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Abstract

Multimodal Large Language Models (MLLMs)
excel in general tasks but struggle with spe-
cialized, structured cultural symbols. We in-
troduce BoYaEval, the first comprehensive
benchmark dedicated to deciphering diverse
Ancient Chinese musical notations, including
five types of ancient Chinese music notation
systems. These systems utilize unique spatial
layouts and specialized ideograms to encode
pitch and intricate playing techniques. BoYaE-
val comprises 3,175 high-quality images across
these notation styles and establishes a three-tier
evaluation: Structural Parsing (symbol recog-
nition), Instructional Translation (technique
mapping), and Musical Reasoning (melody
derivation). We evaluate 21 leading MLLMs.
Results indicate 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 MLLMs in
processing diverse spatial-symbolic dependen-
cies, bridging the gap between ancient wisdom
and modern AI for digitizing intangible cul-
tural heritage. The BoYaEval benchmark is
publicly available at https://huggingface.
co/datasets/MYTH-Lab/BoYaEval.

1 Introduction

The advent of Multimodal Large Language Mod-
els(MLLMs), exemplified by GPT-4o (Hurst et al.,
2024) and Gemini, has revolutionized the field
of document intelligence (Luo et al., 2024; Hu
et al., 2024). These models demonstrate remark-
able proficiency in parsing standard structured doc-
uments, such as mathematical formulas, statistical
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charts, and modern musical scores (e.g., Western
staff notation) (Li et al., 2024; Ding et al., 2025).
However, the ambition of Artificial General Intelli-
gence (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 MLLMs face a significant “cultural gap”
when confronted with specialized, non-Western,
and historical symbolic 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 Mul-
timodal Large Language Model to perform simul-
taneous 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. While existing Optical Mu-
sic Recognition (OMR) research has established ro-
bust baselines for recognizing individual symbols
in Jianzipu, Gongchepu, and Suzipu (Kuremoto
et al., 2025; He et al., 2025), these works primar-
ily focus on visual transcription. There remains a
lack of a comprehensive framework to evaluate if
MLLMs can bridge the gap from visual symbols
to musical semantics and melodic derivation. Con-
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Jianzipu

Jianzipu uses composite ideograms. 
Each "glyph" is a combination of 
fragments taken from standard 
Chinese characters. These fragments 
are shrunk together to form a single
block that functions as a 
performance instruction.

Wenzipu

Wenzipu is the earliest known 
form of musical notation for the 
Guqin. It belongs to the 
positional notation system, 
which uses standard Chinese 
characters to describe the 
specific fingerings and string 
positions required to play

Abbreviated Character NotationDescriptive Text 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

Ancient Chinese Notation

Suzipu is a "pitch-based" 
shorthand notation used 
primarily for vocal 
melodies and folk songs, 
where each character 
corresponds to a specific 
note in a scale.

Suzipu
Popular Character Notation

Western Staff Notation

BoYaEval

Dedicate to 
deciphering diverse 

Ancient Chinese 
musical notations

BoyaEval Benchmark

Task 1: Structural Parsing 
(Symbol Recognition) 

1,246 multiple-choice questions

Models are required to align ancient Chinese
scores with their corresponding modern 
equivalents, including both numbered notation 
and Western staff notation.

Choose the right modern notation

Task 2: Instructional Translation 
(Semantic Understanding)

1,426 recognition & translation questions

Translate to natural language description

The objective for models is to generate a natural language 
description of the corresponding performance gestures. 

Line 1: Harmonics 
(Fayin): Use the left 
index finger to touch 
the 7th fret . 

Three-level taxonomy

Hierarchical Evaluation 
Framework 

Parsing

Translation

Reasoning

Task 3: Musical Reasoning 
(Melodic Derivation)

Multiple-choice questions regarding the 
theoretical framework and history of Chinese 
notation.

Question: In Guqin notation, what 
does the symbol <image 1> indicate?
Options:  A. Fanqi B. Fanzhi C. Sanqi 
D. Anqi
Answer: A 泛音：左手食指点七徽位，右手依次做

末勾四弦、五弦，再末挑七弦后依次挑
六、五、三弦，后勾二弦

Gongchepu

Gongchepu uses specific 
Chinese characters—most 
notably Shang (上), Che (尺), 
Gong (工), Fan (凡), Liu (六), 
Wu (五), and Yi (乙)—to 
represent musical pitches.

Lulupu

Lulupu is a formal pitch-based 
notation system. It marks the first 
character of each of the twelve 
pitch names next to the lyrics to 
indicate pitch. It typically follows 
a strict "one character, one tone" 
format.

Gong-Che Notation
Standard Pitch Notation

503 multiple-choice questions

Figure 1: Overview of the BoYaEval benchmark. The hierarchical framework transitions from symbol-level parsing
(Task 1) and column-level translation (Task 2) to excerpt-level melodic reasoning (Task 3). This structure reflects
the cognitive progression from visual perception to semantic understanding and musicological inference.

sequently, the capability of state-of-the-art models
to preserve and digitize these endangered musical
traditions remains unknown.

