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Abstract

We introduce CARTBENCH, a museum-
grounded benchmark for evaluating vision-
language models (VLMs) on Chinese art-
works beyond short-form recognition and QA.
CARTBENCH comprises four subtasks: CU-
RATORQA for evidence-grounded recognition
and reasoning, CATALOGCAPTION for struc-
tured four-section expert-style appreciation,
REINTERPRET for defensible reinterpretation
with expert ratings, and CONNOISSEURPAIRS
for original-copy discrimination under visu-
ally similar confounds. CARTBENCH is built
by aligning image-bearing Palace Museum ob-
jects from Wikidata with authoritative catalog
pages, spanning five art categories across mul-
tiple dynasties. Across evaluated VLMs, high
overall CURATORQA accuracy can mask sharp
drops on evidence-heavy and style-to-period
questions; long-form appreciation remains far
from expert references; and original-copy dis-
crimination remains near chance. A held-out
protocol-replication pilot on 120 artworks from
five external institutions reproduces the main
task-difficulty pattern, while not preserving the
exact overall model ranking.

1 Introduction

Vision-Language Models (VLMs) are increasingly
deployed as general-purpose multimodal assistants.
Generic VQA and shortcut-learning studies show
that strong aggregate performance can coexist
with reliance on dataset priors or non-robust cues
(Agrawal et al., 2018; Geirhos et al., 2020). Sepa-
rately, culturally grounded studies and benchmarks
reveal language- or region-dependent gaps in im-
age understanding (Ananthram et al., 2025; Nayak
et al., 2024; Wang et al., 2025). A key capability
nevertheless remains under-tested: expert-facing
interpretation that is culturally grounded and ex-
plicitly supported by visual evidence. This mat-
ters for cultural heritage access and documentation,
where culturally misaligned or unsupported inter-

pretations can reduce reliability and downstream
usability.

Chinese art makes this evaluation gap particu-
larly salient. Many visual conventions are period
sensitive, and curator-facing understanding often
requires linking observable cues, such as motifs,
brushwork, seals, material appearance, and format,
to coarse historical context rather than relying on
surface recognition alone. We operationalize this
requirement in our benchmark through knowledge-
involved questions and style-to-period inference,
where our experiments reveal consistent degrada-
tions even for strong models. original-copy discrim-
ination is another challenging setting, and recent
work has explored computational assistance for
Chinese-painting authentication (Chen et al., 2025).
We treat this task strictly as a diagnostic benchmark
setting, not as a real-world authentication protocol,
and find that current VLMs remain near chance on
the 44-pair diagnostic set. Together, these observa-
tions motivate a benchmark that measures not only
short-form correctness, but also evidence linkage,
structured appreciation, defensible reinterpretation,
and confound-aware original-copy discrimination.

We introduce CARTBENCH, a museum-
grounded benchmark that targets curator-facing
Chinese artwork understanding in a unified
suite (see Figure 1).!  CARTBENCH is built
by aligning image-bearing Palace Museum ob-
jects from Wikidata (Vrandeci¢ and Krotzsch,
2014) with authoritative catalog pages, followed
by expert-guided curation and controlled task in-
stantiation. It comprises four tasks corresponding
to the above evaluation goals: (i) CURATORQA
for evidence-grounded recognition and reasoning
(14,421 questions over 1,589 artworks), (ii) CAT-
ALOGCAPTION for structured four-section appre-
ciation (86 artworks), (iii) REINTERPRET for de-

"Project  repository: https://github.com/Big-Sid/
CARTBENCH-Chinese- Artwork-Benchmark.
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fensible reinterpretation with two-stage human rat-
ings (25 canonical works), and (iv) CONNOISSEUR-
PAIRS for original-copy discrimination on visually
similar pairs (44-pair diagnostic set). Across repre-
sentative VLMs, strong models achieve high over-
all CURATORQA accuracy but drop sharply on
style-to-period inference; long-form appreciation
diverges from expert references; and original-copy
discrimination under close confounds remains near
chance. We organize the study around three re-
search questions: RQ1: To what extent can cur-
rent VLMs move beyond short-form recognition
to perform evidence-linked QA, structured expert-
style appreciation, defensible reinterpretation, and
visually confounded original-copy discrimination
for Chinese art? RQ2: Which expert-critical con-
ditions remain difficult despite strong aggregate
performance, particularly knowledge-involved rea-
soning, style-to-period inference, evidence-faithful
long-form generation, and plausibility under rein-
terpretation? RQ3: How reliable are the proposed
data and evaluation protocols, and to what extent
do the principal diagnostic patterns persist across
model families and museum sources?

In this study, our contributions are as follows:

* We construct CARTBENCH, a museum-grounded
benchmark for Chinese art spanning evidence-
grounded QA, structured appreciation, defensi-
ble reinterpretation, and original-copy discrimi-
nation. It supports multi-period evaluation across
five art categories while keeping high-stakes
original-copy judgments explicitly scoped as di-
agnostic.

* We provide unified evaluation protocols combin-
ing automatic metrics, format compliance checks,
expert-designed human rubrics, and data-quality
controls. These protocols assess not only surface
correctness, but also evidence linkage, structured
long-form compliance, annotation reliability, and
susceptibility to language-only shortcuts.

* We benchmark representative VLMs and iden-
tify systematic failure modes in evidence linking,
style-to-period inference, long-form expert appre-
ciation, defensible interpretation, and confound-
aware original-copy discrimination. We find that
high overall CURATORQA accuracy can coexist
with substantial degradations on expert-critical
conditions, which are obscured by short-form
evaluation.

2 Related Work

vision-language evaluation and cultural ground-
ing. Large-scale VQA and captioning bench-
marks established standardized pipelines but pri-
marily target generic recognition and short-form
responses (Antol et al., 2015; Lin et al., 2014).
Broader VLM evaluations such as MME and MM-
Vet assess integrated multimodal capabilities (Fu
et al., 2025; Yu et al., 2024), while hallucina-
tion studies show that model outputs can remain
weakly grounded in visual evidence (Li et al.,
2023). Recent culturally grounded benchmarks
broaden culture-specific evaluation: CulturalVQA
focuses on cultural visual question answering,
while CVLUE provides a broader Chinese vision-
language evaluation suite (Nayak et al., 2024;
Wang et al., 2025). Cross-lingual artwork expla-
nation studies likewise reveal language-dependent
gaps in explanation quality (Ozaki et al., 2025).

Art- and museum-centered vision-language re-
sources. Art-specific datasets explore dimen-
sions beyond object naming: ArtEmis pairs art-
works with viewer emotions and grounded expla-
nations, while ArtELingo-28 extends affective art-
work captioning across 28 languages (Achlioptas
et al., 2021; Mohamed et al., 2024). Museum-
centered QA resources such as MuseumQA em-
phasize artifact knowledge and fine-grained fac-
tual questioning in curated settings, while recent
systems for Chinese painting and calligraphy inte-
grate structured resources and external documents
(Jin et al., 2024; Wan et al., 2025). Table 1 pro-
vides a compact task-coverage comparison with
representative related resources. These resources
are complementary rather than inferior alternatives;
CARTBENCH differs in jointly covering these task
settings rather than claiming comprehensive cul-
tural or museum coverage.

Connoisseurship and computational assistance.
Authentication and connoisseurship have attracted
increasing attention as high-stakes cultural heritage
applications. ACPAS proposes an expert-assistance
system for authenticating ancient Chinese paint-
ings via LLM-based agents, and ArtEyer develops
a GPT-based authentication agent augmented with
contextual data visualizations (Chen et al., 2025;
Tang et al., 2024). While these systems demon-
strate the feasibility of computational support for
connoisseurship, they are not standardized VLM
benchmarks with controlled confounds and consis-
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Figure 1: Overview of CARTBENCH construction and task instantiation. Top: Phase 1 retrieves image-bearing
Palace Museum objects from Wikidata, Phase 2 aligns them to official catalog pages to collect curatorial descriptions,
and Phase 3 performs expert filtering and category assignment to yield museum-grounded artwork-appreciation
pairs. Bottom: the curated pairs are instantiated into four tasks: CURATORQA (evidence grounding), CATALOGCAP-
TION(structured appreciation), REINTERPRET(expert-rated reinterpretation), and CONNOISSEURPAIRS(confound-

aware original-copy discrimination).

tent scoring protocols.

3 CARTBENCH: Data Construction

Motivated by the gaps identified above, we con-
struct CARTBENCH through a museum-grounded
pipeline that aligns Wikidata entities with author-
itative catalog pages, followed by expert-guided
curation and controlled annotation. The high-level
pipeline is reusable, but its source alignment, evi-
dence definitions, annotation constraints, and hu-
man rubrics are tailored here to Chinese art. Fig-
ure 1 overviews the museum-grounded construc-
tion pipeline used to build CARTBENCH. From the
resulting museum-grounded artwork-description
pairs, four subtasks are instantiated to evaluate
complementary aspects of Chinese artwork under-
standing, as outlined below.

3.1 Alignment via Wikidata

First, we retrieve museum objects with images
using Wikidata Query Service (Vrandeci¢ and
Krotzsch, 2014). We restrict to objects associated
with the Palace Museum (Beijing)? and require im-
age availability. This initial Wikidata query yields
127,601 image-bearing items linked to the Palace
Museum. We then align each object by title to
the museum catalog page and collect the on-page
curatorial description.

3.2 Category and dynasty coverage

Following expert feedback and Wikidata metadata,
we assign each item to one of five categories: paint-
ing, calligraphy, sculpture, ceramics, and stationery.
The collection spans multiple dynasties rather than
concentrating on a single period. Figure 2 summa-

Zhttps://intl.dpm.org.cn/index.html?l=en
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Figure 2: Distributions of CURATORQA entries: (left)
five art type categories; (right) top-8 merged eras.

rizes the resulting type and era distributions. For
reference, Appendix A.19 lists the dynasties and
approximate date ranges used in our era bins.

3.3 Task-specific annotation

We build four tasks with complementary super-
vision and evaluation. At a high level, the tasks
target four distinct aspects of curator-facing Chi-
nese artwork understanding. CURATORQA focuses
on evidence-linked recognition and reasoning un-
der controlled answer options; CATALOGCAPTION
evaluates structured expert-style appreciation in a
fixed four-section format; REINTERPRET probes
whether models can produce novel yet defensible
readings that remain coherent and image-grounded
under expert judgment; and CONNOISSEURPAIRS
tests original-copy discrimination on visually simi-
lar pairs. The bottom of Figure 1 summarizes how
the curated pairs are instantiated into four tasks.
We detail each task’s format and annotation below.
The evaluation protocols are provided in Section 4.

