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Abstract

Cultural reasoning lies at the core of many
emerging Al applications, yet existing bench-
marks provide limited insight into how well
models understand and contextualize cultural
artifacts. We introduce EXHIBITIONBENCH,
the first benchmark that frames exhibition
curation as a high-level evaluation testbed,
comprising 300 institution-derived exhibition
and thematic collection records, 23,658 arti-
facts, and three interconnected tasks that eval-
uate complementary aspects of cultural un-
derstanding and reasoning, translating them
into user-perceivable utilities. Extensive ex-
periments across 29 systems reveal a signifi-
cant gap between frontier LLMs and expert-
level competence, particularly on tasks that re-
quire collection-level coherence and thematic
understanding. Performance gains from scal-
ing, prompting, and multimodal inputs are
limited and highly model-dependent, whereas
tailored model optimizations can equip open-
weight models with better capabilities that sup-
port on-premise deployment. These findings
highlight the difficulty of reasoning over cul-
tural collections and provide a practical bench-
mark for developing more culturally grounded
and reliable Al systems. The full project
is released at https://github.com/mengze-
hong/ExhibitionBench.

1 Introduction

In conjunction with International Museum Day
2026, Al assistants such as Yuanbao and Doubao in-
troduced museum-oriented features to help tourists
better understand cultural artifacts. Unlike conven-
tional tourism applications, which primarily focus
on attraction search, itinerary planning, and travel
question answering (Chen et al., 2026; Huang et al.,
2026), museum assistance poses a fundamentally
different challenge centered on cultural understand-
ing and reasoning (Nayak et al., 2024). Effective
support requires more than retrieving isolated facts:

Al systems must connect artifacts through histori-
cal context, stylistic influences, thematic relation-
ships, and cultural significance, while understand-
ing the underlying curatorial narratives. Yet it re-
mains unclear whether LLMs possess the cultural
understanding and reasoning capabilities required
for museum assistant applications (Li et al., 2025).

Evaluating cultural understanding is challeng-
ing due to the scarcity of suitable datasets.
Compared to generic knowledge benchmarks
(Hong et al., 2025a) or task-oriented benchmarks
(Budzianowski et al., 2018), cultural QA queries
are rare in dialogue corpora, while large-scale
evaluation requires expert-annotated ground truth
(Ghaboura et al., 2025). In this paper, we address
this gap by shifting to a higher-level perspective,
exhibition curation, as a natural and demanding
testbed. Our underlying hypothesis is that an Al
capable of designing coherent exhibitions can
also coherently explain artifacts to users, thereby
serving as an effective museum assistant. Curation
requires art-historical knowledge, cultural sensi-
tivity, and narrative logic to assemble objects that
inform and engage audiences, posing challenges
beyond simple QA tasks and enabling a comprehen-
sive assessment of modern LLMs as knowledge-
able museum guides and tools for exhibition design.
Our contributions are as follows:

1. Benchmark Dataset: We release EXHIBI-
TIONBENCH, a multi-task benchmark for eval-
uating cultural reasoning in museum artifacts,
comprising 300 exhibition and thematic col-
lection records and 23,658 objects drawn
from five public cultural-heritage sources.
The benchmark defines three tasks: MEIP
(object selection), TES (exhibition ranking),
and ECD (coherence discrimination), which
jointly capture object-level retrieval, thematic
collection retrieval, and fine-grained coher-
ence understanding over cultural artifacts.
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Dataset / System

Curation Exhibition Cult. Bias Multi-Task Multi-Src Open LLM Open Data

MS MARCO (Bajaj et al., 2018) X
Spotify MPD (Chen et al., 2018) v
MIND (Wu et al., 2020) X
MealRec+ (Li et al., 2024) v
CulturalBench (Chiu et al., 2025) X
EXHIBITIONBENCH (ours) v

N X X X X X

NN X X X %
WX X X X %
WX X X X %
NN X X X %
AR NN

Table 1: Comparison with five representative retrieval and recommendation benchmarks across seven dimensions.
Curation denotes evaluation of a coherent set or bundle construction; Exhibition denotes exhibition-level evaluation;
Cult. Bias denotes explicit quantification of cultural bias; Multi-Src denotes multiple data sources.

2. Systematic Evaluations: We evaluate re-
trieval baselines, frontier LLMs, and open-
weight LMs under unified zero- and few-shot
settings, along with prompting and training-
based methods. Results are validated against
human curator judgments to ensure alignment
with real-world deployment.

3. Practical Insights: Results reveal significant
performance gaps. Frontier LLMs under-
perform strong retrieval baselines on MEIP
and exhibit limited thematic coherence, while
gains from prompting remain modest and
model-dependent. DPO fine-tuning consis-
tently improves smaller models, suggesting
promising paths for efficient model selection
and tailored optimization.

2 Related Work

Information retrieval. Retrieval and recommen-
dation have primarily focused on ranking individ-
ual items by relevance. Benchmarks such as DPR
(Karpukhin et al., 2020) and MS-MARCO (Ba-
jaj et al., 2018) evaluate passage retrieval, while
playlist continuation (Schedl et al., 2018) and
recipe completion (Bosselut et al., 2018) study se-
quential coherence. Fact-checking has been ex-
tensively studied to support tasks requiring strict
accuracy and reliability (Sun et al., 2026), while
knowledge base augmentation has emerged as an-
other promising direction for improving retrieval
accuracy (Hong et al., 2025b). However, exist-
ing evaluations and methodologies emphasize item-
level relevance or next-item prediction rather than
the coherence of an entire collection (see Table 1).
In contrast, exhibition curation requires selecting
and organizing multiple artifacts into a coherent
cultural narrative, emphasizing holistic cultural rea-
soning over individual item prediction.

