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Abstract
AI agents are increasingly acting on our behalf, either directly as agentic systems or indirectly as synthetic
participants or personas used to model and stand in for human behavior. For instance, recent work even explores
whether such AI agents can be used for public participatory planning. Such work relies on the often implicit
assumption that these agents can meaningfully mimic (groups of) humans. This, in part, explains the rapid rise
in work that studies how generative AI performs tasks such as topological reasoning or even map generation.
While the results are mixed, frontier reasoning models can now indeed perform many human-level tasks. But
what if we are asking the wrong questions? If AI agents are supposed to meaningfully mimic human behavior, e.g.,
for public participatory planning, would they not also have to mimic human heuristics and cognitive patterns?
Put differently, most current work focuses on what agents can do, not whether they do it similarly to humans.
While this may not matter for arithmetic or note-taking, it certainly matters for evacuation simulations, mobility,
privacy, behavioral geography, and spatial decision-making. Hence, in this paper, we are not going to focus on
the task alone, here distance estimation, but also on whether we can observe asymmetry in these estimations
under source→target reversal, as reported by classic geographic analysis literature from the past. Our results
indicate that distance estimation is indeed subject to direction, but that this observation is more likely related to
prompt sensitivity (prompt direction) than to human-like cognitive bias.
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1. Introduction

AI agents are increasingly entering fields previously thought to require human-level intelligence.
They do so either directly, for instance, as autonomous or semi-autonomous agentic systems, or more
indirectly as synthetic participants, personas, or even as a simulated public used to approximate human
behavior, preferences, or even decisions [1]. Assessing whether these agents can truly carry out
such work is difficult. Nonetheless, for tasks such as summarization, calendar and task management,
digital asset culling, and even programming (vibe coding), we can establish benchmarks to study the
(increasing) accuracy of these systems over model generations. This also explains the rapid increase in
research literature documenting the ability [2] of AI systems and their underlying foundation models,
be they large language models (LLMs), text-to-speech (TTS), or text-to-image (T2I) models.

Unfortunately, however, for other tasks, focusing on accuracy alone may fall short. For
example, public participatory planning [1], policy making, human mobility, tourism recommendations,
or disaster mitigation [3] all involve perception, individual preferences, local knowledge, social context,
and also understanding cognitive heuristics. This also applies to economics, where Tversky and
Kahneman [4] famously argued that humans are not perfectly rational agents and that accounting for
their heuristics and biases is key to understanding decision-making, e.g., under risk. One such bias
documented in behavioral geography is an asymmetry in distance estimations of landmarks [5] that
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arises from the observation "that the cognitive distance between reference points and nonreference
points is asymmetrical; nonreference points are judged nearer to reference points than are reference
points to nonreference points." [6, p. 420]. In the 1970s, these arguments were used to question an often
implicit assumption of research on cognitive mapping, namely that a cartographic representation of such
cognitive maps is meaningful in the first place.

Reflecting on this research from today’s perspective, we may ask a similar question. When using
agentic AI systems as stand-ins for (groups of) humans: is it sufficient to study only the ability of
these systems and not also whether their behavior is cognitively plausible? Concerns about the
cognitive plausibility of computational approaches are not new to our domain. For example, in studying
geographic feature types, researchers have examined the plausibility of semantic similarity measures
using classical feature-based approaches and those based on conceptual spaces [7, 8]. Interestingly, this is
not yet the case for studying the spatial abilities of generative AI where current research is often focused
on accuracy alone. Nonetheless, while the results are still mixed, researchers have documented progress
in spatial, topological and directional reasoning and planning abilities of (multi-modal) foundation
models [2, 9, 10, 11]. A recent study by Fulman et al. [12], however, did consider the bounded rationality
of AI agents in simulated parking search.1

Hence, in this short paper, we would like to address this research gap and perform a distance estimation
experiment not merely to measure accuracy but also to study whether asymmetry will arise as well.
Consequently, our work will address the following questions.

1. Can large language models (LLMs) accurately estimate the geographic distance between
source→target pairs latently, i.e., without lookup or using tools (e.g., reasoners)?

2. Do ordered source→target pairs remain invariant under reversal, i.e., are distance judgments
symmetric?

3. Is the lack of symmetry caused by prompt sensitivity and the probabilistic nature of generative
AI, or are outputs systematically biased in one direction?

4. Finally, we are also interested in aspects of sustainability: can smaller, and, hence, cheaper and
potentially less resource-intensive models compete with full SotA frontier models?

Note that these questions also hint at the relation between using (or combining) symbolic and neural
systems. For a metric notion of distance, for instance, the question of whether symbolic systems would
return the same results under reversal does not even arise by definition.

