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Abstract

As Large Language Models (LLMs) increasingly power autonomous agents in robotics and embodied Al,
understanding their spatial reasoning capabilities becomes crucial for reliable deployment. We introduce MazeEval, a
benchmark designed to evaluate pure spatial reasoning in LLMs through coordinate-based maze navigation tasks
without visual input. Using a function-calling interface, models navigate mazes of varying complexity (5 x 5to 15 x 15
grids) using only coordinate feedback and distance-to-wall information. We evaluate eight state-of-the-art LLMs
across identical mazes in both English and Icelandic to assess cross-linguistic transfer of spatial abilities. Our
findings reveal striking disparities: while OpenAl’s O3 achieves perfect navigation up to 30 x 30 mazes, other models
exhibit catastrophic failure beyond 9 x 9 mazes, with 100% of failures attributed to excessive looping behavior. We
document significant performance degradation in Icelandic, with models solving mazes 3-4 sizes smaller than in
English, suggesting spatial reasoning emerges from linguistic patterns rather than language-agnostic mechanisms.
These results highlight that spatial intelligence remains fundamentally constrained by training data availability, with
important implications for global deployment of LLM-powered autonomous systems.
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sequential decision-making

1. Introduction

Spatial reasoning and navigation represent funda-
mental cognitive abilities that humans employ effort-
lessly in daily life. As LLMs increasingly serve as
the foundation for autonomous agents (Duan et al.,
2022), understanding their capacity for spatial rea-
soning becomes crucial. While LLMs excel at many
language understanding tasks, their ability to main-
tain spatial awareness and make sequential navi-
gation decisions remains poorly understood (Cohn
and Hernandez-Orallo, 2023; Sharma, 2023).

Recent work has shown that spatial reasoning
capabilities did not emerge spontaneously in LLMs
the way many other reasoning capabilities did (Li
etal., 2024). State-of-the-art models struggled with
basic full-information spatial tasks, suffering from
consistent performance drops in unfamiliar scenar-
ios (Aghzal et al., 2023). This limitation is a key
consideration for deploying LLMs in embodied Al
applications that require robust spatial understand-
ing.

We present a comprehensive benchmark de-
signed to evaluate LLMs’ spatial reasoning capabili-
ties through maze navigation tasks. Unlike existing
benchmarks that often provide visual input or rich
environmental descriptions (Chen et al., 2024), our
framework challenges models to navigate using
only coordinate-based feedback, simulating scenar-
ios where agents must operate with limited sensory
information. This constraint reveals fundamental
aspects of how LLMs process and reason about
spatial relationships.

Importantly, our benchmark represents an unpol-
luted evaluation framework. No dataset of this spe-
cific type, namely coordinate-based maze naviga-
tion with distance-to-wall feedback, has been pub-
licly released before, ensuring that model providers
have not had the opportunity to train their models
on similar data motivated by public datasets. This
guarantees a fair assessment of genuine spatial
reasoning capabilities rather than memorized pat-
terns. The navigation task itself is fairly easy and
readers can try it out themselves in an online simu-
lation™.

Our central research question is: How do state-
of-the-art LLMs perform on pure spatial reason-
ing tasks when visual cues are removed and only
coordinate-based navigation feedback is available,
and does this performance transfer across lan-
guages? This question is particularly relevant as
it isolates spatial reasoning from visual process-
ing, tests the fundamental ability to maintain spatial
state, and examines whether these capabilities are
language-agnostic.

This research has practical implications for the
growing use of LLMSs in robotics, autonomous navi-
gation, and other embodied Al systems. For these
applications, a clear understanding of the models’
spatial reasoning limitations is essential for ensur-
ing reliable performance (Firoozi et al., 2025; Wang
et al., 2025; ichter et al., 2023). As a recent survey
points out, spatial navigation tasks are often de-
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ferred to non-LLM algorithms when deploying lan-
guage models in robotics, which indicates that cur-
rent models may not be suitable for handling such
challenges (Lin et al., 2023). Our benchmark’s sim-
plicity, using a 2D grid, provides a controlled envi-
ronment for measuring the fundamental capabilities
required in more complex scenarios. Furthermore,
the multilingual evaluation (English and Icelandic)
offers unique insights into whether spatial reason-
ing in LLMs is an emergent, language-independent
ability or one influenced by the linguistic resources
available during training.

The evaluation reveals significant variations in
spatial reasoning capabilities across models, with
performance degrading substantially as maze size
increases. These findings have important implica-
tions for deploying LLMs in embodied Al applica-
tions and highlight the gap between linguistic and
spatial intelligence in current models.