To systematically probe the depth of multimodal
understanding, we propose a novel three-tier evalu-
ation hierarchy that mirrors the cognitive process
of interpreting ancient scores: (1) Structural Pars-
ing challenges models to disentangle the complex
spatial layout of composite ideograms, requiring
fine-grained visual perception to separate interlock-
ing radicals (e.g., distinguishing the “thumb” tech-
nique from the “string seven” position); (2) Instruc-
tional 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) Musical Reasoning
evaluates high-level logical inference, requiring the
synthesis of visual cues with domain-specific musi-
cological knowledge to derive underlying melodies
and rhythms. Experimental results reveal that while
current MLLMs (e.g., GPT-4o) are competent in
surface-level parsing, they exhibit severe deficits in
compositional musical reasoning.

In this work, we make the following contribu-
tions:

• Releasing BoYaEval, the first multimodal
benchmark for Ancient Chinese Music, con-
taining five types of ancient notations;

• Establishing a three-tier evaluation hierarchy
to probe symbolic understanding depth;

• Offering a granular diagnosis of spatial rea-
soning failures in non-linear ideograms.

2 BoYaEval: Dataset Construction and
Analysis

To rigorously evaluate MLLMs 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 collabo-
rated with musicologists from the Wuhan 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 Jiugong Dacheng
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Nanbei Ci Gongpu (1746 AD), ensuring the in-
clusion of authentic historical glyphs. Second, to
establish ground truth for evaluation, we incorpo-
rated 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 maxi-
mize visual clarity and remove irrelevant margina-
lia. Crucially, no additional digital augmenta-
tion—such as contrast adjustment, denoising, or
sharpening—was applied beyond cropping. This
deliberate design choice aims to evaluate MLLMs
as end-to-end systems operating on authentic his-
torical document quality. By preserving original vi-
sual noise (e.g., substrate aging and ink bleed ), we
assess the models’ intrinsic robustness to realistic
archival conditions without introducing potential
artifacts or systematic biases from external image
restoration pipelines. Besides, to mitigate poten-
tial data contamination in MLLMs, our selection
process prioritized rare editions and specialized
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 (Descriptive Text Notation) Wenzipu
is the earliest form of Guqin notation, dating back
to the Tang Dynasty and earlier. It is a “positional
system” 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 (Abbreviated Character Notation)
Evolved from Wenzipu, Jianzipu is a revolutionary
“instructional algorithm” specifically for the Guqin.
It utilizes 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 during
the Ming and Qing Dynasties. It functions as a
character-based solfège system and was widely ap-
plied across diverse genres, including traditional
opera (Xiqu) and instrumental ensembles.

Lulupu (Standard Pitch Notation) Literally
meaning “Standard Pitches”, Lülüpu (Lulupu) is
a formal pitch-based system that utilizes the first
characters of the Twelve-tone Equal Temperament
(the Shier Lülü). 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
primarily visualizes pitch and duration on a lin-
ear timeline, ancient systems like Jianzipu (for
Guqin) function as complex logograms. In these
systems, a single character spatially compresses
multiple pieces of information, such as string num-
bers, finger positions, and specific plucking tech-
niques. While individual symbol recognition has
been explored in specialized OMR studies—such
as Jianzipu recognition using deep learning (Kure-
moto et al., 2025) and Gongchepu character iden-
tification via optimized YOLO frameworks (He
et al., 2025)—BoYaEval integrates these within a
broader MLLM-based evaluation.

As shown in the left part of the Figure 2, the
task is formulated as a multiple-choice knowledge-
based VQA problem. Input: A cropped image of
a single notation symbol and a question regarding
its structural composition or theoretical meaning.
Output: The correct option among four candidates.
This task evaluates symbol-level structural knowl-
edge—specifically, the model’s ability to disentan-
gle composite ideograms into their constituent rad-
icals (e.g., fingering techniques or string numbers).
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Line 1:
•Phrase 1: Harmonics (Fayin): Use the 
left index finger to touch the 7th hui (fret 
position). The right hand sequentially 
performs "Mo" (inward stroke with 
middle finger) and "Gou" (inward stroke 
with middle finger) on the 4th and 5th 
strings. …
•Phrase 2: "Mo" and "Gou" the 4th string, 
then sequentially "Tiao" the 5th, 3rd, and 
2nd strings. Then "Gou" the 1st string, 
"Tiao" the 3rd string, and "Gou" the 1st 
string. This concludes the harmonics 
section….

InputChinese Ancient Music Score Image

Instruction

Output

Each glyph is a composite of reduced 
Chinese characters representing 
specific string numbers, fret positions, 
and plucking techniques for both hands.

Chinese: 请释读图片中的古琴减字
谱，将其翻译为具体的演奏指法
English: Please interpret the Guqin 
Jianzipu in the image and translate 
it into specific playing techniques.

InputChinese Ancient Notation Image

Instruction

Output

Chinese: 请从 A/B/C/D 选项中选出一项答案
English: Please select one answer from options.

Structural Parsing (Symbol Recognition)

Options:  
A. 泛起 Fanqi: Indicates the start of a 
harmonic section.
B. 泛止 Fanzhi: Indicates the end of a 
harmonic section.
C. 散起 Sanqi: Indicates the start of an open-
string section.
D. 按起 Anqi: Indicates the start of a stopped-
note section.

Question: 在古琴中，<image 1>
符号指什么？
In Guqin notation, what does the 
symbol <image 1> indicate?

Input

Chinese Ancient Music Score Image

Instruction
Chinese: 请从 A/B/C/D 选项图中选出最有可能
和题干图匹配的一项
English: Please select the option from that is 
most likely to match the provided score image.

