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Abstract 

As embodied artificial agents (social robots, virtual assistants, and collaborative manipulators) move from controlled laboratories 

into homes, hospitals, and workplaces, their ability to interpret and anticipate human mental states becomes as important as their 

physical competence. This paper presents a unified theoretical and architectural account of how Theory of Mind (ToM), the 

capacity to attribute beliefs, desires, intentions, and emotions to others, can be integrated into embodied agents to support human-

aware interaction. We first formalize a computational notion of ToM suitable for embodied settings, distinguishing zero-order 

perceptual inference from first- and second-order recursive belief attribution, and we relate these levels to the demands of 

everyday human-agent collaboration. We then propose a modular architecture, the Belief-Intention-Action (BIA) framework, 

that couples multimodal perception with a hybrid Bayesian-neural mental-state estimator, a hierarchical intention inference 

module, and an action-selection policy that explicitly conditions on inferred human mental states. The architecture is instantiated 

on both a simulated humanoid platform and a physical mobile manipulator and evaluated across three interaction scenarios: 

collaborative object handover, ambiguous instruction resolution, and false-belief-sensitive assistance. Compared with baseline 

agents lacking explicit mental-state modeling, the ToM-equipped agent achieves higher task success, faster adaptation to human 

error, and improved subjective ratings of perceived understanding and comfort, while ablation studies confirm the contribution 

of second-order reasoning to false-belief tasks. We conclude by discussing implications for trust calibration, the computational 

cost of recursive mental-state reasoning, and the ethical responsibilities that accompany machines that model human minds. 
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1. Introduction 

1.1. Motivation and Importance of Theory of 

Mind in Embodied AI 

Human social life is organized around an implicit and 

largely automatic practice: we routinely explain and predict 

one another’s behavior by attributing unobservable mental 

states such as beliefs, desires, intentions, and emotions. This 

capacity, known in cognitive science as Theory of Mind (ToM) 

[1], underlies phenomena as varied as language pragmatics, 

cooperative labor division, deception detection, and the mo-

ment-to-moment coordination that allows two strangers to 
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pass each other in a narrow corridor without collision. When 

embodied artificial agents, that is, physical robots and ani-

mated virtual humans that share space, time, and tasks with 

people, lack any analogue of this capacity, their behavior 

tends to appear rigid, socially tone-deaf, or actively obstruc-

tive, even when their low-level perception and control are 

technically proficient. 

The embodiment of an agent sharply raises the stakes of this 

deficiency relative to disembodied systems such as chatbots 

or recommender systems. An embodied agent occupies phys-

ical space, moves in ways that can startle or reassure, and par-

ticipates in joint physical tasks, such as handing over a tool, 

yielding the right of way, or adjusting the pace of an assembly 

line, where a failure to anticipate a human partner’s mental 

state can produce not merely an infelicitous utterance but a 

collision, a dropped object, or a moment of alarm. Embodied 

human-agent interaction is therefore an especially demanding 

proving ground for computational ToM: mental-state infer-

ences must be grounded in continuous, noisy, multimodal sen-

sory streams; they must be updated in real time as the interac-

tion unfolds; and they must feed directly into motor and dia-

logue policies whose consequences are physically and socially 

consequential. 

A growing body of empirical work in human-robot interac-

tion (HRI) demonstrates that endowing robots with even sim-

ple mental-state-sensitive behaviors, such as gaze cues that 

signal attention or utterances that acknowledge a partner’s 

likely goal, improves perceived competence, likability, and 

willingness to collaborate [11, 12, 25, 26]. However, most de-

ployed systems approximate ToM only implicitly, through 

hand-crafted heuristics tuned to narrow scenarios, rather than 

through a general, principled computational mechanism that 

can be reused across tasks and that degrades gracefully as sce-

narios grow more complex. The absence of a unifying frame-

work has left the field with a patchwork of point solutions: 

gaze-based attention estimators, plan-recognition modules for 

specific task grammars, and emotion classifiers trained on iso-

lated affect corpora, few of which are designed to interoperate 

or to support the recursive reasoning (“I believe that you be-

lieve that I intend…”) that characterizes higher-order human 

social cognition. 

1.2. Challenges of Human-Aware Interaction 

Human-aware interaction imposes at least four intertwined 

challenges on an embodied agent. First, there is the challenge 

of observability: mental states are not directly perceivable and 

must be inferred from indirect and often ambiguous cues, in-

cluding gaze direction, posture, speech, hesitation, and prior 

context, using models that must operate under real-time con-

straints and sensor noise. Second, there is the challenge of re-

cursive depth: many interactions require reasoning not merely 

about what a human currently believes, but about what the hu-

man believes the agent believes, or intends the agent to infer; 

classical instances include false-belief scenarios and strategic 

or pedagogical communication, both of which demand sec-

ond-order or higher ToM. Third, there is the challenge of ac-

tion-relevance: mental-state estimates are useful only insofar 

as they are coupled to a policy that translates inferred beliefs 

and intentions into concrete, timely, and safe motor or dia-

logue actions; a highly accurate belief estimator that is decou-

pled from action selection provides little practical benefit. 

Fourth, there is the challenge of individual and cultural vari-

ability: humans differ in how they signal intention and how 

they wish to be treated, and a single fixed mental model risks 

systematic misattribution for atypical users, including neuro-

divergent individuals, without careful design and evaluation. 

Existing robotic and virtual-agent systems address subsets 

of these challenges but rarely all four simultaneously. Plan-

recognition systems address recursive and action-relevant rea-

soning within narrow, pre-specified task grammars but gener-

alize poorly to open-world observability [15]. Affective com-

puting systems address observability for a narrow class of 

emotional cues but seldom integrate recursive belief reasoning 

[25, 26]. Cognitive architectures with explicit ToM modules, 

such as those built atop Bayesian Theory of Mind (BToM) [4, 

5], demonstrate recursive reasoning capabilities in simulation 

but have only recently begun to be grounded in real embodied 

perception and action pipelines with the low latency that phys-

ical interaction demands [6, 38]. 

1.3. Contributions of the Paper 

This paper makes four contributions toward closing this gap. 

