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Abstract

Vision-Language Models (VLMs) are increas-
ingly applied to cultural heritage materials,
from digital archives to educational platforms.
This work identifies a fundamental issue in how
these models interpret historical artifacts. We
define this phenomenon as cultural anachro-
nism, the tendency to misinterpret historical ob-
jects using temporally inappropriate concepts,
materials, or cultural frameworks. To quantify
this phenomenon, we introduce the Temporal
Anachronism Benchmark for Vision-Language
Models (TAB-VLM), a dataset of 600 ques-
tions across six categories, designed to evaluate
temporal reasoning on 1,600 Indian cultural
artifacts spanning prehistoric to modern peri-
ods. Systematic evaluations of ten state-of-the-
art models reveal significant deficiencies on
our benchmark, and even the best model (GPT-
5.2) achieves only 58.7% overall accuracy. The
performance gap persists across varying archi-
tectures and scales, suggesting that cultural
anachronism represents a significant limitation
in visual Al systems, regardless of model size.
These findings highlight the disparity between
current VLM capabilities and the requirements
for accurately interpreting cultural heritage ma-
terials, particularly for non-Western visual cul-
tures underrepresented in training data. Our
benchmark provides a foundation for enhanc-
ing temporal cognition in multimodal Al sys-
tems that interact with historical artifacts. The
dataset and code are available in our project

page.
1 Introduction

Vision Language Models (VLMs) have demon-
strated impressive capabilities in understanding vi-
sual content across diverse domains, from natural
scene analysis to medical imaging (Radford et al.,
2021; Yu et al., 2022; Liu et al., 2023b, 2024; Bai
et al., 2025; Li et al., 2025; Liu et al., 2025). Re-
cently, their integration into cultural heritage appli-
cations has accelerated rapidly, with deployments

spanning digital museum collections, educational
platforms, and automated cataloging systems (Li
et al., 2024a; Hwang et al., 2025; Trichopoulos,
2023; Arnold and Tilton, 2024; Ghaboura et al.,
2025). However, as these models increasingly me-
diate between the public and cultural artifacts, we
identify a critical gap: their tendency to interpret
historical artifacts through inappropriate tempo-
ral lenses, a phenomenon we define as cultural
anachronism.

Cultural anachronism in VLMs represents the
systematic misattribution of concepts, techniques,
materials, or interpretive frameworks to artifacts
from time periods where they did not exist or were
not culturally relevant. For example, when a VLM
describes a sculpture from the 3rd century BCE
using artistic vocabulary that emerged in 19th cen-
tury European contexts, attributes manufacturing
techniques to ancient pottery that were only devel-
oped millennia later, or interprets religious iconog-
raphy through contemporary rather than period-
appropriate symbolic frameworks (Liang et al.,
2022; Bhatia et al., 2024; Gallegos et al., 2024;
Ko et al., 2023). Such temporal-conceptual dis-
placement poses a significant challenges for appli-
cations in museum digitization, educational tech-
nologies, and cultural heritage preservation, where
accuracy in historical representation is paramount
(Siliutina et al., 2024; Hwang et al., 2025; Tri-
chopoulos, 2023; Arnold and Tilton, 2024). Unlike
general object recognition errors that may cause mi-
nor inconveniences, anachronistic interpretations
fundamentally misrepresent the cultural and histor-
ical significance of artifacts, potentially reinforcing
colonial or contemporary biases in historical nar-
ratives and undermining the integrity of cultural
heritage documentation (Birhane et al., 2021; Thyl-
strup, 2022).

The challenge of temporal reasoning in VLMs
extends beyond simple date recognition to encom-
pass complex understanding of technological evo-
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lution, artistic development, and cultural context
across historical periods. While existing bench-
marks evaluate VLMs on contemporary visual un-
derstanding tasks (Li et al., 2025; Chang et al.,
2024), none systematically assess their ability to
maintain temporal coherence when interpreting his-
torical materials. This gap is particularly substan-
tial given the increasing reliance on Al systems
for cultural heritage applications, where the stakes
of misinterpretation extend far beyond technical
performance metrics to encompass cultural repre-
sentation, educational accuracy, and preservation of
historical knowledge. The problem is compounded
by the fact that VLMs are predominantly trained
on contemporary visual data, creating inherent bi-
ases toward modern interpretive frameworks when
encountering historical artifacts.

To address this gap, we introduce the Tempo-
ral Anachronism Benchmark for Vision—Language
Models (TAB-VLM), a comprehensive dataset
comprising 600 carefully curated questions across
six distinct evaluation categories, utilizing 1,600
artifacts spanning prehistoric to modern Indian his-
tory. Figure 1 provides an overview of the artifact
collection and curation pipeline used to construct
TAB-VLM. Our benchmark specifically targets the
temporal reasoning capabilities required for accu-
rate historical artifact interpretation, including pe-
riod attribution, chronological sequencing, anachro-
nism detection, manufacturing technique identifica-
tion, material availability assessment, and cultural
context understanding. The selection of Indian cul-
tural heritage as our focus domain provides several
advantages: it encompasses a vast temporal range
from prehistoric Indus Valley artifacts to contem-
porary works, represents diverse artistic traditions
and technological developments, and offers rich
documentation that enables precise temporal cate-
gorization while highlighting the global importance
of non-Western cultural heritage in Al evaluation
frameworks.

Our systematic evaluation approach addresses
three fundamental research questions that illumi-
nate the scope and nature of cultural anachronism
in current VLMs:

1. RQ1: To what extent do current state-of-the-
art VLMs exhibit cultural anachronism when
interpreting historical artifacts, and does this
vary across models of different architectures
and scales?

2. RQ2: Which aspects of temporal reason-

ing (e.g., chronological ordering, manufac-
turing technique identification, material ap-
propriateness) present the greatest challenges
for VLMs, and what patterns emerge in their
anachronistic interpretations?

3. RQ3: How does performance on temporal
reasoning tasks correlate with general visual
understanding abilities, and what implications
does this have for the development of VLMs
that avoid cultural anachronism?

We evaluate ten state-of-the-art models includ-
ing both proprietary models (GPT-5.2 (OpenAl,
2025b), GPT-40 (Hurst et al., 2024), GPT-4o-
mini (Hurst et al., 2024)) and leading open-
source alternatives (Qwen2-VL (Wang et al., 2024),
Qwen2.5-VL (Bai et al., 2025), InternVL3 (Zhu
et al., 2025) series) on our benchmark, and provide
the first quantitative characterization of cultural
anachronism prevalence and patterns in VLMs.
Our findings reveal limitations in the historical
reasoning capabilities of current models despite
their demonstrated proficiency in general visual un-
derstanding tasks, with implications extending be-
yond technical performance to encompass broader
questions of cultural competence, responsible Al
deployment, and the preservation of accurate histor-
ical knowledge in digital contexts. This work estab-
lishes cultural anachronism as a notable evaluation
dimension for multimodal Al systems and provides
a foundation for developing more temporally-aware
and culturally sensitive VLMs.

