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Abstract

Vision-language models are increasingly used to identify and
describe places, yet their recognition and knowledge of specific
cultures remain poorly understood, particularly in underrepre-
sented regions such as the Philippines. This study introduces
the Tanawpamana Dataset, a repository of Philippine heritage
site images with metadata based on the Talapamana registry
of the National Commission for Culture and the Arts of the
Philippines. We also introduce the Tanawpamana Benchmark,
comprising 4,046 tasks designed to evaluate models’ recogni-
tion and knowledge of heritage sites. Evaluating seven vision-
language models, we find that they struggle more with fine-
grained visual discrimination among similar heritage sites than
with coarse recognition, and that their geographic knowledge
is weaker when inferred from image inputs than from text. All
resources are available on GitHub.'

Index Terms: vision-language models, cultural heritage
dataset, multimodal benchmark, Philippine cultural heritage,
low-resource evaluation, cultural understanding, geographic
knowledge

1. Introduction

The Philippines is home to over 180 ethnolinguistic groups,
with a complex history layered by pre-colonial practices and
centuries of Spanish, American, and Japanese encounters. This
diversity is reflected not only in the country’s living traditions
but also in its built environment: churches, forts, bridges, and
monuments that each carry a unique history.

As people increasingly rely on artificial intelligence sys-
tems to access information about places and cultural her-
itage, the ability of these systems to recognize and repre-
sent diverse cultures becomes increasingly important. Vision-
language models (VLMs), which jointly process images and
text, are central to this question because they shape how im-
ages of places and cultural heritage are interpreted. Assessing
whether these models understand a particular culture requires
high-quality datasets and benchmarks that explicitly evaluate
culturally grounded knowledge.

While a growing body of Southeast Asian datasets and
benchmarks has begun to address regional underrepresentation,
the Philippines remains largely absent from vision-language
model evaluation, particularly for cultural heritage understand-
ing. SEACrowd [1] provides a broad resource landscape cov-
ering nearly a thousand Southeast Asian languages, but only a
small fraction of its resources are image-based, limiting its ap-
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Tanawpamana Dataset

Contains 499 images with associated metadata
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 |dentification: ID, Name, TPTI Name, Other Names

* Location: City, Province, Area

¢ Designation: NCT, UNESCO WH, UNESCO WH
Tentative, ICP, NA Work, NHL

* Category: Heritage Category
¢ Description Historical Description, Question
e Licensing: Source, Author, License

Tanawpamana Benchmark

Contains 4,046 questions spanning Recognition and Knowledge suites

Recognition Tasks EXAMPLE | Image-to-Name (Hard)

- Image-to-Name (Easy)
- Image-to-Name (Hard)
- Name-to-Image (Easy)
- Name-to-Image (Hard)

Which of the following names
correspond to the image below?
a. Spanish Colonial Monument of
Rey Carlos IV
b. Leon Kilat Monument (Bacong)
c. Jose Rizal National Monument

Y > d. Spanish Colonial Monument of
Eall' B Simon de Anda Monument

Knowledge Tasks .
EXAMPLE | General Information

- General Information
- Short Description

- Designation

- Location (Text)

- Location (Image)

Which of the following was erected in 1824 as a tribute
to a Spanish king for introducing the smallpox vaccine
and is located in Manila?

a. Cuartel de Santa Lucia (Santa Lucia Barracks)
b. Tomas Pinpin Monument

c. Martin Delgado Monument

d. Spanish Colonial Monument of Rey Carlos IV

Figure 1: Overview of the Tanawpamana Dataset and Tanaw-
pamana Benchmark. Top: sample dataset entry showing a her-
itage image and metadata fields. Bottom: Recognition and
Knowledge task suites with simplified example questions.

plicability for evaluation that requires visual cultural represen-
tations. SEA-VL [2], the largest such effort at approximately
1.28 million images, relies primarily on crowdsourced and auto-
mated data collection, with only 543 of its 8,018 human-verified
images related to the Philippines. RICE-VL [3] evaluates cul-
tural understanding across eleven ASEAN countries, but reports
only a single aggregate score per country across fourteen com-
bined categories, preventing the recovery of Philippine-specific
results. The Seeing Culture Benchmark [4] expands cultural
evaluation across seven countries through a shared collection
of 1,065 images, but does not specifically target cultural land-
marks or tangible heritage sites. SEA-VQA [5] provides the
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most explicit accounting of Philippine cultural content among
these efforts, drawing from UNESCO’s Cultural Heritage col-
lection, but includes only 69 images spanning six Philippine
cultural practices.

Across all five, the same pattern recurs: Philippine con-
tent is either aggregated beyond the point of isolating country-
specific results, represented only marginally within broader
multilingual resources, or limited by small-scale or weakly
attributable image collections. None is designed to evaluate
vision-language models on Philippine cultural contexts or to as-
sess recognition and knowledge of tangible heritage sites. With
these, it remains unclear whether these models can reliably rec-
ognize and retrieve information about Philippine heritage from
visual and textual information.