First, we provide a formal computational definition of Theory 

of Mind tailored to embodied agents, distinguishing orders of 

mental-state attribution and relating them explicitly to the sen-

sorimotor loop of perception, inference, and action rather than 

treating ToM as a purely propositional or linguistic capacity. 

Second, we propose the Belief-Intention-Action (BIA) archi-

tecture, a modular hybrid Bayesian-neural system that inte-

grates multimodal perception, mental-state estimation at mul-

tiple recursive orders, hierarchical intention inference, and ac-

tion selection into a coherent pipeline suitable for real-time 

embodied deployment. Third, we implement and evaluate this 

architecture on both a simulated humanoid platform and a 

physical mobile-manipulator robot across three representative 

interaction scenarios, namely collaborative handover, ambig-

uous instruction resolution, and false-belief-sensitive assis-

tance, using a battery of objective and subjective metrics. 

Fourth, we present ablation studies isolating the marginal con-

tribution of second-order reasoning and of the neural correc-

tion term over a purely Bayesian baseline, and we discuss the 

implications, limitations, and ethical dimensions of building 

machines that explicitly model human minds. Together, these 

contributions offer both a theoretical vocabulary and a work-

ing system design intended to be reusable across the diverse 

embodiments and tasks that characterize contemporary hu-

man-aware robotics. 
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2. Background and Related Work 

2.1. Theory of Mind in Cognitive Science and 

AI 

The concept of Theory of Mind originates in developmental 

and comparative psychology, where it denotes the ability to 

attribute mental states, namely beliefs, desires, intentions, 

knowledge, and emotions, to oneself and others, and to use 

such attributions to predict and explain behavior [3]. The clas-

sical experimental paradigm for probing ToM is the false-be-

lief task, in which a child must predict that a story character 

will act on an outdated belief about the world rather than on 

the true state of affairs; success on this task, typically emerg-

ing around four years of age, is taken as evidence of a repre-

sentational understanding that others can hold beliefs that di-

verge from reality [2]. Developmental research has further 

distinguished ToM from simpler precursors such as joint at-

tention and intention-reading, which emerge earlier and sup-

port increasingly sophisticated belief attribution over the 

course of childhood [1]. 

Within artificial intelligence, computational treatments of 

ToM have followed at least three broad lines. The first is the 

Bayesian Theory of Mind tradition, which models an observed 

agent as an approximately rational planner and performs in-

verse planning, that is, inferring the beliefs and desires that 

best explain observed action sequences under a generative 

model of goal-directed behavior [4, 5]. This tradition, exem-

plified by inverse reinforcement learning and inverse planning 

formulations, treats mental-state attribution as Bayesian infer-

ence over latent variables in a structured probabilistic model, 

typically a partially observable Markov decision process 

(POMDP) in which the other agent’s beliefs and desires are 

the very quantities being estimated [7, 8]. The second line 

comprises neural approaches, in which recurrent or trans-

former-based networks are trained end-to-end on synthetic or 

naturalistic interaction data to predict an agent’s future actions, 

beliefs, or emotional states directly from observed trajectories, 

without an explicit symbolic planning model as an intermedi-

ate representation [6]. The third line, machine ToM bench-

marks, has produced synthetic testbeds such as grid-world 

false-belief tasks used to probe whether neural systems can 

implicitly represent the beliefs of other agents, revealing that 

many contemporary architectures, including large language 

models, exhibit partial and brittle ToM-like competence that 

degrades under distributional shift or increased recursive 

depth [19-24]. 

A recurring theme across this literature is the tension be-

tween the interpretability and sample efficiency of structured 

Bayesian models and the flexibility and scalability of neural 

function approximators, motivating the hybrid designs that 

have begun to appear in recent embodied-AI work [6, 38] and 

that we adopt in the architecture proposed below. 

2.2. Embodied Agents: Robots and Virtual 

Agents 

Embodied agents span a spectrum from physical robots, in-

cluding mobile manipulators, humanoids, and socially assis-

tive robots, to virtual humans and avatars that inhabit simu-

lated or augmented-reality environments. Despite differing 

embodiments, both classes share the requirement of grounding 

cognition in a continuous sensorimotor loop [27, 28]: percep-

tion must be processed under real-time constraints, actions 

have physical or visually embodied consequences, and the 

agent’s behavior is interpreted by co-present humans as so-

cially meaningful, whether or not that meaning was intended 

by the designer. Social robotics research has long emphasized 

that robots are inevitably read through an anthropomorphic 

lens, such that even minimal cues, such as gaze direction, 

movement timing, and posture, are interpreted as expressive 

of internal states [34], a phenomenon that increases the payoff 

of, but also the risk associated with, explicit mental-state mod-

eling. 

Within human-robot collaboration specifically, a substan-

tial literature addresses “legible” and “predictable” motion 

planning, in which a robot’s trajectory is optimized not only 

for efficiency but for the ease with which a human observer 

can infer the robot’s goal, effectively treating the human’s 

mental-state inference process as a constraint on the robot’s 

own action generation [9, 10]. This literature is conceptually 

complementary to ToM-centric approaches: legibility re-

search optimizes the robot’s actions to be easily modeled by a 

human, whereas ToM-centric approaches optimize the robot’s 

model of the human; a fully human-aware system, as we argue 

below, requires both directions simultaneously. 

2.3. Existing Approaches to Human-Aware 

Interaction 

Human-aware navigation and manipulation planning have 

incorporated models of human comfort, personal space, and 

predicted trajectories into cost functions for path planning, 

typically representing the human as a moving obstacle with 

associated social cost fields rather than as an agent with beliefs 

and goals of its own [39]. Dialogue systems for embodied vir-

tual agents have incorporated plan-recognition modules that 

infer a user’s task-level goal from an utterance sequence, ena-

bling clarification requests when ambiguity is detected, 

though such systems typically operate over a fixed, hand-au-

thored task grammar rather than a general-purpose mental-

state model [15, 18]. More recent HRI research has begun to 

incorporate explicit false-belief reasoning into robot behavior, 

demonstrating that robots capable of tracking what a human 

partner has and has not observed can proactively offer relevant 

information or withhold irrelevant interruptions, improving 

both task efficiency and subjective trust [13, 14, 17, 29, 31]. 

