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Abstract

Chinese museum artifacts represent a continu-
ous cultural lineage and constitute a core com-
ponent of global cultural heritage. Recent ad-
vances in Vision—-Language models (VLMs)
have shown promise in incorporating domain
knowledge when applied to such collections.
However, it remains unclear to what extent
existing VLMs can effectively interpret and
reason over professional museum artifact doc-
umentation. To address this gap, we intro-
duce MuseBench, a comprehensive benchmark
of Chinese museum artifacts, that evaluates
two dimensions of VLM’s cultural understand-
ing: cultural reasoning and semantic align-
ments. MuseBench contains 128,592 images of
29,352 artifacts and 293,376 question-answer
pairs, supporting two complementary tasks:
Cultural Visual Question Answering and Cul-
tural Retrieval. Through extensive evaluation
of 25 mainstream VLMSs, we observe that even
the top-performing model achieves an average
score below 22%, indicating substantial room
for improvement. Our analysis shows signif-
icant performance variations across different
tasks and identifies critical challenges primar-
ily arising from professional terminology gen-
eration and structured metadata understanding.
MuseBench thus provides a challenging bench-
mark with valuable insights that reveal substan-
tial room for improvement in multimodal cul-
tural understanding.

1 Introduction

Chinese museum artifacts represent a continuous
cultural lineage. As emphasized by UNESCO, dig-
itizing and interpreting these collections is critical
for advancing scholarly research (UNESCO, 2015).
Through digitization, museum artifacts form a vast
repository of multimodal data, including images,
textual descriptions, and structured metadata. In
this context, recent advances in Vision-Language
Models (VLMs) have shown promise in support-
ing cultural heritage tasks, such as cross-modal
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Figure 1: An example of the MuseBench. Each artifact
includes standard multi-view imagery and two textual
data types to support Cultural Retrieval and Cultural
VQA tasks.

retrieval (Yuan et al., 2025; Zhang et al., 2025) and
visual question answering (VQA) (Romero et al.,
2024; Schneider et al., 2025). However, VLMs
performance on professional museum artifact doc-
umentation remains largely underexplored.

Despite their valuable resources, existing
museum-related benchmarks remain insufficient
for comprehensive evaluation of VLMs, as summa-
rized in Table 1. Most benchmarks lack key data
features required for professional museum analysis.
For instance, VISCOUNTH (Becattini et al., 2023)
incorporates official catalog sources and structured
metadata, but does not provide multi-view imagery.
Moreover, existing benchmarks typically support
only a single evaluation task, focusing on either
Cultural VQA or Cultural Retrieval, limiting uni-
fied assessment of cultural understanding. To fill
this gap, we introduce MuseBench, a comprehen-
sive professional multimodal benchmark for eval-
uating VLMs’ cultural understanding of Chinese
museum artifacts.

In the following, we explore MuseBench from
both data and task perspectives. (a) Data: Differ-
ent from existing benchmarks that rely primarily
on single-source, web-derived data, MuseBench is
curated from authoritative institutions (the Palace



Categor Feature Museum-65 VISCOUNTH AQUA EUFCC-CIR MuseBench
gory (Balauca et al., 2025)  (Becattini et al., 2023) (Garcia et al., 2020) (Net and Gomez, 2024) (Ours)
Official Catalog Source X X X
Data Multi-View Imagery X X X X
Structured Metadata X X X
Task Cultural VQA X
Cultural Retrieval X X X

Table 1: Comparison of MuseBench with existing museum-oriented benchmarks.

Museum, the Zhejiang Provincial Museum, and
the National Palace Museum), and constructed at a
large scale, comprising 128,592 images of 29,352
artifacts and 293,376 QA pairs. As shown in Fig. 1,
the benchmark further provides rich data represen-
tations by pairing standardized multi-view imagery,
such as frontal, lateral, and detailed views, with
expert-curated museum descriptions and structured
metadata, including title, size, period, and category.
(b) Task: MuseBench defines two complementary
tasks: Cultural VQA for cultural reasoning and
Cultural Retrieval for multimodal semantic align-
ments, to evaluate VLMs’ cultural understanding.
These tasks challenge models to establish cross-
view associations across multiple visual perspec-
tives. Subsequently, models are required to ground
these visual cues within precise, domain-specific
textual descriptions.

We conduct an extensive evaluation of 25 main-
stream VLMs. The evaluated VLMs cover both
closed-source systems such as GPT-5.1 (OpenAl,
2025) and Gemini-2.5 (Comanici et al., 2025),
as well as open-source models including Qwen3-
VL (Yang et al., 2025) and InternVL3.5 (Wang
et al., 2025). Overall, current vision—language
models exhibit limited cultural understanding in
expert-curated museum settings. Current VLMs
exhibit substantial limitations in cultural under-
standing within professional museum contexts. For
the cultural VQA task, model-generated responses
often fail to consistently produce the precise pro-
fessional terminology required by the benchmark,
even as model capacity increases. In the cultural
retrieval task, embedding models tend to prioritize
continuous, descriptive language representations
over structured, label-oriented metadata, leading to
degraded retrieval performance.

In summary, our contributions are as follows:

* We introduce MuseBench, a comprehensive
benchmark on Chinese museum artifacts, cov-
ering 128,592 images of 29,352 artifacts with
293,376 QA pairs, curated from official mu-

seum institutions. The benchmark spans 47
artifact categories mapped to 18 dynasty-level
periods.

* MuseBench paires standardized multi-view
imagery with expert-curated museum descrip-
tions and structured metadata to evaluate
VLM'’s cultural understanding.

* We design comprehensive evaluation tasks, in-
cluding Cultural VQA and Cultural Retrieval,
to assess cultural reasoning and cross-modal
semantic alignment.

* We conduct detailed analyses to reveal the
key factors underlying the limited cultural un-
derstanding of VLMs across different tasks,
offering valuable insights for future cultural
heritage research.

2 Related Work

VLMs for Cultural Heritage. Vision-language
models (VLMs) have advanced rapidly in re-
cent years, including both closed-source systems
such as GPT-5.1 (OpenAl, 2025) and Gemini-
2.5 (Comanici et al., 2025), as well as large-scale
open-source models such as Qwen3-VL (Yang
et al., 2025) and InternVL3.5 (Wang et al., 2025).
These models underpin a wide range of vision-
language understanding tasks. In the cultural her-
itage domain, VLMs have been applied to tasks
such as culturally grounded visual question an-
swering (Romero et al., 2024), cross-modal re-
trieval (Zhang et al., 2025), and cultural caption
generation for historical imagery (Ghaboura et al.,
2025). Despite encouraging progress, it remains
unclear how well these models perform on profes-
sionally curated museum data. This gap calls for
museum-oriented benchmarks with professional
artifact documentation.

Museum Multimodal Benchmarks. Existing
museum-related benchmarks, such as MUSEUM-
65 (Balauca et al., 2025) and VISCOUNTH (Be-



O Descriptive desc.

; Cultural Retrieval
Dish mouth, rounded belly, flat E

» Rank list

poseyihueclficiflegioicuped I2T(Structure) | T2I(Descriptive)

grid pattern on exterior ...

& ———
| | Schema | = \

|
|
P = N [3 Structural desc. i — : — I = : 5
| Data Pr_epro_cessmg 1 Title:Warring States Hard Pottery ! >> O | &J | @ | @
l &Filtering X, g Ding with Impressed Paﬂerns E\ : &_' I @ : &1
' w——t “\ Period: Warring States | ') : ') 1 : ')
| Title
(T aem T | : “Period”
== I a “Cat u
| LJ | STr‘ucTuml: “s‘.l e"gor‘y
| | e ize" ...
L Mul-image fext
"7 T @ eeran | =)
L @ GPT4o0-mini | i “Artifact
___________ Descripﬁve: Description”
——————————— desc.

| QA generation

1@@@@@'

Human Check

MuseBench

\‘\,) @ 4 A stamped grid pattern is visible on the outer wall
o
o

What is the shape of the vessel's mouth? L -I !
A disc- shupad mouth. -\
What decorative pattern is visible on the
outer wall of the vessel?

