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Abstract

This paper deals with improving the capabilities of
Large Language Models to provide route instruc-
tions for pedestrian wayfinders by means of qualita-
tive spatial relations. To this end we use Retrieval-
Augmented Generation (RAG) to support a large
language model with context information based on
the specific query. We assess the impact the added
information has on model performance for gener-
ating pedestrian route instructions. Our findings
encourage further integration of qualitative spatial
data into large language model applications, po-
tentially benefiting areas such as digital navigation
aids, smart city tools, and accessibility technolo-
gies.

1 Introduction

There is growing interest (see [Roberts et al., 2023]) in the
geospatial community in the spatial reasoning capabilities of
Large Language Models (LLMs). While LLMs perform well
across many geospatial discourse domains [Roberts er al.,
2023], their performance is much weaker in the domain of
navigation assistance (see also [Claramunt et al., 2026] for
a very recent overview of the limitations of LLMs). This
limitation is particularly evident (see our companion web-
site at https://cloud.geo.tuwien.ac.at/s/faXWE45pPPDfDgY,
documenting the weak performance for route instructions for
pedestrians) in tasks that require precise spatial relations,
such as turn-by-turn route instructions or the interpretation
of local street configurations.

Consider the following example: In January 2026, we
have prompted ChatGPT-40 [OpenAl, 2026] to provide us
with route instructions for pedestrians from Miinster central
station to nearby street Hafenweg. We received the following
answer(text bold-faced by the model):

Distance: ~2.5-3 km

Estimated walking time: 30-35 minutes

Directions:

1. Exit Miinster Hauptbahnhof through the main entrance
onto Willy-Brandt-Allee.

2. Turn right and walk southeast on Willy-Brandt-Allee to-
ward the city center.

3. After about 500 meters, you’ll reach Albersloher Weg.
Turn left onto Albersloher Weg.

4. Continue along Albersloher Weg for about 1km, passing
the Aasee park area on your right.

5. When you reach the intersection with Hammer StraBe,
turn right.

6. Walk along Hammer Strafle for around 700 meters. You’ll
pass a few residential and commercial buildings.

7. Look for Hafenweg on your left. Turn left onto Hafen-
weg.

You have arrived at Hafenweg, Miinster.

The model responded quickly with a seemingly convinc-
ing set of directions for the given problem. However, upon
closer inspection, it becomes evident that LLM navigation
is heavily prone to hallucinations and other errors. In the
first step, the model suggests leaving the central station onto
”Willy-Brandt-Allee”, which is a street that does not exist in
Miinster. Subsequently, the model suggests walking toward
the city center, while the Hafenweg is actually located away
from the city center. Next, turning onto the ”Albersloher
Weg” is suggested. While this road exists in Miinster and is
close to the actual destination, it does not make sense to take
the road for the given navigation task. The same can be said
for the following two steps, where turning onto ”Aaseepark”
and "Hammer Straf3e” is suggested, with neither of them be-
ing sensible choices for the problem, while also being com-
pletely disconnected, making navigation along the suggested
route impossible. Finally, the model suggests turning onto the
destination street "Hafenweg”, which is the correct destina-
tion, but impossible given the previous incorrect steps. When
visually comparing the route proposed by ChatGPT-4o to a
route provided by Google Maps[Google, 2026], the problem
becomes even more evident.

Figure 1 shows the correct route from “Start” to “Finish”
in green: The route is short and requires only a few turns to
reach the destination. The generated LLM route displayed
in red on the map is however far from correct: Multiple dis-
connected segments show a complete lack of “understand-
ing’ the actual navigation task as only one of the segments is
anywhere close to the actual route. Observations like these
highlight the current limitations of LLMs in navigation per-
formance, and motivated us to find approaches to boost their
capabilities in this domain.


https://cloud.geo.tuwien.ac.at/s/faXWE45pPPDfDgY
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Figure 1: Map detail showing erroneous route instructions in red and the correct route in green. Basemap taken from Google Maps [Google,

2026]

A better performance is highly desirable because LLMs
can tailor the actual phrasing of route instructions to an in-
dividual’s needs (see, for example, [Nuhn and Timpf, 2017]
for personalized landmark selection for route instructions) be-
yond turn-by-turn-instructions (see, e.g., [Krukar et al., 2020]
for the concept of orientation instructions), while providing a
natural language user interface (see, for example, [Richter et
al., 2008] for an early attempt of a dialogue between humans
and systems for route instructions and [Krieger et al., 2020]
for a natural language corpus providing evidence in how hu-
mans reach common ground in such situations).

