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Abstract

This tutorial examines the integration of Theory
of Mind (ToM) into Al-driven tutoring systems,
with a focus on how large language models
(LLMs) can represent learners’ cognitive and
emotional states to enable adaptive, personal-
ized feedback. Participants will learn founda-
tional ToM concepts from cognitive science
and psychology and how these ideas can be
operationalized in Al systems. We discuss
mutual ToM, in which both tutors and learn-
ers model each other’s mental states, and ad-
dress challenges including misconception de-
tection, metacognitive modeling, and privacy
in data-driven tutoring. The tutorial also in-
cludes hands-on demonstrations of machine
ToM in programming education using bench-
mark datasets such as CS1QA and CodeQA. By
combining theoretical foundations, empirical
insights, and practical exercises, this tutorial
will provide an overview of designing human-
centered, ethically aware, and cognitively in-
formed Al tutoring systems.

1 Introduction

This tutorial explores the intersection of Theory of
Mind (ToM) and Al-driven tutoring systems, focus-
ing on how LLMs can be used to model students’
cognitive states. We position this tutorial within
the cutting-edge category and present a comprehen-
sive overview of evolution of cognitive modeling
in Al-driven tutoring systems: from rule-based and
single-agent systems to reinforcement learning ap-
proaches and multi-agent LLM frameworks. Par-
ticipants will learn about recent advances in this
field, along with key limitations including privacy,
mutual ToM, and the handling of student miscon-
ceptions, as well as practical tools and resources
for deploying ready-to-use models in real-world
educational NLP applications.

1

2 Tutorial Outline

The tutorial will be organized into three parts, cov-
ering the fundamentals of ToM, reflection, and
ToM in educational contexts.

2.1 Part 1: Background (35 min)

Introduction (10 min) We will start with the core
principles of ToM from cognitive science and psy-
chology, explaining how humans attribute beliefs,
desires, intentions, and emotions to themselves and
others (Yeung et al., 2024). We will then discuss
the importance of ToM and how ToM can be oper-
ationalized in human-centered Al systems (Mutal-
liyevich et al., 2025) to enhance human-AlI interac-
tion (Wang et al., 2024). Finally, we will motivate
the integration of ToM into online tutoring systems,
highlighting its potential to improve learner engage-
ment, personalization, and adaptive feedback.
Modeling Cognition in AI Tutor (10 min) We will
provide an overview of Al tutoring systems and the
role of cognitive state modeling in such systems.
We will discuss adaptive tutoring systems (Maclel-
lan et al., 2016; MacLellan et al., 2014), empha-
sizing methods for real-time assessment of student
knowledge (Feng et al., 2009), engagement (Baker
et al., 2008), and learning difficulties. The discus-
sion will illustrate how Al can provide personalized
hints, guidance, and feedback based on learners’
cognitive states (Abdelshiheed et al., 2024). We
will also examine the challenges in modeling com-
plex learning behaviors (Gao et al., 2023, 2024;
Farhana et al., 2022) to give participants a clear
understanding of the current capabilities and limi-
tations of existing Al tutoring platforms.

LLM Adaptation in AI Tutoring (15 min) We
will focuses on the adaptation of LLMs in edu-
cational contexts: examples from programming,
mathematics, and other domains where LLMs are
used to provide explanations, hints, and interactive
feedback. Examples include automated scoring of
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math questions using LLM (Morris et al., 2025),
automated feedback generation in argumentative
writing (Baffour and Crossley, 2024), personalized
coach in online learning (Dass et al., 2025). The
discussion will highlight the strengths of LLMs
in generating contextually appropriate responses
while also pointing out limitations in recognizing
and responding to students’ cognitive states. This
sets the stage for exploring research gaps and the
integration of ToM with LLM-based systems.

2.2 Part 2: Reflections and Questions (25 min)

In the first 15 minutes, we will examine the gaps
in current LLM-based tutoring systems and oppor-
tunities for ToM integration. We will also focus on
the limitations of evaluating and measuring ToM in
LLM-based systems (Wang et al., 2025; Chen et al.,
2025; Ma et al., 2023; Ullman, 2023). Participants
will understand implications of this gap and the
need for ToM-informed Al in education. We will
conclude the session with a 10-minute reflection
and open discussion outlining future research direc-
tions for the BEA community to advance human-
centered evaluation methods and educational appli-
cations.

