sentence-level questions. This indicates that
identifying the correct comparative direction is of-
ten easier than generating well-grounded natural
language explanations that articulate perceptual dif-
ferences across tracks. Sentence-level comparative
reasoning therefore remains the primary bottleneck
for current audio—language models.

Overall, these results show that performance on
Jamendo-MT-QA is not determined solely by multi-
audio perception. Instead, the quality of intermedi-
ate semantic representations and a model’s ability
to reason over them play a critical role, particularly
for sentence-level comparative explanations. This
finding is consistent with prior work in multimodal
learning, which shows that strong abstraction and
language alignment can partially compensate for
limited perceptual access in complex reasoning
tasks (Elizalde et al., 2022; Huang et al., 2022;
Ghosh et al., 2025; Liu et al., 2023).

Table 4: Error type distribution across models on
sentence-level questions (LLM judge score < 3). Clas-
sified by GPT-40-mini.

Key Observations. We draw three main conclu-
sions from the baseline benchmark.

First, models consistently perform better on
yes/no and short-answer questions than on
sentence-level questions, indicating that identify-
ing comparative direction is easier than generating
explicit comparative explanations.

Second, caption-based single-audio models are
not uniformly inferior to multi-audio models, high-
lighting the importance of representation quality
and reasoning capability in comparative Music-

QA.

Third, the large discrepancy between surface-
form automatic metrics (BLEU/ROUGE) and
LLM-as-a-Judge scores underscores the inade-
quacy of n-gram overlap metrics for evaluating
comparative music explanations, motivating the
use of semantically grounded evaluation protocols.
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Figure 4: Heatmap visualization of error type distri-
butions across models. Values indicate the percent-
age of each error category among incorrectly answered
sentence-level questions (LLM judge score < 3).

4.4 Error Analysis

To better understand the failure modes of current
audio—language models, we conduct an error anal-
ysis on incorrectly answered sentence-level ques-
tions, combining qualitative categorization with a
quantitative breakdown of dominant error types.
Table 4 and Figure 4 summarize the distribution
of dominant error types across models, computed
over incorrectly answered sentence-level questions.

Error Categories. We define the following er-
ror types: (A) Comparative Collapse, where the
model avoids explicit comparison and produces a
generic summary of both tracks; (B) Attribute Hal-
lucination, where the model introduces musical
attributes not supported by the audio or captions;
(O) Granularity Mismatch, where the compari-
son is too coarse or too fine-grained relative to the
question intent.

Model-Specific Failure Patterns. We observe
clear qualitative differences across models (Table 4;
Figure 4). Music Flamingo primarily fails through
attribute hallucination, suggesting that while the
comparative structure is often preserved, factual
grounding of fine-grained musical attributes re-
mains challenging in caption-based settings. MU-
LLaMA shows a similar pattern, but with a slightly
higher rate of comparative collapse, indicating
weaker comparative commitment even when high-
level content is partially captured. In contrast,
GPT-40-Audio exhibits the highest rate of com-
parative collapse, frequently producing fluent but
non-committal summaries that avoid explicit rela-
tional judgments. Finally, Qwen3-Omni is domi-
nated by attribute hallucination, often introducing
unsupported instrument or production details de-

spite making explicit comparisons. Representative
examples for each model illustrating these failure
modes are provided in Appendix F.

Overall, these results highlight that Jamendo-
MT-QA does not merely measure accuracy, but
also exposes qualitatively distinct failure modes in
multi-track music reasoning, underscoring its value
as a diagnostic benchmark.

5 Conclusion

We introduced Jamendo-MT-QA, a multi-track
comparative question answering dataset built on
top of Jamendo-QA, targeting Music-QA systems
that must reason about relationships between tracks
rather than isolated audio clips. Our LLM-assisted
pipeline generates three comparative questions
per track pair, covering yes/no, short-answer, and
sentence-level reasoning.

A key aspect of our dataset construction is the
integration of human evaluation and LLM-as-a-
Judge evaluation. By validating strong alignment
between human judgments and LLM-based scores
on a representative subset, we enable scalable qual-
ity control while maintaining consistency with hu-
man semantic evaluation. This approach allows us
to filter and curate a large dataset without sacrific-
ing annotation reliability.

In addition, we benchmark representative audio—
language models on Jamendo-MT-QA. While cur-
rent models achieve reasonable performance on
yes/no and short-answer comparisons, sentence-
level comparative generation remains challenging,
especially under surface-form automatic metrics.