2. Related Work

The evaluation of LLMs as autonomous agents has
emerged as a critical research area, with several
benchmarks addressing different aspects of agent
capabilities.

2.1,

Recent work has produced comprehensive bench-
marks for evaluating LLM agents. AgentBench (Liu
et al., 2023a) provides a diverse evaluation suite
testing LLMs across web browsing, game play-
ing, and database operations. While compre-
hensive, it focuses primarily on task completion
rather than fundamental reasoning capabilities.
WebShop (Yao et al., 2022) evaluates web nav-
igation abilities, where agents must navigate e-
commerce websites to find and purchase items.
While this involves a form of navigation through
web pages, it operates in an abstract information
space rather than testing physical spatial reasoning
or coordinate-based movement.

ALFWorld (Shridhar et al., 2021) and Virtual-
Home (Puig et al., 2018) test embodied agents
in household environments but assume rich visual
or textual descriptions of the environment. Our
work differs by focusing on spatial reasoning with
minimal sensory input, revealing core navigation
capabilities independent of rich environmental de-
scriptions.

General Agent Benchmarks

2.2. Spatial Reasoning Benchmarks

Spatial reasoning in Al has been studied through
various lenses. BabyAl (Chevalier-Boisvert et al.,
2018) provides grid-world navigation tasks but
focuses on instruction following rather than au-
tonomous navigation. TextWorld (C6té et al., 2018)

offers text-based navigation but in richly described
environments that provide substantial contextual
cues.

The bAbl tasks (Weston et al., 2015) include
spatial reasoning problems but test static spa-
tial relationships rather than dynamic navigation.
CLEVR (Johnson et al., 2017) evaluates visual rea-
soning but doesn’t address sequential decision-
making in navigation contexts. Recent work on the
StepGame benchmark (Mirzaee and Kordjamshidi,
2022; Li et al., 2024) has shown that even with
dedicated spatial reasoning tasks, LLMs struggle
with multi-hop spatial reasoning, particularly when
required to track state across multiple steps.

2.3. Multilingual Evaluation

While multilingual evaluation has become standard
for many NLP tasks (Ahuja et al., 2023; Nielsen,
2023), agent benchmarks typically focus on English.
Recent work has shown significant performance
gaps between English and other languages across
various tasks. Lai et al. (Lai et al., 2023) found a
significant drop in ChatGPT’s performance on non-
English languages across multiple benchmarks.
Similarly, evaluations on African languages reveal
significant performance gaps (Adelani et al., 2025).
For code-switching tasks, Zhang et al. (Zhang et al.,
2023) demonstrated that LLMs show degraded per-
formance compared to monolingual tasks. Our
inclusion of Icelandic evaluation provides insights
into whether spatial reasoning capabilities transfer
across languages, particularly for a morphologi-
cally rich language with relatively limited training
data compared to English. This addresses a criti-
cal gap in understanding whether spatial reasoning
in LLMs is language-agnostic or influenced by the
linguistic resources available during training.

3. Methods

Our evaluation framework consists of three core
components: maze generation, LLM interaction
interface, and evaluation metrics. We focus on the
configuration that provides the most challenging yet
fair assessment of spatial reasoning capabilities.

3.1.

We generate mazes using a depth-first search
(DFS) algorithm, ensuring each maze has exactly
one solution path from start to end. Mazes range
from 5 x 5 to 15 x 15 grids, with complexity increas-
ing not just in size but also in the number of decision
points and dead ends. Each maze is characterized
by several structural properties that determine its
complexity. The basic grid dimensions (width x
height) define the search space, while the optimal
path length indicates the minimum number of steps

Maze Generation
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required to reach the goal. We also track the num-
ber of decision points, i.e., cells where the agent
must choose between more than two open direc-
tions since these represent critical junctures where
spatial reasoning is most challenged.

For reproducibility, we use fixed seeds for each
maze size, generating 5 unique mazes per size
category. Figure 1 shows an example 10 x 10 maze
used in our evaluation.

q I
I

I

Figure 1: Example 10 x 10 maze showing the start
position (S) in green and goal position (E) in red.

3.2. Decision Information

Models receive information about how many cells
they can move in each direction before hitting a
wall. For example, from position (2, 3), the model
might see:

» North: 2 cells (to cell (2, 1))
+ South: 0 cells (wall)

» East: 3 cells (to cell (5, 3))
» West: 1 cell (to cell (1, 3))

This mode provides more information than binary
wall detection but less than a full map view, testing
the model’s ability to build mental representations
from distance information.