CURATORQA. Task format. Each instance
pairs an artwork image with a question; the model
selects from candidate options for multiple-choice
items or returns a binary answer for verification
items. CURATORQA evaluates whether VLMSs can
answer curator-style questions using explicit visual
evidence and relevant art-domain knowledge. We
generate QA pairs from aligned artwork images
and authoritative museum catalog descriptions us-
ing gpt-5.2 under controlled prompting, which
also produces plausible distractors, P1/P2 difficulty
labels, and QA-type categories following a fixed
schema. A stratified expert audit of 1,000 ques-
tions finds one erroneous item (0.1%). Under an
exact-binomial calculation, the one-sided 95% up-
per bound is 0.47%; because the audit uses strat-
ification and an artwork-level cap, we treat this
value as an audit diagnostic rather than a design-

Resource Mus. Struct. Reint. O/C
VQA/MME/MM- Vet - - - -
Cultural VQA/CVLUE - - - -
ArtEmis/ArtELingo-28 — -
MuseumQA v - - -
CARTBENCH v v v v
Table 1: Compact task-coverage comparison.
Mus.=museum/artifact setting;  Struct.=structured
appreciation;  Reint.=expert-rated reinterpretation;

O/C=original-copy diagnostic.

based confidence bound for the full corpus (Ap-
pendix A.1). After automated constraint filtering
and this targeted expert audit, the final set con-
tains 14,421 questions over 1,589 artwork entries.
P1 questions are answerable from visible evidence
alone, whereas P2 questions require combining vi-
sual cues with art knowledge, such as inferring
dynasty from style. Questions cover six QA types,
including subject recognition, scene/activity classi-
fication, composition or format, visible technique
or style cues, iconography detection, and style-to-
period inference. Appendix A.18 reports the main
statistics and distributions.

CATALOGCAPTION. Task format. Given an
artwork image, the model generates an expert-style
appreciation in four fixed sections: Background,
Content, Artistic Characteristics, and Overall Eval-
uation. We construct an expert-grounded set of 86
artworks via multi-stage curation: specialists col-
lect candidates from professional Chinese art books
and catalogues, we enforce Wikidata traceability
to ensure each work has a stable image, and we
filter low-quality images and non-informative texts.
Experts then check and rewrite the reference appre-
ciation into the same four-section schema, and we
release both a full reference and section-wise ref-
erences for holistic and per-dimension evaluation.
These references are standardized expert-curated
targets rather than raw catalogue prose; this stan-
dardization reduces stylistic variance and enables
automatic scoring, format compliance checks, and
rubric-based expert validation (Appendix A.4).

REINTERPRET. Task format. Given an artwork
image, the model produces an open-ended reinter-
pretation that goes beyond literal description while
remaining image-grounded and culturally appro-
priate. To enable a controlled assessment of inter-
pretive novelty, art specialists selected 25 canon-
ical Chinese artworks with well-established art-
historical interpretations. We use them as anchors
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Model Acc. QA type Acc. Category Acc.
QA1 QA2 QA3 QA4 QA5 QA6 Callig. Station. Paint. Ceram. Sculpt.
Qwen family
Qwen3-VL-235B  0.84 0.88 094 088 089 056 081 0.85 0.78 0.87 0.79 0.84
Qwen3-VL-30B 0.80 0.85 091 085 0.88 042 078 0.83 0.74 0.83 0.76 0.80
Qwen2.5-VL-72B  0.81 0.85 093 0.85 087 053 076 0.83 0.74 0.85 0.75 0.80
Qwen2.5-VL-32B  0.80 0.84 091 083 0.87 053 074 0.82 0.76 0.83 0.73 0.78
Qwen2.5-VL-7B  0.76 0.82 0.89 0.78 081 044 072 0.5 0.70 0.80 0.68 0.75
GLM family
GLM-4.5V 0.57 059 067 062 062 029 056 059 0.52 0.60 0.54 0.57
GPT family
gpt-5-mini 079 0.84 090 0.83 086 046 078 0.83 0.74 0.84 0.72 0.78
gpt-5-nano 059 0.62 0.73 053 0.65 0.27 0.61 0.59 0.55 0.63 0.53 0.56
Gemini family
gemini-2.5-flash 048 051 054 050 052 031 047 048 0.45 0.51 0.45 0.48

Table 2: CURATORQAaccuracy breakdown (overall, by question type, and by art category). We report exact-match
accuracy on 14,421 questions. Category abbreviations: Callig.=calligraphy, Station.=stationery, Paint.=painting,

Ceram.=ceramics, Sculpt.=sculpture.

to test whether model interpretations can go beyond
conventional readings while remaining grounded
in the image and culturally appropriate.

CONNOISSEURPAIRS. Task format. Each
instance presents an original-copy or original-
imitation pair; the model selects which side corre-
sponds to the benchmark-designated original. We
use this task only as a controlled diagnostic bench-
mark setting, not as a real-world authentication,
provenance, certification, or valuation protocol. To
test this capability, art specialists curated 44 vi-
sually similar pairs, prioritizing close visual simi-
larity, matched subject matter and medium where
possible, stable label documentation and expert
screening, and screening against trivial cues such
as obvious cropping artifacts or heavy watermarks.

4 Evaluation Protocols

4.1 CURATORQA

We evaluate exact-match accuracy under con-
strained decoding.

4.2 CATALOGCAPTION

We evaluate CATALOGCAPTION as a long-form,
expert-style appreciation generation task with both
automatic similarity metrics and structured for-
mat compliance. To avoid confounds from Chi-
nese word segmentation, we compute overlap-
based metrics using character-level tokeniza-
tion, including ROUGE-L (Lin, 2004), BLEU-
4 (Papineni et al., 2002), and a CIDEr-like
consensus similarity metric (Vedantam et al.,

2015). We also report BERTScore (F1) (Zhang
et al., 2020) using bert-base-chinese with
rescale_with_baseline=True. As an auxiliary
semantic signal beyond lexical overlap, we com-
pute embedding cosine similarity (EmbSim) with
shibing624/text2vec-base-chinese. Because
CATALOGCAPTION targets a fixed four-section
schema, we additionally measure Header rate, the
fraction of outputs that contain all four required
section headers. Finally, we aggregate the core
automatic metrics into a single KPI score:

KPI = \; BERTScores; + Ay CIDEr-like
+ A3 ROUGE-L + A\ BLEU-4,

where )\; > 0 and Z?Zl Ai = 1. Un-
less otherwise specified, we use fixed weights
{A1, A2, A3, Ag} = {0.45, 0.25, 0.20, 0.10}. We
assign higher weights to semantic metrics (e.g.,
BERTScore) to better capture the interpretive nu-
ance of appreciation text. We further verify in
Appendix A.3 that our model rankings remain sta-
ble under diverse weight perturbations. Because
automatic metrics are only scalable proxies for
open-ended appreciation, we additionally report
a rubric-based expert evaluation in Appendix A.4.
The expert study broadly corroborates the auto-
matic results: Qwen variants receive higher rubric
scores than Gemini on evidence-grounded interpre-
tation, cultural/art-historical appropriateness, and
insight depth, while Qwen3-VL-235B shows the
lowest major factual/hallucination error rate among
the three evaluated models.
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4.3 REINTERPRET

We evaluate REINTERPRET with a custom two-
stage questionnaire designed for Chinese-art rein-
terpretation. Stage 1 performs a plausibility gate,
filtering outputs with major misreadings, clear vio-
lations of widely accepted art-historical consensus,
or unsupported factual fabrications. Stage 2 rates
the remaining outputs on a 1-5 Likert scale along
five criteria: Interpretive Novelty, Integrative
Coherence, Evidence-based Reasoning, Elab-
oration & Expressiveness, and Perceived Cre-
ative Insight. The full questionnaire is provided
in Appendix A.14. Appendix A.6 further reports
inter-annotator agreement, showing moderate-to-
substantial agreement for the Stage 1 plausibility
gate and reasonable-to-high reliability for three-
rater averaged Stage 2 scores.

4.4 CONNOISSEURPAIRS

We evaluate CONNOISSEURPAIRS using pairwise
accuracy over the 44 original-copy pairs. Because
this diagnostic set remains small, we report ac-
curacy and avoid fine-grained leaderboard-style
claims. To better understand failure mechanisms
beyond a single accuracy number, we addition-
ally conduct a qualitative error analysis with an
expert-facing questionnaire; the full instrument is
provided in Appendix A.15.

5 Experimental Setup

We benchmark representative vision-language mod-
els from the open-weight Qwen2.5-VL and Qwen3-
VL families (Bai et al., 2025b,a) and the GLM-
V family (Team et al., 2026), together with
proprietary models from OpenAl (gpt-5-mini
and gpt-5-nano for evaluation, and gpt-5.2 for
LLM-assisted question generation)’ and Google
(gemini-2.5-flash)*. Qwen and GLM models
are accessed through the Al Ping API gateway;
exact access methods and model identifiers are re-
ported in Appendix A.17. We audited publicly doc-
umented Chinese-specialized candidates against
the full-benchmark requirements and found no
strictly Chinese-monolingual model compatible
with all four tasks and represented art forms. We
therefore omit an incomparable monolingual base-
line; details are in Appendix A.16.

30OpenAl Models documentation: https://platform.openai.
com/docs/models; accessed 2026-05-03.

*Google Gemini model documentation: https://ai.google.
dev/gemini-api/docs/models; accessed 2026-05-03.

Subset mean A (Clgs) Pperm
QA1 0.0426 [0.0279, 0.0574] < 0.05
QA2 0.0354 [0.0215, 0.0485] < 0.05
QA3 0.0435[0.0301, 0.0568] < 0.05
QA4 0.0345 [0.0224, 0.0462] < 0.05
QA5 0.1022 [0.0735, 0.1302] < 0.05
QA6 0.0295 [0.0169, 0.0423] < 0.05
P1 0.0381 [0.0312, 0.0449] < 0.05
P2 0.0626 [0.0488, 0.0766] < 0.05
Calligraphy 0.0254 [0.0061, 0.0435] < 0.05
Painting 0.0294 [0.0199, 0.0385] < 0.05
Sculpture 0.0678 [0.0522, 0.0827] < 0.05
Ceramics 0.0688 [0.0508, 0.0883] < 0.05
Stationery 0.0445 [0.0266, 0.0620] < 0.05

Table 3: Subset-wise robustness of the Qwen3-VL-
235B-GPT-5-mini difference on CURATORQA. Here, A
denotes the equal-artwork-weight mean accuracy differ-
ence on answered items; 95% confidence intervals use
artwork-clustered bootstrap resampling, and p-values
use artwork-clustered sign-flip permutation tests.