Cultural understanding. Prior work has applied
deep learning to art analysis (Cetinic et al., 2019)

Source Records Objects Cultural focus
Met 43 1,221  Western, East Asian
Europeana 87 6,283  Cross-European
AIC 91 7,270  American, Western
CMA 33 4,339  East Asian, African
V&A 46 4,545  Japanese, Islamic, South Asian
Total 300 23,658
Table 2: Data sources and exhibition/thematic-

collection record statistics.

and multimodal models to cultural artifacts (Rad-
ford et al., 2021). More recently, researchers have
examined how LLMs acquire, represent, and rea-
son about cultural knowledge, as well as the biases
that emerge across cultural groups (Balauca et al.,
2025; Adilazuarda et al., 2024; Chiu et al., 2025).
While these studies primarily focus on the recog-
nition and interpretation of individual cultural ar-
tifacts, less attention has been paid to how models
reason about relationships among artifacts.

3 EXHIBITIONBENCH

3.1 Data Collection

Figure 1 gives an overview of the benchmark. EX-
HIBITIONBENCH integrates five public museum
and cultural-heritage collections released under
source-specific open-access terms, including CCO,
CC BY, and Europeana rights statements. For each
source, we fetch exhibition records via the public
API, normalize them to a shared schema, and retain
only exhibitions with at least 5 remaining objects
after basic quality checks. We unify per-object
metadata fields (such as title, date, culture,
department), assign coarse cultural groups by key-
word matching, and deduplicate objects by (source,
id) across exhibitions. This pipeline yields 300 ex-
hibitions and 23,658 unique objects (Table 2); de-
tailed API usage and filtering rules are documented
in Appendix A.
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Figure 1: Overview of EXHIBITIONBENCH: five museum APIs are unified into a shared object schema supporting

three evaluation tasks (MEIP, TES, ECD).

3.2 Task Definitions

We design EXHIBITIONBENCH to decompose cu-
ratorial competence across object, exhibition, and
collection-coherence decisions, allowing us to iden-
tify where systems fail and the implications for
museum assistants. Each task is anchored in docu-
mented decisions from real exhibitions. Automatic
metrics, therefore, measure agreement with profes-
sional curator choices as the ground-truth.

Masked Exhibition Item Prediction (MEIP).
Given an exhibition with one object removed, the
task is to identify the missing object from 10 can-
didates. Let ¢ = (01,...,0j-1,0j41,...,0p) de-
note the remaining context, and C = o* U N the
candidate set, where o* is the curator choice and N/
contains nine hard negatives. The negatives are top
BM25-retrieved objects from other records with
respect to theme 7., using title@®description.
This design tests collection-level fit among topi-
cally plausible objects rather than simple lexical
relevance. We report Hit@1 and MRR over 1,409
test cases; the released evaluator additionally com-
putes Hits@F for k € {3,5}. These metrics quan-
tify recovery of the recorded choice; an unmatched
alternative may remain curatorially plausible.

Theme-based Exhibition Selection (TES).
Given a thematic query 7 and 50 candidates
containing one ground-truth e* and 49 hard

negatives, systems rank exhibitions by thematic
fit. Titles, themes, and descriptions are hidden
to prevent direct lexical matching, requiring
relevance to be inferred from the exhibited objects.
For candidate pool P = ey,...,e5y, we report
NDCG@10 and MRR over 283 test cases.

Exhibition Coherence Discrimination (ECD).
Given an authentic exhibition e* and a perturbed
version e, the task is to identify the more curato-
rially coherent collection. Perturbations have four
diagnostic levels: L1 Temporal Anachronism (ob-
jects over 500 years from the exhibition mean),
L2 Cultural Drift (different cultural groups), L3
Thematic Deviation (topically related but curatori-
ally inconsistent BM25 negatives), and L4 Subtle
Incoherence (SBERT neighbors with stylistic or
provenance inconsistencies). L1, L2, and L4 re-
tain metadata or similarity cues, while L3 controls
topical overlap and more directly tests joint curato-
rial intent. We report per-level and macro pairwise
accuracy on 500 test cases (125 per level).