2 Related Work

Temporal reasoning remains a persistent chal-
lenge for AI systems, with benchmarks like
TRAM (Wang and Zhao, 2023), Test-of-
Time (Fatemi et al., 2024), Temporal VQA (Imam
et al., 2025), SpookyBench (Upadhyay et al.,
2025) and TimeBench (Chu et al., 2023) revealing
consistent deficiencies in time-based understanding
despite advances in model architecture (Jain et al.,
2023). Recent approaches including self-critique
methods (Su et al., 2024), explainable frameworks
(Yuan et al., 2024), video-based temporal rea-
soning (Ko et al., 2023; Chen et al., 2024), and
multimodal temporal-causal evaluation (Wang
et al., 2025; Padlewski et al., 2024) show only
modest improvements, with models particularly
struggling to maintain period-appropriate per-
spectives (Underwood et al., 2025). Cultural
understanding presents parallel challenges, with
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Figure 1: Data collection and processing pipeline showing systematic reduction from 220,000 initial artifacts to
1,600 curated items through expert validation and balanced selection.

research revealing significant gaps in models’
cultural knowledge (Li et al., 2024a; Rao et al.,
2024; Chiu et al., 2024; Liu et al., 2023a; Hwang
et al., 2023), particularly for non-Western tradi-
tions and across temporal contexts. Multimodal
evaluations (Nayak et al., 2024; Liu et al., 2025;
Kannen et al., 2024) demonstrate frequent cultural
inaccuracies in VLMs, while frameworks for
cross-cultural alignment (Kharchenko et al., 2024;
Li et al., 2024b; Fung et al., 2024) remain limited
in addressing temporal evolution of cultural
expressions.

The intersection of temporal and cultural reason-

ing becomes important in cultural heritage appli-
cations, where Al systems must navigate both his-
torical context and cultural representation. While
classification systems for cultural heritage (Hwang
et al., 2025) and heritage search interfaces (Tri-
chopoulos, 2023; Arnold and Tilton, 2024) show
promise, they struggle with temporal nuance and
dynamic cultural evolution (Adilazuarda et al.,
2024). Recent benchmarks for historical artifacts
(Ghaboura et al., 2025) begin addressing these chal-
lenges, but they do not explicitly operationalize
cultural-temporal reasoning as an evaluation target,
nor do they expose anachronistic failure modes tied
to historical artifacts. Temporal reasoning capa-
bilities require deeper examination given the im-
portance of accurate representation in digital cul-
tural preservation (Siliutina et al., 2024). These
challenges connect to broader representational bi-
ases (Birhane et al., 2021; Thylstrup, 2022; Gal-
legos et al., 2024) that particularly affect cultural
representation, necessitating context-specific ap-
proaches (Sambasivan et al., 2021) for artifacts
potentially underrepresented in training data. Ex-
isting surveys (Li et al., 2025; Chang et al., 2024)
document evaluation approaches for VLMs, but do

not capture this dimension, motivating the need for
targeted benchmarks such as TAB-VLM.

3 TAB-VLM

Our benchmark TAB-VLM focuses on Indian cul-
tural heritage. We curate a diverse dataset of arti-
facts and construct temporal reasoning tasks that
uncover anachronistic responses across six dimen-
sions: (1) Chronological Sequence, (2) Period In-
trusion Detection (Odd-One-Out Period), (3) Mate-
rial Availability, (4) Manufacturing Technique, (5)
Period-Based Grouping, and (6) Style Period Attri-
bution. TAB-VLM offers a structured framework
for assessing historical awareness in multimodal
models.

3.1 Task Design and Evaluation Framework

We construct 600 multiple-choice questions dis-
tributed equally across six different temporal rea-
soning task categories, with 100 questions per cate-
gory, for the TAB-VLM benchmark. We construct
each question using task-specific natural language
prompt templates (provided in Appendix B), paired
with one or more artifact images. We now describe
each of the six task categories in detail.
Chronological Sequencing. The chronological
sequencing task evaluates fundamental temporal
ordering capabilities by requiring models to ar-
range artifacts from different periods in correct
chronological sequence. Prompt template: "<im-
agel>, <image2>, <image3>, <image4> These are
the 4 historical artifacts from different time peri-
ods. Please arrange these artifacts in chronological
order from oldest to newest." Task structure: 4 ar-
tifacts with one correct ordering from 24 possible
permutations.

0Odd-One-Out Period. This task assesses a
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1. Chronological Sequence
These are the 4 historical artifacts from
different time periods. Please arrange these
artifacts in chronological order from oldest
to newest.

Ans-2,1,3,4

4. Manufacturing Technique
Which manufacturing techniques would
have been available when this Sculpture was
created?

Options: 1.) Hand Building Clay 2.) Glass

2. Odd One Out Period

Given these 4 historical artifacts. One of them
belongs to a different time period than the others.
Find the one that belongs to different time period.

Ans -4

5. Material Availability

Which of these materials would NOT have been
available when this Coin was created?

Options: 1.) Plastic 2.) Acrylic 3.) Copper 4.)
Gold

3. Period Grouping
Which three artifacts were likely created during
the same time period?

Ans-1,2,4

6. Style Period Attribution

Which historical period does this Tools belong
to?

Options:

1.) Prehistoric Period (Before 3300 BCE)

2.) Modern India (1857 AD - Present)

blowing 3.) Hand painted miniature
4.) Lithography

Ans-1,2

3.) Iron Age (1800 - 200 BCE)
4.) Bronze Age (3300 - 1800 BCE)

Ans-1,2 Ans -1

Figure 2: Examples of the six task types in our benchmark: chronological sequencing, odd-one-out period detection,
material availability, manufacturing technique, period grouping, and style-period attribution.
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Figure 3: Distribution of object types across time peri-
ods indicating prevalence of terracotta artifacts in pre-
historic eras and manuscripts during the Early Modern
period.

model’s sensitivity to temporal anomalies by pre-
senting a group of artifacts, one of which belongs
to a different historical period than the others. The
model must identify the artifact that does not fit,
based on subtle visual cues that indicate differences
in era or context. Prompt template: "<imagel>,
<image2>, <image3>, <image4>, Given these 4
historical artifacts one of them belongs to a differ-
ent time period than the others. Find the one that
belongs to different time period." Task structure: 4
options with one correct answer.

Material Availability. This task evaluates a
model’s understanding of historical material by
asking it to identify materials that would not have

been available during the artifact’s period. It tests
knowledge of technological timelines to detect
anachronistic material associations. Prompt tem-
plate: "<image>. Which of the following materials
would NOT have been available when this artifact
was created?" Task structure: 4 material options
with 1-2 anachronistic materials (exact set match
required).

Manufacturing Technique. This task tests a
model’s understanding of historical production
methods by asking which manufacturing tech-
niques would have been available during the time
the artifact was created. It evaluates temporal
knowledge of technological capabilities and crafts-
manship. Prompt template: "<image>. Which
manufacturing techniques would have been avail-
able when this artifact was created?" Task struc-
ture: 4 technique options with 1-2 anachronistic
techniques (exact set match required).