Weights scenario Spearman Kendall Top-1

Uniform weights 0.991 0.964 1.000
Dirichlet (a=5) 0.991 0.964 1.000
Dirichlet (a=1) 0.964 0.891 1.000
Local Gaussian (0=0.05) 0.991 0.964 1.000

Table 4: KPI weight sensitivity for CATALOGCAPTION.
Spearman/Kendall are rank correlations with the default-
weight ordering. For stochastic schemes (Dirichlet and
Local Gaussian), we report the median over samples.

For each task, we use a unified prompt template
and request temperature=0 and top_p=1 where
supported, with one response per input. These set-
tings reduce sampling variability but do not guar-
antee bitwise-deterministic outputs for models ac-
cessed through hosted APIs or gateways. We post-
process outputs into task-specific formats. Full
prompting templates, inference settings, and imple-
mentation details are in Appendix A.10-A.17.

6 Results and Analysis
6.1 CURATORQA

Overall performance. Table 2 summarizes the
main CURATORQA results on an aligned subset
of 14,421 questions for which predictions can be
consistently compared across model runs. Among
all evaluated models, Qwen3-VL-235B achieves
the highest overall accuracy (0.84). GPT-5-mini
achieves 0.79, while Gemini-2.5-flash is substan-
tially lower at 0.48. Within the GLM family, GLM-
4.5V obtains 0.57.
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Model KPIT BERTScoreriT CIDEr-likef ROUGE-L{ BLEU-4t EmbSim{ Header ratef
Human baseline
Human (mean of 3) 0.698 0.746 0.673 0.699 0.546 0.982 0.988
Qwen family
Qwen2.5-VL-72B  0.261 0.329 0.205 0.237 0.146 0.876 1.000
Qwen3-VL-235B  0.258 0.319 0.223 0.223 0.138 0.893 1.000
Qwen3-VL-30B  0.256 0.322 0.224 0.222 0.112 0.891 1.000
Qwen2.5-VL-7B  0.245 0.305 0.196 0.224 0.137 0.873 1.000
Qwen2.5-VL-32B  0.235 0.295 0.211 0.204 0.087 0.878 1.000
GLM family
GLM-4.5V 0.245 0.315 0.194 0.217 0.113 0.878 0.988
GLM-4.6V 0.241 0.302 0.209 0.211 0.100 0.882 0.977
GPT family
gpt-5-nano 0.225 0.276 0.193 0.205 0.113 0.861 1.000
gpt-5-mini 0.224 0.275 0.198 0.202 0.103 0.871 1.000
Gemini family
gemini-2.5-flash ~ 0.170 0.201 0.160 0.160 0.069 0.812 0.256

Table 5: CATALOGCAPTION evaluation on 86 artworks. Overlap-based metrics (ROUGE-L / BLEU-4 / CIDEr-like)
use character-level tokenization. BERTScorer; uses bert-base-chinese with rescale_with_baseline=True;
EmbSim is cosine similarity under text2vec-base-chinese. Header rate measures whether all four required

section headers appear in the output.

Model Gate pass?

Primary avg (D1-D3)1 All avg (D1-D5)t

gemini-2.5-flash
GLM-4.6V
gpt-5-mini
qwen3-v1-235B

0.707 [0.600, 0.813]
0.853 [0.760, 0.933]
0.867 [0.787, 0.947]
0.880 [0.787, 0.960]

3.673 [3.476, 3.887]
3.649 [3.522, 3.784]
3.567 [3.480, 3.656]
3.747 [3.622, 3.878]

3.723 [3.528, 3.933]
3.679 [3.575, 3.796]
3.617 [3.529, 3.708]
3.728 [3.621, 3.836]

Table 6: REINTERPRET human creativity evaluation on 25 artworks with three expert raters. Gate pass is the
Stage 1 plausibility pass rate; Stage 2 uses 1-5 Likert ratings and is computed only on passed outputs. We report
artwork-level macro-averages with 95% bootstrap confidence intervals. Primary avg averages D1-D3, and All avg

averages D1-D5.

Category and QA-type effects. To substantiate
subset-level difficulty patterns beyond aggregate
accuracy, we test cross-model consistency by com-
puting per-artwork accuracies and applying a sign
test across models. Category effects are systematic:
for all evaluated models, stationery and ceramics
are consistently harder than painting (median gaps
—0.096 and —0.083; p=0.002) and harder than
calligraphy (median gaps ~ —0.071; p=0.002).
In contrast, QA-type variation is dominated by
knowledge-heavy inference: QAS (style—period
inference) shows the largest degradation across
models (e.g., Qwen3-VL-235B: 0.56 on QAS vs.
0.88-0.94 on QA1-QA4; GPT-5-mini: 0.46 vs.
0.83-0.90), aligning with QAS’s intent to probe
nontrivial stylistic-to-historical mapping.

Task-conditional comparison. To characterize
where two strong evaluated systems differ on CU-
RATORQA, we compare Qwen3-VL-235B with
GPT-5-mini on the same 14,421-question popula-

tion. Qwen3-VL-235B exceeds GPT-5-mini by
+4.51 accuracy points overall, and the difference is
statistically significant under both a paired McNe-
mar test on matched questions and an artwork ID-
clustered test. At the item level, the gap is +3.88
points on P1, +6.59 on P2, and +10.22 on QAS.
Artwork-clustered contrasts further show stronger
concentration in P2 than P1 (+2.72 points; 95%
CI [+1.14,+4.31]) and in QA5 than non-QA5
(+6.34 points; [+3.61,49.19]). Detailed paired
and artwork-clustered analyses are provided in Ap-
pendix A.1. We interpret this comparison as task-
conditional evidence between two named systems,
rather than evidence about provider geography, cul-
tural orientation, or training-data provenance.

Findings. Overall, CURATORQA yields high ag-
gregate accuracy for strong models, yet exposes a
consistent failure mode on style-to-period reason-
ing. The Qwen3-VL-235B-GPT-5-mini compar-
ison further shows that their performance differ-

49097



ence is concentrated more strongly in knowledge-
involved and art-historical inference subsets, partic-
ularly P2 and QAS. This task-localized result does
not identify the source of the difference in terms of
model geography, cultural orientation, or training-
data composition. Additional audits and controls
(Appendix A.1) find one QA error in 1,000 audited
items and large no-image/image-shuffle drops, sup-
porting CURATORQA reliability and visual ground.

6.2 CATALOGCAPTION

Results overview. Table 5 reports CATALOG-
CAPTION results under the evaluation protocol in
Section 4.2. Across all model families, automatic
scores remain far below the human baseline, in-
dicating that expert-style appreciation generation
is still a major bottleneck for current VLMs even
when they can follow the required format.

Cross-family comparison and interpretation of
metrics. Within open-weight models, the top
three KPI scores are achieved by Qwen vari-
ants, while GLM variants are competitive with
the smaller Qwen models. The GPT baselines
(gpt-5-mini/nano) remain below the top Qwen vari-
ants, while gemini-2.5-flash performs substantially
worse. Interestingly, strong models reach relatively
high embedding similarity (EmbSim ~ 0.87-0.89),
yet overlap-based metrics remain low in absolute
value (e.g., ROUGE-L ~ 0.20-0.24), suggesting
that models often capture coarse semantic intent
but fail to match the expert reference in structured,
section-specific informational units and stylistic
conventions required by CATALOGCAPTION.

Large gap to expert-written appreciation. Hu-
man writers achieve KPI = 0.698 on average (three
independent annotations), whereas the best model
(Qwen2.5-VL-72B) reaches KPI = 0.261. This
corresponds to a 0.437 absolute KPI gap, with the
best model attaining only ~37% of the human KPI.
A similar trend holds across all component metrics:
they substantially trail humans on BERTScorer,
CIDEr-like, ROUGE-L, and BLEU-4, suggesting
that generations are often incomplete in section-
wise coverage and deviate from expert references
in fine-grained, evidence-linked descriptions.

Robustness to KPI weighting. To ensure our
conclusions do not hinge on a particular KPI
weighting, we perturb metric weights using uni-
form reweighting, Dirichlet sampling, and local
Gaussian perturbations (Appendix A.3). The top-

ranked model is unchanged across all tested sce-
narios (Top-1 same = 1.0), and rankings remain
highly consistent with the default ordering (Spear-
man 0.964-0.991; Kendall 0.891-0.964; Table 4),
supporting the robustness of the main findings.

Findings. CATALOGCAPTION shows that expert-
style, long-form appreciation remains far below
human performance. The strongest Qwen vari-
ants lead among evaluated models, yet automatic
metrics indicate weak reference alignment despite
high semantic similarity. The main conclusions are
stable to KPI reweighting. A rubric-based expert
study in Appendix A.4 corroborates this trend, with
Qwen variants outperforming Gemini on evidence
grounding, cultural appropriateness, and insight.

6.3 REINTERPRET

Results overview. Table 6 summarizes REIN-
TERPRET human ratings on 25 canonical artworks
with three raters. We report the Stage 1 plausibility
gate pass rate and Stage 2 creativity scores on a
1-5 Likert scale. Following the questionnaire de-
sign (Appendix A.14), Stage 2 scores are computed
only for gate-passed outputs; gate-failed cases are
excluded from the mean. All scores are macro-
averaged over artworks (equal weight per artwork),
and 95% confidence intervals are obtained by boot-
strap resampling over the 25 artworks.

Interpretation. Across models, Stage 2 scores
on the passed subset fall into a narrow range (Pri-
mary avg: 3.57-3.75), indicating broadly similar
perceived creativity once outputs meet the basic
defensibility threshold. Under our anchored rubric
(Appendix A.14), 3 corresponds to a competent,
non-trivial reinterpretation, whereas 4 reflects a
clearly distinctive and well-supported reading. In
contrast, the Stage 1 gate provides a clearer sep-
aration: pass rates span 0.707-0.880, suggesting
that the dominant bottleneck is not stylistic expres-
sion but avoiding errors that invalidate an otherwise
plausible interpretation. Appendix A.5 reports the
distribution of gate-failure types; Appendix A.6
reports inter-annotator agreement, supporting the
reliability of averaged human judgments while cau-
tioning against over-interpreting small Stage 2 dif-
ferences.

Findings. Overall, REINTERPRET is constrained
by defensibility. Models achieve higher effective
creativity primarily by passing the plausibility gate
more consistently, rather than by substantially im-
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Model Acc.  Model Acc.
gpt-5-mini 0.545 Qwen2.5-VL-7B  0.477
Qwen2.5-VL-72B  0.545 Qwen3-VL-235B 0.477
Qwen2.5-VL-32B  0.523 GLM-4.5V 0.477
Qwen3-VL-30B 0.500 gemini-2.5-flash  0.477
gpt-5-nano 0.386

Table 7: CONNOISSEURPAIRS accuracy on 44 original-
copy pairs.

proving Stage 2 scores on already-valid outputs. In
this setting, qwen3-vI-235B is the most reliable,
while gemini-2.5-flash is most limited.

