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Abstract

Recent advancements in Large Language Mod-
els (LLMs) have shown promising results
in music understanding and generation tasks.
However, existing works remain confined to
Western tonal traditions, offering little insight
into whether current LLMs can handle struc-
turally distinct low-resource musical traditions.
We present the first systematic evaluation of
LLM competence in South Asian classical mu-
sic, a tradition governed by raga, tala-based
melodic constraints that impose fundamentally
different structural principles from Western
harmony-driven music. We ground our evalua-
tion in Hindustani classical theory and Bengali
classical forms, including Rabindra and Nazrul
Sangeet — representative low-resource tradi-
tions within South Asian classical music. For
music understanding evaluation, we introduce
a 504-question-answer benchmark spanning
raga grammar, cultural knowledge, and sym-
bolic notation reasoning, evaluating 33 LLMs
where frontier models such as Gemini 2.5 Pro
achieve 85-90% accuracy, while most open-
source models remain in the 23-40% range.
For music generation, we design a five-level
controlled prompting framework and find that
even the strongest model produces stylistically
faithful outputs only 40% of the time. These
results reveal that structural validity and stylis-
tic faithfulness in music generation are distinct
objectives and highlight an open challenge for
culturally grounded music modeling.

1 Introduction

Large Language Models (LLMs) have demon-
strated strong generative capabilities across a wide
range of traditional NLP tasks (Li et al., 2025). Be-
yond NLP, they also perform well in creative and
structured domains such as story generation (Zhao
et al., 2023), poetry composition (Zhang and Eger,
2024), code synthesis (Chen et al., 2021), and
mathematical reasoning (Lewkowycz et al., 2022),

showing cross-domain generalization (Wei et al.,
2022).

These capabilities have naturally extended to
music. Because LLMs operate over discrete sym-
bolic representations (i.e., tokens), symbolic mu-
sic notation provides a natural interface for probing
their musical capabilities. For example, ABC no-
tation (Walshaw, 2011) encodes hierarchical pitch
and rhythmic structure in discrete textual form, en-
abling language models to process musical struc-
ture in a manner analogous to natural language.
This makes symbolic notation a natural testbed
for evaluating cross-domain generalization. Conse-
quently, LLMs have been applied to both music un-
derstanding (Yuan et al., 2024) and symbolic mu-
sic generation tasks (Ding et al., 2025; Deng et al.,
2024; Xing et al., 2025).

Despite such progress, most existing work fo-
cuses on Western musical traditions. As such,
whether LLMs can understand and generate cultur-
ally specific, structurally distinct, and low-resource
music (e.g., South Asian music) remains to be sys-
tematically evaluated. Indeed, existing music un-
derstanding evaluation benchmarks (Yuan et al.,
2024; Zhao et al., 2026) focus primarily on West-
ern tonal traditions. Similarly, LLM-based mu-
sic generation frameworks are designed and eval-
uated mostly on Western-specific properties such
as harmonic chord progressions and tonal har-
mony (Deng et al., 2024; Xing et al., 2025). As a
result, it remains unclear whether general-purpose
LLMs can model musical traditions whose struc-
ture is defined by different musical principles, such
as modal frameworks, cyclic rhythmic systems,
and ornamentation-driven melodic movement.

South Asian classical music is among the most
well-documented non-Western traditions, making
it an ideal testbed for this study. Its theoret-
ical framework is organized around raga-based
constraints (Pudaruth, 2016), cyclic tala struc-
tures (Rowell, 1986), and ornamentation-driven
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Figure 1: LLMs’ South Asian Musical Capabilities Evaluation Pipeline

melodic transitions (Basu et al., 2023), which im-
pose long-range dependencies distinct from West-
ern harmony-driven composition (Agarwal et al.,
2013). Within this tradition, Bengali classical mu-
sic forms such as Rabindra Sangeet (Tagore, 1931-
1932) and Nazrul Sangeet (Das, 1996) combine dis-
tinct compositional structures with raga- and tala-
derived melodic rules, and lyrically driven, stylis-
tically constrained ornamentation.

In this work, we introduce a two-part, com-
prehensive evaluation framework instantiated on
Hindustani music theory and Bengali classical tra-
ditions as a first case study in assessing LLM
competence on structurally distinct, low-resource
South Asian musical traditions (Figure 1). For
music understanding capabilities, we construct a
music understanding benchmark grounded in Ben-
gali and Hindustani classical traditions and con-
duct a large-scale evaluation across 33 open-source
and frontier LLMs. To evaluate the model’s mu-
sic generation capability, we design a S-level con-
trolled prompting framework that incorporates spe-
cific Bengali classical stylistic constraints, focus-
ing on Rabindra and Nazrul Sangeet, and evaluates
model outputs in ABC notation using both auto-
matic structural metrics and human judgment. Our
contributions are:

* We introduce a 504-question benchmark span-
ning three subtasks: 1) Music Theory Under-
standing (Hindustani classical theory as prac-
ticed in Bengali traditions including Raga Gram-
mar, Tala Systems, Thaat classification, and
Ornamentation), 2) Music General Knowledge
(composers and historical figures, instrument
knowledge, and regional stylistic traditions), and
3) Music Continuation (compositional reasoning
in ABC notation) — serving as the first founda-
tional diagnostic of LLM competence in Bengali
classical music in a symbolic setting, intended as
a template that can be extended to other South

Asian and non-Western traditions.

* We curate 100 manually curated reference scores
(50 Rabindra Sangeet and 50 Nazrul Sangeet)
in ABC notation derived from official Swar-
alipi sources, serving as both continuation seeds
for the benchmark and references for generation
evaluation. The benchmark questions and the
hand-curated reference songs have been made
publicly available.

* We propose a 5-level prompting framework
that progressively introduces musical constraints
(e.g., scale, thythm, genre, and stylistic cues) to
analyze controllable symbolic music generation.

* We evaluate 33 LLMs on the benchmark and the
top 9 models on generation, revealing a large ca-
pability gap (e.g., Gemini 2.5 Pro up to 90.8%
vs. most open-source models at 23-40% on the
benchmark). Despite achieving reasonable struc-
tural validity, even the strongest model produces
stylistically faithful outputs only 40% of the time,
with surface characteristics failing to capture
style-specific constraints. We further show that
existing automatic metrics fail to capture cultur-
ally grounded stylistic properties, highlighting
the need for culturally aware evaluation of sym-
bolic music generation.

2 Background & Related Work

2.1 South Asian Classical Music and Bengali
Classical Traditions

South Asian classical music follows principles that
are fundamentally different from those of West-
ern tonal systems (Agarwal et al., 2013). For ac-
cessibility to readers without a music-theory back-
ground, we provide concise definitions of the mu-
sical terminology used throughout this paper in

'https://github.com/Faria-Binte-Kader/
South-Asian-Music-data
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Appendix A. Rather than harmonic chord progres-
sions, it is structured around raga, a melodic frame-
work that specifies permitted pitches, expressive
mood (Pudaruth, 2016), and tala. This cyclic rhyth-
mic system organizes time through repeating beat
cycles (Rowell, 1986). Melodic motion is fur-
ther shaped by gamakas (raga-specific ornamen-
tations) (Basu et al., 2023). These principles ap-
pear across multiple Bengali musical traditions in-
cluding khayal, thumri, baul, and kirtan. Among
them, Rabindra Sangeet and Nazrul Sangeet are
two of the most influential and well-documented
forms. Rabindra Sangeet comprises 2,232 songs
by Rabindranath Tagore (Tagore, 1931-1932) and
is characterized by close coupling between lyri-
cal prosody and melodic contour, drawing from
Hindustani classical, Bengali folk, and Western in-
fluences (Gupta, 2016). Nazrul Sangeet includes
nearly 4,000 compositions by Kazi Nazrul Islam
(Das, 1996) and adheres closely to classical perfor-
mance conventions (Langley, 2009). Their well-
defined compositional rules and reliance on raga-
tala structure make them challenging for evaluating
culturally grounded music reasoning in LLMs.

