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Abstract

Large Multimodal Models (LMMs) excel in
general tasks but struggle with specialized,
structured cultural symbols. We introduce BoY-
aEval, the first comprehensive benchmark dedi-
cated to deciphering diverse Ancient Chinese
musical notations, including five types of an-
cient Chinese music notation systems. These
systems utilize unique spatial layouts and spe-
cialized ideograms to encode pitch and intri-
cate playing techniques. BoYaEval comprises
3,175 high-quality images across these nota-
tion styles and establishes a three-tier evalua-
tion: Structural Parsing (symbol recognition),
Instructional Translation (technique mapping),
and Musical Reasoning (melody derivation).
We evaluate 22 leading LMMs. Results in-
dicate that while models perform adequately
in basic recognition, they fail in cross-system
compositional logic, scoring only around 27%
on reasoning tasks. BoYaEval highlights the
limitations of current LMMs in processing di-
verse spatial-symbolic dependencies, bridging
the gap between ancient wisdom and modern
Al for digitizing intangible cultural heritage.

1 Introduction

The advent of Large Multimodal Models (LMMs),
exemplified by GPT-40 (Hurst et al., 2024) and
Gemini, has revolutionized the field of document
intelligence (Luo et al., 2024; Hu et al., 2024).
These models demonstrate remarkable proficiency
in parsing standard structured documents, such as
mathematical formulas, statistical charts, and mod-
ern musical scores (e.g., Western staff notation) (Li
et al., 2024a; Ding et al., 2025). However, the ambi-
tion of Artificial General Intelligence (AGI) is not
merely to process contemporary data but to bridge
the temporal gap, decoding the vast repository of
human civilization’s historical records. Despite
their success in general domains, current LMMs
face a significant "cultural gap" when confronted

with specialized, non-Western, and historical sym-
bolic systems .

We argue that Ancient Chinese Musical Scores
represent one of the most challenging frontiers for
multimodal understanding. Unlike Western staff
notation, which primarily visualizes pitch and du-
ration on a linear timeline, ancient Chinese nota-
tions—such as Guqin Jianzipu (reduced-character
notation), Gongchepu, and Suzipu—function as
complex instructional algorithms. For instance, a
single Jianzipu character is not a phonetic word but
a composite ideogram spatially compressing infor-
mation about string number, finger position, pluck-
ing technique, and tonal modification. As shown
in Figure 1, deciphering these scores requires a
Large Multimodal Model to perform simultaneous
spatial parsing, semantic decompression, and cross-
modal reasoning from visual symbols to auditory
or gestural intent.

Existing benchmarks for document understand-
ing (e.g., DocVQA (Mathew et al., 2021), Math-
Vista (Lu et al., 2023)) focus heavily on text-
heavy or diagrammatic data, neglecting the intri-
cate spatial-symbolic dependencies found in intan-
gible cultural heritage. Consequently, the capabil-
ity of state-of-the-art models to preserve and dig-
itize these endangered musical traditions remains
unknown. To systematically probe the depth of
multimodal understanding, we propose a novel
three-tier evaluation hierarchy that mirrors the cog-
nitive process of interpreting ancient scores: (1)
Structural Parsing challenges models to disentangle
the complex spatial layout of composite ideograms,
requiring fine-grained visual perception to sepa-
rate interlocking radicals (e.g., distinguishing the
"thumb" technique from the "string seven" posi-
tion) (2) Instructional Translation assesses Cross-
modal semantic grounding, where models must
map abstract visual symbols to executable physical
instructions (e.g., translating a glyph into "Pluck
the 7th string with the thumb at the 9th hui") (3)



Western Staff Notation

Western staff notation is a linear, abstract symbolic system centered on a pitch-time axis to record "the sound heard" , ancient
Chinese notation functions as a spatial tablature based on the structural composition of Chinese characters, primarily recording
execution commands of the performer
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Figure 1: Overview of the BoyaEval benchmark. The framework highlights the fundamental differences between

Western staff notation and ancient Chinese systems.

Musical Reasoning evaluates high-level logical in-
ference, requiring the synthesis of visual cues with
domain-specific musicological knowledge to derive
underlying melodies and rhythms.