We believe Jamendo-MT-QA provides a valu-
able resource for future research on comparative
music understanding, multi-track reasoning, and
audio-language modeling.

Limitations

Our benchmark relies on LLM-generated compara-
tive QA, which may inherit generator-specific bi-
ases despite human and judge-based filtering. Au-
tomatic metrics (BLEU/ROUGE) are limited for
sentence-level comparative answers, and LLM-as-
a-Judge introduces model-dependent scoring noise.
Finally, some baselines require caption-based eval-
uation due to lack of multi-audio support, which
may underestimate the potential of end-to-end au-
dio reasoning models.
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Ethical Considerations

Our dataset is derived from Creative Commons-
licensed Jamendo audio, and we respect the origi-
nal licensing conditions by releasing only annota-
tions and metadata. While question generation is
automated, we monitor and filter for potentially sen-
sitive or biased content. Nevertheless, the dataset
may reflect existing biases in genre labels, artist de-
mographics, and descriptive language. We encour-
age practitioners to consider these factors when
training or evaluating models on this resource.

Human Subjects. The human annotation study
was conducted for research quality control on syn-
thetic QA data and did not involve the collection
of personal or sensitive information. Annotators
provided informed consent, and the study was de-
termined to be exempt from formal IRB review
under institutional guidelines.
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A Human and LLM Evaluation Criteria

This appendix provides the full descriptions of the
five evaluation criteria used in the human evalu-
ation and the four criteria used in the LLM-as-a-
Judge evaluation.

A.1 Human Evaluation Criteria

We conduct human evaluation in two separate
stages. In Stage 1, we verify the audio—text align-
ment of the enriched captions generated by Music
Flamingo, where annotators have access to the un-
derlying audio. In Stage 4, we use a multi-criteria
rubric to evaluate and filter comparative QA items
based on the provided text descriptions of Track A
and Track B.

Annotator Mean Std

Annotator A 4.43  0.65
Annotator B 447  0.62

Annotator C  4.60 0.71
Annotator D  4.85 048
Average 4.59 -

Table 5: Human evaluation results for audio—text align-
ment of enriched captions in Stage 1, reported on a 1-5
scale.
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Stage 1: Audio-Text Alignment of Enriched Cap-
tions (Music Flamingo) To ensure that the en-
riched captions faithfully describe the actual music
content, four human annotators listen to the audio
and rate the caption-level alignment on a 1-5 scale:
“Does the enriched caption accurately align with
the musical content of the audio (e.g., instrumenta-
tion, vocals, tempo, mood, and production cues)?”
Scores range from 1 (complete mismatch) to 5§
(perfect alignment), with intermediate values (2—
4) reflecting partial correctness and varying degrees
of coverage and specificity. Given the consistently
high alignment scores and low variance across an-
notators, we found that this evaluation size was suf-
ficient to validate caption quality for downstream
QA generation.

Table 5 summarizes the results of the human
evaluation for audio—text alignment of enriched
captions. Across 1200 individual ratings, the cap-
tions achieve a high overall average score of 4.59,
indicating strong consistency between the gener-
ated textual descriptions and the underlying music
audio. The equal-weight average across annotators
(4.59) further confirms that this alignment is consis-
tent and not dominated by a single evaluator. These
results suggest that the enriched captions provide
a reliable semantic foundation for subsequent QA
generation stages.

Stage 4: Comparative QA Evaluation and Fil-
tering Criteria For the evaluation and filtering in
Stage 4, annotators rate each model answer (or can-
didate QA item, depending on the filtering stage)
on a 1-5 scale according to the following dimen-
sions, grounded in the provided textual descriptions
of Track A and Track B (i.e., captions/metadata,
without requiring direct audio access):

(1) Correctness. “Is the answer factually cor-
rect based on the provided descriptions of Track A
and Track B?” Scores range from 1 (completely
incorrect) to 5 (completely correct), with 2-4
indicating partially correct answers (e.g., correct
direction but missing key evidence).

(2) Comparative Validity.
swer make a valid comparative statement between
Track A and Track B?” Scores range from 1 (no
comparison or invalid comparison) to 5 (excel-
lent comparative statement), with 2—4 capturing
weak, ambiguous, or only partially comparative
responses.

(3) Reasoning Quality. “Is the reasoning co-
herent, logically grounded in the provided de-

“Does the an-

scriptions, and properly supporting the answer?”
Scores range from 1 (incoherent/illogical) to 5 (ex-
cellent, well-supported reasoning), with interme-
diate values reflecting partially grounded reasoning
or missing justification.