2.2 Music representation

Music for computational processing can be repre-
sented either as transformed audio waveforms (Lo-
gan et al., 2000; Takuya, 1999) or as symbolic no-
tations that encode musical structure (Rothstein,
1995; Good et al., 2001; Zhao et al., 2026; Nien-
huys and Nieuwenhuizen, 2003). Among sym-
bolic formats, ABC Notation (Walshaw, 2011) en-
codes pitch, rhythm, meter, and key signature in
compact plain text. ABC notation produces signifi-
cantly shorter sequences than MIDI or MusicXML
(Yuan et al., 2024), and LLMs tend to perform bet-
ter on ABC-encoded tasks (Qu et al., 2024), mak-
ing it a practical choice without the complexity of
audio encoding.

2.3 Music Understanding Benchmarks

Music understanding benchmarks have evolved
from narrow Music Information Retrieval (MIR)
tasks such as genre classification, beat tracking,
and chord estimation (Downie et al., 2014) to
broader multi-task evaluations covering acoustic,
semantic, and structural reasoning. Benchmarks
such as MARBLE (Yuan et al., 2023) and CMI-
Bench (Yinghao et al., 2025) evaluate acoustic
and semantic capabilities, while AIR-Bench (Yang
et al., 2024) and MuChoMusic (Weck et al., 2024)

extend evaluation to multimodal audio-language
reasoning. For symbolic music, MusicTheory-
Bench (Yuan et al., 2024), ABC-Eval (Zhao et al.,
2026), Z1QI-Eval (Li et al., 2024), and WildScore
(Mundada et al., 2025) benchmark LLM compe-
tence primarily in Western tonal traditions. How-
ever, existing benchmarks exhibit these limitations:
non-Western traditions, including South Asian
classical music, are largely absent; symbolic rea-
soning under raga-based compositional constraints
is not evaluated; and culturally grounded musical
structures such as raga grammar and tala organiza-
tion are not represented. Although ZIQI-Eval in-
cludes limited South Asian content, it focuses only
on surface-level factual questions. These gaps mo-
tivate the benchmark introduced in this work.

2.4 Music Generation Frameworks

Based on representations, we observe music gener-
ation and evaluation frameworks in both the audio
and symbolic domains.

Audio Models Transformer-based (Agostinelli
et al., 2023; Kreuk et al., 2022) and diffusion-
based audio music generation architectures (Yuan
et al., 2025; Liu et al., 2025; Ning et al., 2025)
have advanced rapidly but remain constrained by
distributional bias toward Western-centric training
corpora, with performance degrading across un-
derrepresented cultural traditions (Martdk et al.,
2026; Ujgare et al., 2025; Sawaengsawangarom
et al., 2025). Models further struggle with fine-
grained controllability, and consistent text—audio
alignment, while diffusion-based approaches re-
main computationally expensive (Zhao et al., 2025;
Kong, 2025; Zhang et al., 2024). Objective met-
rics further correlate poorly with human musical
judgment, and standardized cross-cultural bench-
marks remain limited (Lemercier et al., 2025;
Dong, 2025; Chiu, 2025), motivating complemen-
tary investigation in symbolic domains.

Symbolic Models Models producing scores in
music generation formats such as MIDI or ABC no-
tation have progressed from GAN-based systems
(MuseGAN (Dong et al., 2018)) to transformer
(Museformer (Yu et al., 2022)) and diffusion-
based approaches (Zhang et al., 2023), enabling
multi-instrument composition. However, sym-
bolic datasets remain small and culturally narrow
(Wu and Sun, 2022), exhibit weak harmonic con-
trol (Li, 2025), and lack unified objective and per-
ceptual evaluation framework (Liang et al., 2025).
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LLMs for Symbolic Music Generation and
Non-Western Domains Text-based LLMs have
extended symbolic generation capabilities, with
ChatMusician (Yuan et al., 2024) treating ABC no-
tation as a second language, SongComposer (Ding
etal., 2025) enabling lyrics and melody generation,
and ComposerX (Deng et al., 2024) and CoCom-
poser (Xing et al., 2025) extending this through
multi-agent prompting frameworks. Cross-lingual
transfer studies show English-centric pretraining
underperforms on low-resource languages (Mehta
etal., 2025), a pattern that extends to the music do-
main, motivating us to conduct a systematic eval-
uation of LLM competence in South Asian sym-
bolic musical capabilities grounded in Hindustani
and Bengali classical traditions.

3 Methodology

3.1 South Asian Music Understanding
Benchmark Curation

We curated a 504-question multiple-choice bench-
mark to evaluate LLMs’ capabilities in understand-
ing South Asian music, spanning Hindustani clas-
sical music theory and Bengali classical traditions.
The benchmark includes three subtasks reflecting
distinct but complementary knowledge domains:
¢ Music Theory Understanding (163 Questions)
evaluates LLMs’ comprehension of the theoreti-
cal grammar underlying Hindustani classical mu-
sic, as practiced in Bengali traditions such as
Raga grammar, tala systems, thaat classification,
ornamentation, and notation.

* Music General Knowledge (143 questions)
evaluates factual and cultural knowledge
grounded in Bengali and broader Hindustani
musical heritage covering Composers, historical
figures, instruments, and regional stylistic
traditions.

* Following (Li et al., 2024), Music Continuation
(198 questions) task evaluates whether LLMs
can apply structural musical knowledge in prac-
tice. Each question presents the beginning of a
Rabindra or Nazrul Sangeet in ABC notation and
asks the model to select the most structurally co-
herent continuation from four options.

Examples for each subtask from the benchmark are
provided in Appendix B. All questions were re-
viewed by an expert in Bengali classical music.
3.1.1 Language and Extraction

Theory and knowledge questions were curated ex-
clusively in Bengali to preserve terminology. Mod-

els were prompted in Bengali and allowed to re-
spond freely. Responses in Bengali or English
were processed using language-agnostic option-
letter extraction (A-D). Outputs were first scanned
for explicit answer declarations; otherwise, stan-
dalone option letters were counted. Ties or missing
predictions were marked incorrect. Full extraction
rules are provided in Appendix D.

3.1.2 Distractor Construction

A corpus of 100 manually transcribed ABC scores
(50 Rabindra, 50 Nazrul) from official Swaralipi
(Hindustani music notation system) served both
as continuation seeds and generation references.
Continuation distractors were constructed by sam-
pling melodic segments from other songs within
the annotated set, deliberately introducing struc-
tural mismatches through cross-genre substitution
and rhythmic inconsistencies, ensuring that distrac-
tors are plausible surface-level continuations while
being structurally incorrect with respect to raga
consistency or tala alignment.

3.2 Music Generation Prompt Design

Our music generation pipeline is primarily con-
strained on lyrics from the original Rabindra and
Nazrul songs (lyrics to melody generation). Along
with the lyrics, we designed five prompt levels
that progressively increase contextual information,
following the TELeR taxonomy (Santu and Feng,
2023). Prompts incrementally introduce scale,
time signature, genre, lyrical theme, and stylistic
constraints to examine how conditioning affects
generation quality.