6.4 CONNOISSEURPAIRS

Table 7 reports original-copy accuracy on the 44-
pair diagnostic set, where each model chooses
which side corresponds to the benchmark-
designated original.

Performance remains near chance. The highest
observed accuracy is 24/44 (0.545; Wilson 95% CI
[0.401, 0.683]), and the interval includes chance
performance (0.5). Given the width of this interval,
we do not interpret small differences among mod-
els as a stable ranking. The main takeaway is that
strong general VLM performance does not transfer
to visually close original-copy comparison: mod-
els appear unreliable at using global brush-and-ink
coherence, style consistency, and copying artifacts
under close visual confounds. Thus, we use CON-
NOISSEURPAIRS only as a diagnostic stress test.
Appendix A.8 summarizes expert error attribution.

6.5 Cross-Institution Protocol Replication

To test whether the main diagnostic patterns are
specific to the Palace Museum source, we conduct
a held-out protocol-replication pilot on 120 Chi-
nese artworks from five external institutions: the
Smithsonian National Museum of Asian Art, the
Victoria and Albert Museum, the Art Institute of
Chicago, the Cleveland Museum of Art, and the
Metropolitan Museum of Art. We preserve the orig-
inal task definitions and evaluation protocols while
changing the source institutions.

As shown in Table 8, the exact overall model
ranking does not reproduce across institutions.
Nevertheless, the principal diagnostic pattern trans-
fers strongly: P2 is harder than P1 for every tested
model, QAS style-to-period inference remains the
weakest QA type for every model, and the per-
model Spearman correlation between the main
and external QA-type profiles ranges from 0.81 to

Model External Main A

GPT-5-mini 0.792 0.795 —0.003
Qwen2.5-VL-72B  0.789  0.808 —0.019
Qwen3-VL-30B 0.778 0.800 —0.022
Qwen3-VL-235B  0.777 0.840 —0.063
Qwen2.5-VL-7B 0.756  0.760 —0.004

Table 8: Cross-institution replication of CURATORQA.
External accuracy is computed on 712 closed-form ques-
tions from 120 artworks across five external institutions.
Main denotes the corresponding main-benchmark accu-
racy for the same five models. A is External—Main.

0.99. Four of the five overall accuracies are within
2.2 percentage points of the main result, whereas
Qwen3-VL-235B decreases by 6.3 points.

We further replicate the two long-form proto-
cols. On 24 external CATALOGCAPTION artworks,
Qwen3-VL-235B, GPT-5-mini, and Qwen2.5-VL-
7B obtain KPI scores of 0.289, 0.288, and 0.269, re-
spectively, indicating that the two stronger systems
are effectively tied under the automatic metric. On
12 external REINTERPRET artworks, Qwen3-VL-
235B and GPT-5-mini obtain Stage 2 composites
of 4.285 [4.103, 4.436] and 3.964 [3.861, 4.064],
respectively. On the 11 artworks that majority-
pass for both models, the paired Qwen-minus-GPT
difference is +0.300, with an artwork-bootstrap
95% CI of [+0.091, +0.500]. Overall, the pilot
supports initial transfer of the benchmark’s princi-
pal difficulty and failure patterns across museum
sources, but not an institution-invariant model rank-
ing. Therefore, we interpret CARTBENCH as a
Palace Museum-grounded benchmark with initial
cross-institution evidence rather than a universal
evaluation standard for Chinese-art understanding.
Full construction, audit, and evaluation details are
provided in Appendix A.2.

7 Conclusion

We introduced CARTBENCH, a museum-grounded
benchmark for evidence-faithful Chinese art under-
standing across four curator-facing tasks. Results
show that high QA accuracy can mask persistent
weaknesses in style-to-period inference, expert-
style appreciation, defensible reinterpretation, and
diagnostic original-copy comparison. Our audits
and rubric-based evaluations support the bench-
mark’s reliability and highlight the need for VLMs
that more effectively connect visual evidence to cul-
turally specific concepts, uncertainty, and medium-
specific style cues. A held-out five-institution repli-
cation transfers the task-difficulty profile.
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Limitations

Diagnostic scope of original-copy discrimina-
tion. CONNOISSEURPAIRS contains 44 original-
copy pairs. Because curating visually close and
defensible pairs requires substantial expert effort,
the task remains a diagnostic stress test rather than
a stable leaderboard or any form of real-world au-
thentication protocol. Accuracy estimates should
therefore be interpreted with uncertainty and used
for failure analysis rather than deployment claims.

LLM-assisted question generation may intro-
duce residual artifacts. CURATORQA questions
are LL.M-assisted and then filtered with constraints
and expert review. We add a 1,000-question expert
audit, full-set option-bias diagnostics, and matched
no-image/image-shuffle controls, but residual tem-
plate regularities and language priors may remain.
Future work should further incorporate human-
authored adversarial or contrastive items.

Pretraining exposure cannot be excluded. The
source museum pages and some canonical artworks
are publicly available, and we cannot determine
whether individual models encountered related im-
ages or descriptions during pretraining. The bench-
mark therefore evaluates task performance under
realistic public-source exposure rather than guaran-
teeing contamination-free knowledge acquisition.

Cross-institution evidence remains a pilot. The
main benchmark is grounded in the Palace Museum
catalogue. Our held-out five-institution replication
indicates that the task-difficulty profile and weak-
est QA type transfer, but the exact overall model
ranking does not. The pilot is relatively small, re-
lies mainly on English-language catalogues outside
China, and covers only five institutions. It therefore
provides initial protocol-transfer evidence rather
than a culture- or institution-invariant generaliza-
tion claim.

Automatic metrics only partially capture expert
appreciation quality. For CATALOGCAPTION,
overlap-based metrics and embedding similarity
provide scalable signals but do not fully reflect
whether an appreciation is truly expert-like, cultur-
ally grounded, and well supported by visual evi-
dence. We therefore add rubric-based expert evalu-
ation, while acknowledging that larger-scale expert
preference judgments and evidence-unit evaluation
remain valuable future extensions.

Ethical Considerations

This section summarizes potential risks and the
measures we take to support responsible use of
CArtBench.

Potential risks and misuse. This benchmark evalu-
ates culturally grounded interpretation and original-
copy discrimination for Chinese artworks. A key
risk is overtrust: model outputs may be misused as
expert authentication advice, leading to financial
or reputational harm in real transactions. A second
risk is dual use: insights from original-copy com-
parison could be exploited to improve high quality
imitations. We mitigate these risks by positioning
CONNOISSEURPAIRS as a diagnostic evaluation,
requiring cue-based justifications, and emphasizing
that outputs must not be used for authentication,
valuation, provenance certification, market claims,
or deployment decisions.

Resource release, licensing, and attribution.
CARTBENCH draws on museum catalog pages,
Wikidata, and expert-curated references from pro-
fessional art books and catalogues. To support
reproducibility, we will publicly release the eval-
uation code, benchmark metadata, prompts, and
author-created derived annotations. The evaluation
code will be released under the MIT License, and
the author-created derived annotations under CC
BY-NC 4.0. For source materials with license or
attribution requirements, we provide stable identi-
fiers, source URLs, and provenance information,
and redistribute original images or catalog texts
only when permitted by the corresponding licenses
or rights holders. Wikidata content is available
under CCO, while third-party museum materials
remain subject to the corresponding source institu-
tions’ terms.

Use of Al assistants. Al assistants were used pri-
marily for language editing and manuscript proof-
reading during manuscript preparation, e.g., the
camera-ready phase. All scientific content and fi-
nal revisions were reviewed and approved by the
authors.

Privacy and data protection. The benchmark
is derived from museum object pages and is not
intended to contain personally identifying infor-
mation. We screen collected texts for common
identifying patterns such as phone numbers, email
addresses, and physical addresses, and remove any
matches if found. Human ratings are stored in
anonymized form and reported only in aggregate.
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Cultural context and interpretive validity. Chi-
nese art interpretation depends on culturally spe-
cific concepts and conventions, including medium
and format terminology and style-related norms.
Model generations may introduce conceptually mis-
aligned claims or overconfident attributions that are
not supported by visible evidence. We therefore
emphasize evidence-linked description and require
explicit uncertainty when key information cannot
be reliably inferred from the image, and our human
rubrics penalize unsupported factual assertions and
culturally inappropriate interpretations.

Scope and accessibility. CArtBench is intention-
ally centered on Chinese art to broaden cultur-
ally specific VLM evaluation in an expert cultural-
heritage domain. We formulate prompts and
rubrics in Chinese to reflect the primary language
and conventions of the underlying museum sources
and real-world curatorial practice, rather than as
a claim of culture-agnostic coverage. To support
broader use, we provide English translations of
prompts and documentation, and we view bilin-
gual and cross-cultural extensions as an important
direction for future work.
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A Appendix

A.1 CURATORQA Expert Audit and
Anti-Shortcut Controls

Expert audit. We audited a stratified random
sample of 1,000 CURATORQA questions, strati-
fied by difficulty principle (P1/P2) and QA type
(QA1-QA6), using a fixed seed and an artwork-
level cap to reduce intra-artwork correlation. An
art expert checked gold-answer correctness, ambi-
guity or multiple-correct-option issues, and princi-
ple/type label consistency. The audit found 1 er-
roneous item (0.1%), which was corrected. Under
an exact-binomial calculation, the one-sided 95%
upper bound is approximately 0.47%. Because the
audit is stratified and uses an artwork-level cap, we
treat this value as an audit diagnostic rather than a
design-based confidence bound for the full corpus.
Table 9 summarizes the audit protocol and result.

Option-bias analysis. Because CURATORQA
contains both binary verification items and non-
binary multiple-choice items, we report answer-
position diagnostics by item format. For binary
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Audit item Value
Audited questions 1,000
Unique artworks represented 785
Sampling scheme P1/P2 x QA1-QA6

stratified
Observed erroneous items 1
Observed error rate 0.1%
95% upper bound (diagnostic) 0.47%

Table 9: Expert audit summary for CURATORQA.

verification items (N = 962), the A/B distribution
is 0.663 / 0.337. For non-binary multiple-choice
items (N = 13,459), the A/B/C/D distribution is
nearly balanced (0.247 / 0.248 / 0.255 / 0.250).
Aggregating all 14,421 CURATORQA items gives
A/B/C/D =0.274 /0.254 / 0.238 / 0.234. Correct
options are mildly longer than distractors on aver-
age (+0.954 characters), the mean lexical-overlap-
rate gap is +0.059, and the template repetition rate
is 0.084; Table 10 reports these diagnostics.

