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Abstract

Predictive models of human behavior trained on large-scale trajectory data optimize for
statistical accuracy without representing the mental states that causally generate behavior.
Such models support prediction but not principled intervention: they cannot answer how
an agent’s behavior would change if its beliefs or preferences were different. We introduce
Structured Machine Theory of Mind (SMToM), a framework that addresses this limitation by
attributing explicit, independently supervised belief and desire representations from observed
trajectories within a Belief-Desire-Intention causal structure. The central architectural
element is a goal head that consumes only the predicted mental-state channels and a current-
trajectory embedding, making counterfactual intervention on beliefs and desires a direct
operation. We instantiate SMToM on a controlled pedestrian navigation domain where
ground-truth mental states are known by construction, enabling rigorous evaluation of
both attribution accuracy and counterfactual validity. The resulting model, BDIBottleneck,
outperforms trajectory-only and context-aware baselines on top-1 goal inference across path
fractions and held-out agent splits, approaching the approximate upper bound at early-to-
mid path reveal. Desire counterfactual experiments confirm that substituting an agent’s
inferred preferences with a different activity type coherently shifts predicted destinations
toward relevant locations. Belief counterfactual experiments confirm that marking a location
as unavailable in the agent’s belief state reliably reduces its predicted probability as a
destination, with effects that are statistically significant on both evaluation splits. Together,
these results demonstrate, in a controlled navigation setting, that explicit BDI-structured
supervision is a viable foundation for causal behavioral analysis of longitudinal trajectory
data.

1 Introduction

Longitudinal datasets of human behavior, including mobility traces, activity logs, and interaction records, are
increasingly used to build predictive models of population dynamics. The dominant approach is to train a
deep model end-to-end on behavioral sequences and optimize for predictive accuracy on held-out data. These
models can capture rich statistical regularities across individuals, but they do so without representing the
mental states that actually generate behavior. The consequence is a structural limitation: a model that does
not represent beliefs and desires cannot answer causal questions. It can predict that agents with certain
historical patterns tend to visit certain locations, but it cannot say what those agents would do if their beliefs
about the environment changed, or how a shift in underlying preferences would propagate to observable
behavior. In other words, the model supports prediction but not interpretation or planning.

The appropriate framing for this problem is Theory of Mind (ToM), the capacity to attribute beliefs, desires,
intentions, and other mental states to explain observed behavior (Premack & Woodruff, 1978; Wimmer &
Perner, 1983; Leslie, 1987). Human behavior is causally generated by mental states: an agent goes somewhere
because they want something and believe it is available. A model that recovers those components from
trajectories does not merely correlate histories with futures; it maintains a causal representation of the agent
that supports principled intervention. Formally, this is the problem of Machine Theory of Mind (MToM)
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(Rabinowitz et al., 2018): building systems that can infer latent mental states from observable behavioral
traces. The core difficulty is that mental states are unobservable and the inference is ill-posed: any finite
behavioral trace is consistent with many mental state configurations, and no ground-truth labels exist in the
wild. A model must simultaneously specify the space of mental states and learn their relationship to behavior.

Prior work has addressed this through two paradigms that are directly comparable in our trajectory-based
setting. Model-based approaches, exemplified by Baker et al. (2011), formalize attribution as Bayesian inverse
planning: observed actions are explained by the beliefs and desires that make them rational. These methods
are interpretable and support counterfactual reasoning by construction, but they require hand-specified
dynamics and likelihood functions that rarely hold outside controlled settings. Learning-based approaches,
exemplified by ToMnet (Rabinowitz et al., 2018), treat MToM as a meta-learning problem and infer mental
states from behavioral context without hand-crafted models. The gain in flexibility comes at the cost of
transparency: learned representations are opaque embeddings with no guaranteed correspondence to specific
mental state components, and direct intervention on beliefs or desires is not a native operation.

We introduce Structured Machine Theory of Mind (SMToM), a framework that combines the explicit
representational structure of model-based methods with the data-driven flexibility of learning-based ones.
SMToM dedicates separate neural components to belief and desire attribution and routes their outputs
through a structured bottleneck into goal prediction, following the Belief-Desire-Intention (BDI) framework
(Bratman, 1987; Rao & Georgeff, 1995). Because beliefs and desires are explicit, independently addressable
variables, counterfactual reasoning is a native operation. The model supports augmenting an agent’s inferred
beliefs or preferences directly and observing the resulting change in predicted behavior: for instance, what
if this agent believed a particular location was closed? What would they likely do instead, given their
historical behavioral patterns and subject to the causal BDI structure? We instantiate SMToM on a controlled
pedestrian navigation domain where ground-truth mental states are known by construction, enabling rigorous
evaluation of both attribution accuracy and counterfactual validity. Real-world behavioral datasets contain
no ground-truth belief or desire labels; without such labels, a model’s claim to infer mental states cannot be
distinguished from learning a behavioral correlate, making controlled simulation the necessary starting point
before extending to richer environments.

