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Abstract

Current evaluations of Large Language Model (LLM) spatial reasoning focus on several iso-
lated competencies rather than a unified task, and use an array of different input formats.
As a result, the influence of spatial representation and output Frame of Reference (FoR) on
performance in navigation tasks remains unclear. This study asks: how do spatial repre-
sentations and frames of reference influence LLMs’ spatial reasoning capabilities, and which
combinations are conducive to it?

This research investigates the spatial reasoning and navigation capabilities of one reasoning
and one non-reasoning LLM. Using perfect mazes as a controlled testbed, this thesis exam-
ines how various input spatial representations, including visual (JPG and ASCII), grid-based
(JSON and Tagged per-cell), and graph-based (Adjacency List) formats, interact with dif-
ferent output FoRs to influence model performance.

The methodology involves an evaluation using Gemini 2.5 Pro (reasoning) and Gemini 2.5
Flash-Lite (non-reasoning) across 11 spatial representations and three output FoRs: al-
locentric using absolute coordinates (“coordinates”), allocentric using absolute directions
(“absolute directions”), and egocentric (relative directions). Performance is measured using
two metrics: a “completion score”, defined as the percentage of the path navigated correctly
before the first error, and the mean number of output tokens generated, used as a proxy for
efficiency.

The findings of this research indicate that performance is highest when mazes are expressed
using structured graph-based spatial representations, particularly Adjacency List JSON (a
graph-based representation formatted as a JSON file), across model types, while the choice
of output FoR strongly shapes outcomes, with absolute coordinate responses yielding sub-
stantially better results than egocentric ones that require continuous relational analysis and
state tracking and therefore lead to markedly lower completion scores, especially for the
non-reasoning model. In addition, inspection of internal reasoning traces suggests that the
use of formal graph-solving algorithms is positively correlated with success, while exclusive
reliance on heuristics and unfounded declarations of confidence are negatively correlated
with completion scores.

By systematically varying input spatial representation and output FoR this work provides
the first integrated evaluation of these factors, addressing the lack of unified benchmarks and
clarifying how methodological choices shape observed LLM spatial reasoning performance.
The source code of this work is publicly available on GitHub.


https://github.com/vvannoesel/LLM_maze_solver/tree/master

1 Introduction

Large Language Models (LLMs) are a class of
artificial intelligence systems designed for natural
language processing and generation through proba-
bilistic next-token prediction. They have emerged as
powerful tools that can solve queries in a wide range
of domains. In robotics, LLMs are increasingly used
in embodied Al systems for autonomous navigation
(Doula et al., 2025} Latif, 2024)), where they function
as path planners or produce suitable actions for
autonomous agents (Lin et al., 2025), due to their
ability to understand and generate natural language
instructions (Tariq et al., [2025). Increasingly, as
the deployment of autonomous robotic systems
grows, the ability for LLMs to perform spatial
reasoning is becoming indispensable for tasks such
as autonomous navigation, robotic manipulation,
and human-machine interaction through natural
language (Fung et al., [2025; Shi et al., |2022)). For
these applications, achieving high navigational
accuracy efficiently is essential.

A distinction exists between reasoning and non-
reasoning LLMs, based on how the LLM behaves
at inference. In this work, both classes of LLMs
are evaluated on the same navigation task, de-
spite generating answers through mechanistically
different processes. Reasoning LLMs generate an
internal reasoning trace in which self-correction or
task exploration can occur prior to final answer
generation. In contrast, non-reasoning LLMs lack
a separate reasoning phase. Instead, they rely on
a single generation pass to output task-appropriate
solutions based on the input data. Therefore, while
non-reasoning LLMs do not formally reason, they
still process and incorporate spatial information to
resolve navigational tasks. Given that these tasks
traditionally necessitate spatial cognition in human
agents, this thesis adopts the term “spatial reason-
ing” as a functional umbrella term. This definition
encompasses both the explicit reasoning traces of
reasoning LLMs and the statistical utilization of
spatial data inputs by non-reasoning LLMs when
addressing the same navigational objectives.

Puzzles are widely used to evaluate LLM rea-
soning because they provide controlled, rule-based
environments with adjustable complexity and clearly
verifiable solutions (Shojaee et al., 2025). Within
the broader class of puzzles, mazes are particularly
well-suited for studying spatial reasoning and nav-
igational capabilities, as they simulate navigation

as a constrained, logic-driven task that requires
structured decision-making (Giadikiaroglou et al.,
2024). For this reason, mazes are adopted as the
primary testbed for evaluating spatial reasoning in
LLMs in this thesis.

Maze solving and communicating the solution re-
quire several interrelated competencies: pathfinding
as a form of sequential decision-making, relational
analysis to infer how cells are positioned with respect
to one another, and the translation of a discovered
path into instructions within a specified Frame of
Reference (FoR). For analytical clarity, the task is
described in a manner that separates pathfinding
from translation. This decomposition is borrowed
from symbolic problem-solving and serves here as an
analytical lens for diagnosis rather than a structural
claim about how an LLM internally operates.

Existing benchmarks provide only a fragmented
view of these three competencies, constituting
the first of two key research gaps. For sequential
decision-making, MazeEval (Einarsson, [2025) pre-
sented mazes from an agent’s egocentric perspective
and required the LLM to repeatedly choose the next
step until completion, thereby testing its ability to
track state (location + orientation) and decisions
over time. Results from MazeEval and several other
studies have shown that LLMs have limited ability
for multi-step reasoning in spatial tasks (Einarsson,
2025; F. Li et al., |[2024; Mane et al., |2023)). For rela-
tional analysis, StepGame (Shi et al., [2022) supplied
natural-language chain-like relational descriptions
to LLMs and queried relative positions between the
described entities. The authors concluded that rea-
soning over spatial relations is challenging for LLMs.
For translation of a generated path into instructions,
Premsri and Kordjamshidi (2025 examined how
both reasoning and non-reasoning LLMs handle
queries within (i.e. input and output are the same)
and across (i.e. input and output are different) FoRs.
The authors found that while individual FoRs are
often processed correctly, transformations between
them pose a significant challenge. Notably, each
benchmark primarily targets a single competency of
spatial reasoning. There exists no unified evaluation
that requires an LLM to both find a path and
translate that path into instructions in a specified
FoR as a single task.

Additionally, a second research gap arises from
the fragmentation of input spatial representations
used to present mazes to LLMs. Prior work has
used a wide range of representations that differ
substantially in how spatial structure is encoded. In



this thesis, these variations are distinguished along
two dimensions. The first dimension, termed maze
representation, concerns the overall format used
to describe the maze, consisting of three possible
encodings: grid-based, graph-based, and visual. The
second dimension, termed wall encoding, concerns
how walls are represented within those maze rep-
resentations, distinguishing between line-wall and
occupancy grid.

Grid-based encodings describe the maze layout
explicitly. For example, Deng et al. (2025) listed the
locations of obstacles, start, and end, and presented
them to an LLM in a structured JSON file, whereas
Dao and Vu (2025) created a cell-wise textual de-
scription with tagged markup, which we will refer to
as the “tagged per-cell” representation. Graph-based
encodings instead abstract the maze into adjacency
lists, representing connectivity without an explicit
spatial layout. These are useful because unstructured
input data can lead to reasoning hallucinations,
which can be addressed by representing information
as graph-structures (Fatemi et al., [2023). Graph-
based encodings were employed in LLM maze-solving
tasks by Ivanitskiy et al. (2023) and Spies et al.
(2025). Visual representations, including images and
ASCII art, resemble conventional maze depictions
for humans. These representations are often used in
LLM research to probe recognition or interpretation
rather than navigational reasoning. For example,
research by Hsu et al. (2025 supplied LLMs with
maze images of varying levels of abstraction, to
investigate which characteristics are critical for
LLMs to recognize them as mazes. Other work
investigated LLMs’ ability to understand abstract
visual inputs by means of classification tasks based
on ASCII drawings (Luo et al., 2025). The authors
explained that while ASCII art is based on textual
characters, it is considered a visual medium because
the meaning of the art is solely determined by the
shape and layout of the characters.

Across these formats, maze structure itself can vary
depending on the wall encodings. The two ways
to encode walls are shown in Figure [ Line-wall
representations encode walls as infinitely thin bor-
ders between cells, resulting in compact structures
where all information pertains directly to navigable
space. These walls are expressed differently de-
pending on the maze representation, for example by
mentioning each cell’s existing walls in grid-based
representations, or mentioning traversable edges
between nodes in adjacency lists. In contrast,
occupancy grid representations use blocked cells
instead of walls, and thus encode both free and
blocked cells explicitly, producing larger structures

that more closely resemble real-world environments
but include redundant information. Converting an
n x n line-wall maze to an occupancy grid results in
a (2n 4+ 1) x (2n + 1) grid, substantially increasing
representational size.

This methodological diversity complicates direct
comparison between studies, as observed perfor-
mance differences may stem from representational
choices rather than inherent model capabilities,
leaving it unclear whether reported limitations in
spatial reasoning are artifacts of suboptimal spa-
tial representations or reflect properties of the LLMs.

The choice of input representation shapes the
type of reasoning the LLM must perform. Grid-
based representations preserve spatial structure, but
leave it to the LLM to infer connectivity information.
In contrast, graph-based encodings emphasize con-
nectivity by presenting mazes as graphs of connected
nodes, thereby reducing the task to reasoning over
established links while omitting an explicit spatial
layout, requiring the LLM to interpret positions and
relative configurations. Visual formats introduce an
additional layer, where the LLM must first parse
the depiction itself before any spatial reasoning can
occur. These differences impose distinct cognitive
demands on the LLM. As a result, the spatial
representation determines which aspects of the
navigation problem are made explicit and which
must be inferred, motivating the treatment of spa-
tial representation as a central experimental variable.

A similar consideration applies to the output
FoR, which determines the reasoning depth required
to express a solution. Assuming the input FoR is an
allocentric view expressed in absolute coordinates,
using the same output FoR would require the LLM
to perform only pathfinding, as the solution can be
specified without relational analysis or instruction
generation. An allocentric output FoR expressed
in grid-aligned absolute directions (up, down, left,
right) increases the reasoning depth by requiring the
LLM to derive spatial relations between steps and
translate them into directions, while maintaining the
same global perspective as the input. An egocentric
(relative) output FoR imposes the highest reasoning
demands, as it additionally requires orientation
tracking and action generation from a dynamic,
first-person perspective.