Overall, MEIP tests whether an object com-
pletes a collection, TES whether a collection ex-
presses a theme, and ECD whether it remains co-
herent under controlled perturbations. Together,
the three tasks assess complementary aspects of
collection-level reasoning.
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Model MEIP TES ECD
Hit@11t MRR1T | NDCG@101T MRRT | L1t L21 L31 L4171 Macro?
BM25 0.281 0.449 0.347 0.328 | 0.96 098 048 094 0.838
SBERT 0.780 0.859 0.282 0.255 | 0.60 0.67 047 0.62 0.588
RAG+KG (GPT-5.2) 0.853 0.911 0.282 0.255 | 0.62 0.67 048 0.60 0.593
GPT-5 0.483 0.599 0.077 0.082 | 0.84 082 052 0.85 0.756
GPT-5.1 0.502 0.615 0.406 0.255 | 093 095 058 0.88 0.836
GPT-5.2 0.510 0.619 0.387 0.231 | 0.84 0.87 058 0.81 0.774
Claude Sonnet 4.5 0.453 0.571 0.418 0.266 | 0.90 0.89 0.54 0.88 0.802
Claude Opus 4.5 0.498 0.609 0.409 0.257 | 092 088 056 0.83 0.798
Claude Opus 4.6 0.510 0.621 0.437 0.290 | 093 0.94 0.58 090 0.836
Gemini 2.5 Pro 0.503 0.615 0.407 0.254 | 094 098 058 094 0.860
Gemini 2.5 Flash 0.429 0.552 0.379 0334 | 0.79 081 054 079 0.732
Gemini 3 Flash 0.542 0.645 0.352 0.212 | 0.65 0.63 050 0.68 0.616
Gemini 3.1 Pro 0.589 0.685 0.408 0.283 | 098 098 058 0.98 0.876
DeepSeek-R1 0.391 0.529 0.343 0.226 | 049 049 047 050 0.486
DeepSeek-V3 0.484 0.598 0.390 0.240 | 0.82 090 0.63 0.85 0.800
DeepSeek-V3.2 0.475 0.594 0.382 0.225 | 0.62 0.78 059 0.75 0.686
Doubao-Seed-1.6 0.506 0.617 0.376 0.225 | 096 097 057 092 0.854
Doubao-Seed-2.0-Lite ~ 0.517 0.626 0.399 0.241 | 096 097 056 094 0.856
Doubao-Seed-2.0-Pro 0.539 0.642 0.410 0.256 | 097 098 0.53 094 0.852
Kimi-K2.5 0.369 0.506 0.119 0.125 | 049 053 045 053 0.498
GLM-5 0.227 0.392 0.076 0.081 | 0.64 0.62 046 0.64 0.588
MiniMax-M2.5 0.319 0.469 0.169 0.167 | 0.55 0.53 048 0.58 0.536
Open-weight models (local deployment)

Llama-3.1-8B 0.380 0.498 0.322 0.230 | 0.50 0.52 046 0.54 0.504
Llama-3.1-70B 0.582 0.663 0.437 0.306 | 0.62 0.66 050 0.68 0.618
Llama-3.3-70B 0.574 0.657 0.415 0.273 | 0.66 0.67 052 0.70 0.638
Qwen2.5-7B 0.226 0.375 0.156 0.113 | 042 045 047 0.60 0.484
Qwen3-8B 0.498 0.595 0.382 0.272 | 0.55 0.58 046 0.61 0.550
Qwen3-14B 0.482 0.581 0.376 0.253 | 059 053 048 0.59 0.548
Qwen2.5-72B 0.668 0.733 0.391 0.241 | 0.74 0.74 050 0.70 0.674

Table 3: Zero-shot results on all three tasks.

Bold+light amber shading

denote the best proprietary LLM;

bold+light blue shading denote the best open-weight model. Gray rows indicate non-LLM retrieval baselines.

4 Experimental Setup

We evaluate 29 systems spanning retrieval base-
lines, proprietary LLMs accessed via API, and lo-
cally deployed open-weight LLMs on a server with
8xH20 GPUs. SBERT (Reimers and Gurevych,
2019) uses cosine similarity over contextual em-
beddings, while RAG+KG augments prompts with
CIDOC-CRM triples that encode structured mu-
seum knowledge (e.g., artwork—period, artwork—
location) for entity grounding (Hu et al., 2025),
with GPT-5.2 serving as the inference model. Di-
rect zero-shot LLM evaluations use the same task-
specific templates (Appendix C), while RAG+KG
adds its documented retrieval context. Temperature
is set to 0 where supported. In TES, candidate ex-
hibitions are anonymized as EX_001-EX_050, with
titles, themes, and descriptions masked to prevent
lexical leakage. In ECD, we mitigate position bias
by randomly shuffling the order of positive and
negative options.

5 Experimental Results

5.1 MEIP Results

Table 3 shows that MEIP is challenging for LLMs.
Among frontier models, Gemini 3.1 Pro performs
best (MRR 0.685, Hit@1 0.589), followed by
Doubao-Seed-2.0-Pro (MRR 0.642). The Doubao-
Seed family consistently outperforms several GPT
and Claude variants, suggesting that strong reason-
ing and coding abilities on general benchmarks do
not necessarily translate into better performance
on cultural reasoning tasks. Although many LLMs
outperform BM25, all evaluated proprietary LLMs
remain below the stronger SBERT and RAG+KG
baselines on this task, indicating that pretrained
knowledge alone is insufficient to reliably select
the best-aligned item.

Manual inspections show that most MEIP errors
are systematic and fall into two categories. First,
models select objects that are semantically similar
to the ground truth but lack curatorial coherence
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Model Temp. Cult. Style Sem.O. Pop.B.
BM25 17.6% 28.0% 1.1% 324%  20.9%
SBERT 150% 233% 0.0% 412% 20.5%
GPT-5.2 0-shot 72% 18.6% 1.0%  46.0% 27.2%
GPT-5.2 few-shot ~ 9.0% 238% 08%  40.5% 25.9%
Gemini-2.5-Pro 68% 179% 09%  471% 27.3%
RAG+KG 10.6% 24.0% 0.0% 39.8%  25.6%

Table 4: Error type distribution (normalised per model).
Sem.O. = Semantic Overlap; Pop.B. = Popularity Bias.

with the exhibition narrative, failing to support its
structure, contrasts, or progression. Second, a pop-
ularity bias emerges, with models favoring famous
or visually iconic works over less prominent yet
better-fitting alternatives. The error distribution in
Table 4 confirms these patterns: semantic overlap is
the dominant LLM failure mode (40.5%-47.1%),
followed by popularity bias (25.9%-27.3%), while
retrieval baselines exhibit more temporal and cul-
tural mismatches. This contrast suggests that LLM
errors often arise after identifying a topically plau-
sible object, at the point where collection-level fit
must be distinguished from item-level similarity,
producing recommendations that appear plausible
in isolation but undermine the overall coherence.