Period Grouping. This task examines pattern
recognition across stylistic and material elements
by requiring identification of contemporaneous arti-
facts, evaluating models’ ability to recognize coher-
ent aesthetic traditions and technological signatures
characteristic of specific historical periods. Prompt
template: "<imagel>, <image2>, <image3>, <im-
age4>, <image5> Which three artifacts were likely
created during the same time period?" Task struc-
ture: 5 artifacts where 3 belong to the same period
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Model Overall  Style-Period Chronological Manufacturing  Material Period 0Odd-One-Out
Accuracy Attribution Sequence Technique Availability Grouping Period
Proprietary Models
GPT-5.2 587+13 65.0+t4.1 37.2 £ 0.6 56.0 £ 1.2 921+13 452+13 571+£1.2
GPT-5-mini 512+04 61.0+£03 323+2.1 52.1 £ 1.1 88.0+12 362+0.8 49.1 £1.0
GPT-40 504+02 603+1.2 30.7 £ 0.0 498 £ 1.5 853+09 323+13 453+£12
GPT-40-mini 472+£07 450+£15 34.0+0.7 390+ 1.2 89.0+13 280+£15 48.0 £ 0.6
Open-Source Models
Qwen2-VL-7B 328+ 14 527+£09 16.7+0.2 16.7 £ 1.3 70.7+06 100+£1.2 293+1.2
Qwen2.5-VL-7B 426+ 1.1 588+04 140+£0.3 41.5+09 69.0£04 220+06 51.0+ 0.8
Qwen2.5-VL-3B  29.0+2.1 525+1.1 115+ 1.3 40.0 + 1.7 254+06 133+1.8 304+ 1.1
Qwen2-VL-2B 19.7+£05 475+£05 1.3+1.8 10.5+£0.7 152+£02 81413 257+04
InternVL3-8B 36.2+15 53.0+04 9.0+ 0.6 410+ 13 59.0+03 160=£0.2 39.0+ 0.4
InternVL3-2B 30.5+£0.1 520+05 8.0+0.5 42.0 £ 0.6 450+13 8.0+0.1 280+ 1.2
Baseline
Random 12.8 25.0 4.2 6.25 6.25 10.0 25.0

Table 1: Performance comparison of VLMs on TAB-VLM benchmark with 100 questions per category. All values
represent percentages (mean =+ standard deviation across five runs). Best results in bold.

(one correct combination from 10 possible).
Style-Period Attribution. This task provides as-
sessment of temporal classification capabilities by
requiring models to match artifacts with their cor-
rect historical periods from multiple options. It
tests models’ understanding of visual characteris-
tics, artistic conventions, and cultural expressions
associated with specific temporal periods. Prompt
template: "<image> Which historical period does
this artifact belongs to?" Task structure: 4 period
options with one correct answer.

In all the prompt templates above, <image> de-
notes the visual input of a specific artifact. Modal-
ity clarification: Models receive only visual in-
put (artifact images) during evaluation; no textual
metadata about artifacts is provided. Figure 2 illus-
trates examples for each task, showing the image,
question, and answer triplet. Random baseline per-
formance for each task type is reported in Table 1.

3.2 Dataset Construction and Curation

Our dataset was constructed through a rigorous
four-stage pipeline, beginning with the collection
of approximately 220,000 artifacts from online
repositories (Sahapedia, 2025). As shown in Ta-
ble 2 these artifacts were then classified into eight
distinct historical periods, based on the taxon-
omy outlined in (McLeod, 2015): Prehistoric Pe-
riod (before 3300 BCE), Bronze Age (3300-1800
BCE), Iron Age (1800-200 BCE), Classical Period
(200-650 AD), Early Medieval Period (650-1200
AD), Late Medieval Period (1200-1526 AD), Early
Modern Period (1526-1857 AD), and Modern In-

dia (1857 AD—-present). To construct 600 multiple-
choice questions for the TAB-VLM benchmark, we
randomly sampled images from the corresponding
historical periods.

Historical Period Time Range Artifacts
Prehistoric Period Before 3300 BCE 276
Bronze Age (Indus Valley Civilization) 3300 — 1800 BCE 150
Iron Age 1800 — 200 BCE 259
Classical Period 200 - 650 AD 310
Early Medieval Period 650 — 1200 AD 139
Late Medieval Period 1200 — 1526 AD 155
Early Modern Period 1526 — 1857 AD 137
Modern India 1857 AD — Present 174
Total - 1,600

Table 2: Distribution of Artifacts Across Historical Peri-
ods in the TAB-VLM Benchmark

We implement a data cleaning process that in-
cluded expert validation by the authors of this pa-
per. This process involved eliminating duplicates,
removing artifacts with ambiguous or disputed dat-
ing, and filtering out items lacking sufficient visual
detail for reliable temporal assessment. As a result,
the corpus was significantly reduced while main-
taining strict quality standards for historical accu-
racy. The final cleaned dataset consists of 1,600
artifacts.

The final dataset exhibits a temporal distribu-
tion reflecting the archaeological record of Indian
cultural heritage, with prehistoric periods contain-
ing 276 artifacts, representing the rich material
culture of early Indian civilizations (Table 2). Me-
dieval periods are well-represented with 139-155
artifacts each, while more recent periods contain
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fewer items due to different preservation patterns
and the scope of museum collections. The distribu-
tion of object types reveals clear temporal patterns:
terracotta artifacts dominate prehistoric collections,
reflecting early ceramic traditions; manuscripts be-
come prominent during the Late Medieval Period,
showcasing court literature and illuminated texts;
and stone sculptures span multiple eras, particularly
flourishing during the Classical Period (Figure 3).
Material composition demonstrates technological
evolution across Indian history, with stone artifacts
prevalent in prehistoric periods, copper and bronze
emerging in ancient times, and paper becoming
prominent in medieval and modern India (Figure
4). This material diversity provides crucial ground
truth for evaluating models’ understanding of tech-
nological development timelines and material avail-
ability across different historical periods.

4 Experimental Results

4.1 Experimental Setup

We conduct our experiments using ten different
VLMs, comprising six open-source and four pro-
prietary models to provide comprehensive coverage
of the current VLM landscape. The open-source
models include instruction-tuned variants from the
Qwen2-VL (Wang et al., 2024) series with 2B
and 7B parameters, the Qwen2.5-VL (Bai et al.,
2025) series with 3B and 7B parameters, and In-
ternVL3 (Zhu et al., 2025) models with 2B and
8B parameters, representing state-of-the-art open-
source capabilities across different model scales.
As proprietary baselines, we evaluate OpenAl’s
GPT-5.2 (OpenAl, 2025b), GPT-5-mini (OpenAl,
2025a), GPT-40 (Hurst et al., 2024) and GPT-40-
mini (Hurst et al., 2024), which represent the cur-
rent frontier in commercial VLM performance. All
open-source model experiments are conducted on
a single NVIDIA A100 GPU using the default hy-
perparameters from the HuggingFace (Wolf et al.,
2019) implementation with default hyperparam-
eters. All models are evaluated using the same
prompt templates (prompt provided in Appendix
B) and evaluation pipeline to ensure fair compari-
son, with each question processed independently
and model responses parsed using consistent an-
swer extraction rules tailored to each question type.