2 Background

Machine Theory of Mind (MToM) sits at the intersection of three literature streams: model-based Bayesian
inverse planning, learning-based neural inference, and recent LLM-centered ToM reasoning. Model-based
approaches cast attribution as inverse planning: from observed actions, infer latent beliefs and desires that
make behavior rational. Classic Bayesian formulations infer latent goals from behavior (Baker et al., 2011),
and later work extends this to joint inference over beliefs, desires, and percepts (Baker et al., 2017). Related
links to inverse reinforcement learning, including maximum-entropy formulations of trajectory-based intent
inference (Ziebart et al., 2008), have clarified when these inference procedures are identifiable and tractable
in structured settings (Jara-Ettinger, 2019; Wu & Schrater, 2018). Their main strength is semantic clarity:
beliefs and desires are explicit variables, so counterfactual intervention is principled. Their main weakness is
model dependence: practical use requires hand-specified dynamics, utility structure, and likelihood models,
and performance can degrade when real behavior violates those assumptions.

Learning-based MToM, introduced in ToMnet (Rabinowitz et al., 2018), replaces hand-crafted inverse models
with neural predictors trained directly from behavioral data and demonstrates cross-agent generalization.
Subsequent work extends this paradigm to agents with dynamic latent trait representations, improving cross-
agent generalization (Nguyen et al., 2022). This paradigm is data-scalable, but intermediate representations
are often opaque: latent embeddings can contain belief-like and desire-like factors without separating them
into independently controllable channels. Interpretability therefore becomes post hoc, and direct intervention
on specific mental-state components is not native to the architecture. Recent structured-output variants
begin to close this gap by explicitly supervising intermediate mental-state variables. For example, explicit
supervision of belief/intention channels improves both interpretability and predictive accuracy (Oguntola
et al., 2021), and explicit belief prediction has been demonstrated in multimodal human interaction settings
(Bortoletto et al., 2024).

2



Under review as submission to TMLR

LLM-based ToM extends the field through language-native reasoning: early reports of competitive false-belief
performance (Kosinski, 2024; Strachan et al., 2024) motivated pipeline and agent-style extensions (Wilf et al.,
2024; Zhao et al., 2025) and multimodal benchmark evaluations (Jin et al., 2024), though subsequent work
reveals fragility under perturbation (Ullman, 2023) and below-human benchmark accuracy (Sap et al., 2022;
Chen et al., 2024; Wu et al., 2023; Kim et al., 2023; Shapira et al., 2023). Our setting is methodologically
disjoint: inputs are trajectories rather than text, outputs are explicit belief/desire probability vectors rather
than language tokens, and the core evaluation requires surgical intervention on individual mental-state
channels, an operation that is not natively supported by language model prompting alone. An LLM can
generate a verbal prediction about an agent’s likely destination, but it does not expose an interventionable
internal belief/desire state that can be modified and re-propagated through a goal head; in principle, one
could engineer such a proxy state with additional scaffolding, but that is outside the model’s default training
objective and would require substantial system design. The counterfactual capability demonstrated in
Section 6 is therefore architectural rather than prompt-driven.

Recent work has explored hierarchical latent variable models as an alternative route to scalable mental-state
attribution (Anonymous, 2025); the present work takes a distinct approach through explicit BDI supervision
and native counterfactual intervention.

SMToM is positioned to combine strengths across these lines: the explicit mental-state semantics and
interventionability associated with model-based work, and the data-driven scalability of learning-based
predictors, while remaining native to trajectory inputs rather than prompt-mediated textual reasoning.

3 Problem Formulation

3.1 Setting and Notation

We model navigation on a graph-structured environment G = (V, E) with M = 24 points of interest (POIs),
VPOI = {v1, . . . , v24}, grouped into C = 6 desire categories (four POIs per category). Each agent has a
fixed category preference distribution and fixed within-category preference distributions. We denote the
corresponding flattened POI-level preference representation by π ∈ [0, 1]M , where

πj = P (d = cat(vj)) P (vj | d = cat(vj)).

This π is a stable agent-level representation (used as supervision), not a separate episode-level sampling
mechanism. Each agent also has a binary belief vector b ∈ {0, 1}M , where bj = 1 indicates the agent believes
POI vj is open. The environment is physically all-open; false beliefs are induced only through bj = 0 entries.
Belief configurations are indexed by B = {B0, . . . , B7, BH0, BH1}, where BH0 and BH1 are held out for
belief-configuration generalization evaluation.

3.2 The BDI Generative Model

We adopt a BDI generative prior (Bratman, 1987; Rao & Georgeff, 1995): each episode first samples a
desire category d, then samples a concrete goal POI within that category after masking believed-closed
POIs and renormalizing over believed-open POIs in the selected category. Thus, generation is hierarchical
(category → POI), rather than direct sampling from the 24-dimensional vector π. The resulting trajectory is
τ = (v0, . . . , vT ), and the sampled goal is the operational intention variable. We use “goal” and “intention”
interchangeably throughout; in the BDI sense, intention refers to a committed plan, which in this navigation
domain reduces to the discrete destination POI the agent has committed to reaching. The key source of
behavioral variation is the interaction of desire and belief: when a preferred POI is believed closed, probability
mass is reallocated to belief-feasible alternatives, often within category. Detailed simulator assumptions and
the explicit belief-feasible set definition are provided in Appendix D.

