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Abstract
Theory of Mind (ToM), the ability to attribute beliefs, desires, and intentions to others, plays a foun-
dational role in human communication, language acquisition, and social interaction. The rise of
generative models capable of open-ended dialogue raises important questions about whether these
systems truly use ToM-like reasoning or simply mimic the surface-level behaviors associated with
it, such as predicting others’ thoughts or intentions. While recent work suggests that large language
models (LLMs) exhibit some competencies associated with ToM, such abilities often emerge from
statistical pattern recognition rather than grounded reasoning about mental states. In this commen-
tary, we critically examine the assumption that generative agents "understand" or "reason" about
others’ minds during communication. We highlight the distinction between genuine ToM capacities
and the appearance of ToM arising from training on massive datasets. Drawing on insights from
both cognitive science and machine learning, we argue that many current benchmarks and evalu-
ations fail to capture the nuance of ToM as a developmental and socially grounded process. We
also examine the risks of attributing human-like understanding to generative agents, particularly in
socially sensitive settings where the illusion of comprehension may lead to overtrust or potential
manipulation. In alignment with the ACS focus, this commentary urges the community to rethink
how ToM is conceptualized, implemented, and evaluated in communicative artificial intelligence
(AI) agents. We advocate for interdisciplinary approaches that go beyond behavioral proxies, em-
phasize developmental insights, and consider the broader social implications of deploying agents
that appear to "know what we mean" even when they do not.

1. Introduction

Communication extends beyond the mere exchange of signals; it fundamentally relies on the ability
to understand others’ beliefs, intentions, and knowledge, capacities collectively known as Theory
of Mind (ToM). ToM is defined as the capacity to attribute mental states such as beliefs, desires,
and intentions to oneself and others (Wellman, 1990), while recognizing that these mental states can
differ between individuals. Humans utilize ToM to interpret implicit meanings, anticipate others’
behavior, and coordinate effectively in complex social interactions. This cognitive ability enables
individuals to interpret, predict, and explain the actions of others and plays a crucial role across a
wide range of communicative contexts.

With the increasing integration of artificial intelligence (AI) systems into diverse domains, these
technologies are frequently engaging with humans in interactive settings. Examples include chat-
bots in e-commerce platforms and virtual assistants in educational and healthcare environments.
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The emergence of generative AI (GenAI) agents has further accelerated the prevalence of such
interactions, driving a growing interest in evaluating and enhancing AI systems’ social cognitive ca-
pabilities and ToM. For instance, Sap et al. (2022) conducted a comprehensive evaluation of GenAI
such as GPT-3 and GPT-4 on ToM benchmarks like SocialIQa (Sap et al., 2019) and ToMi (Le et al.,
2020), which assess understanding of social interactions and mental states conveyed through natural
language. Despite their advanced linguistic abilities, these models attained accuracy rates of only
55% and 60%, respectively, substantially below human performance. While these systems hold
considerable promise, their deployment in human-centered contexts introduces unique challenges,
including concerns regarding the nature of learned knowledge from user data and the opacity of
their decision-making processes.

In this commentary, we begin by examining the role of ToM across various communication
scenarios involving humans, AI systems, and non-verbal contexts. We then focus on the critical
importance of ToM within GenAI systems designed for human-centric applications. Finally, we
present a call to action centered on three key areas to advance ToM capabilities in GenAI commu-
nicative agents: (1) evaluation and measuring of ToM in GenAI systems, (2) design and modeling of
ToM in GenAI systems, and (3) ethical and social alignment. The first area highlights the need for
robust methods to measure and evaluate ToM abilities in GenAI systems, identifying existing gaps.
The second addresses design considerations essential for developing GenAI agents with effective
ToM tailored to human interaction. The third emphasizes the importance of ensuring that ToM-
enabled AI systems operate safely, transparently, and respectfully within social contexts, addressing
potential risks such as manipulation, privacy violations, and erosion of user trust.