5.2 TES Results

On TES, where models must identify the correct
exhibition from a thematic query, performance
drops sharply relative to MEIP, revealing a major
weakness in exhibition-level reasoning. No sys-
tem exceeds 0.50 on either NDCG@ 10 or MRR,
and several score below 0.20. These results indi-
cate that retrieving individually relevant objects
is substantially easier than inferring the unifying
curatorial theme of an exhibition. When explicit
lexical cues are removed, models struggle to con-
nect objects into a coherent narrative, suggesting
limited ability to reason over collections as struc-
tured cultural entities rather than sets of related
artifacts. This gap has practical implications for
recommendation and discovery scenarios, such as
“I like this exhibition, can you recommend simi-
lar ones”, where users expect systems to preserve
thematic intent and curatorial logic.

5.3 ECD Results

For ECD, which distinguishes an original exhi-
bition from a perturbed variant, Gemini 3.1 Pro
achieves the strongest overall performance. How-
ever, the macro score combines qualitatively dif-
ferent levels. At L1, L2, and L4, lexical and struc-

Model Western Asian Islamic Aw_nw
Gemini 2.5 Flash 0.511 0.689  0.511 —0.089
Gemini 2.5 Pro 0.467 0.667  0.556 —0.145
Gemini 3 Flash 0.533 0.533  0.400 +0.067
Gemini 3.1 Pro 0.578 0.711  0.556 —0.055
GPT-5.2 0.489 0.578  0.556 —0.078
Doubao-2.0-Lite 0.511 0.622  0.578 —0.089

Table 5: Cultural variation: Hit@1 by group on MEIP.

tured metadata provide informative signals, allow-
ing BM25 to reach 0.94-0.98 accuracy. L3 instead
uses intra-theme distractors that share surface vo-
cabulary with the target exhibition. Here, BM25
obtains 0.48; many proprietary LLMs score only
0.52-0.63, while several others remain at or below
the 0.50 random baseline. Thus, ECD diagnoses
when surface evidence is sufficient and isolates
a harder collection-level coherence problem that
remains unsolved.

5.4 Open-weight Models

Among open-weight models, Qwen2.5-72B
achieves the strongest overall performance, nar-
rowing the gap to frontier systems on object-level
retrieval, though a performance gap remains in
coherence-sensitive tasks. On TES, Llama-3.1-
70B matches Claude Opus 4.6 with NDCG@10
0.437. In contrast, smaller open-weight models
such as Llama-3.1-8B and Qwen2.5-7B perform
significantly worse across tasks. An exception
is Qwen3-8B, which outperforms several larger
proprietary models, suggesting that smaller,
deployable models can potentially serve as viable
components in on-premise museum applications,
particularly when fine-tuned with domain-specific
training data (see Section 6).

5.5 Cultural Performance Variation

We measure performance variation across cultural
groups using per-group Hit@1 on MEIP, and de-
fine Aw_nNw as the difference between Western
performance and the weighted mean of Asian and
Islamic performance. To ensure comparability, we
sample a balanced subset with n=45 queries per
group. As shown in Table 5, five of the six evalu-
ated models have negative Aw _nw on this subset,
indicating higher average performance on the sam-
pled Asian and Islamic groups than on the Western
group. This limited comparison measures perfor-
mance variation and should not be interpreted as
evidence for or against broader cultural bias.
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Model 0-shot 1-shot 3-shot Apest
GPT-5.2 0.619 0.623 0.624 +0.005
Claude Opus 4.6 0.621  0.629 0.631 +0.010
Gemini 2.5 Pro 0.615 0.635 0.640 +0.025
DeepSeek-V3.2 0.594 0.608 0.601 +0.014
Gemini 3.1 Pro 0.685 0.694 0.685 +0.009

Table 6: MEIP MRR under different few-shot prompt
settings. Ay is the improvement over 0-shot.

MEIP MRR ECD Macro

== Standard == Standard
0.65 - £ CoT 0.9 - [z CoT

d d g
GPT-5.2 Claude  Gemini DeepSeek
Opus 4.6 2.5 Pro V3.2

d g d d
GPT-5.2 Claude Gemini DeepSeek
Opus 4.6 2.5 Pro V3.2

Figure 2: Zero-shot vs. CoT prompting (hatched bar).

Model Hitel MRR NDCG@10 ECD Macro
Qwen2.5-7B 0.226 0.375 0.156 0.484

+ DPO 0.312 0.448 0.213 0.518

A +0.086  +0.073 +0.057 +0.034
Llama-3.1-8B  0.380 0.498 0.322 0.504

+ DPO 0.461 0.564 0.375 0.536

A +0.081  +0.066 +0.053 +0.032

Table 7: Effect of DPO fine-tuning with LoRA adapters
on two open-weight models.