3.3 The Attribution Problem

Given an observed trajectory τ , the attribution task is to infer latent desire π, belief b, and goal g. The
model outputs π̂, b̂, and ĝ. Training uses simulator supervision for all three variables; at inference time, only
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Figure 1: BDIBottleneck architecture used in this work. Three trajectory streams are encoded separately:
random same-agent context for desire, recent same-agent context for belief comparison, and the current
trajectory prefix for goal inference. The belief head uses [zd∥zr], while the goal head uses the bottleneck
representation [π̂∥b̂∥zτ ]. Desire and belief channels can be intervened on directly for counterfactual analysis
before goal prediction.

trajectories and same-agent historical context are available. Early trajectory prefixes are compatible with
multiple latent explanations, so accurate attribution requires combining partial-path evidence with learned
regularities over agent preference and belief-conditioned destination choice.

4 Model

4.1 Input Construction for BDI Attribution

BDIBottleneck is trained on meta-episodes that provide three trajectory streams per sample: (1) a same-agent
desire context, (2) a same-agent recent context, and (3) the current trajectory prefix. Coordinates are
normalized and encoded as variable-length masked sequences. Unless otherwise stated, we use K = 10
desire-context trajectories and Krecent = 5 recent trajectories. Supervision includes desire target π, belief
target b ∈ {0, 1}24, and goal index g ∈ {1, . . . , 24}.

4.2 BDI Bottleneck Architecture

The model uses three transformer encoders with shared input design but separate parameters: desire, recent,
and current-trajectory encoders. Each sequence is projected from R2 to Rd, position-encoded, and processed
by a pre-LN stack. Figure 1 summarizes the full dataflow, including context construction, encoder outputs,
head transformations, bottleneck concatenation, and the training losses.

Let zd ∈ Rd be the pooled embedding of desire context, zr ∈ Rd of recent context, and zτ ∈ Rd of the current
trajectory. The intermediate heads are

ℓd = Wdzd + cd, ℓb = Wb[zd∥zr] + cb, (1)

with desire probabilities π̂ = softmax(ℓd) and belief probabilities b̂ = σ(ℓb).
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The belief head uses [zd∥zr] because the contrast between stable preference patterns and recent behavior
is the primary cue for false-belief attribution: if an agent typically visits a POI (high signal in zd) but has
not done so recently (divergent zr), this behavioral shift is evidence that the POI may be believed closed,
paralleling the inference a human observer would make from the same behavioral pattern.

The defining architectural choice is the goal bottleneck: the goal head uses predicted mental-state channels
rather than raw context embeddings,

ℓg = MLP([π̂∥b̂∥zτ ]), (2)

which makes channel-level counterfactual intervention direct: desire and belief channels can be modified and
re-propagated through the goal head without re-encoding context. Under our BDI interpretation, this goal
variable is the operational intention variable.

4.3 Baselines and Comparison Models

We compare BDIBottleneck against four models: two non-learned baselines (VisitFrequency and BToM
(Informed)) and two neural models that isolate the contribution of BDI structure (GoalPredictor and
ContextGoalPredictor). VisitFrequency ranks POIs by goal frequency across the agent’s K same-agent
desire-context episodes, capturing stable preference patterns independently of how much of the current
trajectory has been revealed. BToM (Informed) applies Bayesian inverse planning with a Laplace-smoothed
visit-frequency prior and a Boltzmann step-likelihood P (v | u, g) ∝ exp(−β · dist(g, v)) accumulated over
the observed prefix, with β tuned on the validation set; because the simulator generates near-shortest-path
trajectories and the Boltzmann likelihood directly models step rationality under this process, BToM (Informed)
approximates a Bayes-optimal predictor for this domain and serves as the approximate performance upper
bound. GoalPredictor is a single-stream transformer over the current trajectory prefix only. ContextGoalPre-
dictor uses the same three encoder streams as BDIBottleneck but removes explicit desire/belief supervision,
predicting goal directly from concatenated encoder states.

4.4 Training Objective

Training minimizes a weighted multi-task objective:

L = λgLgoal + λdLdesire + λbLbelief . (3)

The goal term is standard cross-entropy, the desire term is KL divergence between π and π̂, and the belief
term is class-weighted binary cross-entropy on b. We upweight belief supervision to compensate for false-belief
sparsity. During training, only the current trajectory is randomly truncated to a sampled prefix; context
streams remain intact. Model selection is based on validation goal prediction. Full per-term formulas,
weighting details, and optimizer settings are provided in Appendix D and B.

Although mental-state labels are available during training, they are absent at inference time: the model
must recover beliefs and desires from trajectory context alone, exactly as a human observer would. The
training labels define what the intermediate representations should correspond to; they do not simplify the
inference problem at test time. The counterfactual experiments in Section 6 provide an additional test of
representational quality beyond attribution accuracy: if the intermediate channels were merely correlated
with training labels rather than causally structured, surgical intervention on a single channel would not
produce selective, directionally consistent shifts in goal predictions while holding the remaining channels
fixed.