(4) Difficulty. “How difficult is the question
to answer correctly?” Scores range from 1 (very
easy) to 5 (very difficult), where higher difficulty
indicates that answering requires subtle distinc-
tions, multi-attribute comparison, or non-trivial in-
ference from the descriptions.

A.2 Caption Attribute Coverage

We conducted a systematic attribute coverage anal-
ysis on all 7,335 Music Flamingo captions to verify
whether captions consistently include the seven
core musical attributes. Table 6 shows that ev-
ery individual attribute exceeds 90% coverage, and
85.6% of captions contain all seven attributes simul-
taneously, confirming that the caption generation
prompt was effective.

Musical Attribute Coverage Count

Instrumentation 99.9% 7,325/7,335
Production style 99.7% 7,316 /7,335
Vocal characteristics 99.7% 7,316 /7,335
Mood / atmosphere 98.4% 7,216/7,335
Tempo 96.7% 7,095 /7,335
Genre 96.3% 7,061 /7,335
Key / tonality 90.8% 6,661 /7,335
All 7 attributes 85.6% 6,280 /7,335

Table 6: Caption attribute coverage across all 7,335
Music Flamingo captions.

A.3 LLM-as-a-Judge Criteria

The automatic evaluation follows the same rubric
as the human evaluation, with the exception of the
Audio-Text Alignment, which cannot be reliably
assessed by text-only LLM judges without access
to the underlying audio.

Accordingly, LLM evaluators score each answer
using the following four dimensions: Correctness,
Comparative Validity, Reasoning Quality, and
Difficulty. Each criterion is rated on a 1-5 scale,
where intermediate scores (2—4) represent partial
correctness, weak or ambiguous comparisons, or
varying degrees of reasoning quality and difficulty.

B Output Schema for Comparative QA
Generation

The following listing shows the JSON output for-
mat used during Stage 3 comparative QA gener-
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ation. For each track pair, the model generates
three comparative question—answer pairs: yes/no,
short-answer, and sentence-level.

{
"audiol”: "{audiol}",
"audio2”: "{audio2}",
"ga_pairs": [

{
"type": "yes_no",

"question”: "...",
n n

"reasoning”: "...",
"answer”: "yes or no"”

-~

"type": "short_answer”,

n n

"question”: "...",

n "

"reasoning”: "...",
"answer”: "{audiol1} or {audio2}"

"type”: "sentence”,

n n

"question”: "...",
"reasoning”: " "

’

"answer”: "complete comparative sentence”

D LLM-as-a-Judge Prompt and Scoring
Rubric

D.1 Judge Prompt for Sentence-level
Evaluation

For sentence-level comparative questions, we em-
ploy an LL.M-as-a-Judge protocol to evaluate se-
mantic correctness and comparative soundness.
The following prompt is used to score model pre-
dictions on a 0-5 scale.

C Prompt Template for Multi-Track QA
Generation

Listing 1 shows the prompt template used for multi-
track comparative QA generation in Stage 3. The
prompt explicitly enforces comparative constraints
and a fixed three-question structure (yes/no, short-
answer, and sentence-level) for each audio pair.

Listing 1: Prompt template for multi-track comparative
QA generation.

You are a music comparison expert. Given two
music tracks in JSON format,

you must generate exactly 3 COMPARATIVE question-
answer pairs that directly

compare both tracks.

IMPORTANT: Every question MUST compare both
tracks.
Do NOT ask about a single track alone.

Music Track 1:
{musicl_str}

Music Track 2:
{music2_str}

Requirements:

1. YES/NO question - Must compare an attribute
between both tracks

2. short-answer question - Answer should be the
audio name

3. SENTENCE question - Detailed comparison in a
complete sentence

You are an expert evaluator for music QA.
Compare the prediction with the ground truth
answer.

## Question
{question}

## Ground Truth Answer
{ground_truth}

## Model Prediction
{prediction}

## Scoring Criteria (0-5 scale)

- @: Completely wrong or irrelevant

: Mostly wrong with very minor correct
elements

- 2: Partially correct but missing key points

- 3: Correct on main points but missing details
or has minor errors

: Mostly correct with only minor omissions

: Fully correct, captures all key information

_

[
(S

Evaluate semantic similarity and correctness.
The prediction does not need to use exact
wording.