Subset N A B C D

Binary verification 962 0.663 0.337 0.000 0.000
items

Non-binary MCQ 13,459 0.247 0.248 0.255 0.250
items

All CURATORQA 14,421 0.274 0.254 0.238 0.234
items

Correct-minus- - +0.954 chars
incorrect option length

Lexical-overlap-rate - +0.059
gap

Template repetition - 0.084

rate

Table 10: Full-set option-bias diagnostics for CURA-
TORQA. Binary verification and non-binary multiple-
choice items are reported separately, and the final row
reports the aggregate distribution over all 14,421 ques-
tions.

Matched no-image and image-shuffle controls.
We run matched controls on representative high-
performing models. Full-image accuracy is sub-
stantially higher than both no-image and image-
shuffled settings, indicating that performance is
not explained solely by language priors or image-
independent shortcuts (Table 11).

Paired model comparison. Table 12 reports
paired and artwork-clustered significance tests for
the Qwen3-VL-235B vs. GPT-5-mini comparison
discussed in the main text. This table complements
the subset-level gap analysis in Table 3.

Model Full Noimg. A Shuffle A

GPT-5-mini 0.795 0.414 0381 0.530 0.265
Qwen2.5-VL-72B 0.808 0.489 0319 0.525 0.283
Qwen3-VL-235B 0.840 0.567 0.273 0.565 0.275
Qwen2.5-VL-32B 0.797 0236 0.561 0.516 0.279

Table 11: Matched no-image and image-shuffle controls
for CURATORQA. A denotes the drop from the full-
image setting.

A.2 Cross-Institution Protocol Replication

Pilot construction. To examine whether the prin-
cipal diagnostic patterns of CARTBENCH depend
on the Palace Museum source, we constructed a
held-out cross-institution protocol-replication pilot
using 120 Chinese artworks from five external in-
stitutions: the Smithsonian National Museum of
Asian Art, the Victoria and Albert Museum, the Art
Institute of Chicago, the Cleveland Museum of Art,
and the Metropolitan Museum of Art. These insti-
tutions differ from the Palace Museum in collection
composition, metadata conventions, and curatorial
prose.

For External-CURATORQA, we changed the
source institutions while preserving the original
construction protocol. Official museum descrip-
tions were faithfully translated into Chinese with-
out summarization or factual expansion. We reused
the original P1/P2 definitions, QA1-QA6 taxon-
omy, structural filtering, answer-option cleanup,
seeded option shuffling, and exact-match evalu-
ation protocol. The resulting pilot contains 778
questions over 120 artworks, including 565 P1 and
213 P2 items, with all six QA types represented.
All 120 translations and all 778 question-answer
records received primary human review. We retain
66 open short-answer items separately and evaluate
the remaining 712 closed-form items.

External-CURATORQA results. The exact over-
all model ranking does not reproduce on the exter-
nal set. GPT-5-mini, Qwen2.5-VL-72B, Qwen3-
VL-30B, Qwen3-VL-235B, and Qwen2.5-VL-7B
obtain closed-form accuracies of 0.792, 0.789,
0.778, 0.777, and 0.756, respectively. Neverthe-
less, the principal task-level pattern transfers: P2 is
harder than P1 for every tested model, QAS (style-
to-period inference) is the weakest QA type for ev-
ery model, and the per-model Spearman correlation
between the main and external QA-type profiles
ranges from 0.81 to 0.99. Four of the five overall
accuracies are within 2.2 percentage points of the
corresponding main result, whereas Qwen3-VL-
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Acc. Acc.

Model A A B

Model B

A Significance

Qwen3-VL-235B GPT-5-mini 0.8400 0.7949

+0.0451 McNemar (paired, N=14,421):
p=4.22x10747.

Clustered by artwork ID (Nawork=1,589):
A=0.0447, Cly5=[0.0384, 0.0512],

p=0.0002.

Table 12: Paired comparison between Qwen3-VL-235B and GPT-5-mini on CURATORQA. We report exact-match
accuracy, the paired question-level McNemar test, and the artwork ID-clustered analysis. A = Acc(A) — Acc(B).

Item Count Notes
Artworks 120 Five institutions
Questions 778  All QA1-QAG6 covered
P1 565 Visual evidence

P2 213 Vision + art knowledge
Closed-form 712  Exact-match evaluation

Open short-answer 66 Retained separately

Table 13: Summary of the External-CURATORQA pilot.
All 120 translations and all 778 question-answer records
received primary human review.

235B decreases by 6.3 points. Thus, the pilot sup-
ports transfer of the benchmark’s difficulty profile
and failure pattern, but not an institution-invariant
model ranking.

External-CATALOGCAPTION. We further repli-
cated CATALOGCAPTION on 24 artworks from
four external institutions. Art specialists produced
and verified a four-section reference for each art-
work using the corresponding museum evidence.
We applied the original automatic evaluation pro-
tocol without changing its metrics, character-level
tokenization, or KPI weights.

Qwen3-VL-235B remains above Qwen2.5-VL-
7B on the aggregate KPI, whereas Qwen3-VL-
235B and GPT-5-mini are effectively tied (0.289 vs.
0.288). The component metrics also yield mixed or-
dering between these two models. Given the small
24-artwork pilot and the limitations of similarity-
based metrics for expert appreciation, we do not
interpret these small differences as evidence of a
stable cross-institution ranking.

External-REINTERPRET. We also replicated
the original two-stage REINTERPRET protocol on
12 artworks from four external institutions. Three
art-domain raters blindly evaluated anonymous
model outputs using the same Stage 1 plausibil-
ity gate and Stage 2 rating protocol as in the main
experiment.

On the 11 artworks that majority-pass for both

models, the paired Qwen-minus-GPT Stage 2
difference is 4+0.300, with an artwork-bootstrap
95% confidence interval of [+0.091, 4+-0.500]. For
Stage 1, raw agreement is 0.847 and Gwet’s AC1
is 0.799. The three-rater Stage 2 composite has
ICC(2,3) = 0.643. We therefore emphasize the
paired overall direction and uncertainty rather than
fine-grained differences between individual rating
dimensions.

Scope of the replication. Overall, the cross-
institution pilot provides initial evidence that the
principal diagnostic patterns identified by CART-
BENCH persist when the source institution changes.
It does not establish universal generalizability: the
exact CURATORQA model ranking changes, the
two long-form pilots remain small, and the evalu-
ated objects remain Chinese artworks from a lim-
ited set of museum contexts. We therefore interpret
these results as evidence of initial cross-institution
protocol transfer rather than an invariant model
ordering or a universal cross-museum evaluation
standard.

A.3 KPI Weight Sensitivity Analysis for
CATALOGCAPTION

Motivation. KPI aggregates multiple automatic
metrics (BERTScorer;, CIDEr-like, ROUGE-L,
BLEU-4) into a single score (Equation 1). Since
any fixed weighting may appear arbitrary, we test
whether our CATALOGCAPTION model ranking is
stable under reasonable perturbations of the metric
weights.

Protocol. Let w = (wberta Weider, Wrouge » wbleu)
be a nonnegative weight vector with ) w; =
1. For each sampled w, we compute KPI,, =
>, wim; where m; denotes the corresponding
metric value, then obtain a model ranking induced
by KPI,,. We compare each ranking to the default-
weight ranking using Spearman’s p and Kendall’s 7.
We also compute (i) Top-1 same rate, the fraction
of scenarios in which the best-performing model
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Model KPIT BERTScorer;? EmbSim? CIDEr-like} ROUGE-LT BLEU-41
Qwen3-VL-235B  0.289 0.367 0.916 0.269 0.223 0.127
GPT-5-mini 0.288 0.360 0.917 0.276 0.226 0.124
Qwen2.5-VL-7B  0.269 0.342 0.896 0.241 0.218 0.113

Table 14: External-CATALOGCAPTION evaluation on 24 artworks from four external institutions. We use the same
automatic metrics, tokenization, KPI definition, and metric weights as in the main experiment.

Rating Majority Stage-2 comp.
Model pass passed [95% CI]
4.285
Qwen3-VL-235B  0.917 11/12 [4.103, 4.436]
.. 3.964
GPT-5-mini 0.889 12/12 [3.861, 4.064]

Table 15: Primary External-REINTERPRET compari-
son on 12 artworks with three expert raters. Stage-2
composites are reported with 95% bootstrap confidence
intervals.

(excluding human baselines) is unchanged, and (ii)
Top-3 Jaccard, the Jaccard similarity between the
default top-3 model set and the top-3 set under w.

Weight perturbation schemes. We consider the
following perturbations: (i) Uniform: w; = 0.25
for all metrics. (ii) Dirichlet: w ~ Dirichlet(a1)
with a € {0.5,1,5}, capturing increasingly con-
centrated vs. smooth weight distributions. (iii) Lo-
cal Gaussian: sample W ~ A\ (wy, o2I) around
the default weight wo = (0.45,0.25,0.20,0.10)
with ¢ = 0.05, then project onto the simplex.
(iv) BERT-dominant range: sample wpex €
[0.35,0.60] and distribute the remaining mass
across other metrics proportional to the default
weights.

Findings. As shown in Table 16, rankings re-
main highly consistent with the default ordering
across a wide range of weight perturbations (me-
dian Spearman > 0.964; median Kendall > 0.891
even under the more extreme Dirichlet sampling
with a < 1). Table 17 further reports model-level
rank stability under Dirichlet perturbations. Cru-
cially, the top-ranked model under the default KPI
remains unchanged across all tested scenarios (Top-
1 same = 1.0), supporting that our main CATALOG-
CAPTIONconclusions do not hinge on a particular
weighting choice.

A.4 Rubric-Based Expert Evaluation for
CATALOGCAPTION

Because open-ended appreciation admits multiple
valid outputs and automatic similarity metrics may

not fully capture expert insight, we additionally
evaluate CATALOGCAPTION with a rubric-based
expert study. Three raters score 258 model-artwork
pairs (86 artworks x 3 models) on D1 evidence-
grounded interpretation, D2 cultural/art-historical
appropriateness, and D3 insight depth using a 1-5
scale, and flag major factual or hallucination errors
(E1). The 3-rater mean shows moderate reliability
for D1-D3 under ICC(2,3), while the sparse binary
El flag is better interpreted with Gwet’s AC1 and
raw agreement; Table 18 reports the scores and
agreement statistics.

A.5 Additional statistics for REINTERPRET

We provide additional breakdowns for REINTER-
PRET. Table 19 reports dimension-wise macro-
averages with bootstrapped 95% confidence inter-
vals, and Table 20 reports Stage 1 gate-failure type
distributions.