To address this issue, we propose a graph-based Retrieval-
Augmented Generation (Graph-RAG, see [Peng et al., 2026]
for a recent review of this technique) approach that integrates
qualitative spatial and temporal reasoning (QSTR, [Ligozat,
2013]).

In contrast to purely textual augmentation, our approach
uses structured graph representations of street networks con-
sisting of qualitative spatial relations (see [Van de Weghe
et al., 2025] who provide an argument how GIScience and
LLMs can be mutually beneficial). These qualitative spatial
relations provide a finite and compositional representation of
spatial configurations, enabling consistent reasoning over lo-
cal environments. By embedding such representations into a
graph-based retrieval pipeline, we enable LLMs to access and
utilize structured spatial knowledge during generation.

Roberts et al. [Roberts et al., 2023] demonstrate that LLMs
perform substantially better with qualitative spatial descrip-
tions than with quantitative specifications, while struggling
with coordinate transformations, distance calculations, and
metric spatial reasoning. This performance gap reveals why
qualitative spatial representations can serve as a representa-
tion suited for extending LLM-based reasoning. Rather than
expecting language models to interpret raw elevation matrices
or coordinate arrays, qualitative spatial reasoning translates
continuous spatial data into discrete relational vocabularies
that correspond to linguistic expression. Specifically, this
means that qualitative spatial reasoning can serve as an effec-
tive bridge between computational geometry and language-
based reasoning systems. Complex topographic relationships
can be encoded in qualitative terms that language models
can process meaningfully. This emphasizes the strengths of
QSTR based representation in the context of LLMs.

We, therefore, use a qualitative spatial representation
framework which is based on oriented line segments (dipoles)
as basic entities [Moratz ef al., 2011a]. In our context a qual-
itative representation provides mechanisms which character-
ize central essential properties of objects or configurations.
Qualitative spatial spatial representations usually deal with
elementary objects (e.g., positions, directions, regions) and
qualitative relations between them (e.g., adjacent”, “on the
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left of”, ”included in”). A quantitative representation in con-



trast establishes a measure in relation to a unit of measure-
ment which has to be generally available.

A strength of qualitative spatial relations is, consequently,
that they are able to express the typical relations between ob-
ject classes (e.g. human concepts) in addition to the rela-
tions of specific instances of these classes. So we can say
that the human heart is at the left side of the human body and
this spatial relation typically would hold for all instances of
hearts even if the metrical details differ from body to body.
So often we can make relevant spatial expressions using
qualitative relations where a precise metric spatial statement
would impossible. There are comprehensive results from
the research field of (QSTR) that offer many spatial repre-
sentations which are near linguistic concepts [Ligozat, 2013;
Cohn, 1997].

2 Graph-Based Retrieval Augmented
Generation (Graph-RAG)

Graph-based Retrieval Augmented Generation represents an
advanced evolution of traditional RAG systems that lever-
ages knowledge graphs to enhance information retrieval and
generation quality [Edge ef al., 2024]. A Graph-RAG en-
hanced language model receives not only natural language
text chunks, but structured information including entity men-
tions and their properties, explicit relationships between enti-
ties, graph paths showing logical connections, and multi-level
abstractions (detailed facts and high-level summaries).

Traditional RAG retrieves relevant text chunks from a
vector database using semantic similarity, then feeds these
chunks to a language model for generation. Graph-RAG
enhances this by organizing information in a knowledge
graph structure, where entities are nodes and relationships are
edges, enabling more sophisticated retrieval strategies.

The system first constructs a knowledge graph from source
documents by extracting entities (people, places, concepts,
events), identifying relationships between entities, creating
nodes for entities and edges for relationships, and storing
both structural information and associated text content. Re-
trieved information is assembled into context by combining
node content (entity descriptions), including edge informa-
tion (relationships), incorporating graph structure (how enti-
ties connect), and adding hierarchical summaries when rele-
vant.