To address this gap, we make the following contributions:

1. We introduce the Tanawpamana Dataset, a collection of
499 publicly available images of Philippine cultural her-
itage sites sourced primarily from Wikimedia Commons and
Philippine government repositories, with metadata enriched
from the National Commission for Culture and the Arts’
(NCCA) Talapamana registry, including site names, loca-
tions, heritage categories, and official designations.

2. We introduce the Tanawpamana Benchmark, a 4,046-
item evaluation suite built on this dataset, comprising a
recognition benchmark that isolates VLMs’ ability to vi-
sually identify specific heritage site entities, and a knowl-
edge benchmark that isolates the models’ entity-level factual,
geographic, and designation knowledge, including a paired
image-versus-text test of geographic knowledge.

2. Related Work
2.1. Cultural and Vision-Language Benchmarks

Vision-language model evaluation grew out of visual question
answering (VQA), which paired images with natural-language
questions and scored model responses against ground-truth an-
swers [6]. Later benchmarks expanded VQA toward more com-
plex multimodal reasoning, as in MMMU’s 11,500 college-
level questions [7], and other work has sought to improve the
reasoning of vision-language models themselves, for example
by fine-tuning on a small set of curated reasoning chains for
knowledge-based VQA [8].

Beyond general reasoning ability, a separate line of work
asks what models actually recognize and know. OVEN [9]
distinguishes category-level recognition (e.g., a castle) from
entity-level recognition (e.g., Windsor Castle), noting that
many benchmarks test only the former. CulturalVQA [10]
adds a complementary distinction between visual recognition
and cultural understanding, arguing that geographically diverse
datasets such as Dollar Street and GLDv2 primarily measure
recognition. Tanawpamana is designed around both: it tests
whether models can identify specific Philippine heritage sites,
and whether they hold the associated factual, geographic, and
designation knowledge.

2.2. Talapamana Registry

Philippine cultural heritage is governed by an established legal
and institutional framework that predates any AI benchmark.
Republic Act No. 10066, the National Cultural Heritage Act of
2009, as amended by Republic Act No. 11961 in 2023, pro-
vides the legal foundation for the protection and conservation
of cultural heritage and strengthens the role of the NCCA as the

coordinating body for heritage management [11, 12]. Through
this framework, the Philippine Registry of Heritage or Tala-
pamana was established, cataloguing cultural properties under
six designation categories: National Cultural Treasures (NCT),
Important Cultural Property (ICP), UNESCO World Heritage
Sites, National Historical Shrines, National Historical Monu-
ments, and National Historical Landmarks [13]. These designa-
tions carry different levels of legal recognition and protection.
Beyond national designation, international recognition provides
another layer of classification. The Philippines is a State Party
to the UNESCO World Heritage Convention, with six inscribed
World Heritage Sites and an active Tentative List [14].

These designation systems were developed independently
of Al evaluation and reflect institutional judgments of cultural
significance rather than model-derived or crowd-generated la-
bels. By grounding Tanawpamana in this registry, site selec-
tion and categorization are anchored in institutionally recog-
nized heritage classifications, providing a reliable foundation
for dataset construction.

3. Tanawpamana Dataset

Overview. The Tanawpamana Dataset is a manually curated
collection of Philippine cultural heritage site images, each
paired with structured metadata describing its geographic lo-
cation, heritage category, and official designation status. It is
built from the NCCA’s Talapamana registry [15], which pro-
vides structured records of officially recognized Philippine cul-
tural properties. As this study focuses on cultural heritage sites,
the registry was filtered to include only Tangible Immovable
Heritage sites in the Philippines, which we refer to hereafter
as TPTI for convenience. Tanawpamana extends TPTI into a
vision-language resource by collecting representative images
and standardizing and enriching the original metadata.
Designed as both a standalone resource and the foundation
of the proposed Tanawpamana Benchmark (see Section 4), the
dataset’s image-metadata structure can support a range of tasks
beyond those evaluated in this paper, including image classifica-
tion and other culturally grounded vision-language applications.
It provides an authoritative representation of Philippine cultural
heritage for computer vision and vision-language research.

3.1. Data Collection

We first filtered the Talapamana registry [15] to include only
Tangible Immovable Heritage located in the Philippines (TPTI).
For each site included in Tanawpamana, we manually gathered
one representative image, with Wikimedia Commons serving as
the primary image source. Only a small number of images were
obtained from official government sources, namely the National
Historical Commission of the Philippines (NHCP) and the Na-
tional Museum of the Philippines, when no suitable Wikimedia
Commons image was available. The image collection process
proceeded in two stages, described below.

From TPTI, we prioritized sites with formal heritage des-
ignations, namely UNESCO World Heritage, UNESCO World
Heritage Tentative List, National Cultural Treasure, and Im-
portant Cultural Property, and exhaustively collected images of
these sites across all geographic areas (Metro Manila, Luzon,
Visayas, and Mindanao). We refer to sites with any of these
four designations as high-designation sites, and all other sites
as low-designation sites.