5 Experiments

Our empirical study evaluates whether the BDI bottleneck captures mental-state structure in a way that
is both predictive and causally interpretable. We therefore assess two properties. First, we measure
attribution performance under distribution shift across agents and belief configurations. Second, we evaluate
counterfactual validity by intervening on intermediate desire and belief representations while holding the
remaining inputs to the goal head fixed.
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5.1 Data Splits

The simulator produces four disjoint episode splits. The train split contains episodes from 15 training agents
under belief configurations B0 through B7 and is used for parameter learning. The val split uses the same
agent family and configuration set, but remains disjoint at the episode level for model selection and early
stopping. The test split is also episode-disjoint and measures in-distribution generalization for the same
agent family. The test_new_agent split contains held-out agents whose category-level and within-category
Dirichlet preference parameters are sampled independently from those of the training archetypes, producing
agents with distinct preference profiles not seen during training, and tests whether learned representations
transfer to unseen agents.

Training uses 2,040 episodes from 15 agents across 8 belief configurations (B0–B7); validation, test, and
new-agent splits each contain 480 episodes from the same configurations. The two held-out belief splits
(test_bh, test_new_agent_bh) contribute 480 episodes each under configurations BH0 and BH1 (full split
sizes in Appendix Table 4).

Belief-configuration generalization is evaluated separately through BH0 and BH1, which are never used for
training and appear only at evaluation time in both test and test_new_agent. These held-out settings
instantiate compound false-belief patterns that are structurally distinct from B0 through B7.

5.2 Training Setup

All three reported models (GoalPredictor, ContextGoalPredictor, and BDIBottleneck) use the
same AdamW-based optimization setup and model-selection protocol; full per-model hyperparameter details
are provided in Appendix B. Each learned model is trained with 3 independent random seeds; goal-inference
and ablation results report the mean across seeds, with shaded bands in figures indicating ±1 standard
deviation.

The key experimental difference is that BDIBottleneck adds auxiliary desire/belief supervision to goal
prediction, with stronger belief weighting (λb = 5.0) to compensate for false-belief sparsity.

5.3 Generalization to New Agents

The primary attribution comparison is between test and test_new_agent. A model that overfits agent-
specific trajectories should exhibit a large degradation on test_new_agent, whereas a model with agent-
agnostic mental-state structure should remain stable.

For goal inference, we evaluate path fractions ρ ∈ {0.1, 0.2, . . . , 1.0}, where only the first ⌈ρT ⌉ nodes of the
current trajectory are observed. In the main paper, we report top-1 accuracy; top-5 results are reported
in Appendix I. This fraction sweep measures how quickly each model disambiguates destination intent as
evidence accumulates.

Two additional diagnostic analyses are reported in Appendix F: a belief-head sensitivity analysis evaluating
how well the belief head separates open and closed belief states at the (agent, POI) level as a function of
training-visit exposure, and a distractor robustness evaluation measuring whether the model correctly ranks
the true goal above a spatially proximate low-preference POI at the moment of closest approach.

5.4 Counterfactual Evaluation

Attribution accuracy alone does not establish causal modularity. We therefore evaluate whether interventions
on desire and belief channels induce coherent and selective changes in the predicted goal distribution.

For each evaluation episode i, we use inferred channels (π̂i, b̂i) and a current-prefix trajectory embedding zτ,i,
and obtain the goal distribution from the deterministic goal head fg(·).

For desire counterfactuals, we intervene only on the desire channel while keeping belief and trajectory fixed:

p̂cf
i = fg(π̃, b̂i, zτ,i). (4)
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The evaluation is run at path fractions ρ ∈ {0.25, 0.50, 0.75, 1.00}, where zτ,i is re-encoded from only the first
⌈ρTi⌉ nodes of the current trajectory. It is therefore not a full-trajectory counterfactual for the current path.
We evaluate two prototype constructions for π̃: (i) a model-derived category prototype, computed as the mean
inferred desire vector over episodes with sampled desire category c (i.e., π̃model

c = |Ic|−1 ∑
i∈Ic

π̂i), and (ii) a
handcrafted category-only prototype, uniform over POIs in category c and zero elsewhere (π̃hand

c,j = 1/|V(c)|
for vj ∈ V(c), else 0). For each receiver episode, we sweep all six category prototypes and measure the shift
in category-level goal probability relative to the no-swap baseline, producing a 6 × 6 delta matrix per split
and evaluated fraction.