Representation and output FoR are thus separate
but complementary factors: the former determines
the cognitive load of reasoning about the input,
while the latter governs the required reasoning depth
of the task. Together, they reveal if and how LLMs



can solve spatial reasoning tasks.
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(a) Example of a 3x3 line- (b) Example of a 7x7 occu-
wall maze pancy grid maze

Figure 1: Examples of a line-wall maze and its cor-
responding occupancy grid maze

1.1 Research objectives

To address the research gaps regarding LLM per-
formance across the navigational pipeline, this the-
sis investigates optimal spatial representations and
output FoRs. It specifically evaluates whether cer-
tain combinations of these factors enhance the abil-
ity of LLMs to solve navigational tasks. Accordingly,
we address the following research question: How do
spatial representations and frames of reference influ-
ence Large Language Models’ spatial reasoning ca-
pabilities, and which combinations are conducive to
it? To answer this question, we consider cross-model
similarity, performance-efficiency trade-offs, and ob-
servable reasoning behavior. Subsequently, we divide
the main research question into the following sub-
questions:

1. Are there frames of reference or spatial rep-
resentations that yield performance similar-
ities in both reasoning and non-reasoning
Large Language Models? Which variables
are these and how do they achieve this?

2. Which output frame of reference and spatial
representation yield high performance and a
low number of output tokens?

3. Which reasoning behaviors are associated
with high performance and are they influ-
enced by the spatial representation of the in-
put?

1.2 Hypotheses

The hypotheses are specific to the variables and skills
mentioned in the research questions. The Spatial rep-
resentations hypothesis is related to sub-questions 1,

2 and 3. The Frame of reference hypothesis is re-
lated to sub-questions 1 and 2. Finally, the Spatial
reasoning failures hypothesis is related to the main
research question and addresses the research gap con-
cerning LLMs’ capabilities across the complete spa-
tial reasoning pipeline. No hypothesis is offered for
sub-question 3. Due to the unmapped interactions
between spatial representations and internal reason-
ing traces, this component of the study is exploratory,
aimed at identifying behavioral markers that corre-
late with navigational success.

1.2.1 Spatial representations

We formulate two separate hypotheses regarding
which spatial representation characteristics will yield
better performance: structured, textual encodings
will outperform visually based inputs, and compact
representations will outperform verbose ones.

Textual, structured maze representations (both
grid-based and graph-based) will yield better out-
comes than visually grounded maze representations.
Purely visual maze representations are not expected
to be effective, even for multimodal LLMs, because
the visual encoder of a multimodal LLM has lower
fidelity for structured spatial information than
tokenized text processing. Previous studies noted
that multimodal LLMs’ ability to perform struc-
tured, multi-step logical reasoning based on visual
embeddings remains inconsistent across reasoning
steps (Thawakar et al.,|2025; R. Zhang et al., 2024).
Maze representations that rely on implicit spatial
layout, such as character-based visual arrangements
(e.g. ASCII), require the LLM to infer spatial
relations from the layout and shapes of the char-
acters. Previous studies have shown that LLMs do
not consistently demonstrate robust capabilities for
interpreting such spatial layouts (Jia et al., 2025;
Jiang et al., 2024 W. Li et al., [2024).

Compact encodings are expected to yield bet-
ter performance than verbose encodings, because
compact input data is thought to improve reasoning
ability (Tan et al., 2024), as essential information
is presented concisely and attention to irrelevant
information is reduced, resulting in shorter reasoning
paths, which may improve success rates (Struppek
et al., 2025)). Because occupancy grid mazes contain
more cells than line-wall mazes, their descriptions are
larger for most encodings. So, we expect occupancy
grid mazes to yield lower performance.

Highly verbose textual encodings may overload the



LLM’s context window making it hard to capture
long-range dependencies (Y. Li et al., 2024} Zhou
et al., 2025), introduce ambiguity, and increase the
likelihood of misinterpretation (Jiang et al., 2024),
thereby degrading performance. Maze representa-
tions that include redundant per-element details
are therefore expected to dilute critical structural
information and hinder effective reasoning.

1.2.2 Frame of reference

We hypothesize that consistency between input and
output FoRs will lead to higher performance than
conditions requiring FoR transformations. While
Premsri and Kordjamshidi (2025) have shown this
empirically, we expect this outcome due to the in-
creased required reasoning depth that FoR transfor-
mations and continuous orientation tracking demand.
Furthermore, Z. Zhang et al. (2025 explained that
the inherent ambiguity of language describing spatial
relations additionally contributes to task difficulty as
a result of FoR transformations, which is also sup-
ported by Einarsson (2025)), who highlighted the gap
between “linguistic and spatial intelligence” in LLMs.

1.2.3 Spatial reasoning failures

We hypothesize that spatial reasoning failure can oc-
cur in two distinct stages of the navigational process:
during pathfinding, or during relational analysis and
FoR transformation. These stages were identified and
discussed separately by Agrawal et al. (2025), who
underscored that while LLMs are capable of finding
valid paths, they have limited ability to reason about
those paths. As stated in the introduction, this de-
composition is observational; it does not imply that
the LLM internally proceeds through these stages as
separate steps. Furthermore, the failure modes are
distinguished based on performance differences be-
tween FoRs. While the same ordering of FoR per-
formance is expected as outlined in the previous hy-
pothesis, it is interpreted here from a diagnostic per-
spective, where deviations and relative gaps between
FoRs provide insight into underlying failure mecha-
nisms.

Pathfinding failure The first phase where failure
can occur is during pathfinding. This failure concerns
the LLM’s inability to maintain a coherent internal
spatial representation. If pathfinding is the bottle-
neck, the failure occurs prior to any linguistic trans-
lation into navigation steps; consequently, we would
observe consistently low performance across all out-
put FoRs. Furthermore, testing across multiple maze

sizes can help determine the nature of this limita-
tion: a fundamental inability to model space would
result in failure across all maze sizes, whereas a per-
formance decay correlated with increasing maze size
would indicate a capacity limit in maintaining larger
mental maps. Notably, if certain input spatial repre-
sentations yield significantly better results, it would
suggest that the LLM’s spatial mapping is not funda-
mentally absent but is instead non-robust and highly
dependent on input spatial representations.
Relational analysis and FoR transformation
failure The second phase where failure can occur
is during the relational analysis and FoR transfor-
mation, during which a valid LLM-generated path is
translated into navigational instructions. This failure
mechanism is uniquely identifiable by a performance
gap between output FoRs, as described and explained
in the previous hypothesis about FoRs.

1.3 Approach

This thesis implements a controlled experimental
setup that systematically varies input spatial repre-
sentation, output FoR, and maze size. We evaluate
two LLMs from the Google DeepMind Gemini fam-
ily, using Gemini 2.5 Flash-Lite as a non-reasoning
model, and Gemini 2.5 Pro as its reasoning coun-
terpart. A factorial design is employed across three
magze sizes, with 50 mazes per size, each represented
in 11 different spatial representations. For each in-
stance, both LLMs are prompted to produce solu-
tions in three distinct output FoRs, enabling system-
atic comparison across conditions.

The task is realized using perfect mazes, which are a
class of mazes where all cells are reachable via a sin-
gle unique path without loops (Bellot et al., 2021)).
Prior research found that LLMs struggle to solve such
magzes because cyclic graphs are more prevalent in
LLM training data, and that their structural redun-
dancy can simplify navigation by providing multiple
routes to the same location (Fatemi et al.,|2023). Fur-
thermore, the acyclic nature of these mazes increases
task difficulty because any incorrect turn may lead
down a long, incorrect path, that will inevitably lead
to a dead end, necessitating backtracking (Fatemi et
al., [2023)). Thus, perfect mazes minimize ambiguity
in solution validity and reduce the likelihood that
correct paths result from random guessing. Con-
sequently, successful maze solving more accurately
reflects an LLM’s deliberate navigational reasoning.
The complexity of this environment is further sup-
ported by the rapid growth in the number of unique
perfect mazes as grid size increases. For grids of size
n X n, with 2 <n <5, the number of possible span-



ning trees is 4, 192, 100,352, and 557,568,000, respec-
tively (Heinz, [2011)).

Performance is evaluated using a custom “completion
score” metric, the percentage of the path navigated
correctly before the first error; alongside the mean
number of output tokens as a proxy for efficiency. To
our knowledge, this setup constitutes the first inte-
grated evaluation that jointly varies spatial represen-
tation, FoR, and maze size within a single framework,
directly addressing the previously identified gaps of
fragmented benchmarks and spatial representations.

2 Methods

This section details the task setup, followed by model
configurations, dataset specifications and prompt de-
sign. It ends with the setup of a keyword analysis and
an explanation of the evaluation metrics.

2.1 Task description

The experiment was conducted by creating a dataset,
querying the LLMs via their API, and storing both
the final answers and the internal reasoning traces of
the reasoning LLM. The core task for the LLMs was
to determine a valid path from a specified start lo-
cation to a goal location while respecting a fixed set
of navigation rules. We employed three maze sizes
(3x3, 6x6, and 15x15 for line-wall; mapped as ex-
plained in Section [I] to 7x7, 13x13, and 31x31 for
occupancy grids), and used 50 mazes per maze size.
Each of the 50 mazes per size was tested on one rea-
soning and one non-reasoning LLM across a combina-
torial grid of 11 spatial representations and 3 output
FoRs (11 x 3 = 33 conditions per LLM). So, the to-
tal number of runs across 50 repetitions, 3 sizes, 33
conditions and 2 LLMs is 50 x 3 x 33 x 2 = 9,900. A
complete overview of all variables is listed in Table
For all non-visual spatial representations, the input
FoR was absolute coordinates; for JPG and ASCII
the spatial layout is implicit.

The three FoRs that the LLMs were asked to use in
their final answers are:

1. Absolute coordinates: an allocentric frame us-
ing absolute coordinates in (row, column) conven-
tion. Hereinafter referred to only as “coordinates”
for brevity.

2. Absolute directions: an allocentric frame using
absolute directions such as up, down, left, and right,
to describe movements.

3. Egocentric: expresses actions relative to an
agent’s location and orientation, using directions
such as forward, backward, left and right.

The first two frames are both allocentric frames, but
differ in descriptor type.

Table 1: Overview of variables and all possible con-
ditions. Three maze input representations will here-
inafter only be referred to by their abbreviations,
which are shown in brackets.

Variable name Conditions

Gemini 2.5 Flash-Lite,

LLM Gemini 2.5 Pro

Adjacency List JSON
(AL-JSON),
Adjacency List Text
(AL-Text),
Tagged per-cell
(Tagged),
JSON, JPG, ASCII

Magze
representation

coordinates, absolute

FoR . . .
directions, egocentric

line-wall,

Wall encoding occupancy grid

Maze size
(line-wall/occ. grid)

3x3/Tx7, 6x6/13x13,
15x15/31x31

2.2 Model selection and configuration

To ensure that the models could process the image
inputs, we employed multimodal LLMs. We included
one LLM with reasoning capabilities and one with-
out. Additionally, the reasoning-enabled model was
required to allow extraction of its internal reasoning
trace for further analysis. The chosen models are
Gemini 2.5 Pro, a reasoning multimodal LLM, and
Gemini 2.5 Flash-Lite, a non-reasoning multimodal
LLM.