Focus on:

- genre comparison

- tempo or energy

- vocal characteristics
- production style

- mood

Respond with ONLY a JSON object:
{"score": <0-5>, "explanation”: "<brief reason>"}

D.2 Scoring Rubric

For sentence-level comparative questions, we evalu-
ate model outputs using a graded semantic scoring
scheme that captures both correctness and com-
parative soundness beyond surface-form overlap.
Table 7 summarizes the 0-5 rubric used by LLM
judges.

D.3 Cross-Model Self-Preference Bias

To verify that the LLM evaluator does not exhibit
self-preference bias, we analyzed all four evaluator—
generator combinations. Table 8 shows that the
GPT evaluator exhibits no statistically significant
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Score  Description Question Type Evaluation Method Score Range
0 Completely wrong or irrelevant Yes/No Rule-based matching Oorl
1 Mostly wrong with very minor correct elements Short-answer Rule-based matching (Track A/B) Oorl
2 Partially correct but missing key points Sentence-level LLM-as-a-Judge 0-5
3 Correct on main points but missing details or minor errors Open-ended LLM-as-a-Judge 0-5
4 Mostly correct with only minor omissions
5 Fully correct, capturing all key comparative information

Table 7: Scoring rubric used by LLM judges for
sentence-level comparative answers.

self-preference (all p > 0.26, Cohen’s d < 0.01),
and actually gives slightly higher scores to Claude-
generated data.

Metric GPT—-GPT GPT—Claude P

Correctness 4.729 4.741 0.318
Comp. Validity 4.721 4.735 0.264
Reasoning Qual. 4.721 4.735 0.264

Table 8: Cross-model self-preference analysis (GPT
evaluator, N~13,096). No significant bias detected
(d < 0.01).

D.4 Evaluation by Question Type

Different question types are evaluated using task-
appropriate strategies:

E Statistical Analysis of the Dataset

This section provides a statistical analysis of the Ja-
mendo Multi-Track comparative QA dataset, focus-
ing on genre—genre pair composition, track-level
genre distribution, same-versus-different genre
comparisons, and question topic diversity.

E.1 Full Dataset Quality Verification

We conducted automated factual verification across
the entire dataset (12,173 pairs / 36,519 QAs). Ta-
ble 10 summarizes the results. Every QA pair
passes structural format validation, and all veri-
fiable answer-level factual claims (tempo compari-
son, key identification) achieve 100% consistency
with source captions.

E.2 Basic Statistics

Table 11 summarizes the fundamental properties
of the dataset. Each audio pair is associated with
exactly three comparative QA items, resulting in a
total of 36,519 questions.

E.3 Track-Level Genre Distribution

Table 12 presents the most frequent genres across
all tracks participating in pairwise comparisons.
The distribution is dominated by rock, indie, and

Table 9: Evaluation methods used for different question
types.

Verification Check Tested Pass

Answer format validity (non-empty) 36,519 100.0%
Yes/No: valid “yes”/*no” answer 12,173  100.0%
Short Answer: contains track name 12,173  100.0%
Sentence: answer > 20 characters 12,173  100.0%
All 3 QA types present per pair 12,173 100.0%
Tempo answer correct (SA) 1,627 100.0%
Tempo answer correct (YN) 1,586 100.0%
Key answer correct (SA) 3,673 100.0%
Key answer correct (YN) 306 100.0%

Table 10: Full dataset quality verification (12,173 pairs).

pop, which is consistent with the characteristics
of Creative Commons music collections such as
Jamendo.

E.4 Genre Pair Combinations

Table 13 lists the most frequent genre—genre com-
binations among the 12,173 track pairs. While
same-genre comparisons such as rock—rock and
indie—indie appear regularly, most pairs span dif-
ferent genres, encouraging cross-style comparative
reasoning.

Figure 5 provides a complementary visualization
of the genre structure in Jamendo-MT-QA. The in-
ner ring illustrates the marginal genre distribution
of individual tracks, confirming that the dataset
spans a broad range of popular music styles, in-
cluding rock, indie, pop, folk, electronic, rap, and
metal.

The outer ring depicts the distribution of genre—
genre pairs used for comparative question construc-
tion. Consistent with the statistics reported in Ta-
ble 13, the majority of comparisons involve cross-
genre pairs rather than same-genre pairs. This
design choice encourages models to rely on fine-
grained musical attributes (e.g., instrumentation,
production, tempo, or vocal characteristics) rather
than genre identity alone.