Experimental results reveal that while current
LMMs (e.g., GPT-40) are competent in surface-
level parsing, they exhibit severe deficits in com-
positional musical reasoning. Addressing these
limitations, this work makes the following contribu-
tions: (1) Releasing BoYaEval, the first multimodal
benchmark for Ancient Chinese Music, containing
five types of ancient notations (Jianzipu, Wenzipu,
Suzipu, Gongchepu, and Lulupu) (2) Establishing
a three-tier evaluation hierarchy to probe symbolic
understanding depth (3) Offering a granular diag-
nosis of spatial reasoning failures in non-linear
ideograms (4) Advocating for "Al for Culture" to
advance the digitization of intangible heritage

2 BoYaEval: Dataset Construction and
Analysis

To rigorously evaluate LMMs on ancient Chinese
music understanding, we construct BoYaEval, a
comprehensive benchmark encompassing diverse
notation systems and varying levels of cognitive
difficulty. The construction process involves three
phases: raw data acquisition, expert annotation,
and task formulation.

2.1 Data Collection and Preprocessing

To construct a high-quality corpus, we collaborated
with musicologists from the Anonymous Conser-
vatory of Music to curate data from two primary
authoritative sources. First, we obtained digitized
manuscripts from seminal anthologies, such as the
Shen Qi Mi Pu (1425 AD) and Ju Xian Qin Pu, en-
suring the inclusion of authentic historical glyphs.
Second, to establish ground truth for evaluation,
we incorporated scholarly publications that provide
parallel translations of these ancient scores into
modern staff or numbered musical notation.

Following collection, we manually cropped the
documents into snippet-level images to maximize
visual clarity and remove irrelevant marginalia.
Crucially, to mitigate potential data contamina-
tion in Large Multimodal Models (LMMs), our
selection process prioritized rare editions and spe-
cialized academic resources that are unlikely to
be present in standard web-crawled pre-training
datasets.

2.2 Terminology of Ancient Chinese Notations

To provide a clear taxonomy for our benchmark,
we introduce the five primary notation systems in-
cluded in BoyaEval and detailed examples can be
found in Figure 1:



Wenzipu (Textual Notation) Wenzipu is the ear-
liest form of Gugin notation, dating back to the
Tang Dynasty and earlier. It is a "positional sys-
tem" that uses full Chinese characters to provide
a narrative, prose-like description of finger move-
ments and string positions (e.g., "The left thumb
presses the seventh string at the tenth fret"). Due
to its extreme verbosity, it is often referred to as
"Method Notation" (Shoufapu).

Jianzipu (Reduced-glyph Notation) Evolved
from Wenzipu, Jianzipu is a revolutionary "instruc-
tional algorithm" specifically for the Gugin. It uti-
lizes composite ideograms formed by reducing and
stacking radicals of Chinese characters. Each glyph
encodes four dimensions of information: the finger
of the left hand, the fret position, the string number,
and the right-hand plucking technique.

Suzipu (Popular Character Notation) Com-
monly found in the Song and Yuan Dynasties,
Suzipu is a shorthand, pitch-based system used pri-
marily for folk songs and vocal melodies. It em-
ploys ten simplified, cursive-style characters (e.g.,
Shao, Ye, Zha) to represent specific notes, serving
as a precursor to the more standardized Gongchepu.

Gongchepu (Gong-Che Notation) Named af-
ter two of its core pitch symbols, "Gong" and
"Che", this was the dominant notation system dur-
ing the Ming and Qing Dynasties. It functions as
a character-based solfege system and was widely
applied across diverse genres, including traditional
opera (Xiqu) and instrumental ensembles.

Lulupu (Standard Pitch Notation) Literally
meaning "Standard Pitches," Liiliipu (Lulupu) is
a formal pitch-based system that utilizes the first
characters of the Twelve-tone Equal Temperament
(the Shier Liilii). Because of its rigid and formal
nature, it was primarily restricted to court ritual mu-
sic (Yayue) and sacrificial ceremonies rather than
secular performance.

2.3 Task Formulation

As shown in Figure 1, BoYaEval is structured
around three hierarchical tasks.

Task 1: Structural Parsing (Symbol Recogni-
tion) This task evaluates the fundamental visual
perception capabilities required to process ancient
notation. Unlike modern staff notation, which pri-
marily visualizes pitch and duration on a linear
timeline, ancient systems like Jianzipu (for Guqgin)

function as complex logograms. In these systems,
a single character spatially compresses multiple
pieces of information, such as string numbers, fin-
ger positions, and specific plucking techniques.

