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Abstract

Theory of Mind (ToM), the ability to understand people’s minds based on their be-
havior, is key to developing socially intelligent agents. Current approaches to ToM
reasoning either rely on prompting Large Language Models (LLMs), which are
prone to systematic errors, or use handcrafted, rigid agent models for model-based
inference, which are more robust but fail to generalize across domains. In this work,
we introduce AutoToM, an automated agent modeling method for scalable, robust,
and interpretable mental inference. Given a ToM problem, AutoToM first proposes
an initial agent model and then performs automated Bayesian inverse planning
based on this model, leveraging an LLM backend. Guided by inference uncertainty,
it iteratively refines the model by introducing additional mental variables and/or
incorporating more timesteps in the context. Across five diverse benchmarks,
AutoToM outperforms existing ToM methods and even large reasoning models.
Additionally, we show that AutoToM can produce human-like confidence estimates
and enable online mental inference for embodied decision-making.
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1 Introduction

To successfully engage in rich and complex social interactions such as cooperation, communication,
and social learning, humans must adequately understand one another’s mental states (e.g., goals,
beliefs, desires). This ability is termed Theory of Mind (ToM) [49]. Prior works have demonstrated
that like human interactions, Theory of Mind is also crucial for the success of human-Al interactions
[7, 114} 28]. To safely and productively interact with humans in an open-ended manner, Al systems
need to interpret humans’ mental states from observed human behavior [5} 1451 144} 311 (33} 1530151} 211].

There are two primary approaches to developing machine Theory of Mind in recent works. First,
with the rapid progress of large language models (LLMs), there has been an increasing interest in
directly applying LLMs to reason about people’s mental states with prompting strategies such as
perspective-taking [48l 37, 22], change-tracking [18]], and temporal-spatial reasoning [17]. However,
even with these advanced prompting techniques, state-of-the-art LLMs still make systematic errors in
complex scenarios [20]]. Second, cognitive studies have demonstrated that model-based inference,
in particular, Bayesian inverse planning (BIP), can reverse engineer human-like theory of Mind
reasoning [4} 43| 3, 52]). BIP relies on Bayesian Theory of Mind (BToM) models [3] to approximate
rational agent behaviors. Inspired by this, recent works have proposed to combine BIP and LLMs to
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Figure 1: An overview of AutoToM. X't are observable variables, V 't are latent mental variables,
and  is the query (in this case, a mental variable Vi 2 V' Y). tg : t denotes timesteps from ts to t in the
context that are considered for inference. Variables st; ot; bt; at; gt represent state, observation, belief,
action, and goal, respectively, with solid arrows indicating dependencies defined in the models. Given
a question, we extract the observable variables (information extraction) and propose an initial agent
model. This is followed by automated Bayesian inverse planning and iterative model adjustment.
When the model utility is high enough, we will produce the final answer based on the inference result.

achieve scalable yet robust model-based ToM inference [20,39]. While these methods significantly
outperform LLMs in specific domains, they typically require manual specification of agent models,
including necessary mental variables (e.g., goals, beliefs) for answering a given ToM question.
Therefore, they lack the required generalizability for open-ended Theory of Mind.

In this work, we aim to develop a fully automated model-based Theory of Mind method. That is
a unified method that can be applied to robustly infer any given mental variable in any domain.
Achieving this aim requires addressing two critical questions: (1) How can we ensure that our
approach is flexible enough to adapt across contexts, robust enough to model diverse human behaviors,
and scalable enough to tackle increasingly complex scenarios? (2) How can we avoid manual model
specifications and instead automate agent modeling for model-based mental inference?

To address these challenges, we introduce AutoToM, a general framework for model-based Theory of
Mind. It automates every aspect of Bayesian inverse planning, including the proposal and adjustment
of model structures, the identification of relevant timesteps, the generation of hypotheses, and the
execution of Bayesian inference. It is designed to operate in any context, infer any mental state,
reason about any number of agents, and support any order of recursive reasoning, which represents
our vision of an open-ended and robust machine Theory of Mind.

Figure|l|provides an overview of AutoToM, which consists of two main components: First, Auto-
mated Bayesian Inverse Planning conducts Bayesian inference based on any given agent model
(in the form of a Bayesian network) using an LLM as a computational backend. Unlike prior works
that leverages LLLMs for Bayesian inverse planning, it has no assumptions about model structure or
variable representations. Second, Automated Agent Model Discovery iteratively constructs and
adjusts an agent model most suitable a given ToM inference problem, eliminating the need for manual
model specifications typically required by prior works on model-based ToM inference.

Our main contributions include: (1) a unified formulation of model-based ToM inference; (2) the first
approach of automated agent model discovery, AutoToM, for scalable model-based ToM; and (3) a
systematic evaluation of AutoToM on multiple ToM benchmarks, cognitive studies, and embodied
assistance tasks. The results show that AutoToM outperforms state-of-the-art LLMs and large
reasoning models, establishing a scalable, robust, and interpretable framework for machine ToM.

2 Related Works

Enhancing LLMs’ Theory of Mind. While LLMs remain limited in achieving robust Theory of
Mind inference [42} 38, |10], recent studies have introduced various prompting techniques to enhance



this ability: SimToM [48]] encourages LLMs to adopt perspective-taking, PercepToM [22]] improves
perception-to-belief inference by extracting relevant contextual information, and Huang et al. [18]
employ an LLM as a world model to track environmental changes and refine prompts. Explicit
symbolic frameworks also contribute: TimeToM [17] constructs a temporal reasoning framework to
support inference, SymbolicToM [37] uses graphical representations to track characters’ beliefs, and
thought-tracing [24]] traces multiple hypotheses over time. However, these approaches still exhibit
systematic errors in handling long contexts, complex behaviors, and recursive reasoning scenarios.

Among these works, thought-tracing is closely related to ours, as it also maintains hypotheses of
mental variables. Compared to thought-tracing [24], AutoToM performs explicit agent modeling:
it constructs Bayesian networks over mental variables and their causal dependencies, rather than
tracking only the queried mental variables. This yields higher robustness to wording or superficial
story changes (e.g., no need for wording changes in AutoToM), and improves interpretability, as
errors can be analyzed through the model structure. Moreover, AutoToM adaptively minimizes
inference complexity by expanding models only when beneficial, preventing under-/over-modeling
and improving efficiency on tasks with longer contexts , more agents, and deeper recursion. By
contrast, thought-tracing reweights hypotheses without adjusting model structure or temporal depth.

Model-based Theory of Mind inference. Model-based Theory of Mind inference, particularly
Bayesian inverse planning (BIP) [4, 143} 13} 152], explicitly constructs representations of agents’ mental
states and models how these mental states guide behavior through probabilistic agent models. These
methods can reverse engineer human ToM inference in simple domains [e.g.,[3} 29} 40]]. Recent works
combine BIP with LLMs to improve ToM inference in more realistic settings [20,|39]]. However, they
require manual specification of the agent models as well as rigid, domain-specific implementations of
Bayesian inference, limiting their adaptability to open-ended scenarios. To overcome this, we propose
AutoToM, a method for automated agent modeling and mental inference across diverse domains.

Automated Modeling with LLMs. There has been an increasing interest in integrating LLMs with
inductive reasoning and probabilistic inference for automated modeling. Piriyakulkij et al. [32]]
combine LL.Ms with Sequential Monte Carlo to perform probabilistic inference about underlying
rules. Qiu et al. [34] further enhance LLM-based inductive reasoning by iteratively proposing,
selecting, and refining textual hypotheses of rules. Li et al. [27]] employ LLMs to construct, critique,
and refine statistical models represented as probabilistic programs for data modeling. Wang et al.
[46] prompt LLMs to generate natural language hypotheses that are then implemented as verifiable
programs for inductive reasoning. Hypothetical minds [6] leverage LLMs to propose and evaluate
agent strategies for multi-agent planning, but do not specifically infer individual mental variables.
Our method also aims to achieve automated modeling with LLMs. Unlike prior works, we propose a
novel automated model discovery approach for Bayesian inverse planning, where the objective is to
confidently infer any mental variable given any context by constructing a suitable agent model.