A central design question in Graph-RAG is the choice of an
appropriate representation for retrieval structures. Through-
out this paper, we provide evidence that qualitative spatial and
temporal representations (QSTR) are particularly well-suited
for Graph-RAG in spatial domains. There are three different
reasons for this rationale [Ligozat, 2013]:

1. Qualitative spatial calculi such as dipole calculi provide
a finite set of relations, which enables efficient indexing
and retrieval in graph structures.

2. In contrast to continuous geometric representations,
qualitative relations reduce the search space while pre-
serving essential spatial distinctions.

3. QSTR representations are invariant under scaling, trans-
lation, and small perturbations.
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Figure 2: Orientation between two dipoles based on four dipole-
point relations

Taken together, qualitative relations ensure that structurally
equivalent configurations are treated uniformly. This robust-
ness is particularly beneficial for RAG pipelines, where re-
trieved contexts may originate from heterogeneous or noisy
data sources.

Route instructions and spatial descriptions are typically ex-
pressed in qualitative terms such as “left of”, “ahead”, or
“next to”. QSTR provides a formalization of these concepts,
enabling a direct mapping between retrieved graph structures
and natural language generation. By constraining the re-
trieval step with qualitative relations, the generation process
is grounded in a consistent relational structure. This reduces
ambiguity and improves the reliability of generated outputs.
Qualitative spatial representations combine discreteness, ro-
bustness, and compositionality. These properties make them
a natural fit for Graph-RAG architectures in spatial reasoning
tasks.

3 Dipole Calculi

Human natural language spatial propositions often express
relative spatial positions based on reference directions de-
rived from the shape (and function) of one of the objects in-
volved [Levinson, 1996] (e.g., The hill is to the left of the
train). This leads to binary relations between objects in which
at least one of the objects has the feature of orientedness.

For that reason, in our conception, orientedness is an im-
portant feature of natural objects. In a corresponding qualita-
tive calculus it is necessary to use more complex basic entities
than points. One option for building more complex basic en-
tities is to use oriented line segments (see Fig. 2) as basic
entities. In this abstraction we loose the specific shape of the
object, but preserve the feature of orientedness. With this ap-
proach we can design relative position calculi in which direc-
tions are expressed as binary relations [Moratz et al., 2011b].
Oriented straight line segments (which were called dipoles by
Moratz et al. [Moratz et al., 2000]) may be specified by their
start and end points. Then a dipole is a pair of different points
in the Euclidean plane.

Using dipoles as basic building blocks, more complex ob-
jects can be constructed (e.g., polylines or polygons) in a
straightforward manner. Therefore, dipoles can be used as ba-
sic units in numerous applications. To give an example, line
segments are central to edge-based image segmentation and
grouping in computer vision. In addition, GIS systems often



have line segments as basic entities [Hoel and Samet, 1991].
Polylines are particularly interesting for representing paths in
cognitive robotics [Musto et al., 1999] and can serve as the
geometric basis of a mobile robot when autonomously map-
ping its working environment [Wolter and Latecki, 2004].
Dipole calculi are qualitative calculi that abstract from metric
information. They focus on directional relations, but can also
be used to express certain topological relations [van Delden
and Moratz, 2014].

To formally derive dipole-dipole relations we derive those
relations from dipole-point relations. A dipole-point rela-
tion distinguishes between whether a point lies to the left,
to the right, or at one of five qualitatively different locations
on the straight line that passes through the corresponding
dipole. The corresponding regions are shown on the right
side of Fig. 2, see [Isli and Moratz, 1999; Ligozat, 1993;
Scivos and Nebel, 2005]. Using these seven possible rela-
tions between a dipole and a point, the relations between two
dipoles may be specified according to the following four re-
lationships:

ARisgANARsegABR3ss ABRyey,
where R; € {l;1,b,s,i,e,{} with 1 < i < 4. Theoretically,
this gives us 2401 relations, out of which 72 relations are ge-
ometrically possible: { rrrr, rrrl, rrlr, rrll, tlrr, rlr, rlll, lrrr,
Irrl, 1ell, rr, 1rl, 1lr, 111, ells, errs, lere, rele, slsr, srsl, Isel,
rser, sese, eses, 1llb, 11, 1lbr, 1Irf, lirl, Ifrr, lril, lrri, blrr, irrl,
frrr, rbrr, 1bll, fl11, brll, rfll, rlli, rrlf, illr, rilr, rrbl, rlir, rrfr, rrrb,
ftbb, efbs, ifbi, bfii, sfsi, beie, ffbb, bsef, biif, iibf, sisf, iebe,
ffff, fefe, fifi, fbii, fsei, ebis, iifb, eifs, iseb, bbbb, sbsb, ibib }.

