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Abstract

Large language models (LLMs) are increasingly used in geospatial
tools, yet their intrinsic topological reasoning, separate from re-
trieval or geometric encodings, remains unclear. We introduce an
evaluation! using context-free, natural-language questions about
real-world entities. We test three prompting regimes: zero-shot,
prompt optimization with definitions, and chain-of-thought, to
assess when language alone suffices and when guided reasoning
helps. We find that LLMs possess latent geospatial knowledge, but
they suffer inherent limitations in spatial understanding. While
various prompting methods can improve performance, they also
expose fundamental logical inconsistencies and conceptual flaws,
revealing that a model’s spatial reasoning ability is limited by its
core reasoning power, not just a lack of access to external data.
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1 Introduction

As Al agents are tasked with increasingly complex spatial decision-
making, their effectiveness hinges on their capacity for robust
geospatial reasoning, which is crucial for them to be effective in
real-world applications. This capability is multifaceted, including
reasoning about distance, direction, and scale. One of the most
foundational aspects is topological reasoning, which challenges
models’ qualitative understanding of how entities connect, over-
lap, and contain one another, independent of precise coordinates
or metrics. As we integrate large language models (LLMs) into
real-world applications, from logistics to environmental analysis, a
critical question emerges: can LLM agents use their internal model
for topological reasoning, without relying on simple recalls or external
tools?
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While recent studies have introduced benchmarks for geospatial
question answering [7, 10, 11, 14] and geospatial-aware LLMs [15,
17, 25], these often rely on access to external information, such as
web search, retrieval-augmented generation (RAG), or structured
databases, thereby conflating genuine reasoning with simple in-
formation retrieval. Although some efforts have begun to explore
topological reasoning in LLMs [6, 13], they focus on tasks that re-
quire LLMs to manipulate formal geometric data or translate natural
language into formal predicates, or on how models grasp symbolic
theories. These works shift focus toward retrieval of pre-trained
knowledge or manipulation of geometric encoding, rather than
emphasizing true topological reasoning. Lack of real-life entities in
their tests also shows a lack of grounding in world entities, which
is essential to geospatial tasks.

In this work, we focus on context-free and natural-language
questions about real-world entities, while forbidding external tools
or coordinates. We evaluate topological reasoning by asking about
relations between real-world entities (U.S. states and time zones).
These tasks can be easily reasoned by humans when given enough
context of boundary interactions between the entities.

Our evaluation is therefore designed to assess the internal topo-
logical reasoning engine of a potential LLM agent. By focusing
on intrinsic geospatial knowledge, rather than on simpler abilities
like geometry parsing or symbol look-ups, we measure a critical
capability for any agent that must plan, sanity-check tool outputs,
or operate robustly when external information is unavailable.

First, we bridge the gap between formal topology and natural lan-
guage by mapping DE-9IM-style terms [4] to RCC-8 primitives [5],
enabling the formulation of queries that resemble everyday ques-
tions. Furthermore, to understand an agent’s baseline intuition
versus its ability to follow a deliberate reasoning process, we exam-
ine three prompting methods: zero-shot, prompt optimization [20],
and prompt optimization + chain-of-thought [21].

Our comparative study reveals that while LLMs with strong gen-
eral reasoning can perform basic spatial tasks, they suffer from
inherent limitations. These limitations usually stem from their re-
liance on non-spatial linguistic associations and a fundamental lack
of geometric consistency, preventing true spatial understanding
and coherent spatial reasoning.
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2 Methodology

2.1 Spatial Formalisms

Region Connection Calculus (RCC-8) [5, 19] defines eight mutu-
ally exclusive topological relations (DC, EC, PO, EQ, TPP, NTPP,
TPPi, NTPPi). These qualitative relations, unlike the finer-grained
Dimensionally Extended 9-Intersection Model (DE-9IM) [4], allow
for single, unambiguous answers, making them a robust foundation
for benchmarking the reliability and trustworthiness of an agent’s
spatial reasoning process.