A.6 Inter-Annotator Agreement for
REINTERPRET

We report inter-annotator agreement for both stages
of REINTERPRET. For the Stage 1 plausibility gate,
we compute Fleiss’ x over pass/fail judgments. For
Stage 2, since the main results use the three-rater
mean, we report ICC(2,3) for the averaged Primary
score (D1-D3) and All score (D1-D5). The re-
sults in Table 21 indicate moderate-to-substantial
agreement for the gate and reasonable reliability
for averaged Stage 2 scores.

A.7 Human Evaluation Protocol and
Annotator Information

Human evaluations were conducted by three do-
main experts (two art graduate students and one
art-school professor in China), all adult native Chi-
nese speakers with formal training in Chinese art
history. Annotators were compensated at a rea-
sonable rate meeting or exceeding local minimum
wage or typical market rates. Participation was vol-
untary with research-use notice; we collected no
personally identifying information and report only
anonymized, aggregate results.
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Scenario #isamples Spearman Kendall Top-1 Top-3 Jaccard
(p05/p50/p95) (p05/p50/p9s) same (p05/p50/p95)
Default (sanity) 1 1.000/1.000/1.000 1.000/1.000/1.000 1.000 1.000/1.000/1.000
Uniform weights 1 0.991/0.991/0.991 0.964/0.964/0.964 1.000 1.000/1.000/1.000
Dirichlet a=5 8000  0.945/0.991/0.991 0.855/0.964/0.964 1.000 1.000/1.000/1.000
Dirichlet a=1 8000  0.882/0.964/1.000  0.709/0.891/1.000 1.000 0.500/1.000/1.000
Dirichlet a=0.5 8000  0.873/0.964/1.000  0.673/0.891/1.000 1.000 0.500/1.000/1.000
Weert € [0.35, 0.60] 5000  0.991/1.000/1.000  0.964/1.000/1.000 1.000 1.000/1.000/1.000
Local Gaussian 0=0.05 5000  0.982/0.991/1.000  0.927/0.964/1.000 1.000 0.500/1.000/1.000

Table 16: KPI weight sensitivity analysis for CATALOGCAPTION. Rank correlations are computed against the
default-weight ordering; we report 5th/50th/95th percentiles for stochastic scenarios. Top-1 same and Top-3 Jaccard

are computed over models (excluding human baselines).

Model Mean rank Std. rank P(top-3)
human_mean 1.000 0.000 1.000
preds_qwen25_72B 2.397 0.734 0.860
preds_qwen3_235B 2.863 0.495 0.936
preds_qwen3_30B 4.035 0.806 0.203
preds_qwen25_7B 5.038 0.920 0.000
preds_glm45 6.189 0.785 0.000
preds_glm46 6.764 0.766 0.000
preds_qwen25_32B 8.373 1.083 0.000
gptSnano 8.733 0.860 0.000
gptSmini 9.608 0.509 0.000
gemini2.5 11.000 0.000 0.000

Table 17: Model rank stability under Dirichlet weight
perturbations with =1 (8,000 samples). We report the
mean and standard deviation of each model’s rank, and
the probability of appearing in the top-3.

Item / Model D1 D2 D3 E1
+£=0.012;
Inter-rater agreement ICC=0.639 ICC=0.622 ICC=0.637 AC1=0.841;
Agr.=0.863
Qwen2.5-VL-72B 3.640 3.702 3.663 0.081
Qwen3-VL-235B 3.647 3.609 3.616 0.050
Gemini-2.5-Flash 3.229 3.275 3.337 0.093

Table 18: Rubric-based expert evaluation for CATA-
LOGCAPTION. D1-D3 are 1-5 scores; El is the major
factual/hallucination error rate.

A.8 Preliminary expert error attribution for
CONNOISSEURPAIRS

We summarize a preliminary expert attribution on
misclassified cases in CONNOISSEURPAIRS. Er-
rors are consistently associated with weak sensitiv-
ity to period/style consistency, overweighting local
cues such as inscriptions and seals, and relying
on surface-level detail richness rather than global
brush-and-ink coherence.

A.9 Reproducibility Details

We will release metadata, task prompts, derived
annotations, model outputs used for scoring, and

evaluation scripts for exact match, automatic cap-
tion metrics, bootstrap confidence intervals, Wilson
intervals, and human-evaluation aggregation. We
do not redistribute Palace Museum images or cu-
ratorial texts; instead, the release provides stable
identifiers and source URLSs so users can access
media subject to the source institutions’ terms. The
release also includes validation scripts for missing
URLs, duplicated IDs, answer-option balance, and
split consistency.

A.10 Prompt for CURATORQA

Chinese prompt.

PR EZEARVQA F BRI H % it
o AR AER RO, (BARZETEE
M HVIM B E% (P 2 E G+ 1R
P2) EIZEREH .

(You are a question designer for a Chinese-art
VQA benchmark. You only have access to a tex-
tual description, but you must design questions
answerable by a VLM using the image (P1) or
image + commonsense (P2).)

BEPEL

(Hard constraints:)

=

\3ln

=l
—~ =

o HEIHP1 8/P2- (Output only P1 or P2.)

o ANEAE R AR A AR R
S0 R TR S0 SOAE B A BE R
HI@ . (Do not generate questions requir-
ing title/author/date/provenance/historical de-
tails/transcription.)

BRI AA H2BIS AT MR, iR
HE— Ay T 2 AT SRR SR
HEMAZ . (Each question must provide 2-5 ex-
pected visual cues and a one-sentence explana-
tion of why it is answerable without the text.)
HAEE T i B AR IE SR/ ] R R, AR
5| e S IRFIREA] - (Only write expected
image evidence/visual cues; do not quote the
description.)

BAIE S TR, 4 HeF10
P2, HREBE:

(Coverage requirement: Generate 6-10 ques-
tions, P1/P2 only, covering:)

H f2¥FP1
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Model Gate pass D1 Novelty D2 Coherence D3 Evidence D4 Elaboration D5 Insight

gemini-2.5-flash 0.707  [0.600, 3.287 [2.940, 3.653] 3.960 [3.740, 4.193] 3.773[3.587,3.960] 3.980 [3.760, 4.213] 3.613 [3.353, 3.907]
GLM-4.6V gggl [0.760, 3.407 [3.213,3.620] 3.793 [3.653,3.947] 3.747 [3.560, 3.947] 3.800 [3.627,3.980] 3.647 [3.467, 3.853]
gpt-5-mini 822;] [0.787, 3.280 [3.120, 3.447] 3.767 [3.647,3.880] 3.653 [3.507,3.787] 3.873[3.733,4.027] 3.513[3.333, 3.700]
qwen3-vl-235B §§§§j [0.787, 3.533[3.340, 3.740] 3.867 [3.687,4.053] 3.840[3.707,3.973] 3.847[3.693,4.013] 3.553[3.413, 3.700]

Table 19: Dimension-wise macro-averages for REINTERPRET with 95% bootstrap confidence intervals over artworks.
Gate pass is the Stage 1 plausibility pass rate. D1-D5 are Stage 2 Likert ratings computed only for gate-passed
outputs, macro-averaged over artworks.

Model Failures Other Era/Dynasty error Misread / missed Wrong type/region Empty/NA
content attribution

gemini-2.5-flash 22 (29.3%) 11 (14.7%) 6 (8.0%) 2 (2.7%) 2 (2.7%) 1(1.3%)

GLM-4.6V 11 (14.7%) 8 (10.7%) 2(2.7%) 1 (1.3%) 0(0.0%) 0(0.0%)

gpt-5-mini 10 (13.3%) 5(6.7%) 1(1.3%) 3 (4.0%) 1(1.3%) 0(0.0%)

qwen3-vl-235B 9 (12.0%) 7(9.3%) 1(1.3%) 0(0.0%) 1(1.3%) 0 (0.0%)

Table 20: Stage 1 gate-failure type distributions for REINTERPRET. Counts are over rater x artwork instances (75
per model), with percentages relative to 75. Failure types are recorded only when a rater marks the output as failing
the plausibility gate.

Model Gate x  ICC Primary ICC All (Format: Output four section headers in order,
1- s h:
GLM-4.6V 0.487 0.498 0.649 3 sentences each:)
gemini-2.5-flash  0.415 0.476 0.709 o [TEFRER] ([Artwork Background]: Make
gpt-5-mini 0.711 0.785 0.869 reasonable inferences; if uncertain, state “hard
qwen3-vl-235B  0.577 0.877 0.888 to determine from the image alone.” Do not
fabricate author/site/institution.)
Table 21: Inter-annotator agreement for REINTERPRET. « [(fERMNZ] ([Artwork Content]: Describe

subject, theme, composition, key visible de-
tails.)

o [ZAR¥FF] ([Artistic Characteristics]: Dis-
cuss material, technique, color, lines, style cues
from visible evidence.)

Stage 1 uses Fleiss’ k; Stage 2 reports ICC(2,3) for
three-rater averaged scores.

« QAL F/XFGRA (Subject/object recogni- o [ZE&1F4h] ([Overall Evaluation]: Provide
tion, P1) aesthetic judgment explaining why it is com-
o QA2 ¥ S/TEBNUTE (Scene/activity classifica- pelling. Avoid generic praise.)
tion, P2)

Wy
scroll/album/fan, P1/P2) v AE iEo IBE
* QA4 FIELE (Visible technique/style cues, Bk iR - BRERUNEILI200 7 -

P1) (Constraints: If uncertain, state so explicitly.
o QA5 g —BTHATERT (Style—period infer- Keep writing professional, specific, evidence-

ence; only when description implies visible grounded. Recommended length: <1200 char-

cues; must be P2; phrase as “which period is acters.)

more likely” with “unable to determine” option)
* QA6 T WL FF 5/%} B (Visible iconogra-

phy/elements, P1)

* QA3 JE #IIE K

(Composition/format:

A.12 Prompt for REINTERPRET
Chinese prompt.

RS — sk ZA 5 B Ao RS —

B G BT XU B S 5 DOR R AT

WNE, ANEYRETTIE N E GHN B BARE

% -3 S BRTE (58 A E b B (X
G LI E " -

(You will be given an artwork image. Write an

A.11 Prompt for CATALOGCAPTION
Chinese prompt.

PRI =5k E ZARME B E A - AT
S R R A, AR GE LT
S ER:

(You will be given an image of a Chinese artwork.
Write a professional, connoisseur-style appreci-
ation in Chinese, strictly following the format
below.)

REER: WAL o H P /NI B,
B&1-3 4
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“innovative appreciation” in Chinese, grounded in

visible evidence. Do not invent specific facts not
determinable from the image; if uncertain, state
S0.)

B 4 E AR LS LUR YA/ ARE (BT
%3/1, /flil/ E > :



(Output must include four section headers, 1-3 Literal English translation.

sentences each, high information density:) 1
« [#H3#] ([Background]: era, use, cultural

context; reasonable inference allowed)

o [fEMMZA] ([Content]: main subject,
theme, composition, key visual details)

o [ZARE] ([Artistic Characteristics]: ma-
terial, craft, technique, linework, coloration,
style)

o [EUME] ([Significance]: artistic value,
historical/cultural significance, influence)

BBV <MAX_CHARS> F -

(Recommended length: <<MAX_CHARS> charac-
ters.)