As shown in the left part of the Figure 2, we
formulate this task as a multiple-choice visual ques-
tion answering (VQA) problem. For data construc-
tion, we extracted unique symbols from digitized
scores of Guqin and Kunqu opera. Each sample
consists of a cropped image of a single notation
symbol and a corresponding question asking for its
structural decomposition or specific meaning.

To ensure a rigorous evaluation, we employed
a hard-negative strategy for distractor generation.
Instead of random incorrect options, distractors are
constructed by substituting radicals with visually
similar components—such as confusing the radical
for "Thumb" with "Index Finger"—or using pho-
netically related characters. This design forces the
model to perform fine-grained visual discrimina-
tion rather than relying on coarse image features or
linguistic priors.

Task 2: Instructional Translation (Semantic Un-
derstanding) Moving beyond visual syntax, this
task assesses the model’s semantic understanding
of the operational instructions encoded within the
score. As shown in the Figure 2 (middle part),
we frame this as an image-to-text generation task
where the model must generate a natural language
description of the performance technique. We
established an expert annotation pipeline involv-
ing experts to provide detailed textual descriptions
(e.g., "Pluck the seventh string inward with the
right middle finger..."). A senior musicology pro-
fessor reviewed these to verify accuracy. This task
tests if MLMMs can bridge the gap between ab-
stract visual representation and concrete musical
execution.

Task 3: Musical Reasoning (Melodic Derivation)
The final task evaluates the model’s ability to syn-
thesize visual cues with domain-specific logic to
derive the actual melody. As ancient scores often
utilize tablature systems, determining the melody
requires reasoning based on instrument tuning and
relative intervals. As shown in the right part of
Figure 2, we designed multiple-choice questions
where the input is an ancient score snippet and the
options are segments of modern melody. Distrac-
tors include subtle melodic or rhythmic alterations.
The model must implicitly "play" the music by ap-
plying tuning rules and notation logic to infer the
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+Phrase 1: Harmonics (Fayin): Use the
leftindex finger to touch the 7th hui (fret
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performs "Mo" (inward stroke with middle
finger) and "Gou" (inward stroke with
middle finger) on the 4th and 5th
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Figure 2: Illustrative examples of the three hierarchical tasks in the BoyaEval benchmark.

corresponding modern music notation.

2.4 Dataset Analysis and Statistics

Due to the inherent scarcity of preserved
manuscripts and the high barrier to entry for inter-
pretation, constructing a large-scale corpus for this
domain is exceptionally challenging. Consequently,
we curated a high-quality, expert-annotated dataset
comprising 3,175 samples, meticulously sourced
from rare manuscripts and authoritative antholo-
gies, as shown in Table 1. The dataset is structured
into three distinct tasks designed to evaluate the
model’s capabilities from fundamental visual per-
ception to high-level musical reasoning.

The first two tasks focus on foundational skills:
Structural Parsing (503 samples) evaluates basic
symbol recognition and historical theory, focusing
on the fundamental identification of notation sym-
bols. Instructional Translation (1,426 total sam-
ples) assesses the model’s semantic understanding
of operational instructions, requiring it to interpret
complex compound ideograms across Gongchepu,
Lulupu, and Jianzipu. The final and most challeng-
ing component is Musical Reasoning (Melodic
Derivation), which constitutes the largest portion
of the dataset with 1,246 samples (approx. 39%).
This task evaluates the model’s ability to synthesize
visual cues with domain-specific logic to derive the
actual melody. We prioritize this category because
it represents the ultimate goal of computational
musicology: reconstructing sound from "silent his-
tory".

Quality over Quantity: Expert Annotation
The ground truth was established by three musicol-
ogy scholars, each with over 10 years of experience.
The annotation process involved cross-referencing

historical treatises (Qupu) to resolve ambiguities.
To ensure a "Gold Standard" reliability, we quan-
tified the inter-annotator agreement using Fleiss’
Kappa (). Let IV be the total number of samples, n
be the number of annotators (n = 3), and k be the
number of categories. The agreement is calculated
as: _
5 = P;{De (1)
1-PF,
where P is the mean of the extent to which annota-
tors agree for the ¢-th sample, computed as:

2
>

and P, represents the expected agreement by

chance: i}
Fo=)_p;
=1

In these equations, n;; represents the number of
annotators who assigned the i-th sample to the j-
th category, and p; denotes the proportion of all
assignments to the j-th category. Our evaluation
yielded a x value of 0.95, indicating almost perfect
agreement and validating the dataset’s consistency.