Belief interventions follow the same fraction-sweep design as desire counterfactuals, with evaluation at
ρ ∈ {0.25, 0.50, 0.75, 1.00} on episodes whose realized goal is within the top-3 preference ranks for that episode.
As in the desire case, zτ,i is re-encoded from only the first ⌈ρTi⌉ nodes rather than using the full current
trajectory. In the main paper, we report the 50% (ρ = 0.50) results as the primary operating point and
provide the full fraction sweep in the appendix. For an episode with original goal index g, let c(g) denote the
category containing goal POI g. We define an intervened belief vector b̃i by setting the goal belief to closed
and same-category alternatives to open:

b̃i,g = 0, b̃i,j = 1 ∀j ∈ V(c(g)) \ {g}, b̃i,k = b̂i,k ∀k /∈ V(c(g)), (5)

with desire and trajectory inputs fixed. Let p̂i = fg(π̂i, b̂i, zτ,i) and p̂cf
i = fg(π̂i, b̃i, zτ,i). We then compare

original and intervened goal distributions using two paired outcomes: alternative gain, where ∆alt =∑
j∈V(c(g))\{g}(p̂cf

i,j − p̂i,j) and ∆goal = p̂cf
i,g − p̂i,g. Statistical significance is assessed with one-sided random-

sign permutation tests on mean difference, one-sided exact sign tests, and percentile bootstrap confidence
intervals.

6 Results

6.1 Goal Inference Performance

Figure 2 compares top-1 goal accuracy for all five models on in-distribution test and held-out new-agent
episodes. We treat BToM (Informed) as an approximate upper bound: it combines a visit-frequency prior
estimated from same-agent context with a Boltzmann likelihood that directly models the near-shortest-path
generative process, but it does not use the agent’s true preference prior. Its accuracy at each fraction therefore
reflects a strong, but approximate, limit on what trajectory observations can support in this domain. On the
test split, BToM (Informed) reaches 34.8% at 50% reveal and 67.7% at 90% reveal (40.4% and 71.3% on
new agents), rising steeply at longer reveals as accumulated Boltzmann likelihood concentrates on the true
goal. Among the learned models, BDIBottleneck is the closest to this ceiling at nearly all path fractions,
despite having no access to the true movement model or ground-truth priors, a result that validates the BDI
bottleneck as an effective inductive structure for mental-state attribution.

BDIBottleneck reaches 55.56% on test and 56.88% on new agents at full reveal, and already leads learned
alternatives at 50% reveal (36.32% test, 36.11% new-agent), indicating stronger early disambiguation under
partial observability. The modest decline in learned-model accuracy from 90% to 100% reveal is a pooling
artifact: at full reveal the goal node is included in the trajectory input but its contribution is diluted
by mean pooling over all preceding steps rather than emphasized as a terminal signal, making the 90%
truncation, where the agent is approaching but not yet at the goal, a more informative operating point for the
pooling-based encoders. The gap between BDIBottleneck and BToM (Informed) widens substantially at
full reveal: BToM (Informed) reaches 93.1% at 100% reveal versus 55.56% for BDIBottleneck, because
the Boltzmann likelihood closely approximates the generative process and once the complete trajectory is
observed the accumulated likelihood assigns near-certain probability to the unique destination consistent with
a near-shortest-path route, which neural models cannot replicate without access to the true movement model.
At intermediate fractions, where the prior matters more relative to the accumulated likelihood, the learned
contextual prior in BDIBottleneck closes much of this gap and marginally exceeds BToM (Informed)
at 40–60% on the held-in test split (31.74% vs. 30.21% at 40%; 36.32% vs. 34.79% at 50%; 40.62% vs. 38.12%
at 60%). Detailed 10%-increment values are reported in Appendix Table 13. VisitFrequency, which relies
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Figure 2: Top-1 goal inference. Left: test-set accuracy for all five models (BToM (Informed) shown as
approximate upper bound). Right: generalization gap (∆ = test − new-agent) in percentage points; positive
values indicate lower performance on unseen agents. Shaded bands: ±1 SD across 3 training seeds (learned
models only).

solely on a desire-context prior independent of trajectory length, achieves a constant 12.3% on test (15.4% on
new agents); BDIBottleneck surpasses this from the earliest fractions on held-in agents and from 20%
onwards on held-out new agents, confirming that trajectory evidence provides meaningful signal beyond the
preference prior even at short reveals.

The comparison to ContextGoalPredictor is the key neural ablation: with matched encoder inputs
and architecture, BDIBottleneck numerically leads at all path fractions on both splits and the advantage
grows with reveal length, indicating that explicit desire/belief supervision provides the most benefit when the
model must commit to a specific destination from incomplete trajectory evidence. McNemar’s exact tests
with Holm–Bonferroni correction confirm that BDIBottleneck significantly outperforms GoalPredictor
at most path fractions on both splits; gains over ContextGoalPredictor reach significance at longer
reveals (80–100%) and on held-out agents (70–100%), where generalization to unseen preference distributions
requires the structure imposed by explicit mental-state supervision (full results in Appendix Tables 14–15).

Table 1: Top-1 accuracy (%) at 25/50/75/100% path reveal for belief heldout splits. Underline: BToM
(Informed), approximate upper bound on achievable accuracy. Bold: best result per column among learned
models.