3 AutoToM

3.1 Preliminaries: A Unified Formulation of Model-based ToM

Bayesian Inverse Planning (BIP) is a computational framework for model-based ToM inference [4].
It assumes that the agent acts rationally according to a generative agent model [3], which specifies
how internal variables lead to observable actions in a Bayesian network (e.g., the example models on
the bottom panels in Figure 2. Using inverse inference, BIP inverts this generative process to assess
what latent mental variables can lead to observed agent behavior. This probabilistic inference reasons
about how agents make decisions, serving as a robust solution to ToM challenges.

There have been different instantiations of BIP in prior works [e.g., 4} 43 130,|19]. Here we formally
define BIP in a unified manner. We denote the observable variables at time t describing the envi-
ronment and an agent’s behaviors as Xt = fX}gieNX , where Nx is the set of observable variables
and X}‘ is a particular variable (state, action, or utterance) at t. We can extract the values of these
observable variables from the context provided in a ToM problem. We denote an agent’s latent mental
variables at time tas V't = fv;‘gieNV , where Ny is the set of mental variables and Vit is a particular
mental variable (e.g., goal, desire, belief) at t. BIP formulates an agent model as a Bayesian network
that defines P (V t; X1), which indicates how the mental variables drive an agent’s behavior. Given



Figure 2: Overview oAutoToM's capacities and applications evaluated in this work. (a) Example
guestions (top panels) and the necessary agent model for model-based inference (bottom panels) in
diverse Theory of Mind benchmarks. Questions in these benchmarks encompass different mental
variables, contexts, numbers of agents, the presence or absence of utterances, wording styles, and
modalities. (b)AutoToM can produce human-like con dence estimation in classic cognitive studies.

(c) AutoToM can also be used for online goal inference to enhance embodied assistance, where it
sequentially updates the inference of a main agent's goal to inform a helper agent's assistance.

this model, BIP infers the latent mental varialk:))Ies for the currenttstep
P(VIXY) = P(VLE XY= |, P(V; XY/ P(VEXY): )

In many real-world scenarios, past observations (such as actions taken at the previous steps) are often
valuable for inferring the mental variables at the current step. Suppose the context fragtstep
stept is relevant for the current mental variable inference, then the inference becomes:

P(Vts:tjxts:t)/ P(Vts:t;xts:t): (2)

In a ToM problem, there is a query concerning a speci c target varigltebe inferred. We can
answer the query viR (gjX 's**). Typically, the query asks about a latent mental varigtev! 2 V',
the posterior probability is obtained by marginalizing over other latent variévﬁlié%which is the
subset oV 'st excludingv!:

P .
PVIIX' 1) 1 i POV VX 3)
This can also be extended to predicting a future observable Vad&blkitﬂ :
P
P(Xit+1jxts:t)/ Visit p(vts:t;xit+l;xts;t): (4)

To conduct BIP in different scenarios, we must formulate the mental variables and their causal
relationships with agent behavior using suitable agent models. Each ioeliniquely de ned by



(a) Automated Bayesian inverse planning. (b) Model adjustments.

Figure 3: (a) Given an agent modélutoToM samples hypotheses for each latent variableqdlf

in this example), remove spurious hypotheses, and conduct Bayesian inference based on estimated
local conditionals. (b) Given any ToM inference problettoToM re nes the agent model by
alternating between variable adjustment (introducing belief in this example) and timestep adjustment.

the observable variables and the latent mental variablesyii.e-( Vis't; X tst), Lets! 2 S be the

state at time, anda! 2 A be the action taken by the agent at timdhe current state and action
determines the next stag! . When the agent has an explicit ggag2 G, this setup constitutes a
Markov Decision Process (MDP). If the agent only has a partial observation of the state, the model
becomes a Partially Observable Markov Decision Process (POMI3R)Ih POMDP, the agent
receives a partial observatioh of the true stata', maintains a belielf over the possible states,

and selects its actical based on this belief and goal. When there is high-order recursive reasoning
between two agents &ndj ), we can adopt an Interactive POMDP (I-POMDRZ];, where the belief

of state at level > 0 for agenti will become the belief of interactive stait®' = (s;bh; 1;¢),
whereb;; 1 is the belief of agent at the lower level 1 andg; is agenf 's goal.

3.2 Overview of AutoToM

As shown in Figure 1AutoToM aims to construct a suitable agent model for Bayesian inverse
planning to con dently infer any target variable. There are several key challenges in achieving this:
First, different ToM inference problems require different agent models (as illustrated in Figure 2a).
Second, our method must determine which timesteps in the context are relevant. Third, there is no
prede ned hypothesis space for each variable, and each space could be in nite. Last, to infer mental
variables in any context, we must exibly represent them without manual speci cations.

AutoToM addresses these challenges in the two key components: (1) automated Bayesian inverse
planning (Section 3.3), which conducts BIP given a speci ed agent model, and (2) automated agent
model discovery (Section 3.4), which proposes and adjusts the agent model based on the question
and the inference results. These two components form a self-improvement loop to iteratively update
the agent model and the corresponding inference result. More details are provided in Appendix A.

3.3 Automated Bayesian Inverse Planning

Given an agent model , including the necessary latent mental variablés! and the observable
variablesX 's't, we integrate LLMs as the computational backend to implement every aspect of the
Bayesian inverse planning. In particular, the hypothesis sampling module suggests a small set of
possible values of latent variables. The Bayesian inference module then computes the posterior
distribution of the target variable in the query based on Eqgn. (3) or Eqn.( 4).

Hypothesis Sampling.Conventional BIP assumes a manually de ned hypothesis space and rep-
resentation for each latent mental variable. Our hypothesis sampling module instead leverages an
LLM to propose only a small set of quality hypotheses for each latent varialésih This is

akin to amortized inferenc&5, 19]. To ensure that the sampled hypotheses are relevant to the ToM
inference, we guide the sampling process with both the question and the observable vArigbles

To remove spurious hypotheses generated by the LLM, we further agpbthesis reductioto
eliminate unlikely hypotheses and reduce the hypothesis space. Unlikely hypotheses are identi ed by
evaluating the local conditionals. For instance, we discard observation hypotheses with low likelihood
conditioned on the state as shown in Figure 3a.



Bayesian Inference As shown in Figure 3a, we estimate each local condition&I(tst; X tst)

using an LLM. After marginalizing the joint distribution over non-target latent variables via explicit
calculation, we then produce the posterior probabilities of the target variable, i.e., Eqn. (3). This also
applies to predicting a future observable variable, i.e., Eqn. (4).

Our automated BIP greatly generalizes prior methods that combine BIP and LLMs, such as BIP-ALM
[20] and LIMP [39]. Speci cally, prior methods assume a xed model structure de ned for a speci c

ToM problem and require handcrafted, domain-speci ¢ representations for physical and mental states.
They also cannot propose hypotheses for non-target latent variables. For instance, to infer an agent's
goal, BIP-ALM conducts a manual belief update while LIMP has no explicit belief update at all. In
contrastAutoToM can conduct any ToM inference based on any agent model structure and consider
multiple non-target latent variables simultaneously. Additionally, unlike prior methods, our Bayesian
inference can work with arbitrary levels of recursion for high-order ToM inference.

3.4 Automated Agent Model Discovery

Prior works on model-based ToM inference rely on manually designed agent models, limiting their
applicability to domain-speci c scenarios. In contrast, the Automated Model Discovery component
automatically proposes a model and dynamically adjusts it to ensure batffébtvenessf the
model—con dently inferring agents' mental states—andefieiency of the inference by minimizing
model complexity. To achieve this, we formulate the utility of a mddek (Vs't; X 's'!) used for
answering a given queryas

U(M;q) = R(M;q) C(M); ®)

whereR(M; q) assesses the model's con dence in answering the queryCékb) is its computa-

tional cost. In this work, the reward is de ned B§M; q) = H (P (gjiX =), whereP (gjX 's*!) is

the probability distribution of the target variable based on Eqgn. (3) or Egn. (4}14nds its entropy.

This is designed to decrease the uncertainty in the inference. To minimize the compute needed for
the inference, we de ne the cost of the model&d ) = jMj, wherejM j denotes the model's
complexity, measured by the number of latent mental variables, and is a weighting factor. The

cost increases with complexity, encouraging parsimonious models with lower compute.