Musical Reasoning
(Melodic Derivation)

Choices

A.

B.

C. 

D. 

The answer is A Output The answer is D

Instructional Translation (Semantic Understanding)

Figure 2: Illustrative examples of the three tasks. (Left) Task 1: VQA on isolated symbols; (Middle) Task 2:
Translation of a notation segments or sentences into performance gestures; (Right) Task 3: Alignment between an
ancient score excerpt and modern musical notations.

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) As shown in the Figure 2 (middle
part), the task focuses on segment or sentence-level
image-to-text generation. Input: A cropped im-
age representing a relatively complete musical unit.
Output: A natural language description of the per-
formance instructions or an ordered sequence of
pitch characters. Unlike the isolated symbols in
Task 1, Task 2 assesses semantic decoding of struc-
tured musical columns, requiring the model to map
spatial-symbolic dependencies to executable physi-
cal instructions.

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. Unlike traditional sys-
tems that focus on transcribing images into a single
digital format (Chen and Sheu, 2014; Repolusk and
Veas, 2024, 2025), our Task 3 requires models to
reconstruct the underlying melodic structure and
align ancient scores with modern staff or numbered
notation. As ancient scores often utilize tablature
systems, determining the melody requires reason-
ing based on instrument tuning and relative inter-

Task / Notation System Samples

Task 1: Structural Parsing 503
Jianzipu 231
Suzipu 142
Gongchepu 75
Wenzipu 30
Lulupu 24
Yanyue Banzipu 1

Task 2: Instructional Translation 1,426
Gongchepu Recognition 943
Jianzipu Translation 319
Lulupu Recognition 164

Task 3: Musical Reasoning* 1,246
Jianzipu ↔ Staff/Numbered 1,041
Gongchepu ↔ Staff 172
Suzipu ↔ Staff 20
Lulupu ↔ Staff 13

Overall Total 3,175
* Note: Task 3 excludes Wenzipu due to lack of aligned transcriptions.

Table 1: Detailed statistical breakdown of the BoYaEval
benchmark. This layout explicitly clarifies the coverage
and sample distribution of all notation systems across
the three hierarchical tasks.

vals. As shown in the right part of Figure 2, we de-
signed multiple-choice questions. Input: A musical
excerpt in one system (ancient or modern) and four
candidate segments in the target notation. Output:
The segment that represents the same underlying
melody. This task probes high-level melodic in-
ference, necessitating the synthesis of visual cues
with domain-specific musicological logic to derive
pitch and rhythm.

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,
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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 musi-
cology scholars, each with over 10 years of expe-
rience. Depending on the specific requirements of
Tasks 1–3, the experts performed different roles, in-
cluding original creation, sequence validation, and
alignment curation. Detailed definitions of expert
consensus and the step-by-step annotation work-
flow for each task are provided in Appendix A. The
annotation process involved cross-referencing his-
torical treatises (Qupu) to resolve ambiguities. To
ensure a “Gold Standard” reliability, we quantified
the inter-annotator agreement using Fleiss’ Kappa
(κ). Let N 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:

κ =
P̄ − P̄e

1− P̄e
(1)

where P̄ is the mean of the extent to which annota-
tors agree for the i-th sample, computed as:

P̄ =
1

N

N∑

i=1

1

n(n− 1)

k∑

j=1

nij(nij − 1) (2)

and P̄e represents the expected agreement by
chance:

P̄e =

k∑

j=1

p2j (3)

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

Data Characteristics and Challenges Beyond
standard recognition, our corpus preserves intrinsic
visual noise such as substrate aging and ink bleed.
Crucially, the dataset exhibits a heavy-tailed dis-
tribution in both symbol frequency and structural
complexity. As detailed in Appendix B, while foun-
dational symbols are frequent, a broad tail of com-
plex composite ideograms—sampled from a corpus
of over 2,800 Guqin pieces and 5,000 Gongchepu
records—appears sparsely. This distribution en-
sures the benchmark evaluates compositional gen-
eralization rather than surface memorization. It
requires models to disentangle rare combinations
of string, position, and technique, providing a rig-
orous testbed for developing robust multimodal
reasoning techniques under long-tailed historical
data constraints.

3 Experiments

3.1 Experimental Setup
Evaluation Paradigm and Models Unlike tradi-
tional OMR systems that rely on task-specific archi-
tectures (He et al., 2025; Repolusk and Veas, 2025),
our benchmark is designed to evaluate the emer-
gent visual-semantic reasoning capacity of general-
purpose MLLMs when confronted with diverse,
non-linear cultural symbols. We evaluate a diverse
set of leading MLLMs (e.g., GPT-4o, Gemini 2.5
Pro, Seed-1.6, and Qwen-VL-Max) primarily in
a zero-shot setting to strictly test their inherent
generalization capabilities. The complete list of
evaluated models, expanded few-shot settings, and
detailed implementation setups are provided in Ap-
pendix C.

Evaluation Metrics Given the diverse nature of
tasks in our dataset, we adopt a hybrid evaluation
strategy:

• Accuracy for Multiple-Choice Tasks: For
Task 1 and Task 3, we report Accuracy (Acc.),
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Type Model Name
Task 1 Task 2 Task 3

Knowledge Recognition Translation Reasoning

Acc. BLEU BS BLEU BS Acc.