After establishing this high-designation subset, we defined
a set of heritage categories based primarily on each site’s func-



tion, and manually assigned each high-designation site to one of
these categories. We then grouped the sites by heritage category
and geographic area, and identified combinations that fell short
of a target of 15 sites per category—area pair, a threshold set to
ensure sufficient representation for each combination.

To fill these gaps, we added low-designation sites from
TPTI, collecting an image for each candidate site before includ-
ing it in Tanawpamana. To do this efficiently, we used a frontier
model (Claude Sonnet 5) to preliminarily assign each candidate
site to a heritage category, which helped identify which sites
would best fill the remaining gaps. These model-generated la-
bels were only a rough first pass to speed up image collection.
All labels were later verified and corrected manually accord-
ing to the assignment rule described in Section 3.2.1. We also
researched and standardized each site’s official and alternative
names as part of the dataset metadata.

All collected images went through a preprocessing proce-
dure before being added to the dataset. First, we inspected and
cropped each image to remove any post-processed text, such as
labels, captions, or overlaid annotations, so that models would
rely on the visual appearance of the site itself rather than on text.
We also stripped embedded image metadata to remove any other
non-visual information. Finally, we resized the cropped images
so that neither dimension (height or width) exceeded 1024 pix-
els, standardizing image size and reducing computational load
while preserving enough visual detail for recognition tasks.

3.2. Feature Enrichment
3.2.1. Heritage Category

Since the Talapamana registry does not provide a standardized
functional classification suitable for computer vision tasks, we
manually defined and assigned a heritage category for each site.
The final taxonomy consists of ten categories, shown with sam-
ple photos in Figure 2: Religious Building, Civic Building, In-
stitutional Building, Historic Building, Old House, Monument,
Bridge, Military Structure, Cultural Landscape, and Miscella-
neous.

These categories are not part of the official NCCA classi-
fication and were introduced solely to support benchmark con-
struction. In particular, they facilitate the selection of visually
similar distractors for the hard recognition tasks, as sites within
the same heritage category often share similar visual charac-
teristics (e.g., churches are generally more visually similar to
other churches than to bridges). Because buildings constitute a
large proportion of the heritage sites in the dataset, they were
further subdivided into Civic Building (associated with local
or national government) and Institutional Building (associated
with educational institutions), with Historic Building serving as
a catch-all category for buildings that fit neither classification.

As a general rule, category assignment was based primar-
ily on each site’s intended function. However, when a site’s
function was ambiguous, assignment instead prioritized visual
appearance over institutional function, since visual similarity is
what determines distractor difficulty. For example, a church af-
filiated with an educational institution would be classified as a
Religious Building rather than an Institutional Building under
this rule.

3.2.2. Talapamana-Derived Features

To improve Tanawpamana’s suitability for vision-language re-
search, we enriched metadata fields from Talapamana’s records.
These include creating individual binary flags for a site’s desig-

Tanawpamana Heritage Category

Ten functional categories for organizing heritage sites

Miscellaneous

Military Structure Cultural Landscape

Figure 2: Heritage categories used in Tanawpamana, each
shown with a sample photo.

nation statuses, such as UNESCO World Heritage, UNESCO
World Heritage Tentative List, NCT, ICP, recognition as a Na-
tional Artist Work, National Historical Landmark, and Heritage
House, alongside expanding alternative names gathered during
manual curation and standardizing site names for cases where
the original name was ambiguous (e.g., “Rizal Monument,”
which refers to any of several distinct monuments across the
country).

Tanawpamana also includes a QUESTION_STEM field,
which reformulates each site’s historical description from Ta-
lapamana into a question suitable for benchmarking. The con-
struction of this field is described in Section 4.2.

3.2.3. Image Licensing

Tanawpamana includes explicit licensing information for every
image, recording its source, author, license, and the modifica-
tions applied. Each image retains the license of its source: of
the 499 images, 375 are licensed under CC BY-SA, 97 are in
the public domain or CCO, 19 are licensed under CC BY, one
is under an attribution-only license, and seven are Philippine
government works included for non-commercial research use.

3.3. Data Characterization

Table 1 summarizes the distribution of the Tanawpamana
Dataset across heritage categories and geographic areas. Al-
though the collection strategy aimed to improve coverage across
categories and regions, the final distribution remains non-
uniform. This reflects the varying degrees to which heritage
sites are documented online.

Religious buildings are substantially overrepresented in
the dataset. As shown in Table 1, Religious Building is the
largest heritage category, comprising 97 of 499 sites (19.4%),
about 1.6 times the size of the next-largest category. This con-
centration is primarily driven by the exhaustive inclusion of
high-designation sites, where religious heritage constitutes a
substantial proportion of formally recognized properties: 89.7%



Table 1: Number of sites per category and geographic area.