3)

Data Characteristics and Challenges Beyond
standard character recognition, our corpus pre-
serves intrinsic visual noise such as substrate aging
and ink bleed. Crucially, the dataset is charac-
terized by a heavy-tailed distribution of symbol
complexity, explicitly curating few-shot exemplars
of obscure stylistic variants. This poses a signifi-
cant challenge for representation learning, requir-
ing models to generalize from sparse data while
maintaining invariance to severe visual degrada-
tion.



Task 1 Task 2 Task 3
Structural Parsing Instructional Translation Musical Reasoning
(Symbol Recognition) (Semantic Understanding) (Melodic Derivation)
Historical Theory ‘ Gongchepu  Lulupu Jianzipu ‘ Ancient-Modern Notation Mapping

Multiple-Choice Questions‘Recognition Recognition Translation

\ Ancient — Modern Modern — Ancient

503 | 943 164

319 ‘ 1,046 200

Table 1: Detailed statistical breakdown of the BoyaEval benchmark across its three-tier hierarchical evaluation
framework. The dataset comprises 3,175 total samples meticulously curated from historical manuscripts.

Task 1 Task 2 Task 3
Type Model Name Knowledge Recognition Translation Reasoning
Acc. BLEU BS BLEU BS Acc.
Moonshot V1 Vision Preview 58.05 2.38 5.77 1.16 19.85 27.29
Kimi Latest 58.25 4.11 5.97 0.36 19.82 27.29
Gemini 2.5 Flash 57.65 1.84 7.66 2.14 17.72 29.05
InternVL2-78B 61.03 7.11 37.87 026 2477 -
GLM-4.6V 60.04 13.89 4223 097 13.89 28.25
Instruct GPT-40 49.40 422 4628 0.67 2190 26.89
Qwen3-VL-8B-Instruction 56.86 0.14 3445 0.78 36.77 24.56
Qwen3-VL-30B-Instruction 61.43 0.07 26.06 0.39  43.76 29.13
Qwen3-VL-235B-Instruction 63.62 645 2963 503 44.29 28.33
Seed-1.6 64.40 1530 4263 553 4043 26.08
Qwen-VL-Max 61.00 7.88 4180 9.99 4947 27.61
Gemini 2.5 Pro 59.40 30.48 60.57 4.28 38.45 29.94
GPT-5 54.40 2.25 3.82 1.48 14.21 20.87
Gemini 2.5 Flash Thinking 59.24 5.03 6.49 2.70  29.28 26.48
GLM-4.6V Thinking 63.02 9.08 4159 0.23 15.48 28.57
Qwen3-VL-8B-Thinking 60.04 384  37.82 128 2698 26.40
Thinking  Qwen3-VL-Plus 64.20 726 4242 057  26.62 26.32
Qwen3-VL-235B-Thinking 64.81 528 4222 0.86 29.96 25.60
Qwen3-VL-30B-Thinking 61.03 232 3405 9.81 49.03 25.36
Seed-1.6 Thinking 65.20 17.51 46.72 407 3495 27.85
Gemini 2.5 Pro Thinking 61.40 30.29 6192 434 37.03 30.18

Table 2: Main results on BoYaEval. We report Accuracy (%) for Knowledge and Reasoning tasks. For Recognition
and Translation, we report BLEU and BERTScore F1 (BS). The best performance in each category is marked in
bold, and the second best is underlined. InternVL2 does not support processing more than four images; therefore,
it cannot be evaluated on music reasoning tasks in which both the problem statement and each candidate option

contain an image.

3 Experiments

3.1 Experimental Setup

Models To comprehensively evaluate the capa-
bilities of current vision-language technologies on
ancient music score understanding, we selected a
diverse set of Large Multimodal Models (LMMs),
which have demonstrated strong performance on
OCR and document understanding tasks, specifi-
cally Qwen-VL-Max (Bai et al., 2023),Gemini2.5
(Comanici et al., 2025), GLM-4.6V (Team et al.,
2025b), Seed-1.6 (Guo et al., 2025), GPT-40 (Hurst

et al., 2024), Moonshot, Kimi(Team et al., 2025a)
and GPT-5. All models are evaluated in a zero-shot
setting to strictly test their inherent knowledge and
generalization capabilities.