Instruct

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
InternVL3-78B 61.03 7.11 37.87 0.26 24.77 -
GLM-4.6V 60.04 13.89 42.23 0.97 13.89 28.25
GPT-4o 49.40 4.22 46.28 0.67 21.90 26.89
Qwen3-VL-8B-Instruction 56.86 0.14 34.45 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 6.45 29.63 5.03 44.29 28.33
Seed-1.6 64.40 15.30 42.63 5.53 40.43 26.08
Qwen-VL-Max 61.00 7.88 41.80 9.99 49.47 27.61
Gemini 2.5 Pro 59.40 30.48 60.57 4.28 38.45 29.94

Thinking

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 41.59 0.23 15.48 28.57
Qwen3-VL-8B-Thinking 60.04 3.84 37.82 1.28 26.98 26.40
Qwen3-VL-Plus 64.20 7.26 42.42 0.57 26.62 26.32
Qwen3-VL-235B-Thinking 64.81 5.28 42.22 0.86 29.96 25.60
Qwen3-VL-30B-Thinking 61.03 2.32 34.05 9.81 49.03 25.36
Seed-1.6 Thinking 65.20 17.51 46.72 4.07 34.95 27.85
Gemini 2.5 Pro Thinking 61.40 30.29 61.92 4.34 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. InternVL3 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.

measuring the percentage of correct selec-
tions.

• Metrics for Generation Tasks: For Task
2 (Instructional Translation), we employ a
multi-metric approach: (1) BLEU-4 (Pap-
ineni et al., 2002) for sequential fidelity; (2)
chrF (Popović, 2015) to capture fine-grained
character-level precision of technical terms
(e.g., string numbers and fingerings); and (3)
BERTScore (F1) (Zhang et al., 2019) to eval-
uate semantic consistency through contextual
embeddings.

Design Rationale for Translation Evaluation
While structured scoring (e.g., slot-based F1) is
conceptually attractive, we deliberately choose the
above metrics due to the variable compositional
structure of Jianzipu. A single ideogram encodes
an inconsistent number of attributes (e.g., finger,
string, position, and directional modifiers), making
it resistant to a fixed, finite slot schema. Given that
our expert-annotated references are formulated as

structured performance instructions (e.g., "The left
thumb presses the seventh string at the tenth fret"),
chrF effectively penalizes precise technical errors,
while BERTScore captures the underlying seman-
tic intent. As validated by our correlation study
in Section 4, this combination serves as a reliable
proxy for musical executability and procedural cor-
rectness without the lossy normalization required
by an artificial slot-filling framework.

4 Results

Table 2 presents the comprehensive evaluation re-
sults. To provide a granular analysis, we dis-
aggregate the three-tier hierarchy into specific
subtasks: Task 1 (Knowledge/Parsing), Task 2,
which comprises three distinct tracks—Gongchepu
Recognition, Lülüpu Recognition, and Jianzipu
Translation—and Task 3 (Reasoning/Alignment).
Note that while Gongchepu and Lülüpu involve
symbol-sequence recognition, Jianzipu Transla-
tion evaluates semantic interpretation, leading to
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the use of different generative metrics (BLEU vs.
BERTScore). A significant performance gap is ob-
served between foundational Structural Parsing and
high-level Musical Reasoning across all evaluated
models. For instance, Gemini 2.5 Pro achieves a
commendable 59.40% accuracy in symbol recogni-
tion (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 MLLMs 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 49.47
BERTScore in Instructional Translation (Task 2).
This performance rivals or even exceeds proprietary
models like GPT-4o 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 Adaptability and Headroom To further
investigate the models’ adaptability, we compared
the zero-shot performance with an expanded few-
shot study across all task tiers (see Appendix D for
complete results). The introduction of just three ex-
amples yielded a substantial performance boost in
Recognition tasks. However, the gains in Transla-
tion were more conservative, with BERTScore im-
provements indicating that while few-shot prompts
help anchor semantic mapping, the underlying “in-
structional algorithm” of notations still requires
deep domain-specific reasoning that exceeds sim-
ple pattern matching. Crucially, the most challeng-
ing Task 3 (Melodic Derivation) exhibited a distinct
reasoning bottleneck, showing marginal or even
negative deltas despite the inclusion of 2-shot rea-
soning traces. This confirms that while lower-level
decoding is responsive to adaptation, the high-level
cross-representational logic remains the primary
performance ceiling.

Further Exploration As illustrated in Figure 3,
the evaluation of knowledge task accuracy reveals

Figure 3: Knowledge task accuracy (%) disaggregated
by notation type across four leading MLLMs.
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Figure 4: Performance comparison of MLLMs on the
BoYaEval benchmark. BERTScore F1, Acc. represents
Accuracy (%).

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 MLLMs across the five evaluation axes
of the BoYaEval benchmark. The visualization re-
veals a distinct performance hierarchy among the
three hierarchical tasks: (1) Most models, particu-
larly Gemini-2.5-Pro, achieve their highest perfor-
mance on the Knowledge (Acc) axis. This suggests
that state-of-the-art MLLMs possess a foundational
awareness of ancient Chinese musical symbols and
their historical context, likely due to exposure to
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large-scale cultural corpora during pre-training. (2)
Performance across Gongchepu Rec, Lulupu Rec,
and Translation (measured via BERTScore) shows
that models can reasonably map isolated symbols
to semantic instructions. However, as the com-
plexity of the compositional ideograms increases,
the models begin to show limitations in capturing
the full instructional algorithm encoded in nota-
tions like Translation (Jianzipu). A detailed com-
parative analysis of this disparity in generative
tasks—specifically contrasting the interpretative
reading required for Jianzipu against the direct
visual recognition of Gongchepu and Lulupu—is
provided in Appendix F.(3) The most significant
bottleneck is observed on the Reasoning (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 under-
lying melody from the “silent history” of these
scores.