4.2 Evaluation Metric

We evaluate model performance using accuracy as
the primary metric, calculated as the proportion

of correctly answered questions within each task
category and overall. For single-choice questions
(Style-Period Attribution, Odd-One-Out Period De-
tection), accuracy represents exact match between
predicted and ground truth answers. For multi-
choice questions (Manufacturing Technique, Ma-
terial Availability), we require exact set matching
where all correct options must be selected and no
incorrect options chosen. For sequence-based tasks
(Chronological Sequencing), accuracy measures
exact ordering match, while for grouping tasks (Pe-
riod Grouping), we require precise identification of
all three artifacts from the same historical period.
Standard deviation is computed across multiple
evaluation runs to assess result stability.
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Figure 4: Distribution of materials across historical
time periods showing predominance of stone artifacts
in prehistoric periods and silver in medieval India.

4.3 Results and Analysis

Our experiment reveals several significant prob-
lems in temporal reasoning capabilities of VLMs
when interpreting historical artifacts. Table 1
presents accuracy results for each model across all
task categories, demonstrating substantial perfor-
mance gaps between proprietary and open-source
models. GPT-5.2 achieved the highest overall
accuracy at 58.7%, establishing clear superior-
ity across most task categories and representing
the current state-of-the-art for temporal reasoning
in cultural heritage contexts. The model demon-
strated exceptional performance in Material Avail-
ability detection (92.1%) and Style-Period Attribu-
tion (65.0%), indicating robust understanding of
technological constraints and stylistic recognition
capabilities that enable identification of anachro-
nistic materials and period-appropriate artistic ele-
ments. However, even this best-performing model
exhibited limitations in temporal ordering tasks,
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achieving only 37.2% accuracy in Chronological
Sequencing and 45.2% in Period Grouping, reveal-
ing gaps in understanding temporal relationships
between artifacts across different historical periods.
GPT-5-mini (OpenAl, 2025a) and GPT-40-mini
achieved competitive overall performance at 51.2%
and 47.2% respectively. GPT-40-mini notably sur-
passes GPT-40 in Material Availability (89.0% vs
85.3%) and Odd-One-Out Period Detection (48.0%
vs 45.3%), suggesting that cost-effective models
can achieve comparable or superior performance on
specific temporal reasoning subtasks. Among open-
source alternatives, Qwen2.5-VL-7B emerged as
the strongest performer with 42.6% overall accu-
racy, demonstrating particularly strong capabilities
in Style-Period Attribution (58.8%) and achieving
the highest open-source performance in Odd-One-
Out Period Detection (51.0%), indicating effec-
tive training on temporal pattern recognition de-
spite being substantially smaller than proprietary
models. InternVL3-8B achieved 36.2% overall
accuracy with balanced performance across most
categories, while Qwen2-VL-7B reached 32.8%
overall accuracy but showed pronounced weak-
nesses in Manufacturing Technique recognition
(16.7%) and Period Grouping (10.0%), suggesting
specific limitations in understanding technologi-
cal evolution and temporal clustering. Smaller pa-
rameter models consistently underperformed, with
Qwen2.5-VL-3B achieving 29.0% accuracy and
Qwen2-VL-2B reaching only 19.7%, though both
maintained reasonable Style-Period Attribution ca-
pabilities (52.5% and 47.5% respectively), indi-
cating that certain temporal reasoning capabilities
may be robust to model scale reduction. Across all
evaluated models, Material Availability emerged
as the most accessible task category, with six of ten
models achieving above 45% accuracy and both
GPT variants exceeding 85%, suggesting that mod-
els can effectively identify anachronistic material
usage through learned associations between mate-
rials and historical periods. Conversely, Chrono-
logical Sequencing proved universally challeng-
ing, with no model exceeding 37.2% accuracy
and most open-source models performing below
20%, indicating problems in understanding tem-
poral progression and artifact dating relationships.
Period Grouping similarly challenged all models,
with performance ranging from 8.0% to 45.2%,
revealing difficulties in recognizing shared tem-
poral characteristics across different artifact types
and cultural contexts. Notably, the relationship

between model scale and temporal reasoning per-
formance proved complex and non-linear, as ev-
idenced by Qwen2.5-VL-3B achieving compara-
ble or superior performance to larger models in
several categories, while InternVL3-8B showed
only marginal improvements over InternVL3-2B
(36.2% vs 30.5%), suggesting that architectural in-
novations, training methodology, and dataset com-
position may be more influential factors than raw
parameter count for developing effective temporal
reasoning capabilities in VLMs.

S Discussion

Our evaluation reveals fundamental limitations in

current VLMs’ ability to reason temporally about

historical artifacts. We address our three research

questions through quantitative results and qualita-

tive error analysis, providing diagnostic insights

into the nature of cultural anachronism in multi-

modal Al systems.

5.1 Extent of Cultural Anachronism Across
Model Architectures

Addressing RQI1, current state-of-the-art VLMs
exhibit substantial cultural anachronism when in-
terpreting historical artifacts, with even the best-
performing model (GPT-5.2) achieving only 58.7%
overall accuracy, a modest improvement over the
random baseline of 12.8%. This 45.9 percentage
point gap, while substantial, reveals that even fron-
tier models struggle significantly with temporal
reasoning. The consistency of poor performance
across different model architectures and scales sug-
gests that cultural anachronism represents a fun-
damental limitation rather than a scaling problem.
Notably, GPT-40’s marginal advantage over GPT-
4o0-mini (50.4% vs 47.2%), and Qwen2.5-VL-3B’s
competitive performance with much larger models
in several categories, indicate that architectural in-
novations and training methodology may be more
critical than raw parameter count. These findings
contrast sharply with VLMs’ generally strong per-
formance on contemporary visual understanding
benchmarks, suggesting that temporal reasoning
about historical contexts requires fundamentally
different capabilities than those emphasized in cur-
rent training paradigms.