6 Discussion

6.1 Effect of Prompting and Model Training

Few-shot prompting yields modest and highly
model-dependent gains on MEIP: Gemini-2.5-Pro
benefits most, while GPT-5.2 shows nearly no
change. Chain-of-thought prompting provides no
consistent benefit, substantially reducing MEIP
performance for several models while changing
GPT-5.2 only slightly, suggesting that unguided,
verbose reasoning is not reliably helpful for cul-
tural retrieval and decision-making in this setting.
We further apply DPO with LoRA adapters (rank
64, a=128, learning rate 2x10~°, 3 epochs) using
2,400 preference pairs constructed from MEIP. Ta-
ble 7 shows consistent gains for both Qwen2.5-7B
and Llama-3.1-8B across all three tasks, with the
Llama model improving by 0.081 Hit@1, 0.066
MRR, 0.053 NDCG@10, and 0.032 ECD Macro.
These results provide initial cross-architecture ev-
idence that preference optimization can improve
compact open-weight models, although broader
validation across model families remains necessary.

Model MRR Hit@1
Text  +Image A Text  +Image A

GPT-5.2 0.634  0.617  -0.018 | 0.528  0.509  -0.018
Gemini 2.5 Pro 0.632  0.648  +0.016 | 0.524 0545  +0.021
Gemini 2.5 Flash 0552 0592 +0.039 | 0429 0479  +0.050
Doubao Seed 2.0 Pro  0.642  0.639  -0.003 | 0.539  0.538  -0.002
GPT-5.1 0.615  0.619  +0.004 | 0.502  0.509  +0.007
DeepSeek-V3.2 0.594 0571 -0.022 | 0475 0449  -0.027

Table 8: Effect of image inputs on MEIP performance.

@ Frontier API

0.7501 B Open-weight

. Qwen2.5-72B
0.725 -

0.700 -

E @ Gemini 3.1 Pro
s 0.675
= g Llama-3.3-708
W 0.650 oubaes 0.
= . oubao-2.0-Pro

0.625 - o Claude Opus 4.6

GPT-5.2
0.600 - ) DeepSeek-V3 Qwen3-8B

0.575 -
0 10 20 30 40 50 60
Avg. latency (s/call)

Figure 3: Accuracy-latency trade-off.

6.2 Effect of Image Input

We evaluate whether artwork images improve
MEIP performance by comparing paired text-only
and text+image inputs for six frontier models on a
subset of test instances. As shown in Table 8, image
augmentation yields negligible overall gains (av-
erage MRR +0.003), with only Gemini 2.5 Flash
showing a notable improvement (+0.039). Struc-
tured records already encode necessary information
such as titles, dates, and cultural origins, leaving
images largely complementary when metadata is
complete. This suggests that museums with well-
maintained catalogs may obtain comparable perfor-
mance from text-only systems while avoiding the
additional cost of vision-enabled inference.

6.3 Deployment Efficiency

Figure 3 reports latency and performance on MEIP.
Latency is measured as the average client-side
wall-clock time per request, using API endpoints
for proprietary models and local inference for
open-weight models. The results highlight a clear
trade-off between speed and accuracy, with locally
deployed Qwen-2.5-72B offering the strongest
accuracy-latency trade-off among the evaluated
open models. For hosted/API models in the re-
leased deployment summary, estimated costs range
from USD 0.33 to 28.75 per 1,000 decisions;
across the released zero-shot MEIP runs, average
request latency ranges from 3.0 to 97.7 seconds. At
16-bit precision, model weights for 7B—8B models
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MEIP TES ECD
Model Plaus. Acc.% Plaus. Acc.% Plaus. Acc.%
GPT-5.2 34 58 3.1 51 35 61
Claude Opus 4.6 3.7 63 34 56 3.8 65
Gemini 3.1 Pro 3.8 67 32 53 4.0 69

Human upper bound 4.6 91 4.3 85 4.4 88

Table 9: Human evaluation: mean curatorial plausibility
(1 to 5) and majority-vote acceptability (%) per task.

require approximately 14-16 GB of GPU mem-
ory, compared with approximately 140 GB for
70B models, excluding runtime overhead. These
trade-offs are particularly important for institutions
that require on-premise inference to meet data-
sovereignty requirements.

6.4 Human Alignment

Three expert museum curators independently eval-
uated LLLM outputs on 50-sample subsets per task,
rating curatorial plausibility on a 1-5 Likert scale
and deriving binary acceptability via majority vote.
Inter-annotator agreement is moderate (o = 0.61).
On MEIP, the ordering of the three evaluated mod-
els by acceptability (58%, 63%, and 67%) matches
their ordering by MRR (0.619, 0.621, and 0.685).
This supports the reference-based protocol while
recognizing that alternatives to the original cura-
tor’s choice can remain plausible.

Multiple plausible choices. MEIP and TES use
documented curator decisions as references be-
cause the primary objective is to measure whether
models recover real institutional choices. The met-
rics, therefore, measure agreement with those de-
cisions rather than the validity of every possible
alternative. This distinction is especially important
for TES: NDCG@10 evaluates the full ranking
against the curator reference, whereas the human-
validated subset assesses top-1 plausibility. Fron-
tier models achieve 0.94-1.00 Hit@1 on this subset
despite lower full-benchmark NDCG @10, indicat-
ing that part of the mismatch arises from the stricter
reference-ranking objective rather than uniformly
implausible predictions.