Human vs. Metric Correlation To validate our
metrics, we sampled 100 translation outputs evalu-
ated by domain experts. Though constrained by the
extreme scarcity of ancient music experts, this sam-
ple provides sufficient statistical power for robust
external validation. We evaluate outputs from both
Gemini 2.5 Pro and Seed-1.6-Think to ensure our
findings are not architecture-dependent. Crucially,
this study confirms that our automated framework
reliably tracks the procedural correctness of gener-
ated music.

As illustrated in Figure 5, BERTScore F1 (or-
ange) demonstrates a higher monotonic alignment
with human scores (green) than BLEU (blue)
across both models. This gap is attributed to the
semantic flexibility required for ancient score trans-
lation: while BLEU relies on strict n-gram match-
ing, BERTScore leverages contextual embeddings.
This suggests that although MLLMs may not repli-
cate reference translations verbatim, they are highly
proficient at capturing the underlying instructional
intent encoded in historical symbols. Consequently,
the periodic synchronization of peaks between hu-
man ratings and BERTScore visually validates its
capacity to evaluate cross-modal reasoning and
bridge the cultural gap. To provide a rigorous statis-
tical basis for this observation and distinguish rank-
order consistency from absolute value accuracy, we
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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.

Model Pearson Correlation Spearman Correlation

BLEU chrF BS BLEU chrF BS

Gemini 2.5 Pro 0.589 0.713 0.721 0.690 0.625 0.770
Seed 1.6 Think 0.448 0.477 0.510 0.344 0.384 0.451

Table 3: Correlation coefficients between human ex-
pert ratings and automatic metrics (BLEU, chrF, and
BERTScore F1 [BS]) for Task 2 translation outputs. BS
consistently shows stronger monotonic alignment with
human judgments.

calculate Pearson and Spearman correlations.
As shown in Table 3, BERTScore F1 consistently

outperforms BLEU across both metrics. We empha-
size Spearman’s rank correlation to evaluate mono-
tonic alignment rather than absolute value accu-
racy (e.g., MSE). For Gemini 2.5 Pro, BERTScore
achieves a strong Spearman correlation of 0.770
(vs. BLEU’s 0.690). Crucially, because our ex-
pert rubric explicitly evaluated whether translations
were musically executable and structurally correct,
this high correlation indicates that BERTScore does
not merely track lexical overlap, but effectively cap-
tures the procedural correctness of the music. By
surpassing BLEU, BERTScore proves that captur-
ing the underlying semantic intent of a fingering
gesture is a more reliable proxy for performance-
level accuracy than exact verbatim matching.

Mechanistic Failure Analysis To move beyond
descriptive reporting and investigate why mod-
els fail, we conducted a manual audit of reason-

21865



ing traces from ’Thinking’ models (e.g., Seed-1.6-
Think and Gemini 2.5 Pro) on Task 3. We cat-
egorized recurrent failure modes into structural
shortcuts, such as single-cue bias and canonical
template override. A comprehensive breakdown of
these mechanistic failures and representative case
studies are provided in Appendix G.

5 Related Work

5.1 MLLM and Document Benchmarks

Recent Multimodal Large Language Models
(MLLMs) are commonly evaluated on broad
vision-language benchmarks for general percep-
tion and reasoning, such as MMBench (Liu et al.,
2024a) and MME (Fu et al., 2025). Beyond
generic images, document-centric benchmarks
like DocVQA (Mathew et al., 2021) and OCR-
Bench (Liu et al., 2024b) highlight that fine-grained
symbol reading remains a bottleneck. While
MMMU (Yue et al., 2024) expands evaluation to ex-
pert domains including music sheets, its coverage
is limited and not designed for systematic music-
notation understanding. Existing benchmarks pre-
dominantly feature modern, print-standard scores.
They overlook the intersection of fluid calligra-
phy and rigid musical grammar found in ancient
manuscripts, leaving these specific challenges en-
tirely unaddressed in current evaluation standards.

5.2 Optical Music Recognition (OMR)

OMR focuses on converting score images into
machine-readable representations, involving com-
plex structural relations. Large-scale synthetic
datasets like DeepScores (Tuggener et al., 2018,
2021) benchmark symbol detection under high den-
sity. MUSCIMA++ (Hajič and Pecina, 2017) tar-
gets handwritten notation graphs, while PrIMuS
and Camera-PrIMuS (Calvo-Zaragoza and Rizo,
2018b,a) address end-to-end monophonic OMR
with realistic distortions.

Recently, traditional Chinese OMR has ad-
vanced significantly. For Jianzipu, Kuremoto et al.
(2025) demonstrated the efficacy of deep learning
methods for character recognition. In the domain of
Gongchepu, early systems utilized specialized rule-
based recognition (Chen and Sheu, 2014), while
recent works introduced advanced object detec-
tion frameworks like YOLOv8m combined with
attention mechanisms to achieve precise character
identification (He et al., 2025). Regarding Suzipu,
the KuiSCIMA datasets (Repolusk and Veas, 2024,

2025) provided a critical foundation for recogniz-
ing historical notations, addressing cross-notation
generalization and baseline calibration.