To bridge formal logic with the natural language interaction
essential for agentic systems, we adopt a vernacular mapping of
RCC-8 relations, combining the mutual exclusivity of RCC-8 with
the conversational phrasing of DE-9IM. This approach allows for
the formulation of queries that resemble everyday questions, yet
can be rigorously evaluated against single-label criteria without re-
quiring models to understand formal symbols. The mapping shown
in Table A1 visualizes these relations.

We also use the conceptual neighborhood of RCC-8 [13] to cap-
ture the similarity and transitions between relations through con-
tinuous deformation ( Figure 1).
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Figure 1: Conceptual neighborhood of topological relations

2.2 Datasets and Domains

To effectively evaluate a model’s intrinsic reasoning, it is crucial
to select a domain where the entities are familiar to the model,
but the specific relations under investigation are not. U.S. states
and time zones meet this requirement perfectly. LLMs are typi-
cally pretrained on facts about their interactions and adjacency
(e.g., documented in Wikipedia), which ensures that models possess
sufficient entity knowledge to support language-only qualitative
reasoning, even if the specific topological relations are not explic-
itly pretrained. For this reason, we focus on these well-structured
and widely documented geographies. We benchmark 160 queries
that cover all 8 types of RCC-8 interactions between time zones
and states (20 randomly sampled queries per relation). We focus
on well-structured U.S. geographies: states (polygons), and time
zones (polygons), in such a way that the task relies on models’ inter-
nal knowledge of widely documented entities rather than obscure
datasets. The queried regions are visualized in Appendix Figure A1,
reflecting various topological relations. We summarize the formu-
lation of our test queries in Table 1, where the last row shows the
complete query template used in evaluation.
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2.3 Prompting Methods

We study three prompt settings to understand how LLMs perform
topological reasoning by observing how prompting affects perfor-
mance: zero-shot, PO (prompt optimization with relations defi-
nitions), and PO+COT (PO plus chain-of-thought). The prompt
optimization strategy [20] is employed to insert explicit operational
definitions of key terms directly into the prompt. This approach
leverages the model’s internal knowledge while reducing ambiguity
and ensuring consistent interpretation. Chain-of-thought reason-
ing [21] is further applied to the PO prompts to guide LLMs in
solving queries step by step.

Prompts used in the experiments are summarized in Figure 2.
The model is expected to output a single relation and an explanation
of how it reaches the answer [9, 18].

(a) Zero-shot
‘o /@
How is [state/time zone] spatially related to How is [state/time zone] spatially related to
[state/time zone]? [state/time zone]?
A: Definitions:
"answer": "<one of: disjoint | touch | overlaps - disjoint: ..
within | contains | covered by | covers | equals>", - touch: ...
&cxpl:mmion": “<EXPLANATION>" j

(c) Prompt Optimization COT

Let’s think step by step!

(b) Prompt Optimization

1. Identify which text span is FIRST and which
\ is SECOND
2. (Optionally) note nearby/adjacent regions to

/Q:
How is [state/time zone] spatially related to
[state/time zone]? sanity-check boundaries.

Definitions: 3. Understand how boundaries of two regions
- disjoint: ... interact

- touch: ... 4. Choose exactly one label that best describe the

relationship between two regions

A A:

"answer": "<one of: disjoint | touch | overlaps | "answer": "<one of: disjoint | touch | overlaps |

within | contains | covered by | covers | equals>", within | contains | covered by | covers | equals>",
\icxplunmmn": “<EXPLANATION>" / "explanation”: “<EXPLANATION>"

Figure 2: Topological query templates using different prompt
techniques.

2.4 Models

We evaluate eight LLM variants from five model families: GPT,
Gemini, DeepSeek, Claude, and Llama. This selection was based on
their widespread use in prior research [10, 14] and their diverse per-
formance profiles. The GPT series is widely used and has excellent
reasoning abilities [3, 23]. The Gemini models have been explicitly
fine-tuned for spatial reasoning [12]. We included DeepSeek mod-
els to compare general-purpose conversational LLMs with those
optimized for logical reasoning [8]. Claude was selected for its low
hallucination rate and structured output [1], while Llama models
represent widely-used open-source systems for testing reasoning
ability [2, 16]. Notably, the specialized “Reasoning” models share a
base pre-training corpus but receive an extra stage of supervised
chain-of-thought [22] and inference-focused reinforcement fine-
tuning [24].