2. Background

ToM is essential for effective communication and social coordination. In this work, we explore the
role of ToM across four distinct communication settings: human-to-human, human-to-AI, AI-to-AI,
and non-verbal communication. Figure 1 presents an overview of these settings and illustrates how
ToM operates within each context.

2.1 Human–Human Communication and ToM

Human communication fundamentally depends on ToM to interpret implicit meanings, disam-
biguate messages, and predict others’ behavior. The ability to reason about the mental states of
others facilitates cooperative interactions, and enables complex social exchanges. ToM has been
extensively investigated within cognitive science and linguistics, with significant insights drawn
from developmental psychology. For example, research in child development has elucidated the
progressive acquisition of ToM abilities (Beaudoin et al., 2020). Moreover, proficiency in ToM has
been associated with positive social outcomes, including stronger interpersonal relationships and
enhanced social competence (Liddle & Nettle, 2006; Peterson & Siegal, 2002; Fink et al., 2015).
Conversely, deficits in ToM have been documented among individuals on the autism spectrum, con-
tributing to social communication challenges characteristic of this population (Baron-Cohen, 2002,
2000).
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2.2 Human–AI Communication and ToM

As AI systems become increasingly integrated into daily life, the importance of incorporating
ToM capabilities grows correspondingly. Examples of human-AI communication platforms include
voice assistants such as Siri and Alexa, as well as virtual assistants deployed in educational and
e-commerce settings. These interactions pose unique challenges related to ToM, as users tend to
anthropomorphize AI agents and expect them to understand human goals, beliefs, and contextual
subtleties. However, many current AI systems lack explicit models of human mental states, which
constrains their adaptability and may result in miscommunication or suboptimal user experiences.
Enhancing AI systems with ToM-like functionalities can improve their interpretability and respon-
siveness, foster greater user trust, and enable more effective and fluid collaboration between humans
and machines.

2.3 AI–AI Communication and ToM

As AI agents increasingly operate in multi-agent environments, the ability to model other agents’
beliefs and intentions becomes critical. ToM facilitates coordination, negotiation, and competition
among agents. SOTOPIA, developed by researchers at Carnegie Mellon University, represents a
significant advancement in the integration of ToM within AI systems (Zhou et al., 2024). SOTOPIA
is a system in which AI agents can be simulated to possess distinct personas. Multiple AI agents
communicate with one another, mimicking human social interactions. During communication, the
AI agents employ ToM to dynamically model and reason about the beliefs, intentions, and knowl-
edge of other agents, thereby enabling more sophisticated and context-aware interactions.

2.4 Non-Verbal Communication and ToM

Research on non-human animals provides compelling evidence that non-verbal ToM exists across a
range of species. Behaviors such as gaze following, perspective taking, and deception suggest that
ToM can emerge without reliance on language, developing instead through embodied experience
and contextual inference. Animals not only learn from their interactions but also demonstrate the
ability to generalize learned knowledge to novel situations. One widely used framework for studying
this phenomenon is the competitive feeding paradigm in psychology (Hare et al., 2000), which
examines how animals reason about an opponent’s visual perspective, as well as their true or false
beliefs about the environment, as these evolve over a sequence of events. Building on competitive
feeding paradigm, Michelson et al. (2024) introduced a benchmark to assess non-verbal ToM in AI
agents. Non-verbal ToM has also been studied in competitive game setting where each player has
to infer the opponent’s intention and beliefs from the opponent’s action (Riemer et al.; Yao et al.,
2025).

3. GenAI in Communicating Agents and ToM

Recent progress in GenAI, particularly large language models (LLMs), presents new perspectives on
ToM in artificial agents. LLMs generate coherent and context-sensitive responses that can simulate
some aspects of mindreading. However, these models typically lack grounded representations of
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Figure 1: Conceptual overview of ToM across four communication contexts: human–human ToM,
characterized by rich language and recursive mental state reasoning. Human–AI and AI–AI ToM
reflect shared challenges in modeling beliefs and intentions for effective interaction. Non-verbal
animal ToM, while distinct and non-linguistic, provides inspiration for embodied and non-verbal
mental state inference in artificial agents. Arrows indicate key influences and relationships among
these domains.

beliefs or intentions, which can lead to inconsistent or misleading outputs. Incorporating explicit
mental state reasoning into generative models remains an open research challenge essential for
advancing trustworthy and socially competent AI.