Evaluation Metrics Given the diverse nature of
tasks in our dataset, we adopt a hybrid evaluation
strategy consisting of both discriminative and gen-
erative metrics:

* Accuracy for Multiple-Choice Tasks: For
Symbol Recognition and Melodic Derivation,
which are formulated as multiple-choice ques-



tions, we report Accuracy (Acc). This metric
measures the percentage of correctly selected
options (A/B/C/D) against the ground truth.

* N-gram and Semantic Metrics for Gener-
ation Tasks: For Instructional Translation,
which requires the model to translate ancient
musical terminology or playing instructions
into modern text, we employ standard natu-
ral language generation metrics. We report
BLEU-4 (Papineni et al., 2002) and ROUGE-
L to measure the lexical overlap and structural
similarity between the generated explanations
and the reference text. Additionally, to cap-
ture semantic consistency beyond exact word
matching, we report BERTScore (F1), which
evaluates the similarity of embedding repre-
sentations.

Implementation Details For open-source mod-
els, inference is conducted on NVIDIA A100
(80GB) GPUs. We set the temperature to 0 to
ensure deterministic outputs. The prompts are care-
fully designed to include task instructions and the
image input, formatted consistently across all mod-
els. For the Melodic Derivation task, the output is
constrained to standard numbered musical notation
(1-7) to facilitate automated evaluation.

4 Results

Table 2 presents the comprehensive evaluation re-
sults across the three-tier hierarchy of the BoYaE-
val benchmark. A significant performance gap is
observed between foundational Structural Parsing
and high-level Musical Reasoning across all evalu-
ated models. For instance, Gemini 2.5 Pro achieves
a commendable 59.40% accuracy in symbol recog-
nition (Task 1), demonstrating robust OCR capabil-
ities for non-standard historical glyphs. However,
its performance drops precipitously to 29.94% in
Musical Reasoning (Task 3). This 29.46% perfor-
mance gap highlights a critical "reasoning bottle-
neck": while state-of-the-art LMMs can visually
perceive complex symbols, they struggle to ground
these visual inputs into the rigorous musicological
rules required for melodic derivation. Interestingly,
Qwen-VL-Max, an open-source model with strong
Chinese language alignment, demonstrates compet-
itive semantic understanding by achieving a 45.64
BERTScore in Instructional Translation (Task 2).
This performance rivals or even exceeds proprietary
models like GPT-40 in specific translation metrics,

suggesting that culturally-aligned pre-training data
plays a pivotal role in the semantic interpretation
of intangible cultural heritage. Furthermore, the
"Thinking" variants of models, such as Seed-1.6-
Thinking and Qwen3-VL-Thinking, show incre-
mental improvements in Task 1 knowledge but fail
to bridge the reasoning gap in Task 3, with scores
remaining largely under 30%.

Model Name Recognition Translation
BLEU BS BLEU BS
Qwen3-VL-Plus 1331 56.00 4.18 4845
Seed-1.6 21.00 71.04 16.37 52.26
Qwen3-VL-Plus (T) 21.11 5846 473 43.14
Seed-1.6 (T) 32.74 6933 8.84 47.82

Table 3: 3-shot Evaluation Results on BoYaEval. (T)
denotes the Thinking mode. We report BLEU and
BERTScore F1 (BS) for Recognition and Translation
tasks. The best performance in each category is marked
in bold, and the second best is underlined.

To further investigate the models’ adaptability,
we compared the zero-shot performance in Table 2
with the 3-shot results in Table 3. The introduction
of just three examples yielded a substantial perfor-
mance boost in Recognition tasks; notably, Seed-
1.6 (T) saw its BLEU score surge from 17.51%
in zero-shot to 32.74% in 3-shot settings. How-
ever, the gains in Translation were more conser-
vative, with BERTScore improvements indicating
that while few-shot prompts help anchor semantic
mapping, the underlying "instructional algorithm"
of notations still requires deep domain-specific rea-
soning that exceeds simple pattern matching.

Further Exploration As illustrated in Figure 3,
the evaluation of knowledge task accuracy reveals
a significant performance gap across different nota-
tion systems, where all models achieve their peak
results on Lulupu due to its standardized pitch-
based structure while exhibiting much lower pro-
ficiency in recognizing the specialized shorthand
of Suzipu and the complex character-based sys-
tem of Gongchepu. Among the evaluated models,
Seed-1.6-Think consistently demonstrates the most
robust capability across nearly all categories, partic-
ularly in formal systems like Lulupu and Wenzipu,
suggesting a superior grasp of specialized histori-
cal symbolic logic compared to other leading mul-
timodal models.