5.3 Music QA and Visual Score
Understanding

Music Question Answering (MQA) evaluates struc-
tured or semantic queries about music. This in-
cludes audio-visual spatiotemporal reasoning (Li
et al., 2022; Christodoulou et al., 2025) and audio-
language evaluation for tracks (Weck et al., 2024;
Koh et al., 2025).

Dedicated benchmarks for visual music nota-
tion are also emerging. MusiXQA (Chen et al.,
2025) and MSU-Bench (Dai et al., 2025) evalu-
ate score-level comprehension via synthetic im-
ages and multi-level generative QA, respectively,
showing that strong MLLMs struggle with music-
sheet understanding. WildScore (Mundada et al.,
2025) shifts to “in-the-wild” score images with
user-generated questions. Concurrently, broader
music-capability evaluations like ZIQI-Eval (Li
et al., 2024) benchmark knowledge but are not tai-
lored to visual notation. BoYaEval fills this gap
by focusing explicitly on the visual-semantic rea-
soning and structural parsing of diverse ancient
Chinese musical scores.

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 Multi-
modal Large Language Models 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 MLLMs 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 AI systems, ensuring that
diverse human legacies are not only preserved but
revitalized for future generations.
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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
MLLMs 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
experts were compensated at a professional rate of
approximately 300 RMB per hour. Beyond com-
pensation, all participants were fully informed of
the research intent and provided written informed
consent for the use and public release of their an-
notations in the context of evaluating MLLMs. By
releasing BoYaEval, our goal is to support the digi-
tal 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 Expert Annotation Workflow

To ensure the high reliability of the BoYaEval
benchmark, we employed a rigorous expert annota-
tion pipeline. The construction of the ground truth
(GT) for each task followed distinct procedural log-
ics:

A.1 Task 1: Expert-Created Ground Truth

All Task 1 questions were fully constructed by do-
main experts. This process involved: (1) Designing
specialized multiple-choice questions centered on
historical theory; (2) Crafting theoretically plausi-
ble but incorrect distractors based on common no-
tation ambiguities; and (3) Manually determining
the correct answer. The GT for Task 1 is therefore
a purely expert-authored dataset.

A.2 Task 2: Consensus-Based and
Expert-Validated GT

Task 2 utilized two different workflows based on
the subtask type:

• Translation (e.g., Jianzipu): Experts per-
formed manual interpretation of cropped nota-
tion segments. For these textual explanations,
“annotator agreement” refers to a consensus-
based validation. Two experts independently
reviewed each interpretation; any discrepan-
cies in fingering descriptions or technique
mapping were discussed until a finalized con-
sensus version was reached as the GT.

• Recognition (e.g., Gongchepu): An initial
sequence was generated via an MLLM (Gem-
ini 3 Pro) and subsequently expert-validated.
Experts reviewed every predicted symbol, cor-
rected errors in sequence and structural in-
tegrity, and verified the final character map-
ping.

A.3 Task 3: Expert-Curated Alignment

Task 3 items were automatically constructed from
paired ancient and modern score scans and subse-
quently expert-curated. Experts systematically
reviewed these generated alignment questions to:
(1) Verify that the ancient and modern excerpts cor-
respond to the same underlying melody; (2) Ensure
the correct option is musically unambiguous; and
(3) Refine or remove any items with rhythmic or
melodic ambiguity.

B Detailed Corpus Statistics and
Distribution

To substantiate the heavy-tailed nature of the BoY-
aEval benchmark, we provide additional statistics
regarding our source corpus and symbol distribu-
tion.

B.1 Historical Coverage and Diversity

The benchmark is sampled from a vast historical
repository, ensuring wide stylistic and structural
diversity:

• Jianzipu: 322 representative excerpts se-
lected from over 2,800 historical pieces, span-
ning from the Ming dynasty (e.g., Shenqi
Mipu) to the late Qing period.

• Gongchepu: 946 excerpts curated from
5,000+ pieces, including major Qing-era com-
pilations like Jiugong Dacheng Nanbei Ci
Gongpu.

This coverage spans over 1,300 years, capturing
the evolutionary trajectory of musical notation.

B.2 The Heavy-Tailed Characteristic

The “heavy-tailed” property manifests in two di-
mensions:

1. Symbol Frequency Tail: A small subset of
foundational symbols (e.g., basic string mark-
ers) dominates the high-frequency spectrum,
while a broad tail of structurally rich, his-
torically specific composite symbols appears
sparsely.

2. Structural Complexity Skew: Low-
frequency symbols often possess the highest
structural density, integrating multiple com-
ponents (string, hui position, left/right-hand
techniques) into a single ideogram.

This dual skew ensures that the benchmark eval-
uates a model’s ability to generalize across rare,
complex symbolic combinations rather than rely-
ing on surface patterns or frequency biases.