Category Metro Manila Luzon Visayas Mindanao
Religious Building 21 42 23 11
Civic Building 16 15 16 7
Institutional Building 16 16 15 4
Historic Building 15 16 17 2
Old House 17 15 15 3
Monument 15 15 16 7
Bridge 7 15 4 2
Military Structure 8 15 10 4
Cultural Landscape 15 18 16 12
Miscellaneous 4 6 2 6

Below target (< 15)

of Religious Building sites belong to the high-designation sub-
set, compared with 41.3% of all sites in the dataset.

Mindanao is underrepresented across both publicly
available images and heritage designation. Cells highlighted
in soft blue in Table 1 indicate category—area combinations for
which fewer than 15 images could be collected despite exhaus-
tive search. These shortfalls occur primarily in Mindanao, sug-
gesting limited online documentation for heritage sites in the
region. Figure 3 further shows that Mindanao also has the
lowest proportion of high-designation sites, with only 6 of 58
sites (10.3%) belonging to the high-designation subset, com-
pared with 50.7%, 48.0%, and 36.6% for Metro Manila, Luzon,
and Visayas, respectively. Together, these patterns indicate that
Mindanao is disadvantaged along two dimensions: visual doc-
umentation availability and formal heritage recognition.
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Figure 3: Distribution of heritage sites by geographic area and
designation status.

4. Tanawpamana Benchmark

Overview. The Tanawpamana Benchmark is designed to eval-
uate two complementary capabilities of vision-language mod-
els: (1) their ability to recognize Philippine heritage sites from
images and (2) their ability to retrieve relevant cultural knowl-
edge. Accordingly, the benchmark consists of two task suites:
the Recognition Suite, which evaluates visual identification, and
the Knowledge Suite, which evaluates factual, geographic, and
designation-related knowledge that is largely independent of vi-
sual recognition. While both suites test only entity-level recog-
nition and knowledge, rather than the interpretive or experien-

tial dimensions of culture, we consider them necessary, though
not sufficient, conditions for cultural understanding. A model
cannot be said to understand a heritage site’s cultural signifi-
cance if it cannot identify the site or recall basic facts about it.

Each benchmark item is formulated as a four-option
multiple-choice question. This format enables standardized
evaluation across models while preserving metadata required
for post-hoc analysis of performance across heritage categories,
geographic areas, and designation statuses.

4.1. Task Suite

The Tanawpamana Benchmark consists of 4,046 multiple-
choice tasks, including 1,960 Recognition Suite tasks and 2,086
Knowledge Suite tasks. A breakdown of the benchmark com-
position is provided in Table 2.

Table 2: Distribution of tasks in the Tanawpamana Benchmark.

Suite Task Count
Recognition Suite
Image-to-Name (Easy) 499
Image-to-Name (Hard) 481
Name-to-Image (Easy) 499
Name-to-Image (Hard) 481
Recognition Total 1,960
Knowledge Suite
General Information 365
Short Description 481
Location (Text) 499
Location (Image) 499
Designation 242
Knowledge Total 2,086
Total 4,046

4.1.1. Recognition Suite

The Recognition Suite evaluates whether models can identify
Philippine heritage sites through image—name associations. It
consists of two task formats: Image-to-Name, where a site im-
age is provided and the model must select the corresponding
heritage site name, and Name-to-Image, where a site name is
provided and the model must identify the corresponding image.

Each format contains two difficulty levels, easy and hard.
The easy setting uses cross-category distractors, where candi-
date sites belong to different heritage categories and can often
be distinguished through broad visual characteristics. The hard
setting uses same-category distractors, requiring models to dis-
tinguish between visually similar heritage sites rather than re-
lying only on general architectural or functional cues. This de-
sign aims to evaluate fine-grained heritage recognition beyond
coarse category-level recognition.

4.1.2. Knowledge Suite

General Information. The General Information task evaluates
whether models can associate descriptive historical information
with specific heritage sites. Given a question derived from a
site’s historical description, models must select the correspond-
ing heritage site from four candidate options. This task mea-
sures the ability to retrieve cultural knowledge from contextual
information such as historical events and architecture style.
Short Description. The Short Description task evaluates
whether models can identify heritage sites from limited contex-



tual information. Given only a heritage category and geographic
area, models must select the corresponding site from four can-
didate options. Unlike the General Information task, which pro-
vides richer historical descriptions, this task uses coarser cate-
gorical and geographic cues, measuring whether models have
broader associations among heritage sites, their function, and
regional context.

Location (Text). The Location (Text) task evaluates geo-
graphic knowledge of heritage sites. Given the name of a her-
itage site, models must identify its corresponding geographic
area. This task measures the ability to associate named heritage
entities with their documented locations.

Location (Image). The Location (Image) task evaluates
geographic inference from visual information. Given an image
of a heritage site, models must also identify its corresponding
geographic area. When compared with Location Text, this task
allows analysis of the difference between explicit geographic
knowledge and location inference from visual appearance.

Designation. The Designation task evaluates knowledge of
official heritage recognition. Given a designation type, such as
National Cultural Treasure or UNESCO World Heritage Site,
models must identify the corresponding heritage site that holds
it. This task measures whether models have knowledge of for-
mal heritage statuses rather than relying solely on visual famil-
iarity or general popularity.