Cultural VQA

Figure 2: Overview of the MuseBench construction pipeline for two evaluation tasks, including Cultural VQA and

Cultural retrieval.

cattini et al., 2023), leverage web-sourced data to
evaluate broad multimodal coverage and cultural vi-
sual question answering. VISCOUNTH (Becattini
et al., 2023) focuses on cultural visual question an-
swering using image-text pairs collected from web
sources. AQUA (Garcia et al., 2020) targets fine-art
understanding by leveraging museum catalogs and
art-historical annotations for supervision. More re-
cent efforts, such as Seeing Cultural Heritage (Satar
et al., 2025), further integrate structured metadata
curated by domain experts to enhance annotation
reliability. Despite their utility, current benchmarks
primarily focus on general cultural context within
limited task formats, potentially constraining the
comprehensive evaluation of the latest VLMs.

3 MuseBench

We introduce MuseBench, a comprehensive multi-
modal benchmark for evaluating vision—-language
models on Chinese museum artifacts. MuseBench
contains 128,592 images from 29,352 artifacts cu-
rated from authoritative museum collections, to-
gether with 293,376 QA pairs. Fig. 2 illustrates the
MuseBench construction pipeline. Starting from
museum data collection, artifact-level schema stan-
dardization, and data preprocessing and filtering,
each artifact is organized into multi-view images,
structured metadata, and expert-curated descrip-
tions. Based on this unified representation, we

construct two evaluation tasks: Cultural VQA, via
question generation and verification, and Cultural
Retrieval, under both structural and descriptive
query settings.

3.1 Task Definition

Cultural VQA. Cultural VQA is designed to
evaluate cultural reasoning over professionally cu-
rated museum artifacts. Given a multi-view im-
age set of an artifact and a question, models are
required to generate an answer grounded in observ-
able visual evidence and consistent with authori-
tative museum descriptions. This task focuses on
whether models can reason over fine-grained visual
cues within culturally grounded museum contexts.

Cultural Retrieval. Cultural Retrieval in
MuseBench evaluates cross-modal cultural seman-
tic alignment in professional museum contexts.
Models are required to associate professional
museum documentation with multi-view visual
representations. In practice, each individual image
view serves as a query, while retrieval targets
correspond to artifact-level multi-view image sets.

3.2 Data Construction

3.2.1 Data Collection and Standardization

Data Sources and Coverage. We collect artifact-
level records from three major institutions: the



Zhejiang Provincial Museum, the Palace Museum,
and the Taipei Palace Museum. Each record corre-
sponds to a single museum artifact, and the initial
corpus contains 618,939 images from 134,253 arti-
facts. The original collection covers 65 fine-grained
artifact categories and spans Chinese history from
the Neolithic to the People’s Republic of China.

Artifact-Level Schema Standardization. To
unify heterogeneous museum catalogs, we stan-
dardize all records into a fixed artifact-level JSON
schema through three key steps. (1) Artifact-level
representation. Each museum artifact is repre-
sented as a single record, aggregating all avail-
able visual views into a unified multi-view image
set. This design ensures consistent alignment be-
tween visual evidence and textual descriptions at
the artifact level. (2) Dual-component textual
schema. Textual information is organized into two
complementary components: structural metadata
and expert-curated descriptions. Structural meta-
data includes canonical catalog fields such as title,
category, period, size, author, and grade. Expert-
curated descriptions consist of free-form curatorial
texts written by museum professionals, describing
observable visual characteristics and relevant cul-
tural context. (3) Category and period mapping.
To facilitate comparable analysis across museums,
category and period labels are mapped to a unified
taxonomy. Specifically, original artifact categories
are unified into 47 normalized classes, and histor-
ical annotations are standardized into 18 dynasty-
level periods, with detailed mappings provided in
Appendix A.3 and A.4.

Data Preprocessing and Filtering. To ensure
data quality, we apply preprocessing and filtering
based on three criteria: (1) Completeness filtering.
Artifacts missing two or more structural metadata
fields or lacking an expert-curated description are
removed. To support multi-view analysis, each re-
tained artifact is required to contain at least two
visual views. (2) Temporal consistency checking.
The primary temporal annotation is the categorical
field period. As a sanity check, any year-like to-
ken (YYYY) appearing in auxiliary text must not
exceed the crawl year; records violating this con-
straint are discarded. (3) Redundancy removal.
Near-duplicate image pairs within the same arti-
fact are identified using two multimodal embed-
ding models, tongyi-embedding-vision-plus and
multimodal-embedding-v1. Candidate pairs with
cosine similarity greater than 0.9 are treated as

redundant and removed after expert verification.
After preprocessing, each artifact retains at least
two complementary visual views.

3.2.2 Cultural VQA Construction

Generation Method for VQA. To ensure both
precision and semantic diversity, we combine
rule-based templates with LLM-assisted genera-
tion for VQA construction across structured meta-
data and expert-curated descriptions. For struc-
tured metadata attributes, including Title, Period,
Category and Author, we employ template-based
generation. The Size field is explicitly excluded to
avoid scale ambiguity. This approach yields high-
precision QA pairs directly grounded in canonical
museum records, resulting in a total of 117,408
structured-metadata-based questions.

For descriptive content, we generate questions
from expert-curated descriptive briefs using GPT-
4o-mini (Hurst et al., 2024). The generation
prompt enforces three constraints: (1) visual-
centricity, ensuring that questions require visual in-
spection rather than background knowledge alone;
(2) granularity, focusing on isolated visual at-
tributes instead of compound descriptions; and
(3) anonymization, replacing artifact names with
generic references to prevent data leakage. This
process produces 208,399 descriptive QA pairs.

Two-Stage Quality Verification. All generated
QA pairs undergo automated semantic filtering us-
ing GPT-40 (Hurst et al., 2024). The verifier is in-
structed to discard questions that can be answered
without visual evidence or that are inconsistent with
the associated images. After this automated stage,
293,376 out of 325,807 generated pairs are retained,
corresponding to a pass rate of 90.04%, indicating
that most questions are visually grounded and se-
mantically consistent. To ensure data integrity, we
perform human-in-the-loop verification via strati-
fied sampling, manually inspecting 10% of samples
across all categories. This manual verification stage
achieves a pass rate of 98.16%, yielding 28,797 val-
idated QA pairs, which constitute the golden set
for Cultural VQA evaluation. Annotators evaluate
visual dependency, image—answer consistency, and
the presence of hallucinations; instances with iden-
tified issues are either corrected or discarded. Only
validated pairs are included in the final benchmark.

3.2.3 Cultural Retrieval Construction

We design two complementary retrieval settings
based on query formats: (1) Structural Retrieval,



which leverages metadata (e.g., title, period, and
grade) to reflect the controlled information of pro-
fessional catalogs; and (2) Descriptive Retrieval,
which utilizes expert-curated natural language to
capture visual characteristics and cultural context.
For both settings, we evaluate bi-directional re-
trieval comprising Text-to-Image (T2I) and Image-
to-Text (I2T) tasks to assess model capability in
aligning artifact-level semantics with multi-view
visual evidence under museum-level ambiguity.

3.3 Data Statistics

MuseBench contains 29,352 museum artifacts and
128,592 images, with each artifact documented by
multiple complementary views, averaging 4.38 im-
ages per artifact. In total, the benchmark includes
293,376 QA pairs grounded in expert-curated mu-
seum descriptions and structured metadata. The
number of QA pairs varies across institutions, re-
flecting differences in catalog richness and docu-
mentation practices. The artifact collection spans
47 standardized categories and covers major his-
torical periods from the Neolithic era to the Peo-
ple’s Republic of China, mapped into 18 dynasty-
level periods, capturing the long-term continuity
of Chinese material culture. Fig. 3 illustrates the
dataset distribution across historical periods, muse-
ums, and major artifact categories.
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Figure 3: Statistics on MuseBench across three levels.