To further interpret these results, two additional
expert curators completed all three tasks, which
we use to estimate an expert upper bound. This
upper bound provides a reference point for human-
level performance, against which LLM outputs still
lag. The gap suggests that, despite progress, cur-
rent models still fall short of fully replacing expert
curatorial judgment in exhibition curation.

C1: Institution split C2: Title masking

Model Met Non-M. Gap | Full Masked Drop%
GPT-5.2 0.723 0.847 —0.124 | 0.669 0478  28.6%
Claude Opus 4.6 0.744 0.889 —0.145 | 0.730 0.530 27.4%
Gemini 2.5 Pro  0.741 0.826 —0.085 | 0.692 0.505  27.0%
Doubao-Seed-2.0 0.736 0.856 —0.120 | 0.674 0.500 25.9%
DeepSeek-V3.2  0.775 0.728 40.047 | 0.640 0.449  29.9%
Gemini 2.5 Flash  0.669 0.649 +0.021 | 0.576 0415  27.9%

Table 10: Contamination ablations. C1: Met vs. non-
Met MRR gap. C2: MRR with vs. without object titles.

6.5 Memorization and Surface Cues

Because EXHIBITIONBENCH is constructed from
public museum records, we probe potential memo-
rization using an institution split and title masking.
Table 10 shows MRR drops of 25.9%-29.9% when
object names are masked, indicating substantial re-
liance on names or associated lexical cues. This
analysis does not rule out memorization, but the re-
maining performance shows that titles do not fully
account for model behavior. We therefore treat title
masking as a conservative supplementary protocol
rather than a definitive contamination test.

7 Conclusion

We introduced EXHIBITIONBENCH, a large-scale
benchmark that evaluates cultural understanding
through exhibition curation, spanning object re-
trieval, exhibition selection, and coherence discrim-
ination. Extensive evaluation verifies the perfor-
mance gaps and motivates continued model im-
provement and task-specific optimization for down-
stream museum applications. Frontier LLMs re-
main substantially below expert-level capability on
collection-level reasoning and curatorial coherence.
Scaling, prompting, multimodal inputs, and knowlI-
edge grounding yield heterogeneous gains, while
lightweight adaptation consistently improves two
compact open-weight models. Practically, these
findings support benchmark-guided model selec-
tion that jointly considers capability, latency, cost,
and data-sovereignty requirements. They also indi-
cate that current systems are better suited to assist-
ing, rather than replacing, professional curators in
cultural design. Because reference-based scores do
not capture every plausible choice and title cues ex-
plain part of the model performance, EXHIBITION-
BENCH should be used as a diagnostic capability
test rather than deployment certification. Future
work should add institutions and cultural traditions,
develop curator-adjudicated evaluation, test multi-
modal models with sparse metadata, and conduct
visitor-facing user studies.
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Limitations

The paper has several limitations. First, although
preference fine-tuning improves two model archi-
tectures, broader validation across model families
and scales is needed. Second, reference-based met-
rics do not exhaustively represent all plausible cura-
tor choices, particularly for MEIP and TES. Third,
the benchmark is largely text-centric and only indi-
rectly captures visual aspects such as iconography,
color, and texture. Fourth, the five public museums
and cultural heritage sources do not establish gen-
eralizations to institutions with different cataloging
practices or to cultural domains outside museums.
Finally, the benchmark does not measure visitor
experience or downstream behavioral outcomes.
Visitor-facing validation requires institutional part-
nerships, ethics approval, participant recruitment,
and in-situ evaluation.
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A Data Collection Algorithm

Algorithm 1 summarizes the data collection and
task-specific filtering procedure used to construct
the final aligned benchmark dataset from institu-
tional exhibition records, thematic collection meta-
data, and associated object metadata.

B Evaluation Metrics

This appendix defines the evaluation metrics used
across the three benchmark tasks.

3822


https://doi.org/10.18653/v1/2025.findings-acl.1211
https://doi.org/10.18653/v1/2025.findings-acl.1211
https://doi.org/10.18653/v1/2025.findings-acl.1211
https://doi.org/10.18653/v1/2025.emnlp-main.303
https://doi.org/10.18653/v1/2025.emnlp-main.303
https://doi.org/10.18653/v1/2025.emnlp-main.303
https://doi.org/10.18653/v1/2025.emnlp-industry.51
https://doi.org/10.18653/v1/2025.emnlp-industry.51
https://doi.org/10.18653/v1/2025.emnlp-industry.51
https://doi.org/10.18653/v1/2025.acl-long.770
https://doi.org/10.18653/v1/2025.acl-long.770
https://doi.org/10.18653/v1/2025.acl-long.770
https://doi.org/10.1016/j.tourman.2025.105315
https://doi.org/10.1016/j.tourman.2025.105315
https://doi.org/10.1016/j.tourman.2025.105315
https://doi.org/10.18653/v1/2020.emnlp-main.550
https://doi.org/10.18653/v1/2020.emnlp-main.550
https://doi.org/10.1145/3626772.3657857
https://doi.org/10.1145/3626772.3657857
https://doi.org/10.1145/3626772.3657857
https://doi.org/10.1109/IJCNN64981.2025.11227929
https://doi.org/10.1109/IJCNN64981.2025.11227929
https://doi.org/10.1109/IJCNN64981.2025.11227929
https://doi.org/10.18653/v1/2024.emnlp-main.329
https://doi.org/10.18653/v1/2024.emnlp-main.329
https://proceedings.mlr.press/v139/radford21a.html
https://proceedings.mlr.press/v139/radford21a.html
https://proceedings.mlr.press/v139/radford21a.html
https://doi.org/10.18653/v1/D19-1410
https://doi.org/10.18653/v1/D19-1410
https://doi.org/10.18653/v1/D19-1410
https://arxiv.org/abs/2606.01120
https://arxiv.org/abs/2606.01120
https://arxiv.org/abs/2606.01120
https://doi.org/10.18653/v1/2020.acl-main.331
https://doi.org/10.18653/v1/2020.acl-main.331

