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Abstract

Large language models (LLMs) have been widely evaluated
on macro-scale geographic tasks, such as global factual re-
call, event summarization, and regional reasoning. Yet, their
ability to handle hyper-local knowledge remains poorly un-
derstood. This gap is increasingly consequential as real-world
applications, from civic platforms to community journalism,
demand Al systems that can reason about neighborhood-
specific dynamics, cultural narratives, and local governance.
Existing benchmarks fall short in capturing this complexity,
often relying on coarse-grained data or isolated references.
We present LOCALBENCH, the first benchmark designed to
systematically evaluate LLMs on county-level local knowl-
edge across the United States. Grounded in the Localness
Conceptual Framework, LOCALBENCH includes 14,782 val-
idated question-answer pairs across 526 U.S. counties in 49
states, integrating diverse sources such as Census statistics,
local subreddit discourse, and regional news. It spans phys-
ical, cognitive, and relational dimensions of locality. Using
LOCALBENCH, we evaluate 13 state-of-the-art LLMs under
both closed-book and web-augmented settings. Our findings
reveal critical limitations: even the best-performing models
reach only 56.8% accuracy on narrative-style questions and
perform below 15.5% on numerical reasoning. Moreover,
larger model size and web augmentation do not guarantee bet-
ter performance, for example, search improves Gemini’s ac-
curacy by +13.6%, but reduces GPT-series performance by
—11.4%. These results underscore the urgent need for lan-
guage models that can support equitable, place-aware Al sys-
tems: capable of engaging with the diverse, fine-grained re-
alities of local communities across geographic and cultural
contexts.

Datasets — https://github.com/MadCollab/LocalBench

Extended version with all appendices —
https://arxiv.org/pdf/2511.10459

Introduction

LLMs have been extensively evaluated on tasks involv-
ing macro-scale geographic knowledge, such as factual re-
call (Moayeri, Tabassi, and Feizi 2024), global event sum-
marization (Almeida et al. 2025), and cross-regional spa-
tiotemporal reasoning (Gurnee and Tegmark 2024). These
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evaluations demonstrate that LLMs are capable of handling
broad geographic contexts and structured facts. However,
this focus on macro-scale capabilities obscures a critical lim-
itation examined in this work: LLMs continue to struggle
with hyper-local knowledge, the fine-grained, community-
specific information essential for grounded, real-world ap-
plications that demand geographic and cultural nuance.

The demand for hyper-local Al capabilities is rapidly
growing. Civic platforms rely on Al systems that can nav-
igate local governance structures and community dynam-
ics (Guridi, Cheyre, and Yang 2025), while community jour-
nalism initiatives need Al tools that contextualize events
within local cultural narratives (MacVey 2022). Location-
aware services must reason about neighborhood-specific
preferences and constraints (Chen et al. 2024; Tang et al.
2024; Gao et al. 2025). Despite these needs, current LLMs
often default to generic outputs or propagate biases, fail-
ing to capture the multifaceted nature of local knowledge,
which includes not only statistical facts but also cultural
norms, vernacular expressions, and community interactions,
etc. (Gao, Cranshaw, and Thebault-Spieker 2025).

Existing benchmarks have made important progress in
evaluating geographic knowledge, but they fall short in
capturing the fine-grained complexity of local reasoning
required for real-world, community-centered applications.
Prior work focuses largely on global factual recall (Moay-
eri, Tabassi, and Feizi 2024; Almeida et al. 2025), iso-
lated cultural references (Shi et al. 2025; Dudy et al. 2025),
or generative descriptions of place identity in urban set-
tings (Jang et al. 2024), often targeting specific regions, sub-
jective narratives, or coarse-grained indicators. Other efforts
highlight geographic biases in model performance (Manvi
et al. 2024a; Zhu, Wang, and Liu 2024), or develop tools for
geospatial inference (Manvi et al. 2024b; Wu et al. 2024),
but do not offer comprehensive frameworks for local knowl-
edge reasoning and evaluation. A core reason for this gap is
that existing evaluations lack the geographic granularity and
knowledge breadth needed to capture how local knowledge
operates in practice. Local reasoning is not just about fac-
tual recall or cultural trivia, but requires integrating statis-
tical indicators, cultural narratives, vernacular expressions,
and community-specific governance knowledge across di-
verse social contexts (Gao, Cranshaw, and Thebault-Spieker
2024; Gao et al. 2025).