Overall, this visualization highlights the struc-
tural diversity of the dataset and supports the claim
that Jamendo-MT-QA systematically targets cross-
genre comparative reasoning rather than trivial
within-genre comparisons.
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rock - electronic
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Figure 5: Genre composition and genre-pair distribution in Jamendo-MT-QA. The inner ring shows the marginal
distribution of individual genres across all tracks, while the outer ring visualizes the frequency of genre—genre
pairings used for comparative question generation. For clarity, only the top-10 most frequent genres are shown in
the visualization; therefore, percentages may differ from table-based statistics computed over all tracks.

Statistic Value
Total music pairs 12,173
Total QA pairs 36,519

Unique genre pairs 789

Table 11: Basic statistics of the multi-track comparative
QA dataset.

E.5 Same vs. Different Genre Pairs

Table 14 quantifies the proportion of same-genre
and different-genre track pairs. A large majority
of pairs (over 91%) involve different genres, ensur-
ing that models must rely on fine-grained musical
attributes rather than genre identity alone.

E.6 Question Topic Distribution

Table 15 summarizes the semantic topics addressed
by the comparative questions. The dataset empha-
sizes perceptually salient musical attributes such
as vocals, instrumentation, production, and tempo,
while also covering higher-level concepts including
key, mood, genre, and structural properties.
Overall, the analysis confirms that the dataset
exhibits substantial diversity in both genre combi-
nations and question semantics. The dominance

Genre Count Ratio
rock 4,890  20.09%
indie 3,424 14.06%
pop 2,527  10.38%
folk 1,611 6.62%
electronic 1,446 5.94%
rap 1,358 5.58%
metal 1,072 4.40%
rnb 655 2.69%
dance 515 2.12%
guitar 479 1.97%

Table 12: Top genres across all tracks in the dataset.

of cross-genre pairs (91.25%) and the wide cov-
erage of musical attributes highlight the dataset’s
suitability for evaluating multi-track comparative
reasoning in music understanding.

E.7 Question-Type Difficulty

To provide additional context on the relative hard-
ness of different QA formats, we report human-
rated difficulty statistics for each question type. Dif-
ficulty is rated on a 1-5 Likert scale during Stage 4
evaluation, where higher scores indicate that an-
swering requires more subtle cross-track distinc-
tions, multi-attribute comparison, or non-trivial in-

2626



Genre 1 Genre2 Count
indie rock 674
pop rock 497
rock rock 488
indie pop 367
folk rock 331
electronic rock 313
rap rock 267
folk indie 246
indie indie 240
metal rock 220

Table 13: Most frequent genre—genre pairs in the
dataset.

Category Count  Ratio
Same-genre pairs 1,065 8.75%
Different-genre pairs 11,108  91.25%

Table 14: Distribution of same-genre and different-
genre track pairs.

ference from the provided descriptions. As shown
in Table 16, sentence-level questions are substan-
tially more difficult than yes/no and short-answer
questions, supporting our claim that open-ended
comparative explanation is the primary bottleneck
for current models.

F Quantitative Error Distribution

This section provides implementation details for
the quantitative error analysis reported in Sec-
tion 4.4.

Scope. We analyze incorrectly answered
sentence-level questions, defined as items whose
LLM-as-a-Judge score is below 3. For each model,
percentages are computed by normalizing over the
number of incorrect sentence-level items for that
model, so the error-type proportions sum to 100%.

Primary Error Labeling. Each incorrect item
is assigned a primary error type among the four
categories in Section 4.4. We use GPT-40-mini to
classify the dominant failure mode based on the
question, reference answer, and the model’s predic-
tion. When multiple issues co-occur (e.g., collapse
and hallucination), the classifier is instructed to
select the most salient error that explains the final
answer’s failure.

F.1 Representative Error Examples

Table 19 provides representative failure cases for
each model, illustrating typical breakdown patterns
across the four error categories.

Topic Count  Ratio
vocal 15,509 42.47%
tempo 13,509 36.99%
instrument 13,384  36.65%
production 12,301  33.68%
key 11,086  30.36%
mood 4,646 12.72%
genre 3,203 8.77%
structure 594 1.63%

Table 15: Distribution of question topics across the
dataset.

Question Type Count Avg. Difficulty
Yes/No 12,173 2.5
Short-Answer 12,173 2.5
Sentence-Level 12,173 2.9
Total 36,519 2.6

Table 16: Distribution of question types and their av-
erage difficulty scores from Stage 4 human evaluation.
Difficulty is reported on a 1-5 scale, where higher val-
ues indicate more challenging comparative reasoning.