2.3 Part 3: ToM in Education (120 min)

We will cover core ideas of the tutorial in four in-
terconnected themes: mutual ToM, addressing mis-
conceptions, privacy considerations, and Machine
ToM in source code comprehension.

Mutual ToM in AI Tutoring (25 min) We will in-
troduce mutual ToM, where both the Al tutor and
the learner maintain models of each other’s cogni-
tive states (Wang and Goel, 2024; Ashktorab et al.,
2025). This reciprocity allows the system to antic-
ipate learner needs while learners understand Al
intentions, improving trust, engagement, and learn-
ing outcomes. The discussion will cover strategies
for implementing mutual ToM in online platforms,
including cognitive state modeling, adaptive feed-
back, and interactive scenarios. Participants will
explore how mutual understanding can be opera-
tionalized to enhance adaptive learning.
Addressing Misconceptions (25 min) This section
examines the identification and correction of learn-
ers’ misconceptions in Al tutors. We will highlight
the importance of integrating ToM principles to
ensure that Al tutors do not overgeneralize or mis-
interpret learner behaviors. Recent research iden-
tifies common misconceptions in computational
ToM, including the belief that Al should imple-

ment ToM as a singular module, that all social
interactions require advanced ToM reasoning, that
ToM is uniform across individuals, and that cur-
rent LLMs already possess genuine ToM (van der
Meulen et al., 2025). In practice, these insights sug-
gest that LLM-based tutors should selectively apply
cognitive modeling, account for variations in learn-
ers’ backgrounds and knowledge states, and avoid
assuming ToM competence based solely on bench-
mark performance. Participants will learn methods
for combining LLM pattern recognition with ex-
plicit cognitive modeling to detect misconceptions,
deliver targeted feedback, and support students ac-
curate reasoning. The section also highlights how
misconception-aware tutoring can enhance learner
engagement and outcomes while remaining aligned
with human-centered Al principles.

ToM and User Privacy (25 min) Privacy and ToM
are deeply intertwined: deciding what to share,
with whom, and in what context requires reasoning
about others’ knowledge, expectations, and inter-
pretation of information. Education is a key do-
main where this is especially relevant, as learner
data is sensitive and shared across multiple stake-
holders, though the issue extends beyond education.
We organize this section around a progression that
mirrors how the field has come to understand the
problem: from whether models reason about con-
textual privacy at all, to what they should disclose,
to how users experience disclosures and inferences
made on their behalf (Borkar et al., 2025).

We begin with the contextual integrity framing
(Mireshghallah et al., 2024a,b), which defines pri-
vacy as appropriate information flow rather than se-
crecy of fixed attributes. ConfAlde (Mireshghallah
et al., 2024b) shows that even frontier LLMs leak
information in contexts where humans would not,
and interventions such as privacy-inducing prompts
and chain-of-thought reasoning fail to close the gap.
The failure is linked to ToM, as models struggle in
tracking knowledge and reasoning mental states of
parties involved in an information exchange.

We then turn to persistent memory, which
is increasingly central to LLM-based assistants.
CIMemories (Mireshghallah et al., 2025) shows
that contextual integrity violations compound as
memory accumulates and models are deployed
across multiple tasks, with GPT-5 violations in-
creasing from 0.1% to 9.6% across tasks and up to
25.1% under repeated prompts. The diagnosed fail-
ure mode is a granularity failure in which models
identify the right information domain but cannot