Models receive their current position as (z,y)
coordinates and the goal position. The coordinate
system follows standard computer graphics conven-
tions where the X-axis starts at 0 on the leftmost
side and increases rightward (moving east), while
the Y-axis begins at 0 at the topmost position and
increases downward (moving south). This configu-
ration eliminates visual reasoning entirely, focusing
purely on spatial reasoning through numerical co-
ordinates.

3.3. LLM Interaction Interface

We implement a function-calling interface where
models must invoke a move function with a direc-
tion parameter (north, south, east, or west). This
approach eliminates parsing ambiguities from natu-
ral language responses, ensures consistent action
space across all models, and mirrors real-world
agent deployments where LLMs must generate
executable actions (Schick et al., 2023). By us-
ing function calling, we can precisely measure the
model’s intended actions without the confounding
factor of natural language generation or interpreta-
tion errors.

For each step, the model receives four key pieces
of information: its current position coordinates in
the maze, the distance to walls in each cardinal
direction (north, south, east, west), the goal posi-
tion coordinates it needs to reach, and a complete
history of previously visited positions along with the
visibility distances that were available at each of
those positions. This comprehensive state infor-
mation allows models to potentially build a mental
map of the explored space while making naviga-
tion decisions. An example prompt from one of the
experiments is shown in Appendix A.

To prevent infinite loops and ensure fair compari-
son, we impose two constraints: each model can
visit any cell at most ten times, and the total number
of moves is limited to 3n? for an n x n maze. These
limits are generous enough to allow exploration
while preventing costly degenerate behaviors.

3.4. Multilingual Evaluation

We evaluate models in both English and Icelandic
to assess cross-linguistic transfer of spatial reason-
ing abilities. The Icelandic evaluation uses carefully
translated instructions and prompts, with direction
names adapted to Icelandic (nordur for north, sudur
for south, austur for east, and vestur for west). Cru-
cially, we use identical maze configurations across
both languages to ensure direct comparability of
results.

This tests whether spatial reasoning is language-
agnostic or influenced by the linguistic framing of
the task.

3.5. Evaluation Metrics

We track multiple metrics to assess performance.
Our primary metrics include the success rate, mea-
suring the percentage of mazes solved within the
step limit, and step efficiency, calculated as the
ratio of steps taken to the optimal path length. A
perfect score would indicate the model found the
shortest path, while higher ratios suggest inefficient
exploration or backtracking.
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Beyond these primary measures, we analyze be-
havioral patterns that reveal how models approach
spatial navigation. We track whether the model
failed because it returned to the same cell over ten
times or exceeded the movement budget which
indicates either poor spatial memory or system-
atic exploration strategies. We also monitor invalid
move attempts, where models try to move through
walls, as these reveal fundamental misunderstand-
ings of the spatial constraints or poor processing
of the distance feedback.

3.6. Models Evaluated

We evaluate a diverse set of state-of-the-art LLMs
from the model providers:

» Anthropic: Claude Sonnet 4 and Claude
Opus 4

» Google: Gemini 2.5 Flash, Gemini 2.5 Pro

* OpenAl: GPT-40, GPT-40-mini, GPT-4.1-mini,
03

3.7. Statistical Analysis

To rigorously test whether models perform differ-
ently between English and Icelandic, we employ the
Wilcoxon signed-rank test as our primary statistical
method. This non-parametric test is appropriate for
our paired data design, where each model solves
identical mazes in both languages. The test makes
no assumptions about the distribution of perfor-
mance differences and is robust for small sample
sizes.

For each model, we compare success rates
across the 11 maze sizes (5x5 to 15x15), treat-
ing the success rate at each size as a paired ob-
servation. The null hypothesis states that there
is no difference in median performance between
languages. We use a one-sided test to specifi-
cally test whether English performance exceeds
Icelandic performance. To account for multiple
comparisons across 8 models, we apply Bonfer-
roni correction with an adjusted significance level
of a« = 0.05/8 = 0.00625.

Additionally, we calculate Cohen’s d as an effect
size measure to quantify the magnitude of perfor-
mance differences, providing insight beyond statis-
tical significance. For overall comparison across all
models, we aggregate success rates to test for a
general language effect in spatial reasoning tasks.

4. Results and Analysis

We evaluated seven state-of-the-art language mod-
els across maze sizes ranging from 5 x 5to 15 x 15

grids in both English and Icelandic. The results re-
veal significant variations in spatial reasoning capa-
bilities and provide insights into how these abilities
transfer across languages.

4.1. Overall Performance

Figure 2 presents the highest difficulty levels
achieved by each model. OpenAl's O3 model
demonstrated exceptional performance, achieving
perfect navigation success across all maze sizes
in both languages, making it the only model to do
so. In contrast, other models showed substantial
performance degradation as maze complexity in-
creased.