The API settings are shown in Table[2] The default
settings for Temperature, Top-P, Top-K, and can-
didate count were used (default in Nov. 2025, the
starting time of testing). Gemini 2.5 Pro’s default
token output limit was used, so as not to limit the
LLM’s reasoning abilities. Gemini 2.5 Flash-Lite had
a custom output token limit of 650 tokens. This limit
was calculated to be approximately twice the number
of tokens used in the longest solution in the dataset
and therefore would not constrain the LLM’s ability
to provide a complete answer, but instead served as
a safeguard to limit the monetary cost of the experi-
ment.
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Figure 2: Examples of each spatial representation. The top row lists the name of each maze representation,
and three abbreviations to be used hereinafter. The left column differentiates between wall encodings.

Table 2: Used settings for each LLM. All values
are default (Google Cloud, 2025a, [2025b)), except for
Flash-Lite’s maximum output token budget.

Parameter Gemini 2.5 | Gemini 2.5
Pro Flash-Lite
Temperature 1.0 1.0
Top-P 0.95 0.95
Top-K 64 64
Candidate
1 1
count
Maximum 65,536 650
output tokens Incl. thinking

2.3 Dataset

This subsection details how maze generation was per-
formed, and lists additional information about the

11 input spatial representations. The final dataset,
results and all code are publicly available at https:
//github.com/vvannoesel/LLM maze solver| (Van
Noesel, 2025).

Maze generation Maze complexity can be quan-
tified using various metrics, including solution path
length, dead-end density, diversity, number of turns,
and number of junctions (Buck, 2015; Gabrovsek,
2019; Kozlova et al., [2015; Vijaya et al., [2024]).
Depth-First Search (DFS) generates mazes with long
solution paths and high diversity (Kozlova et al.,
2015, Vijaya et al., |2024). Our objective was to
evaluate the complete pipeline of spatial reasoning
for navigation. The difficulty of individual choices
that an LLM must make during the reasoning pro-
cess is less critical than assessing whether the LLM
can make and consistently track multiple consecutive
decisions. Furthermore, it is important that the maze
generation algorithm is capable of creating perfect
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mazes. Therefore, we selected randomized DFS, an
algorithm that generates acyclic mazes of moderate
complexity, reflecting ordinary navigational decision-
making tasks, while being simple to implement. This
is also the maze generation algorithm that was used
by Dao and Vu (2025), Einarsson (2025)), Ivanitskiy
et al. (2023]), and Spies et al. (2025), who use mazes
to query LLMs.

Spatial representations Dataset creation was per-
formed by generating the mazes and converting them
into the 11 spatial representations. The spatial rep-
resentations and three corresponding abbreviations
are defined in Figure [2| and more detailed examples
are shown in Appendix B:I] For brevity, these ab-
breviations will be used exclusively when referring to
specific input spatial representations.

All maze representations, except one, were derived
from literature. To ensure uniformity across modal-
ities, we introduce a JSON-formatted adjacency list
as an additional maze representation. This format
serves as a JSON counterpart to the textual graph en-
coding (AL-Text), analogous to how the JSON visual
description complements the Tagged textual descrip-
tion of the maze layout. The proposed maze repre-
sentation therefore provides consistency across both
content type (grid-based vs. graph-based encoding),
and format (text vs. JSON). A line-wall ASCII spa-
tial representation is excluded because ASCII draw-
ings inherently correspond to the dimensions of an
occupancy grid.

For the maze images, JPG files were used. This im-
age compression was not essential for obtaining the
required image properties, so formats such as PNG
may also be used. The images were 800x800 pixels,
and each maze uses the color #939393 and a line
thickness of 1 pixel for the gray grid lines.

Maze sizes The experiment was conducted on maze
sizes 3x3, 6x6, and 15x15 for line-wall mazes, cor-
responding to 7x7, 13x13, and 31x31 for occupancy
grid mazes. By evaluating performance across a
range of maze sizes rather than a single size, we aim
to distinguish between fundamental limitations and
capacity-driven decay.

To observe performance similarities between LLMs
across increasing maze sizes, a 3x3 maze was in-
cluded to document the performance development of
Gemini 2.5 Flash-Lite as maze size increased. The
6x6 maze was selected based on preliminary exper-
iments indicating that this size marks the point at
which the reasoning LLM’s performance begins to
degrade, while the non-reasoning LLM’s performance
approaches zero. Finally, the 15x15 maze was chosen
as the largest maze size, as preliminary experiments
indicated that performance at this size is declining

but not yet zero for many spatial representations. We
conducted 50 repetitions per maze size. For maze
sizes 6x6/13x13 and 15%x15/31x31 each of the 50
mazes is unique; for maze size 3x3/7x7 the dataset
is comprised of 14 unique mazes.

Sample size The decision to run 50 repetitions per
maze size was based on the expected 95% confidence
interval half-widths. Assuming a normal distribu-
tion for prediction simplicity, for N = 50 and a t-
distribution with 49 degrees of freedom, the 95% con-
fidence interval half-width equals tg.025(49) - % ~
0.284 - SD. In the worst possible case (SD = 50 per-
centage points, occurring when 25 runs yield 0% and
25 runs yield 100%), the half-width is 14.2 percent-
age points. In a relatively low-variance case (e.g., 40
of 50 runs scoring 100% and 10 runs scoring 75%,
giving a mean of 95% and SD = 10.1 percentage
points), the half-width is 2.9 percentage points. In a
high-variance case (e.g., scores uniformly distributed
across [0%, 100%)], giving a mean of 50% and SD =
29.2 percentage points), the half-width is 8.3 percent-
age points.

2.4 Prompt engineering and design

To prioritize the core experimental objectives, we
excluded system-level instructions but included a
brief role specification in each prompt. Given the
constrained research duration, it was not feasible
to validate a universal system prompt that could
interact with all 33 task-specific prompts with-
out introducing unintended side-effects such as
bias in decision-making (Neumann et al., |2025].
Consequently, the decision to omit system-level
instructions was a precautionary measure.

For comparability across spatial representations,
each prompt had the same structure. Each contained
definitions of task, rules, required answer format,
required output FoR, and an explanation of the
spatial representation. In cases where an egocentric
output FoR was requested, the prompt specified
a south-facing starting orientation. An example
is shown below, and all prompts are included in
Appendix [B:2]

"You are a maze-solving expert. Your goal
is to find the path from start to end. Do
not use external tools or write code to
solve the maze.

The rows x cols* maze is shown as an

image, where thick black lines are
impassable walls, thin light gray lines are
passable cell borders, the circle is the
start and the star is the end; the top-left



corner is (0,0) in (row, col).
Instructions:

1. You can only move up, down, left, or
right.

2. You cannot move diagonally or through
walls, only from one cell to an adjacent
cell.

3. Your output must be a single,
comma-separated sequence of steps.
example: up, down, right, right, down.

4. Provide only the final list of moves in
your response."

* rows x cols isreplaced by the maze’s size during
testing.

For

2.5 Keyword search

To investigate how LLMs approach maze solving,
which reasoning behaviors are associated with high
performance, and whether spatial representation in-
fluences these behaviors (sub-question 3), a keyword
search was performed on the internal reasoning traces
of Gemini 2.5 Pro. This required identifying rel-
evant reasoning behavior categories and associated
keywords. These were derived from a subset of the
internal reasoning traces (line-wall AL-Text, 15x15
runs 1-10, coordinates output FoR), which was se-
lected because it contains variation in performance
and thus reasoning behaviors. A complete list of
identified categories, explanations, and keywords can
be found in Appendix [D.3] Table [7]

The categories and keywords were identified in col-
laboration with Gemini 3 Pro (Google Cloud, 2026)
as an assistive tool (all settings left to the default val-
ues, listed in Table @ Appendix . First, Gemini
3 Pro proposed initial reasoning behavior categories,
after which we jointly identified candidate keywords
per category from the dataset subset. Each keyword
occurrence was then manually reviewed in context,
and keywords appearing in unrelated contexts were
removed.

For validation, a second subset was used (15x15
run 1, all spatial representations, coordinates out-
put FoR). Each reasoning trace was manually cate-
gorized, and the automated keyword search was ap-
plied to the same subset. The automated results were
compared to the manual classification, and the key-
word list was amended accordingly, resulting in the
final set of keywords and categories.

During keyword selection, the focus was on words
used during reasoning behaviors, rather than words
used to describe them. For example, the term
“Breadth-First Search" was omitted because the
LLM often mentions it without actually using the

algorithm. The keyword list also included explicit
exclusion phrases. For example, the keyword “confi-
dent” was paired with the exclusion phrase “not con-
fident”.

The keyword search was restricted to four of the six
magze sizes in the Gemini 2.5 Pro dataset, exclud-
ing the 3x3 and 7x7 conditions, as their short rea-
soning traces and high completion scores introduced
noise and obscured correlations. The search was au-
tomated using a custom Python script. The number
of mentions within each reasoning trace was not con-
sidered; instead, a binary indicator of presence or
absence was used.

2.6 Evaluation metrics

We evaluated LLM performance through two distinct
primary metrics. First, we defined completion score
as a measure of navigational accuracy; this is cal-
culated as the number of consecutive correct steps
generated from the start of the response until the
first error (or the target cell, whichever comes first),
normalized by the length of the ground-truth solu-
tion path. The formula can be found in Appendix
[C] Equation[I} This yields a percentage that reflects
how far along the solution path the LLM reached
before making the first mistake (i.e. 50% indicates
that the LLM successfully reached 50% of the solu-
tion path before making the first mistake). In the
coordinates output FoR, each “step” corresponds to
a coordinate. The solution sequence includes the co-
ordinates of both the start and end cells. As a result,
if the start cell is correctly identified but the first
movement away from this cell is incorrect, the re-
sponse may still receive a score above 0%. In other
FoRs, this case would yield a score of 0%.

Second, the mean number of output tokens was uti-
lized as a proxy for efficiency, encompassing the total
count of output tokens, including internal reasoning
tokens in the case of Gemini 2.5 Pro.

Even though the occupancy grid mazes are larger
than the line-wall mazes, they encode the same un-
derlying maze structure and thus represent the same
task in a different manner. The completion score
metric is a reflection of how far into the maze the
LLM has successfully navigated. So, because both
wall encodings represent the same maze, and the met-
ric is proportional to the solution path length, their
completion scores and number of output tokens can
be compared and ranked against each other.

Lastly, the metric for the keyword search was the
percentage of runs in which each reasoning behavior
occurs.
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Figure 3: Average completion score achieved by each spatial representation, for each maze size and output
FoR. The error bars show the bounds of the 95% confidence interval of that datapoint in percentage points.

3 Results
Although Gemini 2.5 Flash-Lite inherently can-

not execute a formal reasoning phase and Gemini 2.5

Each subsection presents results corresponding to a
research sub-question, following the order in which
the questions were posed.