5.2 Task-Specific Challenges and Error
Patterns

Addressing RQ2, we observe pronounced varia-
tions in performance across task categories that
reveal distinct failure modes.
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Chronological Sequencing emerged as the most
challenging task, with the best model achieving
only 37.2% accuracy compared to a random base-
line of 4.2%. Qualitative analysis reveals system-
atic errors: models frequently confuse adjacent
historical periods (e.g., Classical vs. Early Me-
dieval) and show a recency bias, often placing more
weathered artifacts as "older" regardless of their
actual period. For instance, GPT-5.2 incorrectly
ordered a well-preserved Bronze Age Indus seal
after a weathered Classical period sculpture, sug-
gesting reliance on surface condition rather than
stylistic or technological markers. Material Avail-
ability proved most accessible (GPT-5.2: 92.1%
vs. random baseline: 6.25%), but analysis of the
7.9% error rate reveals concerning patterns. Models
occasionally attribute modern materials (synthetic
dyes, industrial alloys) to medieval artifacts, or fail
to recognize that certain precious metals became
available through trade routes in specific periods.
This suggests models may rely on general historical
knowledge about material development rather than
nuanced understanding of regional technological
timelines. Style-Period Attribution showed inter-
mediate difficulty (GPT-5.2: 65.0% vs. random
baseline: 25.0%). Error analysis reveals system-
atic confusion between adjacent periods, with 68%
of misclassifications occurring within +1 period
boundary. Models particularly struggle with tran-
sitional artifacts showing mixed stylistic elements,
and exhibit a tendency to over-classify artifacts into
later periods when visual details are ambiguous, a
potential consequence of training data skew toward
more recent, better-documented artifacts. Period
Grouping challenged all models (best: 45.2%; ran-
dom: 10.0%), with failures revealing an inability to
recognize coherent technological and stylistic sig-
natures across different artifact types. Models often
group visually similar artifacts (e.g., all terracotta
items) regardless of period, suggesting that superfi-
cial feature matching overrides temporal reasoning.
These patterns indicate that VLMs perform better
on tasks solvable through memorized factual asso-
ciations (material-to-period mappings) than those
requiring genuine temporal cognition and visual
pattern recognition across stylistic evolution.

5.3 Implications for Development and
Deployment

Addressing RQ3, the disconnect between VLMs’
strong general visual capabilities and poor tempo-
ral reasoning reveals fundamental gaps in current

training paradigms. Visual feature extraction en-
abling modern object detection does not transfer
effectively to historical contexts requiring period-
appropriate interpretive frameworks.

Risks for Cultural Heritage Applications and
Directions for Mitigation. VLMs deployed in
museum digitization or educational platforms may
systematically misrepresent artifacts, potentially
perpetuating colonial-era anachronistic interpreta-
tions or erasing nuanced historical developments.
The observed issues are particularly problematic
for non-Western cultural heritage. Our findings
also suggest several avenues for improvement: (1)
Training data curation: Explicitly include tempo-
rally annotated historical corpora with diverse cul-
tural contexts and period coverage; (2) Specialized
objectives: Incorporate contrastive learning tasks
that require distinguishing adjacent periods and
recognizing anachronistic material-technique com-
binations; (3) Evaluation protocols: Systematically
assess cultural anachronism before deployment,
particularly for applications involving non-Western
heritage.

6 Conclusion

We introduce TAB-VLM, the first benchmark to
systematically evaluate cultural anachronism in
VLMs through 600 questions across 1,600 Indian
cultural artifacts. Our evaluation of ten state-of-the-
art VLMs reveals widespread temporal reasoning
deficiencies, with even the best model (GPT-5.2)
achieving only 58.7% overall accuracy and overall
struggle in chronological sequencing tasks (< 38%
accuracy). The consistency of poor performance
across different architectures and scales indicates
that cultural anachronism represents a fundamental
problem in current VLM training paradigms rather
than a scaling problem. These findings have several
important implications for cultural heritage appli-
cations, where anachronistic interpretations risk
misrepresenting historical artifacts and perpetuat-
ing biased cultural narratives. Our work establishes
cultural anachronism as an essential evaluation di-
mension for multimodal Al and provides a frame-
work for developing temporally-aware systems ca-
pable of respectful engagement with cultural her-
itage materials. We hope that TAB-VLM will cat-
alyze further research into incorporating temporal
reasoning and cultural sensitivity into VLM train-
ing objectives, particularly for underrepresented
non-Western heritage.

30301



7 Limitations and Future Work

Our evaluation is constrained by several method-
ological limitations that affect generalizability. The
benchmark focuses exclusively on Indian cultural
artifacts, limiting cross-cultural applicability and
potentially missing anachronistic patterns specific
to other cultural contexts. Our visual-only evalua-
tion approach excludes textual metadata that would
typically accompany artifacts in real deployments.
Expert annotations, though rigorously validated, re-
flect particular scholarly perspectives and discrete
temporal classifications that may not accommodate
transitional or culturally mixed artifacts. Addition-
ally, our model selection represents only a subset of
available VLMs, and the rapid pace of development
means newer architectures may exhibit different
anachronistic patterns than those evaluated here.

The modest performance differences across
model scales indicate that simply scaling existing
approaches is insufficient. Apart from improving
the dataset discussed above, future work should
also investigate model development techniques
such as whether fine-tuning on temporally anno-
tated historical datasets can reduce anachronism,
and whether incorporating explicit temporal reason-
ing signals (e.g., stratified period embeddings) dur-
ing training improves performance. Additionally,
cross-cultural validation on artifacts from multiple
cultural traditions would clarify whether the ob-
served patterns generalize or reflect culture-specific
training data gaps.

8 Use of Language Models

Large language models were used in a limited ca-
pacity to assist with minor editing and polishing of
the manuscript. The use of LLMs was strictly lim-
ited to text formatting and grammatical corrections;
no Al tools were used to generate scientific ideas,
interpret results, or formulate the core arguments
of this work. All technical content, experimental
design, results, and conclusions were produced,
verified, and finalized by the authors.
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Appendix
A Task Specifications

600 multiple-choice questions in our benchmark is
equally distributed across six temporal reasoning
task categories (100 questions per category). Each
task type evaluates different aspects of temporal
awareness and cultural anachronism detection. Be-
low we provide complete specifications for each
task, including the number of images, answer struc-
ture, random baseline performance, and distractor
construction methodology.

A.1 Chronological Sequencing

This task evaluates fundamental temporal ordering
capabilities by requiring models to arrange four
artifacts from different historical periods in cor-
rect chronological sequence from oldest to newest.
Models must recognize visual cues indicating tech-
nological sophistication, artistic style evolution,
and material availability across time periods.
Structure: 4 artifact images presented simulta-
neously. Answer format: One correct ordering
from 24 possible permutations (4! = 24). Random
baseline: 4.2% (1/24). Distractor construction:
Artifacts are sampled from non-adjacent histori-
cal periods (minimum 2 periods apart) to ensure
meaningful temporal separation and prevent trivial
ordering based on obvious style differences.

A.2 Odd-One-Out Period Detection

This task assesses sensitivity to temporal anomalies
by presenting four artifacts where three belong to
one historical period and one belongs to a different
period. Models must identify which artifact is tem-
porally inconsistent with the others based on subtle
visual cues in style, materials, manufacturing tech-
niques, and artistic conventions.

Structure: 4 artifact images. Answer format:
Single choice identifying the temporal outlier (1
of 4 options). Random baseline: 25.0% (1/4).
Distractor construction: Three artifacts from the
same historical period plus one artifact from a tem-
porally adjacent period to increase difficulty and
avoid obvious mismatches.