2.5 Evaluation Protocol

We use two complementary metrics to evaluate model performance:
accuracy score and difference score. Together, these provide both
binary correctness and graded insights into how close a model’s
answer is to the ground truth.

Accuracy Score. This metric reflects the percentage of model
responses that match the expected answers. Accuracy is defined
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Formulation Examples Output Type
P1 Mountain Time Zone ; Missouri state ; New York state P

the combined area of P1 and P2 the combined area of Central and Mountain Time Zones P
P1’s area that falls into P2 the state area that falls into the combined area of Mountain and Central Time Zones P

How is P1 spatially related to P2 ?

Mountain and Central Time Zones ?

How is Missouri state spatially related to its state area that falls into the combined area of  Query

Table 1: Formulation of query templates. P denotes a polygon or a multi-polygon.

strictly based on the spatial relation between two polygons defined
in Appendix Table Al. Each query has a single correct relation (e.g.,
“contains”, “disjoint”) that is derived from polygonal overlays.

Difference Score. The difference score is the shortest path on
the conceptual neighborhood shown in Figure 1. The maximum
distance between two topological relations is 4; smaller values
indicate a more accurate topology understanding.

Our designed tasks enable us to analyze not just whether a model
is correct, but how close it is to being correct, providing deeper
insight into reasoning and systematic error patterns.

3 Experiments

The comparative study helps us uncover the following questions: 1)
How accurately do LLMs resolve everyday spatial terms into correct
topological relations without being given explicit definitions? 2)
How accurately do LLMs perform the topological reasoning when
given definitions of the same labels? 3) Does an LLM perform better
with a chain-of-thought prompting when combined with definitions
of the relations?

LLMs can use general reasoning to help geospatial reason-
ing, but with limitations. Table 2 shows that models with strong
general reasoning capabilities, such as DeepSeek-Reasoner and
Gemini-2.5-Pro, are also superior at geospatial reasoning. However,
these models show a nuanced improvement with prompt optimiza-
tion (PO) and COT. PO with definitions does not consistently im-
prove performance, and sometimes yields only insignificant gains or
even dropped performance. This suggests that simply providing def-
initions is insufficient to overcome a model’s ingrained non-spatial
understanding. Conversely, augmenting with COT generally im-
proves performance from a PO baseline (with the notable exception
of Gemini-2.5-Pro), indicating that models can leverage explicit
reasoning steps to apply definitions more effectively, even if their
core understanding of the concepts is flawed.

LLM:s struggle to acquire spatial understanding because
they rely on non-spatial linguistic reasoning. As seen in Fig-
ure 3a, models consistently fail on “covered by” and “covers” rela-
tions in a zero-shot setting, often confusing them with “within” or
“contains” (as observed in model explanations). This suggests that
LLMs’ initial understanding of these terms is not spatially grounded.
For example, in everyday language, “contains” and “covers” are of-
ten used interchangeably, leading LLMs’ pretraining data to bias
their interpretations toward non-spatial semantics.

When explicit spatial definitions are introduced (Figure 3b), per-
formance on “covered by” and “covers” generally improves, but

accuracy on “covers” drops in some models, (e.g., O3-Mini declines
from 75% to 35%). This shows that explicit definitions help most
models reason better about certain spatial terms, but some models
still become more confused about others, likely because their in-
ternal language-based associations conflict with the formal spatial
meanings being provided.