Focusing on county-level knowledge offers a tractable
yet underexplored path toward evaluating local reasoning:
(i) counties are the smallest U.S. administrative unit with
consistently reported socio-economic statistics (e.g., ACS,
CDC, USDA), (ii) they map cleanly onto electoral and gov-
ernance structures that drive civic decision-making, mak-
ing it a practical sweet-spot between granularity and data
availability. However, current LLMs systematically overrep-
resent major metropolitan areas, leaving rural and smaller
communities neglected (Manvi et al. 2024a; Sun et al. 2023).
Addressing this imbalance requires an evaluation frame-
work that reflects the full spectrum of localities, especially
those that are underrepresented due to data scarcity. More-
over, it remains unclear whether LLMSs can overcome these
limitations through web search augmentation, particularly
when community-specific knowledge is fragmented or ab-
sent from standard retrieval sources.

In this work, we introduce LOCALBENCH, a benchmark
for evaluating LLMs on county-level local knowledge and
reasoning. Grounded in the Localness Conceptual Frame-
work (Gao, Cranshaw, and Thebault-Spieker 2025), which
defines local knowledge across physical, cognitive, and re-
lational dimensions, LOCALBENCH comprises 14,782 ques-
tion—answer pairs across 526 U.S. counties. It spans all di-
mensions of the framework and is validated via expert anno-
tation.

Using this benchmark, we evaluate 13 leading LLMs
under both closed-book and web-augmented settings. Our
findings reveal clear limitations: the best-performing mod-
els achieve only 56.8% accuracy on narrative-style ques-
tions and struggle with numerical reasoning, falling below
15.5%. Furthermore, increased model scale and current im-
plementations of web augmentation do not guarantee bet-
ter performance: web search improves Gemini (+13.6%) but
harms GPT-series models (—11.4%), and larger or mixture-
of-experts (MoE) architectures show no consistent advan-
tage over smaller non-MoE models.

Our contributions are:

* LOCALBENCH: We introduce the first benchmark tar-
geting U.S. county-level local knowledge and reasoning
to advance research in place-aware Al. It contains 14,782
QA pairs covering 526 counties, spans all dimensions of
localness, and is validated through expert annotation.
Comprehensive LLM evaluation: We present a sys-
tematic evaluation of 13 state-of-the-art LLMs in both
closed-book and web-augmented settings that reveals
how even today’s strongest models falter when con-
fronted with fine-grained, place-aware queries.
Empirical insights for place-aware LLMs: We provide
evidence that challenges the common assumption that in-
creased model size or retrieval augmentation inherently
improves local reasoning, offering actionable insights for
developing future place-aware language models.

Related Work
Localness and Community-Centered Knowledge

Digital-placemaking research shows that community plat-
forms (e.g., neighborhood forums, local subreddits) rely
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on hyper-local information, such as vernacular expressions,
governance details, and shared narratives, to foster civic en-
gagement (Aubin Le Quéré, Naaman, and Fields 2024; Park
et al. 2014; Gao, Cranshaw, and Thebault-Spieker 2024;
Gao, Yousufi, and Thebault-Spieker 2025). LLMs are now
used in this space, yet studies reveal that their place de-
scriptions are often generic or stereotyped, especially out-
side iconic cities (Jang et al. 2024; Zhu, Wang, and Liu
2024). Existing benchmarks probe single facets: global facts
(Moayeri, Tabassi, and Feizi 2024), regional term recogni-
tion (Shi et al. 2025), or city stereotypes (Jang et al. 2024),
but none test whether models grasp the full texture of local-
1ty.

To fill this gap, we adopt the Localness Conceptual
Framework (Gao, Cranshaw, and Thebault-Spieker 2025),
which organizes local knowledge into three interwoven do-
mains: Physical (direct interaction with a place), Cogni-
tive (cultural and local knowledge), and Relational (social
connections and emotional bonds), covering 7 dimensions
and 88 subcomponents. This structure aligns with “sense of
place” theory (Lengen and Kistemann 2012) and provides a
conceptual definition that allows us to ask whether an LLM
can, for example, (i) recognize patterns of long-term resi-
dence (Physical), (ii) recount local history (Cognitive), and
(iii) describe forms of community engagement (Relational).

By using localness as our evaluation lens we move beyond
generalized location-focused knowledge like “The Statue
of Liberty is in New York City,” and evaluate whether
Al systems can surface hyper-local narratives, vernacular,
and community dynamics across urban, suburban, and ru-
ral contexts. In short, we explore if LLMs and agentic web
search approaches are sufficiently capable to be trusted for
community-focused applications.