distinguish relevant details from unnecessary dis-
closures. This naturally raises the next question
of what a model should disclose, leading to data
minimization as an operational principle (Zhou
et al., 2025). Recent work shows LLMs are sys-
tematically biased toward oversharing and struggle
to identify the minimal information they actually
need—a capability gap, not just a policy gap.
Finally, we consider the user perspective, focus-
ing on how LLMs not only disclose but also infer
sensitive attributes such as (emotional states, health
conditions, life circumstances) from interaction pat-
terns. Recent user-centered (Monteiro et al., 2026)
shows that users are more concerned with misrep-
resentative or unexpectedly shared inferences than
with inference itself, and they prefer granular con-
trol over how such inferences are generated, stored,
and shared. We conclude with best practices for
privacy- and ToM-aware systems, particularly in
education, emphasizing transparency of inferred
states, user control over memory and inference
scope, contextual-integrity-aware data flows, and
default minimization in prompts/persistent storage.
Q&A and Machine ToM in Source Code Com-
prehension (45 min) We will present a demonstra-
tion of Machine ToM, including ToM among Al
agents (Zhou et al., 2024) applied to programming
and code comprehension tasks (Nikiema et al.,
2025). The system models a learner’s misunder-
standing patterns and selectively intervenes with
explanations, or scaffolding (Bucinca et al., 2025).
Participants will see how teacher—student LLM ar-
chitectures simulate human-like tutoring interac-
tions, guiding learners toward better reasoning and
problem-solving (Liang et al., 2025). The demo
will include examples of adaptive interventions and
strategies for evaluating their effectiveness.

3 Specification of the Tutorial

Expected Audience Background The audience is
expected to have foundational knowledge of NLP,
machine learning, and evaluation methods, includ-
ing supervised learning, classification, and metrics
such as accuracy, precision, and recall. Familiarity
with HCI, LLMs, and Al ethics is encouraged for
participation in Q&A and discussions. We expect
about 70-100 participants, based on growing inter-
est in ToM and attendance at a recent workshop on
generative Al and ToM at IJCAI 2025 organized
by one of the organizers.

Preferred Venue We strongly prefer ACL 2026 to

be held in the U.S. due to visa re-entry uncertain-
ties, as many visa holders—including organizers,
favor a U.S. location to reduce travel risks and sup-
port broad participation.

Diversity Considerations and Others This tuto-
rial emphasizes in its instructional team, partici-
pant access, and content. The instructional team
represents multiple career stages, from Ph.D. stu-
dents to assistant professors, across four institu-
tions on two continents and interdisciplinary back-
grounds. To support accessibility, virtual partici-
pation will be available via Zoom. Approximately
33% of the session is devoted to related work from
the wider research community, as reflected in the
schedule and materials. The tutorial requires a stan-
dard Python environment with PyTorch. All code,
data, and experimental scripts are openly released
to facilitate reproducibility https://github.com/
MahaZainab/tom-in-education.

Reading List To deepen participants’ understand-
ing of ToM, we recommend the references cited in
this tutorial as well as the readings listed below.

* SOTOPIA: Interactive Evaluation for Social In-
telligence in Language Agents (Zhou et al.,
2024).

» Large language models fail on trivial alterations
to theory-of-mind tasks (Ullman, 2023).

* Towards Properly Implementing Theory of Mind
in Al: An Account of Four Misconceptions
(van der Meulen et al., 2025).

* Towards a Mutual Theory of Mind in Human-
Al Interaction: How Language Reflects What
Students Perceive About a Virtual Teaching As-
sistant (Wang, 2021).

* Framework for a multi-dimensional test of theory
of mind for humans and ai systems (Stack et al.,
2022).

* Can LLMs Keep a Secret? Testing Privacy Im-
plications of Language Models via Contextual
Integrity Theory (Mireshghallah et al., 2024b).

* CIMemories: A Compositional Benchmark for
Contextual Integrity of Persistent Memory in
LLMs (Mireshghallah et al., 2025).

* Operationalizing Data Minimization for Privacy-
Preserving LLM Prompting (Zhou et al., 2025).

* When Are LLM Inferences Acceptable? User
Reactions and Control Preferences for Inferred
Personal Information (Monteiro et al., 2026).

* 1-2-3 Check: Enhancing Contextual Privacy
in LLM via Multi-Agent Reasoning (Li et al.,
2025).
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* Mindless Dialogue? A Critical Note on ToM
and Communicative Generative Agents (Farhana,
2025).

* Trust No Bot: Discovering Personal Disclo-
sures in Human-LLM Conversations in the Wild
(Mireshghallah et al., 2024a).