3.1 Completion score

Figure [3| shows the completion score achieved by
each spatial representation, output FoR, and LLM,
addressing sub-question 1. This figure includes
the size of the 95% confidence interval for each
datapoint (see Appendix for the full overview
of 95% confidence interval half-widths). 67% of
conditions have a 95% confidence interval half-width
below 5.0 percentage points (pp), and the maximum
observed half-width is 11.8 pp. The half-widths
differ somewhat by maze size: the 6x6/13x13
mazes are mostly well-behaved (only 1 condition
above 10.0 pp), while the remaining maze sizes
have 9 (15x15/31x31) and 8 (3x3/7x7) conditions
with half-widths of 10.0 pp or higher. This occurs
in 3x3/7x7 mazes because small mazes produce
more bimodal all-or-nothing score distributions. In
15x15/31x31 mazes, this is largely the result of
inconsistent performance with the line-wall Tagged
and line-wall AL-Text spatial representations.

Pro can, the top-performing spatial representations
are similar for both LLMs. Gemini 2.5 Flash-Lite’s
highest performance is yielded by the AL-JSON
maze representation, followed by AL-Text, across
maze sizes and FoRs. For the line-wall mazes, JSON
comes in third place. For the occupancy-grid mazes,
coordinates output, JSON is also in third place.
Similarly, in Gemini 2.5 Pro, AL-JSON yields the
highest performance across FoRs, sizes and wall
encodings. For second and third place, AL-Text and
Tagged alternate with each other, depending on FoR
and wall encoding.

Another similarity between the LLMs, is each FoR’s
relative performance. The coordinates FoR yields
the highest overall completion scores and the small-
est confidence intervals. The absolute directions FoR
results in noticeably lower performance for Gemini
2.5 Flash-Lite. For Gemini 2.5 Pro, performance in
the absolute directions FoR remains similar to the
coordinates FoR, although completion scores decline
slightly for the 15x15 and 31x31 mazes. Finally,
the egocentric output FoR shows the worst outcomes
overall, with completion scores approaching 0%
for the non-reasoning LLM, and completion scores
below 100% from maze size 3x3/7x7 onward for the
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reasoning LLM. Gemini 2.5 Pro also shows larger
confidence intervals in the egocentric FoR, compared
to the others.

3.2 Output tokens

To answer sub-question 2, Figure [4] shows the cost
of each LLM’s answer in terms of the mean number
of output tokens, alongside the average completion
score achieved.  The count includes all output
tokens; for Gemini 2.5 Flash-Lite this is only the
final answer, and for Gemini 2.5 Pro this is internal
reasoning trace and final answer combined. Overall,
the mean number of output tokens varies strongly
with output FoR for Gemini 2.5 Flash-Lite, while it
scales primarily with maze size for Gemini 2.5 Pro.

The left column shows Gemini 2.5 Flash-Lite’s
results. For this LLM, the coordinates FoR exhibits
the lowest variation in mean number of output tokens
(horizontal spread) and the highest outcomes, which
is consistently achieved by the two graph-based
spatial representations. The absolute directions
output FoR shows a larger spread in mean number
of output tokens and lower performance than the
coordinates FoR. The egocentric output FoR yields
the highest mean number of output tokens and the
lowest performance. The convergence towards low
completion scores and high mean number of output
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tokens that is shown in the bottom-left subplot, is
a result of syntax failure, which will be discussed
further in section 43

The right column of Figure [4] shows the rea-
soning LLM’s performance. Here, the mean number
of output tokens is primarily a function of maze size.
The top-three spatial representations that are both
high-performing and low in token output (top-left
cluster) are listed in Tables |3| and These are
distinguished based on the ratio between completion
score and mean number of output tokens of all
datapoints in the top-left clusters. Table [3| (Gemini
2.5 Flash-Lite) excludes maze size 15x15/31x31
due to the high occurrence of syntax failure, which
causes low completion scores and excessively high
token output.

Notably, both line-wall AL-JSON and occupancy
grid AL-JSON are among the most high performing
and output token-efficient for both LLMs. Ad-
ditionally, these spatial representations are the
most expensive in terms of input tokens. Line-wall
JSON is ranked 2"¢ and 3"¢ in Table [4] and has
the second-highest input token cost. A complete
overview of input tokens per spatial representation

is shown in Appendix Figure
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Figure 5: Keyword presence as a function of mean completion score. The data is averaged over all Gemini

2.5 Pro’s reasoning traces for maze sizes 6x6/13x13 and 15x15/31x31.

[13%))

1’ is the correlation coefficient,

with “p” as its associated statistical significance. Note that the scale on the y-axes is different for

each subplot.

Table 3: Gemini 2.5 Flash-Lite’s top three input spa-
tial representations that achieve the highest comple-
tion score at the lowest mean number of output to-
kens per maze size, ranked by completion-score-to-
mean-output-token ratio. Maze size 15x15/31x31 is
excluded due to high occurrence of syntax failure.

Table 4: Gemini 2.5 Pro’s top three input spatial
representations that achieve the highest completion
score at the lowest mean number of output tokens
(thinking + final answer), per maze size, ranked by
completion-score-to-mean-output-token ratio.

*“abs. dir.” is shorthand for “absolute directions”.

3x3 6Xx6 3x3 6x6 15x15/
Rank 7><7/ 13><1/3 Rank 7><7/ 13><1/3 31x31
Line-wall Line-wall Line-wall Line-wall Line-wall
1 AL-JSON AL-JSON 1 AL-JSON AL-JSON AL-JSON
coordinates | coordinates coordinates abs. dir. coordinates
Line-wall Line-wall Line-wall Line-wall Line-wall
2 AL-Text AL-Text 2 JSON AL-JSON AL-JSON
coordinates | coordinates coordinates | coordinates abs. dir.
Occ. grid Occ. grid Line-wall Line-wall Occ. grid
3 AL-JSON AL-Text 3 AL-JSON JSON AL-JSON
coordinates | coordinates abs. dir. abs. dir. coordinates

3.3 Keyword search

A keyword search is used to answer sub-question
This analysis reveals that there are multiple
behaviors associated with performance inside the
reasoning traces of Gemini 2.5 Pro.
categories that have a statistically significant corre-
lation (p < 0.05) to completion score are shown in

3.

The behavior

Table |5, accompanied by their explanations and key-
words. Figure [5| shows the correlations between the
keywords occurring for each spatial representation
throughout the dataset (excluding 3x3 and 7x7)
and the achieved completion scores. This figure
shows that there are two solving strategies that the
LLM uses: heuristics and algorithmic solving. Use
of graph-solving algorithms is positively correlated
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Table 5: Keyword search categories that have statistically significant correlations with performance, their
definitions, and keywords. Some keywords are excluded from this table for brevity, see Table [7]in Appendix

for the complete list of words.

**down-right” has many variations such as “down and right”, which are left out of this table.

Category and Explanation

Keywords

Algorithm naming: Explicitly describes using
Breadth-First or Depth-First Search, or other
formal algorithm

visited, queue, queuing, dequeuing, enqueuing, parent

Heuristics: Uses heuristics such as right-hand
rule, going down and right, or “visual” search

right-hand, wall-following, heuristic, visually tracing, visual

down-right*, southeast, eyes,

Declared confidence: Claims success
with vague or unsupported language

I made it, I’ve made it, confident, it works,
paid off, solved, correct, complete, this is the solution,
“easy, right?”, no problem, Exclusion: not confident

with completion score. Predominant use of heuristics
to solve the maze, and unfounded declarations of
confidence are negatively correlated with completion
score.

The “Declared Confidence” subplot shows that
unsupported declarations of confidence are univer-
sally present. Similarly, the “Heuristics” subplot
shows that use of heuristics to solve the mazes is
present in all spatial representations, though in
varying amounts. Finally, the use of algorithms to
solve the mazes is not as prevalent; JPG, ASCII,
occupancy grid JSON, and occupancy grid Tagged
use algorithms in less than 20% of all instances.

The figure also reveals a pattern in the order
of placement of each maze representation. The
ordering along the trend-lines from left to right
is: JPG, ASCII, JSON, Tagged and AL-Text, and
finally AL-JSON. The order of the pattern in the
“Algorithms” subplot is mirrored, compared to the
pattern in the “Heuristics” subplot. This means that
magze representations where heuristics are used most,
algorithms are used least, and vice versa.

4 Discussion

The discussion systematically addresses the research
questions by evaluating how the results support or
reject each hypothesis. Section answers sub-
question 1, Section [£.2]addresses sub-question 3, Sec-
tion discusses sub-question 2, and finally Sec-

discusses the third hypothesis (from Section
1.2.3)
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4.1 Performance similarities

Performance similarities across LLMs illuminate the
variables’ strengths and weaknesses, and indicate
whether their performance could be generalizable,
answering sub-question 1. Each variable is discussed
based on its associated hypothesis.

4.1.1 Spatial representation hypothesis

This hypothesis set two separate expectations:
structured, textual encodings would outperform
visually based ones, and concise inputs would yield
better outcomes than verbose ones. Our results
prove the first expectation and reject the second one.

The data clearly supports the expectation that
visually grounded maze representations would yield
the lowest performance, as ASCII and JPG yield
the worst completion scores. Data show that the
LLMs cannot infer the basic maze layout from these
maze representations, which is the leading cause
for their low performance. Completion scores in
the coordinates output FoR for the 6x6,/13x13 and
15x15/31x31 maze sizes show that Gemini 2.5 Pro
fails to correctly identify the starting coordinates in
78% and 55% of JPG and ASCII cases, respectively.
Gemini 2.5 Flash-Lite fails in 50% and 100% of
these cases, respectively. This indicates that poor
performance on visual inputs is often caused by a
fundamental misunderstanding of the maze repre-
sentation, rendering subsequent search ineffective.

The failure of the ASCII spatial representation
aligns with documented difficulties of LLMs in
interpreting spatial semantic layouts (Jia et al.,
2025}, Jiang et al., 2024} W. Li et al., 2024)). Failures
in the JPG spatial representation appear to stem




from multimodal parsing limitations. Gemini 2.5
Pro’s reasoning traces suggest that the model relies
on coarse global descriptions, such as approximate
start and goal locations or overall wall structure,
rather than detailed per-cell information required
for maze solving. Additionally, our image design
may contribute to ambiguity. Grid lines in the
JPG images are one pixel wide, which may be
interpreted as artifacts during multimodal parsing.
JPG compression may also reduce visual clarity.
Future work should therefore compare performance
using uncompressed images and wider grid lines to
evaluate the impact of these design choices.