Geographic Knowledge and Cultural Locality
Benchmarks

Existing benchmarks have made progress in evaluating
LLMs’ geographic knowledge, but they often focus on
global or national-level factual recall. WorldBench (Moay-
eri, Tabassi, and Feizi 2024) tests LLMs on factual recall
of national indicators such as GDP and literacy rates across
over 180 countries. TiEBe (Almeida et al. 2025) evaluates
temporal event recall at global and regional scales, focus-
ing on historically significant world events. These bench-
marks prioritize breadth over locality, without addressing
fine-grained community-specific knowledge.

Other efforts target cultural locality or factual transfer in
regional contexts, but often with limited geographic scope
or narrow task design. LIBRA (Shi et al. 2025) focuses
on New Zealand-specific cultural terms, probing local bias
through term recognition and classification. LoFTI (Dudy
et al. 2025) examines factuality transfer by prompting LLMs
to adapt general knowledge into Indian state- and city-level
contexts. Place Identity (Jang et al. 2024) evaluates genera-
tive descriptions of cities, but focuses exclusively on urban
areas, leaving suburban and rural communities unexamined.

These benchmarks address valuable aspects of cultural
knowledge but lack systematic evaluation of local knowl-
edge across diverse geographic and social settings.



Geospatial Reasoning and Spatial Bias Probing

Other benchmarks target spatial reasoning and geographic
bias, but do not comprehensively evaluate local knowledge
reasoning. TorchSpatial (Wu et al. 2024) assesses geospa-
tial representation learning using geo-tagged image classi-
fication tasks, while GeoLLM (Manvi et al. 2024b) probes
population inference and location classification via Open-
StreetMap and WorldPop data. These efforts focus on spa-
tial embeddings and regression tasks, rather than reasoning
over local cultural or governance contexts.

Complementing these tasks, several studies highlight geo-
graphic performance biases in LLMs, particularly their ten-
dency to perform better on well-documented, high-resource
regions while struggling with underrepresented communi-
ties (Manvi et al. 2024a; Zhu, Wang, and Liu 2024). These
works document systematic failures in representing less-
popular or under-resourced areas, but focus primarily on
analyzing model outputs across regions rather than provid-
ing structured benchmarks for evaluating local knowledge
breadth and depth.

Broader efforts in geoscience and geospatial foundation
models address related challenges but remain orthogonal to
the problem of local knowledge reasoning. GeoGPT (Zhang
et al. 2023) introduces a tool-augmented pipeline for exe-
cuting geospatial tasks and querying geospatial APIs, while
Contrastive Spatial Pretraining (CSP) (Mai et al. 2023) de-
velops multimodal foundation models via visual-text con-
trastive learning on remote sensing data. These methods ad-
vance spatial understanding but do not target natural lan-
guage evaluation of local, community-level knowledge.

Benchmark Construction

We introduce LOCALBENCH, a large-scale benchmark de-
signed to evaluate LLLMs’ ability to reason over county-
level local knowledge. The dataset comprises 14,782 ques-
tion—answer (QA) pairs covering 526 U.S. counties, with a
balanced distribution across urban, suburban, and rural re-
gions. Each QA pair is aligned to a ground-truth source and
annotated according to the Localness Conceptual Frame-
work.

Nature of Localness Evaluation

LOCALBENCH targets a core limitation of current LLMs:
reasoning about hyper-local knowledge that is often diffi-
cult to retrieve online. Many questions require information
from small local media outlets such as county newsletters,
or community-level discussions from hyper-local forums
like Reddit threads. Other questions demand understand-
ing of fragmented institutional data, such as neighborhood-
specific census metrics or municipal reports. These sources
are rarely indexed comprehensively by search engines, are
inconsistently formatted, and frequently require interpretive
aggregation rather than direct retrieval (Gao, Cranshaw, and
Thebault-Spieker 2024).

Data Sources

LOCALBENCH integrates three complementary data sources
that together capture both structured and unstructured local
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knowledge. From the U.S. Census Bureau and other cen-
sus data sources like USDA Agricultural Statistics Service,
National Register of Historic Places, we extract 34 local-
ness indicators, spanning cognitive, physical, and relational
domains as described by Gao, Cranshaw, and Thebault-
Spieker (2025). Examples include the cropland fertilization
rate (cognitive), the percentage of residents living in the
same home for more than five years (physical), and total bal-
lots cast in the 2020 election (relational).