Test (belief heldout) Test (new agent, belief heldout)

Model 25% 50% 75% 100% 25% 50% 75% 100%

VisitFrequency 13.33 13.33 13.33 13.33 14.17 14.17 14.17 14.17
BToM (Informed) [approximate upper bound] 24.79 33.96 48.33 94.38 29.79 39.79 58.33 94.17
GoalPredictor 12.50 25.83 40.42 42.50 10.35 27.50 41.04 43.82
ContextGoalPredictor 17.36 26.32 38.75 41.25 15.35 28.26 37.57 41.53
BDIBottleneck (Ours) 19.44 34.38 47.92 51.87 17.29 37.99 52.29 55.90

Table 1 shows the same pattern under held-out belief configurations. BDIBottleneck is again the closest
learned model to the BToM (Informed) upper bound across all fractions and both splits, with substantially
larger margins over GoalPredictor and ContextGoalPredictor on held-out new agents (55.90% vs.
43.82%/41.53% at full reveal). That BDIBottleneck maintains this relative position under structurally
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novel belief configurations it was never trained on provides evidence that the BDI bottleneck captures
generalizable mental-state structure rather than fitting to the belief patterns seen during training.

Auxiliary head attribution quality. Figure 5 in Appendix B shows diagnostic training curves for the
desire and belief heads across 300 epochs. The desire head converges to a validation KL divergence of
0.22 against the ground-truth preference distribution, reduced from 0.69 at epoch 1, indicating stable and
consistent desire attribution. For the belief head, the headline 76.1% overall accuracy on the 24-entry binary
belief vector is dominated by the majority open-class entries; the false-belief F1, which measures precision
and recall specifically on the 0–5 believed-closed entries per episode (0 for the all-open configuration, 3–5
for configurations with false beliefs), is the more informative metric. Measured on the validation set during
training, false-belief F1 peaks at 40.4% in early training and converges to 33.3% at the selected checkpoint.
An all-open predictor achieves 0% F1; the converged value therefore reflects genuine false-belief discrimination
beyond trivial baselines. The declining F1 trajectory across training reflects the multi-task objective: as
training progresses the cosine schedule increasingly concentrates gradient signal toward goal accuracy, and
the belief head trades some false-belief sensitivity for compatibility with the goal loss. The functional test
of whether the converged belief representation is causally structured, rather than merely correlated with
closed-POI labels, is provided by the counterfactual experiments in the following sections.

Additional diagnostic analyses, including distractor robustness and belief-head sensitivity, are reported in
Appendix F with full implementation details and complete results.

To isolate each mental-state channel’s contribution, we trained two ablations of BDIBottleneck: NoDesire
(desire encoder and head removed; goal conditioned on belief and trajectory only) and NoBelief (recent
encoder and belief head removed; goal conditioned on desire and trajectory only). NoBelief matches the
full model on raw goal prediction (within 1 percentage point across both splits, averaged over 3 seeds) while
NoDesire lags substantially, confirming that the belief channel imposes negligible predictive cost and its
value lies in enabling interventionable counterfactual reasoning; architecture details and full path-fraction
results appear in Appendix C.

6.2 Desire Counterfactual Intervention

We evaluate desire interventions by replacing the inferred desire channel with category prototypes while holding
belief and current-trajectory embeddings fixed. Figure 3 reports midpoint (50% path reveal) intervention
results on the test and new-agent splits, with model-derived and handcrafted category-only prototypes shown
side-by-side for each split. Full path-fraction sweeps (25%, 50%, 75%, 100%) are provided in Appendix J;
prototype vectors are in Appendix K.

Across prototype modes and splits, desire substitution induces coherent category-level shifts in the predicted
goal distribution, evidenced by positive off-diagonal entries in the delta matrices: substituting a category
prototype increases predicted probability mass on POIs in the target category. Concretely, if the desire
channel of an episode with an attend_class desire is replaced with a get_food prototype, the goal head
shifts probability toward food POIs, as expected from the causal BDI structure. This holds for both the
model-derived and handcrafted prototype modes on both splits. Model-derived prototypes, which aggregate
inferred desire vectors across many episodes and therefore distribute probability more broadly across all 24
POIs, produce smaller but still positive delta values compared to handcrafted prototypes.

Table 2 reports formal significance tests at 50% path reveal using the same battery as the belief counterfactuals:
one-sided random-sign permutation tests, exact sign tests, and 95% bootstrap confidence intervals. For each
episode we compute the mean off-diagonal ∆ across all five non-matching prototype substitutions; we then
test whether this pool of episode-level scalars has a positive mean. Results are strongly significant on all four
combinations of split and prototype mode: permutation p ≤ 10−4 and sign-test p < 10−130 in every case.
At the pair level, 27–30 of the 30 off-diagonal (source, target) category pairs are individually significant at
α = 0.05 after Holm–Bonferroni correction, confirming that the positive off-diagonal pattern is not driven by
one or two dominant substitutions.
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Table 2: Desire counterfactual significance at 50% path reveal. For each episode the mean off-diagonal ∆ is
computed as the average change in goal probability mass toward the transplanted category across all five
non-matching prototype substitutions. Permutation p: one-sided random-sign test (H0: mean = 0); sign test
p: one-sided exact test (H0: median = 0); CI: 95% bootstrap interval. Pairs sig.: off-diagonal (source, target)
pairs with mean ∆ > 0 significant at α = 0.05 after Holm–Bonferroni correction (30 pairs total).