4 Experimental Details

4.1 Evaluated Methods

We evaluate 25 mainstream VLMs on MuseBench,
comprising 17 models for Cultural VQA and 8
dedicated to Cultural Retrieval. These include:
(a) Closed-source models such as Gemini-2.5-
Pro and Gemini-2.5-Flash (Comanici et al., 2025),
GPT-5.1 (OpenAl, 2025), and Doubao-seed-1.6-
thinking (Seed, 2025). (b) Open-source models,
including Qwen2.5-VL series (Bai et al., 2025),
Qwen3-VL series (Yang et al., 2025), InternVL3

series (Zhu et al., 2025) and InternVL3.5 se-
ries (Zhu et al., 2025; Wang et al., 2025), as
well as DeepSeek-VL2-Tiny (Wu et al., 2024).
(c) Embedding models such as CN-CLIP (Yang
et al., 2022), multimodal-embedding-v1, tongyi-
embedding-vision-flash, tongyi-embedding-vision-
plus, and the Qwen2.5-VL embedding series (Bai
et al., 2025).

4.2 Evaluation Metrics

For Cultural VQA, ACC (Accuracy) is used for
questions targeting structured attributes with a sin-
gle correct answer, such as dynasty period or author.
BERT (BERTScore) measures semantic similar-
ity between model-generated answers and expert-
authored references, capturing meaning-level align-
ment beyond exact wording. ANLS measures
string-level similarity between predicted and refer-
ence answers. For Cultural Retrieval, we report Re-
call@K, which measures the proportion of queries
for which the ground-truth artifact appears among
the top-K retrieved candidates.

4.3 Experiment Setup

All experiments are conducted under a zero-shot
setting without task-specific fine-tuning. For open-
source models with parameter sizes below 9B, as
well as CN-CLIP, are conducted on two NVIDIA
A6000 GPUs. Other open-source and all closed-
source models are evaluated via official APIs using
default inference settings.

5 Results and Analysis
5.1 Main Results

Overall performance leaves substantial room
for improvement. For Cultural VQA, the aver-
age score across all 17 models is merely 32.53%,
underscoring the significant difficulty of the task.
Except for the top-performing Qwen3VL-235B-
A22B-Instruct (36.89%), all other evaluated mod-
els fall below 35%, as shown in Table 2. The per-
formance limitation suggests that most models still
struggle with the complex reasoning required to
generate professionally grounded answers aligned
with museum catalogs. Regarding Cultural Re-
trieval (Table 4), the top-performing Qwen2.5-VL
embedding model, utilizing 2048-dimensional rep-
resentations, achieves a mean R@1 of only 6.7%
across all settings. This underscores a significant
gap in aligning artifact-level semantics with visual
evidence.



Overall

Zhejiang Provincial Museum

The Palace Museum

National Palace Museum

Model
Score BERT ANLS Score BERT ANLS Score BERT ANLS Score BERT ANLS
Closed-source Models
Gemini-2.5-Pro (Comanici et al., 2025) 3496 6741 425 36.56 6747 5.78 3527  68.16 7.05 3452 67.25 3.33
Gemini-2.5-Flash (Comanici et al., 2025) 3434 66.37 3.98 3548 6635 5.61 34.15  66.54 5.94 34.11 6634 3.20
GPT-5.1 (OpenAl, 2025) 3447  67.16 2.75 34.09 6647 3.72 34.00 67.25 4.04 34.66  67.30 2.27
Doubao-seed-1.6-Thinking (Seed, 2025) 3449 6749 536 3650 6742 7.98 35.19 6761 7.04 33.87 6749 4.40
Open-source Models

Qwen2.5VL-3B-Instruct (Bai et al., 2025) 30.83  62.06 2.57 3577 6322 5.62 31.67 6334 454 2949 6153 1.45
Qwen2.5VL-7B-Instruct (Bai et al., 2025) 32.08 64.94 2.60 3482  65.30 5.14 31.81  64.67 3.13 3148 6491 1.89
Qwen2.5VL-72B-Instruct (Bai et al., 2025) 3346 6651 482 3601 6696 7.41 3294 66.02 5.57 3296 6650 4.06
Qwen3VL-8B-Instruct (Yang et al., 2025) 3336  67.20 4.19 36.67 67.94 8.07 3376 66.92 5.52 3250  67.08 3.01
Qwen3VL-30B-A3B-Instruct (Yang et al., 2025) 3457 67.86 5.02 38.05 68.61 8.39 3463 67.82 5.70 3373 67.69 4.09
Qwen3VL-32B-Instruct (Yang et al., 2025) 34.60  68.02 519 3777  68.59 8.04 35.03 6797 6.68 33.76  67.89 4.21
Qwen3VL-235B-A22B-Instruct (Yang et al., 2025) 36.89 68.98 744 3993 69.74 11.64 3775  69.06 9.73  36.00 68.78 5.99
Qwen3VL-235B-A22B-Thinking (Yang et al., 2025)  34.97  67.43 5.53 3774  68.23 8.93 35.09 67.54 7.74 3428  67.21 429
InternVL3-2B (Zhu et al., 2025) 2776 5839 0.25 29.16  58.96 0.77 28.92  60.29 0.60 2720 57.88 0.05
InternVL3-8B (Zhu et al., 2025) 3123 6427 2.73 31.82 6350 3.60 3195 6492 3.48 3095 6432 2.38
InternVL3.5-1B (Wang et al., 2025) 27.63 5891 0.51 2895  59.16 1.45 2871  59.78 0.93 27.10  58.68 0.21
InternVL3.5-2B (Wang et al., 2025) 2845 6041 096 2981 61.70 2.07 29.77  61.51 198  27.86  59.89 0.49
Deepseek-VL-2-Tiny (Wu et al., 2024) 28.89  61.20 076  29.44  60.28 1.02 29.79  60.60 1.15 28.58  61.54 0.62

Table 2: Cultural VQA results on the MuseBench golden set (%). Overall is computed as a QA-count-weighted
average over the three museum subsets. Best results are shown in bold.

Model BERT (%) ANLS (%) Score (%)
Closed-source

Gemini-2.5-Pro 67.64 3.98 35.81
Gemini-2.5-Flash 66.64 3.54 35.09
GPT-5.1 67.03 2.38 34.71
Doubao-seed-1.6 67.49 4.83 36.16
Open-source

Qwen2.5VL-7B-Instruct 64.90 2.57 33.74
Qwen2.5VL-72B-Instruct 66.39 4.87 35.63
Qwen3VL-235B-A22B-Instruct 69.12 8.88 38.99
Qwen3VL-235B-A22B-Thinking 67.62 6.63 37.12
InternVL3-8B 64.01 3.09 33.55
InternVL3.5-2B 60.63 1.79 31.21
DeepSeek-VL2-Tiny 61.88 1.02 3145

Table 3: Overall performance on descriptive Cultural
VQA evaluation over the MuseBench golden set. Re-
sults are computed as QA-count-weighted averages
across Taiwan (15,882), the Palace Museum (3,085),
and Zhejiang Provincial Museum (3,298).