Using Rural-Urban Continuum Codes (RUCC), we strati-
fied counties into urban (RUCC 1-3), suburban (4-6), and
rural (7-9) groups. From the 681 counties with complete
data across all 34 indicators, we sample 60 counties per
group (N=180). This structured source yields 6,120 QA
pairs directly incorporated into the final dataset without
quality filtering, evenly split between numerical questions
(e.g., “What is the median household income in County X?”)
and comparison questions (e.g., “How does County X’s un-
employment rate compare to County Y’s?”). Appendix 14
lists the corresponding QA pairs.

To capture unstructured local discourse, we further col-
lect subreddit data from “The Global List of Local Red-
dits,” from r/LocationReddit. We then manually inspected
each subreddit and associated each subreddit with its cor-
responding county. Data from January 2024 to March 2025
includes posts and the top-50 comments per thread, initially
generating 4,210 candidate QA pairs, yielding 4,000 final
QA pairs after quality filtering. These final QA pairs focus
on narrative and interpretive aspects of local culture, events,
and community concerns.

Additionally, we use the NELA-Local corpus (Horne
et al. 2022), containing over 1.4 million local news arti-
cles from 313 U.S. outlets published between April 2020
and December 2021. Articles are tagged at the county level,
initially generating 4,897 candidate QA pairs, which results
in 4,662 final QA pairs after quality filtering. These final
QA pairs cover governance, civic activities, and hyper-local
events that were reported in local news outlets.

Across all sources, the pipeline processes 15,527 initial
generation attempts, achieving an overall success rate of
96.9% to produce the final dataset of 14,782 QA pairs cov-
ering 526 unique counties across 49 states, with geographic
diversity confirmed via Moran’s I = —0.003 (p = 0.491),
indicating no spatial autocorrelation.

QA Generation Pipeline

Step #1: Raw Generation Figure 1 illustrates the three-
stage pipeline for QA pair generation and validation. In the
first stage, we use the OpenAl 03 model to generate can-
didate QA pairs from the source materials. The generator
operates with a temperature parameter of 0.7, top-p param-
eter of 0.9, and max_tokens parameter of 200, producing
1-3 QAs per document to balance diversity and quality. Im-
portantly, generation is constrained to reason over the given
input rather than hallucinate external knowledge, ensuring
county-specific grounding.

Step #2: Multi-Rule Filter Census-derived QA pairs by-
pass the quality control pipeline due to their structured na-
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- QA generation instructions
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Local news

Local subreddits

Step #3: Feedback-Driven
Refinement

Targe
Refin

Question: In Glacier National Park, what year did the
CCME program begin monitoring Sperry Glacier?
Context: November 24, 2020, a Missoula County,
Montana news report detailed how research teams
are documenting the rapid retreat of glaciers in
Glacier National Park. Scientists with the CCME

ted
ed

Assessments Results
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Step #2: Multi-Rule Filter

Step #4: Classification

Figure 1: LOCALBENCH construction pipeline. The process involves QA generation using a reasoning model and quality

analysis via LLM-based assessment and filtering.

ture and verified accuracy. For Reddit and news sources
(9,107 candidate pairs), a QA Quality Analyzer filters
the generated pairs using a fine-tuned GPT-40-mini model
trained via Direct Preference Optimization (DPO) (Rafailov
et al. 2023). The training dataset consists of 473 human-
annotated QA pairs, which were labeled by two graduate
researchers with inter-annotator agreement x = 0.84. The
analyzer evaluates each pair on nine criteria, including single
factual answer validation, geographic grounding, subjectiv-
ity filtering, privacy preservation, and temporal consistency,
and others (detailed in Appendix 3). Training parameters in-
clude a learning rate of one, batch size of eight, and two
epochs.

Step #3: Feedback-Driven Refinement Reddit and news-
derived pairs failing any quality criterion enter an iterative
re-generation loop, where the QA Generator receives tar-
geted feedback and retries up to three times. If a pair fails all
attempts, we remove it from the dataset. After three regen-
eration rounds, we retain 95.2% of non-census pairs, con-
tributing to the overall 96.9% dataset success rate.

Human Verification. To validate filter accuracy, two inde-
pendent human annotators annotated 500 randomly sampled
QA pairs. The annotators achieved inter-annotator agree-
ment of x = 0.78. When comparing with our QA Qual-
ity Filters’ output, we observed an overall F1-score of 0.94.
There is no meaningful correlation across error cases, sug-
gesting that our QA Quality Analyzer produces QA pairs of
equivalent quality across different kinds of QA pairs (corre-
lation analysis results are in Appendix 5).