4.2. Benchmark Construction

Except for General Information, all Tanawpamana Benchmark
tasks are deterministically constructed from the TPTI Dataset.
This design ensures that every item has a gold answer grounded
in authoritative heritage records rather than model-generated or
weakly supervised labels. General Information uses an LLM-
assisted pipeline for question generation. However, it is con-
strained by rule-based filtering and validation, with all LLM
calls performed at temperature O to improve reproducibility.

Recognition Tasks. Each heritage site was included as a
target instance in the recognition tasks, ensuring that all en-
tries appeared as correct answers. Distractors were randomly
sampled from eligible candidates according to task difficulty.
Easy tasks used cross-category distractors, while hard tasks
used same-category distractors. The Miscellaneous category
was excluded from hard recognition tasks because it did not
represent a consistent visual category.

Knowledge Tasks. Knowledge tasks were constructed us-
ing different procedures depending on the source information
used to generate each question.

For the General Information task, heritage descriptions
from the TPTI Dataset were converted into question—answer
pairs through an LLM-assisted pipeline. Entries without us-
able descriptions were first excluded. The remaining descrip-
tions were then processed by an LLM to redact site names and
alternative names while preserving informative generic terms.
A second LLM acted as a judge to determine whether each
redacted description contained sufficient distinguishing infor-
mation for question construction. Descriptions that passed this
filtering stage were converted into a question and an accom-
panying exclusion principle using another LLM. The exclusion
principle explicitly identified the information required to distin-
guish the correct answer from the distractors. All LLM calls
in this pipeline used GPT-40-Mini with the temperature set to
0. The resulting 365 items underwent full manual review and
were found to be specific, grounded in facts drawn from TPTI’s
descriptions, and to admit a single correct answer.

The Short Description task was constructed directly from
each site’s heritage category and geographic area. The Mis-
cellaneous category was excluded because it did not provide a
meaningful categorical constraint.

The Location Text and Image tasks were constructed from
each site’s geographic area metadata. Each heritage site was
used as a query instance and paired with four fixed options:
Metro Manila, Luzon, Visayas, and Mindanao. Location (Text)
used the site name as input, while Location (Image) used the
corresponding image. The identical option structure enabled
direct comparison between the two task variants.

The Designation task was constructed from the designation
metadata of each heritage site. For this task, we considered six
designation types: UNESCO World Heritage Site, UNESCO
World Heritage Tentative List, NCT, ICP, National Historical
Landmark, and National Artist Work. For each site with at least
one of these designations, one designation was randomly se-
lected as the basis for question construction. Distractors were
sampled from sites without the selected designation, including
at least one site from the same heritage category when available.

5. Evaluation
5.1. Models

We evaluated Tanawpamana using seven vision-language mod-
els across three groups. The first group consisted of current-
generation lightweight proprietary models from major model
families: GPT-5.4-Mini, Gemini-3.5-Flash, and Claude-Haiku-
4.5. The second group consisted of current-generation open-
weight models: Qwen3.6-35B-A3B and Llama-4-Maverick.
Finally, two previous-generation models, GPT-40-Mini and
Qwen3-VL-8B-Instruct, were included as legacy baselines.

All models were evaluated in a zero-shot setting using the
multiple-choice format provided by the benchmark. Inference
was performed with temperature set to 0. Models with optional
reasoning modes were evaluated with these disabled. Instead,
all models were instructed to provide a single sentence of rea-
soning before producing their final answer in a fixed format.
Reasoning traces were not used for scoring. Only the extracted
final answer choice was evaluated.

5.2. Scoring

Performance was measured using multiple-choice accuracy.
For each question, the evaluation pipeline stored the complete
model response, extracted the final predicted answer label, and
compared it against the ground-truth label. The generated rea-
soning trace was retained separately for error analysis and was
not used in determining correctness.

We also introduce two aggregate recognition scores, Recog-
nition (Hard) and Recognition (Easy), to summarize the mod-
els’ performance on recognition tasks at each difficulty level.
Specifically,

Hard Hard
AN + ANS T
2 )
where AT and AM* - denote the accuracies of the Image-

to-Name (Hard) and Name-to-Image (Hard) tasks, respectively.
Similarly, Recognition (Easy) Score is defined as

AEasy 4 AEasy

I—-N N—=T
2 )

Recognition (Hard) Score =

Recognition (Easy) Score =

Easy Easy :
where A, and A~ ; are the accuracies of the Image-to-

Name (Easy) and Name-to-Image (Easy) tasks, respectively.



5.3. Error Parsing

Responses that did not contain a valid answer in the required
format, with a maximum output length of 1,024 tokens, were
considered incorrect. Manual inspection of these parsing fail-
ures revealed that most resulted from models indicating that the
correct answer was not among the provided options, or from
producing overly verbose responses that prevented reliable ex-
traction of the final answer.