A.3 Period Grouping

This task examines pattern recognition across stylis-
tic and material elements by requiring identification
of three contemporaneous artifacts from a set of
five. Models must recognize coherent aesthetic
traditions, technological signatures, and cultural

expressions characteristic of specific historical pe-
riods.

Structure: 5 artifact images. Answer format:
Select 3 artifacts from the same period (10 possi-
ble combinations: (g) = 10). Random baseline:
10.0% (1/10). Distractor construction: Three arti-
facts from the target period plus two artifacts from
different adjacent periods, requiring careful visual
analysis to distinguish shared temporal characteris-
tics.

A4

This task tests understanding of historical produc-
tion methods by asking which manufacturing tech-
niques would have been available when a given
artifact was created. Models must demonstrate
knowledge of technological development timelines
and craftsmanship evolution across Indian cultural
history.

Structure: 1 artifact image with 4 technique
options. Answer format: Multi-select (select all
applicable techniques). Scoring: Exact-match re-
quired, all correct options must be selected and
no incorrect options chosen. Random baseline:
6.25% (1/16 - one correct subset out of 16 possible
selections). Distractor construction: Options in-
clude period-appropriate techniques, anachronistic
modern techniques, and techniques from adjacent
historical periods.

Manufacturing Technique

A.5 Material Availability

This task evaluates knowledge of historical mate-
rial science by identifying which materials would
NOT have been available during an artifact’s cre-
ation period. Models must understand material
discovery timelines, trade route development, and
technological constraints across different eras.
Structure: 1 artifact image with 4 material op-
tions. Answer format: Multi-select identifying
anachronistic materials (select all that would NOT
have been available). Scoring: Exact-match re-
quired. Random baseline: 6.25% (1/16 - one
correct subset out of 16 possible selections). Dis-
tractor construction: Options include period-
appropriate materials, clearly anachronistic modern
materials (e.g., plastic, acrylic for ancient artifacts),
and materials from adjacent periods requiring nu-
anced knowledge of material availability timelines.

A.6 Style-Period Attribution

This task provides direct assessment of temporal
classification capabilities by requiring models to
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match artifacts with their correct historical periods.
Models must recognize distinctive visual character-
istics, artistic conventions, and cultural expressions
associated with specific temporal periods in Indian
cultural history.

Structure: 1 artifact image with 4 period op-
tions. Answer format: Single choice from 4 his-
torical period options. Random baseline: 25.0%
(1/4). Distractor construction: Four different his-
torical periods spanning Indian history (e.g., Pre-
historic, Modern India, Iron Age, Bronze Age),
requiring fine-grained temporal discrimination.

Scoring methodology: All tasks employ exact-
match accuracy as the primary metric. For single-
choice tasks (Odd-One-Out, Style-Period Attribu-
tion), the model must select the single correct op-
tion. For multi-select tasks (Manufacturing Tech-
nique, Material Availability), the model must se-
lect ALL correct options and NO incorrect options,
partial credit is not awarded. For Chronological
Sequencing, the model must produce the exact cor-
rect ordering. For Period Grouping, the model
must identify precisely the three contemporaneous
artifacts.

B Prompt Templates

This section presents the standardized prompt tem-
plates used for evaluating vision-language mod-
els on temporal reasoning tasks with cultural her-
itage artifacts. Each template is designed to elicit
specific aspects of historical understanding while
maintaining consistency across all evaluated mod-
els. The prompts use <image> tags to indicate vi-
sual inputs, with the actual images provided during
inference.

B.1 Chronological Sequence

The chronological sequencing task evaluates a
model’s fundamental ability to perceive and un-
derstand temporal progression through visual fea-
tures alone. Models receive four artifacts from dis-
tinct historical periods and must arrange them from
oldest to newest. This requires recognizing evo-
lutionary patterns in artistic styles, technological
sophistication, material usage, and iconographic
conventions. The task is particularly challenging
because it demands not just period identification,
but understanding the relative temporal relation-
ships between multiple artifacts simultaneously.
Success requires the model to construct a coherent
timeline based on visual evidence of technologi-

cal development, stylistic maturation, and cultural
evolution across Indian history.

Chronological Sequence Prompt Template

Below are 4 historical artifacts from differ-
ent time periods.

Question: {question_text}

Please arrange these artifacts in chronologi-
cal order from oldest to newest:

A. <image>

B. <image>

C. <image>

D. <image>

Provide the sequence from oldest to newest
using letters (e.g., "A, C, B, D").

\.

B.2 Odd One Out Period

This task assesses temporal anomaly detection by
presenting four artifacts where three belong to the
same historical period and one is from a different
era. The challenge lies in identifying subtle visual
cues that distinguish the outlier, whether through
anachronistic stylistic elements, technological fea-
tures, or material properties. Unlike simple clas-
sification tasks, this requires comparative analysis
across multiple artifacts and recognition of shared
temporal characteristics among the majority group.
The task specifically tests whether models can de-
tect deviations from expected period-consistent pat-
terns, simulating real-world scenarios where cul-
tural heritage experts must identify misattributed
or misdated artifacts in museum collections.

Below are 4 historical artifacts. One of them
belongs to a different time period than the
others.

Question: {question_text}

Which artifact belongs to a different time
period than the others?

A. <image>

B. <image>

C. <image>

D. <image>

Answer with the option’s letter (A, B, C, or
D) from the given choices directly.

B.3 Material Availability

The material availability task evaluates understand-
ing of technological timelines and resource avail-
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Task Images Answer Format Random
Baseline

Chronological Sequence 4 Ordered sequence 4.2%
(24 permutations)

0dd-One-Out Period 4 Single choice (1 of 25.0%
4)

Period Grouping 5 Select 3 of 5 (10 10.0%
combinations)

Manufacturing Technique 1 Multi-select from4  6.25%
options

Material Availability 1 Multi-select from4  6.25%
options

Style-Period Attribution 1 Single choice (1 of 25.0%
4 periods)

Table 3: Summary of task specifications. Chance baselines computed for single-answer and sequence tasks;
multi-select tasks use exact-match scoring where all correct options must be selected.

ability across historical periods. Given a single
artifact image, models must identify which mate-
rials from a provided list would NOT have been
available during the artifact’s creation period. This
requires knowledge of when specific materials were
discovered, developed, or became accessible in
the Indian subcontinent. For instance, distinguish-
ing whether an artifact could have been made with
bronze (available from 3300 BCE) versus steel (de-
veloped much later) requires understanding metal-
lurgical history. The task directly tests for material-
based anachronisms, a common form of temporal
misattribution where modern materials are incor-
rectly associated with ancient artifacts. The multi-
select format allows for multiple correct answers,
as several materials may be anachronistic for any
given period.

Material Availability Prompt Template

Look at this historical artifact and answer
the following question:

<image>

Question: {question_text}

Please select all options that apply from the
following choices: {options_text}

List all correct letters separated by commas
(e.g., "A, C" if options A and C are correct).