For 50 Rabindra and 50 Nazrul lyrics, five
prompt variants were used per model, yielding 500
prompts in total. Metadata from the original com-
positions was incorporated in natural-language
form to enable controlled comparison with the ref-
erences. Full prompts are provided in Appendix C.

4 Experimental Design

4.1 Models

We evaluated 30 open-source LLMs across mul-
tiple families and parameter scales, along with 3
proprietary systems, on the music understanding
task. All models were evaluated at temperature =
1.0, top-p = 1.0, top-k = -1, a fixed seed of 492,
and a maximum generation length of 4096 tokens.
For the music generation task, the top 9 models
(scoring above 40% on average in 3 benchmark
subtasks) were selected for evaluation. QwQ-32B-
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Family Models

Open-source

Qwen 2.5 (Qwen et al., 2025)
QwQ (Team, 2024b)

Falcon 3 (Team, 2024a)
DeepSeek R1 (Guo et al., 2025)

0.5B, 1.5B, 3B, 7B, 14B, 32B It
32B Preview

3B, 7B, 10B It

Distill-Qwen (1.5B, 7B, 14B, 32B),
Distill-Llama-8B

Gemma 2 (Team et al., 2024) 2B It

Gemma 3 (Team et al., 2025) 1B It

OLMo 2 (OLMo et al., 2025) 7B, 13B It

OLMo (Groeneveld et al., 2024) 7B It

Llama 3.x

(Grattafiori et al., 2024) 3.2(1B,3B), 3.1 8B) It
Phi 3.5 (Abdin et al., 2024a) Mini

Phi 4 (Abdin et al., 2024b) Phi-4, Phi-4 Mini
Mistral (Jiang et al., 2023) 7B It-v0.3
Cogito-v1-preview (Deep Cogito, 2025) Llama-3B,8B Preview
ChatMusician (Yuan et al., 2024) fine-tuned Llama2

Proprietary

GPT-3.5 (OpenAl, 2022) —
GPT-40 (OpenAl et al., 2024) —
Gemini 2.5 Pro

(Comanici et al., 2025)

Table 1: Models evaluated for South Asian music un-
derstanding task. “It” stands for Instruct models.

Preview and Phi-4 were excluded despite meeting
the threshold, due to high ABC syntax error rates.
Table 1 summarizes all models.

4.2 Evaluation metrics
4.2.1

We extracted the answer choices and calculated the
accuracy scores between the ground truth and the
generated answer.

Music Understanding Evaluation

4.2.2 Music Generation Evaluation

Automatic Evaluation For the automatic evalu-
ation of generated scores, we structure the evalu-
ation framework into two sections: 1) reference-
based evaluation and 2) reference-free evaluation.

In Reference-Based Evaluation, we compare the
ABC notation score generated by the model against
the original reference ABC notation score corre-
sponding to the given lyric, using the widely used
KL Divergence (Kullback, 1951).

In Reference Free Evaluation, we evaluate the
generations on whether the generated score ad-
hered to the given prompt or not, with metrics like
Adherence to scale, ABC syntax accuracy (ABC
Parse Success Rate), etc. Other aspects of the
prompt (e.g., genre, lyrics) were left for human
evaluation due to the abstract nature of the task.
We further computed feature quality metrics in-
cluding Repetition rate (Yuan et al., 2024) and
Pitch Histogram Entropy (Wu and Yang, 2020).
Appendix E provides details on each metric and
its implementation.

Human Evaluation Automatic metrics cannot
fully capture perceptual quality or stylistic authen-
ticity. We therefore conducted a human evaluation

(Appendix G) with three annotators who had for-
mal training in music theory and familiarity with
both Rabindra and Nazrul Sangeet. A total of 180
samples were evaluated, comprising 20 randomly
selected generations (with balanced representation
of Rabindra and Nazrul Sangeet) per model from
the top nine performing models, all generated us-
ing Level 3 prompts, ensuring enough parseable au-
dio samples were available for each model. Level
3 was chosen because it provides explicit struc-
tural constraints without extensive stylistic scaf-
folding; a quantitative justification is provided in
Section 5.2.1. Annotators followed standardized
annotation guidelines: They were asked to listen to
WAV audio files rendered from the generated ABC
notations and were blind to which model produced
each generation. The annotators rated each sam-
ple on six criteria: Structureness, Genre analysis,
Style analysis, Emotion, Adherence to the instruc-
tion, and Harmoniousness.

Ordinal criteria (e.g., Structureness) were
mapped to numeric scales (1-5) for calculation.
For Genre and Style Analysis, we compared
annotator-assigned labels against the prompt spec-
ification and reported accuracy as the percentage
of matches. Labels were determined by majority
voting across three annotators; samples with no
majority agreement were counted as mismatches.

Scope of Style Analysis Because Swaralipi pro-
vides only a schematic representation of ornamen-
tation (Limitations 6), and ABC notation cannot
capture continuous pitch glides or microtonal in-
flections, the style analysis reported in Section
5.2.2 evaluates stylistic faithfulness only within the
expressive limits of ABC notation. In other words,
it measures how well a piece follows the melodic
and rhythmic conventions that can be represented
in ABC, rather than its full fidelity to authen-
tic Rabindra/Nazrul Sangeet performance practice,
which also relies on gamakas, meend, and other
orally transmitted ornamentations. Therefore, the
reported style analysis scores should be interpreted
as reflecting an upper bound on stylistic faithful-
ness within this representational framework, rather
than a complete measure of stylistic authenticity.

5 Results

In this section, we focus on answering several re-
search questions: RQ-1: Do current LLMs un-
derstand grammatical concepts of Indian and Ben-
gali classical music? RQ-2: How well do cur-
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Figure 2: Heatmap of 33 model accuracy scores across three South Asian music understanding subtasks. Rows
correspond to tasks and columns correspond to models. Darker colors indicate higher accuracy. Models are sorted

by theory understanding accuracy.

rent LLMs exhibit factual and cultural knowledge
of Bengali and Hindustani musical heritage? RQ-
3: Can current LLMs generate stylistically faith-
ful symbolic music scores adhering to the compo-
sitional conventions of Bengali classical genres?
RQ-4: Are the current symbolic music generation
evaluation metrics reliable for capturing the struc-
tural and stylistic properties of South Asian sym-
bolic music?

5.1 South Asian Music Understanding

Figure 2 presents accuracy scores across all three
benchmark subtasks for the 33 evaluated models.
Addressing RQ-1 and RQ-2, results indicate most
open-source models show limited understanding of
both the theoretical grammar and cultural knowl-
edge underlying Hindustani and Bengali classical
music, with Music Theory Understanding scores
remaining in the 23-40% range. Poor performance
on Music Continuation further extends this deficit
beyond theory to practical application of South
Asian musical grammar. Gemini 2.5 Pro substan-
tially outperforms all others across all three sub-
tasks (90.8%, 89.4%, 85.2%), followed by GPT-
40 and GPT-3.5, indicating Asian musical knowl-
edge, most open-source LLMs remain ill-equipped
for this culturally grounded domain while frontier
models exhibit emergent comprehension of South.
Several noteworthy observations:

* Scaling yields diminishing returns within fami-
lies. Within the Qwen2.5 family, the 32B, 14B,
and 7B variants score nearly identically on Music
Theory Understanding (36.2%, 36.8%, 35.6%),
and DeepSeek-R1-Distill Qwen 14B and 32B are
identical (39.3%), suggesting a performance ceil-
ing regardless of scale.