There are three modules for Automated Model Discovery:

Information Extraction. This module extracts the values of observable variakl&s from the

context, including statesY), actions &'), and utterancesuf), organized along a timeline (the number

of timesteps is determined by the number of actions and utterances). When there are multiple agents,

we identify whose mental state the question is asking about (i.e., the target agent), and then construct

the timesteps based on the target agent's actions and/or utterances. The extraction is performed once
using an LLM and used for model proposal and Bayesian inverse planning.

Initial Model Proposal. We employ an LLM to propose an initial agent model base&dih and

the query. This initial model has minimal complexity, containing only the essential mental variables
needed to answer the question. This initial proposal also assesses the level of recursive reasoning
necessary for higher-order ToM inference. Note that we always begin with only considering the
last timestep in context, i.ets = t. Following this model, we conduct automated Bayesian inverse
planning, as described in Section 3.3. If the model utility exceeds a threlShgldve accept the
inference result as the nal answer. Otherwise, we use the model utility to guide model adjustments.

Model Adjustment. We iteratively adjust the proposed model to maximize the utility by considering
two types of model adjustments: variable adjustment (Figure 3b) and timestep adjustment (Figure 3b):

Variable AdjustmentWe re ne the model structure at a speci ¢ timestep by iteratively introducing

new, relevant latent variables into the model to address uncertainty in the inference. These variables
include goal, belief, observation, and interactive state as summarized in Table 4 in Appendix A. This
follows the typical causal structures introduced in prior decision-making models8,8,,43, 12].

Such restricted variable adjustment helps reduce the model space and ensures the proposed models
can explain human behavior. For each adjustment, we compute the updated model utility and accept
the modi cation that offers the biggest increase in utility. This iterative process continues until

no further signi cant improvements are possible. Note that our method can still propose diverse
models beyond standard MDP, POMDP, and I-POMDP, even with this restricted model adjustment.
Appendix A.5 provides more details on the model space.



Table 1: Results of all methods on ToM benchmarks, grouped by model types: LLMs, ToM prompting,
large reasoning models, and model-based inference. “—” indicates that the domain-speci ¢ method
is not applicable to the benchmark. The best results are sholwidn

Method | ToMi | BigToM | MMToM-QA | MuMA-ToM | Hi-ToM | All

Llama 3.1 70B 72.00| 77.83 43.83 55.78 35.00 | 56.89
GPT-40 77.00 82.42 44.00 63.55 50.00 | 63.39
Gemini 2.0 Flash 66.70 | 82.00 48.00 55.33 52.50 | 60.91
Gemini 2.0 Pro 71.90 86.33 50.84 62.22 57.50 | 65.76
SymbolicToM 98.60 — — — 44.50 —

SimToM 79.90 77.50 51.00 47.63 71.00 65.41
DeepSeek-R1 89.40| 86.25 49.67 63.44 56.50 | 69.05
Gemini 2.0 Flash Thinking 78.00 82.83 54.00 82.56 73.50 | 74.18
03-mini-high 73.10 | 86.92 64.67 70.00 75.00 | 73.94
BIP-ALM 55.60 50.33 56.17 33.90 1450 | 42.10
LIMP 44.60 61.67 55.33 76.60 6.50 48.94
AutoToM (w/ GPT-40) 88.30 86.92 83.00 81.44 72.50 | 82.43

Timestep Adjustmenif. model utility remains low and no signi cant improvement can be achieved
via variable adjustment within the current timestépst, we incorporate an additional step, 1,

to enhance context for inference. Upon adding a timestep, we rst apply the initial model structure
and then adjust variables accordingly.

We iterate the variable and timestep adjustments until either the model utility exceeds the desired
threshold or no further meaningful improvement is possible.

4 Experiments

4.1 Experiment 1: Evaluation on ToM Benchmarks

Setting. We evaluated our method on multiple Theory of Mind benchmarks, including ToMi
[2€], BigToM [11], MMToM-QA [ 20], MuMA-ToM [ 39], and Hi-ToM [15]. The diversity and
complexity of these benchmarks pose signi cant reasoning challenges. For instance, MMToM-QA
and MuMA-ToM incorporate both vision and language inputs, while MuMA-ToM and Hi-ToM
require higher-order inference. Additionally, MMToM-QA features exceptionally long contexts, and
BigToM presents open-ended scenarios.

We comparedutoToM against state-of-the-art baselines:

e LLMs: Llama 3.1 70B [9], GPT-40 [1], Gemini 2.0 Flash and Gemini 2.0 Pro [41];

e ToM Prompting for LLMs: SymbolicToM [37] and SimToM [48];

 Large Reasoning Models:DeepSeek-R1 [13], Gemini 2.0 Flash Thinking, and 03-mini-high;
* Model-based Inference:BIP-ALM [20] and LIMP [39].

We use GPT-40 as the LLM backend fantoToM and all ToM prompting and model-based inference
baselines to ensure a fair comparison. For multimodal benchmarks, MMToM-QA and MuMA-ToM,
we adopt the information fusion methods proposed by Jin g2@].and Shi et al[39] to fuse
information from visual and text inputs, respectively. The fused information is in text form. We
ensure that all methods use the same fused information as their input.

Results. The main results are summarized in TablélitoToM demonstrates the strongest overall
performance among all methods, including large reasoning models. Speci cally, it outperforms its
LLM backend, GPT-40, by a large margin. This is becatig®ToM is more robust for inferring
mental states given long contexts with complex environments and agent behavior. It is also more
adept at recursive reasoning, which is key to higher-order inference. Compared to prior model-based
methods, it exhibits superior generalization across different domains. This is enabled by our agent
model discovery and the automated BIP.



Figure 4. Comparison dhutoToM and large reasoning models across various conditions (summa-
rized among all benchmarks): (a) question types, (b) context length, (c) the number of agents, and (d)
the level of recursion. Note that “Level 1 Action” refers to Forward Action inference in BigToM, and
“Level 2 Goal” refers to the Belief of Goal inference in MUMA-ToM.

Figure 5: A gqualitative example &utoToM's model adjustment and inference process in a false-
belief scenario from BigToM11]. We show the results from each key model step. It demonstrates
how AutoToM adjusts the agent model to increase inference con dence. Detailed procedures of
Bayesian inference for both the proposed and adjusted models are provided in Appendix C.5.

We also compared the performanceAaitoToM with large reasoning models across different
conditions, summarized over all benchmarks. These include question types, the context length,
the number of agents, and the level of recursion. As shown in FiguheitdToM demonstrates
robust scalability and exhibits a much lower degree of volatility under different conditions than large
reasoning models. We provide additional results and evaluations in Appendix C.2 and C.3.

We further report the token cost and inference time comparison on MMToM-QA in Appendix C.1.
AutoToM achieves higher reasoning performance with comparable or lower computational cost,
highlighting its ef ciency and scalability.

Figure 5 depicts a qualitative example of how model discovery and adjustment can improve inference
for a false-belief question in BigToM. Users can use such interpretable explanations to diagnose and
identify sources of model errors, and consequently correct model mistakes. Appendix B shows an
example of human feedback improving the model using a user interface developekiiaiioM.

Ablation Study. We evaluated the following variants AfitoToM for an ablation study: no hypothesis
reduction (/o hypo. reduction); always using POMDPW/ POMDP); always using the initial model
proposal without variable adjustmemt/f variable adj.); only considering the last timestepw/(last



Table 2: Performance comparison on MMToM-QA. LLM indicates the model it¢elfpToM
represents our method with the corresponding model as the backend.

LLM  AutoToM

GPT-40 44.0 83.0
Qwen3-235b-a22b-2507 450 675
DeepSeek-chat-v3-0324 348 711

Gemini-2.5-Flash (thinking disabled) 4.7 717

timestep); and considering all timesteps without timestep adjustm&hal| timestepg. The results

in Figure 6 show that the fulhutoToM method constructs a suitable agent model, enabling rich
ToM inferences while reducing compute. In particular, key model components, including hypothesis
reduction, variable adjustment, and timestep adjustment, optimize ef ciency without sacri cing
performance. Full ablation results are provided in Appendix C.4.