Split Prototypes n Mean ∆ 95% CI Perm. p Sign test p Pairs sig.

Test Model-derived 480 0.151 [0.145, 0.157] ≤10−4 7.1 × 10−136 29/30
Test Handcrafted 480 0.344 [0.335, 0.354] ≤10−4 3.2 × 10−145 30/30
Test (new agent) Model-derived 480 0.135 [0.129, 0.140] ≤10−4 5.9 × 10−138 27/30
Test (new agent) Handcrafted 480 0.333 [0.324, 0.341] ≤10−4 3.2 × 10−145 30/30

Figure 3: Desire counterfactual at 50% path reveal (2×2 panel). Top row: held-in test split; bottom row:
held-out new-agent split. Left column: model-derived prototypes; right column: handcrafted category-only
prototypes. Rows denote source desire category and columns denote transplanted category.
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Figure 4: Belief counterfactual at 50% path reveal (rank ≤ 3, 2×2 panel). Top row: held-in test episodes;
bottom row: held-out new-agent episodes. Left column: mean alternative gain. Right column: mean goal
drop. Error bars: ±1 SE.

6.3 Belief Counterfactual Intervention

Belief interventions are evaluated at 50% path reveal on episodes where the realized goal lies within the
top-3 preference ranks. We set the original goal belief to closed and set same-category alternatives to open,
while keeping desire and trajectory channels fixed. Figure 4 summarizes category-level effects for test and
new-agent splits.

We evaluate the same paired outcomes defined in Section 5.4: ∆alt (alternative gain) and ∆goal (goal drop),
where positive ∆alt and negative ∆goal are the expected causal direction.

Table 3 reports episode-level inference. We use one-sided random-sign permutation tests for the mean effect
(null: mean effect = 0), exact one-sided sign tests for directional consistency (null: 50/50 sign around zero),
and 95% bootstrap confidence intervals for the mean. The primary causal test, ∆goal, is strongly confirmed:
sign tests are significant at p < 10−6 on both splits, establishing that closing a goal POI’s belief entry reliably
reduces its predicted probability at the episode level. ∆alt is significant in mean but not sign-consistent, which
is expected: the goal head redistributes dropped probability mass via learned desire and trajectory signals
rather than applying a hard within-category reallocation, so some mass flows outside the target category.
The intervention is also structurally asymmetric: 0–5 of 24 POIs are closed per belief configuration (3–5
for configurations with any false beliefs), so same-category alternatives are mostly already believed open in
the original state; setting their belief entries to 1 therefore changes little, and the informative part of the
intervention is concentrated on the goal POI being set to closed.
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Table 3: Counterfactual belief significance summary at 50% path (rank ≤ 3). CI denotes 95% bootstrap
confidence interval for the mean.

Split Outcome n Mean 95% CI Permutation p Sign test p

Test ∆alt 206 0.0061 [0.0007, 0.0121] 0.0194 0.1181
Test ∆goal 206 -0.0147 [-0.0224, -0.0074] 1.0 × 10−4 2.93 × 10−7

Test (new agent) ∆alt 237 0.0055 [0.0004, 0.0110] 0.0238 0.0969
Test (new agent) ∆goal 237 -0.0240 [-0.0299, -0.0183] 5.0 × 10−5 1.98 × 10−18

Because the 480 test episodes come from 15 agents with approximately 32 episodes each, the episode-level
tests above assume independence across correlated observations from the same agent. A robustness sensitivity
analysis that clusters by agent (one mean per agent and outcome, n = 15 agent-level means per split) is
reported in Appendix F, Table 11. The directional pattern is preserved under clustering; however, held-in
test effects weaken to borderline significance (goal-drop permutation p = 0.052), and the clearest retained
effect is goal-drop on the held-out new-agent split (permutation p = 0.0006, sign test p = 0.004). The primary
statistical evidence for the belief intervention therefore rests on the new-agent split, where the effect is robust
to clustering.

The 50% operating point understates the belief channel’s influence at earlier reveals: at 25% path fraction,
∆goal = −0.020 (test) and −0.023 (new agent) — larger in magnitude than the 50% values, consistent
with interventions being attenuated as trajectory evidence accumulates. Full path-fraction results are in
Appendix F.4, Table 12.

Together, the desire and belief counterfactual results support the claim that the intermediate channels are
functionally and causally meaningful: interventions propagate to goal prediction in the expected direction
while preserving the intended modularity of the architecture.

7 Discussion

The evidence points to clear limitations alongside the positive results. The simulation-based design is a
methodological necessity: real-world behavioral datasets contain no ground-truth belief or desire labels, so
attribution claims cannot be validated on real data without first establishing that the model recovers the
correct latent variables in a controlled setting. External validity to real mobility behavior therefore remains
an important open question, and one the current results are designed to inform rather than replace. In
addition, several inferential effects weaken under agent-clustered sensitivity analysis, indicating that repeated
samples per agent can amplify episode-level significance. Finally, the belief configurations in the current
simulation close 0–5 POIs out of 24 per episode (3–5 in configurations with any false beliefs), creating a
sparse and imbalanced signal for both belief head training and counterfactual evaluation; richer false-belief
environments with a wider range of closed-POI patterns would be expected to yield larger and more consistent
alternative-gain effects.