Structured metadata pose significant chal-
lenge to VLMs’ cultural understanding. In
Table 2, BERTScore for Qwen3VL-235B-A22B-
Instruct exceeds its ANLS score by nearly ninefold,
as the former prioritizes semantic similarity while
the latter requires exact string matching. This dis-
crepancy indicates that while models capture the
general semantic intent of queries, they remain
inadequate in producing the catalog-level termi-
nology required by the benchmark. In addition,
structural information poses greater challenges for
model understanding than descriptive information.
To assess the impact of structured metadata, we
evaluate VLMs performance by removing all struc-
tured metadata from the VQA setting. Across all

models, this removal consistently improves perfor-
mance by an average of 1.57%, as shown in Table 3.
For the best-performing model, Qwen3VL-235B-
A22B-Instruct, BERTScore and ANLS increase by
0.14% and 1.44%, respectively, compared with the
overall VQA setting. Furthermore, we reformulate
structured metadata into natural language queries
for retrieval embedding, which yields consistent
performance gains across models, improving R@1
by an average of 6.6%, as shown in Fig. 4.

Scaling and reasoning provide limited im-
provements to VLMs cultural understanding.
Although larger models consistently outperform
smaller counterparts across all museum subsets,
for example, Qwen3VL-235B-A22B-Instruct ex-
ceeds Qwen3VL-8B-Instruct by over 3.5% in over-
all score, even the largest models remain far below
expert level, with scores below 40%. This indicates
that model scaling alone is insufficient to close
the gap. Moreover, comparisons between Instruct
and Thinking variants show that explicit reasoning
does not yield systematic improvements. Notably,
Qwen3VL-235B-A22B-Thinking underperforms
its Instruct counterpart by nearly 2%. This sug-
gests that Cultural VQA relies more on fine-grained
visual grounding and domain knowledge than on
extended reasoning traces.

5.2 Further Analysis in Cultural VQA

Closed-source models are competitive but lack
domain-specific superiority. Closed-source sys-
tems such as Gemini-2.5 (Comanici et al., 2025)
and GPT-5.1 (OpenAl, 2025) achieve Overall



Structural Retrieval Descriptive Retrieval

Model Text dim Image dim 2T T21 12T T2I

R@] R@5 R@I0|R@] R@5 R@I10|R@] R@5 R@10|R@]1 R@5 R@10
CN-CLIP 1024 1024 331 985 14.86 | 391 1050 1550 | 3.01 893 13.34 | 425 10.56 15.71
multimodal-embedding-v1 1024 1024 6.00 15.86 22.44 | 6.31 13.74 18.84 | 525 13.13 18.15 | 793 1578 21.00
tongyi-embedding-vision-flash 768 768 1.59 497 7.67 | 1.09 327 518 | 263 726 10.64 | 250 6.07 8.58
tongyi-embedding-vision-plus 1152 1152 268 7.88 11.68 | 2.00 551 836 | 421 10.77 1533 | 410 9.54 1344
qwen2.5-vl-embedding 512 512 476 1359 19.68 | 433 10.78 1538 | 538 14.21 20.15 | 8.00 16.87 22.23
qwen2.5-vl-embedding 768 768 5.04 14.03 20.10 | 5.00 1195 16.78 | 573 1477 20.76 | 8.62 1798 23.78
qwen2.5-vl-embedding 1024 1024 524 1453 2073 | 5.06 1226 17.30 | 590 15.22 21.39 | 9.09 18.55 24.49
qwen2.5-vl-embedding 2048 2048 548 15.04 2135 | 588 13.68 19.31 | 595 15.17 2145 | 9.55 19.51 25.62

Table 4: Cultural retrieval performance on MuseBench in terms of R@K (%). Results are reported for Structural
and Descriptive queries under I2T and T2I settings. Text dim and Image dim denote embedding dimensionalities.

Best results are in bold.

Image-to-Text (i2t) Text-to-Image (t2i)

Recall @ K(%)

rO1 R@5 R@I0 R@1 Rr@5 [

Figure 4: Comparison of cultural retrieval perfor-
mance using structural metadata (blue) and their natural-
language reformulations (yellow). Orange bars indicate
the absolute performance gains.

Scores comparable to those of large open-source
models. However, none of the evaluated closed-
source models outperform Qwen3VL-235B-A22B-
Instruct (Yang et al., 2025). This indicates that
proprietary resources fail to yield a decisive advan-
tage here, potentially due to gaps in specialized
data and cultural linguistic alignment

Models exhibit limited capability in inferring
deep cultural information from structured meta-
data. We evaluate VLMs’ cultural understand-
ing across category recognition and deeper author
and period prediction for paintings and calligra-
phy. As shown in Table , while category recog-
nition achieves substantially higher performance,
with BERTScore consistently exceeding 70%, au-
thor and period prediction remain markedly weaker,
with best accuracies below 30%. This indicates that
although models perform well on high-level cate-
gory recognition, they struggle to infer fine-grained
cultural attributes from visually subtle cues.

5.3 Further Analysis in Cultural Retrieval

VLMs semantic alignment remains critically in-
sufficient for complex cultural artifacts across
all retrieval tasks. As illustrated in Table 4,

Category  Period Author

Model BERT (%) Acc (%) Acc (%)
Closed-source

Gemini-2.5-Pro 73.13 24.70 15.01
Gemini-2.5-Flash 72.78 24.54 9.36
GPT-5.1 71.83 27.62 1.80
Doubao-seed-1.6-Thinking 71.52 15.79 14.50
Open-source

Qwen2.5VL-7B-Instruct 70.92 15.67 14.75
Qwen2.5VL-72B-Instruct 74.18 12.71 16.50
Qwen3VL-235B-A22B-Instruct 71.64 22.53 25.47
Qwen3VL-235B-A22B-Thinking 71.37 19.19 25.06
InternVL3-8B 69.94 8.73 5.97
InternVL3.5-2B 71.99 7.11 1.82
DeepSeek-VL2-Tiny 72.43 7.43 5.78

Table 5: Cultural VQA performance comparison across
category, period, and author prediction tasks.

multimodal-embedding-v1 yields the highest per-
formance for Structural Retrieval, with R@1 scores
of only 6.31% and 6% in T2I and I2T settings, re-
spectively. This gap highlights the difficulty of
aligning multi-view images with structured meta-
data. Conversely, Descriptive Retrieval relies more
on semantically rich representations, where the
Qwen2.5-VL 2048-dimensional variant achieves
the peak R@1 of 9.55%. Overall, these results
highlight a fundamental limitation in cross-modal
semantic alignment for complex cultural artifacts.

Fine-tuning significantly mitigates the align-
ment gap in cultural retrieval. In the zero-shot
setting, all models perform poorly on both Struc-
tural and Descriptive Retrieval. As shown in Table
4, the zero-shot R@1 of CN-CLIP remains around
3~4% across both image-to-text (I2T) and text-to-
image (T2I) settings, with its R@10 staying below
16%. This indicates that off-the-shelf multimodal
embeddings struggle to retrieve culturally relevant
artifacts when directly applied to museum data.
As illustrated in Fig. 5, fine-tuning yields substan-
tial improvements. For Structural Retrieval, CN-



CLIP’s Recall@1 surges from 3.31% to 24.61%
(I2T) and 24.52% (T2I), with R@10 improving
by over 50 percentage points. A similar trajectory
is observed for Descriptive Retrieval, where the
model’s Recall@1 rises to over 22%, demonstrat-
ing the necessity of domain-specific adaptation.

Structural Retrieval
2T Ret

Zero-shot

et Re1 Ter Ret

Figure 5: Comparison of cultural retrieval performance
on CN-CLIP under zero-shot and fine-tuned settings.

5.4 Case Study

Fig. 6 illustrates a multi-view artifact example
along side two representative Cultural VQA cases
on MuseBench.

Case 1 Structured metadata: period predic-
tion with multi-view inputs. The ground-truth
label is the Qing dynasty Qing dynasty (1§ 1X),
and the model predicts the Yongzheng reign of the
Qing dynasty (J§-%E1LE), which is considered cor-
rect under dynasty-level evaluation. Crucially, this
prediction is supported by evidence visible in the
bottom view of the artifact, where an inscribed
reign mark is clearly present. Such information
is not observable from the frontal or side views,
which mainly convey decorative style rather than
explicit temporal markers. When this bottom view
is removed, the remaining views no longer provide
sufficient cues for identifying the specific reign,
and the model fails to produce a correct period pre-
diction. This example indicates that VLMs benefit
from multi-view visual cues but remain reliant on
explicit markers for historical reasoning.

