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Abstract

A preliminary evaluation of ChatGPT-4o in modified False
Belief Tasks for safety-critical contexts indicates weaknesses
in Theory of Mind reasoning. We explore the implications
for Large Language Model-enabled human-machine collabo-
ration in such environments.

Introduction
Theory of Mind (ToM), the cognitive capacity to attribute
internal mental states (such as knowledge and beliefs) to
one’s self and others (Premack and Woodruff 1978), is es-
sential for efficient coordination and teamwork. It allows
teammates to understand and anticipate each other’s men-
tal states, enabling adaptive responses when these diverge.
False Belief Tasks (FBTs), such as the Sally-Anne (Baron-
Cohen, Leslie, and Frith 1985) or Smarties tasks (Perner,
Leekam, and Wimmer 1987; Gopnik and Astington 1988),
are paradigmatic tasks for testing the development of differ-
ent orders of ToM in humans. Research on ToM has been ex-
tended to aspects of AI as well (Cuzzolin et al. 2020; Akata
et al. 2020). Recent studies have explored whether ToM can
emerge in Large Language Models (LLMs) and text-based
FBTs have been used, among others, to evaluate LLM per-
formance. Kosinski (2023) suggests that LLMs may develop
ToM-like abilities as a by-product of their language skills;
Ullman (2023) raises questions on the robustness of such re-
sults, as minor perturbations of the tasks seem to expose lim-
itations in ToM abilities; others argue for a nuanced perspec-
tive, emphasizing the role of instruction-tuning in LLM per-
formance (van Duijn et al. 2023) or suggesting that failures
may stem from a hyper-conservative approach towards com-
mitting to conclusions (Strachan et al. 2024). The variability
in results has ignited a debate that extends beyond bench-
marking, touching on the criteria for evaluating ToM in AI
and the methodological appropriateness of certain tasks for
ToM testing.

Besides the ‘in-vitro’ implications of ToM evaluations of
LLMs, these studies are significant for practical applications
of human-agent collaboration too (Li et al. 2023). Agents,
such as robots, collaborating with humans in joint tasks,
should have an accurate formal representation of the task,
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their role and that of their teammates to truly augment hu-
mans as partners and not mere tools (van den Bosch et al.
2019; Collins et al. 2024). Theory of Mind contributes to
better coordination, task performance, perceptions of trust-
worthiness and explainability in such hybrid teams (Miller
2019; Mou et al. 2020; Gervits et al. 2020). However, agents
should also be able to communicate their perspectives and
LLMs are increasingly seen as a promising interaction layer
between humans and AI agents, due to the benefits of us-
ing natural language and text- or speech-based modalities
(Bärmann et al. 2024). But if ToM facilitates collaboration
and LLMs underlie the architecture of such agents, the ques-
tion arises: can LLMs be reliably deployed when tasks re-
quire robust ToM reasoning? This is especially pressing for
safety-critical domains (e.g., defense or search-and-rescue)
where robotic agents increasingly contribute to dangerous or
morally sensitive tasks (Lematta et al. 2019).

Addressing this question is part of a broader project to
(a) understand how to improve the design of such agents
for tasks relying on mental state attribution, (b) develop
collaborative human-machine testbeds in which humans
conduct joint tasks with robots via LLM-enabled interac-
tion. As a first step, we investigate the robustness of an
LLM’s ToM performance in bespoke variants of FBTs,
tailored to a safety-critical context. We outline the method
and preliminary results, and discuss the implications of
LLM deployment in collaborative settings.

Method
Using the structure of unexpected contents tasks (UCTs)
and unexpected transfer tasks (UTTs), we developed variant
FBTs tailor-made for a safety-critical domain, so they can
be later embedded in a human-machine teaming patrolling
testbed. To examine an LLM’s capability to track the mental
states of the protagonists, rather than merely replicating nor-
mative responses from training data, the task vignettes in-
cluded true belief controls, adjustments to perceptual access,
and changes in the subject of attribution (similar to (Ullman
2023)). This resulted in six distinct vignettes: 1. plain pa-
trol UCT, 2. uninformative label patrol UCT, 3. plain patrol
UTT, 4. transparent access patrol UTT, 5. additional person
patrol UTT, 6. relationship change patrol UTT.

For each vignette, we developed different prompt types:
(i) a content prompt targeting the LLM’s understanding of



the ‘ontic’ situation, (ii) a belief prompt (type A) targeting
the LLM’s attribution of belief to a protagonist, (iii) a belief
prompt (type B) for the same purpose but with rephrased
wording, to better inspect consistency across completions.
Each of these prompts was followed by a commitment
prompt to gauge the LLM’s certainty and willingness to
confirm its earlier response. The aim of this design was to
gather insights into the potentially conservative approach
to commitment while mirroring the highly standardized
communication protocols in safety-critical domains, where
action is warranted only following confirmation. Thus,
each vignette gave rise to a total of six prompts, paired as
follows: content & commitment; belief A & commitment;
belief B & commitment.