Gemini 25 Flash

10610 1t 2612 1313 axis

Figure 2: Model performance comparison show-
ing the highest difficulty level where each model
achieved 100% success (solid bars) and partial
success (translucent bars) for both English and Ice-
landic evaluations.

4.2. Performance Degradation with Maze
Size

As shown in Figure 3, most models exhibit a sharp
performance decline as maze size increases. The
degradation patterns reveal three distinct perfor-
mance tiers. At the exceptional level, O3 main-
tains perfect performance across all maze sizes
tested, demonstrating remarkable spatial reason-
ing capabilities. The strong performers include
Claude Opus 4, Claude Sonnet 4, and Gemini
2.5 Pro, which show robust performance up to
8 x 8 or 9 x 9 mazes before experiencing signif-
icant degradation. The remaining models—GPT-
40, GPT-40-mini, GPT-4.1-mini, and Gemini 2.5
Flash—struggle beyond 7 x 7 mazes, with most
failing completely at 9 x 9 and larger sizes.

This tiered performance structure suggests fun-
damental differences in how models process and
maintain spatial information. The sharp transition
points, particularly at the 9 x 9 size threshold, in-
dicate that maze complexity may overwhelm the
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spatial working memory capacity of most current
language models. The consistency of these failure
points across multiple runs reinforces that these
limitations are systematic rather than stochastic.

44

\
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Figure 3: Performance of all evaluated models on
maze-solving tasks in English and Icelandic. The
success rate for most models drops sharply on
mazes larger than 7x 7. Each model was evaluated
on five mazes per size, and testing was stopped at
the first size where a model failed all five attempts.

4.3. Cross-Linguistic Analysis

Contrary to our hypothesis that spatial reasoning
would be language-agnostic, we observed notable
performance differences between English and Ice-
landic evaluations. Table 1 shows the difference
between the two languages.

Table 1: Maximum maze size achieved for English
and Icelandic where at least one of the five mazes
for the given size was solved.

Max Maze Size

Model
English Icelandic

Claude Opus 4 11 8
Claude Sonnet 4 12 8
Gemini 2.5 Flash 8 8
Gemini 2.5 Pro 11 8
GPT-40 8 8
GPT-40-mini - -
GPT-4.1-mini 8 7
(OK] 15+ 15+

The analysis of maximum successful maze sizes
reveals a consistent pattern of performance degra-
dation in Icelandic compared to English. Most mod-
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els show a reduction in their maximum solvable
maze size when operating in Icelandic, with partic-
ularly notable drops for Claude Sonnet 4 (from 12
to 8), Gemini 2.5 Pro (from 11 to 8), and Claude
Opus 4 (from 11 to 8). The bottom panel of Figure 3
clearly illustrates this cross-linguistic performance
gap, showing positive values (indicating English ad-
vantage) for most models across maze sizes. The
gap is particularly pronounced for larger mazes,
where some models show performance differences
of 40-60% between languages. Only O3 maintains
identical performance across both languages, suc-
cessfully navigating all maze sizes up to 15 x 15,
resulting in a flat line at zero in the difference plot.
Due to the cost of evaluation, we did not purse five
repeated evaluations of each maze size with O3 fur-
ther. However, additional experimentation revealed
it could solve a maze of size 30 x 30 for both English
and Icelandic and failed to solve a 40 x 40 maze in
both languages.

Our statistical analysis confirms these observa-
tions. The Wilcoxon signed-rank test on aggre-
gated data across all models revealed that models
performed significantly better in English than Ice-
landic (W = 273, p < 0.001, Cohen’s d = 0.50), rep-
resenting a medium effect size. Individual model
analysis showed that three models exhibited sta-
tistically significant differences before correction:
Claude Opus 4 (p = 0.016, d = 0.96), Claude
Sonnet 4 (p = 0.047, d = 0.57), and Gemini 2.5
Pro (p = 0.008, d = 1.20). However, after ap-
plying Bonferroni correction for multiple compar-
isons (o = 0.00625), only the overall comparison
remained statistically significant, though the consis-
tent direction of effects across models reinforces
the robustness of the language effect and repeated
experiments would surely provide the power to de-
tect smaller language performance differences af-
ter the correction.

This systematic performance gap suggests that
spatial reasoning capabilities in LLMs are indeed
influenced by the linguistic resources available dur-
ing training, with the more limited Icelandic training
data potentially constraining the models’ ability to
process spatial instructions and maintain naviga-
tion state.