* Music Continuation is anomalously high for
some models. Several mid-tier models score

surprisingly high on Music Continuation de-
spite having a poor Music Theory Understand-
ing score (Qwen2.5-32B: 69.3%, Qwen2.5-14B:
60.8%), suggesting the task may be partially
solvable through surface-level pattern matching
rather than genuine musical reasoning.

* Reasoning ability does not substitute for musi-
cal knowledge. QwQ-32B-Preview, a reasoning-
focused model, underperforms GPT-3.5 on The-
ory Understanding (49.1% vs. 50.6%), indicat-
ing that general chain-of-thought reasoning does
not compensate for the absence of culturally
grounded musical knowledge.

* ChatMusician completely fails on South Asian
content. The only music-specific fine-tuned
model scores lowest across all subtasks (12.3%,
11.9%, 1.9%). Output inspection reveals ques-
tion repetition in Music Continuation and hal-
lucinated Bengali non-answers, confirming that
fine-tuning on Western ABC notation does not
transfer to South Asian traditions.

5.2 South Asian Music Generation
5.2.1 Automatic Evaluation

Figure 3 shows automatic evaluation scores for
the top 9 models across prompt levels L2-L5
(Level 1 excluded due to noisy, unconstrained
generations; see Appendix C). Gemini 2.5 Pro
achieves the best scores across all metrics, and its
pitch distributions most closely match the refer-
ence entropy of 2.86. Among open-source mod-
els, Cogito-vl-preview-llama-8B and DeepSeeck-
R1-Distill-Qwen-14B show relatively competitive
KL Divergence scores, though both are consider-
ably lagging behind Gemini 2.5 Pro. Scale Adher-
ence is near-perfect across models (90-100%), in-
dicating that pitch-level instruction following is not
the primary bottleneck. However, ABC Syntax Ac-
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and columns correspond to prompt levels (L2-L5). Darker colors indicate stronger performance for each metric.

curacy drops substantially for weaker models (Fig-
ure 3), pointing to a structural formatting failure
mode distinct from pitch control.

Levels 2 and 3 consistently achieve competi-
tive scores across all metrics (Table 6 shows mean
scores across levels). Level 3 introduces the ex-
plicit Rabindra/Nazrul style instruction in listwise
format, while Levels 4 and 5 added user expecta-
tion criteria and extended background on Indian
classical music respectively, showed no consid-
erable improvement even dropping performances
across most metrics for most models. This sug-
gests that beyond a moderate level of prompt speci-
ficity, additional information does not meaning-
fully enhance generation quality. Level 3 was
therefore selected as the representative prompt
level for human evaluation. Upon further inspect-
ing the raw abc notations, most open-source mod-
els showed generic and repetitive generations. One
example generation with Level 3 prompt for each
model is presented in Figure 8.

5.2.2 Human Evaluation

Table 2 presents human evaluation results. Gem-
ini 2.5 Pro achieves the highest scores across all
ordinal criteria (3.25-3.65), followed by Cogito-
v1-preview-llama-8B. Most open-source models
score below 2.5, indicating structurally parseable
outputs do not necessarily translate to perceptually
coherent or emotionally aligned melodies.

For Genre and Style Accuracy, Gemini 2.5 Pro
maintains strong adherence to the broader South
Asian classical genre (95%) but correctly generates
the Rabindra or Nazrul Sangeet style in only 40%
of cases (scoped within ABC notation’s expressive
ceiling as mentioned in Section 4.2.2), revealing
the central finding for RQ-3. Figure 5 shows that

for most models, the majority of generated out-
puts fall into no recognizable category, suggest-
ing that current LLMs can approximate the surface
characteristics of South Asian classical music but
lack the compositional specificity needed for faith-
ful stylistic control. It is worth noting that ABC
notation cannot approximate some raga-specific
gamakas such as meend and microtonal inflections,
which may partly contribute to the gap between
structural validity and stylistic faithfulness beyond
model limitations.

We computed Inter-Annotator Agreement (IAA)
across 3 annotators using Krippendorff’s o (Krip-
pendorff, 2011), mean weighted Cohen’s s (Cohen,
1960) for ordinal criteria (Structureness, Emotion,
Adherence, Harmoniousness, rated on a 1-5 scale),
and Fleiss’ k (Fleiss, 1971) for nominal criteria
(Genre Analysis and Style Analysis, treated as un-
ordered categorical labels). Majority agreement is
reported as the percentage of items where at least
2 of 3 annotators assigned the same label. For ordi-
nal criteria, both « and x indicates moderate agree-
ment for Structureness (o« = 0.437, k = 0.441)
and Harmoniousness (o« = 0.430, x = 0.431),
suggesting annotators share reasonable common
understanding of structural and harmonic quality,
with majority agreement of 83.2% and 81.6% re-
spectively. Adherence to instruction and Emotion
show weaker agreement (o« = 0.268-0.325), re-
flecting the inherently subjective nature of these
criteria. For nominal criteria, Genre Analysis and
Style Analysis show low « and x (o« = 0.152,
k = 0.151; o = 0.206, x = 0.204), yet the ma-
jority agreement remains high at 100% and 92.2%
respectively. This divergence indicates that the low
« is driven by the highly skewed label distribu-
tion of the generated outputs rather than by gen-
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Model Structureness Emotion Adherence Harmoniousness Genre Style
1-5)1 (1-5)1  to Instruction (1-5) 1 1-5) 1 Accuracy T Accuracy T
Gemini 2.5 Pro 3.65 3.42 3.25 3.53 0.95 0.40
GPT-40 2.96 2.18 2.35 2.77 0.75 0.40
GPT-3.5 2.43 2.12 222 2.97 0.50 0.25
Qwen2.5-32B-Instruct 1.50 1.33 1.55 1.62 0.05 0.05
Qwen2.5-14B-Instruct 1.95 1.35 1.60 2.05 0.00 0.00
DeepSeek-R1-Distill-Qwen-32B 2.07 2.18 2.17 225 0.55 0.25
Cogito-v1-preview-llama-8B 3.30 3.00 3.08 3.35 0.65 0.30
Qwen2.5-7B-Instruct 2.33 2.53 2.25 2.32 0.55 0.40
DeepSeek-R1-Distill-Qwen-14B 2.07 2.33 2.05 2.30 0.60 0.25

Table 2: Human evaluation results on 6 criteria. Columns 2-5 show average annotator scores on ordinal criteria
(1-5), columns 6-7 show majority-vote accuracy for Genre and Style Analysis.
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Figure 4: Pearson and Spearman correlations between each automatic evaluation metric and human Style Accuracy
across nine models (Level 3 generations). Each point represents one model; the dashed line shows the linear trend.

* indicates p < 0.05 and n.s. indicates not significant.
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Figure 5: Percentage of generated Styles (Rabindra,
Nazrul, None) for each model. Here, DS-Qwen =
DeepSeek-R1-Distill-Qwen, Qwen = Qwen 2.5 instruct
models

Criteria a K Majority agreement
Structureness 0.437 0.441 83.2%
Emotion 0.325 0.347 78.8%
Adherence 0.268 0.282 77.1%
Harmoniousness 0.430 0.431 81.6%
Genre Analysis  0.152  0.151 100%
Style Analysis 0.206 0.204 92.2%

Table 3: IAA across 6 criteria. a:: Krippendorft’s alpha,
x: mean weighted Cohen’s Kappa (ordinal) / Fleiss’
Kappa (nominal).

uine annotator disagreement, since annotators con-
sistently converged on the same label. Still, that
label was predominantly one category, confirming

that models genuinely failed to generate stylisti-
cally distinctive outputs rather than annotators be-
ing unable to classify them. Thus, answering RQ-
3: current LLMs demonstrate partial competence
in structural generation but fall substantially short
of faithful stylistic control in Bengali classical gen-
res, posing a critical open challenge for culturally
grounded music modeling.