Sensitivity to LLM Backends. To testAutoToM's per-
formance sensitivity to LLM backends, we conducted
additional experiments using alternative models. Note
that we used the same prompt for each backend LLM.
Speci cally, we replace the GPT-40 backend with Qwen3-
235B (open-sourced), DeepSeek-V3 (open-sourced), and
Gemini-2.5- ash (thinking disabled) on the most challeng-
ing MMToM-QA benchmark. NotablyAutoToM with

any LLM as the backend outperforms the corresponding
LLM performance by a large margin (Table 2). Crucially,
we achieve this without extra prompt engineering.

Statistical Reliability. To assess result stability, we addE_igure 6. Averaged performance and

ompute ofAutoToM (star) and its vari-
%nts (circles) on all benchmarks.

tionally ran multiple trials on the most challenging benc
mark, MMToM-QA. Across three different random seed
AutoToM achieved a mean accuracy of 82.56% with
standard error of 0.45%, which is consistent with the 83.00% reported in Table 1. Similarly, 03-mini-
high achieved a mean accuracy of 65.94% with a standard error of 0.59%. These results indicate that
the evaluation is stable across runs, and our conclusions remain robust.

4.2 Experiment 2: Evaluation on Classic Cognitive Studies

Setting. AutoToM produces posterior distributions over the hypothesis space, offering uncertainty
estimates. This allows us to compare the model uncertainties with human judgments. We adapted
two well-known cognitive studies on human ToM: online goal inferencd]imfd desire and belief
inferences in the food truck scenari@.[As shown in Figure 2b, in each study, participants were
shown agent behavior in a 2D gridworld and asked to judge the agent's gdhkind desires and

beliefs in B]. A capable model needs to sequentially update multiple hypotheses with varying degrees
of con dence that closely resemble human judgment.

In this experiment, we generated captions for the frames in both tasks and evaluadi&dM on all
available types of scenarios, using the posterior probabilities AataToM as its con dence. For
baseline, we asked GPT-40 and 03-mini-high to produce con dence scores for each hypothesis in all
trials, given the same captions. Implementation details are provided in Appendix D.2.

Results.We computed the correlation between model responses and human judgments reported in
the original studies. As shown in TableAytoToM aligns well with human con dence judgments on

all three tasks. In particulahutoToM demonstrates a substantially higher correlation with humans
than GPT-40 and 03-mini-high in more complex tasks with a partially observable environment. The
results indicate thadutoToM is able to produce nuanced con dence estimates that closely mirror
human inference patterns in different environments. We provide additional results in Appendix D.1.

4.3 Experiment 3: Embodied Assistance



Table 3: Pearson correlation coef cients gnetalues between model and human judgments. Strong
and signi cant correlations are bolded.p :05, :p :001 “obs.” indicates observability.

Task AutoToM GPT-40 03-mini-high
Online goal inference (full obs.) in[4]  0.93 0.81 0.97
Desire inference (partial obs.) in [3] 0.88 0:30 052
Belief inference (partial obs.) in [3] 0.73 0:04 003

Setting. As recent cognitive studies have suggested, hu-

mans routinely utilize ToM to improve our decision mak-

ing in multi-agent settingsd[7, 16]. To evaluate whether

AutoToM can help improve multi-agent decision making,

we further evaluated it in an embodied assistance bench-

mark, Online Watch-And-Help (O-WAH)33], where a

helper agent must simultaneously observe a main agent's

actions, infer its goal, and assist it to reach the inferred

goal faster in realistic household environments. In these

tasks, a ToM model must update its inference of the main

agent's goal based on the latest observations in an online

manner. Given the goal inference at each step, we adogté@re 7: Averaged speedup &u-

the uncertainty-aware helping planner proposedBj [ t0ToM and baselines on the O-WAH

to generate helping actions accordingly. There are 4 t®§achmark. Error bars indicate standard
categories (setting the table, putting groceries in the frid§&/0rs.

preparing a simple meal, washing dishes). We evaluated each method across 20 episodes, with 5
episodes in each task category. To reduce variance, the results are reported as the average over 3 runs
per episode.

As shown in Figure 2c, we appliesutoToM to online goal inference. Speci calljutoToM con-

structs an agent model at each step and maintains the goal hypotheses and corresponding probabilities
using Sequential Monte Carlo (SMQ3][ We also paired the same planner with two baseline goal
inference methods: Random Goal (i.e., randomly sampling a goal) and GPT-40 for online goal
inference. We did not evaluate any large reasoning models due to their slow inference speed (more
than 1 minute per timestep), which makes it impractical for online embodied assistance tasks.

Results. As shown in Figure 7, the Random Goal baseline achieves a 6.3% speedup, but with
high variance and negative speedup in 50% of the episodes. GPT-40 achieves a similar but more
stable speedup of 6.8%. In contra&titoToM achieves the highest speedup of 27.7%, signi cantly
outperforming all baselines. This is becausg#oToM can produce more accurate uncertainty
estimation of goal hypotheses based on observed actions, which is key to generating robust and useful
helping plans. Additional details are provided in Appendix E.

5 Conclusion

We have proposedutoToM, a novel framework for scalable model-based Theory of Mind. Given
any ToM inference problemiutoToM can automatically construct a suitable agent model and
conduct automated Bayesian inverse planning with an LLM backend. Our experimental results have
demonstrated thatutoToM can answer different Theory of Mind questions in diverse scenarios,
signi cantly outperforming baselines. We have also shown ghabToM can produce human-like

con dence estimation about mental inferences in classic cognitive studies, and conduct online goal
inference for enhancing embodied assistance in complex household scefat@®M suggests a
promising direction toward cognitively grounded ToM modeling that is scalable and robust.

Limitations and Future Work. AutoToM currently requires a separate process to rst fuse infor-
mation from different modalities into text before inference. In the future, we intend to investigate
a natively supported multimodal capacity. Additionally, model adjustments may sometimes fail
to recognize the relevance of certain mental variables, resulting in an insuf cient model. In the
future, we intend to further improve the robustnes&ofoToM while reducing its inference cost by
exploring the possibility of implicit model proposal and Bayesian inference.

10



Acknowledgments and Disclosure of Funding

This work was supported by a grant from Amazon. The authors would like to thank Hyokun Yun and
Tanya Roosta for their helpful comments.

References

[1] Josh Achiam, Steven Adler, Sandhini Agarwal, Lama Ahmad, lige Akkaya, Florencia Leoni
Aleman, Diogo Almeida, Janko Altenschmidt, Sam Altman, Shyamal Anadkat, and 1 others.
2023. Gpt-4 technical reporarXiv preprint arXiv:2303.08774

[2] Akshatha Arodi and Jackie Chi Kit Cheung. 2021. Textual time travel: A temporally informed
approach to theory of mind. IRindings of the Association for Computational Linguistics:
EMNLP 2021 pages 4162-4172.

[3] Chris L Baker, Julian Jara-Ettinger, Rebecca Saxe, and Joshua B Tenenbaum. 2017. Rational
guantitative attribution of beliefs, desires and percepts in human mentalidatgre Human
Behaviour 1(4):0064.

[4] Chris L Baker, Rebecca Saxe, and Joshua B Tenenbaum. 2009. Action understanding as inverse
planning.Cognition 113(3):329-349.

[5] Rohan Chandra, Aniket Bera, and Dinesh Manocha. 2020. Stylepredict: Machine theory of
mind for human driver behavior from trajectoriesXiv preprint arXiv:2011.04816

[6] Logan Cross, Violet Xiang, Agam Bhatia, Daniel LK Yamins, and Nick Haber. 2024. Hypothet-
ical minds: Scaffolding theory of mind for multi-agent tasks with large language maaie{s:
preprint arXiv:2407.07086

[7] Kerstin Dautenhahn. 2007. Socially intelligent robots: dimensions of human-robot interaction.
Philosophical transactions of the royal society B: Biological scien862(1480):679—704.

[8] Pierre Del Moral, Arnaud Doucet, and Ajay Jasra. 2006. Sequential monte carlo samplers.
Journal of the Royal Statistical Society Series B: Statistical Methodp&&($):411-436.