When considering the completion scores from Gemini
2.5 Flash-Lite, graph-based spatial representations
clearly outperform grid-based spatial represen-
tations, which was also observed in the analysis
of other non-reasoning LLMs by Agrawal et al.
(2025). This distinction cannot be made in Gemini
2.5 Pro’s completion scores. Although AL-JSON
consistently outperforms any other, AL-Text does
not consistently outperform Tagged, while JSON
consistently performs the same as, or worse than
these three, for the reasoning model.

The expectation that verbosity yields lower com-
pletion scores is rejected by the similar completion
scores between wall encodings and the high number
of input tokens for AL-JSON. The results show high
completion scores for both line-wall and occupancy
grid mazes, even though there are more reachable
cells in the occupancy grid mazes than there are in
the line-wall maze, meaning occupancy grid mazes
are inherently more verbose than line-wall mazes.
In Gemini 2.5 Flash-Lite, AL-Text and AL-JSON
show comparable completion scores between wall
encodings. In Gemini 2.5 Pro’s results, differences
only start showing at maze size 15x15/31x31 for
the AL-JSON and Tagged spatial representations,
with AL-JSON even yielding similar completion
scores at 15x15/31x31 in the two allocentric FoRs.
Although the occupancy grid AL-JSON spatial
representation is concise in the sense that it only
lists reachable neighboring cells and thus does not
contain information about redundant cells, it is
also verbose: AL-JSON has the highest number
of input tokens out of all maze representations,
for both wall encodings (see Figure [8| in Appendix
ID.2). The verbosity stems from describing the
neighbor-relationships in detail, and mentioning
each connection between neighbors twice (once from
each cell).
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4.1.2 Frame of reference hypothesis

Across models we see that outputs in the coordinates
FoR yield the highest performance, while egocentric
outputs consistently yield the lowest performance.
This similarity aligns with our hypothesis, based on
Premsri and Kordjamshidi (2025), as LLMs achieve
their best performance when input and output FoRs
are the same. Additionally, the task demands asso-
ciated with changing FoRs require greater reasoning
depth and may increase the likelihood of errors.

In summary, structured inputs outperform vi-
sually grounded ones, while compact inputs do not
necessarily outperform verbose ones. To answer
sub-question 1 and address research gap 2 concerning
fragmented spatial representations, only AL-JSON
works well for both LLMs, FoRs, maze sizes, and
wall encodings. Furthermore, the coordinates output
FoR yields the highest completion scores for both
LLMs. However, what these results do not yet make
clear, is what happens within the LLMs that causes
such differences when spatial representations and
FoRs are changed. The next section will explore
how the reasoning LLM leverages the input spatial
representations, through keyword search analysis of
Gemini 2.5 Pro’s reasoning traces.

4.2 Keyword search

The keyword search provides insight into the
relationship between spatial representations and
reasoning behavior, which helps us theorize why
some yield better results. Our findings are twofold
(sub-question 3): spatial representations appear
to influence which solving strategy is selected,
and the best performing spatial representation can
accommodate use of multiple strategies.

The emergent ordering of maze representations
in Figure [5] shows that those with higher heuris-
tic usage exhibit lower algorithm usage. While
correlational, this pattern is consistent with the
maze representation influencing the LLM’s solving
strategy. The highest completion scores are yielded
by maze representations that rely on both algorithms
and heuristics as a solving strategy. Thus, neither
strategy is inherently good or bad, but exclusive
dependence on heuristics yields the worst outcomes.
The graph-based maze representations AL-JSON
and AL-Text more frequently lead to algorithmic
reasoning than others. These formats are unambigu-



ous and explicitly define neighboring cells, which can
be directly used as inputs in graph-search algorithms
such as DFS and BFS.

The remaining four maze representations more
frequently lead to heuristic reasoning. These maze
representations lack explicit relational structure, re-
quiring the LLM to infer spatial relationships before
applying formal algorithms. Heuristic approaches
such as visual search, movement toward the target,
or wall-following require less preprocessing, and we
theorize that they therefore occur more frequently.
The Tagged and JSON maze representations yield
much higher completion scores than JPG and ASCII,
even though they use the same solving strategy.
This is due to the LLMs’ misunderstanding of the
inputs, rather than the strategy.

These findings suggest that the maze represen-
tation determines the solving strategy, and thus
the final performance. So LLMs’ spatial reasoning
abilities are highly dependent on the input spatial
representation. More broadly, this indicates that
LLM performance on spatial problems may generally
benefit from spatial representations that explicitly
encode relationships between entities, rather than
requiring LLMs to infer connectivity from implicit
or visual layouts.

4.3 Output tokens

The results for the mean number of output tokens
directly answer sub-question 2, and provide support-
ing information for sub-question 1. Furthermore,
this section explains Gemini 2.5 Flash-Lite’s conver-
gence towards low completion scores and high mean
number of output tokens.

The most output token-efficient and high per-
forming FoRs and spatial representations vary per
LLM (sub-question 2). In the case of Gemini 2.5
Flash-Lite, the coordinates output FoR and both the
AL-JSON and AL-Text representations are the clear
winners. In the case of Gemini 2.5 Pro, both the
coordinates and absolute directions FoRs, as well as
the AL-JSON and JSON representations accomplish
high performance at a low mean number of output
tokens. What stands out from these results, is that
the AL-JSON maze representation is identified as
output token-efficient for both LLMs (sub-question
2), even though it uses the highest number of input
tokens. This shows that compact inputs do not
always lead to efficient reasoning, contrary to our
hypothesis in Section [[.2.I} Possibly the explicit
and structured input decreases the need for LLMs to
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perform additional parsing or preprocessing before
task solving, as explained in the keyword search
analysis.

Furthermore, the bottom-left subplot in Figure
[4] shows an overall convergence towards low com-
pletion score and a high mean number of output
tokens. This results from an increased frequency of
syntax failure, referred to as the “repeat curse” (Yao
et al., |2025), who argue that it is a self-reinforced
repetition of tokens or phrases as a consequence of
feature activation, mentioning that more challenging
questions will yield a more pronounced repeat curse.
This failure manifests as an output consisting of
random repetitions of possible actions (e.g. “right,
right, right”) until the token limit is reached, often
resulting in poor performance, as shown in Figure [6]

Score Fr Final Answer Token Output, Gemini 2.5 Flash-Lite

Coordinates Output

Absolute Directions Output

Egocentric Output

5 10 15 20 25 30 35 40 4

5 50 55 60 65 70 75 80 85 90 95 1
Completion Score (%)

Figure 6: The frequency of the completion scores
that are achieved at each occurrence of maximum
token output in Gemini 2.5 Flash-Lite, counted over
all maze sizes. Note that the scale on the y-axes
is different for each subplot.

4.4 Spatial reasoning failures

This section evaluates the third hypothesis, which
consists of two sub-claims which will each be dis-
cussed separately. First, Section [£.4.1] will address
the remaining question of why performance differ-
ences occur across FoRs. Then, Section [{.4.2] will
discuss how the effect of increasing maze sizes is used
to distinguish between different failure types within
the pathfinding phase. The distinction between spa-
tial reasoning phases serves in this thesis as an ana-
lytical lens rather than a claim about how the LLM
internally solves the task. Together, these analyses
contribute to answering the main research question
and address the research gap about fragmented eval-
uation methods for LLMs on navigational tasks.



4.4.1 Frame of reference

This section uses the observed differences in FoR
performance to show that failures primarily occur
during relational analysis and FoR transformation,
and explains why FoR transformations are challeng-
ing for LLMs.

Hypotheses 2 (Section and 3 (Section
predict the same overall FoR performance
pattern:  the coordinates FoR will outperform
all others, and the egocentric FoR will yield the
lowest results.  However, hypothesis 2 does so
observationally, while hypothesis 3 uses the pattern
diagnostically to identify in which phase of the
spatial reasoning pipeline failure occurs, providing
insight into the LLMs’ spatial reasoning abilities
and addressing the first research gap. Section [£.1.2]
mentions that the data supports the prediction
made in both hypotheses. Hypothesis 3 explains
that this pattern points to failures occurring during
relational analysis and frame transformations rather
than during pathfinding.

Z. Zhang et al. (2025) explain why relational analysis
and transformations between FoRs are challenging
for LLMs. The authors attribute difficulties with
FoR transformations to the inherent ambiguity
of spatial language. Spatial terms are context-
dependent, vary across individuals, and require
transformations that depend on situational context
(Z. Zhang et al., 2025). Consequently, switching
between frames of reference introduces ambiguity
and increases reasoning complexity. Z. Zhang et al.
(2025) further reported that LLMs tend to prefer
absolute directions over egocentric outputs, while
showing limited robustness with both. Our results
also show a decline in consistency in the egocentric
FoR, as indicated by the larger 95% confidence
intervals.

In coordinate-based outputs, the path and final
output are the same, requiring no transformations,
and no added ambiguity. In contrast, egocentric
outputs require iterative reasoning, where the LLM
must track both position and orientation while
generating stepwise navigational instructions, which
introduces two potential sources of failure. First,
ambiguity in spatial language may increase the
difficulty of reasoning about relative directions.
Second, egocentric outputs require iterative state
updates, which increase reasoning depth.

The performance differences between FoRs show that
performance degrades specifically when reasoning
over paths is required, rather than during pathfind-
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ing itself, demonstrating that FoR transformations
introduce additional reasoning complexity that
exposes LLMs’ main limitations in spatial reasoning.

4.4.2 Maze size

The hypothesis in Section [1.2.3] states that decreas-
ing performance at larger maze sizes is indicative of
reaching a limit in the LLMs’ capacity to maintain a
mental map, whereas consistently poor performance
is indicative of inherent model limitations. Upon this
distinction we can decide whether each model is ca-
pable of spatial reasoning.

Gemini 2.5 Flash-Lite does not have a separate rea-
soning phase in which pathfinding can be completed
before perspective transformation. Rather, these ac-
tions happen interleaved within a single generation
pass. This LLM’s completion scores are low for most
spatial representations at mazes of size 3x3/7x7,
and with increasing maze size, completion scores con-
tinue to decay while the mean number of output
tokens increases. As stated in the hypothesis, low
overall completion scores are indicative of an inher-
ent model limitation to perform the task. Further-
more, we observe the highest completion scores in the
coordinates FoR, and considerably lower completion
scores as FoR transformation demands increase. This
suggests that the model is capable of pathfinding in
small environments when no FoR transformations are
required, given that a structured spatial represen-
tation is provided that explicitly encodes relational
data. Thus, to partially answer our main research
question: the model is not capable of spatial reason-
ing because its ability to maintain a mental map is
limited, and it is not capable of translating between
FoRs. Given a small maze and graph-based input, it
can do pathfinding.