Case 2 Descriptive understanding: identify-
ing the artifact’s exterior decorative technique.
The expert reference explicitly specifies falangcai
enamels on a red ground (ZLHIEIE), together
with distinctive catalog terms such as gilt-outlined
medallions (#4:3111f) and cartouches with aus-
picious motifs (FF Y6 & FELUF). The Instruct
model captures the coarse meaning (enamel on
a red background) and therefore obtains a rela-
tively high BERTScore. However, it omits criti-
cal museum-specific terminology (e.g., BE¥R# /T

Yo/ &), leading to an ANLS of 0 due to low
string-level overlap. The Thinking variant intro-
duces plausible but unverifiable additions (e.g., “im-
perial kilns”) and further drifts from the reference
phrasing, which reduces BERTScore and does not
improve ANLS. This example illustrates that, in
museum contexts, models may appear semantically
aligned while still failing to produce terminology-
precise descriptions required by expert documenta-
tion.

Case 2

Describe the ey Feyres
decorative

Case 1
production

period of

W.‘} this bowl?
- ||

technique used
on theexterior ﬂ".Q
of the bowl. o
This bow! was produced The bowl is decorated with ", 42m
/3 ) during the Yongzheng reign (B, paintedfloral patterns in =
‘v, of the Qing dynasty. W, enamel on a red background. ‘%LS

Instruct

[ 13

Describe the

production decorative

technique used
on theexterior
of the bowl. ‘> ®

The bowl likely uses enamel [Bert Score
Y, decoration with auspicious 7246
\Vr motifs, possibly from imperial[ ~ anLs
kiln: 0

period of
this bowl?

This bowl was produced
o ) dirng e Crngru e
% LN }

Thinking

Figure 6: Case study of Cultural VQA involving multi-
view inputs.

6 Conclusion

This paper introduces MuseBench, a comprehen-
sive multimodal benchmark specifically designed
for comprehensively evaluating VLMs for Chinese
museum artifacts. It covers artifacts from three of-
ficial museum catalogs spanning 47 categories and
18 dynasty-level periods, with two complementary
tasks for comprehensive evaluation of VLMs’ cul-
tural understanding in complex cultural contexts.
Experimental evaluations on 25 mainstream mod-
els indicate substantial room for improvement in
museum-level cultural understanding. In addition,
we provide an in-depth analysis of experimental
results across tasks and dissect the underlying in-
fluencing factors, offering actionable insights for
future research. We expect MuseBench to serve
as a challenging benchmark for evaluating VLMs
and fostering progress in cultural interpretation and
reasoning for digital cultural heritage.

Limitations

MuseBench evaluates Cultural Visual Question
Answering using automatic metrics aligned with
expert-authored museum catalog annotations.
While suitable for large-scale and reproducible
evaluation, descriptions from different museums



may exhibit minor variations for similar cultural
concepts.

Ethical Consideration

MuseBench is constructed based on publicly acces-
sible museum catalogs and is intended solely for
academic research on multimodal understanding
of cultural heritage. When using this benchmark,
researchers should be aware that museum descrip-
tions reflect institutional curatorial perspectives,
which may vary across museums and historical
contexts. Care should be taken to avoid cultural
misinterpretation, oversimplification, or the rein-
forcement of biased or anachronistic views when
analyzing or deploying model outputs. All data
sources used in MuseBench comply with copyright
and usage policies of the originating institutions.
The dataset must not be used for commercial pur-
poses or applications that conflict with the prin-
ciples of cultural respect, scholarly integrity, or
responsible use of artificial intelligence.
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A: Source Catalog Formats and 10

Standardized Schema :1 . ]

A.1 Original Catalog Formats
Listing 5: Original catalog format - National Palace

W N =

IS

W

N T

[

Listing 1: Original catalog format - Zhejiang Provincial
Museum (English translation).

Museum (English translation).

1 {
{ 2 "images": [
"images": [ 3 "String (URL)",
"String (URL)", 4 "String (URL)",
"String (URL)", 5 oo
6 1,
1, 7 "unified artifact number”: "String",
"title": "String"”, 8 "title": "String”,
"category": "String", 9 "category”: "String",
"period": "String"”, 10 "period”: "String",
"size_cm”: "String", 11 "size": "String",
"description”: "String", 12 "description”: "String"”
"grade"”: "String" 13| }
3

Listing 2: Original catalog format — Zhejiang Provin-

cial Museum (Chinese version).

Listing 6: Original catalog format - National Palace

Museum (Chinese version).

1 o{
{ 2 "HEr L
nE R T 3 "String (URL)",
"String (URL)", 4 "String (URL)",
"String (URL)", 5 oLt
oot 6 1,
1, 7 "H—": "String”,
"EHR" . "String”, 8 " "String”,
"PERRAL" . "String”, 9 "AFM: "String”,
"PARER . "string”, 10 " "String”,
"RF(em)”: "String”, 3 PRSP "String”,
A" "String”, 12 "HH" . "String”
KA. "String” 13| }
3

Listing 3: Original catalog format - The Palace Museum
(English translation).

{ Zhejiang Provincial Museum (English translation).
"category”: "String", g
‘title”: "Striqg”, 2 "id": "Integer",
::author:: ::Str}ng::, 3 "structural_desc.": {
"perloq - Sfrlﬂg o 4 "title"”: "String",
’,Qescrlgtlon : "String", 5 Deatemory®s Petring”
lma%iiring (URL)" ° ,perdod”: "String”,
N . . 7 size_cm”: "String”,
"Str‘1’ng (URLY™, 8 "grade”: "String"
] .. ol 3,
10 "descriptive_desc.": {
3 11 "description”: "String"
12/ 3,
.. .. 13 "images": [
Listing 4:. Orlgmal.catalog format — The Palace Mu- "String (URL)",
seum (Chinese version). 5 "String (URL)",
‘ 16 o
nRFI . rString”, 17, ]
"SCHEFR": "String”, 18| 3
"fEE" . "String”,
,,Eﬁ o T 2; Lot e Listing 8: Standardized object-level JSON schema —
”)in,,; [ rines Zhejiang Provincial Museum (Chinese version).

"String (URL)",
"String (URL)",

2

11

A.2 Standardized Object-Level JSON Schema

Listing 7: Standardized object-level JSON schema —

{

"id": "Integer”,



B~ W

W

16

L T S

-

B S S R S

[

E N T R S R

W

"structural_desc."”:
n% ;J—\vn: "String",
"HREERTE . "String”,
nﬁlﬁ]_ﬂz{—ﬁn: ”String”,

"Rsb (em) ": "String”,

"String”

{

F LUGIEE
}’
"descriptive_desc.":

Hk "Stl"ing"

{
i
3,
"images": [
"String (URL)",
"String (URL)",

n

Listing 9: Standardized object-level JSON schema —
The Palace Museum (English translation).

{
"id": "Integer",
"structural_desc.":
"title"”: "String",
"category": "String",
"period": "String"”,
"author": "String",

{

}’
"descriptive_desc.": {
"description”: "String"
}7
"images": [
"String (URL)",
"String (URL)",

Listing 10: Standardized object-level JSON schema —
The Palace Museum (Chinese version).

{

"id": "Integer",

"structural_desc.": {
HEFRT . "String”,
nRAEI . rString”,
"HHR T "String”,
"fEF": "String",

}7

"descriptive_desc."”:

" "String”

{
}Y

"images": [
"String (URL)",
"String (URL)",

n

Listing 11: Standardized object-level JSON schema —
National Palace Museum (English translation).