Step #4: Localness Attribute Classification FEach vali-
dated QA pair undergoes localness classification according
to the Localness Conceptual Framework using the 03 model.
The classifier receives the question, answer, and original
source context, then assigns labels across four hierarchical
levels: domain (Physical/Cognitive/Relational), dimension,
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component, and subcomponent. Classification operates with
a temperature parameter of 0.3 and a max_tokens parameter
of 150 to ensure consistent, focused outputs. The classifi-
cation prompt instructs the model to analyze the QA pair’s
core focus and assign the most specific applicable labels.
This hierarchical structure ensures comprehensive coverage
while maintaining classification granularity needed for de-
tailed analysis.

Human Verification. To validate classification accuracy,
two independent human annotators annotated 200 randomly
sampled QA pairs. The annotators achieved inter-annotator
agreement of k = 0.87. When comparing human annota-
tions against 03 classifications, we observed 94.2% preci-
sion across all classification levels, with domain-level preci-
sion reaching 98.5%.

Dataset Statistics

Table 1 provides comprehensive statistics for the final LO-
CALBENCH dataset, broken down by localness components
and data sources. The dataset exhibits balanced coverage
across all major localness categories while maintaining con-
sistent content complexity across components.

Evaluation Setup
Evaluation Protocol

As noted above, our analysis focuses on both prominent pro-
prietary and open source LLMs, both without web search
augmentation, and where possible, with web search augmen-
tation as well. To ensure reproducibility, all models are run
with temperature parameters set to 0.0, and maximum to-
ken output parameters of 256 tokens. Each model receives
standardized prompts designed to elicit factual, grounded re-
sponses while allowing models to express uncertainty when
appropriate. Each model is evaluated over three independent
runs with different random seeds and we report mean scores.
For statistical comparisons, we conduct paired t-tests with



Domain Dimension Number QLen CLen ALen Census Reddit News Rural Suburban Urban
Physical Place Interaction 1,330 28.9 63.9 53 180 663 487 306 337 687
ysiea Temporal Presence 2907 292 624 42 1260 567 1,080 724 818 1,365
Cultural 1435 285 636 44 720 286 429 352 411 672
Cogniti Understanding
O8MUYE  Environmental Cognition 1,739 303 632 5.3 540 860 339 519 471 749
Local Knowledge 3,855 28.5 63.1 4.5 1620 914 1,321 987 1,088 1,780
. Emotional Connection 838 26.8 64.2 3.0 720 54 64 254 267 317
Relational Social/Communit;
y 2,678 27.5 63.6 4.5 1080 656 942 651 T74 1,253
Engagement
Overall _ 14,782 2849 6345 443 6,120 4,000 4,662 3,793 4,166 6,823

Table 1: Dataset statistics by localness dimensions and data sources, with counts by RUCC group. QLen, CLen, and ALen
represent the average token lengths of the Query, Context, and Answer, respectively. Token counts are measured using the GPT-

40 tokenizer.

Bonferroni correction (¢ = 0.05) to control for multiple
comparisons.

Models Evaluated

We evaluate a diverse set of models across different capabil-
ity tiers. Proprietary models include GPT-40 (gpt-40-2024-
08-06), GPT-4.1 (gpt-4.1-2025-04-14) (OpenAl 2025),
Gemini-2.5-Pro, Gemini-2.5-Flash (Google 2025), Claude-
4-Sonnet (claude-sonnet-4-20250514), Claude-3.7-Sonnet
(claude-3-7-sonnet-20250219) (Anthropic 2025), Qwen3-
235B-A22B/30B-A3B/32B/14B/8B (Yang et al. 2025). We
also test web-augmented configurations, including GPT-
4.1 with Search API integration and Gemini-2.5-Pro with
Search Grounding.

Evaluation Metrics

We adopt a multi-faceted evaluation framework designed to
capture factual correctness, semantic equivalence, numeric
reasoning accuracy, and model confidence alignment. This
is necessary to address the diverse formats and ambiguity
present in locality-grounded questions. In all cases, we pose
the question in our QA pairs to the LLM, and collect its gen-
erated answer. We then compare the generated answer to our
ground-truth answer in our QA pair, based on these metrics.

To evaluate factual correctness, we compute both Exact
Match (EM), which enforces strict string equality after nor-
malization, and ROUGE-1 F1, which tolerates paraphrasing
through unigram overlap. To capture deeper equivalence be-
yond lexical variation, we compute a semantic match score:
the cosine similarity between dense embeddings of the gen-
erated answer and our ground-truth answer, obtained with
OpenATl’s text -embedding-3-small.

For numerical answers, we report numerical accuracy,
which counts a numerical prediction as correct if its relative
error is under 2% of the gold value (and requires an exact
zero when the gold answer is zero).