\

B.4 Manufacturing Technique

This task examines knowledge of historical pro-
duction methods and technological capabilities.
Models must determine which manufacturing tech-
niques from a provided list would have been avail-
able when the artifact was created. The task re-
quires understanding the evolution of craftsman-
ship methods, from primitive hand-molding and

stone carving in prehistoric periods to sophisticated
casting, glazing, and metalworking techniques in
later eras. Success demands recognition of visual
evidence indicating production methods, such as
tool marks, construction joins, surface treatments,
and structural features. The multi-select format
reflects the reality that multiple techniques were
often available simultaneously in different regions
or for different purposes, requiring nuanced under-
standing of technological coexistence rather than
simple chronological progression.

Manufacturing Technique Prompt Template

Look at this historical artifact and answer
the following question:

<image>

Question: {question_text}

Please select all options that apply from the
following choices: {options_text}

List all correct letters separated by commas
(e.g., "A, C" if options A and C are correct).

. J

B.5 Period Grouping

Period grouping tests pattern recognition across
stylistic and material elements by requiring identi-
fication of three contemporaneous artifacts from a
set of five. This task demands synthesis of multiple
temporal cues, artistic conventions, technological
signatures, material properties, and cultural motifs,
to recognize coherent aesthetic traditions. Unlike
the odd-one-out task which focuses on identifying
a single outlier, this requires positive identification
of shared temporal characteristics among multiple
artifacts while recognizing that two artifacts belong
to different periods. The task simulates museum
curation scenarios where artifacts must be grouped
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for period-specific exhibitions, requiring both indi-
vidual dating expertise and comparative temporal
analysis.

Below are 5 historical artifacts. Three of
them were likely created during the same
time period.

Question: {question_text}

Which three artifacts were likely created
during the same time period?

A. <image>

B. <image>

C. <image>

D. <image>

E. <image>

List the three letters corresponding to ar-
tifacts from the same period (e.g., "A, C,
E").

B.6 Style-Period Attribution

Style-period attribution represents the most direct
test of temporal classification capabilities. Given a
single artifact, models must assign it to the correct
historical period from four options spanning differ-
ent eras of Indian history. This task requires recog-
nition of distinctive visual characteristics, artistic
conventions, iconographic traditions, and material
signatures associated with specific temporal peri-
ods. The four-option format forces discrimination
between periods that may share some overlapping
features, requiring models to identify the most di-
agnostic temporal markers. Success on this task
indicates mastery of period-specific aesthetic vo-
cabularies and understanding of how artistic ex-
pressions evolved across different phases of Indian
cultural development.

Look at this historical artifact and answer
the following question:

<image>

Question: {question_text}

Please select the correct option from the
following choices: {options_text}

Answer with the option’s letter (A, B, C, or
D) from the given choices directly.

\. J

C Additional Analyses

This section provides supplementary analyses that
complement the main results of Section 4. We ex-
amine (i) the factual-to-relational task spectrum,
(i1) a manual failure-mode taxonomy over 96 in-
correct GPT-4o0 responses, (iii) partial-credit eval-
uation, (iv) the reliability of our automatic evalua-
tion pipeline, (v) the effects of temporal imbalance
and textual metadata, and (vi) a cross-cultural pilot
study on Western artifacts.

C.1 Factual vs. Relational Task Spectrum

The six tasks in TAB-VLM span a continuum
from factual association (e.g., associating mate-
rials with historical periods) to relational tempo-
ral reasoning (e.g., ordering artifacts across pe-
riods). To quantify this continuum, we group
the tasks into two categories: fact-dominant tasks
(Material Availability, Style-Period Attribution,
Manufacturing Technique), which can in principle
be solved via memorized material-era mappings;
and temporal-dominant tasks (Odd-One-Out Pe-
riod, Period Grouping, Chronological Sequencing),
which require reasoning over temporal relation-
ships between multiple artifacts.

Task Type GPT-40 Qwen2.5-VL-7B
Material Availability Fact-Dom. 85.3 69.0
Style-Period Attribution Fact-Dom. 60.3 58.8
Manufacturing Technique Fact-Dom. 49.8 41.5
0Odd-One-Out Period Temp-Dom. 453 51.0
Period Grouping Temp-Dom. 323 22.0
Chronological Sequencing ~ Temp-Dom. 30.7 14.0

Table 4: Accuracy (%) across the factual-to-relational
task spectrum. Random baselines: Material Availabil-
ity and Manufacturing Technique 6.25%; Style-Period
Attribution and Odd-One-Out Period 25.0%; Period
Grouping 10.0%; Chronological Sequencing 4.2%.

Performance drops sharply from fact-dominant
to temporal-dominant tasks. GPT-4o0 exhibits
a 54.6-point gap between Material Availability
(85.3%) and Chronological Sequencing (30.7%),
and this gradient is consistent across all ten models
evaluated in Table 1. The gap is not attributable to
missing cultural knowledge alone: smaller open-
source models such as Qwen2.5-VL-3B score only
25.4% on Material Availability, indicating that the
fact-dominant end is non-trivial at smaller scales.
Conversely, even frontier models fail on temporal-
dominant tasks (GPT-5.2: 37.2% on Chronolog-
ical Sequencing). This pattern suggests that re-
lational temporal reasoning, rather than cultural
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knowledge retrieval, is the primary bottleneck in
current VLMs on TAB-VLM.

C.2 Failure Mode Taxonomy

To characterise the nature of VLM errors on TAB-
VLM, we manually analysed 96 incorrect GPT-40
responses, sampled uniformly at 16 per task. Each
response was classified into one of three mutually
exclusive failure types:

* Knowledge gap: incorrect or missing histori-
cal/cultural knowledge (e.g., wrong period at-
tribution, incorrect material—era association).

* Visual grounding failure: misreading visual
cues in the image (e.g., misidentifying stylistic
features or material texture).

* Relational temporal reasoning failure:
recognising individual artifacts correctly but
failing at cross-artifact temporal comparison
(e.g., describing each artifact’s period cor-
rectly yet ordering them incorrectly).

Failure Type Frequency
Knowledge Gap 29% (28/96)
Visual Grounding Failure 8% (8/96)

Relational Temporal Reasoning Failure ~ 63% (60/96)

Table 5: Overall failure-type distribution across 96 in-
correct GPT-40 responses.

Relational temporal reasoning failures dominate
at 63%, followed by knowledge gaps at 29% and
a small minority of visual grounding failures at
8%. The per-task breakdown (Table 6) shows that
failure types are tightly aligned with task category.

Task Category Knowl. Visual Relational
Manufacturing Technique ~ Fact-Dom. 100% 0% 0%
Material Availability Fact-Dom. 88% 12% 0%
Style-Period Attribution Fact-Dom. 75% 19% 6%
0Odd-One-Out Period Temp-Dom. 25% 38% 37%
Period Grouping Temp-Dom. 0% 6% 94%
Chronological Sequencing ~ Temp-Dom. 0% 0% 100%

Table 6: Per-task failure-type breakdown. Fact-
dominant tasks fail almost exclusively via knowledge
gaps; temporal-dominant tasks fail predominantly via
relational reasoning errors.