These constitute the DR.A; calculus, see [Moratz et al.,
2000; Moratz et al., 2011b] for details. For example, in Fig. 2,
the relation A lrrr B holds.

3.1 Representation of street networks in the dipole
calculus

There are several ways to represent street networks with qual-
itative spatial calculi [Chipofya et al., 2016]. In our applica-
tion to street networks we relax the condition for the dipoles
to be straight lines. The streets have unique names (e.g. A,

, Z in figure 3). In a pairwise manner all street seg-
ments forming an intersection have a spatial relation which
can by qualitatively expressed by a DR.A base relation. The
relations between the streets in figure 3 are the following:
Arlir BArllr C, Arlli D, E Iril F, E Irrl G, E Irri H,

In addition to the orientation information at crossings we
also represent the cardinal direction between the dipoles rep-
resenting the streets. We use the foot points of the shortest
segment connecting the two dipoles. Then the cardinal direc-
tion between these foot points is represented using Andrew
Frank’s cardinal direction calculus [Frank, 1991]. Based on
the definitions of foot points and acceptance sectors in the car-
dinal direction calculus, it follows that streets which intersect
are assigned the cardinal direction same (see Figure 4).

3.2 Implementation specifics for current use case

In our LLM-based application we do not use the standard
relation names for the Dipole relations, as they appear ex-
clusively in research papers and are, hence, insufficiently
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Figure 4: Cardinal Direction Calculus

represented in the training data of common LLMs. As a
consequence, we designed linguistic patterns that the LLMs
can directly relate to common meanings for linguistic spa-
tial expressions. For example the dipole relation rlir is
mapped on the linguistic pattern “starts at”. The relation
rllr  is mapped on ”is crossed by”. We provide the full
list of dipole relations and their corresponding linguistic pat-
tern on our companion website https://cloud.geo.tuwien.ac.
at/s/faXWE45pPPDfDgY.

4 Initial, small-scale evaluation in Miinster
and Hamburg

We test our Graph-RAG approach by example of a small area
of HAMBURG, GERMANY and a slightly larger MUNSTER,
GERMANY. We base our dipole relation knowledge graph
on OpenStreetMap [OpenStreetMap contributors, 2017] data
using a two step process:


https://cloud.geo.tuwien.ac.at/s/faXWE45pPPDfDgY
https://cloud.geo.tuwien.ac.at/s/faXWE45pPPDfDgY
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Figure 5: Detail of the dipole relation part of our knowledge graph for the HAMBURG, GERMANY test area

1. We semi-automatically extracted the dipole relations and
the cardinal direction relations for both areas. This
means, any street with a name in OpenStreetMap is
mapped on an individual dipole.

2. We stored the relations in a knowledge graph using the
Neo4j software.

On our companion website https://cloud.geo.tuwien.ac.at/
s/faXWE45pPPDfDgYwe provide the verbalization (e.g. list
of linguistic patterns/human natural language sentences cor-
responding to a list of triples of two street names and the lin-
guistic pattern of their spatial relation) of the qualitative rela-
tion knowledge graph that corresponds to our small test area
of HAMBURG, GERMANYand MUNSTER, GERMANY.

4.1 Results

In total, 240 individual trials were conducted across various
LLMs, namely Gemini Pro 2.5[Google DeepMind, 2025],
Claude Sonnett 4.5[ Anthropic, 2025], ChatGPT 40[OpenAl,
2026] , to find out whether the inclusion of qualitative geo-
graphic context helps improve the navigation performance of
LLMs. We, first, provide an overview of the obtained results
obtained and, second, break the results down by different fac-
tors such as test city or LLM tested.