We further examined whether improved musi-
cal understanding translates into improved gener-
ation quality in the models. Figure 6 shows Music
Theory Understanding and Music General Knowl-
edge have moderate positive correlations with ordi-
nal human evaluation criteria (Structureness, Emo-
tion, Adherence to instruction and Harmonious-
ness) (r = 0.35 — 0.67), suggesting stronger the-
oretical knowledge tends to produce structurally
sounder and emotionally richer outputs. However,
correlations with Genre and Style Accuracy are
weaker, and Music Continuation is essentially un-
correlated with Style Accuracy (r = —0.03), indi-
cating that structural recognition ability does not
predict generative stylistic competence.

Data Contamination Risk The ABC notation
scores were manually curated from documented
Swaralipi sources and were not publicly avail-
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able during the experimental period, making it un-
likely that the exact transcriptions were present
in the evaluated models’ training data. The gen-
erally limited performance of most open-source
models, together with the absence of consistent
scale-correlated gains within model families (Sec-
tion 5.1), provides further evidence against con-
tamination as the primary driver of the observed
results.

— 0.75
- 0.50

MGK -jel:: +0.35  +0.46 RCUNGN [ +0.50 +0.41 - 025

Pearson r

- 0

. I_ 0.25

1
Struct. Em. Adh. Har. Gen. Sty.
Human Evaluation Criteria Scores

MC - +0.31 +0.34 +0.37 +0.23 +0.12

Understanding Score (%)

Figure 6: Pearson correlation between Music under-
standing tasks vs Human evaluation criteria scores on
the generation task for the top 9 models. MTU=Music
Theory Understanding, MGK=Music General Knowl-
edge, MC=Music Continuation; the x-axis presents
structure, emotion, adherence to instruction, harmo-
niousness, genre, and style accuracy, respectively.

5.2.3 Limitations in Automatic Evaluation

To assess whether automatic metrics reliably cap-
ture stylistic faithfulness, we computed Pearson
correlations between each automatic metric and hu-
man Style Accuracy across all evaluated models
(Figure 4). Among five metrics, only KL Diver-
gence shows a statistically significant correlation
(r = —0.73, p < 0.05), yet even the strongest
model (Gemini 2.5 Pro) reaches only 40% style
accuracy. Scale Adherence and ABC Syntax Ac-
curacy show near-zero correlations (r = —0.41
and » = —0.06, both non-significant), models
achieving 99-100% Scale Adherence score as low
as 0% on Style Accuracy, confirming that syntac-
tic correctness is entirely uncorrelated with stylis-
tic faithfulness. Answering RQ-4, existing metrics
operate at the syntactic and pitch-distribution level
and can be satisfied trivially while producing out-
puts that annotators unanimously classify as stylis-
tically unrecognizable. Developing metrics sensi-
tive to raga-specific ornamentation and the com-
positional conventions of Bengali classical tradi-
tions remains an open problem needing significant
research efforts on its own. We present this gap
between automatic metrics and human judgments
as motivating evidence towards more culturally

aware evaluation of symbolic music generation.
We hope our benchmark and human-annotated ref-
erence scores provide a starting point for develop-
ing and validating such metrics.

6 Conclusion

We present a systematic evaluation pipeline of 33
open-source and frontier LLMs on South Asian
symbolic music understanding and generation,
through a Bengali classical music benchmark span-
ning music theory, cultural knowledge, symbolic
continuation, and ABC notation generation. Our
results reveal a pronounced capability gap: Gemini
2.5 Pro achieves 90.8%, 89.4%, and 85.2% across
the three understanding subtasks, while most open-
source models remain in the 23-40% range. How-
ever, we observed a critical gap between structural
generation competence and fine-grained stylistic
faithfulness: despite reaching 95% South Asian
genre adherence, the strongest model produces
recognizable Rabindra/Nazrul-style melodies only
40% of the time. Furthermore, existing auto-
matic metrics operating at the syntactic and pitch-
distribution level are insufficient for culturally
grounded evaluation, highlighting the need for re-
liable evaluation of non-Western symbolic music
as an open problem. These findings suggest that
while frontier LLMs offer a promising founda-
tion for low-resource South Asian music model-
ing, achieving faithful stylistic control and devel-
oping culturally grounded evaluation frameworks
for music generation remain critical challenges for
the field. We hope this benchmark and prompting
framework will serve as a template that future work
can extend to other raga-tala based or non-Western
traditions, rather than as a closed, comprehensive
account of South Asian music.

Limitations

In this work, the generation evaluation focuses ex-
clusively on two Bengali classical traditions, Ra-
bindra and Nazrul Sangeet, which, while culturally
significant and computationally underrepresented,
do not fully represent the breadth of South Asian
or even Bengali musical heritage. The scope of
the Music Theory Understanding subtask is simi-
larly constrained to Hindustani classical theory as
practiced in the Bengali tradition. Thus, results on
this benchmark should not be generalized to South
Asian music competence broadly. Our choice of
ABC notation, while motivated by both modeling
and data constraints, imposes a ceiling on stylis-
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tic faithfulness that is independent of model capa-
bility. This information loss occurs at two levels:
Swaralipi itself is a skeletal scaffold that hints at or-
namentation through hyphens and slur marks but
does not prescriptively encode gamakas, meend,
or microtonal inflections, as these are transmitted
through oral performance traditions. ABC nota-
tion further approximates these hints through grace
notes and ties, but continuous pitch glides and mi-
crotonal inflections remain inexpressible. Richer
formats such as MIDI or MusicXML could better
capture such ornamentations. Unfortunately, di-
rect conversion from Swaralipi into MIDI or Mu-
sicXML is infeasible because its solfege-based rep-
resentation lacks the absolute pitch and timing en-
codings required by these formats. Consequently,
reported style accuracy scores reflect faithfulness
within ABC’s expressive bounds, and the true gap
between generated outputs and authentic raga per-
formance practice may be larger than our evalua-
tion captures.
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A Musical Terminology

To support readers without formal training in mu-
sic theory, we briefly define the principal musical
terms used in this work. These definitions reflect
their usage in our benchmark and generation ex-
periments rather than exhaustive musicological de-
scriptions.

Raga. A raga is a melodic framework in South
Asian classical music that governs pitch usage,
characteristic melodic movements, ornamentation,
and expressive character. Ragas may share similar
pitch sets while differing in their melodic conven-
tions.

Tala (Taal). Tala is the cyclic thythmic organiza-
tion of South Asian classical music, consisting of
recurring patterns of beats and subdivisions. Taal
is an alternative transliteration of the same term.

Thaat. A thaat is a seven-note parent-scale sys-
tem used to classify ragas in Hindustani classical
music. Unlike a raga, it does not prescribe melodic
phrases, ornamentation, or expressive behavior.

Gamaka. Gamakas are melodic ornamentations
involving pitch movement, oscillation, and embel-
lishment. Many involve continuous or fine-grained
pitch changes that cannot be represented faithfully
in standard ABC notation.