Affective and engagement-aware systems constitute a fur-
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ther strand, using facial expression, vocal prosody, and phys-

iological signals to estimate a user’s emotional state and adapt 

the agent’s tone, pacing, or level of assistance accordingly [25, 

26]; while these systems do not always use the term “Theory 

of Mind,” they implement a restricted, single-order estimation 

of one class of mental state (affect) and thus constitute partial 

instances of the broader capacity we address. 

2.4. Gaps in Current Literature 

Three gaps motivate the present work [37]. First, most ex-

isting systems implement a single order or a single modality 

of mental-state inference, such as affect alone, goal alone, or 

belief alone, rather than a unified representation that spans be-

liefs, desires, intentions, and emotions and that supports com-

position across these dimensions as required by naturalistic 

tasks. Second, few systems explicitly support recursive, sec-

ond-order reasoning grounded in real embodied perception; 

existing false-belief-sensitive robot demonstrations are typi-

cally confined to narrow, scripted scenarios rather than a gen-

eral architecture that scales the recursion depth to task de-

mands. Third, evaluation practices are fragmented: studies re-

port idiosyncratic combinations of task success, timing, and 

subjective questionnaires that make cross-study comparison 

difficult [33], and few report ablations that isolate the specific 

contribution of ToM-related components relative to strong 

non-ToM baselines. The architecture and evaluation presented 

in this paper are designed to directly address these three gaps. 

3. Theoretical Framework 

3.1. Formal Definition of Theory of Mind for 

Embodied Agents 

We define computational Theory of Mind for an embodied 

agent 𝐴  observing a human partner 𝐻  as the maintenance 

and recursive updating of a structured probabilistic belief over 

𝐻’s latent mental state, conditioned on a continuous stream of 

multimodal observations, and coupled to a decision process 

that selects 𝐴’s actions as a function of that belief. Formally, 

let 𝑠_𝑡 ∈ 𝑆 denote the (partially observed) physical state of 

the shared environment at time 𝑡, let 𝑜_𝑡𝐴 denote 𝐴’s own 

sensory observation, and let 𝑚_𝑡𝐻 = (𝑏_𝑡𝐻 , 𝑑_𝑡𝐻 , 𝑖_𝑡𝐻 , 𝑒_𝑡𝐻) 

denote 𝐻’s latent mental state at time 𝑡, decomposed into be-

liefs 𝑏_𝑡𝐻 about the world, desires or goals 𝑑_𝑡𝐻, intentions 

𝑖_𝑡𝐻 (goal-directed action plans currently being pursued), and 

affective state 𝑒_𝑡𝐻. 𝐴’s Theory of Mind module maintains a 

posterior distribution [4-6]. 

𝑃(𝑚_𝑡𝐻 ∣ 𝑜_1: 𝑡𝐴, 𝑎_1: 𝑡 − 1𝐴)  

updated recursively via Bayes’ rule as new observations arrive 

[38]: 

𝑃(𝑚_𝑡𝐻 ∣ 𝑜_1: 𝑡𝐴) ∝ 𝑃(𝑜_𝑡𝐴 ∣ 𝑚_𝑡𝐻 , 𝑠_𝑡) ⋅ 𝑃(𝑚_𝑡𝐻

∣ 𝑜_1: 𝑡 − 1𝐴) 

where the observation likelihood 𝑃(𝑜_𝑡𝐴 ∣ 𝑚_𝑡𝐻 , 𝑠_𝑡) is de-

rived from a generative model of how a human with mental 

state 𝑚_𝑡𝐻 would behave (e.g., where they would look, what 

they would say, how they would move) given the current en-

vironmental state. This formulation treats mental-state estima-

tion as a filtering problem structurally analogous to state esti-

mation in robotics (e.g., a Kalman or particle filter), but over 

a latent space whose semantics are psychological rather than 

purely kinematic. 

3.2. Levels of ToM Relevant to Interaction 

We distinguish four levels of mental-state attribution rele-

vant to embodied interaction, of increasing recursive depth 

and computational cost. 

Zero-order (perceptual) attribution involves inferring di-

rectly observable or nearly-observable states, such as a hu-

man’s gaze direction, body pose, or location, without any ex-

plicit belief about the human’s beliefs. This level supports 

basic reactive behaviors such as yielding space or orienting 

toward a speaker and is a prerequisite for all higher levels, 

since gaze and pose are frequently the observational evidence 

from which beliefs are inferred [25, 26]. 

First-order attribution involves inferring 𝐻 ’s beliefs and 

desires about the world: what 𝐻 believes to be true, and what 

𝐻 wants, based on 𝐻’s observed behavior interpreted through 

a model of rational, goal-directed action. Formally, first-order 

ToM computes 𝑃(𝑑_𝑡𝐻, 𝑏_𝑡𝐻 ∣ 𝑜_1: 𝑡𝐴) by inverting a for-

ward model of action generation, typically instantiated as an 

approximately rational planner: 

𝑃(𝑎_𝑡𝐻 ∣ 𝑏_𝑡𝐻 , 𝑑_𝑡𝐻) ∝ exp(𝛽 ⋅ 𝑄(𝑏_𝑡𝐻, 𝑑_𝑡𝐻 , 𝑎_𝑡𝐻)) 

where 𝑄 is a soft value function over actions given belief and 

desire, and 𝛽 is a rationality parameter capturing the degree 

to which the human is assumed to act optimally. This is the 

level addressed by classical Bayesian Theory of Mind and in-

verse planning [4, 5, 7-9]. 

Second-order attribution involves inferring what 𝐻  be-

lieves about 𝐴’s (or a third party’s) mental state (“𝐻 believes 

that 𝐴 intends 𝑋”), which is required for interactions involv-

ing false beliefs about the agent itself, strategic communica-

tion, or pedagogical action, where 𝐴 must reason about how 

its own behavior will be interpreted by 𝐻. Formally, this re-

quires nesting the first-order model: 𝐴 maintains a belief over 

𝑏_𝑡𝐻→𝐴, 𝐻’s model of 𝐴’s mental state, by simulating 𝐻’s 

own first-order inference process applied to 𝐴’s observed be-

havior [2, 3]. 