2. Experimental Setup

Before explaining our experimental setup, please note that we are not advocating that agentic AI
systems should fall victim to the same cognitive heuristics and biases that humans do, but that tasks
where agents are supposed to mimic human behaviors will also have to be judged by how cognitively
plausible their behavior is. In many cases, for instance, it may be more important to understand how
humans evacuate than whether they are taking the best evacuation routes.

As this work is a joint classroom experiment, we selected several models from the ChatGPT family as
well as one open-weights model, namely the new Gemma 4 31B-it.2 As these models have a substantial
environmental footprint and potentially high costs per token, we also wanted to test substantially
smaller models to understand whether they would be able to perform this (relatively simple) task of
distance estimation. Hence, we selected the following models: gpt-5.4-2026-03-05, gpt-4.1-2025-04-
14, gpt-4.1-mini-2025-04-14, gpt-4.1-nano-2025-04-14, gpt-5.4-nano-2026-03-17, and a locally hosted
gemma-4-31B-it developed by Google.

For each of these models, we ran at least one full test consisting of 2x 15,000 source and target
city pairs with the following user prompt and system instructions. Temperature for all models
1More generally, the large-scale study by Coda-Forno et al. [13] provides an early example of applying a cognitive evaluation
approach to LLMs to study how a certain task is solved.

2In the future, we may also test further models. Note, however, that prior work has shown that the GPT-family substantially
outperforms models such as DeepSeek, Llama, etc., on geographic and topological tasks.



was set to 0.3, and reasoning effort was set to none for the GPT-5 family (a prerequisite to setting
model temperature).3 The local Gemma 4 installation was also queried using the same OpenAI API style.

User prompt: What is the distance between {source city} and {target city}?

System prompt: Use your latent estimate. No lookup of the distances. Return only the distance
in kilometers without units. Just return the plain number, e.g., 654.7, no text before or after.

We did not explicitly specify using great-circle distance, nor provide further hints that may indirectly
imply a desire for metric properties.4 As earlier runs demonstrated that the smaller models would not
always follow instructions, we limited token size to 20, thereby leaving enough room for brief error
tracking, e.g., when the model answered "Approximately 850 km, instead of 850". Overall, this was not
a major issue with even the smallest models producing fewer than 1% numerically invalid responses.

As we needed the actual ground truth distance and to make sure that the large language model did not
instead pick any of the many possible places called, say, London or York, we used qualified place names,
e.g., Pokrzywnica, Poland or Shanghai, China. While this does not exclude places such as Springfield
appearing multiple times in a country (here, USA), it strikes a balance between not providing too many
details to the model to make distance estimation trivial and limiting ambiguity. Put differently, even
though some of these place names may appear multiple times within the same country, this is unlikely
to have a noticeable statistical effect over the 15,000 records (per run) overall.

To establish source→target city pairs with a clear major city and a minor city, thereby taking
inspiration from the distance between reference points and non-reference points in prior work [5], we
first selected the top 500 cities from GeoNames by population. This resulted in a list whose smallest
cities still had roughly 1 million inhabitants. For each of those top 500 cities, we picked 30 other cities
(with a population over a thousand) at random. Finally, we reversed each pair so each data frame
contains 2x 15,000 pairs. Consequently, each city appeared in both source and target slots. For internal
use, we also stored the geographic coordinates, population, actual great-circle distance, and continents
(for source and target).

3. Results and Discussion

Here we report the results of our experiment. First, we are interested in the magnitude and the direction
of the percentage error, and less in the raw error. Simply put, we want to account for the fact that
if two cities are nearby but the distance has been misestimated by 100 km, this is substantially more
significant than if this error occurs for two cities thousands of km apart. Hence, we define the two
errors simply as follows:

Signed percentage error = 100 · 𝑑𝑖 − 𝑑𝑖
𝑑𝑖

(1)

Absolute percentage error = 100 ·

⃒⃒⃒
𝑑𝑖 − 𝑑𝑖

⃒⃒⃒
𝑑𝑖

(2)

As these percentage-based measures do not provide an intuition for the scale of errors, we note
that the best-performing model (gpt-4.1) has a median/mean absolute error of 244/391 km, while the
weakest model (gpt-4.1-nano) has a median/mean absolute error of 1598/2428 km. The newest model
(gpt-5.4) scores second best at 256/401 km. These differences are very small; hence, we assume both
models (4.1 and 5.4) to perform on par.

3We selected a temperature of 0.3 as (in real deployment cases) agents and generative AI more generally rarely run at a
temperature of zero. For later comparison, we ran models such as gpt-5.4 multiple times. We will return to both issues later.