{
"id": "Integer",
"unified artifact number”:
"structural_desc.": {
"title": "String",

"String",

16

17
18

12

"category"”: "String",
"period”: "String",
"size": "String",
Yo
"descriptive_desc.": {
"description”: "String'’
}!
"images": [
"String (URL)",
"String (URL)",

I

n

Listing 12: Standardized object-level JSON schema —
National Palace Museum (Chinese version).

{
"id": "Integer",
"H)—": "String"”,
"structural_desc.":
"EAT: "String”,
"4ET: "String”,
"7 "String",
"RSf": "String”,
%o
"descriptive_desc.": {
"HH" . "String”
}!
"Frre L
"String (URL)",
"String (URL)",

I

A.3 Dynasty-Level Period Mapping and
Statistics

Table 6 outlines the mapping between dynas-
ties and their corresponding time periods used in
MuseBench. The second column summarizes the
distribution of artifacts across dynasties for the
entire dataset, while the third, fourth, and fifth
columns present detailed chronological statistics
for the three individual sub-datasets: the Zhejiang
Provincial Museum, the Palace Museum, and the
National Palace Museum.

Our statistics reveal a significant long-tailed dis-
tribution in the chronological data of museum ar-
tifacts. Specifically, the majority of samples are
concentrated in recent dynasties, such as the Qing
and Ming. In contrast, ancient or short-lived dynas-
ties such as the Xia, Qin, and Sui form the "tail"
with extremely scarce samples. This imbalance
objectively reflects the historical reality that fewer
artifacts survive from older periods, as well as the
specific collection focuses of different museums.



Museums (Artifact Count)

Dynasty Year Range MuseBench

Zhejiang Palace National Palace

Prov. Museum Museum Museum

Neolithic Period - 1,197 540 27 630
Xia Dynasty 2070-1600 BCE 17 11 2 4
Shang Dynasty 1600-1046 BCE 469 40 29 400
Zhou Dynasty 1046-221 BCE 1,738 270 129 1,339
Qin Dynasty 221-207 BCE 25 1 8 16
Han Dynasty 206 BCE-220 CE 2,068 206 134 1,728
Three Kingdoms 220-265 CE 97 25 7 65
Jin Dynasty 265-420 CE 381 322 21 38
Northern and Southern Dynasties ~ 420-589 CE 75 29 19 27
Sui Dynasty 581-618 CE 34 9 4 21
Tang Dynasty 618-907 CE 480 155 61 264
Five Dynasties 907-960 CE 158 118 13 27
Song Dynasty 960-1279 CE 1,794 498 254 1,042
Yuan Dynasty 1271-1368 CE 512 128 55 329
Ming Dynasty 1368-1644 CE 3,703 347 545 2,811
Qing Dynasty 1644-1911 CE 14,420 1,337 1,678 11,405
Republic of China 1912-1949 CE 1,414 1,115 4 295
People’s Republic of China 1949—present 770 599 68 103
Total 29,352 5,750 3,058 20,544

Table 6: Dynasty-level period mapping and artifact counts across MuseBench and three museums.

(Continued from previous column)

A.4 Category Mapping and Statistics

Original Gugong Taipei Zhejiang Total Mapping
Museum catalogs from different institutions use 5 0 o 63 163 &
heterogeneous category systems with different — FH% 1400 0 140 Hilds
. . . HEE - A 0 0 134 134 AE- A%l R
naming conventions and levels of granularity.  #w
. : ey 131 0 0 131 EfAds- €0 £
To support conmgtent dataset analysis and cross- "o o o 107 107 SHE. fEE
museum comparison, we map these museum- BHERH 102 0 0 102 FIEFEH
. . . . S FA 101 0 0 101 XA XFEAR
specific categories to a unified taxonomy for statis-  prig. iz 0 0 80 89 BEZI. BEFA . i
; ; ; ; R 81 0 0 81 BYA- 2E
tical repqmng only.. I.mportantly, .thls mapping does el ol 0 0 81 BB
not modify the original annotations: all Cultural giﬁa 0o 7 0 77 gij@
. . . . SESe 0 o0 74 T4 By
Retrieval and Cultural Visual Question Answering RE a0 16 70 RE
i ; ioi - fo5i] 66 0 0 66 EEFRES. FAER
evaluations are (fonducted using the original cate i PO o e A mE
gory labels provided by each museum. EIERE 50 0 0 50 AEESE
A
Original Gugong Taipei Zhejiang Total Mapping g??ﬂ%rﬁa 42 8 48 147& %Z‘?f?jé
P s 0 5779 0 5779 s P51k 4 0 0 40 7. 2
KT 0 4184 0 4184 Z4T0. Hfth HEE 20 0 32 B BERE. R
s 0 3812 0 3812 HA%E Hir 0 0 31 31 B
8 0 3541 0 3541 FA%K. =6 Fa [T o0 2929 TR
Tk B 0 0 1998 1998 ik 0 R I 0 28 B
BERSS 0 1513 0 1513 EXHSS . EEER 2] 0o 0 24 24 PR f
!ﬁ%g 0 0 1468 1468 %%% 2%@[ 0 24 0 24 %?{\ 2%@[
G 976 0 0 976 MR SR 20 0 0 20 BRHE
pe} 0 600 84 684 SLH . B i G o 0 1515 JRs - A
e 12 478 82 672 BE BoAa 2.0 113 BURE
HEZ 0 462 0 462 BEZI. BEYE . 1R =il B30 0 13 FHifi
46 300 0 0 300 ZHI . ZHIFEH P e 0 0 o 9 ERM
TG A 0 0 286 286 FRMHEA ARESY) 9o 0 0 9 SPELY)
4% 42 0 15 257 4155 ;E 0 0 9 9 ;? Htts
EE%. A 0 0 246 246 A% FH - B w 0 8 0 8 hun
EENF 0 0 244 244 EE1. EEIFAE Paw . Ao o 0 8 8 B HibREE
# U3 0 0 243 8l o
RSk 0o 0 198 198 F g B 07 0 7 H&
PrATF i 181 0 0 181 FIATHE S 0o 0 6 6 FE
M e 0o 0 178 178 Bige HIRG 0o 0 55 BRI B
i3S 0 0 177 177 f#s

(To be continued...)

(To be continued...)
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(Continued from previous column)

Original Gugong Taipei Zhejiang Total Mapping
HHEEES 0 0 30 3 HEEEE

EPN k)| 0 0 2 2 BANEY

%55 0 2 0 2 #4%5

&N 0 1 0 1AM

HE 0 0 1 1 HE

S~ nk L 0 0 1 1 258 - 2T A

Table 7: Category mapping statistics across three mu-
seums. “Gugong” represents The Palace Museum (Bei-
jing), “Taipei” represents the National Palace Museum,
and ‘“Zhejiang” represents the Zhejiang Provincial Mu-
seum.

B: Museum-Level Retrieval Performance

Structural Retrieval

Model T-dim I-dim Image-to-Text Text-to-Image

R@]1 R@5 R@I10|R@] R@5 R@10
CLIP-CN 1024 1024 | 5.63 15.66 22.03 | 7.60 18.96 26.00
multimodal-vl | 1024 1024 | 7.25 18.18 2534 | 7.70 17.63 24.17
tongyi-flash 768 768 | 2.65 7.71 11.66 | 1.98 523 7.63
tongyi-plus 1152 1152 | 437 11.32 16.07 | 3.76 9.20 13.46
qwen2.5-vl 512 512 | 8.48 20.83 29.00 | 10.78 22.90 30.10
qwen2.5-vl 768 768 | 9.13 21.74 29.81 | 12.24 24.33 31.58
qwen2.5-vl 1024 1024 | 9.48 22.27 30.52 | 12.85 25.18 32.35
qwen2.5-vl 2048 2048 | 9.94 23.18 31.21 | 14.14 26.83 34.82

Table 8: Performance on the Structural Retrieval sub-
task (Zhejiang subset).