C Detailed Experimental Setup

This section provides comprehensive details regard-
ing the evaluated models and implementation con-
figurations, expanding upon the summary in Sec-
tion 3.1.
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C.1 Evaluated Models and Settings

To comprehensively evaluate the capabilities of
current vision-language technologies on ancient
music score understanding, we selected a diverse
set of MLLMs, which have demonstrated strong
performance on OCR and document understand-
ing tasks. Specifically, our evaluation includes In-
ternVL3 (Zhu et al., 2025), Qwen-VL-Max (Bai
et al., 2023), Qwen3-VL series (8B, 30B, 235B and
Plus) (Bai et al., 2025), Gemini 2.5 Pro and Flash
(Comanici et al., 2025), GLM-4.6V (Team et al.,
2025b), Seed-1.6 (Guo et al., 2025), GPT-4o (Hurst
et al., 2024), Moonshot, Kimi (Team et al., 2025a),
and GPT-5.

All models are initially evaluated in a zero-shot
setting to strictly test their inherent knowledge.
To further investigate performance headroom and
adaptation capacity, we conduct an expanded few-
shot analysis. Specifically, we evaluate Task 2 un-
der a 3-shot setting and Task 3 under a 2-shot set-
ting, providing models with fully worked melodic
reconstruction and reasoning traces as demonstra-
tions. The complete model coverage and detailed
analysis for these few-shot settings are provided in
Appendix D.

C.2 Implementation Details

For open-source models, inference is conducted
on NVIDIA A100 (80GB) GPUs. We set the tem-
perature to 0 to ensure deterministic outputs. The
prompts are carefully designed to include task in-
structions and the image input, formatted consis-
tently across all models. Critically, for Task 2 and
Task 3, the prompts explicitly inform the model
of the specific notation system being processed to
provide necessary domain context. For Task 1, the
notation context is inherent within the theoretical
question itself. Detailed prompt templates and ex-
amples for each task and notation type are provided
in Appendix E. For the Melodic Derivation task
(Task 3), the output is constrained to standard num-
bered musical notation (1-7) to facilitate automated
evaluation.

D Systematic Few-shot Study

To provide a comprehensive view of model adap-
tation capacity beyond zero-shot performance, we
expanded our evaluation to include a systematic
few-shot study across all task tiers. Task 2 is eval-
uated in a 3-shot setting, while Task 3 utilizes a
2-shot setting with explicit reasoning chains.

Model Jianzipu (Trans.) Gongchepu (Rec.) Lulupu (Rec.)
BLEU BS BLEU BS BLEU BS

Gemini 2.5 Pro 7.94 45.63 53.05 80.30 45.34 79.51
Gemini 2.5 Pro (T) 7.95 45.36 53.15 80.19 46.72 79.68
Seed-1.6 5.12 41.20 48.90 76.45 40.12 72.34
Seed-1.6 (T) 5.45 42.15 49.34 77.10 42.56 74.12
GLM-4.6V 8.92 46.64 30.48 64.30 24.17 75.12
GLM-4.6V (T) 1.75 32.85 27.40 62.56 54.23 82.63

Table 4: Complete 3-shot results for Task 2. BS stands
for BERTScore F1.

D.1 Task 2: Detailed Performance Headroom

Table 4 presents the complete results for 6 model
configurations. We observe that structured recog-
nition tasks (Gongchepu and Lulupu) exhibit the
highest “adaptation headroom,” with several mod-
els showing improvements of over +20 points in
BLEU after seeing only three examples.

Model Accuracy (%) Delta (∆)

Gemini 2.5 Pro (T) 30.87 +0.69
Seed-1.6 30.08 +4.00
Seed-1.6 (T) 27.13 -0.72
GLM-4.6V 26.79 -1.46
GLM-4.6V (T) 27.24 -1.33
Qwen3-VL Plus (T) 25.99 -0.33

Table 5: Task 3 Few-shot (2-shot) Accuracy. ∆ indicates
changes relative to zero-shot.

D.2 Task 3: Reason-Informed Few-shot
Analysis

For the highest tier, we provide models with two
demonstrations that include fully worked melodic
reconstruction and interval reasoning traces. As
shown in Table 5, despite the inclusion of struc-
tured reasoning steps, performance gains are
marginal or even negative. This suggests a sig-
nificant “reasoning bottleneck” where models fail
to internalize the cross-representational logic of
melodic derivation from sparse examples.

E Prompt Templates and Examples

We provide the full set of prompting strategies and
templates used across the three hierarchical tasks
to ensure the transparency and reproducibility of
our experimental setup.

E.1 Task 1: Structural Parsing

Task 1 is framed as a knowledge-based multiple-
choice VQA problem. The notation context is in-
cluded within the question text.
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Template:
Please select one answer from options
A/B/C/D based on the provided image.
Output one sentence explanation and the
final answer in the following format:
Reason: <your explanation>
Answer: <option letter>

E.2 Task 2: Instructional Translation
The prompt explicitly specifies the notation system
and the expected output granularity (performance
gestures or pitch symbols).

Jianzipu Translation Template:
Please interpret the Jianzipu (reduced-
character notation) shown in the im-
age and translate it into concrete perfor-
mance fingering instructions.
Output format: Interpretation: <transla-
tion result>

Gongchepu/Lülüpu Recognition Tem-
plate:
Please recognize the [notation type] col-
umn in the image and output the notation
symbols in sequential order.
Output format: Notation: <recognized
symbols>

E.3 Task 3: Musical Reasoning
Task 3 specifies both the source notation in the
image and the target notation in the options to guide
the cross-notation alignment.