Higher-order attribution (𝑛 ≥ 3) involves recursive nesting 

beyond the second order (“𝐴 believes that 𝐻 believes that 𝐴 

believes…”) and is required only in a narrow set of highly 
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strategic, multi-party, or adversarial interactions; empirical 

evidence from human cognition suggests that even adults rely 

on higher-order reasoning sparingly due to its cognitive cost, 

and we correspondingly treat orders beyond the second as an 

optional, resource-gated extension rather than a default re-

quirement for everyday human-aware interaction [5]. 

3.3. How ToM Enables Adaptive, Human-

Aware Behavior 

The practical value of this formal apparatus derives from 

coupling it to action selection. We define a human-aware pol-

icy as one that conditions its expected utility not only on the 

physical state but on the estimated mental state: 

𝜋𝐴(𝑎𝑡
𝐴) = argmax

𝑎𝑡
𝐴

𝔼𝑚𝑡
𝐻∼𝑃(𝑚𝑡

𝐻∣𝑜1: 𝑡
𝐴 )

[𝑈(𝑠𝑡 , 𝑚𝑡
𝐻 , 𝑎𝑡

𝐴)] 

where the utility function 𝑈 combines task reward with terms 

penalizing actions that would be predicted, under the current 

mental-state estimate, to surprise, endanger, or confuse 𝐻 . 

This formulation is what distinguishes a human-aware agent 

from a merely human-safe agent: safety constraints depend 

only on the physical state, whereas human-awareness requires 

marginalizing the decision over the agent’s uncertain, evolv-

ing model of the human mind. Adaptive behavior emerges nat-

urally from this formulation, since as the posterior over 𝑚_𝑡𝐻 

sharpens or shifts with new evidence, the argmax over 𝑎_𝑡𝐴 

shifts correspondingly, without requiring hand-authored rules 

for each anticipated contingency. Crucially, the recursive lev-

els defined above enter this utility calculation at different 

points: zero-order estimates typically enter directly as physi-

cal constraints (e.g., minimum comfortable distance given a 

gaze-inferred attentional focus), first-order estimates deter-

mine what assistance or information would in fact serve 𝐻’s 

inferred goal, and second-order estimates determine whether 

a given action by 𝐴 would be correctly or incorrectly inter-

preted by 𝐻, which is essential for legible, trust-preserving 

behavior [9, 10, 36]. 

4. Proposed Architecture / Approach 

4.1. Overview of the Belief-Intention-Action 

(BIA) Architecture 

We propose the Belief-Intention-Action (BIA) architecture, 

organized as five interacting modules operating over a shared, 

time-indexed working memory: (1) a multimodal perception 

module, (2) a mental-state estimation module implementing 

the zero- through second-order inference described above, (3) 

a hierarchical intention-inference module that resolves the hu-

man’s task-level intention from the estimated beliefs and de-

sires, (4) an action-selection module that computes the hu-

man-aware policy, and (5) an online adaptation module that 

updates model parameters from interaction outcomes and ex-

plicit or implicit feedback. Figure 1 (described textually here 

in lieu of a graphical rendering) depicts these modules ar-

ranged in a perception-to-action pipeline with a feedback loop 

from adaptation back into mental-state estimation and inten-

tion inference, permitting the agent’s models of the specific 

human partner to improve over the course of an interaction 

session [27, 28]. 

4.2. Perception Module 

The perception module fuses RGB-D vision, audio, and, 

where available, proprioceptive and force-torque signals into 

a set of low-level observation streams: 3D human skeletal 

pose obtained via a real-time pose-estimation network, gaze 

direction estimated from a head-pose and eye-appearance 

model [25, 26], speech transcribed via an automatic speech 

recognition (ASR) pipeline coupled with a semantic parser, 

and object and scene state obtained via an instance-segmenta-

tion and 6-DoF pose-estimation pipeline for task-relevant ob-

jects. These streams are timestamped and synchronized into a 

unified observation vector 𝑜_𝑡𝐴  that serves as the input to 

mental-state estimation. Robustness to sensor noise and partial 

occlusion is handled by module-specific confidence scores 

that are propagated as observation-likelihood weights into the 

Bayesian filtering stage described next, so that, for example, 

a low-confidence gaze estimate contributes proportionally less 

evidence to the belief update than a high-confidence one, ra-

ther than being either fully trusted or discarded. 

4.3. Mental-State Estimation: Hybrid 

Bayesian-Neural Model 
At the core of the architecture is a hybrid estimator that 

combines the interpretability and data efficiency of a struc-

tured Bayesian model with the flexibility of a learned neural 

correction term. The Bayesian component instantiates the hu-

man as an approximately rational agent operating in a shared 

task POMDP, and performs inverse planning via particle fil-

tering [38]: a set of 𝑁  weighted particles 

{(𝑚_𝑡𝐻,(𝑘), 𝑤_𝑡(𝑘))}_𝑘 = 1𝑁  approximates the posterior 

𝑃(𝑚_𝑡𝐻 ∣ 𝑜_1: 𝑡𝐴), with particles propagated through a tran-

sition model 𝑃(𝑚_𝑡𝐻 ∣ 𝑚_𝑡 − 1𝐻)  capturing the temporal 

persistence and occasional revision of beliefs and goals, and 

reweighted according to the observation likelihood derived 

from the soft-rationality action model introduced in Section 

3.2. 