To handle ambiguous cases where answers may vary in
surface form but remain valid, we introduce a GPT Judge
mechanism. A GPT-40-mini model receives the full QA con-
text: original question, gold answer, generated answer, and
any supporting evidence, and outputs a binary judgment of

correctness. We also capture the log-probability of the gen-
erated judgment token (e.g., “Correct” or “Incorrect”), al-
lowing us to interpret the model’s confidence in its assess-
ment. To validate our GPT-based judge, we conduct human
annotation on 200 randomly selected samples. The results
show that the judge aligns with human annotations in 96%
of cases, which demonstrates its reliability for downstream
evaluation.

Lastly, we compute the answer rate as the proportion of
model outputs that provide substantive responses (i.e., ex-
cluding empty or “I don’t know” answers), reflecting model
willingness to engage with local queries.

Results

We evaluate the performance of state-of-the-art LLMs on
LOCALBENCH to assess their capacity for local knowledge
reasoning. Our analysis reveals substantial challenges that
persist across task types, model architectures, and augmen-
tation strategies.

A major finding is the sharp divide between non-
numerical and numerical performance. While models such
as Gemini-2.5-Pro+Grounding reach up to 56.8% GPT
Judge accuracy on non-numerical questions, performance
on numerical Census tasks remains critically low, with no
model exceeding 12.8% accuracy. We observe that mod-
els sometimes refuse to answer numerical queries by ex-
plicitly stating a lack of knowledge. In particular, GPT-40
answers only 39.8% of such questions, whereas all other
later-released models respond to at least 75%. This dis-
crepancy may reflect updates in training data or changes in
post-training strategies over time, amid the rapidly evolv-
ing landscape of LLM development. Web augmentation
further exposes architectural differences in retrieval inte-
gration. Gemini models benefit substantially from exter-
nal evidence, while surprisingly, GPT-4.1+Web exhibits de-
graded performance and reduced answer rates, suggesting
that retrieval-based grounding can increase model uncer-
tainty when poorly integrated. Model scaling does not con-
sistently improve local knowledge reasoning. Larger models
often underperform their smaller counterparts, and mixture-
of-experts architectures fail to outperform dense models. In
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Model Non-Numerical QA Numerical QA
EM ROUGE-1 Semantic GPT Judge AnsRate | Accuracy Ans Rate

GPT-40 22.0 30.7 53.0 32.8 99.6 6.2 39.8
GPT-4.1 32.2 52.5 74.1 47.0 100.0 6.2 100.0
GPT-4.1+Web 13.5 27.9 432 35.6 92.9 15.5 92.0
Gemini-2.5-Pro 28.0 52.0 70.5 52.5 100.0 12.8 100.0
Gemini-2.5-Flash 31.1 46.0 67.6 432 100.0 7.5 100.0
Gemini-2.5-Pro+Grounding | 21.9 50.1 66.0 56.8 91.7 12.8 100.0
Claude-Sonnet-4 234 38.5 64.0 39.7 100.0 7.1 97.3
Claude-Sonnet-3.7 21.7 42.5 65.5 43.7 100.0 8.4 91.2
Qwen3-235B-A22B 19.9 29.0 54.0 27.3 99.3 6.6 77.0
Qwen3-30B-A3B 20.5 29.6 54.9 28.0 99.7 2.2 100.0
Qwen3-32B 20.0 29.9 55.4 27.7 99.7 4.9 99.1
Qwen3-14B 19.5 29.8 554 27.5 99.6 4.0 100.0
Qwen3-8B 16.3 27.2 54.1 22.9 99.6 3.1 75.2

Table 2: Performance Results Across Non-Numerical and Numerical QA

particular, spatially grounded numerical reasoning remains
elusive even for the largest proprietary models, indicating
that these limitations stem not from scale but from represen-
tational and architectural mismatches.

Taken together, these results highlight the persistent diffi-
culty of local knowledge tasks for current LLMs. Address-
ing these limitations will require new modeling approaches
that explicitly encode geographic reasoning and better han-
dle context-dependent, place-specific information.

Breaking Down Model Performance

While average accuracy offers a basic ranking of models,
effect size analysis reveals the magnitude and reliability of
performance differences. We quantify performance differ-
ences with Cohen’s d, a standardized mean-difference that
expresses how many pooled standard deviations separate
two systems; values near 0.20, 0.50, and 0.80 are conven-
tionally interpreted as small, medium, and large effects, re-
spectively (COHEN 1992). To protect the family-wise er-
ror rate during the many pairwise contrasts, we adjust each
p-value with the Bonferroni procedure (Bland and Altman
1995) (results details in Appendix 9 and 10).