6. Results

Figure 4 summarizes model performance across the Recogni-
tion and Knowledge suites. Overall, models perform well above
chance (25%, or 34.7% for the Location tasks; see Section 4.2)
on nearly all tasks, demonstrating varying levels of capabil-
ity in identifying and reasoning about Philippine heritage sites.
Within the Recognition track, models perform substantially bet-
ter on Easy tasks than on Hard tasks. The lowest performance
overall is observed on the Designation task, which requires up-
dated knowledge of formal heritage status.

6.1. Recognition

Gemini-3.5-Flash consistently achieves the strongest recog-
nition performance. As shown in Figure 4, Gemini-3.5-Flash
attains the highest accuracy on both Recognition tasks, sub-
stantially outperforming the remaining models. The perfor-
mance gap is modest on Recognition (Easy), where all mod-
els score between 90.0% and 99.2%, but widens considerably
on Recognition (Hard): Gemini-3.5-Flash achieves 92.9% ac-
curacy, compared to a next-best score of 69.4%, indicating a
substantially greater ability to distinguish visually similar her-
itage sites.

Recognition (Hard) provides substantially greater dis-
criminative power than Recognition (Easy). Performance
on Recognition (Easy) is largely saturated, spanning only 9.2
percentage points across all evaluated models (90.0-99.2%).
In contrast, Recognition (Hard) spans 34.4 percentage points
(58.5-92.9%), producing much greater separation between
models. Gemini-3.5-Flash exhibits only a 6.3-point drop from
Easy to Hard, whereas every other model declines by approxi-
mately 25.6-31.5 points. Despite this divergence in difficulty,
per-model accuracy on Easy and Hard is strongly correlated
(r = 0.95), indicating that Recognition (Hard) preserves much
of the same overall model ranking while substantially amplify-
ing the differences between them. These results suggest that the
same-category distractor construction successfully transforms
the task from coarse landmark recognition into fine-grained vi-
sual discrimination, making Recognition (Hard) the primary
source of discriminative signal within the benchmark.

Recognition accuracy is largely invariant across geo-
graphic areas. Despite substantial differences in heritage-site
availability across the four geographic areas represented in the
dataset, Recognition (Hard) performance remains remarkably
consistent. Average accuracy ranges from 66.7% in Luzon to
72.3% in the Visayas, with Metro Manila (68.8%) and Min-
danao (69.1%) performing comparably to the remaining areas
with no detectable disadvantage. The same pattern holds, even
more narrowly, on Recognition (Easy) (91.6-95.2%). These
findings suggest that recognition performance does not track an
area’s underlying documentation scarcity, though we return to
this finding with appropriate caution in Section 7.1 given Min-
danao’s comparatively fewer sites.

High-designation heritage sites are more difficult to rec-

ognize. Recognition (Hard) score is unexpectedly lower for
high-designation sites than for low-designation sites, at 61.9%
and 74.1%, respectively, a gap of 12.3 percentage points. How-
ever, it is important to note that high- and low-designation
sites are not evenly distributed across heritage categories, in-
troducing a potential confounding factor. For example, Reli-
gious Building sites comprise 44.2% of the high-designation
group but only 3.5% of the low-designation group, and this
category is comparatively difficult to recognize regardless of
designation status (55.2% average accuracy across all models,
the third-lowest among all categories). Consequently, part of
the observed 12.3-point gap may reflect differences in category
composition rather than designation status itself. To quantify
this effect, we recalculated the overall accuracy of each desig-
nation group after reweighting category-specific accuracies so
that both groups shared the same heritage-category distribution.
Instead of using each group’s actual category proportions, the
same set of category weights was applied to both groups. Un-
der this standardization, high-designation accuracy increases to
66.7% and low-designation accuracy decreases to 72.4%, re-
ducing the gap from 12.3 to 5.7 percentage points. Thus, 6.6
of the original 12.3-point gap (53.7%) is attributable to differ-
ences in category composition, while the remaining 5.7-point
gap persists after controlling for category.

6.2. Knowledge

Gemini-3.5-Flash consistently achieves the strongest knowl-
edge performance. It attains the highest accuracy on all
five Knowledge tasks, with a substantial lead over every other
model. Among the remaining models, however, proprietary
models do not consistently outperform open-weight ones. Aver-
aged across the five tasks, the open-weight Llama-4-Maverick
(66.0%) performs on par with GPT-5.4-Mini (66.1%) and
clearly exceeds Claude-Haiku-4.5 (60.8%), while the open-
weight Qwen3.6-35B-A3B (60.6%) is on par with Claude-
Haiku-4.5. Knowledge performance therefore depends more on
the individual model than on whether it is proprietary or open-
weight.

Heritage designation is the most challenging knowledge
task. Designation proves difficult for every evaluated model,
with accuracy ranging from only 34.3% to 59.1% and only
Gemini-3.5-Flash scoring above 50%. This contrasts sharply
with tasks such as General Information and Location (Text),
where several models achieve substantially higher accuracy.
The consistency of this pattern across all model families sug-
gests that heritage designation is a distinct and comparatively
difficult form of cultural knowledge for current vision-language
models. Part of this difficulty may stem from designation sta-
tus being periodically updated, which requires models to have
current knowledge of a site’s official recognition.