[9] Abhimanyu Dubey, Abhinav Jauhri, Abhinav Pandey, Abhishek Kadian, Ahmad Al-Dahle,
Aiesha Letman, Akhil Mathur, Alan Schelten, Amy Yang, Angela Fan, and 1 others. 2024. The
llama 3 herd of modelsarXiv preprint arXiv:2407.21783

[10] Xianzhe Fan, Xuhui Zhou, Chuanyang Jin, Kolby Nottingham, Hao Zhu, and Maarten Sap.
2025. Somi-tom: Evaluating multi-perspective theory of mind in embodied social interactions.
arXiv preprint arXiv:2506.23046

[11] Kanishk Gandhi, Jan-Philipp Franken, Tobias Gerstenberg, and Noah Goodman. 2024. Un-
derstanding social reasoning in language models with language médieiances in Neural
Information Processing Systenss.

[12] Piotr J Gmytrasiewicz and Prashant Doshi. 2005. A framework for sequential planning in
multi-agent settingsJournal of Arti cial Intelligence Researgi24:49-79.

[13] Daya Guo, Dejian Yang, Haowei Zhang, Junxiao Song, Ruoyu Zhang, Runxin Xu, Qihao Zhu,
Shirong Ma, Peiyi Wang, Xiao Bi, and 1 others. 2025. Deepseek-rl: Incentivizing reasoning
capability in lIms via reinforcement learningrXiv preprint arXiv:2501.12948

[14] Dylan Had eld-Menell, Stuart J Russell, Pieter Abbeel, and Anca Dragan. 2016. Cooperative
inverse reinforcement learning. Advances in neural information processing systems

[15] Yinghui He, Yufan Wu, Yilin Jia, Rada Mihalcea, Yulong Chen, and Naihao Deng. 2023.
Hi-tom: A benchmark for evaluating higher-order theory of mind reasoning in large language
models.arXiv preprint arXiv:2310.16755

[16] Mark K Ho, Rebecca Saxe, and Fiery Cushman. 2022. Planning with theory of iirgrtds in
Cognitive Science26(11):959-971.

11



[17] Guiyang Hou, Wengi Zhang, Yongliang Shen, Linjuan Wu, and Weiming Lu. 2024. Timetom:
Temporal space is the key to unlocking the door of large language models' theory-of-mind.
arXiv preprint arXiv:2407.01455

[18] X Angelo Huang, Emanuele La Malfa, Samuele Marro, Andrea Asperti, Anthony Cohn, and
Michael Wooldridge. 2024. A notion of complexity for theory of mind via discrete world
models.arXiv preprint arXiv:2406.11911

[19] Kunal Jha, Tuan Anh Le, Chuanyang Jin, Yen-Ling Kuo, Joshua B Tenenbaum, and Tianmin
Shu. 2024. Neural amortized inference for nested multi-agent reasoniRgodaedings of the
AAAI Conference on Arti cial Intelligence

[20] Chuanyang Jin, Yutong Wu, Jing Cao, Jiannan Xiang, Yen-Ling Kuo, Zhiting Hu, Tomer
Ullman, Antonio Torralba, Joshua B. Tenenbaum, and Tianmin Shu. 2024. Mmtom-ga: Mul-
timodal theory of mind question answering. 88And Annual Meeting of the Association for
Computational Linguistics (ACL)

[21] Chuanyang Jin, Jing Xu, Bo Liu, Leitian Tao, Olga Golovneva, Tianmin Shu, Wenting Zhao,
Xian Li, and Jason Weston. 2025. The era of real-world human interaction: Rl from user
conversationsarXiv preprint arXiv:2509.25137

[22] Chani Jung, Dongkwan Kim, Jiho Jin, Jiseon Kim, Yeon Seonwoo, Yejin Choi, Alice Oh, and
Hyunwoo Kim. 2024. Perceptions to beliefs: Exploring precursory inferences for theory of
mind in large language modelarXiv preprint arXiv:2407.06004

[23] Leslie Pack Kaelbling, Michael L Littman, and Anthony R Cassandra. 1998. Planning and
acting in partially observable stochastic domaisi cial intelligence, 101(1-2):99-134.

[24] Hyunwoo Kim, Melanie Sclar, Tan Zhi-Xuan, Lance Ying, Sydney Levine, Yang Liu, Joshua B
Tenenbaum, and Yejin Choi. 2025. Hypothesis-driven theory-of-mind reasoning for large
language modelsarXiv preprint arXiv:2502.11881

[25] Hyunwoo Kim, Melanie Sclar, Xuhui Zhou, Ronan Le Bras, Gunhee Kim, Yejin Choi, and
Maarten Sap. 2023. Fantom: A benchmark for stress-testing machine theory of mind in
interactions.arXiv preprint arXiv:2310.15421

[26] Matthew Le, Y-Lan Boureau, and Maximilian Nickel. 2019. Revisiting the evaluation of theory
of mind through question answering. Rroceedings of the 2019 Conference on Empirical
Methods in Natural Language Processing and the 9th International Joint Conference on Natural
Language Processing (EMNLP-IJCNLPgges 5872-5877.

[27] Michael Y Li, Emily B Fox, and Noah D Goodman. 2024. Automated statistical model discovery
with language modelsarXiv preprint arXiv:2402.17879

[28] Chang Liu, Jessica B Hamrick, Jaime F Fisac, Anca D Dragan, J Karl Hedrick, S Shankar Sastry,
and Thomas L Grif ths. 2018. Goal inference improves objective and perceived performance in
human-robot collaboratiorarXiv preprint arXiv:1802.01780

[29] Aviv Netanyahu, Tianmin Shu, Boris Katz, Andrei Barbu, and Joshua B Tenenbaum. 2021.
Phase: Physically-grounded abstract social events for machine social percepfmtdadings
of the aaai conference on arti cial intelligencgolume 35, pages 845-853.

[30] Desmond C Ong, Jamil Zaki, and Noah D Goodman. 2019. Computational models of emotion
inference in theory of mind: A review and roadmdjpics in cognitive sciencé1(2):338-357.

[31] Maithili Patel and Sonia Chernova. 2022. Proactive robot assistance via spatio-temporal object
modeling.arXiv preprint arXiv:2211.15501

[32] Wasu Top Piriyakulkij, Cassidy Langenfeld, Tuan Anh Le, and Kevin Ellis. 2024. Doing
experiments and revising rules with natural language and probabilistic reasaniigpreprint
arXiv:2402.06025

[33] Xavier Puig, Tianmin Shu, Joshua B Tenenbaum, and Antonio Torralba. 2023. Nopa: Neurally-
guided online probabilistic assistance for building socially intelligent home assistar2828n
IEEE International Conference on Robotics and Automation (ICR&Jes 7628-7634. IEEE.

12



[34] Linlu Qiu, Liwei Jiang, Ximing Lu, Melanie Sclar, Valentina Pyatkin, Chandra Bhagavatula,
Bailin Wang, Yoon Kim, Yejin Choi, Nouha Dziri, and 1 others. 2023. Phenomenal yet puzzling:
Testing inductive reasoning capabilities of language models with hypothesis re neanint.
preprint arXiv:2310.08559

[35] Daniel Ritchie, Paul Horsfall, and Noah D Goodman. 2016. Deep amortized inference for
probabilistic programsarXiv preprint arXiv:1610.05735

[36] Maarten Sap, Ronan LeBras, Daniel Fried, and Yejin Choi. 2022. Neural theory-of-mind? on
the limits of social intelligence in large ImarXiv preprint arXiv:2210.13312

[37] Melanie Sclar, Sachin Kumar, Peter West, Alane Suhr, Yejin Choi, and Yulia Tsvetkov. 2023.
Minding language models'(lack of) theory of mind: A plug-and-play multi-character belief
tracker.arXiv preprint arXiv:2306.00924

[38] Natalie Shapira, Mosh Levy, Seyed Hossein Alavi, Xuhui Zhou, Yejin Choi, Yoav Goldberg,
Maarten Sap, and Vered Shwartz. 2023. Clever hans or neural theory of mind? stress testing
social reasoning in large language modelsXiv preprint arXiv:2305.14763

[39] Haojun Shi, Suyu Ye, Xinyu Fang, Chuanyang Jin, Leyla Isik, Yen-Ling Kuo, and Tianmin Shu.
2024. Muma-tom: Multi-modal multi-agent theory of minakXiv preprint arXiv:2408.12574

[40] Tianmin Shu, Abhishek Bhandwaldar, Chuang Gan, Kevin Smith, Shari Liu, Dan Gutfreund,
Elizabeth Spelke, Joshua Tenenbaum, and Tomer Ullman. 2021. Agent: A benchmark for core
psychological reasoning. Imternational conference on machine learnjpgges 9614—-9625.
PMLR.