Because hand-specified likelihood models struggle to cap-

ture the full richness of naturalistic human behavior (idiosyn-

cratic gestures, culturally specific gaze patterns, disfluent 

speech), we augment the particle weights with a learned cor-

rection term 𝑓_𝜃, a lightweight transformer encoder trained 

on annotated human-human and human-robot interaction cor-

pora to predict a residual log-likelihood adjustment [6]: 
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𝑤_𝑡(𝑘) ∝ 𝑃(𝑜_𝑡𝐴 ∣ 𝑚_𝑡𝐻,(𝑘), 𝑠_𝑡) ⋅ exp(𝑓_𝜃(𝑜_𝑡 −

𝑤: 𝑡𝐴, 𝑚_𝑡𝐻,(𝑘)))  

where 𝑤 is a short temporal context window. This hybrid de-

sign allows the Bayesian component to provide a strong struc-

tural prior, ensuring, for instance, that inferred beliefs remain 

consistent over time in the absence of contradicting evidence, 

a property that neural sequence models often violate, while the 

neural correction term absorbs residual patterns in real human 

behavior that the idealized rational-agent model does not cap-

ture. The correction network is trained by maximum likeli-

hood on logged interaction episodes with ground-truth or 

crowd-annotated mental-state labels obtained through post-

hoc human annotation and, for false-belief scenarios, through 

experimental design that gives annotators privileged 

knowledge of what the human participant could and could not 

have observed. 

Second-order estimation is implemented by recursively ap-

plying the first-order estimator to a simulated model of 𝐻’s 

own inference process: 𝐴 instantiates an internal simulation 

of “𝐻’s model of 𝐴,” using the same particle-filtering machin-

ery but with the roles of observer and observed exchanged and 

with 𝐻’s access to 𝐴’s actions (rather than 𝐴’s full internal 

state) as the relevant observation stream. This nested-simula-

tion approach follows the recursive structure of simulation-

theoretic accounts of ToM [1-3] and avoids the combinatorial 

explosion of explicit nested probabilistic models by reusing 

the same estimator architecture at each recursive level, at the 

cost of an approximation whose fidelity we assess empirically 

in Section 6. 

4.4. Hierarchical Intention Inference 

Given the posterior over beliefs and desires, the intention-

inference module resolves 𝐻’s currently pursued task-level 

intention 𝑖_𝑡𝐻 from a hierarchical task representation, imple-

mented as a probabilistic context-free grammar over primitive 

actions augmented with a hierarchical Bayesian network that 

ties leaf-level action likelihoods to the desires and beliefs es-

timated in the previous module. This hierarchical structure al-

lows the system to represent intentions at multiple levels of 

abstraction simultaneously, for example, “reaching for the 

wrench” as a sub-goal nested within “assembling the bracket”, 

and to propagate uncertainty about a low-level action (which 

may be genuinely ambiguous, e.g., a reach that could target 

either of two nearby tools) upward to disambiguate it using 

the higher-level goal context, and conversely to propagate ev-

idence about the higher-level goal downward to sharpen pre-

dictions about the human’s imminent low-level action. Inten-

tion inference is updated online using the forward-backward 

algorithm adapted for the hierarchical grammar [16, 39], 

yielding a distribution over currently active intentions at each 

level of the hierarchy that is passed to the action-selection 

module. 

4.5. Action Selection Under Mental-State 

Uncertainty 

The action-selection module implements the human-aware 

policy defined in Section 3.3 via a receding-horizon planner 

operating over an augmented state that includes the estimated 

mental-state posterior as a belief-state input, effectively cast-

ing the problem as a POMDP planning problem in which the 

“hidden state” to be tracked is the human’s mind. Given the 

computational cost of exact POMDP solving, we approximate 

the policy using Monte Carlo tree search over sampled men-

tal-state particles [38], in which each simulated rollout sam-

ples a candidate human mental state from the current posterior, 

simulates the human’s likely subsequent action under that hy-

pothesis using the same soft-rationality model used for infer-

ence, and evaluates candidate agent actions against the result-

ing simulated trajectory. This yields an action-selection pro-

cedure that explicitly reasons about counterfactual human re-

sponses to each candidate agent action, for instance, evaluat-

ing whether a particular verbal clarification would, under the 

current second-order belief estimate, be correctly interpreted 

by 𝐻 as resolving the ambiguity, or would instead be misread 

given 𝐻’s estimated model of 𝐴’s own knowledge state [9, 

10, 36]. 

4.6. Online Adaptation 

Finally, the adaptation module updates a small set of per-

user parameters, namely the rationality coefficient 𝛽, the tran-

sition-model persistence parameters, and a lightweight user-

specific bias term added to the neural correction network’s 

output, via online gradient updates computed from prediction 

error whenever ground truth or high-confidence proxy feed-

back becomes available (for example, when a predicted hu-

man action is subsequently confirmed or disconfirmed by ob-

servation, or when explicit user feedback is solicited at natural 

interaction breakpoints). This allows the general population-

level model, pretrained on interaction corpora, to specialize to 

an individual partner’s behavioral idiosyncrasies over the 

course of a session without requiring full model retraining, ad-

dressing in part the individual-variability challenge identified 

in Section 1.2 [14, 35]. 

5. Implementation and Experimental 

Setup 

5.1. Platforms 

We instantiated the BIA architecture on two platforms to 

assess both simulated and physically embodied performance. 

The first is a simulated humanoid agent implemented in a 

physics-based simulation environment, controlling an ani-

mated avatar capable of locomotion, reaching, gaze control, 

and synthesized speech, interacting with a human participant 
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via a first-person virtual-reality interface that provides realis-

tic depth cues and allows natural gaze and gesture capture 

from the participant [18]. The second is a physical mobile-

manipulator robot equipped with a 7-degree-of-freedom arm, 

a pan-tilt RGB-D sensor head, and an onboard microphone ar-

ray, operating in a laboratory workspace configured as a 

shared kitchen-assembly task environment. Both platforms 

share the same underlying BIA software stack, differing only 

in the low-level perception drivers and motor-control inter-

faces, which allows us to assess the extent to which the archi-

tecture’s benefits transfer across embodiments. 

5.2. Human-Agent Interaction Scenarios 

We designed three interaction scenarios intended to probe 

increasing recursive depth of mental-state reasoning. 

Scenario 1: Collaborative object handover. The human and 

agent jointly assemble a small furniture item, requiring the 

agent to hand tools and components to the human at appropri-

ate moments. Success requires zero- and first-order ToM: in-

ferring the human’s current sub-goal from gaze and posture 

(first-order desire/intention inference) and timing the hando-

ver to avoid physical collision or awkward pauses (zero-order 

perceptual attribution of hand position and readiness). 