LLMs’ spatial representations lack geometric consistency.
As shown in Figure 3a, 3b, and 3¢, models generally perform well
on “disjoint,” “within,” and “overlaps”, most achieving more than
80% accuracy in zero-shot setting. However, Figures 3d, 3e, and 3f
show that the average difference scores for these relations tend
to be large (difference scores > 1), indicating that when they are
wrong, they are very wrong. Our analysis further reveals systematic
confusion patterns: models mislabel “disjoint” as “overlaps” about
80% of the time, suggesting difficulty distinguishing strict separa-
tion from boundary contact. For “within” relations, they most often
confuse it with disjoint (22.9%). Likewise, “overlaps” is frequently
mistaken for “within” (34.4%). These patterns highlight that models’
internal spatial representations lack geometric consistency, produc-
ing severe misclassifications even between topologically distant
relations.

Failure modes. From observing models’ explanations to reach-
ing answers, we summarize the following failure modes:

e Incoherent reasoning within the same query: Some models
showed inconsistent logic within a single query. For exam-
ple, models would correctly identify that a state’s boundary
touches a time zone’s boundary in their explanation, yet still
claim that one is “within” the other instead of “covered by”.

o Incoherent reasoning across different queries: Models strug-
gled to apply consistent logic across different queries, even
when the queries involve the same spatial relations.

¢ Misguided by non-spatial meaning of relations: Some models
were misled by the everyday meanings of words such as
confusing “within” with “covers”.

e Failure to understand compositional regions: Models strug-
gled when a query involved a combined area of two or more
time zones. They often failed to treat the combined area as a
single entity and instead reasoned about the individual time
zones, leading to incorrect answers.

4 Conclusion and Future Work

In our evaluations, we show that LLMs lack true and grounded
understanding of spatial relations, often relying on linguistic pat-
terns that fail on nuanced tasks. This is evident in their inconsistent
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Model Prompt Accuracy (%)  Avg. Difference Model Prompt Accuracy (%) Avg. Difference
Zero-shot 47.50 0.738 Zero-shot 46.25 0.613
Claude-Sonnet-4 PO 46.88 0.775 GPT-4.1 PO 46.88 0.569
PO+COT 51.88 0.550 PO+COT 50.63 0.519
Zero-shot 27.50 1.363 Zero-shot 65.00 0.356
DeepSeek-Chat PO 21.88 1.425 Gemini-2.5-Flash PO 60.63 0.394
PO+COT 25.63 1.431 PO+COT 62.50 0.375
Zero-shot 66.88 0.338 Zero-shot 72.50 0.275
DeepSeek-Reasoner PO 79.38 0.206 Gemini-2.5-Pro PO 85.63 0.144
PO+COT 88.13 0.119 PO+COT 81.76 0.182
Zero-shot 39.38 0.919 Zero-shot 66.25 0.338
Llama-3.3-70B PO 35.00 1.031 03-Mini PO 75.63 0.250
PO+COT 39.38 0.931 PO+COT 81.88 0.188

Table 2: Average accuracy and total average difference by model and prompt.
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Figure 3: (a)-(c): accuracy percentage by model and relation; (d)-(f): average difference score of incorrect answers.
reasoning and difficulty differentiating between similar topological spatial filtering with semantic embeddings for improved spatial rea-
terms like “within” and “covered by” or “contains” and “covers”, a soning. Such approaches could provide more precise spatial logic
problem that simple definitions and Chain-of-Thought prompting needed to overcome the fundamental limitations observed in this
do not fully solve. This confirms that a model’s ability to reason spa- experiment.
tially is fundamentally limited by its general-purpose architecture.
For future work, a hybrid approach could be explored, combining Acknowledgments
LLMs with specialized spatial models like SpaBERT [15] that incor- This work is partially funded by Google Data to Insights and Google

porates geographic signals, or Spatial-RAG [25] which combines ML and Systems Junior Faculty research awards.
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A Appendix

Vernacular RCC-8 Visual

| Vernacular RCC-8 Visual

disjoint DC @ @ covered by TPP @
touch EC @ cover TPPi @
overlap PO @@ within NTPP
equal EQ @ contain NTPPi

Table A1: Vernacular and corresponding RCC-8 relations.

B Alaska
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= Eastern
Hawaii-Aleutian
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(d Pacific

Figure A1: Distribution of areas of evaluated queries, classi-
fied as U.S. time zones and U.S. states.
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