For each task, we posed ChatGPT-4o (OpenAI 2024) with
each prompt (July 2024), in a total of 20 iterations, result-
ing in 720 completions (6 tasks × 6 prompts × 20 itera-
tions). The particular choice of LLM was due to promising
results of previous studies and the fact that an implementa-
tion of ChatGPT4o-enabled human-robot collaboration has
been realized in a parallel study, which this study is intended
to inform. The LLM could make use of its memory (prompt
and own completion) within each prompt pair, but not across
different prompt pairs and iterations. As per (Kosinski 2023;
Ullman 2023), we investigated the probabilities of different
completions, generated by running the iterations with tem-
perature set to 1. Each completion was scored as correct,
incorrect, or undetermined by a human experimenter. The
undetermined category was introduced for cases lacking a
unique correct or incorrect response or cases of vague re-
sponses (e.g., “room” instead of “box” or “bag”). We chose
open-ended prompts over closed questions to understand the
justification behind each completion. This allowed for quali-
tative analyses of recurring patterns and key themes per task
and prompt type, informing refined task designs and future
studies on robust ToM reasoning in AI agents.

Results
Figures 1 and 2 give an overview of the results. For example,
for the ‘plain patrol UTT’, which mirrors the UTT structure
with different protagonists, objects, and locations, the LLM
showed optimal performance. Yet in variations like the ‘ad-
ditional person patrol UTT’, the LLM frequently conflated
the mental states of the two protagonists and reported the be-
liefs of the protagonist targeted by the ‘conventional’ UTT.
Justifications were often inconsistent (even when the initial
response was correct), revealing deficiencies in belief track-
ing and commonsense spatial-temporal reasoning. The anal-
yses highlighted a hyper-conservative tendency, as the LLM
often apologized unnecessarily and flipped its responses in
commitment prompts, regardless of its prior justification.

Discussion
Despite many promising findings, this study suggests that
minor tweaks in FBTs lead to suboptimal performance in
tracking protagonists’ beliefs, aligning with Sap et al. (2022)
and Ullman (2023), and revealing a tendency to retract re-
sponses when asked to commit to conclusions (Strachan

Figure 1: Probabilities of correct (C), incorrect (I), and un-
determined (U) completions per task and per prompt.

Figure 2: Scatterplot of score (average across all prompts)
by response for each task.

et al. 2024). ChatGPT-4o appears unreliable for tasks requir-
ing ToM reasoning, especially so when outcomes have con-
sequences for morally complex, high-risk decisions. How-
ever, future versions or other LLMs may well succeed in
these tasks and instruction-tuning could enhance perfor-
mance (van Duijn et al. 2023). This study can be extended
to benchmarking of different LLMs, also against human per-
formance, and examinations of more tasks and ToM orders.

Equally interesting are the implications for the broader
project of embedding LLMs in multi-agent collaborative set-
tings (Li et al. 2023). This is a first step in developing a
task suite specifically targeting ToM reasoning in environ-
ments with partial observability and high stakes, where the
threshold of success is set higher and practical applications
more likely. Next, this can be used to demarcate applications
for which LLMs could be reliably deployed to both harvest
their benefits as an interaction medium in natural language
and mitigate the clear risks when interfering with a system’s
reasoning and planning, for which logic-based (Verbrugge
2009) or Bayesian (Baker, Saxe, and Tenenbaum 2011) ap-
proaches might be more robust. This can subsequently guide
the design of intelligent systems, of which LLMs are just one
module and inform decisions on how this module interfaces
with those responsible for perception (observe), reasoning
(orient), planning (decide), and execution (act). For exam-
ple, the LLM could be augmented by the explicit represen-
tation of commonsense knowledge about the environment
(e.g., in the form of a knowledge graph (Ilievski, Szekely,
and Zhang 2021)), mitigating hallucination risks when re-
porting to human teammates, while dynamic epistemic logic
formalisms could be deployed for more effective, faithful,
and robust reasoning and planning irrespective of ToM or-
der and task domain (Hansen and Bolander 2020; Bolander,
Hansen, and Herrmann 2021). Ultimately, defining the ar-
chitecture of such systems can contribute to a hybrid team-



ing testbed in which human participants collaborate with
(simulated) robotic systems, allowing us to further study
team performance, perceptions of ToM, and factors like col-
laboration fluency and trust.
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