4.4. Navigation Efficiency

Beyond success rates, we analyzed navigation ef-
ficiency, i.e., the ratio of optimal path length to ac-
tual steps taken, for all successful runs. Figure 4
presents the average efficiency across maze sizes
from 5 x 5 to 15 x 15, calculated only for mazes
that models successfully solved. This conditional
analysis reveals distinct patterns: O3 maintains
near-perfect efficiency (0.89—-1.0) across all maze
sizes in both languages, demonstrating robust op-
timal pathfinding capabilities regardless of maze



complexity. In contrast, other models show progres-
sive efficiency degradation as maze size increases.
Most models achieve reasonable efficiency (0.7—
1.0) on smaller mazes but drop to 0.4-0.7 efficiency
on larger mazes where they still succeed. Impor-
tantly, this efficiency metric is conditioned on suc-
cess, i.e., as maze size increases, the plotted val-
ues represent an increasingly selective subset of
“easier” mazes that models can still solve. The high
variance in efficiency values even among success-
ful runs (e.g., ranging from 0.37 to 1.0 for the same
model on similar-sized mazes) suggests that nav-
igation quality depends heavily on specific maze
configurations. While the efficiency plots show sim-
ilar patterns between English and Icelandic for suc-
cessful runs, the key language difference lies in
success rates rather than navigation quality when
successful.

wwwwwwwwww

Figure 4: Navigation efficiency across maze sizes
for successful runs only. Lines show average ef-
ficiency (optimal steps / actual steps) with higher
values indicating more optimal pathfinding. Note
that as maze size increases, these averages rep-
resent an increasingly selective subset of mazes
that models can still solve.

4.5. Failure Analysis

We analyzed failure cases across all models and
languages to understand why models struggle with
spatial navigation. Our analysis revealed that 100%
of failures were due to excessive cell visits, where
models revisited the same cell 10 or more times
before termination. This uniform failure mode re-
veals a fundamental limitation: models lack the
ability to track visited locations despite having ac-
cess to their navigation history. Notably, no failures
occurred due to exceeding the movement budget
(3n? steps for n x n mazes), indicating that models
consistently became trapped in loops well before
exhausting their step allocation.

To understand navigation patterns more deeply,
we analyzed wall hits and backtracking behavior
across all runs (both successful and failed). De-
tailed visualizations of these metrics are provided
in Appendix B, showing wall hits and backtrack-
ing patterns for each model across all maze sizes.
O3 demonstrated exceptional navigation precision
with virtually no wall hits and minimal backtrack-
ing across all maze sizes in both languages. In
contrast, other models showed increasing naviga-
tion difficulty with maze complexity. For instance,
Claude Opus 4’s backtracking increased from 6.8
in 5 x 5 mazes to 68.6 in 12 x 12 mazes (English),
while Gemini 2.5 Flash exhibited erratic wall colli-
sion patterns, spiking to 17.2 average wall hits in
9% 9 Icelandic mazes (see Figure 7 in the appendix).
The backtracking analysis reveals that models often
explore efficiently in smaller mazes but develop in-
creasingly circular navigation patterns as maze size
grows. This pattern tends to be generally worse in
Icelandic, suggesting that linguistic context signifi-
cantly impacts spatial memory maintenance.

5. Discussion

Our results reveal a striking dichotomy in spatial
reasoning capabilities among current LLMs. While
O3 demonstrates that near-perfect maze navigation
is achievable, the steep performance degradation
observed in other models highlights fundamental
challenges in spatial cognition that persist despite
advances in language understanding.

5.1. The Spatial Reasoning Gap

The dramatic performance drop beyond 7x 7 mazes
for most models aligns with recent findings that
spatial reasoning did not spontaneously emerge in
LLMs as other capabilities did (Li et al., 2024). This
suggests that current training paradigms, which ex-
cel at linguistic tasks, may not adequately develop
the spatial representations necessary for naviga-
tion. The fact that models struggle with simple 2D
grid navigation raises concerns about their deploy-
ment in more complex spatial tasks required for
embodied Al applications (Lin et al., 2023).