This section discusses applications of GenAI in human–AI and AI–AI communication, empha-
sizing the essential role of ToM in improving these interactions. Table 1 summarizes key aspects of
these communication scenarios with respect to ToM.
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Table 1: Comparison of Human–AI and AI–AI Communication Scenarios with Respect to Theory
of Mind.

Aspect Human–AI Communication AI–AI Communication

Application Examples Intelligent tutoring, voice assistants,
assistive technologies

Multi-agent coordination, social simu-
lations (e.g., SOTOPIA), autonomous
vehicles

Communication Goals Personalization, user understanding,
effective assistance

Cooperation, negotiation, social rea-
soning, joint decision-making

Role of ToM Model user beliefs, intentions, knowl-
edge gaps

Model other agents’ mental states to
predict behaviors and adapt strategies

Benefits of ToM Improved interaction quality, trust,
contextual appropriateness

Enhanced coordination, anticipation of
others’ actions, socially intelligent be-
havior

Key Challenges Implicit mental states, ambiguous user
signals, risk of misinterpretation

Computational complexity, recursive
reasoning, partial observability, ethical
concerns

Current Limitations Lack of explicit mental state models,
inconsistency, bias propagation

Scalability issues, simplified models,
uncertainty handling, ethical alignment

3.1 Challenges of Integrating ToM: Human–AI Communication Scenarios

GenAI supports a variety of human–AI communication applications, including intelligent tutoring
systems, voice assistants, and assistive technologies for people with disabilities. These systems ben-
efit from GenAI’s ability to interpret user inputs and generate contextually appropriate responses.
However, to achieve effective and trustworthy communication, agents must model users’ beliefs,
intentions, and knowledge gaps. Without ToM, agents may generate linguistically correct yet con-
textually inappropriate responses, leading to misunderstandings and reduced user trust.

3.2 Challenges of Integrating ToM: AI–AI Communication Scenarios

In multi-agent systems, communication among AI agents relies heavily on ToM to support coor-
dination, negotiation, and social reasoning. For example, the SOTOPIA framework from Carnegie
Mellon University simulates social environments where agents model others’ beliefs and intentions
to anticipate actions and adapt strategies. This enables agents to engage in more socially intel-
ligent and cooperative behaviors. Despite its promise, this approach faces challenges including
computational complexity, simplified assumptions, and ethical concerns regarding mental state ma-
nipulation.

Table 1 outlines the applications, goals, benefits, and challenges of ToM integration in hu-
man–AI and AI–AI communication, highlighting areas that require further research and develop-
ment.
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Figure 2: Multi-dimensional ToM, High Level Overview: 3-Component Model

4. A Call for Action: Enhancing GenAI Communication with ToM

This commentary paper focuses on the integration of ToM into generative AI systems designed for
communication. We target two core scenarios: human–AI and AI–AI interaction. Both involve
agents that must reason about the knowledge, beliefs, and intentions of others to communicate
effectively. To advance this area, we propose three key areas to advance ToM capabilities in GenAI
communicative agents: (1) evaluation and measuring of ToM in GenAI systems, (2) design and
modeling of ToM in GenAI systems, and (3) ethical and social alignment.

4.1 Evaluation and Measuring ToM in GenAI Systems

We discuss these in following subsections.