[41] Gemini Team, Rohan Anil, Sebastian Borgeaud, Jean-Baptiste Alayrac, Jiahui Yu, Radu Soricut,
Johan Schalkwyk, Andrew M Dai, Anja Hauth, Katie Millican, and 1 others. 2023. Gemini: a
family of highly capable multimodal modelsrXiv preprint arXiv:2312.11805

[42] Tomer Ullman. 2023. Large language models fail on trivial alterations to theory-of-mind tasks.
arXiv preprint arXiv:2302.08399

[43] Tomer Ullman, Chris Baker, Owen Macindoe, Owain Evans, Noah Goodman, and Joshua
Tenenbaum. 2009. Help or hinder: Bayesian models of social goal inferédas@nces in
neural information processing syster2g.

[44] Yanming Wan, Jiayuan Mao, and Josh Tenenbaum. 2022. Handmethat: Human-robot com-
munication in physical and social environmendslvances in Neural Information Processing
Systems35:12014-12026.

[45] Qiaosi Wang, Koustuv Saha, Eric Gregori, David Joyner, and Ashok Goel. 2021. Towards
mutual theory of mind in human-ai interaction: How language re ects what students perceive
about a virtual teaching assistant.Rroceedings of the 2021 CHI conference on human factors
in computing systempages 1-14.

[46] Ruocheng Wang, Eric Zelikman, Gabriel Poesia, Yewen Pu, Nick Haber, and Noah D Good-
man. 2023. Hypothesis search: Inductive reasoning with language meadls. preprint
arXiv:2309.05660

[47] Felix Warneken and Michael Tomasello. 2006. Altruistic helping in human infants and young
chimpanzeesscience311(5765):1301-1303.

[48] Alex Wilf, Sihyun Shawn Lee, Paul Pu Liang, and Louis-Philippe Morency. 2023. Think twice:
Perspective-taking improves large language models' theory-of-mind capab#itiéis. preprint
arXiv:2311.10227

[49] Heinz Wimmer and Josef Perner. 1983. Beliefs about beliefs: Representation and constraining
function of wrong beliefs in young children's understanding of decept@ognition 13(1):103—
128.

[50] Hainiu Xu, Runcong Zhao, Lixing Zhu, Jinhua Du, and Yulan He. 2024. Opentom: A com-
prehensive benchmark for evaluating theory-of-mind reasoning capabilities of large language
models.arXiv preprint arXiv:2402.06044

13



[51] Lance Ying, Kunal Jha, Shivam Aarya, Joshua B Tenenbaum, Antonio Torralba, and Tianmin
Shu. 2024. GOMA: Proactive embodied cooperative communication via goal-oriented mental
alignment. INEEE/RSJ International Conference on Intelligent Robots and Systems (IROS)

[52] Tan Zhi-Xuan, Jordyn Mann, Tom Silver, Josh Tenenbaum, and Vikash Mansinghka. 2020.
Online bayesian goal inference for boundedly rational planning agé&atgances in neural
information processing systen®3:19238-19250.

[53] Tan Zhi-Xuan, Lance Ying, Vikash Mansinghka, and Joshua B Tenenbaum. 2024. Pragmatic
instruction following and goal assistance via cooperative language-guided inverse planning.
arXiv preprint arXiv:2402.17930

14



Algorithm 1 AutoToM

Require: QuestionQ, terminate thresholdmin

1: . Automated Bayesian inverse planning
2: function BIP(M = (V's; X 's):q)
3 Samplehypotheses for latent variablgss
4: Conduct Bayesian inference via LLMs to compu®gq j's*) . Based on Eqgn. (3) or Eqgn. (4)
5.  return P(qj X's)
6
7
8

: end function
: . Automated Model Discovery
. Extract queryqfrom Q
9: Extract observable variable$ ! from Q
10: tg t
11: whilets 1do
12:  Proposeinitial V's
13 M (Vlsit;xlsil)
14:  P(qj X'y  BIP(M;q)
15: Compute the model utilityU (M; q)
16: while V's does not contain all mental variablds

17: Vigw = argmax oyt UM + v; Q) . Based on results from B(® + v; Q)
18: if UM + vl q) > U (M;q) then

19: M M+ v,

20: P(qj X't BIP(M;q)

21: else

22: Exit loop

23: end if

24: end while
25: if UMM;q)  Umin then

26: Exit loop
27: else

28: ts  ts 1
29: end if

30: end while

31: Return the answeA  argmax, P(qj X 's")

A AutoToM Implementation Details

A.1 Algorithm

We summarize the overalutoToM algorithm in Algorithm 1. Automated Bayesian Inverse Planning
(Section 3.3) corresponds to Lines 2—6. Automated Agent Model Discovery (Section 3.4) corresponds
to Lines 8-30: Information Extraction in Lines 8-9, Initial Model Proposal in Lines 12-13, and
Model Adjustment in Lines 11-30.

A.2 Automated Bayesian Inverse Planning

Hypothesis Sampling.At each timestep, hypotheses for the latent variables are generated using
a Large Language Model (LLM) as the backend, guided by the observed variables. Speci cally,
when the state is not explicitly provided, the LLM acts as a world model, tracking state changes in
the story based on the previous state and current actions. For an agent's observation, the LLM is
prompted to adopt the perspective of a character, simulating what that character might see, know, or
hear in the given environment (e.g., inside a closed room). If no new observation is available at a
speci ¢ timestep, we neither generate new observations nor update the belief. Additionally, the LLM
proposes plausible hypotheses for the agent's belief and goal based on the available information.

Hypothesis reduction.We examine all local conditional probabilities involving a single uncertain
variable with multiple hypotheses and eliminate those hypotheses that result in signi cantly low
likelihood values. For example, B (o' j s'), wheres! represents a determined state, any observation
hypothesis that yields a low likelihood for this term is discarded. This approach reduces the computa-
tional cost of estimating (b j o'; 1 1). Similarly, the same principle is applied R{a' j b'; g')
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Table 4: Potential variable adjustments, including introducing goal, belief, observation, and interactive
state (for high-order ToM). We show the corresponding local conditionals before and after introducing
the new variables.

New Var. | Before \ After
P(a'js') P(a' js'ig)P(g)
Goal P@ jb) P(a' j B;9)P(9)
P(a) P(a'js';g)P(9)
P(a') P(a'jb;0)P(g)
Belief P(a'js") P(ajb)P(H js;b Y

P(@js';g) | P@ jb;gPjsib %)
Observation | P(b js';bt ) | P(bjo;b NP0 js")
Interactive Statef b(s") \ b(is")

andP (u! j b; ¢'), where unlikely belief hypotheses are removed to further reduce computational
complexity.

A.3 Automated Agent Model Discovery

During model adjustmenfutoToM iteratively adjust the proposed model by considering two types
of model adjustments: variable adjustment and timestep adjustment. Table 4 summarizes possible
variable adjustments at each timestep.

Given a ToM problem and context, when exploring different models during agent model discovery,
AutoToM can reuse extracted information, proposed hypotheses about certain mental variables, and
local conditionals from previously computed models to avoid redundant computation.

In Algorithm 1, we con gure the hyperparameters as followss 0:02, Upin =  0:693

A.4 Recursive Reasoning

Interactive Partially Observable Markov Decision Process (I-POMDP) extends POMDP to multi-
agent settings by introducing the concept of interactive states, which include agent models into the
state space to capture the recursive reasoning prot@saVe denotds;, as the interactive state of
agent at levell. For two agent$ andj, where agent is interacting with agerit, the interactive

states at each level are de ned as:

* LevelO:isi1 = s
» Level 1:is;.1 = (S;9;0; Gj) whereb; ¢ is a distribution ovej's interactive state at level 0O,
iSj; o

The framework provides a generative model for agents: given agdnelief of interactive state
b(isi, ), its action policy will be (&jisi; ; @), and its utterance policy will be(u;jisi; ; g).