The exceptional performance of O3 across all
maze sizes indicates that architectural or training
innovations can overcome these limitations. This
perfect performance across all tested conditions
suggests either a fundamental breakthrough in spa-
tial representation learning or targeted optimization
for sequential decision-making tasks. The model’s
ability to maintain coherent navigation state even in
30 x 30 mazes—where other models fail catastroph-
ically—points to qualitatively different internal repre-
sentations or reasoning mechanisms. Interestingly,
recent work on the “illusion of thinking” (Shojaee*t
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et al., 2025) demonstrates that even advanced rea-
soning models can exhibit systematic failures when
problem complexity increases beyond their training
distribution. While O3 performs well on mazes up
to 30 x 30 in size, it did exhibit the degradation pat-
terns observed in other models for larger mazes.
The illusion-of-thinking framework suggests that ap-
parent reasoning capabilities may mask brittleness
when faced with genuinely novel complexity scales.
Nevertheless, O3’s consistent performance across
our benchmark demonstrates that current spatial
reasoning limitations in LLMs are not fundamental
but rather reflect specific training and architectural
choices that can be overcome to some extent.

5.2. Cross-Linguistic Transfer and
Linguistic Relativity

Our finding that spatial reasoning performance in
LLMs systematically degrades in Icelandic com-
pared to English challenges the assumption that
such capabilities would be language-agnostic. The
consistent reduction in maximum solvable maze
sizes, with most models dropping three to four
maze size levels, reveals a connection between
linguistic resources and spatial reasoning in LLMs.
This observation of language influencing a non-
linguistic task parallels a long-standing line of in-
quiry in human cognitive science, which has ex-
plored how linguistic structures can affect spatial
thinking and navigation strategies (Majid et al.,
2004; Haun et al., 2011; Li et al., 2011; Levin-
son, 1997). In a similar vein, recent evaluations of
LLMs on agentic tasks have revealed consistent
performance gaps across languages, with mod-
els showing significant degradation on non-English
benchmarks (Lai et al., 2023; Adelani et al., 2025),
suggesting that linguistic resource availability fun-
damentally constrains cognitive-like capabilities in
artificial systems.

The performance gap likely reflects the vast dif-
ference in training data availability between English
and Icelandic and a lower emphasis on Icelandic in
the posttraining phase of LLM development. With
Icelandic having several orders of magnitude less
digital text available than English, the limited train-
ing corpus appears to prevent models from de-
veloping spatial reasoning capabilities on par with
English. This suggests that spatial intelligence in
LLMs emerges not from explicit spatial reasoning
mechanisms but rather through the interaction of
linguistic patterns learned across massive text cor-
pora. The finding has important implications for
deploying LLMs in multilingual contexts, particu-
larly for languages with limited digital resources,
as it reveals that cognitive-like capabilities may be
fundamentally constrained by training data avail-
ability rather than being universal features of the

architecture.

5.3. Failure Modes and Cognitive
Limitations

The singular failure mode, in which 100% of fail-
ures are caused by excessive cell visits of 10+ visits
to the same cell, reveals that models fundamen-
tally lack the ability to integrate information effec-
tively in a spatial memory. Unlike humans who
naturally build and update mental maps during nav-
igation (Wang and Spelke, 2002), most LLMs ap-
pear to treat each navigation decision as relatively
independent, leading to catastrophic revisiting of
previously explored areas. Our analysis of nav-
igation patterns shows that backtracking behav-
ior increases dramatically with maze complexity,
with some models averaging over 60 backtracks
in larger mazes compared to optimal paths requir-
ing only 20-30 total steps. The models’ inability to
maintain coherent spatial representations despite
having perfect memory of their path history sug-
gests a fundamental limitation in how transformer
architectures process and integrate sequential spa-
tial information.

Interestingly, wall collisions were minimal (0.8
hits on average) even in failed runs, indicating that
models successfully integrate numerical distance
feedback for basic movement constraints.

5.4. Limitations and Future Directions

While our benchmark provides valuable insights
into LLM spatial reasoning capabilities, several
limitations should be acknowledged when inter-
preting results. The discrete grid representation,
though effective for isolating pure spatial reason-
ing, may not fully capture the continuous nature of
real-world navigation where agents must reason
about smooth trajectories and variable movement
speeds. Our evaluation is limited to 2D mazes,
yet many practical applications in robotics and em-
bodied Al require 3D spatial reasoning with addi-
tional complexity from vertical navigation and oc-
clusion. The coordinate-based feedback system,
while designed to test fundamental capabilities in-
dependent of vision, differs from the multimodal
inputs typically available in practical applications
where visual, tactile, and proprioceptive informa-
tion complement spatial reasoning. Additionally,
our focus on single-agent navigation does not ad-
dress multi-agent coordination scenarios increas-
ingly important in swarm robotics and collaborative
Al systems. Despite these constraints, our bench-
mark establishes a rigorous baseline for evaluating
fundamental spatial reasoning capabilities and re-
veals systematic limitations that likely extend to
more complex spatial tasks.
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Future work should explore multiple promising
directions to extend and improve upon our findings.
First, investigating whether performance improves
with visual input or richer environmental descrip-
tions could reveal the role of multimodal information
in spatial reasoning. The recent development of
visualization-of-thought prompting (Wu et al., 2024)
offers a particularly promising approach: this tech-
nique enables LLMs to generate and reason about
visual representations of spatial problems by cre-
ating mental imagery through code that produces
diagrams or visualizations. By allowing models to
‘see” the spatial layout they are reasoning about,
this approach has shown significant improvements
in spatial reasoning tasks and might bridge the gap
between linguistic and spatial intelligence.