4.1.1 Designing Diverse Cognitive Tests for ToM.

GenAI systems and LLMs are trained on vast amount of data from internet. As machine learning
memorize patterns from training data, it is plausible that LLMs may have encountered and mem-
orized widely available cognitive tests during pretraining. A prominent example is the Sally-Anne
false belief test, a standard assessment in developmental psychology that evaluates ToM by testing
whether an individual can understand that others may hold beliefs that differ from reality (Frith,
2004). In this task, a character named Sally places an object (e.g., a marble) in a basket and leaves
the scene. While she is away, another character, Anne, moves the object to a different location (e.g.,
a box). The Sally-Anne false belief test assesses whether a person can correctly infer that Sally
will look for the object where she originally left it, reflecting an understanding of her false belief.
LLMs tend to perform remarkably well on the Sally-Anne and its close variants, such as those in
which the characters’ names are altered, which suggests memorization or pattern recognition rather
than genuine cognitive reasoning. However, when evaluated on alternative ToM tasks that differ
substantially from the false belief paradigm, LLM performance declines considerably, as reported
by Ullman (2023). To more comprehensively assess the ToM capabilities of LLMs, Shapira et al.
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(2024) introduced a diverse set of six novel ToM tasks. Their findings indicate that LLM perfor-
mance varies significantly across these tasks, suggesting that current models may lack a robust,
generalizable understanding of ToM.

We advocate that evaluating GenAI systems for ToM capabilities should involve a diverse set of task
types rather than relying solely on standard or widely known cognitive assessments. In particular,
commonly used psychology tests for ToM may not be reliable to test ToM capabilities in LLMs,
as LLMs are capable of memorizing these tasks and successfully solving even modified variants
through pattern recognition rather than true mental state inference.

4.1.2 Measuring ToM Across Multiple Dimensions in AI Systems.

A key limitation of designing ToM abilities in GenAI systems and LLM is to assess only one or two
isolated dimensions of ToM. However, ToM is a multi-dimensional in nature. Stack et al. (2022)
introduced a comprehensive three-component framework for ToM that is applicable to both hu-
mans and AI systems, as illustrated in Figure 2. This framework identifies perception, knowledge,
and belief as the core components of ToM, each encompassing several sub-components. The au-
thors emphasize that effectively modeling ToM requires the integration of diverse perceptual inputs,
knowledge structures, and reasoning mechanisms. Similarly, Ma et al. (2023) proposed a multidi-
mensional framework specifically for AI systems, drawing inspiration from the psychological model
ATOMS developed by Beaudoin et al. (2020). ATOMS categorizes mental states into seven distinct
types based on a meta-analysis of ToM research in child development, offering a broader foundation
for machine-level ToM evaluation.

When developing GenAI systems with ToM capabilities, we emphasize the importance of adopting
a holistic evaluation framework that captures the multifaceted nature of ToM, rather than limiting
assessment to one or two isolated dimensions.

4.2 ToM with Human Centric and Cognitive Science–Inspired Model Design

The design of ToM mechanisms in GenAI systems can benefit from cognitive science theories about
how humans acquire and apply mental state reasoning. To better facilitate cognitive theory-based
approach, we advocate following two approaches.

4.2.1 Mutual ToM.

This approach reflects the dynamics of human communication, where individuals are typically
aware of each other’s beliefs, intentions, and mental states. The concept of mutual ToM extends
this idea to human-AI interaction, advocating for a bidirectional understanding between the human
and the AI system. It encompasses two key dimensions: the human’s ToM of the AI (i.e., the hu-
man’s understanding of how the AI operates and interprets behavior) and the AI’s ToM of the human
(i.e., the AI’s ability to infer and respond to human beliefs, goals, and mental states in context). The
goal is to foster effective and adaptive communication where both parties—human and AI—possess
some awareness of the other’s cognitive processes.
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Initial work in this direction has already emerged. For example, Wang et al. (2021) implemented
mutual ToM in the context of a conversational agent: a virtual teaching assistant (TA) named Jill
Watson, deployed in an online class discussion forum. Jill Watson was designed to assist students
by leveraging ToM principles. The study investigated how students perceived and interacted with
the virtual TA, thereby exploring the human-to-AI dimension of mutual ToM. A related concept was
proposed by Bara et al. (2021), who emphasized the importance of establishing common ground in
communication as a prerequisite for effective collaboration. Their research focused on a 3D game-
based collaborative task that required participants to engage in mutual reasoning about each other’s
mental states, thereby highlighting the practical relevance of mutual ToM in shared environments.