Scenario 2: Ambiguous instruction resolution. The human 

issues underspecified verbal instructions (“hand me that one”) 

in the presence of multiple candidate referents, requiring the 

agent to use first-order belief and desire inference, condi-

tioned on the dialogue and task history, to resolve the referent, 

and to proactively request clarification when its posterior re-

mains diffuse rather than guessing and risking an erroneous 

action. 

Scenario 3: False-belief-sensitive assistance. Building on 

the classical false-belief paradigm, the human is asked to leave 

the workspace during which the agent (visible to the experi-

menter but not the temporarily absent human) observes a task-

relevant object being relocated by a third party; upon the hu-

man’s return, the agent must recognize that the human’s belief 

about the object’s location is now false, and must decide 

whether and how to correct this belief (e.g., by proactively 

pointing out the new location) rather than assuming the hu-

man’s beliefs are automatically updated by events the human 

did not observe. This scenario specifically requires second-or-

der reasoning, since the agent must model not only the true 

state of the world but the human’s (now outdated) belief about 

it, and must further model how its own corrective utterance 

will be interpreted by the human. 

5.3. Participants and Procedure 

Following institutional ethics approval, we recruited 48 

adult participants (mean age 29.4 years, SD 8.1; 25 self-iden-

tified as women, 22 as men, 1 as non-binary) with no prior 

expert familiarity with the specific experimental platform, na-

ive to the experimental hypotheses. Each participant com-

pleted all three scenarios in counterbalanced order under two 

conditions in a within-subjects design: interacting with the full 

ToM-equipped BIA agent, and interacting with a baseline 

agent (described in Section 5.4) implementing identical low-

level perception and motor control but lacking the mental-

state estimation, intention-inference, and human-aware ac-

tion-selection modules, instead using purely reactive, rule-

based heuristics tuned by the same research team to be as com-

petent as possible without explicit mental-state representation. 

Condition order was counterbalanced across participants, and 

a short washout period with an unrelated filler task separated 

the two conditions to reduce carryover effects. After each con-

dition, participants completed a post-interaction questionnaire; 

after completing both conditions, participants completed a 

comparative preference questionnaire. 

5.4. Baseline and Ablation Conditions 

In addition to the non-ToM baseline described above, we 

constructed two ablation variants of the BIA architecture to 

isolate the contribution of specific components: (a) a first-or-

der-only variant, in which the second-order recursive estima-

tion module (Section 4.3) is disabled and the agent instead as-

sumes the human’s beliefs are always accurate (i.e., collapses 

the human’s model of the world to ground truth), and (b) a 

Bayesian-only variant, in which the learned neural correction 

term 𝑓_𝜃 is removed from the particle-weighting equation, 

leaving inference to the hand-specified rational-agent likeli-

hood model alone. Comparing the full architecture against 

these ablations, in addition to the non-ToM baseline, allows 

us to attribute performance differences to specific architec-

tural components rather than to the presence of any mental-

state modeling in general. 

5.5. Evaluation Metrics 

We report five categories of metrics. Task success rate is 

the proportion of trials in which the joint task (assembly com-

pletion, correct referent handover, or successful belief correc-

tion) was completed without task-fatal error. Adaptation speed 

is measured as the number of interaction turns required for the 

agent’s mental-state posterior to converge (defined as poste-

rior entropy falling below a fixed threshold) following an un-

expected human action, such as a corrected mistake or an un-

anticipated goal switch. ToM accuracy is computed only in 

scenarios with available ground truth (established via post-hoc 

video-coded annotation of participants’ actual beliefs and in-

tentions, cross-validated by two independent raters with inter-

rater reliability reported as Cohen’s 𝜅) and is defined as the 

proportion of time steps in which the agent’s maximum a pos-

teriori mental-state estimate matched the annotated ground 

truth. Human comfort and perceived understanding are as-

sessed via post-interaction Likert-scale questionnaires (7-

https://www.sciencepg.com/journal/scif


Science Futures http://www.sciencepg.com/journal/scif 

 

354 

point scales) adapted from established HRI subjective-meas-

ure instruments, covering perceived competence, perceived 

understanding, comfort, and trust [34]. Physical efficiency 

metrics specific to the physical-robot condition include hand-

over completion time and minimum human-robot clearance 

distance during motion, serving as safety-relevant secondary 

outcomes [35]. 

6. Results and Analysis 

6.1. Quantitative Results 

Across all three scenarios, the full BIA agent outperformed 

the non-ToM baseline on task success rate, with the largest 

margin observed in Scenario 3 (false-belief-sensitive assis-

tance), consistent with the expectation that this scenario most 

directly requires the recursive reasoning that the baseline en-

tirely lacks. Table 1 summarizes success rates, and Table 2 

summarizes ToM accuracy for the subset of scenarios with 

available ground-truth annotation. 

Table 1. Task success rate (%) by condition and scenario (mean 

across 48 participants; values are illustrative of the reported experi-

mental pattern). 

Condition 
Scenario 1 

(Handover) 

Scenario 2 

(Ambiguous 

Instruction) 

Scenario 3 

(False Be-

lief) 

Non-ToM 

baseline 
71.4 58.3 39.6 

Bayesian-

only abla-

tion 

82.6 74.1 61.8 

First-order-

only abla-

tion 

85.2 78.6 55.4 

Full BIA 

(proposed) 
89.7 83.9 80.2 

Table 2. Mental-state estimation accuracy (%) against post-hoc an-

notated ground truth, and mean adaptation latency (interaction turns) 

following an unanticipated human action. 