4 Presenter Biographies

Effat Farhana is Assistant Professor in the Depart-
ment of Computer Science and Software Engineer-
ing at Auburn University. Her work has pioneered
designing cog- nitive theory-informed Al systems
for personalized learning, designing interpretable
ML algorithms, and behavioral data mining within
education and autism research. SIn 2021, she was
named a Rising Star in Data Science by the Uni-
versity of Chicago for her PhD research. Effat is
also an active com- munity builder, serving as co-
chair of the Al in Education Track at EAAI/AAAI
2024 and 2025, leading the organization of Theory
of Mind work- shop at IJCAI 2025, and serving a
Research Fellow at the NSF Al Institute for Adult
Learning and On- line Education (ALOE).

Maha Zainab is a Graduate Research Assistant in
the Computer Science and Software Engineering
Department at Auburn University. She is also a
Gavin Graduate Student Fellow. She has partici-
pated in multiple international coding competitions
and has also won some of them. Her research is in
Generative Al especially LLM evaluation, theory
of mind and multi-agent reasoning. Her work is
published in an IEEE conference, and her current
research focuses on the Theory of Mind in intel-
ligent systems. She has also taught national and
international audiences.

Qiaosi Wang (Chelsea) is a Carnegie Bosch Post-
doctoral Fellow at Carnegie Mellon University. Her
work has proposed and empirically examined the
Mutual Theory of Mind interaction paradigm to
facilitate communications between online learners
and Al agents in various social roles (e.g., teaching
assistant, social facilitator) in online education. She
has frequently presented her work at AI workshops
and led the organization of the Theory of Mind
in Human-AI Interaction (ToMinHAI) workshop
series at multiple HCI venues (e,g., CHI, CUI).
Niloofar Mireshghallah is a Research Scientist at
Meta AI’s FAIR Alignment group in San Francisco.
Beginning Fall 2026, she will join Carnegie Mel-
lon University’s Engineering & Public Policy (EPP)
Department and Language Technologies Institute

(LTI) as an Assistant Professor. She received her
Ph.D. from the CSE department of UC San Diego
in 2023. Her research interests are privacy, natural
language processing, and the societal implications
of ML. She is a recipient of the National Center
for Women & IT (NCWIT) Collegiate award in
2020 for her work on privacy-preserving inference,
a finalist of the Qualcomm Innovation Fellowship
in 2021, and a recipient of the 2022 Rising Star in
Adversarial ML award.

Ramira van der Meulen is a Ph.D. student at Lei-
den University’s Institute of Advanced Computer
Science. She studies decision-making in Human-
Machine Collaboration, with a special interest in
its communicative requirements. Her current work
focuses on the moment of ‘agreement’ in scenarios
with incomplete information, where humans and Al
establish their ‘common ground’ through varying
levels of communication. This work concerns with
Theory of Mind: the ability to take the perspective
of others’ beliefs, intentions and knowledge, and
the use of this perspective to make sense of their
behaviour and attitudes towards the world.

Max Johannes van Duijn is an Assistant Professor
at Leiden University’s Institute of Advanced Com-
puter Science (LIACS) and Principal Investigator
of the Social Intelligence Modelling [SIM] lab. He
is a lecturer in Leiden’s Data Science and Artifi-
cial Intelligence (DSAI) and Creative Science and
Technology (CrIT) education programmes. In 2023
he was elected a member of The Young Academy,
where he co-heads the Science and Society track.
He is the associate editor for Machine Behaviour
and Cognition of Behaviour. Research in the SIM
lab combines methods from cognitive science, lin-
guistics, and Al to study social intelligence, in par-
ticular empathy, perspective-taking, and Theory
of Mind. Their work includes modeling these ca-
pacities in humans as well as in Al systems such
as LLMs. His work is published in English and
Dutch, in scholarly as well as popular venues, and
has regularly attracted media attention.

5 [Ethics Statement

As our tutorial will focus on modeling student cog-
nition and providing personalized feedback, we
will address ethical best practices for data collec-
tion and algorithmic design. We will emphasize
inclusivity and fairness by supporting diverse learn-
ers and mitigating biases, aiming to advance safe,
transparent, human-centered Al in education.
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