Gemini 2.5 Pro’s completion scores show that
each spatial representation experiences performance
degradation with increasing maze size, regardless of
output FoR. The reasoning trace length increases
with maze size (Figure [4), which suggests that per-
formance degradation is linked to increased reason-
ing complexity and context requirements. The ob-
served decline in performance with increasing maze
size cannot be conclusively explained based on the
current results and metrics. Several plausible factors
may contribute to this trend, including training on
lower-order graphs (Agrawal et al., 2025)), degrada-
tion in reasoning performance as input length grows
while remaining within the model’s context window,
or limitations imposed by exceeding that window al-
together. As these explanations cannot be discerned



with the present experimental design, further re-
search is required to determine the underlying cause.
Performance decay with increased maze size, together
with the findings in the previous section, suggest that
this LLM has the ability to model space, up to a cer-
tain maze size and depending on the spatial repre-
sentation. Beyond this limit, the LLM is constrained
in maintaining and translating spatial relationships
over multiple reasoning steps. To expand our answer
to the main research question: the reasoning LLM is
capable of spatial reasoning depending on the spatial
representation and type of FoR transformation, up to
a certain maze size. The model shows robust spatial
reasoning when using the Line-wall AL-JSON spatial
representation, as it yields relatively high completion
scores even after tasks of simple FoR transformations
(coordinates to absolute directions).

4.5 Limitations

Completion score The completion score penalizes
the whole answer after the first mistake, even if ev-
erything after the mistake is correct. This ampli-
fies small errors (for example, one rogue step in-
serted early into an otherwise correct path yields
a low score), and makes it impossible for LLMs to
include backtracking behavior in their final answer,
even though finding the shortest/most efficient path
was not the task objective. Furthermore, this ob-
scures error types as small detours and illegal moves
are indistinguishable, and when used on various maze
sizes it may give the impression that performance is
decaying even when the absolute number of correct
consecutive steps until the first mistake remains con-
stant. However, this metric also has advantages such
as measuring step-by-step fidelity, detecting break-
downs, offering more insight than binary pass/fail
metrics for the task, and allowing for comparison.
Furthermore, the completion score does not reflect
the 53 instances where the LLMs’ answers continue
after successfully solving the maze. These cases
achieve a completion score of 100%, although they
show a lack of ability to track when the task is
completed. These cases are indicated in the results
posted on our GitHub page.

Output token limit Gemini 2.5 Flash-Lite’s token
limit of 650 was implemented after the third run,
when it became apparent that in some cases, the
LLM generates a nonsensical output that continues
up until the maximum output token limit is reached.
The manual token limit of 650 was calculated based
on the tokenization of the ground truth answer of a
31x31 maze, using Gemini’s documentation (Google
Al |2025). It has become apparent that a miscalcu-
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lation occurred due to inaccurate reported values in
this documentation, as some ground truth answers
exceed 650 tokens. However, in every case, the first
mistake occurred well before 650 tokens. So, while
the token limit did not impact the completion scores,
it did impact the mean number of output tokens (Fig-
ure [4]). This limits our ability to analyze the LLM’s
reasoning effort, and identify output token-efficient
representations in the mazes of size 15x15/31x31.
The extent of this limitation can be uncovered by re-
running the tests without token limits, and observing
if completion scores remain the same or increase. If
they increase, our token limit impacted all facets of
this research.

JPG generation The JPG input images have grid
lines with a width of 1 pixel. Considering that the
800x 800 pixels image will likely be resized by the
multimodal LLM, a line thinner than 1 pixel after
preprocessing could be interpreted by the LLM as
an artifact, potentially affecting the LLM’s ability
to correctly perceive spatial structure. Future work
could mitigate this issue by increasing grid line thick-
ness.

Keyword search Keyword searches are inherently
limited, as they do not always capture the intended
meaning or context of a word in a dataset. For ex-
ample, the terms “eyes” and “visited” may appear in
general descriptions of exploration, but can also be
used in either heuristic (“eyes”) or algorithmic (*“vis-
ited”) solution strategies, making their interpretation
ambiguous. These words remained in the list of key-
words because they did not appear within a descrip-
tive context in either the identification or validation
subsets. Furthermore, the keywords and categories
were identified and validated based on two limited
subsets of the whole dataset. Keyword identification
is based on 10 runs of a single spatial representation,
and validation was performed on 1 run of all 11 spa-
tial representations, both within a single FoR. There-
fore, it is possible that some keywords or phrases are
missing, leading to missed correlations between LLM
reasoning behavior and completion scores. We tried
to mitigate these effects by averaging over the data,
and manual validation, although this can introduce
new biases.

Lastly, the keyword set is tied to the specific start
and end coordinates of the evaluated maze sizes. As
a result, extending the benchmark to additional maze
sizes or different start and end positions would re-
quire adapting the keywords accordingly.

Dataset We intended to generate 50 unique mazes
for each size. However, for the 3x3/7Xx7 mazes, our
code produced only 14 of the 192 possible unique
mazes, due to non-uniform sampling of the DFS al-



gorithm. This effect is mitigated by size in the larger
mazes. Importantly, the generated set of 14 unique
mazes covers all possible solution paths (shown in
Appendix Figure , and two of the solution
paths each appear twice in the dataset, which are in-
dicated in green in the figure. The difference between
the generated mazes and the remaining 178 mazes, is
the placement of a single wall in the dead-end paths,
thus not introducing new or more challenging solu-
tion paths.

For Gemini 2.5 Flash-Lite, the impact appears mini-
mal, as repeated runs of the same magze still produced
varied completion scores and numbers of output to-
kens. The impact on Gemini 2.5 Pro also appears
minimal: spatial representations that perform well
on 3x3/7x7 mazes continue to perform well on larger
mazes, suggesting that performance on smaller mazes
is not inflated by recurring instances.

5 Conclusion

This study addressed two gaps in LLM spatial rea-
soning research: fragmented benchmarking of navi-
gational competencies, and fragmented spatial input
representations. To close these gaps, this study per-
formed an integrated evaluation containing all facets
of spatial reasoning for navigation, and systemati-
cally compared 11 input spatial representations.
The AL-JSON maze representation in both wall en-
codings consistently achieved the highest completion
scores across models, FoRs, and maze sizes. The per-
formance ordering of FoRs exposes a limitation for
spatial reasoning, as decreased performance aligns
with the increasing reasoning depth required by these
FoRs.

Across both models, line-wall AL-JSON with coordi-
nate outputs was the most consistently performant
and output token-efficient configuration.

Analysis of Gemini 2.5 Pro’s reasoning behavior
showed that higher completion scores were associated
with solving strategies combining algorithms and
heuristics, while unsupported declarations of confi-
dence correlated with lower performance. Spatial
representations influenced the applied solving strate-
gies, although the exact mechanism remains unclear.
AL-JSON was the only representation that showed a
near-equal presence of heuristic and algorithmic solv-
ing, suggesting versatility across approaches.
Overall, spatial reasoning capability differed substan-
tially between models. Gemini 2.5 Flash-Lite did not
demonstrate spatial reasoning capabilities, but did
exhibit pathfinding ability restricted to small maze
sizes, and graph-based input maze representations.
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Notably, wall encoding did not impact this perfor-
mance. In contrast, Gemini 2.5 Pro demonstrated
spatial reasoning capability across multiple spatial
representations and FoRs, although maze size still
constrained performance. Remarkably, AL-JSON
achieved high performance by all measures and across
models, despite having the largest input token count,
showing that compact inputs are not necessarily op-
timal.

Overall, both FoR and spatial representation greatly
influence LLM spatial reasoning ability, affecting
performance, output efficiency, and reasoning be-
havior. The findings suggest that the structured,
graph-based line-wall AL-JSON spatial representa-
tion combined with coordinate-based outputs is gen-
erally most conducive to spatial reasoning, although
effectiveness remains dependent on model capability
and maze size.

5.1 Future work

The discussion mentions three possible directions
for future work. First, the underlying cause for the
observed decay in Gemini 2.5 Pro’s completion scores
cannot be determined with the current experimental
design, requiring further research.

Second, future work should focus on re-investigating
LLMs’ understanding of the JPG representation,
due to the limitations that have been mentioned in
the Discussion and Limitations.

Third, the consistent performance of the AL-JSON
maze representation raises questions about the
mechanisms underlying its effectiveness, and gener-
alization to other LLM families. Although AL-Text
encodes the same information, the graph-based
JSON format systematically outperformed its tex-
tual counterpart. Future work should investigate
whether this advantage stems from structural reg-
ularity, tokenization effects, or differences in how
models parse various formats. Understanding these
mechanisms would clarify whether the observed
performance gains are specific to spatial reasoning
tasks or reflect a broader preference for structured
graph representations, and if these advantages exist
outside the Google DeepMind Gemini family.

A related direction is to evaluate whether AL-JSON
spatial representations generalize beyond spatial
reasoning. Many domains such as social networks,
human behavior modeling, and organizational struc-
tures can be represented as graphs. If AL-JSON
representations consistently improve reasoning per-
formance across these domains, this would suggest
that graph-structured inputs are broadly conducive
to increased reasoning depth. Systematic cross-



domain experiments would be required to assess the
generality of this spatial representation’s advantage.

Another avenue for future work concerns spa-
tial representation transformation. If LLMs can
reliably convert arbitrary inputs into AL-JSON
representations, the importance of the original input
format may be reduced. In this setting, LLMs
could first translate inputs into a structured spatial
representation before performing reasoning. This
approach resembles Chain-of-Thought prompting
(Wei et al., 2022)), where intermediate reasoning
steps improve performance. Future work should
examine whether representation transformation
functions similarly, including whether it improves
performance, increases reasoning stability, or intro-
duces additional sources of error.

Together, these directions aim to better understand
the role of structured spatial representations in LLM
reasoning and to determine whether representation
transformation can serve as a general strategy for
improving spatial and graph-based reasoning tasks.
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A Maze Dataset

A.1 3x3 Mazes

All 14 unique 3x3 line-wall mazes that appear in the dataset.
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A.2 T7XT7 Mazes

All 14 unique 7x7 occupancy grid mazes that appear in the dataset.
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A.3 6x6 Mazes

All 50 unique 6x6 line-wall mazes that appear in the dataset.
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A.4 13x13 Mazes

All 50 unique 13x13 occupancy grid mazes that appear in the dataset.
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A.5 15%x15 Mazes

in the dataset

All 50 unique 15x15 line-wall mazes that appear
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A.6 31x31 Mazes

All 50 unique 31x31 occupancy grid mazes that appear in the dataset.
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B Methods

B.1 Spatial representations

Listing 1: The top two rows of a maze in line-wall
JSON representation. Each cell is contained within
{ }, and each row is contained within square brackets.