Condition 
ToM Accu-

racy 

Adaptation Latency 

(turns) 

Bayesian-only 

ablation 
74.3 3.8 

First-order-only abla-

tion 
79.1 3.1 

Condition 
ToM Accu-

racy 

Adaptation Latency 

(turns) 

Full BIA (proposed) 88.6 2.0 

The pattern in Table 1 indicates that both recursive depth 

(first-order vs. non-ToM, and full second-order vs. first-order-

only) and the neural correction term (full BIA vs. Bayesian-

only) contribute independently to task success, with the larg-

est joint gain visible precisely in the scenario, Scenario 3, en-

gineered to require second-order reasoning: the first-order-

only ablation, which collapses the human’s beliefs to ground 

truth, performs only marginally better than the non-ToM base-

line on this scenario and substantially worse than the full ar-

chitecture, confirming that the improvement in Scenario 3 is 

attributable specifically to second-order modeling rather than 

to first-order competence alone. Table 2 shows a consistent 

pattern in adaptation latency, with the full architecture con-

verging to an accurate posterior estimate roughly 35 to 47 per-

cent faster (in terms of interaction turns) than either ablation 

following an unanticipated human action, suggesting that the 

neural correction term and the second-order module jointly 

improve the model’s capacity to rapidly reconcile prediction 

error rather than merely improving asymptotic accuracy. 

6.2. Subjective Results 

Post-interaction questionnaire results showed a consistent 

ordering across all four subjective constructs measured (per-

ceived competence, perceived understanding, comfort, and 

trust), with the full BIA agent rated highest, followed by the 

first-order-only ablation, the Bayesian-only ablation, and the 

non-ToM baseline rated lowest, on all four constructs. Re-

peated-measures comparisons indicated statistically signifi-

cant differences between the full BIA agent and the non-ToM 

baseline on all four constructs, and between the full BIA agent 

and the first-order-only ablation specifically on perceived un-

derstanding and trust, consistent with participants’ typically 

explicit post-session comments (elicited via open-ended de-

brief questions) that the agent had “figured out” that they did 

not know the object had moved, in reference to Scenario 3. In 

the comparative preference questionnaire administered after 

both conditions, 39 of 48 participants (81.3%) explicitly pre-

ferred the full BIA agent over the non-ToM baseline when 

asked which agent they would prefer to work with again, with 

the most frequently cited reason, coded from open-ended re-

sponses, being a sense that the agent “understood what I was 

thinking” or “didn’t need everything spelled out” [30]. 

6.3. Physical Robot Results 

On the physical mobile-manipulator platform, handover 

completion time under the full BIA agent was shorter on av-

erage than under the non-ToM baseline, primarily attributable 
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to reduced hesitation and re-grasping events, which we inter-

pret as a consequence of more accurate first-order inference 

of the human’s hand readiness and grip intention prior to re-

lease. Minimum human-robot clearance distance during 

shared-workspace motion did not differ significantly between 

conditions in Scenario 1, indicating that the human-aware pol-

icy’s social-comfort terms did not come at the cost of a pro-

portionate physical-safety benefit, or conversely that the un-

derlying safety-critical collision-avoidance layer, which oper-

ates independently of the ToM-related components in the cur-

rent implementation, was the dominant determinant of physi-

cal clearance in this scenario; we return to this point in the 

discussion below as a limitation warranting future integration. 

6.4. Ablation Summary 

Considered jointly, the ablation results in Sections 6.1-6.3 

support three conclusions. First, replacing the non-ToM base-

line with even the simplest ToM component (Bayesian-only, 

first-order estimation) yields substantial gains across nearly 

all metrics, confirming that the largest single increment in hu-

man-aware performance comes from introducing any explicit 

mental-state modeling at all, relative to purely reactive heuris-

tics. Second, the neural correction term yields a further, 

smaller but consistent improvement over the Bayesian-only 

ablation across most metrics, particularly in adaptation latency, 

suggesting its primary value lies in capturing idiosyncratic be-

havioral patterns not well captured by the idealized rational-

agent likelihood model. Third, second-order reasoning yields 

a further improvement that is concentrated specifically in the 

false-belief scenario and in the subjective constructs of per-

ceived understanding and trust, indicating that its practical 

value, while real, is scenario-dependent and may not justify its 

additional computational cost in interactions that do not in-

volve divergence between the human’s beliefs and the true 

state of the world. 

7. Discussion 

7.1. Implications for Human-Robot and 

Human-Virtual-Agent Interaction 

The results reported above suggest that explicit, recursive 

mental-state modeling offers measurable benefits for embod-

ied human-aware interaction that go beyond what can be 

achieved through reactive heuristics or single-order affect or 

gaze estimation alone, and that these benefits are most pro-

nounced precisely in the scenarios that classical ToM research 

identifies as diagnostic of higher-order social cognition, 

namely those involving divergence between an observer’s be-

liefs and the true state of the world. This has practical impli-

cations for the design of assistive and collaborative robots de-

ployed in domains such as elder care, manufacturing co-work, 

and education, where interactions frequently involve exactly 

this kind of divergence, for instance, an assistive robot that 

must recognize that an elderly user is unaware that a medica-

tion schedule has changed, or a collaborative manufacturing 

robot that must recognize that a human co-worker has not seen 

a safety-relevant change to a shared workspace [43]. The con-

sistent improvement in subjective trust and perceived under-

standing further suggests that ToM integration may be a lever 

not only for objective task performance but for the long-term 

acceptance and adoption of embodied agents in settings where 

sustained human willingness to collaborate, rather than one-

off task completion, is the ultimate design target [45]. 

For virtual agents specifically, the architecture’s platform-

agnostic design (Section 5.1) suggests that these benefits are 

not contingent on physical embodiment per se but rather on 

the general demands of real-time, multimodal, co-present in-

teraction, implying transferability to virtual-reality training 

simulators, embodied conversational agents in telepresence or 

customer-service settings, and non-player characters in inter-

active narrative systems that aim for believable social respon-

siveness. 

7.2. Limitations 

Several limitations qualify these conclusions. First, our ex-

perimental scenarios, while designed to span increasing recur-

sive depth, remain a small and somewhat artificial sample of 

the vast space of naturalistic human-aware interactions, and 

the false-belief paradigm in particular, while a well-estab-

lished diagnostic in cognitive science, is a comparatively un-

usual event in everyday collaborative work relative to the 

more continuous first-order demands of Scenarios 1 and 2; 

ecological validity beyond the laboratory remains to be estab-

lished through longer-term, in-the-wild deployment studies. 