G Qualitative Comparison of Stage 3
Generators

In Stage 3, we experimented with multiple LLM
generators for comparative QA construction be-
fore selecting GPT-5 mini as the primary genera-
tor. To illustrate qualitative differences, Figures 6,
7, 8, and 9 show the three-question QA group
(yes/no, short-answer, sentence-level) generated
for the same audio pair across four alternative mod-
els. Red highlights in these figures mark recurring
issues that motivated our decision to not use these
models for final dataset construction.

Qwen3-32B. We observed that the short-answer
question sometimes yields uncommon or subjective
word choices (e.g., stylistic adjectives rather than
a strict selection), which can break the intended
answer format. In addition, sentence-level outputs
often mirror the reasoning text with minimal re-
formulation, reducing diversity between reasoning
and answer.

Intern.LM3-8B. The model frequently produces
reasoning that closely repeats the question prompt,
and we occasionally observed incorrect selections
in the short-answer type, indicating weaker ground-
ing and higher error rates for comparative deci-
sions.

Gemma-3-12B. While overall quality is compet-
itive, the reasoning is sometimes less detailed or

2627



less step-wise than desired, which reduces inter-
pretability and usefulness for downstream training
or analysis.

Claude-4.5-Haiku. This model generally pro-
duces strong comparative QA. However, GPT-
5 mini more consistently provides step-by-step,
grounded reasoning, which we found preferable
for reliable dataset construction and for using the
reasoning field as a high-quality supervisory signal.

H Baseline Inference Settings

H.1 Metadata-Only Baseline

To verify that audio-derived information is gen-
uinely needed, we tested three conditions on a
stratified sample of 500 QA pairs using GPT-40-
mini (Table 17). Metadata-only accuracy (12.9%)
is worse than random guessing (34.3%), while
caption-only achieves 65.6%—a +52.7pp gap (p <
10~198), This confirms that the benchmark requires
genuine music understanding beyond coarse meta-
data.

QA Type Metadata Caption Random
Yes/No 0.163 0.885 0.440
Short Answer 0.084 0.808 0.527
Sentence (F1) 0.141 0.276 0.062
Overall 0.129 0.656 0.343

Table 17: Metadata-only vs. caption-only vs. random
baseline on 500 QA pairs. Metadata provides only genre,
speed, and vocal gender.

H.2 Generation Parameters

Table 18 summarizes decoding parameters used for
baseline inference. Unless otherwise noted, we use
the model’s default tokenizer and stop conditions.

H.3 Prompt Templates

We evaluate two baseline setups (Figure 3): (1)
caption-based baselines, where each track is first
converted into a textual description and an LLM
answers comparative questions using the two cap-
tions; and (i1) multi-audio baselines, where models
directly process two audio inputs along with the
question. To reduce prompt sensitivity, we use a
single standardized template per setup, with only
minimal model-specific formatting (e.g., special
tokens for audio inputs).

H.3.1 Caption-based comparison prompt.

Model Temp. Top-p Top-k Max Tokens
MU-LLaMA 0.6 0.8 - 512
Music Flamingo 0.0 (greedy) - - 512
Qwen3-Omni 0.01 0.1 1 256
GPT-40-mini 0.0 (greedy) - - 512

Table 18: Decoding parameters used for baseline infer-
ence and LLM-as-a-Judge evaluation.

You are a music expert. Based on the following
descriptions of two music tracks, answer the
question.

=== Track A: {audiol_name} ===
{captioni}

=== Track B: {audio2_name} ===
{caption2}

Question: {question}

Answer:

H.3.2 Multi-audio comparison prompt.

[Audio 1] [Audio 2]

You are given two music tracks.
Track A: {audiol_name}

Track B: {audio2_name}

Question: {question}

Please compare the two tracks and answer the
question concisely.

Caption prompts. For caption-based models, we
prompt each model to produce a detailed single-
track description. For Music Flamingo, we re-
quest structured coverage (genre, tempo, key, in-
strumentation, vocals, production, mood). For MU-
LLaMA, we use a concise captioning instruction
(“Describe this music in detail.”) and then apply
the standardized caption-based comparison prompt
above.
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Qwen3-32B

pop_LonesomeRoad pop_whentheSnowfalls

yes no

Question:
Do both tracks use melancholic moods and atmospheric production elements?

Reasoning :
Both tracks are described as melancholic and use atmospheric production elements
(e.g., synth pads and reverb) to enhance their emotional and sonic characteristics.

Answer :
yes

short answer

Question :
[Which track has a more subdued tempo?

Reasoning :
Track 2 has a slower tempo of 81 BPM, compared to Track 1's 125 BPM, making it
more subdued in rhythmic intensity.