4Asking for a latent estimate does not guarantee by itself that a model will not use RAG or other tooling. In our case, we can
confirm that the local Gemma model had no access to RAG or any tooling. For OpenAI’s models, it is our understanding that



Table 1
Estimation error per model. Signed percentage error indicates systematic over/under-estimation, while absolute
percentage error indicates the magnitude irrespective of direction.

Model Median/mean signed error (%) Median/mean absolute error (%)

gpt-4.1 -1.45 / -2.73 3.38 / 6.83
gpt-5.4 -1.06 / -2.08 3.44 / 7.59
gemma-4-31B-it 1.29 / 2.97 6.16 / 11.69
gpt-4.1-mini -2.23 / -1.81 7.04 / 11.94
gpt-5.4-nano -4.14 / -1.31 12.12 / 20.19
gpt-4.1-nano 3.37 / 27.00 21.02 / 46.89

As summarized in Table 1, we can make several observations about the percentage errors: (1) four of
the six models tend to underestimate distances; (2) the smaller models perform substantially worse.
While gpt-4.1-mini could still be considered usable, both nano models fall behind; (3) the open-weights
model Gemma 4 performs (perhaps surprisingly) well given that it can run on a single GPU workstation;
(4) the noticeable gaps between median and mean show that all models returned some large-error
outliers; and, finally, (5) on a minor note, in contrast to all other models, Gemma 4 did not use decimal
places and only returned multiples of 5, i.e., 115, 850, 2480, but never 2486.7, over 14,999 pairs.

Next, we have to look at the asymmetry, i.e., whether there is a difference in estimation from major-
to-minor versus minor-to-major city pair direction. Here 𝑀𝑚 is the Major-minor direction, while
𝑚𝑀 will signify the reversal.

Signed percentage asymmetry = 100 · 𝑑
𝑀𝑚
𝑖 − 𝑑𝑚𝑀

𝑖

𝑑𝑖
(3)

Absolute percentage asymmetry = 100 ·

⃒⃒⃒
𝑑𝑀𝑚
𝑖 − 𝑑𝑚𝑀

𝑖

⃒⃒⃒
𝑑𝑖

(4)

Table 2
Relative directional asymmetry per model for source→target reversals.

Model Med./mean signed asymmetry (%) Med./mean absolute asymmetry (%)

gpt-4.1 0.00 / -0.10 1.81 / 3.93
gpt-5.4 0.12 / -0.31 2.06 / 4.84
gemma-4-31B-it 0.80 / 1.79 2.82 / 6.84
gpt-4.1-mini 0.20 / -0.48 4.69 / 9.02
gpt-5.4-nano 0.42 / 0.74 11.06 / 21.10
gpt-4.1-nano 0.16 / -0.87 12.13 / 42.68

As Table 2 shows, distance estimations are indeed asymmetric. However, the signed results show that
this effect is unlikely to reflect a strong systematic directional bias. For the mini and nano models, the
(absolute) asymmetry is substantially larger, while remaining very low for the full models. This could
imply that the results are driven by prompt sensitivity, i.e., differences arising purely because of the
syntactic prompt order, and/or because of outliers. To give a concrete example, for gpt-5.4, the typical
pair has a small tendency for the major-to-minor direction to be larger, but across all pairs, the effect is
slightly negative. This suggests that some of the larger cases fall along the minor-to-major order.

We also checked the fraction of entirely symmetric pairs; here, gpt-4.1 returns 17.5% of such pairs
(partially also explaining the results in Table 2), while, on the other end, gpt-5.4-nano contains fewer
than 1% symmetric pairs. An additional full run of gpt-5.4 at a temperature of zero shows 13%
symmetric pairs. As we ran models such as gpt-5.4 multiple times, it is worth comparing across runs as

𝑡𝑜𝑜𝑙_𝑐ℎ𝑜𝑖𝑐𝑒 defaults to ’none’; see https://developers.openai.com/api/reference/cli/resources/chat/subresources/completions.
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well. While the median of the absolute reversal asymmetry (for a full run of 15k pairs) comes out at about
2.06% at a temperature of 0.3, it drops to 1.62% at temperature zero. Across our three independent gpt-5.4,
temp=0.3 runs, the median variation between the pairwise comparisons for the same source→target
pair, e.g., the 3 individual estimates for Shanghai→Breitenburg, is only 1.18%. Hence, this indicates that
the results shown above are unlikely just a sampling artifact of the model temperature.