In our implementation, we sample one possible state basetspat levell to approximate the state
atlevell 1asimagined by the agent at le¥eM/e can recursively apply this process until reaching
level 0. Based on the state sampled for le@glve can then conduct the typical automated BIP based

on the model structure at that level. This approach can be conveniently applied to arbitrary levels of
recursive reasoning, allowing us to answer higher-order Theory of Mind questions using the same
method.

A.5 Agent Model Space

To apply Bayesian Inverse Planning (BIP) across various scenarios, we de ne the mental variables
and their causal relationships with agent behavior using a family of probablistic agent models. These
models accommodate different levels of complexity in how agents behave and reason about their
environment.
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At each timestep, the observable variables are represented by:
X' = fxlgion, , WwhereNy = fs';a';u'g

Here, the state' always appear iX !, while eithera® (action) oru® (utterance) is included at timestep

t, depending on whether physical motion or verbal communication is presented. In somacases,

is only used to update the state and does not affect the inference of beliefs or goals, while in other
scenarios it can be crucial for inferring hidden mental states (e.g., an agent's belief or goal).

The latent variables are denoted by

V' = fvigian, , WhereNy = fo'; b ;g'g

Here, the observatiodt is only included when the agent's belidfis part of the model, as it updates
F. The goalg' is included only if it in uences action and is relevant to inference. In cases of
higher-order recursive reasoning among multiple agents, the belief over the g&8textends to
belief over an interactive statg(is').

Combining these choices at each timestep yields a model space with 30 possible con gurations:

* Action/Utterance: which one is included (2 options).

» Belief/Observation: no belief, belief of state, belief of interactive state, belief of state, or
belief of interactive state + observation (5 options).

« Action(Utterance)/Goal: no goal (action(utterance) irrelevant), action(utterance) only, or
action(utterance) + goal (3 options).

Over a time interval fronts to t, this scales t@0' 's*' possible models.

Examples.In addition to the Markov Decision Process (MDP), Partially Observable Markov Decision
Process (POMDP), and Interactive POMDP (I-POMDP) models introduced in Section 3.1, we present
additional examples of models from the BToM model space:

» Observation Update Model: Used in the ToMi benchmark (see Figure 2a), this model focuses
on how observations update beliefs. Actions are present but only serve to update states and
are irrelevant to the inference questions. This model is well-suited for passive scenarios
where the focus is on understanding how hidden states produce observable evidence and
how the agent updates its beliefs about the world.

» POMDP Variant without Goal: A partially observable scenario in which goals are trivial or
irrelevant. This variant emphasizes how partial observability affects belief formation and
action selection, without explicit goal-driven behavior.

B AutoToM : Model Improvement from Human Feedback

AutoToM provides strong interpretability and can improve with human feedback. We built a de-
bugging tool, a simpli ed version displayed in Figure 8, that shows an example of incorporating
human-in-the-loop feedback withutoToM. For a given question, the interactive interface provides
clear reasoning justifying its choice. The model lists the mental state variables and actions of agents,
which were extracted or sampled with the highest probability. Using this information and the highest
calculated probabilities, the model explains its reasoning. After the user undersiaodsM's
reasoning, they can identify potential faulty reasoning and provide feedback. Providing human
feedback can help improve model reasoning.

In the example BigToM problem in Figure 8, the model initially extracts the wrong mental state
variables for Ko . The user can easily identify this error from the model explanation and give
feedback. The user re ects on the model about the lack of details needed for Ko 's goal and Ko 's
incorrect observationAutoToM can use this updated feedback to clarify essential information,
update its reasoning, and improve its accuracy.
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Figure 8: A debugging platform showcasing AutoToM's interpretable explanations for its model
choice and learning from human feedback to correct its decision for a sample BigToM backward
belief problem.

Table 5: Token cost and inference time comparison on MMToM-QA (lower is better). “K” denotes
thousands of tokens, and “s” denotes seconds.

Model Avg. #Tokens per Question (K) Avg. Inference Time (s)
AutoToM 8.0 8.5
03-mini-high 10.9 21.6

Gemini 2.0 Flash Thinking 8.8 6.1

C More Results and Implementation Details for Experiment 1

C.1 Token Cost and Inference Time Comparison

We evaluate the computational ef ciency AtitoToM compared to large reasoning models in terms

of token cost and inference time. Table 5 reports the average number of consumed tokens per
guestion and the average inference time on the MMToM-QA benchmark, which is computationally
demanding due to its long contexts. Results show thabToM achieves substantially higher
reasoning performance with comparable or lower computational cost.

C.2 Per-type Accuracy on All Benchmarks

In Tables 6 - 10, we present the resultsfeftoToM and baselines on each question type of all
benchmarks. Here we compare general methods that can be applied to all benchmarks.

C.3 Additional Benchmarks

We evaluatediutoToM on additional benchmarks, FANToN29) for its challenging scenarios and
OpenToM [50] for itsaffectiveTheory of Mind questions.

C.3.1 Evaluations on FANToM

To further demonstrat@utoToM 's ability to solve false-belief tasks in more complex scenarios, we
testedAutoToM on FANToM. We randomly selected a subset of 200 false-belief rst-order questions
with short contexts due to budget constraints.
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Table 6: Detailed accuracy for ToMi.

Question Type | Firstorder | Second order | Reality | Memory | All
Llama 3.1 70B 73.75 56.25 100.00 | 100.00 | 72.00
GPT-40 80.25 62.25 100.00 | 100.00 | 77.00
Gemini 2.0 Flash 58.50 58.25 100.00 | 100.00 | 66.70
Gemini 2.0 Pro 75.00 54.75 100.00 | 100.00 | 71.90
SymbolicToM 98.75 98.25 100.00 98.00 98.60
SimToM 84.75 65.00 100.00 | 100.00 | 79.90
DeepSeek-R1 90.75 82.75 100.00 | 100.00 | 89.40
Gemini 2.0 Flash Thinking 83.25 61.75 100.00 | 100.00 | 78.00
03-mini-high 79.50 53.25 100.00 | 100.00 | 73.10
BIP-ALM 58.00 56.25 56.00 43.00 55.60
LIMP 43.50 44.50 44.00 50.00 44.60
AutoToM (w/ GPT-40) 95.00 77.50 93.00 100.00 | 88.30

Table 7: Detailed accuracy for BigToM.

Question Type Forward TB | Forward FB | Backward TB | Backward FB | All

|
Llama 3.1 70B 93.75 81.00 57.00 60.50 77.83
GPT-40 96.00 88.50 63.50 62.00 82.42
Gemini 2.0 Flash 94.25 87.50 77.50 51.00 82.00
Gemini 2.0 Pro 96.00 93.75 70.00 68.50 86.33
SimToM \ 92.50 \ 90.00 \ 25.00 \ 75.00 \ 77.50
DeepSeek-R1 89.75 90.50 74.50 82.50 86.25
Gemini 2.0 Flash Thinkin 94.75 91.50 77.50 47.00 82.83
03-mini-high 93.25 90.75 78.50 75.00 86.92
BIP-ALM 71.75 32.50 69.50 24.00 50.33
LIMP 40.75 77.75 43.00 90.00 61.67
AutoToM (w/ GPT-40) 91.25 93.75 73.00 78.50 86.92

Table 8: Detailed accuracy for MMToM-QA.

Question Type | Belief | Goal | All
Llama 3.1 70B 51.33 | 36.33 | 43.83
GPT-40 55.67 | 32.33 | 44.00
Gemini 2.0 Flash 62.67 | 33.33 | 48.00
Gemini 2.0 Pro 57.00 | 44.67 | 50.84
SimToM | 75.67 | 26.33| 51.00
DeepSeek-R1 63.00 | 36.33 | 49.67
Gemini 2.0 Flash Thinking 73.33 | 34.67 | 54.00
03-mini-high 88.67 | 40.67 | 64.67
BIP-ALM 64.33 | 48.00 | 56.17
LIMP 60.00 | 50.67 | 55.33
AutoToM (w/ GPT-40) 96.67 | 69.33 | 83.00

Results.AutoToM, with a GPT-40 backend, achieved 72.7%, outperforming the GPT-40 baseline,
which achieved 57.5%AutoToM, with a Gemini 2.5 Flash backend, achieved 77.9%, outperforming
the Gemini 2.5 Flash baseline, which achieved 38%. With either model as the backend LLM,
AutoToM improves upon the original baselines.