Answer :
pop_WhentheSnowfalls

sentence

Question:

How do the instrumentation styles of
pop_LonesomeRoad and pop_WhentheSnowfalls
differ in their approaches to creating mood?

Reasoning :

pop_LonesomeRoad emphasizes acoustic
elements and intimate vocals to create a wistful,
personal mood, while pop_WhentheSnowfalls
relies on lush synth textures, electronic drum kits,
and ethereal reverb to create a dreamy and
atmospheric mood.

Answer :

pop_LonesomeRoad uses acoustic guitar and
intimate vocals for a personal, wistful mood,
while pop_WhentheSnowfalls uses electronic
synths and reverberant textures for a dreamy,
atmospheric mood.

Figure 6: Qualitative example of Stage 3 comparative QA generation using Qwen3-32B. The short-answer questions
occasionally contain uncommon or subjective word choices, and sentence-level answers often closely mirror the
reasoning text. Red highlights mark cases where reasoning and answers are nearly identical, reducing diversity and
usefulness for training.

InternLM3 - 8B pop_LonesomeRoad pop_whentheSnowfalls
yes no sentence
Question:
Do both tracks utilize atmospheric synth pads to create a spacious backdrop?
. Question:
Reasoning : How do the central lyrical themes of both tracks
[Comparing the use of atmospheric elements in both tracks] differ in their emotional expression?
Answer :
yes
short answer Reasoning : - 2
Comparing the emotional and lyrical content of
Question : the two tracks.
What is the difference in the dominant vocal range between the lead vocalists of both tracks?
Reasoning :
[Comparing the vocal characteristics of the two tracks.] Answer :
While ‘Lonesome Road' focuses on heartbreak
. and longing, 'When the Snow Falls' emphasizes
Answer: yearning and hope during a snowy season.

Figure 7: Qualitative example of Stage 3 comparative QA generation using InternLLM3-8B. The model frequently
produces reasoning that closely resembles the question itself, and we observe occasional incorrect answers in the
short-answer type. These issues indicate weaker grounding and reliability for comparative QA generation. Red
highlights denote incorrect or weakly supported outputs.
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Gemma 3-12B pop_LonesomeRoad pop_whentheSnowfalls
yes no sentence
Question:
Does both tracks utilize reverb and delay to enhance their atmosphere? )
Question:

Reasoning : Considering the lyrical themes, which track

Both descriptions explicitly mention the use of reverb and delay to create a spacious or dreamy focuses more on the aftermath of a relationship

atmosphere. and which focuses on longing for someone during
a specific season?

Answer :

yes
Reasoning :

short answer LonesomeRoad's lyrics directly address
. heartbreak and moving on, while
Question :

WhentheSnowfalls centers around longing for a

What is the tempo difference between the two tracks? . h
loved one during winter.

Reasoning :
[The tracks have significantly different tempos - 125 BPM versus approximately 81 BPM.]

Answer :

LonesomeRoad focuses on the aftermath of a
relationship, while WhentheSnowfalls centers on
longing during a specific season.

Answer :
44

Figure 8: Qualitative example of Stage 3 comparative QA generation using Gemma 3 12B. The model generally
produces reasonable questions and answers; however, the reasoning is sometimes less detailed or less step-wise,
which reduces interpretability for dataset construction and downstream supervision. Red highlights indicate parts
where the reasoning lacks sufficient specificity.

Claude Haiku 4.5 pop_LonesomeRoad pop_whentheSnowfalls
yes no sentence
Question: Question:

Is the tempo of 'When the Snow Falls' faster than the tempo of 'Lonesome Road'?

Reasoning :
When the Snow Falls' has a tempo of approximately 81 BPM, while 'Lonesome Road'
moves at 125 BPM. Since 81 BPM is slower than 125 BPM, the answer is no.

Answer :
No

short answer

Question :
Which track features an acoustic guitar as the primary instrument carrying the core chordal rhythm?

Reasoning :

'When the Snow Falls' is built around expansive synth pads and synth bass with electronic drums, with no
mention of acoustic guitar. 'Lonesome Road' explicitly features a warm, finger-picked acoustic guitar that
carries the core chordal rhythm. Therefore, the answer is ‘Lonesome Road".

Answer :
pop_LonesomeRoad

How do the lyrical themes and emotional focal
points differ between these two tracks?