Algorithm 1 Data collection and filtering

Require: Institutional exhibition records £, thematic collec-
tion metadata 7, object metadata APIs/datasets
Ensure: Aligned benchmark dataset D
1: D+ 0
2: for all source s € {Met, Europeana, AIC, CMA, V&A}
do
3: Normalize institutional records £s and thematic
records T
4: for all record e € £, U T do
5: Fetch or link object metadata for items associated

with e

6 for all object o associated with e do

7 if o lacks a usable identifier or title then

8: Remove o from e

9: end if

10 end for

11: Add normalized record e and its valid objects to
D

12: end for

13: end for

14: Deduplicate objects by (source, id) across records

15: Apply task-specific eligibility and context-size filters
when constructing MEIP, TES, and ECD

16: return D

MEIP Metrics. For each test case, the model
selects one object from the 10 candidates. To pre-
serve the released evaluation pipeline used for the
reported results, the selected object is placed first,
and the unselected candidates retain their released
input order; let r; denote the resulting position of
the ground-truth object in case . Thus, the prompt
is a single-choice interface, while the metrics be-
low are computed from the deterministic ranking
induced by that choice. Successfully parsed pre-
dictions are scored without changing the released
candidate order or any reported values.

1. Hit@1: proportion of cases where the ground-
truth object is ranked first,

N
, 1
Hit01 = 2 1(r; =1).
1=

2. Hits@Fk: whether the ground-truth object ap-
pears within the top-k positions,

N
_ 1
Hits@k = — z; 1(r; < k),

3. MRR: mean reciprocal rank of the ground-
truth object,

1L
MRR = — S —.

k€ {3,5}.

TES Metrics. For each thematic query, the
model returns the top 10 anonymous exhibition
IDs from a pool of 50 candidates. The released
parser preserves the returned order and appends
any unmentioned candidates in their released input
order, yielding a deterministic complete ranking
for scoring; unparseable responses are not scored.
Each released case has one ground-truth exhibition.
Let rel; € {0, 1} indicate whether the exhibition
at rank position j is that reference, and let r; be its
position in the completed ranking.

1. Precision@Fk (P@k):
k

1
PQk = z Zrelj.

j=1
2. Hits@1: proportion of queries where the rele-

vant exhibition is ranked first,
N

) 1
Hits@1 = N Z 1(r; =1),
=1
where r; is the rank of the relevant exhibition.

3. NDCG@10:
10 rel;
DCGaln =S — 4
; logy(j +1)
DCGQ10
ND 100 = ————.
cGalo IDCGQ10

4. MRR (reported by the released evaluator):

1 L1
MRR = — Y =

This documents the existing computation and
does not alter any reported result.

ECD Metrics. The ECD task is a pairwise binary
classification problem with randomized option or-
der, ground-truth label y;, and prediction ;; the
released set contains 125 pairs at each difficulty
level.

1. Accuracy per difficulty level:
Ny

1
Accg = — Y " 1(y; = ).
CCy N, — (yz yz)

2. Macro Accuracy:

4
MacroAcc = H Z Accy.
4 (=1
Macro averaging prevents performance on eas-
ier levels from dominating the overall score.
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C Prompt Templates

C.1 MEIP Zero-Shot Prompt

You are assisting a museum curator. Given
an exhibition theme and some context objects
already selected, identify which ONE candidate
object best fits the exhibition and should be
added next.

Exhibition theme: {theme}

Context objects already in exhibition:
{context_objects}

Candidate objects (choose the best fit):
{candidate_list}

Reply with ONLY the ID of the best-fitting
candidate object (e.g., met_123456).

C.2 TES Zero-Shot Prompt (anonymized,
leak-free)

You are a museum curator selecting an
exhibition. Given a thematic query, rank the
provided exhibition candidates from most to
least relevant.

Query theme: {theme}

Query description: {description}

Exhibition candidates (each identified by an
anonymous ID; judge solely by the artworks
inside):

{candidate_list}

Return ONLY the anonymous IDs of the top 10
most relevant exhibitions, in order from best
to worst.

Format: EX_001, EX_002, EX_003,
(comma-separated)

C.3 ECD Zero-Shot Prompt

You are a museum curator evaluating exhibition
coherence.

Exhibition theme: {theme}

Two exhibition sequences are shown below. One
is the ORIGINAL coherent sequence; the other
has been DISRUPTED by swapping one item.
Sequence A: {sequence_a}

Sequence B: {sequence_b}

Which sequence is more coherent and fits the
exhibition theme better?

Reply with ONLY “A” or “B”.