Meend. Meend is a continuous glide between
pitches used in Hindustani melodic ornamentation.
Such continuous pitch movement cannot be repre-
sented precisely in ABC notation.

Pitch. Pitch refers to the perceived highness or
lowness of a musical sound. In this work, pitches
are represented as discrete note symbols in ABC
notation.
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Scale. A scale is an ordered collection of pitches
forming the basic pitch vocabulary of a piece. We
map the tonic Sa to C and use Scale C as the com-
mon symbolic reference.

Tonic (Sa). The tonic is the reference pitch rela-
tive to which other pitches are organized. In Hin-
dustani solfege it is called Sa, which we map to C
in our ABC transcriptions.

Swara. A swara is a musical note or scale degree
in South Asian music. The Hindustani syllables
Sa, Re, Ga, Ma, Pa, Dha, and Ni are mapped in our
transcription to C, D, E, F, G, A, and B, respec-
tively.

Swaralipi. Swaralipi is the notation system used
in the source scores considered in this study. It
primarily represents relative solfege and provides
schematic indications of some ornamentations.

ABC Notation. ABC notation is a plain-text
symbolic representation of pitch, duration, meter,
key, repetition, and related musical information.
Its discrete representation cannot fully capture con-
tinuous ornamentation or microtonal pitch move-
ment.

Time Signature. A time signature specifies how
beats are grouped within measures, such as 3/4. It
represents meter in our generation prompts but is
not equivalent to the cyclic rhythmic structure of
tala.

Ornamentation. Ornamentation refers to
expressive modifications or embellishments of
melodic notes. In South Asian classical music,
such pitch movements can contribute to raga and
stylistic identity.

Melody. A melody is an ordered sequence of
pitches and rhythms forming a coherent musi-
cal line. Our generation task produces symbolic
melodies conditioned on lyrics and musical con-
straints.

Lyrics. Lyrics are the textual words of a song.
Rabindra Sangeet and Nazrul Sangeet lyrics are
used as conditioning information in our generation
experiments.

Microtonal Inflection. A microtonal inflection
is a pitch variation outside the discrete semitone
divisions typically represented in Western notation
and ABC notation. Such variations are relevant to

raga performance but are approximated or omitted
in our representation.

Sthayi and Antara. Sthayi and antara are struc-
tural sections in Hindustani-derived vocal compo-
sitions. The sthayi serves as a recurring main
section, while the antara typically develops the
melody in a higher register before returning to the
sthayi.

Rabindra Sangeet. Rabindra Sangeet refers to
songs composed by Rabindranath Tagore and com-
bines influences from Hindustani classical music,
Bengali folk traditions, and Western music.

Nazrul Sangeet. Nazrul Sangeet refers to songs
composed by Kazi Nazrul Islam and draws exten-
sively on South Asian classical and other musical
traditions.

B Benchmark Examples

Table 4 shows one example per sub-task from the
South Asian Music Understanding Benchmark.

Music Continuation
198

Figure 7: Number of questions per sub-theme

C Prompts for Music Generation

Table 5 shows the exact curated 5 level of prompts
with increasing amount of details following the
TELeR taxonomy (Santu and Feng, 2023) for mu-
sic generation in ABC notation. The meta-data that
was provided were lyrics, theme, time signature
from the original songs. Since the official Bengali
Swaralipi notation system represents pitches using
solfege syllables (3T, G, o1, &, =i, 4T, fq) relative
to a tonic without specifying an absolute pitch, a
mapping convention was required during the man-
ual transcription of Swaralipi scores into ABC no-
tation. As ABC notation requires an explicit key
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Benchmark Sub-Task Example

Music General Knowledge
A. IR
B. =&
c. ot
D. T

23 NI LA BT 3T IAT?

What is the correct answer? Strictly output only the answer as option A or B or C or D in this following format:

[[Answer:]]
Translation:

Where was Thumri music first popularized?

A. Benares
B. Agra

C. Delhi

D. Lucknow

Music Theory Understanding AT% 1oy F%7?

A. 518 FUET o [E@H F9 I @Y e 7foo zmam

B. 515 (331 WA 2|
C. 5163 ST g so B

D. 5o 5 315 (AIF3 7e A AR

What is the correct answer? Strictly output only the answer as option A or B or C or D in this following format:

[[Answer:]]
Translation:

Which of the following is not true?

A. A Thaat is never composed with fewer or more than seven notes.
B. A Thaat is only descending in nature.

C. There are only 10 Thaats.

D. All ragas originate from these 10 Thaats.

Music Continuation
X:1
T: =7 YK Pt
M: 3/4
K:C
: (D2F-F)D2|(F2G) | A3 |
|(DF-F)D2|(F2G)| A3 |

Please select the most matching melody continuation segment based on the entered melody:

|A2 (A_B|A) (GF) | (FG) (GAIG) (FE)
[(EFE)|(DC_BA2)| (A, C2-C) (CD)|

A.|BcB AB ABA | (GA G3)| GA GFED | EG3 GG |
|ABcced|c3|CCDEF|(FGFE3)|

|FG {G}AG F| ({F}GF E2) DC | D EF {D}E DED | C4 |

B.|(EF)(E|D)D2|{D}C3-C3:|

|G2G-GG2|A3|G3|
|[E(EG)|GG2|A3|G3|

[(GA)(Alc) (cd)|c_B3| AAG2 |

C.|(GAG)F|EF2-F2D_E|_E(ED)|
|z2CD|D (CB,) |: C ({BJCD_E)| _ED2|
ID(D _E)|FG2|F(F_E)|D([D_EF_E)|
D.|_A2_A2|B2cc|_d3c|(cB-c) (B-_A):

|(Ld3-C)|c_Bc_B(_B_A)|

Table 4: Examples from each of the subtasks of the South Asian Music Understanding Benchmark used for eval-
uating Music General Knowledge, Music Theory Understanding, and Music continuation. Figure 7 shows the

distribution of questions across sub-themes.

signature declaration (K:), we adopted the conven-
tion of mapping 3T (Sa, the tonic) to C, yielding the
correspondence: AT=C, (=D, NI=E, FI=F, A1=G,
g1=A, f8=B. All 100 ground truth ABC notations
were transcribed under this fixed mapping, result-
ing in all scores being rooted in Scale C. Conse-
quently, all music generation prompts were con-
strained to Scale C to ensure a consistent and fair
basis for comparison between the generated out-
puts and the ground truth scores.

D Answer Extractor

Model responses were first stripped of the origi-
nal prompt when necessary to avoid matches from
the question or answer choices. Explicit answer
declarations were then identified using regular-
expression patterns, including forms such as “[[An-
swer: C]]”, “The correct answer is B”, and “Op-
tion D is correct”. If no explicit declaration was
found, standalone mentions of A—D were counted
and the most frequent option was selected. Ties
or responses with no valid option were marked as
ambiguous. Ambiguous cases were subsequently
checked manually.
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Level Prompt

Level 1 — Minimum Details

Generate a melody in ABC notation for the full lyrics [lyrics].

Level 2 — Moderate Details

Generate a melody in ABC notation for the full lyrics [lyrics], in Scale C with 3/4 time signature, without any comments and

empty lines. The song will have a indian classical music theme and cover the theme of the lyrics which is about [theme] and
feature instruments used in indian classical music. The song should be about 2-3 minutes length.

Level 3 —Moderate Listwise
Details

[ e R S A

[Lyrics]

Generate a melody in ABC notation for the given lyrics by performing the following tasks:

. Ensure the melody adheres to a Indian classical music style.