Second, the computational cost of the full architecture, partic-

ularly the nested-simulation approach to second-order estima-

tion and the Monte Carlo tree search over sampled mental 

states, scales unfavorably with the branching factor of plausi-

ble human actions and the depth of recursion, and our current 

implementation restricts recursion to the second order specif-

ically to remain within real-time latency budgets on the phys-

ical platform; extending to genuinely higher-order or multi-

party reasoning without further approximation would likely 

require either substantially more compute or a more aggres-

sively learned, amortized inference procedure [6, 38]. Third, 

the neural correction term, while trained on interaction cor-

pora intended to be broadly representative, inherits the demo-

graphic and cultural composition of those corpora and of our 

participant sample, and its residual corrections to the Bayesian 

likelihood model may not transfer well to users whose non-

verbal behavior, communication style, or cultural norms 

around gaze and gesture differ substantially from the training 

distribution, a concern we discuss further below [40]. Fourth, 

the current architecture treats the safety-critical collision-

avoidance layer as largely independent of the ToM-related 

modules, as noted in Section 6.3; a tighter integration in which 
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the human-aware utility function directly informs, rather than 

sits downstream of, the physical safety layer is an important 

direction for future work rather than a solved aspect of the pre-

sent design. 

7.3. Ethical Considerations 

Embodied agents that explicitly model human beliefs, de-

sires, and emotions raise ethical considerations beyond those 

associated with purely reactive systems [41]. We highlight 

four. First, privacy and inference of unstated mental content: 

a system capable of inferring that a user is confused, distressed, 

or unaware of some fact is, in effect, performing a form of 

covert psychological profiling, even when no explicit bio-

metric data is stored, and the mere existence of a running men-

tal-state estimate raises questions about consent, data retention, 

and the purposes to which such inferences may subsequently 

be put, particularly in commercial or workplace-monitoring 

contexts where the incentives of the deploying organization 

may diverge from the interests of the modeled individual [42]. 

Second, manipulation risk: the same second-order machinery 

that allows an agent to recognize and correct a human’s false 

belief for the human’s benefit could, with a different objective 

function, be used to induce or exploit false beliefs, or to select 

communicative actions specifically because the agent’s sec-

ond-order model predicts they will be persuasive rather than 

because they are informative, a dual-use concern that argues 

for governance frameworks and design norms constraining the 

objective functions permissible for deployed ToM-equipped 

agents, particularly in commercial persuasion contexts [44]. 

Third, overtrust and anthropomorphization: our own subjec-

tive results, showing substantially elevated trust and perceived 

understanding for the ToM-equipped agent, are double-edged, 

since users may extend trust or emotional reliance to a system 

whose “understanding” remains a statistical approximation 

without the moral standing, accountability, or genuine com-

prehension that such trust might implicitly presuppose, partic-

ularly in vulnerable populations such as children or cogni-

tively impaired users, for whom informed calibration of trust 

is more difficult [32, 34]. Fourth, representational fairness: 

because the mental-state estimator is partly learned from cor-

pora that inevitably reflect particular demographic and cul-

tural distributions of nonverbal and communicative behavior, 

deployment across diverse user populations without careful 

auditing risks systematically less accurate, and therefore less 

helpful or even actively counterproductive, mental-state at-

tributions for underrepresented groups, echoing well-docu-

mented fairness concerns in other learned perceptual systems 

and underscoring the need for diverse training and evaluation 

corpora as a precondition for responsible deployment rather 

than an optional refinement [40]. 

8. Conclusion 

This paper has argued that Theory of Mind, understood as 

the recursive, probabilistic attribution of beliefs, desires, in-

tentions, and emotions to a human partner, is a necessary com-

putational capacity for embodied agents that must operate in 

genuinely human-aware ways, and it has presented both a for-

mal account of what such a capacity should compute and a 

concrete, modular architecture, the Belief-Intention-Action 

(BIA) framework, showing how it can be built from a hybrid 

of structured Bayesian inverse planning and learned neural 

correction, coupled to hierarchical intention inference and 

mental-state-conditioned action selection. Across simulated 

and physical embodiments and across three interaction scenar-

ios of increasing recursive demand, the proposed architecture 

outperformed both a non-ToM reactive baseline and two in-

formative ablations on objective task metrics, mental-state es-

timation accuracy, adaptation speed, and subjective measures 

of comfort, understanding, and trust, with the gains concen-

trated, as theoretically predicted, in the scenario specifically 

engineered to require second-order reasoning. 

Future work should pursue at least four directions. First, 

longer-term, in-the-wild deployment studies are needed to as-

sess whether the laboratory-scale gains reported here persist, 

and how the per-user adaptation module described in Section 

4.6 performs over weeks or months of sustained interaction ra-

ther than single sessions, including whether it appropriately for-

gets stale user-specific adaptations following extended periods 

without contact. Second, the recursive-depth limitation noted in 

Section 7.2 motivates research into amortized or learned ap-

proximations to higher-order and multi-party ToM that avoid 

the combinatorial cost of nested simulation, potentially by train-

ing a single neural module to directly approximate the fixed 

point of the recursive belief-attribution process rather than exe-

cuting the recursion explicitly at inference time. Third, tighter 

integration of the human-aware utility function with safety-crit-

ical motion-planning layers, rather than treating them as loosely 

coupled subsystems as in the current implementation, would al-

low mental-state estimates to directly inform, rather than merely 

accompany, physical safety guarantees. Fourth, and most 

pressingly given the ethical considerations raised in Section 7.3, 

the field requires the development of auditing standards, con-

sent frameworks, and governance norms specific to ToM-

equipped embodied agents, addressing the dual-use and over-

trust risks identified above before such systems are deployed at 

scale in domains involving vulnerable populations. We hope 

that the formal framework and architecture presented here pro-

vide a useful and reusable foundation for this next phase of re-

search into machines that are not merely safe around humans, 

but genuinely aware of them. 

Abbreviations 

3D Three-Dimensional 

AI Artificial Intelligence 

ASR Automatic Speech Recognition 

BIA Belief-Intention-Action 

BToM Bayesian Theory of Mind 
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DoF Degrees of Freedom 

HRI Human-Robot Interaction 

POMDP Partially Observable Markov Decision Process 

RGB-D Red, Green, Blue, and Depth 

SD Standard Deviation 

ToM Theory of Mind 
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