Template:
The image shows [notation type 1].
Please select the most likely correspond-
ing [notation type 2] from the following
options.
Output format:
Reason: <your explanation>
Answer: <option letter>

F Disparate Performance Across
Notation Systems

Table 6 compares model performance across
three traditional Chinese music notation types:
Gongchepu, Jianzipu, and Lulupu. All tasks take
as input an image containing a column-level slice
of a musical score, but differ in task formulation.
The Jianzipu task requires interpretative reading of
fingering-based symbols, whereas Gongchepu and
Lulupu are formulated as symbol recognition tasks.

Across models, performance on Jianzipu is con-
sistently lower, particularly in BLEU, indicating
that interpretative reading poses a greater challenge
than direct visual-to-text recognition.

Among the two recognition-based notations,
Lulupu achieves consistently higher scores than
Gongchepu. This difference can be partly attributed
to visual characteristics of the notation systems:
Lulupu symbols are typically rendered as clear
and relatively large textual characters, facilitating
recognition, while Gongchepu symbols are often
smaller and visually similar to surrounding musical
or structural marks, leading to increased confu-
sion. Comparing Instruct and Thinking settings, ex-
plicit reasoning generally improves performance on
Gongchepu and Lulupu, but yields limited gains on
Jianzipu, suggesting that current reasoning mecha-
nisms are insufficient to fully address the semantic
inference required by fingering-based notation.

G Mechanistic Failure Analysis of Task 3

To investigate the underlying causes of perfor-
mance bottlenecks in Task 3 (Melodic Reasoning),
we analyzed the explicit reasoning traces of “Think-
ing” models. By examining the intermediate infer-
ence steps of 20 representative failure cases each
for Seed-1.6-Think and Gemini 2.5 Pro, we identi-
fied four primary failure mechanisms:

G.1 Single-Cue Bias and Premature
Commitment

A dominant failure mode (observed in 8/20 cases
for Seed-1.6-Think) is the disproportionate weight-
ing of salient visual symbols. For instance, the pres-
ence of a harmonic circle often triggers an immedi-
ate assumption of a harmonic segment, leading the
model to ignore contradictory pitch structures. Sim-
ilarly, ornaments like slides (“↑”) act as anchors
that cause the model to commit to a melodic con-
tour before verifying the complete symbol-to-pitch
mapping chain.

G.2 Top-Down Template Override
Especially prevalent in Gemini 2.5 Pro, models of-
ten exhibit canonical repertoire bias. Instead of
performing bottom-up decoding of the provided
score, the model maps the excerpt to well-known
pieces (e.g., Flowing Water or Yangguan Sandie)
stored in its training data. This top-down prior fre-
quently overrides local notation evidence, leading
to post-hoc rationalizations when the actual nota-
tion contradicts the memorized template.
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Type Model Gongchepu Jianzipu Lulupu

BLEU BS BLEU BS BLEU BS

Instruct

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 0.86 1.36 2.14 17.72 7.46 43.86
Qwen3-VL-30B-A3B 0.04 26.59 0.39 43.76 0.23 23.00
GLM-4.6V 12.76 43.07 0.97 13.89 20.42 37.36
InternVL3-78B 6.95 38.75 0.26 24.77 8.00 32.89
GPT-4o 4.49 48.57 0.67 21.90 2.26 29.34
Qwen3-VL-8B 0.05 33.81 0.78 36.77 0.64 37.99
Qwen3-VL-235B 5.49 25.12 5.03 44.29 11.94 55.25
Seed-1.6 14.29 42.46 5.53 40.43 21.17 43.64
Qwen-VL-Max 6.68 42.29 9.99 49.47 14.81 38.97
Gemini 2.5 Pro 28.46 60.83 4.28 38.45 42.10 59.08

Thinking

GPT-5 Thinking 1.26 -0.11 1.48 14.21 8.47 28.55
Gemini 2.5 Flash 1.99 0.27 2.70 29.28 22.48 42.21
GLM-4.6V 5.89 41.09 0.23 15.48 26.99 44.38
Qwen3-VL-8B 1.99 35.75 1.28 26.98 14.89 50.15
Qwen3-VL-30B-3B 1.44 34.71 9.81 49.03 7.45 30.20
Qwen3-VL-235B 1.08 39.36 0.86 29.96 29.36 58.60
Qwen3-VL-Plus 2.57 38.68 0.57 26.62 33.37 63.22
Seed-1.6 15.15 44.84 4.07 34.95 30.37 56.95
Gemini 2.5 Pro 28.50 62.22 4.34 37.03 40.59 60.19

Table 6: Performance comparison across different notation types. Models are evaluated on Gongche, Jianzi, and
Lulu notations using BLEU and BERTScore (BS).

G.3 Unstable Foundation and
Evidence-Chain Breakdown

Failure often stems from a fragile symbolic foun-
dation. Reasoning traces frequently contain uncer-
tainty markers (e.g., “maybe,” “reconsider”) during
the initial decomposition of Jianzipu. This instabil-
ity propagates downstream, where the model even-
tually substitutes rigorous interval-consistent align-
ment with a holistic, qualitative “contour matching”
approach (e.g., “this option has a similar flow”).

G.4 Inconsistent Tuning and Pitch Mapping
Models struggle to maintain internal consistency re-
garding instrument tuning and the hui-to-pitch cor-
respondence. This leads to incorrect starting tones
or unstable melodic skeletons, where the model
acknowledges a pitch mismatch but fails to recali-
brate its reasoning, often invoking “non-standard
tuning” as an ad-hoc justification for an incorrect
final answer.
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