. It should sound like a [Rabindra/Nazrul] Song.

. Use Scale C and [time signature] time signature.

. Strictly generate just notations, avoid any comments and extra line.

. Cover the lyrical theme: [theme], ensuring the output spans ~2-3 minutes in play length.
. The music should feature instruments used in indian classical music.

Level 4 - Significant Details
+ User Expectation

Level 3 prompt +
A good output should:

* Be musically coherent and playable.
¢ Clearly reflect the theme [theme].

« Maintain stylistic authenticity of Indian classical music.

¢ Be structured in valid ABC notation syntax.

Lyrics:
[lyrics]

Level 5 — Maximum Details Level 4 prompt +

Additional background: Indian classical music typically involves raga-based melodies which works with a specific set of
notes, ornamentations (gamakas), microtonal variations and an emotional or spiritual mood that matches the lyrics well and
rhythmic cycles (taals). Unlike Western classical music, Indian classical tradition emphasizes monophonic texture -centered
on melodic development rather than harmonic progression.

Lyrics:
[lyrics]

Table 5: Prompt levels for ABC melody generation from lyrics.

Metric L2 L3 L4 L5

KL Divergence (]) 3911 4320 4232 3971
Repetition Rate (1) 0.047 0.196 0.107 0.080
Scale Adherence (1) 0901 0.923 0.860 0.884
Pitch Histogram Entropy 2477 2300 2394 2411
ABC Syntax Accuracy (1) 0.438 0520 0397 0.434

Table 6: Mean automatic evaluation scores across all
9 models per prompt level (L2-L5). Repetition Rate,
Scale Adherence and ABC Syntax Accuracy are pere-
sented as a proportion of the total samples bounded be-
tween (0-1).

E Automatic Evaluation Metrics

E.1 KL Divergence

KL Divergence measures the difference between
two probability distributions, with lower values in-
dicating greater similarity. We computed it be-
tween the pitch distributions of the original and
generated ABC notation scores as a reference-
based metric. Pitches were extracted using a reg-
ular expression matching note names (A-G), oc-
tave modifiers, and accidentals, then normalized
by removing octave indicators and converting note
names to uppercase. KL Divergence was com-
puted according to Equation 1. A smoothing term

of € = 107!0 was added to both distributions be-
fore normalization to avoid zero probabilities. We
report the average KL Divergence across all song
pairs for each model and prompt level.

P(x)
Q)

Dy (P|Q) =) P(x)log (1)

E.2 Pitch Histogram Entropy

Pitch Histogram Entropy measures the diversity of
pitch usage in a melody, with higher values indicat-
ing amore varied and evenly distributed pitch-class
usage. Pitches were extracted from each generated
ABC score and normalized as described above. En-
tropy was computed according to Equation 2, and
we report the average across all generated scores
for each model and prompt level.

H=-) P(z)log, P(x) 2)

E.3 Repetition Rate

Repetition Rate measures the proportion of gener-
ated scores containing explicit repeat signs, with
higher values indicating greater use of structured
musical repetition. For each generated ABC score,
we checked for the presence of the repeat sign | :.
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Repetition Rate was computed according to Equa-
tion 3, and we report the proportion of scores con-
taining at least one repeat sign for each model and
prompt level.

# of scores containing | :

Repetition Rate = 3)

Total scores

E.4 ABC Syntax Accuracy

ABC Parse Success Rate measures the proportion
of generated scores that are syntactically valid and
parseable as ABC notation. Each generated score
was parsed and converted to MIDI using the mu-
sic21 library®. Scores producing a valid MIDI file
were counted as successful parses, while conver-
sion failures were counted as unsuccessful. ABC
Parse Success Rate was computed according to
Equation 4. Successfully parsed files were subse-
quently converted to WAV audio using FluidSynth®
with a SoundFont file for downstream human eval-
uation. We report the parse success rate for each
model and prompt level.

# of successfully parsed scores

(C))

Parse Success Rate =
Total scores

E.5 Scale Adherence

Scale Adherence measures the proportion of gen-
erated scores that conform to the specified target
scale. Since all prompts specified Scale C, we de-
fined the allowed pitch set as the C major scale {C,
D, E, F, G, A, B} together with the permitted flat
pitches {bE,bA,bB}. Pitches were extracted and
normalized as described above. A score was con-
sidered scale-adherent only if every extracted pitch
belonged to the allowed set, with any sharp (7) or
natural sign (=) marking the score as non-adherent.
Scale Adherence was computed according to Equa-
tion 5. We report the proportion of scale-adherent
scores for each model and prompt level.

N, adherent to Scale C (5)

Scale Adherence =
N, total

F Generation Examples

Figure 8 presents representative ABC notation gen-
erations from the top nine evaluated models using
the Level 3 prompt.

G Annotation Guideline
Annotators were briefed about the project and data
use, provided consent, and no personal information

’https://music21.org/music2idocs/
*https://github.com/FluidSynth/fluidsynth

was collected. Each annotator received 180 gener-
ated audio samples organized into nine anonymous
model folders, together with a corresponding Ex-
cel annotation file and the instructions reproduced
below.

1. Folder and sheet organization: The
Audio files folder contained nine anonymous
subfolders with 20 generated samples each. Each
subfolder corresponded to a matching sheet in
annotator#.xlsx.

2. Annotation procedure: For each row in the
spreadsheet, annotators located the corresponding
audio file, read the generation prompt, listened to
the sample, and completed the remaining fields us-
ing the criteria below.

Note: The generated melodies could differ sub-
stantially from the original Rabindra or Nazrul
songs. Annotators therefore evaluated each sam-
ple according to its alignment with the provided
prompt, theme, and lyrics rather than similarity to
the original melody.

Annotation Guideline: Given the prompt and
corresponding generated melody, annotators eval-
uated the following criteria.

Structureness Does the melody contain clear
structural sections such as:

* sthayi (‘31%), the recurring base section.

* antara (S), a contrasting section that typ-
ically develops the melody before returning to
the sthayi.

Genre Analysis Can the melody be classified
as Indian classical music based on characteristics
such as microtones, ornamentation/gamakas, and
intricate melodic movement? Answer Yes or No.

Style Analysis Does the melody resemble Ra-
bindra Sangeet (II1F SH1S) or Nazrul Sangeet
(TP ﬂﬁlo)? Answer Rabindra, Nazrul, or
None.

Emotion Does the emotion of the melody align
with the lyrics?

Adherence to Instruction (REL) How closely
does the melody follow the generation instruc-
tions?

Harmoniousness Is the melody in tune, harmo-
nious, and musically engaging?