Tables 9 and 10 report the Structural and De-
scriptive retrieval results on the Zhejiang Provin-
cial Museum subset, respectively. Tables 11 and
12 report the corresponding results on the Palace
Museum subset. Tables 13 and 14 report the corre-
sponding results on the National Palace Museum
(Taipei) subset.

Structural Retrieval

Model T 1 I-T T—I

R@1 R@5 R@10| R@1 R@5 R@10
CLIP-CN 1024 1024| 5.63 15.66 22.03 | 7.60 18.96 26.00
multimodal-embedding-v1 1024 1024 7.25 18.18 2534 | 7.70 17.63 24.17
tongyi-embedding-vision-flash | 768 768 | 2.65 7.71 11.66 | 1.98 523 7.63
tongyi-embedding-vision-plus | 1152 1152 | 4.37 11.32 16.07 | 3.76 9.20 13.46
qwen2.5-vl-embedding 512 512 | 848 20.83 29.00 |10.78 22.90 30.10
qwen2.5-vl-embedding 768 768 | 9.13 21.74 29.81 |12.24 24.33 31.58
qwen2.5-vl-embedding 1024 1024| 9.48 2227 30.52 |12.85 25.18 32.35
qwen2.5-vl-embedding 2048 2048| 9.94 23.18 31.21 |14.14 26.83 34.82

Table 9: Structural retrieval performance (%) on the
Zhejiang Provincial Museum subset.

14

Descriptive Retrieval

Model T-dim I-dim 1I-T T—I

R@1 R@5 R@10| R@1 R@5 R@10
CLIP-CN 1024 1024 | 429 1037 1491 | 6.33 15.08 20.57
multimodal-embedding-v1 1024 1024 | 6.55 14.57 19.51 |11.20 20.02 26.05
tongyi-embedding-vision-flash | 768 768 | 3.58 8.81 1258 | 464 9.69 13.11
tongyi-embedding-vision-plus | 1152 1152 | 5.50 12.97 17.53 | 7.48 14.75 19.55
qwen2.5-vl-embedding 512 512 | 7.31 17.10 23.76 | 14.73 27.65 34.56
qwen2.5-vl-embedding 768 768 | 7.42 1743 2421 | 1548 29.03 35.50
qwen2.5-vl-embedding 1024 1024 | 743 17.73 24.54 | 16.12 2897 3647
qwen2.5-vl-embedding 2048 2048 | 7.63 18.22 24.67 |17.25 30.80 38.21

Table 10: Descriptive retrieval performance (%) on the
Zhejiang Provincial Museum subset. Best results are in
bold.

Structural Retrieval

Model T-dim I-dim 1I-T T—1

R@1 R@5 R@10 | R@1 R@5 R@10
CLIP-CN 1024 1024 | 15.48 36.89 48.02 | 16.15 37.93 49.48
multimodal-embedding-v1 1024 1024 | 17.77 37.17 47.70 | 19.53 38.30 48.84
tongyi-embedding-vision-flash | 768 768 | 7.95 18.67 25.96 | 4.61 13.41 18.84
tongyi-embedding-vision-plus | 1152 1152 [11.49 2598 34.63 | 8.76 20.96 29.37
qwen2.5-vl-embedding 512 512 |17.95 39.03 49.34 | 15.94 33.13 43.50
qwen2.5-vl-embedding 768 768 |18.63 39.74 49.95 | 18.85 37.55 47.46
qwen2.5-vl-embedding 1024 1024 | 19.00 40.23 50.52 | 19.74 38.49 48.97
qwen2.5-vl-embedding 2048 2048 |19.54 40.55 51.35 |21.41 42.59 53.49

Table 11: Structural retrieval performance (%) on the
Palace Museum subset. Best results are in bold.

Descriptive Retrieval

Model T I 1I-T T—I

R@1 R@5 R@10|R@1 R@5 R@10
CLIP-CN 1024 1024 | 15.35 35.60 47.29 | 1593 37.74 50.78
multimodal-embedding-v1 1024 1024 [19.69 39.18 47.67 |24.20 44.50 53.71
tongyi-embedding-vision-flash | 768 768 [10.20 24.38 32.70 | 8.70 21.39 29.50
tongyi-embedding-vision-plus | 1152 1152 [15.70 32.85 41.66 | 14.94 32.60 42.02
qwen2.5-vl-embedding 512 512 |21.46 42.13 51.89 |25.11 46.64 57.02
qwen2.5-vl-embedding 768 768 |22.08 42.73 53.34 |27.73 49.46 59.90
qwen2.5-vl-embedding 1024 1024 |22.69 43.80 53.66 |28.35 50.93 61.01
gwen2.5-vl-embedding 2048 2048 |22.88 43.83 53.94 | 30.51 52.57 62.52

Table 12: Descriptive retrieval performance (%) on the
Palace Museum subset. Best results are in bold.

Structural Retrieval

Model T-dim I-dim I-T T—I

R@1 R@5 R@10 R@1 R@5 R@10
CLIP-CN 1024 1024 | 3.88 11.34 17.00 | 3.68 9.74 14.59
multimodal-embedding-v1 1024 1024 | 6.65 17.74 24.94 | 6.56 14.03 19.56
tongyi-embedding-vision-flash | 768 768 | 1.94 6.15 946 | 1.19 3.77 593
tongyi-embedding-vision-plus | 1152 1152 | 3.23  9.37 13.70 | 222 6.24 9.36
qwen2.5-vl-embedding 512 512 |5.12 1453 2091 | 3.73 10.01 14.81
qwen2.5-vl-embedding 768 768 | 529 1479 21.23 | 438 11.13 16.36
qwen2.5-vl-embedding 1024 1024 | 5.51 1536 21.96 | 439 11.35 16.83
qwen2.5-vl-embedding 2048 2048 | 5.71 15.85 22.51 | 4.89 12.65 18.50

Table 13: Structural retrieval performance (%) on the
National Palace Museum subset. Best results are in
bold.

Descriptive Retrieval

Model T-dim I-dim 1I-T T—I1

R@1 R@5 R@10 R@1 R@5 R@10
CLIP-CN 1024 1024 | 3.16 9.59 14.32 | 4.02 10.16 14.79
multimodal-embedding-v1 1024 1024 | 5.89 14.73 20.34 | 7.97 1623 21.86
tongyi-embedding-vision-flash | 768 768 | 3.02 845 1239 | 233 597 8.70
tongyi-embedding-vision-plus | 1152 1152 | 474 12.20 17.31 | 391 9.55 13.79
qwen2.5-vl-embedding 512 512 | 576 1548 21.87 | 7.49 16.37 22.09
qwen2.5-vl-embedding 768 768 | 6.19 16.09 22.67 | 820 17.83 23.76
qwen2.5-vl-embedding 1024 1024 | 6.41 16.62 23.35 | 8.58 18.29 24.62
qwen2.5-vl-embedding 2048 2048 | 6.42 16.51 23.41 | 8.89 19.08 25.42

Table 14: Descriptive retrieval performance (%) on the
National Palace Museum subset. Best results are in
bold.



C: Cultural VQA Prompt Template

The following prompt is used with GPT-4o to gener-
ate visual-grounded question—answer pairs during
Cultural VQA construction.

Prompt C.1: Visual-Grounded QA Generation

54

FrRE—ZMRERZE (VQA) (EFHIHAEITF - BIAE B R TR CFH/HIA - R

RS RAERRIBELZHEREFZEN (QA pairs) -

FLI

1. (W5 Sm) (e @ 70 Bl 48 ml 78 B P B a2l f AR AU S BRI O B & (Wi
il ERERL . S B ME . XFEME - BE - BE . B BERXEE)
AL R EAEE, B R E (A) S BA B DAL 3 R R AR 3R (51 4 B XA ~ 35K
BRIMRESE) |, ZRIEUECFNA « B A s ARE D 50 3 5 R ] B2 A 1Al R -

2. [ZRAdE] B4R — DB A S8 — BRI S e 4E R, AT —Ik
) IR) 2 PMRFAE -

3. (PrbBRtR] e R Se— XS0z Cpr <t as G 1e i, AR IS
AHEEMERLR . THEA AR -

4. [URTHE] ERLAZTFHRBEMAICE, NMEUE - MBS TN (BFF
K VEESE R LAHESCRF M) -

5. [BEUER A% R P83 kA BT T TR g gl Bk
A I R BER T AR S B S R IR AL o 25 A o 1 DL 3
5B, B2/ .