For non-numerical tasks, the Gemini-2.5-Pro+Grounding
achieves the highest performance with 56.8% accuracy and
a large positive effect size (d = +0.485,p < 0.001) rel-
ative to GPT-4.1. GPT-40 shows significant performance
degradation with 32.8% accuracy and a large negative ef-
fect size (d = —0.412,p < 0.001). Open-source models lag
substantially with large negative effect sizes (Qwen3-30B:
d = —0.581,p < 0.001).

However, for numerical tasks, overall performance re-
mains critically low across all models. The highest-
performing models (GPT-4.1+Web) achieve only 15.5% ac-
curacy, representing a substantial but still modest improve-
ment (d = +0.623,p < 0.001) over the 6.2% baseline.
Most concerning is the dramatic variation in answer rates,
while most models maintain answer rates greater than 95%,
GPT-40 drops to 39.8%, indicating systematic avoidance of
numerical reasoning. Notably, open-source models exhibit
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broadly similar numerical reasoning capability to GPT-4o.

Web-Augmented Model Behavior

We find that web augmentation produces opposing effects
across model families. For non-numerical QA, Gemini-2.5-
Pro+Grounding shows substantial improvements (+13.6%
in GPT Judge accuracy), achieving the benchmark’s high-
est performance. In stark contrast, GPT-4.1+Web shows
performance degradation (-11.4%), suggesting fundamen-
tal differences in retrieval integration capabilities. Fur-
ther, we see that patterns in model answer rate sug-
gest retrieval confidence issues. GPT-4.1+Web and Gemini-
2.5-Pro+Grounding show reduced willingness to answer
from 100.0% to 92.9% and 91.7%, respectively, indicat-
ing that retrieved information may increase uncertainty in
the model, somewhat counterintuitively. For numerical QA,
GPT-4.1+Web and Gemini-2.5-Pro+Grounding both show
substantial improvements (+9.3% and +5.3%), while GPT-
4.1+ Web shows reduced willingness to answer from 100.0%
to 92.0%. Our results indicate that web augmentation ef-
fectiveness is highly model-dependent, with architectural
differences in retrieval processing creating divergent out-
comes for local knowledge reasoning tasks, depending on
the model being used.

Scaling Analysis

We find that local knowledge reasoning shows limited or
even negative scaling effects. Within the Qwen family of
models, performance gains taper off beyond 32B parame-
ters and even regress at larger scales. This breakdown is par-
ticularly evident when comparing mixture-of-experts (MoE)
and non-MoE models. Within the Qwen series, the 235B
MoE model underperforms not only its distilled 30B coun-
terpart but also the smaller 32B and 14B non-MoE models.
These results suggest that MoE architectures may struggle
to encode spatial and contextual nuances necessary for local
knowledge.

We also find that the limitations of scaling are most acute
for numerical local knowledge. Even state-of-the-art propri-



etary models achieve near-zero accuracy on such questions
ranging from 2.2% to 15.5%. This suggests a qualitative lim-
itation in model design rather than a lack of training data
or parameter count: current models appear fundamentally
constrained in their ability to represent place-specific quan-
titative reasoning. Further, these results suggest that local
knowledge reasoning is not constrained by model size it-
self, but by mismatches between transformer architectures
and the structured, spatially grounded nature of local infor-
mation. Explicit geographic and place-aware reasoning and
representations are important directions for future work.

Discussion

Our evaluation reveals that local knowledge reasoning rep-
resents a qualitatively different challenge for current LLMs.
The systematic breakdown across numerical reasoning, cul-
tural contextualization, and scaling relationships suggests
fundamental architectural limitations rather than simple
knowledge gaps.

The Architectural Mismatch Problem

The failure of numerical reasoning may indicate deeper is-
sues than “mere” memory limitations. Current transformer
architectures, optimized for next-token prediction on global
text corpora, appear fundamentally misaligned with the pre-
cision required for quantitative local reasoning. This mis-
match is compounded by the situated nature of local knowl-
edge, where factual claims depend on geographic, tempo-
ral, cultural, and ultimately human context. Current archi-
tectures lack explicit mechanisms for spatial reasoning, tem-
poral grounding, or cultural contextualization, which are ca-
pabilities essential for local knowledge understanding. The
MOoE routing failures further demonstrate that scaling expert
capacity does not, today, compensate for these representa-
tional gaps.