Among other issues, this raises the question of whether estimates become more difficult as city
distance increases. Interestingly, Figure 1 shows the opposite in relative terms. In fact, as ground
truth distance grows, the absolute percentage error shrinks (while the absolute error in km only increases
modestly). Across all models, Spearman rank correlations 𝜌 between ground truth distance and absolute
percentage error ranged from -0.28 to -0.42, indicating that with larger distances we see lower absolute
percentage error. Given the sample size, all results are statistically significant (𝑝 < 0.001).

Figure 1: Distance estimation error by binned ground truth distance per model.

There are several potential explanations for this observation. Addressing each of them in a controlled
experiment would fall outside the scope of this short paper and is left for future work. Hence, we focus
on one potential explanation here: it seems likely that the models have no detailed latent representation
of most of the (very) small minor cities. Yet, the training data contain orders of magnitude more
information about countries and their relations and locations. Consequently, the models may well
represent the approximate coordinates of, say, Shanghai, but for its paired minor city of Breitenburg,
Germany, models may attend more strongly to Germany than to Breitenburg. Such an approach
would still yield good accuracy for smaller nations common in Europe and elsewhere. Conversely, this
may yield high percentage errors when comparing cities within Germany or across (small) nations such
as Switzerland and Austria. Note that for very short city pairs, the fact that the ground truth dataset is
based on point locations may also introduce larger errors at small distances. However, only a few such
cases (54 city pairs less than 200 km apart) were present in our data. Hence, we do not consider this a
likely explanation.

Finally, we wanted to compare the AI results to human-level performance. For a small set of 2x9
random pairs and n=11 participants, the median and mean absolute percentage errors were 13.7
and 19.8, respectively. Without reading too much into this small sample, these results are roughly
comparable to gpt-5.4-nano but fall substantially behind those of all larger models.



4. Conclusion

In this short paper, we studied the ability of large language models to estimate geographic distances of
ordered source→target city pairs. Inspired by prior results from behavioral geography, our interest,
however, was not so much in overall accuracy, but in whether we would observe asymmetric effects
under source→target reversal. Our main motivation for doing so arose from the observation that
current literature on the spatial reasoning abilities of generative AI often focuses on improvements in
accuracy alone. This leaves the question of whether these systems produce outputs that are cognitively
plausible largely unanswered [14]. While this may not matter for arithmetic or note-taking, it may
matter greatly for applications such as public participatory planning or when using LLM agent-based
personas for evacuation simulation, where human cognitive biases, heuristics, cultural sensitivities, and
so on shape the output of such processes.

With regard to our initial research questions, (RQ1) we find that LLMs can provide overall accurate
geographic distance estimates. However, the differences between smaller and larger models are very
noticeable. From the viewpoint of API costs as well as sustainability [15], this, unfortunately, also implies
that the nano models are not (yet) suitable for reliable estimation (RQ4). Interestingly, however, the
locally hosted Gemma 4 performed remarkably well. Further, our experiment also confirms that results
differ under source→target pair reversal (RQ2). However, this lack of symmetry is not systematic in
the sense of producing distinct major-to-minor versus minor-to-major distance patterns (RQ3). While
we cannot entirely exclude that such effects do exist in LLMs, the results could also be explained by
prompt sensitivity to the city-pair order and other aspects. Consequently, we cannot claim that the
distance estimations of generative AI in our experiment are cognitively plausible. Whether and
when this is a problem is up for debate. Similarly, there may be other cases where AI agents do behave in
line with human heuristics [12]. All this also points to an interesting role for symbolic systems, e.g.,
based on (logical) deduction and knowledge graphs, which (in theory) should not show such syntactic
sensitivity. Unfortunately, however, from an actual system deployment perspective, retrieval-augmented
generation (RAG) and tooling may reintroduce sensitivity to order back into the AI agent’s intermediate
reasoning and thus its final results (even if the model’s temperature would be set to zero). We believe
that these issues require further attention.

Finally, it is interesting to note that when comparing the errors across continent pairs, e.g., European
cities to North American cities versus Asian cities to African cities, we found substantial differences in
estimation quality. These results could point to a potential representational bias [16] worth investigating
in future work. We do not include this analysis here because the results also raise several methodological
questions. For instance, the distribution of the top 500 cities is geographically uneven, as is the presence
of small communities in Oceania and Africa in our GeoNames dataset. Similarly, despite the large
overall sample, our dataset becomes sparse for pairs such as Oceania–Oceania. Along the same lines,
our (largely) aggregated analysis could be complemented with further local investigation out of scope
for this short paper.

Declaration on Generative AI

Following the CEUR GenAI Usage Taxonomy, Grammarly (in non-generative mode) was used for
"grammar and spelling check". ChatGPT was used for "peer review simulation" and coding support.
The authors reviewed AI outputs and take full responsibility for the publication.
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