Models exhibit substantially stronger geographic rea-
soning from text than from images. The Location (Text) and
Location (Image) tasks test the same knowledge, the geographic
area of a heritage site, and differ only in whether the site is
given as its name or as an image. Every evaluated model loses
accuracy when given an image, with drops ranging from 7.6
percentage points for Gemini-3.5-Flash (91.2% to 83.6%) and
7.8 for Qwen3-VL-8B-Instruct to 24.0 for both GPT-5.4-Mini
and Claude-Haiku-4.5. This consistent gap indicates that these
models often possess the relevant geographic knowledge but fail
to reliably ground it when given only an image.
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Figure 4: Model accuracy across seven task clusters spanning the Recognition (Easy/Hard) and five Knowledge tasks.

7. Discussion
7.1. Regional Representation Gaps

Mindanao’s representational scarcity in Tanawpamana, both in
publicly available images and in high-designation heritage sites,
reflects a broader pattern documented in Philippine scholarship.
The region remains comparatively low-resource for both nat-
ural language and vision-language research, and has been de-
scribed in cultural scholarship as “relegated in academic re-
search and scholarship to peripheral status at best, silence more
commonly... total erasure at worst” relative to Luzon-centered
narratives of national culture [16].

Such geographic imbalances are generally associated
with reduced recognition performance in machine learning
datasets [17]. We find no evidence of this in Tanawpamana:
on Recognition (Hard), Mindanao sites and sites from the re-
maining areas both average 69.1%. This should not be read as
regional parity, however, for two reasons.

First, the comparison has limited statistical power. Min-
danao contributes only 52 sites to the Recognition (Hard) tasks,
compared with 429 from the remaining areas. Because all seven
models are evaluated on the same sites, their responses to a
given site are not independent, so we use the site as the unit of
analysis, scoring each site by its accuracy over its 14 Recogni-
tion (Hard) responses (two tasks across seven models). Resam-
pling sites with replacement 10,000 times gives a 95% bootstrap
confidence interval of —7.7 to 47.5 percentage points for the
Mindanao difference. A two-sample comparison of these group
sizes would detect a true difference with 80% power (o = 0.05)
only if it were about 11 percentage points or larger, given a site-
level standard deviation of 27.7 percentage points. A Mindanao
disadvantage larger than about 8 percentage points is therefore
unlikely, but a smaller one cannot be excluded.

Second, Mindanao sites may be unrepresentative. Be-
cause Tanawpamana relies exclusively on publicly available im-
agery, the collected Mindanao sites may be biased toward those
with disproportionately strong online documentation, and thus
a greater likelihood of prior model exposure. The observed
recognition performance may therefore reflect the visibility of
the sites that passed our collection criteria rather than genuine

regional parity in model knowledge.

Taken together, our results show an absence of evidence for
a large Mindanao disadvantage, not evidence that models rec-
ognize Mindanao heritage as well as heritage elsewhere. Set-
tling this question would require more Mindanao sites, includ-
ing less-documented ones.

7.2. Fine-Grained Discrimination as a Bottleneck

Every model performs worse on Recognition (Hard) than on
Recognition (Easy), showing the difficulty introduced by same-
category distractors that look similar to the target. This sup-
ports the distinction drawn by OVEN [9] between category-
level and entity-level recognition: models that fail on Tanawpa-
mana’s hard tasks typically confuse the target with another site
of the same category rather than failing at recognition entirely.
FG-BMK [18] similarly finds that current large vision-language
models remain limited fine-grained recognizers across domains.
Our results show the same pattern for Philippine heritage, which
is that models often identify a site’s general category correctly
but fail to identify the specific site.

Gemini-3.5-Flash’s much smaller Easy-to-Hard drop sug-
gests that its advantage lies in more precise visual discrimina-
tion rather than broader landmark familiarity. Overall, the key
challenge for current VLMs in heritage recognition is not iden-
tifying general architectural types, but distinguishing between
visually similar sites.

7.3. The Gap Between Visual and Textual Geographic
Knowledge

The gap between text-based and image-based geographic
knowledge aligns with broader findings in multimodal evalu-
ation, where vision-language models often fail to match text-
only models on knowledge that is nominally associated with the
visual world. A recent cross-modal benchmark, for example,
found that VLMs perform significantly worse on visual ground-
ing dimensions compared with other modalities representing the
same underlying knowledge [19].

Our results extend this observation to a real-world cultural
and geographic setting. The same geographic fact (i.e., a her-



itage site’s area) is retrieved substantially more reliably when
provided with the site’s name than when provided only with an
image. This suggests that much of current VLMs’ geographic
knowledge remains encoded through textual associations rather
than grounded visual representations. Improving this modality
alignment remains an open challenge distinct from increasing a
model’s factual knowledge capacity.