Fact-dominant tasks produce knowledge-gap
failures almost exclusively (75-100%), while
temporal-dominant tasks produce relational-
reasoning failures at 37-100%. Visual grounding
failures are a small minority across all tasks. This
task-aligned structure supports the interpretation in

Section C.1: the two dominant failure modes are
independent and separable, and poor performance
on temporal-dominant tasks cannot be explained
by missing cultural knowledge.

C.3 Partial-Credit Evaluation

The main results in Table 1 use exact-match accu-
racy, which assigns zero credit to partially correct
answers (e.g., a chronological ordering that mis-
places one of four artifacts). To test whether this
strictness materially affects our conclusions, we
re-scored the model outputs using partial-credit
metrics appropriate to each task: Kendall’s 7 for
Chronological Sequencing, multi-label F1 for the
multi-select tasks (Material Availability, Manufac-
turing Technique), and Jaccard similarity for Period
Grouping. Results are reported from a single run.

Model Chron.

Exact/ T

30.4/0.620
14.0/0.407

Mat. Avail.
Exact / F1

85.6/0.945
69.0/0.935

Mfg. Tech.
Exact / F1

48.970.810
37.6/0.750

Period Group.
Exact / Jaccard

32.3/0.564
21.0/0.495

GPT-40
Qwen2.5-VL-7B

Table 7: Exact-match vs. partial-credit metrics. Values
in percent except 7 and Jaccard, which are in [0, 1].

Although partial-credit scores are higher in abso-
lute terms, the relative ranking among models and
the core conclusion (significantly deficient tempo-
ral reasoning on temporal-dominant tasks) remain
unchanged. We retain exact-match as the primary
metric in the main paper because cultural-heritage
applications demand full correctness: a partially
correct chronological ordering is still a misrepre-
sentation of the historical record.

C.4 Reliability of the Automatic Evaluator

All results in Table 1 are produced by an automatic
evaluation pipeline that parses model outputs and
checks them against ground-truth answers. To as-
sess the reliability of this pipeline, we conducted a
human-evaluation study. Two authors of this paper
independently annotated a random 10% sample of
all model responses, labelling each response as ei-
ther correctly or incorrectly scored by the pipeline.
We then computed pairwise Cohen’s Kappa () be-
tween all three raters: the two human annotators
and the automatic evaluator.

Human-human agreement (v = 0.92) estab-
lishes an upper bound on inter-rater reliability
for this task. The automatic evaluator achieves
k = 0.85 and £ = 0.84 against the two human
annotators, approaching this ceiling. Under the
standard interpretation guidelines of Landis and
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Rater Pair Cohen’s k
Human 1 +» Human 2 0.92
Human 1 <+ Automatic Evaluator 0.85
Human 2 <+ Automatic Evaluator 0.84
Average Pairwise x 0.87

Table 8: Pairwise Cohen’s Kappa between two human
annotators and the automatic evaluator.

Koch (Landis and Koch, 1977), all pairwise val-
ues fall in the “almost perfect” agreement range
(k > 0.8), indicating that the pipeline performs
near human-level consistency in judging correct-
ness.

C.5 Temporal Imbalance and Textual
Metadata

The artifact counts in TAB-VLM vary across his-
torical periods (Table 2), and our main evaluation
uses visual input only. We examine both factors as
potential confounds.

Temporal imbalance. We computed per-period
accuracy on Style-Period Attribution for GPT-40
and Qwen2.5-VL-7B to test whether the number
of artifacts per period predicts accuracy on that
period.

Period Count GPT-40 Qwen2.5-VL-7B
Classical (200 BCE - 650 AD) 21 76.9 57.1
Prehistoric (Before 3300 BCE) 21 75.0 66.7
Late Medieval (1200 — 1526 AD) 17 61.5 23.5
Bronze Age (3300 — 1800 BCE) 13 38.5 53.8
Iron Age (1800 — 200 BCE) 9 0.0 222
Early Modern (1526 — 1857 AD) 7 66.7 57.1
Modern India (1857 — Present) 6 66.7 66.7
Early Medieval (650 — 1200 AD) 6 0.0 333
Pearson r (count vs. acc.) 0.545/0.172
p-value - 0.162/0.684

Table 9: Per-period accuracy (%) on Style-Period
Attribution, and Pearson correlation between artifact
count and accuracy. Correlations are weak and non-
significant.

Correlations between artifact count and accuracy
are weak and non-significant for both models (p >
0.1). The two hardest periods for GPT-40 (Iron Age
and Early Medieval, both 0%) are mid-sized rather
than the smallest, ruling out a frequency-driven
explanation for the observed accuracy pattern.

Textual metadata. In realistic cultural-heritage
deployments, artifact images are often accompa-
nied by catalog metadata. To test whether our
visual-only protocol understates model capability,
we evaluated Qwen2.5-VL-7B on a 120-question
sample (20 per task) with catalog metadata (object

type and main material, excluding any period or dy-
nasty information) appended to the visual prompt.

Model Visual-Only  Visual+Metadata A
Qwen2.5-VL-7B 40.1 40.8 +1.75%

Table 10: Effect of catalog metadata (object type and
material) on accuracy (%). The gain is minimal, support-
ing the claim that the bottleneck is temporal reasoning
rather than missing input context.

The gain of +1.75% is small relative to the per-
formance gaps on temporal-dominant tasks. This is
consistent with the interpretation in Section C.1 and
Section C.2: the primary bottleneck is relational
temporal reasoning rather than missing auxiliary
input.

C.6 Cross-Cultural Pilot: Western Artifacts

The main benchmark focuses on Indian cultural
heritage. To assess whether the observed patterns
generalise beyond the Indian case and to provide
preliminary evidence of a performance gap be-
tween Western and non-Western artifacts, we con-
ducted a small pilot study using 84 Western arti-
facts (Greek/Roman, Medieval, Renaissance, Mod-
ern European) sourced from the Cleveland Mu-
seum of Art open-access collection. We evaluated
GPT-40 on two representative tasks: Style-Period
Attribution and Material Availability.

Artifact Source Style-Period (%) Material Avail. (%)

Indian (TAB-VLM) 60.3 85.3
Western (Pilot) 67.9 97.6
A +7.6 +12.3

Table 11: GPT-40 accuracy on Style-Period Attribu-
tion and Material Availability for Indian artifacts (TAB-
VLM) vs. a Western-artifact pilot (84 items, Cleveland
Museum of Art). GPT-40 performs better on Western
artifacts on both tasks.

GPT-40 scores +7.6 percentage points higher
on Style-Period Attribution and +12.3 percentage
points higher on Material Availability for Western
artifacts relative to Indian artifacts. This gap is
consistent with the hypothesis that non-Western
cultural heritage presents additional challenges for
current VLMs, likely reflecting the distribution of
training data. We emphasise that this is a small pilot
on two tasks and one model; a full cross-cultural
extension of TAB-VLM to other traditions is left
to future work.
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