In total, 240 navigation tasks were answered by the LLMs
and manually labeled as either correct or incorrect. We com-
pared two groups: We refer to the control group to the subset
of trials which we performed without Graph-RAG, whereas
the test group comprises those cases in which we provide con-
text to the LLM using our dipole approach. In each group, the
exact same 120 navigation tasks were executed. Table 1 sum-
marizes the overall results of our experiments.

There is an obvious difference w.r.t. to the factual correct-
ness of rout instructions between the control and test group.

No trial in the control group could be labeled as successful,
i.e., there was no case in which the resulting route instruc-
tion returned was factually correct. Consequently, all trials in

this group were labeled as failures, leading to a task success
rate of 0%. In the test group, however, 75 out of 120 trials
were assessed as successful, resulting in a task success rate
of 62.5%.

Comparing the test group performance across the two test
cities, yields several key observations. First, the task suc-
cess rate was increased in both cities compared to the con-
trol group which had a success rate of 0% in both cities. In
the smaller HAMBURG, GERMANY test area, the task suc-
cess rate increased to 86.6% whereas in the larger Miinster
test area it reached just 38.3%. We assume that the reason
for this difference is the difference in size of both data sets.
The MUNSTER, GERMANY data set contains 128 individual
streets and the average distance for the routes is 1272 me-
ters. The HAMBURG, GERMANY data set contains 38 indi-
vidual streets and the average distance for the routes is 899
meters. Apparently, we see a decline in success rate as route
length increases in which case the configuration of more con-
nected streets is required. It seems like our Graph-RAG ap-
proach gets less successful with longer routes which need the
configuration of more connecting streets. We will investigate
this in more detail in the future. Second, comparing the test
group performance across the three tested LLMs, there are
noteworthy differences in their performance increase. While
all models performed better compared to their control group
performance of 0%, the model which performed best across
all trials in the test group was Google’s Gemini 2.5 Pro. It
achieved a task success rate of 70%, answering 28 out of 40
navigation tasks correctly. The next best performing model
was Claude 4.5, which achieved a slightly lower task success
rate of 65% (26 out of 40 navigation tasks). In total, the worst
performing model in the test group was GPT-40, with 21 cor-
rect answers out of 40 possible, amounting to a task success
rate of 52.5%.
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Group # Experiments

# Successful

# Failed Success Rate (%)

120
120

Control Group
Test Group

0

75

120 0%
45 62.5%

Table 1: Overview of experiment results in control and test groups with success and failure counts and complimentary success rates.

4.2 Limitations

So far in our first experiments we only worked with smaller
data for which we could manually verify the consistency. We,
therefore, can currently not judge how well our suggested ap-
proach scales. A second, related, limitation is related to the
network similarity of the environments tested. Both of them
are “organically grown”. Thirdly, we have not tested current
state-of-the-art reasoning models.

5 Conclusion and Future Work

In summary, our experiments revealed that LLM street nav-
igation performance with additional qualitative geographic
context was substantially higher than without it. This effect
was not limited to a specific city or model, but could be ob-
served across all combinations tested in this study. In this
sense our approach helps reducing the discursive and concep-
tual risks of generative Al [Claramunt et al., 2026, p. 5] by
following their suggestion of incorporating spatial logic into
LLMs. Having said this, our results suggest at least four-
different strands of future work: 1) We will investigate the
correlation between factual correctness of the instruction and
the straight-line distance between start and destination of the
route. 2) As we have found substantial differences w.r.t. the
performance of different LLMs, we will look for ways to use
our scenario as benchmark for the spatial reasoning capability
of LLMs, including more fine-grained assessment of different
error categories and severity classes. 3) We enhance the scal-
ability of our approach. To this end, will be to improve our
qualitative abstraction algorithm to extract larger data from
OpenStreetMap automatically. This will allow us to assess
the reasons why the scale of the dipole data seems to matter.
In addition to that, we will develop an automatic verification
of suggested routes. 4) We will investigate whether prompt-
based training enables LLMs to adopt formal Dipole notation,
comparing its directional generation performance against lin-
guistic mappings, and evaluating the semantic alignment be-
tween linguistic terms and formal relations through point-line
configuration tasks and characterisation queries.
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