Analysis. AutoToM is able to solve false belief questions by extracting the essential variables. In
FANToM, AutoToM extracts the state of the conversation (the agents in the conversation, if the main
agent is currently in the conversation, and the topics discussed), utterances, and observation of the
main agent (depending on whether they are in the conversation or not) to infer belief. In contrast,
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Table 9: Detailed accuracy for MUMA-ToM.

Question Type | Belief | Goal | Beliefof Goal | All
Llama 3.1 70B 68.67 | 51.33 47.33 55.78
GPT-40 85.33 | 57.00 48.33 63.55
Gemini 2.0 Flash 68.33 | 50.67 47.00 55.33
Gemini 2.0 Pro 63.00 | 66.67 57.00 62.22
SimToM | 54.60 | 43.50|  44.80 | 47.63
DeepSeek-R1 74.67 | 53.33 62.33 63.44
Gemini 2.0 Flash Thinking 95.33 | 79.00 73.33 82.56
03-mini-high 74.00 | 67.67 68.33 70.00
BIP-ALM 41.20 | 34.10 30.60 33.90
LIMP 93.40 | 67.70 68.70 76.60
AutoToM (w/ GPT-40) | 88.33 | 77.00 79.00 81.44
Table 10: Detailed accuracy for HiToM.
Question Type | OrderO | Order1 | Order2 | Order3 | Order4 | All
Llama 3.1 70B 65.00 47.50 22.50 20.00 20.00 35.00
GPT-40 92.50 65.00 40.00 27.50 25.00 | 50.00
Gemini 2.0 Flash 95.00 70.00 50.00 27.50 20.00 52.50
Gemini 2.0 Pro 100.00 62.50 50.00 37.50 37.50 | 57.50
SymbolicToM 62.50 57.50 25.00 32.50 45.00 | 44.50
SimToM 100.00 77.50 60.00 60.00 57.50 71.00
DeepSeek-R1 95.00 80.00 55.00 35.00 17.50 | 56.50
Gemini 2.0 Flash Thinking 100.00 85.00 72.50 50.00 60.00 73.50
03-mini-high 100.00 72.50 65.00 60.00 77.50 | 75.00
BIP-ALM 10.00 17.50 10.00 20.00 15.00 14.50
LIMP 5.00 10.00 7.50 2.50 7.50 6.50
AutoToM (w/ GPT-40) 95.00 75.00 70.00 67.50 55.00 72.50

the two baselines struggle to accurately extract and track the agent's observation throughout the
conversation.

C.3.2 Evaluations on Affective Reasoning in OpenToM.

We evaluatedAutoToMs affective ToM by extending the causal structure to include attitude and
preference (all other components unchanged) and testing on all 596 OpenToM attitude questions.

Results. Following OpenToM §0], we used Macro-F1 as the evaluation metric. The random baseline
is 0.33. GPT-40 achieved 0.48, whideitoToM with GPT-40 backend outperformed it with a score of
0.56.AutoToM also approached the performance of the large reasoning model 03-mini-high (0.60),
indicating its strong affective reasoning capability.

Analysis. Answering the attitude questions does not require inverse planning, since the model can
just directly perform forward estimation of attitude based on observed events and preference. This
explains whyAutoToM performed similarly compared to 03-mini-high. This is consistent with
results for other question types that do not require inverse planning, such as level 0 (no ToM) and
level 1 action questions shown in Figure 4a. However, even in the case where inverse planning is not
required AutoToM still scores higher than its backend LLM (GPT-40). We attribute thisutoToM

's ability to extract and focus on variables that are causally relevant to the task, while Itering out
spurious cues by design (see [50], Section 2.5) that may mislead GPT-40.

C.4 Full Results of the Ablation Study

Table 11 shows the performance of ablated methods compared to tAafolloM method on all
benchmarks.
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Table 11: Results of ablated methods compared to théfithToM method.

Method | ToMi | BigToM | MMToM-QA | MuMA-ToM | Hi-ToM | All
w/o hypo. reduction| 87.60 | 86.17 80.83 81.67 69.50 | 81.15
w/ POMDP 76.00 | 86.50 82.67 50.78 67.00 | 72.59
w/o variable adj. | 85.80| 78.25 79.00 77.89 66.50 | 77.49
w/ last timestep | 68.40| 77.83 76.50 78.33 4450 | 69.11
w/ all timesteps | 86.00 | 79.09 76.17 79.33 69.00 | 77.92
AutoToM | 88.30| 86.92 | 83.00 | 81.44 | 7250 | 82.43

Table 12: Comparison of ablated models and the full model on the averaged number of tokens per
guestion (in thousands). Lower is better.

Method | ToMi | BigToM | MMToM-QA | MuMA-ToM | Hi-ToM | All
w/o hypo. reduction| 15.8 6.8 8.9 24.4 20.4 15.3
w/ POMDP 14.9 5.5 6.2 20.0 18.8 13.1
w/o variable adj. 8.5 6.1 8.0 14.0 10.0 9.3
w/ last timestep 7.8 6.1 3.9 11.6 4.0 6.7
w/ all timesteps 14.2 7.7 445 16.4 12.4 19.0
AutoToM | 98 | 65 | 8.0 | 13.6 | 12.0 | 10.0

Table 13: Comparison of ablated models and the full model on the averaged number of API calls at
inference per question. Lower is better.

Method | ToMi | BigToM | MMToM-QA | MuMA-ToM | Hi-ToM | All
w/o hypo. reduction| 38.91| 13.99 21.72 70.73 72.58 | 43.59
w/ POMDP 36.25 8.32 12.89 42.10 51.73 | 30.26
w/o variable adj. | 22.91| 12.99 17.51 35.76 29.81 | 23.80
w/ lasttimestep | 21.60 | 12.76 7.72 28.39 9.39 15.97
w/ all timesteps | 39.83| 15.95 101.28 43.25 36.27 | 47.32
AutoToM | 32.23| 13.81 | 17.60 | 35.08 | 36.45 | 27.03

In Table 12 and 13, we compare the ablated methods and the full model on the averaged number of
tokens per question (in thousands) and the averaged number of API calls at inference per question.

C.5 Detailed Inferences

Figure 9 shows the detailed procedures of Bayesian inferences for the qualitative example in Figure 5.

C.6 Qualitative Results

Among general methods, AutoToM achieves state-of-the-art results across all benchmarks. We
provide two qualitative examples to illustrate the effect of variable adjustment (example 1) and
timestep adjustment (example 2). These examples also demonstrate the interpretahilityToi,

as the constructed model offers us insights into how the method is modeling the agent behavior for
the inference.

Example 1: BigToM (Backward Belief Inference)

Story: Kavya is a orist in a vibrant Indian market. Kavya wants to create a beautiful
bouquet of fresh roses for a customer's anniversary celebration. Kavya sees a batch of yoses
in her shop that appear to be fresh and vibrant. Unbeknownst to her a mischievous mankey

sneaks into the shop and nibbles on the rose petals leaving them damaged and unsuitaple for
the bouquet. Kavya starts arranging the bouquet using the roses she initially saw.
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Figure 9: Detailed procedures of how Bayesian inferences are conducted for the proposed and
adjusted models in Figure 5. In the initially proposed model, the belief inference results in uncertainty
due to ambiguous observations. In the adjusted model, where the agent's goal is explicitly modeled,
the use of goal-conditioned action likelihoBda! j b; g) instead ofP (a' j ') enables more accurate
estimation of action likelihoods and leads to improved belief inference with high certainty.

Question: Does Kavya believe the roses are fresh and perfect for the bouquet or damaged
by the monkey?

(a) Kavya believes the roses are fresh and perfect for the boua@Lezt:

(b) Kavya believes the roses are damaged by the monkey.

Variables in the Initial Model Proposal: State, Observation, Belief

Since the scenario involves only one timestep, a single model suf ces. In the initial model, the state
of the world indicates that the owers are damaged after the monkey nibbles on them. However,
it remains unclear whether Kavya observes the true condition of the owers. The model lacks
crucial information about Kavya's actions, which are observable and in uenced by her beliefs
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