{
"size": {
"columns": 3,
"rows": 3
3},
"start": [
0,
0
1,
"end": [
2,
2
1,
"grid": [
[
{
"walls": {
"N": true,
"E": true,
"S": false,
"W": true
}
3},
{
"walls": {
"N": true,
"E": false,
"S": true,
"W": true
}
3,
{
"walls": {
"N": true,
"E": true,
"S": false,
"W": false
}
}
1,
[
{
"walls": {
"N": false,
"E": false,
"S": true,
"W": true
}
3,
{
"walls": {
"N": true,
"E": true,
"S": false,
"W": false
}
3},
{
"walls": {
"N": false,
"E": true,
"S": false,
"W": true
}
}
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Listing 2: The top row of a maze in line-wall Al-
JSON representation. Each cell is called “node” fol-
lowed by its coordinates.

{

"size": {
"columns": 3,
"rows": 3

},

"start": [

0,
0
1,
"end": [
2,
2
1,
"grid": [
{
"node": [
0,
0
1,
"neighbors": [
L
1,
0
]
]
},
{
"node": [
0,
1
1,
"neighbors": [
[
0,
2
]
]
},
{
"node": [
0,
2
1,
"neighbors": [
[
i,
2
1,
[
0,
1
]
]
},



Listing 3: A whole maze in occupancy grid JSON Listing 4: The top row of a maze in occupancy grid
format. Fach cell is denoted by one number, and AL-JSON representation. Each cell is called “node”
each row is contained within square brackets. “1” followed by its coordinates.

signifies an occupied cell, and “0” signifies an open ¢

"size": {
Ceu' "columns": 7,
{ "rows": 7
"size": { :I, "
"columns": 7, start”: [
"rows": 7 L
3, 1
"start": [ 1
1, "end": [
1 5
1, 5
"end": [ ]’ i
5, "grid": [
5 {
1, "node": [
"grid": [ L
[ 1
1, 1,
| "neighbors": [
1, t
1 25
’ 1
i )
1 ]
1, },
[ {
1 "node": [
o, 1,
3
o 1,
0’ "neighbors": [
0, t
1 s
4
][, ]
1, ]
0. },
1 {
1’ "node": [
1’ L
’ 4
g 1,
] "neighbors": [
[' [
1, L
5
0 ¥
0, [
1, L
3
9 ]
7, ]
[ },
1 {
1’ "node": [
1, L
5
g 1,
O’ "neighbors": [
1' [
i,
][, 4
1, 1,
0, [
0, 2
5
o ]
" ]
0 3
1,
[
1,
1,
1,
1,
1,
1,
1
]
]
}
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B.2 Prompts

A full prompt consists of the spatial representation-
specific instruction 4 the output-specific instruction

+ the maze.

B.2.1 Spatial representation-specific

instructions

During testing, “rows x columns” is replaced by

the true size of the maze.

Line-wall JPG:

"You are a maze-solving expert.
is to find the path from start to end.
not use external tools or write code to
solve the maze.

The rows x columns maze is shown as

an image, where thick black lines are
impassable walls, thin light gray lines are
passable cell borders, the circle is the
start and the star is the end; the top-left
corner is (0,0) in (row, col)."

Your goal
Do

Line-wall JSON:

"You are a maze-solving expert. Your goal
is to find the path from start to end. Do
not use external tools or write code to
solve the maze.

The rows x columns maze is represented as
a JSON grid, which describes each cell as
a set of four (N/E/S/W) walls with boolean
‘True’ (impassable) or ‘False’ (passable)
values and includes start/end coordinates;
the top-left corner is (0,0) in (row,
col)."

Line-wall Adjacency List JSON:

"You are a maze-solving expert. Your goal
is to find the path from start to end. Do
not use external tools or write code to
solve the maze.

The rows x columns maze is represented

as a JSON adjacency list, which lists

all available neighbors for each cell

and provides start/end coordinates; the
top-left corner is (0,0) in (row, col)."

Line-wall Adjacency List Text:

"You are a maze-solving expert. Your goal
is to find the path from start to end. Do
not use external tools or write code to
solve the maze.
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The rows x columns maze is represented as
a graph via an adjacency list that lists
which cells are connected (e.g., (0,0) <->
(0,1)) and marks the start and end with
<ORIGIN> and <TARGET> tags; when converted
to a grid, the top-left corner is (0,0) in
(row, col)."

Line-wall Tagged per-cell:

"You are a maze-solving expert. Your goal
is to find the path from start to end. Do
not use external tools or write code to
solve the maze.

The rows x columns maze is represented

as a grid in a tokenized manner, where
each cell is described by its walls (e.g.,
<|updownleft_wall|>) and the start and

end cells are marked with <|origin|> and
<|target|>, respectively; the top-left
corner is (0,0) in (row, col)."

Occupancy grid JPG:

"You are a maze-solving expert.
is to find the path from start to end.
not use external tools or write code to
solve the maze.

The rows x columns maze is shown as an
image, where white cells are passable,
black cells are impassable walls, thin
light gray lines are traversable cell
borders, the circle is the start and the
star is the end; the top-left cormer is
(0,0) in (row, col)."

Your goal
Do

Occupancy grid JSON:

"You are a maze-solving expert. Your goal
is to find the path from start to end. Do
not use external tools or write code to
solve the maze.

The rows x columns maze is represented

as a JSON grid, where cells are ‘1’
(inaccessible) or ‘0’ (accessible), and
start/end coordinates are provided; the
top-left corner is (0,0) in (row, col)."

Occupancy grid Adjacency List JSON:

"You are a maze-solving expert. Your goal
is to find the path from start to end. Do
not use external tools or write code to
solve the maze.

The rows x columns maze is represented

as a JSON adjacency list, which lists

all available neighbors for each cell

and provides start/end coordinates; the



top-left corner is (0,0) in (row, col)."

Occupancy grid Adjacency List Text:

"You are a maze-solving expert. Your goal
is to find the path from start to end. Do
not use external tools or write code to
solve the maze.

The rows x columns maze is represented as
a graph via an adjacency list that lists
which cells are connected (e.g., (0,0) <->
(0,1)) and marks the start and end with
<ORIGIN> and <TARGET> tags; when converted
to a grid, the top-left corner is (0,0) in
(row, col)."

Occupancy grid ASCII:

"You are a maze-solving expert.
is to find the path from start to end.
not use external tools or write code to

Your goal
Do

solve the maze.

The maze is represented as a rows x columns
ASCII grid using ‘#’ for walls, ¢ ’ for
corridors, ‘S’ for the start, and ‘E’ for
the end; the top-left corner is (0,0) in
(row, col)."

Occupancy grid Tagged per-cell:

"You are a maze-solving expert. Your goal
is to find the path from start to end. Do
not use external tools or write code to
solve the maze.

The rows x columns maze is represented

as a grid in a tokenized manner,

where inaccessible cells are tagged as
<|loccupied_walll|>, accessible cells are
tagged as <|blank|>, and the start and

end cells are tagged with <|origin|> and
<|target|>, respectively; the top-left
corner is (0,0) in (row, col)."

B.2.2 Output-specific instructions

Absolute coordinates (‘coordinates’) output
prompt:

"Instructions:

1. You cannot move diagonally or through
walls, only from one cell to an adjacent
cell.

2. Create a comma-separated sequence

of all coordinates on the path

from start to end, including the

start and end points. For example:
(0,0),(1,0),(1,1),(2,1),(3,1).
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3. Provide only the final list of
coordinates from start to end in your
response."

Absolute directions output prompt:
"Instructions:

1. You can only move up, down, left, or
right.
2. You cannot move diagonally or through

walls, only from one cell to an adjacent
cell.

3. Your output must be a single,
comma-separated sequence of steps. For
example: wup, down, right, right, down.

4. Provide only the final list of moves in
your response."

Egocentric output prompt:
"Instructions:

1. Give instructions to an agent in

the maze. The agent begins by facing
south. You can only use the following four
actions:

Forward: this moves the agent 1 step in

the direction it is facing.

Left: this turns the agent 90° to the left
and then moves the agent 1 step in the new
direction it is facing.

Right: this turns the agent 90° to the
right and then moves the agent 1 step in
the new direction it is facing.

Backward: this turns the agent 180° and
then moves the agent 1 step in the new
direction it is facing.

2. You cannot move diagonally or through
walls, only from one cell to an adjacent
cell.

3. Your output must be a single,

comma-separated sequence of steps. For

example: forward, left, right, forward,
right.
4. Provide only the final list of

instructions in your response."



C Metrics

The formula for completion score is shown in Equation The numerator takes the lowest value between
the number of correct consecutive steps, or the ground truth solution length. In practice, this means that
the maximum score is capped at 100%, and any additional steps that continue beyond the target cell are
disregarded and the answer yields a completion score of 100%.

Completion score = L %100 (1)
Ly

L {0(15 if OCS < Ly

Ly otherwise

e CCS: Correct Consecutive Steps, counted from the start of the LLM’s answer until the first error.
Unit: steps.

e Ly Ground truth solution length. The number of steps in the ground truth solution of the maze
in the requested FoR. Unit: steps.

e Completion score: reflects how far along the solution path the LLM reached. Unit: percentages.
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D Results

D.1 Confidence intervals

Half-widths of the 95% confidence intervals of the mean completion scores, expressed in percentage points.
They are computed separately for each combination of spatial representation, output FoR, maze size, and
LLM. Because the completion scores are not normally distributed, bounded, and made up of a small sample
size, the confidence interval half-widths are calculated using Bias-Corrected and Accelerated (BCa) boot-
strapping with 10.000 resamples and a random seed of 42.