A.13 Prompt for CONNOISSEURPAIRS

Chinese prompt.

BB —kx L ZEMRERA, A0

HEEB (B EAREIREAB) - PIIEE 2.
(] — R i B — PR R B R G — R 2K 3
(A B B R AE -

(You will see a side-by-side comparison: Image A
on the left, Image B on the right. The pair contains
one original work and one copy-, imitation-, or
reproduction-related work of a similar subject.)

£S5 Pl (BB —5K 5 AT RE 2 R /F/E AR )
(HEE%ATB) -

(Task: Decide which side is more likely to be the
original. Choose only A or B.)

RIEFRH]. A AERKIE R BOL R, A5
ﬁé%ﬁﬁ\%@ 1B -« SR WUBE B SN RN

Vo

(Restriction: Base decision only on visible evi-
dence. Do not use external metadata.)

iy HH 5K
(Output:)

* (1) 4518 (Decision): A or B.

» (2) #H (Reasons): 3-6 points grounded in
visual cues (brushwork, ink layering, texture
strokes, color, support texture, seal consistency,
copying artifacts).

» 3) I E M (Uncertainty): If evidence is
close, state the key uncertainty and what ad-
ditional visual details would be needed.

A.14 Survey instrument for REINTERPRET

We evaluate REINTERPRETwith a two-stage human
questionnaire designed for Chinese-art “creative
reinterpretation.” Figures 3-4 show the original
Chinese questionnaire. Below we provide an item-

by-item English translation of the questionnaire 6.

text. Raters are presented with an artwork image
and an anonymous model-generated interpretation.
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Title and opening note. Model creativity
human-evaluation form. Welcome to this large-
scale human evaluation. You will sequentially
evaluate images of 25 canonical works from Chi-
nese art history and the corresponding anony-
mous appreciation texts. Each work is evaluated
independently in two stages: first judging the
text’s basic reasonableness and eligibility to en-
ter the creativity evaluation, and then, for texts
that pass the screening, giving detailed scores
on creativity-related dimensions. Please com-
plete each item according to the specific content
of each work and the instructions. Your pro-
fessional judgment will provide an important
reference for evaluating the creativity of model-
generated content.

Evaluation information. Rater ID:

. Instructions (please read first). Welcome to

this human evaluation. You will evaluate an
image of a canonical work from Chinese art
history and an anonymous appreciation text
corresponding to it. This evaluation adopts a
two-stage procedure: Stage 1 is a basic correct-
ness/reasonableness screening; Stage 2 is a cre-
ativity evaluation, scored only for texts that pass
Stage 1. Please note: this evaluation does not
require the text to repeat authoritative conclu-
sions, but the text should not obviously violate
basic art-historical consensus. Creativity should
be built on observable image information and
reasonable interpretation. (please fill
in “read”).

. Artwork 1: basic reasonableness judgment

[single choice]. Does the text contain any of the
following problems: obvious misreading of the
main content/theme of the image; clearly wrong
judgment of the work’s type/period/attributes;
obvious violation of art-historical consensus; or
large amounts of fabrication without marking
uncertainty, such as a specific author or date?
Options: yes (the above problem exists; do not
enter the second stage) / no (no problem found;
enter the second stage).

. Artwork 1: if selecting ‘“‘yes,” please explain

the problem type (optional) [multi-field fill-
in]. Main problem type:

Artwork 1: Interpretive Novelty [single
choice]. Does it go beyond a template-like
appreciation style and propose a new idea in



10.

11.

12.

interpretive angle or meaning association? Op-
tions: 1 = basically textbook-style statement;
2 = mainly follows a conventional path, with
only surface-level variation; 3 = some content
reflects novelty; 4 = proposes a clear new inter-
pretive angle; 5 = forms a significantly different
interpretive reorganization.

. Artwork 1: Integrative Coherence [single

choice]. Do the background, content, features,
and value sections form a logically coherent in-
terpretive structure? Options: 1 = the parts are
clearly disconnected; 2 = the connection is weak
and overall integrity is insufficient; 3 = basically
coherent but with limited structural function; 4
= the structure is clear and the contents support
one another; 5 = forms a complete interpretive
chain.

. Artwork 1: Evidence-based Reasoning [sin-

gle choice]. Judge whether the interpretation is
mainly based on observable image information
and reasonably handles uncertainty. Options: 1
= many judgments without evidence; 2 = there
are inappropriate inferences without limiting un-
certainty; 3 = the inferences are reasonable but
the evidence is general; 4 = the inferences are
clear and the evidence is explicit; 5 = the infer-
ences are rigorous and the relationship between
evidence and conclusion is clear.

. Artwork 1: Elaboration & Expressiveness

[single choice]. Is the expression concrete and
layered, avoiding empty evaluation? Options:
1 = expression is empty; 2 = relatively general,
lacking detail; 3 = has some specificity; 4 =
expression is concrete and clearly layered; 5 =
expression is concise and information-dense.

Artwork 1: Perceived Creative Insight [single
choice]. Does it provide new thinking clues or
discussion space for understanding the work?
Options: 1 = no inspiration; 2 = weak inspi-
ration; 3 = has some inspirational value; 4 =
provides a clear direction for extension; 5 = has
significant inspirational potential.

Artwork 1: rater supplementary comments
(optional). Particularly outstanding creativity,
typical problems, or interpretations worth dis-
cussing:

Artwork 1: rater reminder. Note: the goal of
this evaluation is not to judge whether the text
“correctly repeats authoritative conclusions,” but
to evaluate whether, under the premise that basic

understanding is established, the text conducts
grounded creative reinterpretation.

A.15 Expert error-analysis questionnaire for
CONNOISSEURPAIRS

For CONNOISSEURPAIRS, we conduct an expert-
facing error analysis on misclassified original-copy
pairs. Figures 5-6 show the original Chinese ques-
tionnaire. Below we provide an item-by-item En-
glish translation. In this appendix, terms such as
“authentic” appear only as part of the annotator-
facing survey wording; throughout the benchmark,
the task is treated as original-copy discrimination
rather than a real-world authentication protocol.

Literal English translation.

1. Title and opening note. Questionnaire for an-
alyzing model error cases in artwork authentic-
ity/connoisseurship. Welcome to this question-
naire. This questionnaire aims to collect your
professional insights into model error cases in
the artwork authenticity/connoisseurship task.
Please analyze the reasons for the model’s er-
ror from a professional or intuitive perspective
according to the given artwork pair and model
decision result. Your feedback is very important
and will be used for error classification, error
abstraction-level analysis, and related research
content in the paper. Some questions are mul-
tiple choice, some are single choice, and there
is also one open-ended question for briefly sum-
marizing the model problem. Thank you for
your support and cooperation.

2. Model 1-Artwork 1 decision.

3. Model decision [single choice]. The
model’s judgment result; gold indicates the
real/authentic work, and pred indicates the
work predicted by the model as real/authentic.
Options: A is judged by the model as
real/authentic; B is judged by the model as
real/authentic.

4. Main reasons for the model error [multiple
choice]. Which cognitive or visual errors do
you think the model most likely made? Op-
tions: over-focused on local details such as
brushstroke density, line complexity, and texture
richness; ignored global composition and style
consistency, where local parts appear reason-
able but the overall spirit/resonance and layout
do not hold; mistook “finely painted / complex”
for “older / more authentic”’; was misled by a
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high-quality copy or reproduction, where the
reproduction is technically close to the original;
could not understand the brush-and-ink logic
of Chinese painting, such as central-tip / side-
tip brushwork, brush rhythm, and void-solid
relations; gave excessive weight to inscriptions,
seals, or textual elements; was insensitive to
period-style differences, being unable to distin-
guish the aesthetics and techniques of different
periods; made an overall judgment more like
surface-similarity matching than art-historical
principles; other.

. Other error-cause explanation. If select-
ing “other,” please briefly explain the reason:

. Model error layer [single choice]. From the
root, which level of ability is insufficient? Op-
tions: low-level visual problem, meaning fail-
ure to correctly use visual cues such as lines,
structure, and space; mid-level style-modeling
problem, meaning lack of modeling of “style,”
“spirit/resonance,” and “overall consistency”;
high-level cultural/art-historical understanding
problem, meaning lack of understanding of the
logic and historical context of Chinese painting
connoisseurship; multiple layers are involved
and it is difficult to attribute the error to a single
level.

. Error keyword summary [single choice]. If
you could choose only one keyword to summa-
rize the error, which would you choose? Op-
tions: local-detail bias, meaning over-reliance
on local visual features such as brushstrokes,
line density, and texture; global-style insensitiv-
ity, meaning failure to recognize consistency in
composition, spirit/resonance, and style; copy
mistaken as authentic, meaning being misled
by a high-quality copy or reproduction; in-
scription/seal over-reliance, meaning giving ex-
cessive weight to textual or seal information;
period-style insensitivity, meaning inability to
distinguish aesthetic and technical features of
different periods; surface-similarity shortcut
judgment, meaning judging based on overall
visual similarity rather than art-historical princi-
ples; other.

. Human avoidability [single choice]. Is this
error “easy for humans to avoid”? Options:
yes, humans, especially experienced people, can
avoid it easily; average, humans also need sub-

stantial experience; no, this case is also chal-
lenging for humans.

9. Model problem summary. Please summarize
the model’s core problem in this sample in one
sentence, no more than 30 Chinese characters:

A.16 Eligibility Audit of Chinese-Specialized
Baselines

We screened publicly documented candidate sys-
tems before inference using four task-derived re-
quirements: native image input, generative out-
put, support for all four CARTBENCH protocols,
and sufficient generality across painting, callig-
raphy, sculpture, ceramics, and stationery. The
audited candidates fell into three recurring cate-
gories: image-conditioned generative systems that
are bilingual or multilingual rather than strictly
Chinese-monolingual; non-generative image-text
encoders; and heritage-specific systems whose
scope does not cover all four protocols or repre-
sented art forms. We therefore do not treat any
of these systems as a directly comparable full-
benchmark monolingual Chinese baseline.

A.17 LLM Configuration

Access methods. OpenAl models were accessed
via the OpenAl APL> Gemini models were ac-
cessed via Google’s Gemini API.° For the open-
weight Qwen and GLM families, we used the Al
Ping API gateway (https://www.aiping.cn/) and se-
lected model identifiers from its public model list
endpoint.”