The Retrieval Integration Paradox

The opposing effects of web augmentation across model
families reveal that retrieval integration depends heavily on
underlying architectural capabilities rather than search qual-
ity alone. The unstable augmentation effectiveness suggests
differential capacity for filtering noisy content and maintain-
ing uncertainty calibration when external information con-
flicts with parametric knowledge. This set of results chal-
lenges the prevailing assumption that better search algo-
rithms will help solve grounding problems. Instead, it may
be that the challenge lies in developing architectures that can
effectively discriminate between high- and low-quality lo-
cal sources of information and synthesize information across
heterogeneous community knowledge systems.

Implications for Future Work

These findings argue for fundamental shifts in Al develop-
ment priorities. Rather than pursuing larger models trained
on comprehensive web corpora, the field must invest in
architectures specifically designed for situated reasoning,
including spatial reasoning capabilities, cultural contextu-
alization mechanisms, and uncertainty estimation methods
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that handle local knowledge ambiguity. Importantly, the
breakdown of conventional scaling laws for local knowl-
edge tasks indicates that current paradigms cannot address
place-based reasoning through scale alone. This may neces-
sitate architectural innovations, including geographic rea-
soning modules and place-aware attention mechanisms.

Limitations

LOCALBENCH is constructed from data spanning 2020 to
2025 across 526 U.S. counties. While this scope enables
systematic benchmarking within a well-documented admin-
istrative structure, it also introduces important constraints.
Most notably, the benchmark reflects only U.S.-based geo-
graphic, cultural, and institutional knowledge. As such, its
findings may not generalize to local contexts in other coun-
tries, where governance structures, data availability, and
sociolinguistic norms differ significantly. Extending local
knowledge benchmarks internationally will require adapting
both the conceptual framework and data sourcing strategies
to diverse geopolitical settings.

Within the U.S., uneven digital footprints persist. Ru-
ral counties with limited online presence remain underrep-
resented (Thebault-Spieker et al. 2018; Thebault-Spieker,
Hecht, and Terveen 2018; Johnson et al. 2016), mirror-
ing broader structural disparities that LOCALBENCH cannot
fully resolve. In addition, our exclusive reliance on English-
language sources restricts coverage of multilingual commu-
nities (Hickman et al. 2021), including Indigenous, immi-
grant, and border populations whose local knowledge may
be expressed in Spanish, Native languages, or other vernac-
ulars not captured here.

While efforts were made to ensure data quality, some
QA pairs may still contain factual inaccuracies or temporal
mismatches, especially in regions with sparse digital activ-
ity. Although our evaluation framework integrates multiple
metrics and GPT-based judgment (validated against human
annotators), it may still miss nuances of cultural appropri-
ateness or locally grounded truth, suggesting the need for
human-in-the-loop approaches in future evaluations.

Conclusion

LOCALBENCH demonstrates that local knowledge reason-
ing poses a fundamental challenge for current LLMs: one
that cannot be solved by scale or retrieval alone. Our evalu-
ation across 14,782 QA pairs and 526 U.S. counties uncov-
ers persistent failures in numerical reasoning, cultural under-
standing, and confidence calibration, revealing architectural
and representational mismatches. These limitations point to
the need for spatially grounded models, better uncertainty
handling, and participatory development practices that cen-
ter community epistemologies. The observed gap between
model confidence and accuracy is especially salient given
prevailing conversations about the benefits and societal im-
portance of Al, and our results suggest this is not true for all
communities. While LOCALBENCH offers a foundation for
diagnosing these gaps, advancing equitable place-aware Al
will require new architectures, ethical frameworks, and sus-
tained collaboration between researchers, communities, and
policymakers.



Ethical Statement

Local knowledge Al raises critical questions about commu-
nity data sovereignty and representation. The situated nature
of local knowledge, embedded in community relationships
and cultural contexts, demands new approaches to responsi-
ble Al development beyond traditional ethics frameworks.

Community Data Sovereignty: Local knowledge of-
ten embodies community-shared experiences and interpreta-
tions that carry significant cultural value. Extraction of such
knowledge for Al training without explicit community con-
sent risks epistemic appropriation — the commodification of
community wisdom without acknowledgment or compensa-
tion. This concern is particularly acute for Reddit-derived
data, where community members share information within
specific social contexts inappropriate for external Al reuse.

Participatory Development: We advocate for
community-centered Al development that treats local
knowledge holders as partners rather than data sources,
including community advisory boards for dataset devel-
opment, benefit-sharing models, and opt-in governance
mechanisms respecting community autonomy over knowl-
edge sharing.
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