Reasoning :

When the Snow Falls' focuses on longing for a
loved one during winter with themes of
anticipation and reunion (seasonal romance and
distance metaphor). '‘Lonesome Road' explores
heartbreak and moving on from a past relationship
with themes of persistent longing and difficulty
letting go. Both are melancholic but address
different emotional narratives - one about
unrequited or distant love, the other about loss
and struggling to move forward.

Answer :

When the Snow Falls' centers on yearning and
anticipation for reunion with a distant loved one
using winter imagery, while 'Lonesome Road'
explores the pain of heartbreak and the difficulty
of moving on from a past relationship despite
others' advice.

Figure 9: Qualitative example of Stage 3 comparative QA generation using Claude 4.5 Haiku. The model typically
produces strong comparative questions and fluent sentence-level answers. However, compared to GPT-5 mini, the
reasoning is less consistently structured in explicit step-by-step form, which motivated our preference for GPT-5

mini in final dataset construction.
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Model Error Type Question (Sentence-level) Reference Model Output

GPT-40-Audio  (A) Comp.Col. In one sentence, how do the Track A features a re- Track A and Track B
vocal style and emotional strained, airy vocal deliv- both present expressive vo-
tone differ between Track A ery with a more melancholic cals and emotional atmo-
and Track B? tone, while Track B has a spheres. Track A leans into

fuller vocal presence and a a softer, intimate delivery,

warmer, more uplifting feel. while Track B maintains a
similarly emotive style but
with a slightly different tex-
ture overall.

GPT-40-Audio  (B) Attr.Hal. In one sentence, compare Track A has a steady mid- Track A features a hip-hop
the rhythmic groove and tempo groove with promi- inspired beat with heavy
instrumentation  between nent electric guitars and live bass and sampled percus-
Track A and Track B. drums, whereas Track B sion, while Track B relies

uses a lighter rhythmic feel on acoustic strumming and

with more electronic percus- orchestral strings, creating a

sion and synth layers. more cinematic rthythm sec-
tion.

Music Flamingo (B) Attr.Hal. In one sentence, how do the Track A is driven by elec- Track A is led by piano

Music Flamingo

(A) Comp.Col.

primary instruments differ
between Track A and Track
B?

In one sentence, compare
the mood and atmosphere of
Track A and Track B.

tric guitars and live drums,
whereas Track B empha-
sizes synth textures and pro-
grammed percussion.

Track A feels darker and
more introspective, while
Track B is brighter and more
upbeat.

and orchestral strings, while
Track B centers on brass sec-
tions and saxophone riffs.

Both tracks create strong at-
mospheres and convey dis-
tinctive moods through their
instrumentation and arrange-
ment.

MU-LLaMA (A) Comp.Col. How do the key, tempo, in- Track A uses contrasting mu- Both Track A and Track B
strumentation, and vocal de- sical elements to produce share an upbeat and ener-
livery of each track create a dramatic, cinematic feel, getic quality, but they cre-
their distinct emotional at- while Track B creates an up- ate distinct emotional atmo-
mospheres? lifting trance atmosphere. spheres through their instru-

mentation and vocal deliv-
ery.

MU-LLaMA (B) Attr.Hal. In one sentence, how do the Track A is an introspective, Track A has an indie genre
two tracks differ in genre, guitar-driven Indie/Alterna- with a weird and tribal
tempo, vocal timbre, and tive Rock song at about 100 feel, likely slower in tempo,
production approach? BPM with a melancholic while Track B is an upbeat

male tenor. electronic fusion of tradi-
tional Indian and Western
styles.

Qwen3-Omni (A) Comp.Col. In one sentence, how do the Track A is an upbeat, pol- While both tracks feature a
two tracks compare in terms ished indie-folk pop track prominent ukulele and have
of overall mood, instrumen- with lyrics about adventure, an uplifting, positive mood,
tation, and lyrical themes?  while Track B is a reflec- they differ significantly in

tive acoustic piece about per- theme and instrumentation.
sonal loss.

Qwen3-Omni (B) Attr.Hal. Compare how tempo, har- Track A sits around 120 Track A is a slow, atmo-

monic complexity, produc-
tion style, and instrumenta-
tion differ between the two
tracks.

BPM with shifting feels
and distorted guitars, while
Track B is a slower, melodic
rock track at 85 BPM.

spheric piece with ambient
textures, while Track B is
a fast-paced electronic track
with aggressive synths.

Table 19: Representative error examples for sentence-level comparative questions. Each row shows one incorrectly
answered item (LLM-judge score < 3), together with its assigned error type. Comp.Col.: Comparative Collapse;
Attr.Hal.: Attribute Hallucination.
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