Model identifiers used in our experiments.
OpenAl models include gpt-5-mini and
gpt-5-nano for evaluation, and gpt-5.2 for
LLM-assisted CURATORQA question generation.
Gemini uses gemini-2.5-flash. Al Ping model
IDs include qwen3-v1-235b-a22b-thinking,
qwen3-v1-30b, gwen2.5-v1-72b,
qwen2.5-v1-32b, qwen2.5-v1-7b, glm-4.5v,
and glm-4.6v.

Decoding and inference hyperparameters. We
request temperature=0 and top_p=1 where sup-
ported and generate a single response per prompt.
These settings are intended to reduce sampling vari-
ability but do not guarantee exact determinism for

Shttps://platform.openai.com/docs/overview
®https://ai.google.dev/gemini-api/docs
"https://www.aiping.cn/docs/API/modelList

49110


https://www.aiping.cn/
https://platform.openai.com/docs/overview
https://ai.google.dev/gemini-api/docs
https://www.aiping.cn/docs/API/modelList

models accessed through hosted APIs or gateways.
Unless otherwise noted, the configured maximum
output length is 16k tokens.

A.18 Data stats

Table 22 reports the main statistics and distribu-
tions.

A.19 Dynasty timeline used for era statistics

To make the era distribution in Figure 2 inter-
pretable to readers unfamiliar with Chinese history,
we provide in Figure 7 a reference timeline of the
dynasties and historical periods used in this work.
We follow a widely adopted periodization in Chi-
nese art history and use these ranges as coarse bins
when reporting era coverage. Here, BCE denotes
“Before Common Era” and CE denotes “Common
Era”; c. (circa) indicates an approximate date range.
Some periods correspond to transitional eras or par-
tially overlapping regimes (e.g., the Sixteen King-
doms period), and museum records may use finer-
grained attributions. For consistency in our analy-
sis, we map such metadata to the closest period in
Figure 7.
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Group Tag  Description Numbers Percentage
Overview

Entries - Unique artwork entries 1,589 -
Questions - Total number of questions 14,421 -
Avg. Q/entry — Average questions per entry 9.07 -
Difficulty

Principle P1 Visual-only (answerable from the image) 10,920 75.72
Principle P2 Vision plus art commonsense/knowledge 3,501 24.27
Question types

QA type QA1  Subject recognition (primary subject/object) 2,135 14.80
QA type QA2  Scene/activity classification 1,932 13.39
QA type QA3  Composition/format (form, layout, format) 2,578 17.87
QA type QA4  Visible technique/style cues 2,882 19.98
QA type QA5  Style—period inference 1,493 10.35
QA type QA6  Iconography (visible symbols/elements) 3,401 23.58

Table 22: Summary statistics of CURATORQA, including overview counts, difficulty principles, and question-type

distribution.
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HA Q38 7 A TP

KU S ERRAAEATIFN! EHRA 25 BFEXAEZA8ERHERR
X BL BN B W AR HAT P o BB AE fb oK Jd S AT I BT SR AT UK
By AR A 3R M 5 T HE N\ Q3 7 B AR, T B X R Y SUAAE 3 ) A K
HEHTHET . BREFEERNEEAS, HRETI BT T ATFN. E8
FAAME AR L KA RN ERETFERBEEESE.

* 01 FFPE A

WHERS:

* 02 FFPHH GEEFIE

KIS GEARRANTIFM G — B FEZEREZHESHEGR B REE S ST XA
HATEE . AFNRAFNEATFN TR W& —: ERAEHE/ABRFE;, HER - €&
AN (XABEWBE AT ). FEE: KPR ERXALERNBRLE L, BN
HEETEAREEALR, QMR ETETNEERGELE4EREZ L,  GFEE
"B

* 03 FoR M 1. EAAHE WA W [ B HA]

BUXAREFAEUTE—9/M: ARREEBEEEAL/AM; HEHRNES LR/ HR/
BHAN; AEETEREELR,; AERFEFHEUNRE GuEEEL. FRE)D
O (FELRFA, FTHENE _MED

O (REAIAA, #NEZMED

* 04 AR 1 wEE' R, FRARNAXE (TH) [FTHEEMA]
FEFEAKRA:

* 05 Z R 1: #EBRAFHHE (Interpretive Novelty) [ %]
REBHERNMETT L, ERBEAESEN XK LR EHER?

O1 ERAHHHA KR

O2 ¥MBZEHE, REXKELM

O3 Mo NEEAFE

O4 RIHFEMAFHEAE

O5 WREETRNHERER

* 06 Z AR 1: #EBEAE (Integrative Coherence) [ %]

TR/ AR/ Fe/NMENTSTREH REBERNHERELEN?

O1 &£#aHEEH

O2 XEBKE, BEARETR

O3 XAFRELEMERAFR

O4 ZAFEH, WAEAMELXHE

O5 Wk wEMBEHL

* 0T ¥ RE 1. £TFTEBGKEE HE (Evidence-based Reasoning) [t ]
HWREEEETINEEAGGERF BB EMN?

O1 % A TARHE H 7

O2 FHEA YT AR THE M

O3 W4 BEREME

O4 #WFEE, RKEHAH

O5 W™, RELNKXRFH

Figure 3: Survey questionnaire for REINTERPRET-Part 1, covering evaluation instructions, the Stage 1 plausibility
gate, issue-type notes, and the first three creativity dimensions.
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x 08 ¥R M 1: KZK MY (Elaboration & Expressiveness) [ i8]
ELEKEER, #EZZIFN?

Ol %% =% &

O2 fmifk#E, HF IR

O3 F—E Ak

O4 kKB, BRFEE

Ob kK HHAEREER

* 09 ¥R E 1. BRAFTENE XM (Perceived Creative Insight) [ ]
EEHEMERREFHNELZLZTHITRZE?

Ol LR%

02 BARMRE

O3 EF—ZEEAME

O4 REFEMIE E 77 1

Os5 BHREREAREA

* 10 LA 1 IWFFAARRL (T

FEAI R B RS/ R[] R/ (B AR T I B AR

k 11 EA&E 1: FFRR

EE: AITFNERFRAY EHERRBEL', METHEELERAEMRIIRT, B5#
THRRENCE S FTHEE.

Figure 4: Survey questionnaire for REINTERPRET-Part 2, covering D4 elaboration and expressiveness, D5 perceived
creative insight, optional comments on notable strengths or issues, and a reminder that creativity is evaluated only
after the basic plausibility gate is passed.
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LR BB & R EREREA AT %

RS EGRRAEIAEEEERELCHIAEREBRBERESHF FEBHRE
Flen L AR FEREL RO EAE R RERAMER, AT LRENAE
AMEREENREE. CHRENRNEFZER, FHTROFHNERS K. #
RBEERATERANE. FEFHIEAA LK, oA Ek, TF—HT
HRARECHELERDFA., RACHIRFERAE!

* 01 A - A& 1 WK

* 02 BER) Ao sk [k AR ]

BARWH W ER, gold KT EE G, pred R RMA TN MR HE
OA WAERH HE

OB WAERH HE

* O3 BEAMRNEERH[£ %]

RN A AR BT T F A EIE? (5 1)
OHEXFRHIMT (WEMBE. ALELE. XKEFEEE)
OR MM E 5 R —F i (BHENAE, ERESH. HB LRI
O “BREHE/ 4" RN “FH/ER”
OWEFEREREF SR (EHRERAZTHEHTEL)
On#EMTEFENEZEE (whaE/ME, ALF R, EELXR)
OXMAK., HERXFTERT T IE8E

OXf ot ik Mt £ 5 TR (B X o R BB E £ 58 ERE)
ORKAWELET “REHMNE” MELAHNE

O #4th

* 04 FH A4 R R H

ERE HEM, EEHERHER

* 05 BERI404R B 4% [ 3% A

MRALE, RER—EEHEHTE? (Bik)

OMEMRREA CREEHFFALE. /4. SHEALEKER)

OF ENMEER A (23 “RAE” “R#7 “BhR—ZE” WEL
OBEXM/LAFBMEAT (FTHRFESEHLETERE T $EE)
O% BEMEm, HUHEEHTE—-ER

* 06 48R KA 3 [ 3k ]

R H gk — A A REBEEIR, Relk? (2h)

ORFBHETIRE (LERBEM. L4TKE. AEEHIWRFLE)
OEMMMTHE GRELRAME. K85 EH—%)
OFERANEL (WEREBEEERLF &MER)

Ol / NERLERH (IXFHRAEFEERTIERE)

OB XA AR ik X 4 A B B R B 5 = 5 3Ok 1E)
OFXkEAAMEERZ LAY (ETEEINACETEZL RNZE LA
OH At

Figure 5: Survey questionnaire for CONNOISSEURPAIRS-Part 1, covering model-decision verification, multi-select
attribution of likely error causes, the primary abstraction layer of the error, and a one-keyword summary of the
failure mode.
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* 07 AR G v & [ 334 4]

ZHiRaED “ARBEZBE” 1 (BiK)

O&, Nk (REAZRZH) REZE R

O—#, ANRLFERLZER

O, EARBIA A KAEA PR

* 08 AR | R 4

A — A E AR E AR P E A (R 30 F)

Figure 6: Survey questionnaire for CONNOISSEURPAIRS-Part 2, covering whether the error would be easy for
human experts to avoid and a one-sentence diagnostic summary of the model’s core failure.

= [£ #f X /Corresponding English AT 8] /time

#74 # B X /Neolithic period, China c. 10,000 - 2,000 BCE
7 /Shang Dynasty c. 1,600 -1,046 BCE
7 El /Western Zhou Dynasty 1,046 - 771 BCE

& [El /Warring States period c. 475 -221 BCE

% /Qin Dynasty 221 - 206 BCE

X /Han Dynasty 202 BCE - 220 CE
= [#/Three Kingdoms period 220 - 280 CE

% /Jin Dynasty 265 - 420 CE

+ 7% [El /Sixteen Kingdoms period 304 - 439 CE

7 4t #1/Northern and Southern Dynasties 420 - 589 CE

[ /Sui Dynasty 581 - 618 CE
J&/Tang Dynasty 618 - 907 CE

# X + & /Five Dynasties and Ten Kingdoms period 907 - 960 CE

11 /Liao Dynasty 916 - 1125 CE

K /Song Dynasty 960 - 1279 CE

71 ® /Western Xia Dynasty 1038 - 1227 CE
4/Jin Dynasty 1115-1234 CE
7G/Yuan Dynasty 1271 - 1368 CE

B9 /Ming Dynasty 1368 - 1644 CE

7& /Qing Dynasty 1644 - 1912 CE
I A /Modern & Contemporary China 1912 CE - present

Figure 7: Chinese dynasties and historical periods considered in this work, listing the Chinese names with English
equivalents and their approximate date ranges (BCE/CE).
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