D Additional Ablations

Metadata and input design. Ablations over six
cumulative metadata configurations (see Figure 4)
show that adding department and description fields
produces the largest average incremental gains
across the four evaluated models. Adding fields
is not uniformly beneficial at every step: for ex-
ample, medium slightly hurts some models. Using
titles alone already recovers most of the perfor-
mance achieved with full metadata for models such
as GPT-5.2.

0.70 -

MEIP MRR

-~ Claude Opus 4.6
== Gemini 2.5 Pro
~@- DeepSeek-V3.2
== Mean

0.50 -

i i i i ! i

LO L1 L2 L3 L4 L5

title +date +cult. +med. +dept +desc
Metadata level

Figure 4: Effect of metadata richness on MEIP MRR.
Each level adds one field: LO title only, L1 adds date,
L2 culture, L3 medium, L4 department, L5 description.

Model 0-shot 1-shot 3-shot
Claude Opus 4.6 0.437 0.438 0.436
Claude Sonnet 4.5 0.418 0414 0.408
Claude Opus 4.5 0.409 0.409 0.409
Gemini 2.5 Flash 0.379 0.428 0.393
Gemini 2.5 Pro 0.407 0417 0413

Gemini 3 Pro Preview 0.405 0.415 0.396
Gemini 3 Flash Preview  0.352  0.352  0.353
Gemini 3.1 Pro Preview  0.408 0.402 0.404

GPT-5.1 0.406 0.399 0.406
GPT-5.2 0.387 0.388  0.389
GPT-5 0.077 0.078 0.076
DeepSeek-R1 0.343 0394 0.387
DeepSeek-V3.2 0382 0391 0.385
DeepSeek-V3 0.390 0373  0.390

Doubao-Seed-2.0-Pro 0.410 0400 0.403
Doubao-Seed-2.0-Lite 0.399 0.390 0.398

Doubao-Seed-1.6 0376  0.389 0.385
Kimi-K2.5 0.119 0.109 0.112
GLM-5 0.076  0.148  0.161
MiniMax-M2.5 0.169 0.197 0.181

Table 11: TES NDCG@10 (leak-free protocol) across
shot counts. Bold = best per model.

E TES Few-Shot Results (20 Models with
Available Runs)

Table 11 reports NDCG@10 for the 20 models
with available 0-shot, 1-shot, and 3-shot runs un-
der the anonymized, leak-free TES protocol. This
auxiliary set is defined by few-shot result availabil-
ity and is not identical to the zero-shot main-table
model list. Effects are highly model-dependent:
several models change by at most about 2 pp,
whereas Gemini 2.5 Flash, DeepSeek-R1, GLM-
5, and MiniMax-M2.5 improve by approximately
2.8-8.5 pp at their best setting. Kimi-K2.5 declines
slightly, showing that examples do not provide con-
sistent gains in the 50-way ranking format.
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Task Case Test Input Snap- Model Input (Prompt Gold Logged Model Out- Evaluation / What It
shot Core) put Shows

MEIP M1 (good) Theme: Dutch  Single-step completion: met_437877 status=ok, Exact-match correct.

meip_0016 Masters choose 1 ID from 10 raw=met_437877, Demonstrates  strict ID-

Context starts with ~ candidates parsed=met_437877  based scoring path.
Interior of the
Sint-Pieterskerk...,
A Woman Seated at
a Window

MEIP M2 (bad) Theme: Dutch Mas- Same 10-way completion met_436085 status=invalid_outpuWrong ID + parser-level in-

meip_0018 ters format raw=met_436524, validation recorded.

Context starts with parsed=met_436524  Shows output-format and
The Golden Age, ID-fidelity failure.
Kitchen Scene

TES T1 (good) Theme:  Impres- Rank anonymous exhi- Reference exhibi- Valid illustrative ~ Reference ranked first.
sionism bitions EX_001-EX_050 tion: output begins: Shows the final exhibition-
50 candidate exhibi- from their artworks; EX_002 EX_002, EX_006, ranking interface and
tions return top 10 EX_017,... anonymous-ID  scoring

(10 unique IDs total) path.

TES T2 (bad) Theme: Dutch Mas- Same anonymous top-10 Reference exhibi- Illustrative output Reference not recovered in
ters exhibition-ranking format  tion: omits EX_022 from its  the returned list.
50 candidate exhibi- EX_022 top 10 Shows a thematic-ranking
tions miss under the final proto-

col.

ECD E1 (good) Theme: Indian Tex- Binary  discrimination: A status=ok, Correct pairwise decision.
tiles and Decorative  choose A or B raw=A, parsed=A, Shows a correct decision on
Arts is_correct=True a hard theme-matched per-
Perturbation level: turbation.
L3

ECD E2 (bad) Theme: Nordic Same A/B coherence B status=ok, ‘Wrong binary choice.
Mythology Art choice raw=A, parsed=A, Shows local-coherence trap

Perturbation level:
L2

is_correct=False

under cultural-drift pertur-
bation.

Table 12: Case studies and protocol examples. MEIP and ECD rows report logged model inputs and outputs,
while TES rows illustrate the released 50-candidate anonymous-exhibition ranking protocol without introducing
additional experimental results.

F Case Studies

The MEIP and ECD cases below use real sample
IDs and logged model outputs. The TES rows
use released final-protocol samples to illustrate
the anonymous 50-exhibition ranking interface and
valid top-10 output format; they are protocol exam-
ples rather than additional quantitative results.
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