Beyond architectural innovations, context engi-
neering (Liu et al., 2023b; Reynolds and McDonell,
2021) presents an alternative pathway for improv-
ing navigation performance. Advanced prompt-
ing strategies that explicitly scaffold spatial rea-
soning, such as encouraging models to maintain
explicit coordinate maps or systematically plan
routes before execution, could potentially overcome
some of the limitations we observe. Testing with
partial map revelation or memory of previously
seen areas could bridge the gap between our min-
imal feedback and full visibility conditions. Addi-
tionally, extending the benchmark to multi-agent
navigation scenarios would test higher-level spa-
tial reasoning and coordination capabilities, while
moving to three-dimensional mazes or continuous
spaces would better approximate real-world navi-
gation challenges. The evaluation could even be
extended beyond three dimensions to test truly ab-
stract spatial reasoning capabilities.

5.5. Towards Spatial Intelligence in LLMs

Our findings reveal that spatial intelligence remains
a fundamental challenge for most LLMs, with O3’s
perfect performance standing as a notable excep-
tion. The universal failure mode of excessive loop-
ing suggests that current architectures lack mech-
anisms analogous to the hippocampal-entorhinal
complex that enables biological navigation. In
mammalian brains, place cells in the hippocampus
and grid cells in the entorhinal cortex form cogni-
tive maps that prevent repetitive exploration through
spatial memory consolidation (Matheus Gauy et al.,
2018). Recent work has shown that transformer ar-
chitectures can learn spatial representations similar
to these biological systems when properly config-
ured (Whittington et al., 2021), yet most LLMs fail to
maintain coherent spatial state during navigation.
The path forward may lie in incorporating
neuroscience-inspired architectural innovations.
The hippocampus stores and replays spatial trajec-
tories through specialized sequence cells that main-

tain temporal order (Matheus Gauy et al., 2018),
while grid cells provide a multi-scale coordinate sys-
tem for efficient spatial coding. Emerging research
demonstrates that neural networks trained with
brain-inspired learning rules develop grid-like rep-
resentations spontaneously (Banino et al., 2018),
suggesting that spatial intelligence could emerge
in LLMs through appropriate architectural modifica-
tions rather than merely scaling parameters. Such
biologically-grounded approaches could address
both the catastrophic looping we observe and the
language-dependent performance degradation, as
spatial memory systems in the brain operate inde-
pendently of linguistic processing.

The substantial performance gap between En-
glish and Icelandic further underscores that current
LLMs’ spatial reasoning emerges from linguistic
patterns rather than dedicated spatial mechanisms.
Future architectures might benefit from explicit spa-
tial memory modules inspired by the hippocampal
formation, potentially enabling language-agnostic
navigation capabilities that mirror the universal na-
ture of spatial cognition in biological systems.

6. Conclusion

We presented MazeEval, a comprehensive bench-
mark for evaluating spatial reasoning and sequen-
tial decision-making in Large Language Models
through coordinate-based maze navigation. Our
evaluation of eight state-of-the-art models across
varying maze complexities in both English and Ice-
landic reveals fundamental limitations in current
LLMs’ spatial reasoning capabilities, with critical
implications for their deployment in embodied Al
applications.

Our key findings demonstrate that spatial reason-
ing remains a significant challenge for most LLMs,
with only OpenAl’'s O3 achieving perfect naviga-
tion across all tested conditions. The sharp perfor-
mance degradation observed in other models at the
9 x 9 maze threshold, combined with the universal
failure mode of excessive looping, suggests that
current architectures struggle to maintain coherent
spatial representations during sequential naviga-
tion tasks. Most significantly, our cross-linguistic
analysis reveals a significant performance drop in
Icelandic compared to English, with models typi-
cally solving mazes 3-4 sizes smaller in the lower-
resource language. This systematic degradation
extends beyond success rates to navigation effi-
ciency, indicating that linguistic resources funda-
mentally constrain spatial reasoning capabilities in
ways that challenge assumptions about language-
agnostic cognitive abilities in Al systems.