Figure 4 illustrates the comparative performance
of leading Large Multimodal Models (LMMs)
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Figure 3: Knowledge task accuracy (%) disaggregated
by notation type across four leading MLLMs.
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Figure 4: Performance comparison of LMMs on the
BoyaEval benchmark. The radar chart evaluates models
across five key metrics.

across the five evaluation axes of the BoyaEval
benchmark. The visualization reveals a distinct
performance hierarchy among the three hierarchi-
cal tasks:(1) Most models, particularly Gemini-
2.5-Pro, achieve their highest performance on the
Knowledge (Acc) axis. This suggests that state-of-
the-art LMMs possess a foundational awareness of
ancient Chinese musical symbols and their histor-
ical context, likely due to exposure to large-scale
cultural corpora during pre-training. (2) Perfor-
mance across Gongchepu Rec, Lulupu Rec, and
Translation (measured via BERTScore) shows that
models can reasonably map isolated symbols to
semantic instructions. However, as the complex-
ity of the compositional ideograms increases, the
models begin to show limitations in capturing the
full instructional algorithm encoded in notations
like Jianzipu. (3) The most significant bottleneck
is observed on the Correspondence (Acc) axis.
All evaluated models, including Gemini-2.5-Pro,
Qwen-VL-Max, and Seed-1.6, exhibit a sharp per-
formance drop in this area. This failure in melodic

derivation confirms that while models can recog-
nize static graphical components, they struggle to
apply domain-specific logic to derive the underly-
ing melody from the "silent history" of these scores.

Human vs. Metric Correlation To validate the
effectiveness of automatic evaluation metrics in
the context of ancient musical score translation,
we conducted a granular correlation analysis by
randomly sampling 100 data points from the trans-
lation task. This analysis compares human expert
ratings against the scores generated by the Gemini
2.5 Pro (T) model, which was selected as our pri-
mary test vehicle due to its superior comprehensive
performance and robust reasoning capabilities.

Human vs Metric Scores (Normalized)

Score (0-1)

Figure 5: Distribution comparison between human ex-
pert scores and automatic metrics (BLEU & BERTScore
F1) for the Gemini 2.5 Pro Thinking model on 100 sam-
pled translation instances.

As illustrated in Figure 5, the experimental re-
sults reveal distinct behaviors between automated
metrics and human judgment. We observe that
BERTScore F1 (green) demonstrates a higher de-
gree of trend alignment with human scores (blue)
compared to the BLEU metric (orange). This
phenomenon is primarily attributed to the seman-
tic flexibility required for ancient score transla-
tion; while BLEU relies on strict n-gram matching,
BERTScore leverages contextual embeddings to
capture underlying semantic similarity. The gap be-
tween these metrics suggests that while LMMs may
not replicate reference translations verbatim, they
are highly proficient at capturing the instructional
intent encoded in historical symbols. Consequently,
the periodic synchronization of peaks between hu-
man ratings and BERTScore validates our use of
the latter as a primary indicator for semantic under-
standing, as it more accurately reflects the model’s
capacity to bridge the cultural gap through cross-
modal reasoning.

5 Related Work

Recent Multimodal Large Language Models
(MLLMs) are commonly evaluated on broad vi-



sion—language benchmarks that emphasize gen-
eral perception, reasoning, and instruction follow-
ing. Representative efforts include MMBench (Liu
et al., 2023) and MME (Fu et al., 2023). Beyond
generic images, document- and text-centric bench-
marks such as DocVQA (Mathew et al., 2021) and
OCRBench (Liu et al., 2024) highlight that fine-
grained symbol reading (OCR and document VQA)
remains a bottleneck even for strong MLLMs.
MMMU (Yue et al., 2023) further expands eval-
uation to diverse expert-domain image types (in-
cluding music sheets), but its music-related cov-
erage is limited and not designed for systematic
music-notation understanding.