6. (FREXH] ERRTESMAM, BEIANGRE (5. 0 AR &
B E . HE KD A TREROERRIEES) | ETEEMHE - I
{6 S

7. UsHias=t] %t} JSON #(4H, B ICEES: {"question”: "", "answer”: ""}o
NN

“HERMAORZ, B, =SISEX BOEH, BHE, SRELE, GEEm, GERE.
T
1| [

ol {"question”: "IXMFXWIRIRHERET AKEM? ", "answer”: "FHH"},

30 {"question": "IXHIHIRIIEEIEAIRAAMAT? ", "answer”: "[EfE"},

4 {"question”: "IXHXYHIEIREMET LY ", "answer”: "BEE"},

5. {"question": "IXHNXWIMIFREFHERTA? ", "answer”: "FOMEI")

6|1

N J
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Prompt C.1: Visual-Grounded QA Generation (English)

Instruction:

You are an assistant for creating questions for Visual Question Answering (VQA). The input is a
textual description of a museum artifact. Your task is to generate as many high-quality QA pairs as
possible.

Rules:

1.

[Visually grounded] Each question must focus on factors that can be directly observed in the
image or reasonably inferred from visual style (e.g., form, structural components, patterns,
colors, composition, location of inscriptions, counts, orientation, pose, overall style). Questions
may involve period or author only if they are explicitly grounded in visual evidence (e.g., stylistic
features, calligraphic style, clothing style). Questions that can be answered purely from textual
content, allusions, or historical background are forbidden.

. [One point per question] Each question should target exactly one specific visual point or one

clear dimension of visual inference. Do not ask about multiple attributes in a single question.

. [Prevent leakage] In questions, refer to the artifact only as “this artifact”, “the artifact”, “this

object”, etc. Do not include any specific names, proper nouns, or the original inscription text
that appears in the input description.

. [Text-verifiable] Each answer must be copied verbatim from the input text. Do not paraphrase,

summarize, or add any speculation (including period/author information, which must also appear
in the input text).

. [No size-related questions] It is strictly forbidden to generate any questions involving size, such

9

as “dimensions”, “height”, “width”, “length”, “thickness”, “scale”, “cm”, “mm”, ‘“format”, or
“specification”. If such information appears in the description, ignore it completely.

. [Diverse and sufficient] Generate as many questions as possible, covering different visual

aspects (structure, ornamentation, motifs, colors, position, quantity, pose, style, and visually
grounded cues that may relate to period or author), but exclude purely historical information
such as provenance or circulation history.

. [Output format] Output a JSON array. Each element should be: {"question”: "", "answer”:

n ll}

Example input:

“A celadon-glazed vase with a dish-shaped mouth, Tang dynasty, height 15 cm. It has a dish-shaped
mouth and short neck, a rounded belly, and a ring foot. The whole body is covered with celadon
glaze, with a smooth and lustrous tone.”

Example output:

L

{"question"”: "What kind of glaze color does this artifact have?”, "answer": "celadon
glaze"},

{"question”: "What is the shape of this artifact’s belly?”, "answer”: "rounded belly"?},

{"question": "What is the structure of the foot of this artifact?”, "answer": "ring
foot" 3},

{"question”: "What are the features of this artifact’s neck?”, "answer": "dish-shaped

mouth and short neck”}
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Prompt C.2: Visual-Grounded QA Verification

g2
RE—AHEYEMRRZE (VQA) FUEMREZKKE A - WMAEE —BE YR FHA, L
MET EEBRIRR-ZZ2EN (QA pairs) - HAF, ERWHIREERXRLEANSEER .
PREMESS N — DR E N AT IR RAZ0, A% A B G T nl 3%, HRem s @
BEREWM NN EHETE
RIS AT
1 (o rT RN ] (Rl G nT R R B SR, ol T AR PR A o0 XU & B 4 I ) 22
£ (sl g5 s« B8 - WA BE - VESEBAXE) -
2. [BZR—3] AEBERLIERAXATERE . ZFXNAKE, BRSNS
UEREIEWR—— N NRKR -
3. [(B—&EA] G0 RE8RE— IR a0E LE S, NMRERERREZ BN -
4. [FEBE) FEHAANEHIISYREERSIR - TH 4 RS EEE ISR+ /R A 88
RN
5. [HEBRIEMI Do IRIRE]) ¥ R RF -« FEHREUE - s AR EERMER, NAENR
Ao
6. [FXEM) MBFRARIERE - Tl X, TR A EERMERE, RAFFRATILA
E, BRI AGIMER -
B HEEK -
o SN RE R — RS R .
o B valid FREZRIZE R B A, BUEHN true B false-
» % valid = false, BN FFIRFFEFE N REZFFREEA reason FEL:
not_visual ([AJ@RTCIEMN 515 B FEAE)
multi_aspect ([AJ@H KZNE )
information_leakage ([F]@ it SC4) 4 PRl JE U 2)
unclear_question ([AIREZR A ANTEMIEAFAEL )
e # valid = true, reason X} null-

o AN EH AR MR ST -

g R =X
1| [
2| |
3 "question": ""
4 "answer": "",
5 "valid”: true,
6 "reason"”: null
7 De
8 |
9 "question”: ""
10 "answer": "",
11 "valid”: false,
12 "reason”: "multi_aspect”
13 3}
14| ]
N
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Prompt C.2: Visual-Grounded QA Verification (English)

be

1.

Instruction:

You are a quality auditor for museum Visual Question Answering (VQA) data. The input includes
a textual description of an artifact and several generated question-answer (QA) pairs. Here, the
answers are treated as reference answers from expert text. Your task is to verify each QA pair
one by one, and determine whether the question is clear and understandable, and whether it can

reasonably supported by the given answer and the input text.

Verification criteria:

[Visual interpretability] The question should focus on factors that can be directly observed in
the image or reasonably inferred from visual style (e.g., form, structure, ornamentation/patterns,
colors, composition, quantity, position, or overall style).

[Answer consistency] The given answer must have explicit, word-by-word support in the input
text, and the question should form a clear one-to-one correspondence with that answer.

[Single focus] Each question should target only one clear visual or semantic point, and must not
mix multiple attributes.

[Information isolation] The question must not include the artifact’s specific name, proper nouns,
or directly reproduce sentences from the input text or any inscription content.

[Exclude non-visual questions] Questions involving dimensions, exact numeric values, or
purely textual/historical background information should be marked as invalid.

[Clarity] The question should be clearly phrased and unambiguous, and should not hinder
understanding of the given answer; professional terminology is allowed, but no additional
information may be introduced.

Output requirements:

Output one verification result for each QA pair.
Use the field valid to indicate whether the QA pair is valid, with value true or false.

If valid = false, choose one primary reason from the following and fill it into the reason
field:

not_visual (the question is not interpretable from visual information)

multi_aspect (the question covers multiple aspects)

information_leakage (the question leaks the artifact name or original text content)
unclear_question (the question is unclear or ambiguous)

If valid = true, set reason to null.
Do not output any additional explanatory text.

Output format:
1| [
2 {
3 "question”: "",
4 "answer": """
5 "valid": true,
6 "reason”: null
7 } ’
8 {
9 "question”": "",
10 "answer"”: "",
11 "valid"”: false,
12 "reason”: "multi_aspect”
13 }
14| ]
N\
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