The four ordinal criteria were scored using the
five-level rubrics summarized in Table 7.
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Gemini 2.5 Pro
X: 1 X:1 B
T: Tomar Preme Shondeho Mor T:Najrul Melody T:Tumi Shundor Tai Cheye Thaki
C: Nazrul Geeti Style M:3/4 M:3/4
M: 3/4 L:1/8 L:1/8
L: 1/8 K:C Q:1/4=76
Q: 1/4=85 G>A B>c d2| e2 d2 c>d| ede e>f g2| e2 d2 K:C
K: Cm G2| C2 E2 G2 | A2 G2 F2 | E2 D2 C2 | C4 z2 |
Va1 d>d d>e f2| g>g f>e d2| d>d e>f g2| e2 d4| G2 A2 B2 | C'2 B2 A2 | G2 F2 E2 | C4 z2 |
l: G2A BcB| AGF2 E2 | DEFGAB | e>f g>a z2| e>f g>a z2| d>d e>f g2| e2 d4| C2 D2 E2 | F2 G2 A2 | G2 F2 E2 | D4 z2 |
AGF _ED2 | C6 :| G>A B>c d2| e2 d2 c>d| e>e e>f g2| e2 d2 E2 G2 A2 | B2 A2 G2 | F2 E2 D2 | C4 z2 |
|: g2f ede |l fgagfeldc_BAG2 G2| E2 F2 G2 | A2 B2 C'2 | B2 A2 G2 | F4 z2 |
| F_EDCB,2 | A,6 :| d>d d>e f2| g>g f>e d2| d>d e>f g2| e2 d4| C2 D2 E2 | F2 G2 A2 | G2 F2 E2 | C4 z2 |
|: ¢c'2 bagal bc' d c'" balgtf e>f g>a z2| e>f g>a z2| d>d e>f g2| e2 d4l
_edcB | AGF _ED2 | C6 :| G>A B>c d2| e2 d2 c>dl
|: G2A BcA|GF E2D2 | CD _EFGA
| G2F EDC | C6 :|
X:1 Qwen2.5-14B
T:Najrul Song X:1
M:3/4 T:Najrul Song Melody
L:1/4 L:1/4 :
K:C K:C Q:1/4=120
C4C2|C2C21G2G2|A2A2|G2G2|F2F2|E2E2|D2D2| G|:C G A2 Bl G2 C2 B A2 G2 | C2 G2 B A2 G2 C3 G3 G3 A3 A3 A3 G3 F3 F3 E3 E3 E3 D3 C3|
C4C2|C2C2|G2G2|A2A2|G2G2|F2F2| E2E2|D2D2| | C3 G3 G3 A3 A3 A3 G3 F3 F3 E3 E3 E3 D3 C3|
G2G2|A2A2|G2G2|F2F2|E2E2|D2D2|C2C2|C2C2| C2 G2 B A2 G2 | C2 G2 B A2 G2 | C2 G2 B A2 C3 G3 G3 A3 A3 A3 G3 F3 F3 E3 E3 E3 D3 C3|
C4C2|C2C2|G2G2|A2A2]G2G2|F2F2|E2E2|D2D2| G2 | C3 G3 G3 A3 A3 A3 G3 F3 F3 E3 E3 E3 D3 C3|
G2G2|A2A2|G2G2|F2F2|E2E2|D2D2|C2C2|C2C2| C2 G2 B A2 G2 | C2 G2 B A2 G2 | C2 G2 B A2 C3 G3 G3 A3 A3 A3 G3 F3 F3 E3 E3 E3 D3 C3|
C4C2|C2C21G2G2|A2A2|G2G2|F2F2|E2E2|D2D2| G2 | C3 G3 G3 A3 A3 A3 G3 F3 F3 E3 E3 E3 D3 C3|
G2G2|A2A2|G2G2|F2F2|E2E2|D2D2|C2C2|C2C2| C2 G2 B A2 G2 | C2 G2 B A2 G2 | C2 G2 B A2
C4C2|C2C21G2G2|A2A2|G2G2|F2F2|E2E2|D2D2| G2 |
C4C2|C2C21G2G2|A2A2|G2G2|F2F2|E2E2|D2D2| C2 G2 B A2 G2 | C2 G2 B A2 G2 | C2 G2 B A2

G2 |

C2 G2 B A2 G2 | C2 G2 B A2 G2 | C2 G2 B A2

G2 |
X:1 X: 1 X:1
T:Najrul Style Melody C: Shiraz T:Najrul Song
M:3/4 M: 3/4 M:3/4
L:1/8 L: 1/4 L:1/4
K:C K: C Q:1/4=60
V:V1 clef=treble ICBBCDCEFGABCI X:C
G3 G3 G3 | F3 E3 D3 | €3 C3 C3 | B3 A3 G3| CDEFGABCI1CDEFGABCI CCEGGAGC |
A3 A3 A3 | G3 F3 E3 | D3 D3 D3 | C3 C3 C3| CDEFGABC|CDEFGABCI CFFAABBAC|
B3 A3 G3 | F3 E3 D3 | C3 C3 C3 | B3 A3 G3| DCDCEFGA|BCDCETFGA| FGGAABBAGC|
G3 G3 G3 | F3 E3 D3 | C3 C3 C3 | B3 A3 G3| CDEFGABCI|CDEFGABCI FEEDCCBAGC |
A3 A3 A3 | G3 F3 E3 | D3 D3 D3 | C3 C3 C3| DCDCEFGA|BCDCETFGA| EEGGAGFEDC |
B3 A3 G3 | F3 E3 D3 | C3 C3 C3| CDEFGABC|CDEFGARB EDCCBAAGGAC |

CGAGFEDCC |
CCEGGAGCC

Figure 8: Representative ABC notation generations from the top nine evaluated models using the Level 3 prompt.

Score Description
§ Unstructured The melody is linear and repetitive, with no clear return point or section contrast. No identifiable sthayi or antara.
S Slightly Structured There are minor variations or pauses suggesting different ideas, but sections are not clearly distinguished or cyclic.
E Moderately Structured The melody shows partial organization—a recognizable main idea (sthayi) with one contrasting section, though transitions
5 may be unclear.
% Well Structured The melody clearly alternates between sthayi and antara, with evident octave or lyrical variation before returning to the base
theme.
Highly Structured The melody exhibits strong, distinct sections—sthayi and antara are clearly defined, cyclic, balanced, and thematically
coherent throughout.
Not Aligned at All The melody conveys a completely different or conflicting emotion compared with the lyrics.
_E Weakly Aligned A few emotional cues match, but overall the melody feels disconnected or mismatched with the lyrical sentiment.
2  Moderately Aligned The melody captures the general mood but lacks depth or consistency in expressing the intended emotion.
5 Well Aligned The melody successfully supports and enhances the lyrical emotion, showing consistency in tone and phrasing.
Strongly Aligned The melody deeply embodies the lyrical emotion; dynamics, phrasing, and tonal quality reinforce the sentiment of the lyrics.
o« Notat All The melody ignores the provided instructions entirely, with incorrect scale, rhythm, emotion, structure, or unrelated content.
g Slightly Adhering Some aspects of the instructions are present, but major elements such as theme or mood are missing or inconsistent.
@ . . . .. .
5 Moderately Adhering The melody reflects several key aspects of the instructions but lacks precision or full consistency.
£ Well Adhering The melody follows most instructions accurately, including scale, time signature, and thematic relevance, with minor
< deviations.
Fully Adhering The melody strictly and consistently follows all instructions with high fidelity and musical coherence.
§ Not Harmonious The melody sounds off-key, dissonant, or unpleasant, with frequent pitch clashes.
% Weakly Harmonious Some notes or intervals fit the scale, but tuning inconsistencies or awkward jumps make the melody sound rough or
_3 unbalanced.
g Moderately The melody generally stays in tune and follows harmonic expectations but lacks richness or engaging transitions.
£  Harmonious
E ‘Well Harmonious The melody is tuneful and balanced; intervals and phrasing flow naturally with few discordant moments.
Highly Harmonious & The melody is in tune, musically rich, emotionally engaging, and maintains consonance, variation, and aesthetic appeal
Engaging throughout.

Table 7: Five-level annotation rubrics for the four ordinal human-evaluation criteria: Structureness, Emotion, Ad-
herence to Instruction, and Harmoniousness.
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