Optical Music Recognition focuses on convert-
ing score images into machine-readable represen-
tations, involving dense small-object recognition
and complex structural relations among primitives
(e.g., notehead—stem—beam). Large-scale synthetic
datasets such as DeepScores (Tuggener et al., 2018)
(and its extended DeepScoresV2 (Tuggener et al.,
2021)) have been widely used to benchmark sym-
bol detection/segmentation under extreme class
imbalance and high symbol density, with Deep-
ScoresV2 adding richer annotations and higher-
level information. MUSCIMA++ (Haji¢ et al.,
2018) targets handwritten notation and explicitly
annotates symbol relationships (notation graphs),
enabling research that bridges low-level primitives
and higher-level musical objects as well as graph-
based reconstruction. For end-to-end OMR in
monophonic settings, PrIMuS (Calvo-Zaragoza
and Rizo, 2019) provides printed staff images
paired with sequence encodings, while Camera-
PrIMuS (Calvo-Zaragoza et al., 2018) introduces
realistic camera-like distortions (rotation, blur, illu-
mination changes) to stress robustness.

Music Question Answering (MQA) extends eval-
uation from transcription to answering structured
or semantic queries about music-related inputs. In
audio-visual settings, MUSIC-AVQA (Li et al.,
2022) benchmarks spatiotemporal reasoning over
performance videos with paired audio, requiring
models to connect instruments, sounds, and their as-
sociations. MusiQAl (Gardner et al., 2021) comple-
ments this line by emphasizing music-performance
QA that incorporates audio, video, and text, and is
designed to probe richer performance-centric un-
derstanding beyond purely “what” recognition. For
audio-language evaluation, MuChoMusic (Weck
et al., 2024) provides human-validated multiple-
choice questions over music tracks, aiming to diag-

nose failure modes such as language-only shortcuts
and weak cross-modal integration. More recently,
Jamendo-QA (Koh et al., 2025) scales music-audio
QA via automatic annotation on openly licensed
tracks, supporting both training and zero-shot eval-
uation for music understanding.

Dedicated benchmarks for visual music notation
in the MLLM era are emerging. MusiXQA (Zhang
et al., 2025) constructs synthetic music-sheet im-
ages with structured annotations (pitch/duration,
chords, clefs, key/time signatures, text) and de-
rives diverse visual QA tasks, showing that even
strong MLLMs struggle with music-sheet under-
standing while also enabling targeted fine-tuning.
MSU-Bench (Li et al., 2025) evaluates score-level
comprehension across both textual (ABC) and vi-
sual (PDF) modalities with multi-level generative
QA, revealing modality gaps and the difficulty of
maintaining correctness across progressive musical-
understanding levels. WildScore (Zhao et al., 2025)
shifts toward “in-the-wild” score images paired
with real user-generated music-theory questions,
targeting symbolic music reasoning on realistic in-
puts. In parallel, broader music-capability evalu-
ations for language models (without focusing on
score images) such as ZIQI-Eval (Li et al., 2024b)
indicate growing interest in benchmarking music
knowledge and reasoning, though these are not tai-
lored to visual notation understanding.

6 Conclusion

In this work, we introduce BoYaEval, a multimodal
benchmark designed to digitize and interpret a di-
verse range of Traditional Chinese Musical nota-
tion systems, including Jianzipu, Gongchepu, Wen-
zipu, Lulupu and Suzipu. By intersecting Large
Multimodal Models (LMMs) with intangible cul-
tural heritage, we address the critical challenge
of preserving these low-resource historical scripts.
Our evaluation uncovers a significant "reasoning
gap": while current LMMs demonstrate basic vi-
sual recognition capabilities, they exhibit severe
deficits in parsing the non-linear spatial structures
and decoding the highly compressed semantics of
these ancient scores. BoYaEval thus serves as both
a rigorous testbed for compositional reasoning and
a catalyst for NLP for Social Good. We hope this
dataset inspires the development of more robust
and culturally inclusive Al systems, ensuring that
diverse human legacies are not only preserved but
revitalized for future generations.



Limitations

Despite being the first comprehensive benchmark
for ancient Chinese musical scores, this study has
several limitations that provide avenues for future
research. Our benchmark primarily focuses on the
transition from visual symbols to semantic text and
modern notation (visual-to-symbolic). However,
the ultimate goal of ancient music restoration is
the auditory realization. BoYaEval currently lacks
an integrated audio evaluation component (e.g.,
comparing model-derived melodies against actual
expert performances). Future iterations could in-
corporate audio-visual cross-modal tasks to test
if LMMs can directly "hear" the music from the
score.

Ethics Statement

The development of the BoYaEval dataset ad-
heres to strict ethical guidelines regarding data
sourcing, annotator welfare, and privacy protec-
tion. The raw data is primarily derived from his-
torical manuscripts that have entered the public
domain, alongside select scholarly materials uti-
lized under the principles of fair use exclusively
for non-commercial academic research. We have
conducted a rigorous manual review to ensure the
dataset is free from personally identifiable infor-
mation (PII) and contains no offensive or harmful
content.