Half-Widths of the 95% Confidence Interval for the Mean Completion Scores, Given in Percentage Points,
Computed Separately for Each Combination of Spatial Representation, Output FoR, Maze Size, and LLM

3x3/7x7 Mazes

CI half-width CI half-width CI half-width CI half-width CI half-width CI half-width
i utput, s. Directions Output, ic Output, Coordinates Output, Abs. Directions Output, Egocentric Output,

Gemini 2.5 Pro Gemini 2.5 Pro Gemini 2.5 Pro Gemini 2.5 Flash-Lite Gemini 2.5 Flash-Lite Gemini 2.5 Flash-Lite
Line-wall AL-JSON 0.0 0.0 6.8 0.9 105 18
Line-wall ALTXT 0.0 0.0 42 48 113 0.0
Line-wall JPG 9.6 11.0 111 7.1 9.1 15
Line-wall JSON 0.0 0.0 0.0 9.4 103 1.9
Line-wall Tagged 13 12 0.0 37 7.8 0.0
Occupancy grid AL-JSON 0.0 0.0 5.1 0.0 8.6 0.9
Occupancy grid AL-TXT 0.0 0.0 0.0 11 9.4 0.0
Occupancy grid ASCIl 6.1 7.5 8.9 11.4 8.8 18
Occupancy grid JPG 9.5 7.5 9.6 3.2 2.2 15
Occupancy grid JSON 0.0 0.0 0.0 104 8.1 1.0
Occupancy grid Tagged 0.0 0.0 0.0 113 9.7 14

Half-Widths of the 95% Confidence Interval for the Mean Completion Scores, Given in Percentage Points,
Computed Separately for Each Combination of Spatial Representation, Output FoR, Maze Size, and LLM
6x6/13x13 Mazes
CI half-width CI half-width CI half-width CI half-width CI half-width CI half-width
i Output, . Di i Output, ic Output, Coordinates Output, Abs. Directions Output, Egocentric Output,

Gemini 2.5 Pro Gemini 2.5 Pro Gemini 2.5 Pro Gemini 2.5 Flash-Lite Gemini 2.5 Flash-Lite Gemini 2.5 Flash-Lite
Line-wall AL-JSON 0.0 0.0 6.7 7.1 4.7 11
Line-wall ALTXT 0.0 0.0 8.7 9.1 38 15
Line-wall JPG 0.0 25 2.7 2.0 1.6 0.7
Line-wall JSON 2.9 35 75 31 2.9 1.0
Line-wall Tagged 0.0 6.1 8.2 2.2 1.7 0.4
Occupancy grid AL-JSON 0.0 0.0 7.0 7.2 31 0.0
Occupancy grid ALTXT 0.0 0.0 6.6 8.5 4.6 0.1
Occupancy grid ASCII 5.8 5.3 6.5 0.0 3.4 0.0
Occupancy grid JPG 0.7 2.2 2.7 0.0 0.6 0.5
Occupancy grid JSON 83 9.2 11.0 6.4 4.2 13
Occupancy grid Tagged 0.0 2.4 8.3 5.4 2.9 0.2
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CI half-width ClI half-width ClI half-width ClI half-width CI half-width ClI half-width
i Output, bs. Directions Output, ic Output, Coordinates Output, Abs. Directions Output, Egocentric Output,
Gemini 2.5 Pro Gemini 2.5 Pro Gemini 2.5 Pro Gemini 2.5 Flash-Lite Gemini 2.5 Flash-Lite Gemini 2.5 Flash-Lite
Line-wall AL-JSON 5.2 6.4 116 4.2 0.9 0.3
Line-wall ALTXT 8.1 11.0 111 26 0.9 0.4
Line-wall JPG 0.1 0.5 0.4 0.4 0.7 0.5
Line-wall JSON 55 41 2.8 0.8 0.9 0.1
Line-wall Tagged 10.4 113 11.8 0.4 0.9 0.3
Occupancy grid AL-JSON 4.6 7.9 103 7.0 0.8 0.0
Occupancy grid AL-TXT 9.3 10.8 8.9 41 0.9 0.4
Occupancy grid ASCIl 0.2 0.7 0.6 0.0 0.4 0.2
Occupancy grid JPG 0.3 0.3 05 0.0 0.4 0.3
Occupancy grid JSON 35 25 1.8 13 0.6 0.3
Occupancy grid Tagged 10.0 9.7 7.8 12 0.6 0.2
D.2 Supporting figures
Number of Correct Consecutive Steps From The Start
Line-Wall Maze, Line-Wall Maze, Line-Wall Maze, Line-Wall Maze, Line-Wall Maze, Line-Wall Maze,
Coordinates Output Abs. Directions Output Egocentric Output Coordinates Output Abs. Directions Output Egocentric Output
60 60 60 00 200 200
2 50 504 504 175 175 175
g 150 150 4 150
el 401 401 125 1 1254 125 1
©
& 304 30 30 1004 i 100 1004
v b
< g 75
= 204 204 20
E 3 504
£ 104 4| 10 10 25
a
g o ——e —t—— —a - 0
o 3x3 6x6  15x15 3x3 6x6  15x15 3x3 6x6  15x15  3x3 6x6  15x15 3x3 6x6  15x15 3x3 6x6  15x15
v
>
5 Occupancy Grid Maze, Occupancy Grid Maze, Occupancy Grid Maze, Occupancy Grid Maze, Occupancy Grid Maze, Occupancy Grid Maze,
9 Coordinates Output Abs. Directions Output Egocentric Output Coordinates Output Abs. Directions Output Egocentric Output
@ 60 60 60 200 200 200
S 175 175 175 Legend
© 504 504 504 R Models
] 150 1 S| 1504 { T e | Gemini 2.5 Pro
£ 4 4 4 B —— Gemini 2.5 Flash-Lite
s a0 40 125 125 3 125 n e
Q 4 ¢ K Maze Representations
- ) )
S 304 304 304 100 1| 100 100 @ Adjacency List JSON
= " )
[} @ Adjacency List Text
‘g 204 204 204 » » ® G
2 50 4 50+ ® JsoN
104 10 4 104 @® Tagged per-cell
2 3 @ Ascl
0- - 0 = » y 05 i y - ; y - ; ot
7x7  13x13  31x31 7x7  13x13  31x31 7x7  13x13  31x31 7x7 13x13  31x31 7x7  13x13  31x31 7x7 13x13  31x31
Maze Size (-)

Figure 7: The average number of correct consecutive steps counted from the start of the LLM’s answer until
the first mistake or reaching the target cell, whichever occurs first, at each maze size. The six left-hand figures
reflect Gemini 2.5 Flash-Lite’s performance, the six right-hand figures reflect Gemini 2.5 Pro’s performance.
Note that the scale on the y-axes is different for the two models. The error bars show the bounds

Half-Widths of the 95% Confidence Interval for the Mean Completion Scores, Given in Percentage Points,
Computed Separately for Each Combination of Spatial Representation, Output FoR, Maze Size, and LLM

15x15/31x31 Mazes

of the 95% confidence interval of that datapoint in steps.
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Mean Input Tokens Per Spatial Representation,
Wall Encoding, and Maze Size

Line-Wall Maze Occupancy Grid Maze

25000 A

)

N
S
3
3
3

Legend
Maze Representations
@ Adjacency List JSON
15000 1 Adjacency List Text
® JrG
K @® JsoN
. ® Tagged per-cell
[ J

10000 4 . AsCll

Mean Input Tokens (tokens:
»

5000 A

3x3 6x6 15x15 7x7 13x13 31x31

Maze Size (-)

Figure 8: The mean number of input tokens for each spatial representation and maze size. The number of
input tokens is the same for both LLMs, and the difference between FoRs is negligible.

D.3 Keyword search

Table 6: Used settings for Gemini 3 Pro, when used as an assistive tool for identifying keywords and

categories. This model has been discontinued as of March 26 2026. All values are default (Google Cloud,
2026).

Parameter Gemini 3 Pro
Temperature 1.0
Top-P 0.95
Top-K 64
Candidate count 1
Maximum output tokens 65,536
Incl. thinking

Table 7: All categories explored during keyword search, their definitions, and exhaustive list of keywords.

*examin” works for “examination”, “examine”, and “examining”.

Category and Explanation Keywords
Algorithm naming: Explicitly describes
using Breadth-First Search, Depth-First
Search, or other formal algorithm

visited, queue, queuing,
dequeuing, enqueuing, parent
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Heuristics: Uses heuristics such
as right-hand rule, going down
and right, or “visual” search

down-right, right-down,
down and right,
downwards and to the right,
downward and to the right,
down then right, right then down,
to the right and down,
right then down, to the right and down,
right-hand, wall-following,
heuristic, visually tracing,
visual, eyes, “down, right”,
“right, down”, southeast

Full Restart: Restarts the search from
scratch, reflects on strategy choice,
or changes approach

T’ll need to visualize the maze in a different
way, I'll begin from the starting node again,
T’ll begin from the start again,

I did it again, restart,
several attempts, trial and error,

I had to go back, rethink,
more systematic,
new method, try again,
re-routing, re-evaluate,
switch, I start again,
start fresh, change my approach,
another approach, change my tactic,
refining the approach,
strategy shift, second trace

Reverse search:
Tries solving from the target cell backward

working backward,
from the target,
from the end,
starting at (14,14),
starting at (29,29),
starting at (2,2),
starting at (11,11),
starting at (5,5),
working backward,
meeting in the middle,
trace a path backward,
from (14,14) to (0,0),
from (29,29) to (1,1),
from (5,5) to (0,0),
from (2,2) to (0,0),
from (11,11) to (1,1),
from (5,5) to (1,1),
path from the end point,
both ends tracing
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Frustration/confusion:

or surprised

Expresses being stuck, frustrated, confused,

complicated, challenge, confusing,
confused, stuck, struggling,
struggle, difficult,
difficult to parse, suspect,
suspicion, no solution,
typo, twists, proving to be a challenge,
proves to be a challenge, twisty,
complex, more elaborate than I expected,
more intricate than I anticipated,
trap, is the problem flawed?, oversight

or unsupported language

Declared confidence: Claims success with vague

I made it, I’ve made it,
confident, it works,
paid off, solved, correct,
complete, this is the solution,
“easy, right?”, no problem
Exclusions: not confident

Backtracking;:

Mentions backtracking or hitting dead ends

backtracking, backtrack when,
backtracked when, recalculate,
track back, backtrack,
backtracking and checking,
I tried backtracking, retracing,
backtracked, after backtracking,
I have to backtrack
Exclusions: backtrack when I hit,
backtracking when I hit,
backtrack whenever I hit,
backtracking whenever I hit,
backtrack when necessary,
backtracking and re-checking,
backtrack and re-check,
prepared to backtrack,
backtrack if I need to

tracing with coordinates

Step-by-step: Shows explicit node-by-node

) to
7 0

‘) and (',
Yor

‘) has (’,

), then (°,

‘) then (’,
"), and then (’,
) and then (’,

‘Path: ‘(’,

‘options are (’,
Exclusions: (0,0) to (14,14),
(1,1) to (29,29), (0,0) to (5,5),
(1,1) to (11,11),(0,0) to (2,2),

(1,1) to (5,5)
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check the path step by step,
review, carefully ensure,
examin*, comparing, confirmed,
thorough check, check the
path, double-check,
Verification: Claims to verify and/or sanity check, check to verify,
double-check the final path checking that the answer,
checking the answer,
make sure to check,
go back over each step,
verify, valid, verified
Exclusions: any valid connection

Keyword Presence as a Function of Mean Completion Score of All Explored Categories

Gemini 2.5 Pro, All Output FoRs, Maze Sizes 6x6/13x13 and 15x15/31x31
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Figure 9: Keyword presence as a function of mean completion score, shown for all explored categories,
including those without statistical significance and low correlation. The data is averaged over all Gemini 2.5
Pro’s reasoning traces for maze sizes 6x6/13x13 and 15x15/31x31. “r” Is the correlation coefficient, with

(1))

subplot.
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p’ as its associated statistical significance. Note that the scale on the y-axes is different for each



E Limitations

X * * *

3] || ][ T [ 5

Figure 10: The full set of possible solution paths in a 3x3 maze. Our dataset contains a single unique maze
for each possible path indicated in red, and two unique mazes for each path in green. The same is true for
7XxT occupancy grid mazes.
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