These results have important implications for
the global deployment of LLM-powered systems
in areas like robotics and autonomous navigation,
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where consistent performance across linguistic con-
texts is a key factor for safety and reliability. Our
benchmark demonstrates that spatial intelligence in
current LLMs is not a universal capability but rather
a language-dependent skill shaped by training data.
As Al systems become more capable, addressing
this spatial reasoning gap and ensuring the capa-
bility transfers equitably across languages will be
a critical step toward developing robust agents that
can navigate and interact with the physical world in
diverse human environments.
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A. Prompt

The following is an example of a prompt for a 7 x
7 maze where an agent has already performed
several move actions.

You are navigating a maze. Your
—~ goal is to reach the end
— position.

The coordinate system works as
— follows:

- X-axis (first number): 0 is

— leftmost, higher values move
— right (east)

- Y-axis (second number): 0 is
— topmost, higher wvalues move
—~ down (south)

— North decreases Y, south
— increases Y, east increases X,

— west decreases X

You can see how many cells you can
— move in each direction:

— North: 2 cells (to cell (0, 2))
— South: 3 cells (to cell (0, 4))
- East: 0 cells
- West: 0 cells

Your current position is (0, 3).
The goal is at position (6, 6).

Your travel history (with what you
— Observed at each position):
Note: Numbers show how many cells
— you could see in each direction
. (e.g., 2E means 2 cells east)
1. At (0, 0) [saw: 1E, 0w, 0S, ON]
- Moved east to position (1, 0)
2. At (1, 0) [saw: OE, 1w, 2S, ON]

— — Moved south to position (1, 1)
3. At (1, 1) [saw: OE, Ow, 1S, 1N]
— — Moved south to position (1, 2)
4., At (1, 2) [saw: OE, 1w, 0S, 2N]
— — Moved west to position (0, 2)
5. At (0, 2) [saw: 1E, OwW, 4S, 1N]
— — Moved south to position (0, 3)

Use the move function to navigate.
— Choose a direction: north,
— south, east, or west.

WARNING: If you visit the same cell
— 10 times, the evaluation will
—~ be terminated. Avoid getting

— stuck in loops!
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B. Navigation Metrics Analysis

This appendix presents detailed visualizations of
wall hits and backtracking behavior for each model
across all maze sizes in both English and Icelandic
evaluations. These metrics provide deeper insights
into the navigation patterns that lead to success or
failure.

The figures below show two key metrics:

« Wall Hits: Average number of attempts to

move through walls per maze, indicating spa-

tial awareness

» Backtracks: Average number of times the
model returns to previously visited cells, indi-
cating exploration efficiency

‘Wall Hits vs Maze Size - anthropic/elaude-opus-4 Backtracks vs Maze Size - anthropic/claude-opus-4
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Figure 5: Wall hits and backtracking patterns for
Claude Opus 4 across maze sizes.

Wall Hits vs Maze Size - anthropic/

4
e “

Figure 6: Wall hits and backtracking patterns for
Claude Sonnet 4 across maze sizes.
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Figure 7: Wall hits and backtracking patterns for
Gemini 2.5 Flash across maze sizes. Note the
erratic wall collision spike in Icelandic evaluations.

The analysis reveals several key patterns. Most
models exhibit a steep escalation in backtracking
as maze size increases, with some averaging over

‘Wall Hits vs Maze Size - google/gemini-2.5-pro Backiracks vs Maze Size - google/gemini-2.5-pro

o Englsh “ o~ English

Figure 8: Wall hits and backtracking patterns for
Gemini 2.5 Pro across maze sizes.
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Figure 9: Wall hits and backtracking patterns for
GPT-40 across maze sizes.

80 backtracks on paths that optimally require only
20 to 30 steps. This performance degradation is
exacerbated by language, as Icelandic evaluations
consistently show higher backtracking rates than
their English counterparts, suggesting that linguis-
tic context impacts spatial memory maintenance.
While wall collision rates are generally low, some
models show instability, such as an erratic spike
from Gemini 2.5 Flash in an Icelandic test. In stark
contrast, O3 demonstrates qualitatively different
navigation behavior, maintaining near-zero values
for both metrics across all conditions. Taken to-
gether, these patterns corroborate our main find-
ings about the fundamental limitations in current
LLMs’ spatial reasoning and the significant influ-
ence of language on their navigation performance.

Backiracks vs Maze Size - openai/o3

o 2

Figure 10: Wall hits and backtracking patterns for
OpenAl O3 across maze sizes. Note the consis-
tently low values across all conditions, demonstrat-
ing exceptional navigation precision.
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