Regarding the annotation process, we engaged
domain experts with specialized knowledge in clas-
sical Chinese literature and cultural heritage. All
annotators were compensated at rates significantly
above the local minimum wage and were fully in-
formed about the project’s scope and data usage.
By releasing BoYaEval, our goal is to support the
digital preservation of intangible cultural heritage
and advance the capabilities of large language mod-
els in understanding complex historical contexts,
without infringing on intellectual property rights or
compromising individual privacy.

We emphasize that the digitization of these
scores is intended to assist, not replace, human
inheritance. We oppose the use of these models
to generate inauthentic *fake ancient music’ that
distorts historical facts.
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A Disparate Performance Across
Notation Systems

Table 4 compares model performance across three
traditional Chinese music notation types: Gongche,
Jianzi, and Lulu. All tasks take as input an im-
age containing a column-level slice of a musical
score, but differ in task formulation. The Jianzi task
requires interpretative reading of fingering-based
symbols, whereas Gongche and Lulu are formu-
lated as symbol recognition tasks. Across models,
performance on Jianzi is consistently lower, par-
ticularly in BLEU, indicating that interpretative
reading poses a greater challenge than direct visual-
to-text recognition.

Among the two recognition-based notations,
Lulu achieves consistently higher scores than
Gongche. This difference can be partly attributed to
visual characteristics of the notation systems: Lulu
symbols are typically rendered as clear and rela-
tively large textual characters, facilitating recogni-
tion, while Gongche symbols are often smaller and
visually similar to surrounding musical or structural
marks, leading to increased confusion. Comparing
Instruct and Thinking settings, explicit reasoning
generally improves performance on Gongche and
Lulu, but yields limited gains on Jianzi, suggesting
that current reasoning mechanisms are insufficient
to fully address the semantic inference required by
fingering-based notation.
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Type Model |  Gongche Jianzi Lulu
‘ BLEU BS BLEU BS BLEU BS

Kimi-k2 2.29 1.16 0.36 19.82 15.18 35.19
Moonshot-v1-vision 0.47 0.79 1.16 19.85 14.00 36.04
Gemini 2.5 Flash (NT) 0.86 1.36 2.14 17.72 746  43.86
Qwen3-VL-30B-3B (I) 0.04 2659 039 4376 023  23.00
GLM-4-6V (NT) 1276 43.07 0.97 13.89 2042 37.36

Instruct InternVL-3-78B 6.95 38.75 0.26 24.77 8.00 32.89
GPT-40 449 4857 067 2190 226 2934
Qwen3-VL-8B (I) 0.05 33.81 0.78 36.77 0.64 37.99
Qwen3-VL-235B (I) 549 2512 503 4429 1194 5525
Seed-1.6 (NT) 1429 4246 5.53 40.43 21.17  43.64
Qwen-VL-Max 6.68 4229 999 4947 1481 38.97
Gemini 2.5 Pro (NT) 28.46 60.83 428 3845 4210 59.08
GPT-5 Thinking 1.26 -0.11 1.48 14.21 8.47 28.55
Gemini 2.5 Flash (T) 1.99 0.27 270 2928 2248 42.21
GLM-4-6V (T) 5.89  41.09 0.23 1548 2699 44.38
Qwen3-VL-8B (T) 1.99 3575 128 2698 14.89 50.15

Thinking Qwen3-VL-30B-3B (T) 144 3471 9.81 49.03 745 30.20
Qwen3-VL-235B (T) 1.08 3936 0.86 2996 2936 58.60
Qwen3-VL-Plus 257 3868 0.57 2662 3337 63.22
Seed-1.6 (T) 15.15 4484 407 3495 3037 56.95
Gemini 2.5 Pro (T) 28.50 6222 434 37.03 40.59 60.19

Table 4: Performance comparison across different notation types. Models are evaluated on Gongche, Jianzi, and

Lulu notations using BLEU and BERTScore (BS).

12



	Introduction
	BoYaEval: Dataset Construction and Analysis
	Data Collection and Preprocessing
	Terminology of Ancient Chinese Notations
	Task Formulation
	Dataset Analysis and Statistics

	Experiments
	Experimental Setup

	Results
	Related Work
	Conclusion
	Disparate Performance Across Notation Systems