In the development of GenAI systems with ToM capabilities, we advocate for a unified framework
centered on mutual understanding, which includes both the human’s ToM of the AI and the AI’s ToM
of the human. This bidirectional perspective emphasizes that effective interaction depends not only
on the AI’s ability to infer human mental states, but also on the human’s understanding of the AI’s
behavior, reasoning processes, and limitations.

4.2.2 Recursive ToM.

Human beliefs and perceptions about others are inherently dynamic rather than static. These mental
states continuously evolve as individuals observe and interpret the behavior of those around them.
This ongoing process of updating beliefs about another person’s thoughts and intentions is referred
to as recursive ToM (recursive ToM). Building on this concept, Kleiman-Weiner et al. (2025) in-
troduced the Bayesian Reciprocator, a computational framework designed to capture the dynamic
evolution of human cooperation. This approach leverages rational ToM inferences within a Bayesian
framework to model how individuals iteratively update their beliefs and expectations based on ob-
served social interactions, thereby offering a principled method for understanding and predicting
cooperative behavior. Wang’s recent work on mutual ToM also entails recursive ToM Wang & Goel
(2022), which enables continuously refine users’ understanding of each others’ minds through be-
havioral and verbal feedback.

When designing an GenAI systems enabling ToM, we advocate for a dynamic and recursive ToM
to allow the system to continuously update its beliefs and mental state representations.

4.3 Social Impact and Responsible Deployment of ToM-Enabled Agents

4.3.1 Responsible and robust GenAI Deployment.

As GenAI systems increasingly demonstrate ToM-like behaviors, it becomes imperative to carefully
assess their broader impact on users and society. Such agents must tailor their communication strate-
gies to accommodate the diverse needs of different user groups, including children, older adults, and
individuals with disabilities, to ensure appropriate and ethical interactions. Furthermore, the intro-
duction of ToM capabilities raises important ethical concerns related to manipulation, privacy, and
the potential for misaligned behavior. For example, hallucinated beliefs generated by GenAI sys-
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tems can lead to harmful or misleading outputs, posing significant risks. Mitigating these risks
necessitates the implementation of robust safeguards that constrain model behavior and maintain
reliability under distributional shifts.

When designing a GenAI systems enabling ToM, we advocate for considering the ethical and user
privacy aspects of ToM to ensure positive social impact by such systems.

4.3.2 Integrating Logical AI.

The deployment of ToM-enabled systems in real-world contexts demands enhanced interpretability
of their decision-making processes to foster transparency and trust. Researchers have begun to ad-
dress these challenges; for instance, (Sclar et al., 2023) proposed an explicit symbolic representation
to elucidate the reasoning and ToM capabilities of LLMs. Researchers can also integrate logical AI
models as knowledge base to improve GenAI’s reasoning capabilities. An example is the seminal
work of Allen and Perrault Allen & Perrault (1980) on model of cooperative behavior applied to
natural language understanding system. A relative recent work by Gabaldon and colleagues ? de-
scribes how to frame a task task-oriented dialogue in which the interacting agents adopt and pursue
a shared goal.

Integrating logical AI models as knowledge base can enhance GenAI systems’ interpretability and
reasoning capabilities.

5. Conclusion

In this commentary, we examine the role of ToM in communication agents within the context of
the GenAI era. To this end, we analyze the significance of ToM across four distinct communication
settings: human-human, human-AI, AI-AI, and non-verbal interactions. Given the prominence of
generative AI in communication, our primary focus lies on Human-AI and AI-AI interactions to
evaluate ToM capabilities. Building on existing research, we put forward a call to action for the
design of AI systems that incorporate robust ToM functionalities to enhance communication in the
GenAI era.
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