7.4. Error Analysis

We manually analyzed errors from Gemini-3.5-Flash, the best-
performing model among those evaluated, using sampled model
reasoning across different benchmark tasks. We identify the
most common failure patterns observed across recognition and
knowledge categories.

In Recognition (Easy), predictions were primarily based
on broad architectural reasoning. The model relied on visi-
ble characteristics such as building style and structure, which
were usually sufficient for distinguishing distractors. In Recog-
nition (Hard), however, the same visual reasoning strategy be-
came less effective due to same-category distractors. As a re-
sult, errors in this task were dominated by visually similar site
confusion. The model continued to rely on architectural fea-
tures, but these often lacked the discriminative power needed to
distinguish sites within the same heritage category, leading it to
predict visually similar yet incorrect candidates.

Across General Information, Short Description, and Desig-
nation, the dominant failure mode was misattribution, that is,
the model associated the provided historical information, de-
scription, or designation status with an incorrect heritage site
among the candidate answers. A similar pattern appeared in
Location (Text), where errors typically involved assigning a her-
itage site to the wrong geographic area.

Unlike these text-based tasks, Location (Image) errors were
primarily caused by visual misidentification. The model first
confused the depicted heritage site with another candidate and
subsequently selected the geographic information associated
with that incorrectly identified site.

In summary, recognition failures primarily reflect difficul-
ties in fine-grained visual discrimination, whereas knowledge
failures more often arise from incorrect associations between
heritage entities and their corresponding attributes.

8. Limitations
8.1. Tanawpamana Dataset

The heritage categories introduced in Tanawpamana are
benchmark-oriented rather than official classifications. The
NCCA Talapamana registry does not provide a functional tax-
onomy for computer vision applications, so we introduced cat-
egories based on site function and visual characteristics. Some
sites’ category assignment is inherently ambiguous. These cat-
egories should therefore be interpreted as benchmark-oriented
groupings rather than as formal cultural classifications.

The dataset reflects a snapshot of the Talapamana reg-
istry. The registry was accessed in January 2026, and since Ta-
lapamana is periodically updated, including updates recorded
in May 2026, Tanawpamana represents a time-stamped snap-
shot rather than a permanent inventory of Philippine heritage
records. This is most consequential for the dataset’s designa-
tion fields, which are the metadata most likely to change over
time and may no longer reflect a site’s current status.

8.2. Tanawpamana Benchmark

Each heritage site is represented by only one image. Recog-
nition performance may therefore partly reflect image-specific
factors, such as viewpoint, lighting, resolution, or framing,
rather than a model’s actual familiarity with the site. Future
work can expand the dataset with additional images per site to
separate these factors from site-level recognition, and further
verify the collected images.

The evaluation does not include regionally adapted
models. All evaluated models are general-purpose. Models
trained with greater Southeast Asian coverage, such as SEA-
LION [20] and Aya Vision [21], could be evaluated in future
work to test whether regional training improves recognition and
knowledge of Philippine heritage.

Heritage category assignment was performed by a sin-
gle researcher. While assignment followed a defined, function-
based rule rather than ad hoc judgment, inter-annotator agree-
ment was not assessed. Since Recognition (Hard) distractors are
sampled based on these categories, task difficulty may partly re-
flect category design choices in addition to models’ recognition
ability. Future work could quantify agreement between inde-
pendent annotators applying this categorization.

The Designation task is particularly time-sensitive and
may become outdated for future model comparisons. Be-
cause official designation status can change as the Talapamana
registry is updated, gold labels for this task may no longer be
accurate over time. We recommend that future use of the bench-
mark either refresh Designation labels against the current reg-
istry or exclude this task from comparisons.

The benchmark does not include a human performance
baseline. It therefore remains unclear how model performance
compares to human recognition and knowledge.

9. Conclusion

In this paper, we introduce the Tanawpamana Dataset, a collec-
tion of images of Philippine heritage sites, with additional in-
formation derived from the NCCA’s Talapamana registry, along
with the Tanawpamana Benchmark, an evaluation suite de-
signed to assess both visual recognition of Philippine heritage
sites and cultural knowledge about them. The dataset itself re-
flects the current state of Philippine heritage documentation,
with Mindanao remaining underrepresented compared to other
geographic areas.

From our benchmarking, we found that recognition accu-
racy across all evaluated models remains high when distractors
belong to different heritage categories. However, performance
declines sharply when models must distinguish visually simi-
lar sites within the same category, indicating that current mod-
els struggle with fine-grained, entity-level discrimination rather
than coarse visual recognition. Furthermore, a separate pat-
tern emerges for geographic knowledge, with models consis-
tently inferring a site’s geographic area more accurately from
its name than from its image. This finding suggests that geo-
graphic knowledge is more reliably recalled from text than from
visual input alone.

The findings of this study highlight important limitations in
current vision-language models when recognizing and reason-
ing about culturally specific heritage sites. They also demon-
strate the value of evaluating both visual recognition and cul-
tural knowledge, providing a more comprehensive understand-
ing of model capabilities on underrepresented cultural domains
such as Philippine cultural heritage sites.
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