The most important next step is transfer to richer settings: simulators with dynamic world state and stronger
heterogeneity, and then real-world behavioral traces with explicit proxy definitions for latent states. We
started in a supervised setting because ground-truth beliefs and desires are needed to validate whether the
model actually recovers the intended latent variables before moving to noisier evidence. Practically, full
supervision is not available in real-world settings, so future work will likely proceed first in simulation to define
proxy variables from contextual information and trajectories and test whether those proxies induce inferred
beliefs, desires, or other mental states that are actually predictive of the agent’s true internal state. Progress
there will require careful protocol design for proxy-label construction, robustness checks for counterfactual
claims, and calibration diagnostics under distribution shift.

We introduced SMToM and instantiated it as BDIBottleneck, demonstrating that explicit BDI-structured
supervision supports stronger goal inference and native counterfactual intervention on beliefs and desires — a
capability that purely predictive models cannot provide, and one these results show is achievable through
structured supervision in a controlled navigation setting.
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Appendix A Dataset Split Sizes

Table 4: Dataset split sizes used for training and evaluation.
Split Configs Agents Total episodes

train B0–B7 (8) 15 2040
val B0–B7 (8) 15 480
test B0–B7 (8) 15 480
test_new_agent B0–B7 (8) 15 480
test_bh BH0, BH1 (2) 15 480
test_new_agent_bh BH0, BH1 (2) 15 480

Appendix B Training Details and Hyperparameters

Table 5 reports the exact training configuration used for the three primary neural models. Table 6 reports
the settings specific to the two BDIBottleneck ablations. Unless otherwise noted, values are taken directly
from script defaults; the only global override used in all reported runs is training duration (300 epochs for
every model).

Table 5: Per-model training specification used in reported experiments.
Setting GoalPredictor Context GoalPredictor BDIBottleneck

Training script train_goal_predictor.py
train_context_goal
_predictor.py train_bdi_bottleneck.py

Epochs 300 300 300
Batch size 64 32 32
Optimizer AdamW AdamW AdamW
Base learning rate 3 × 10−4 3 × 10−4 3 × 10−4

Weight decay 10−4 10−4 10−4

LR schedule Cosine annealing; ηmin = η0/10 Warmup 0, then cosine; ηmin =
η0/10

Warmup 0, then cosine; ηmin =
η0/10

Gradient clipping Global norm 1.0 Global norm 1.0 Global norm 1.0
Dropout 0.1 0.1 0.1
Transformer config dmodel = 64, layers=3, heads=4,

dim_ff=256
dmodel = 64, layers=3, heads=4,
dim_ff=256

dmodel = 64, layers=3, heads=4,
dim_ff=256

Context sizes Not used K = 10, Krecent = 5 K = 10, Krecent = 5
Trajectory augmentation Random prefix truncation Random prefix truncation Random prefix truncation
Goal loss Cross-entropy Cross-entropy λg · cross-entropy (λg = 1.0)
Desire loss Not used Not used λd· KL divergence (λd = 1.0)
Belief loss Not used Not used λb· weighted BCE (λb = 5.0,

false-belief weight = 5.0)
Checkpoint criterion Best val goal top-1 Best val goal top-1 Best val goal top-1
Eval checkpoints Best checkpoint only Best checkpoint only Best checkpoint only

Figure 5 shows validation diagnostic curves for BDIBottleneck across all 300 training epochs. Belief overall
accuracy (left panel) rises steadily and plateaus around 76%, though this figure is dominated by the majority
open-class entries. False-belief F1 on the closed-entry subset (center panel) peaks at approximately 40% in
early training and declines to 33% at the best checkpoint, reflecting the multi-task objective’s increasing
emphasis on goal accuracy as training proceeds. Desire KL divergence (right panel) drops rapidly from 0.69
to below 0.30 within the first 50 epochs and continues declining to approximately 0.22, indicating convergent
and stable desire attribution throughout training.
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Figure 5: BDIBottleneck validation diagnostics across 300 training epochs. Left: overall belief accuracy
(all 24 entries); inflated by the majority open class. Center: false-belief F1 on believed-closed entries only;
peaks at 40.4% early and converges to 33.3%; an all-open predictor achieves 0% F1, so the converged value
reflects genuine false-belief discrimination. Right: desire KL divergence against ground-truth preference
distribution; drops from 0.69 to 0.22, reflecting rapid and stable desire learning. Best checkpoint is selected
by validation goal top-1.

Table 6 reports the settings specific to the two ablations. All hyperparameters not listed (optimizer, base
learning rate, weight decay, LR schedule, gradient clipping, dropout, transformer architecture, batch size) are
identical to BDIBottleneck as given in Table 5.

Table 6: Training settings specific to the two ablation variants. Unlisted hyperparameters match BDIBot-
tleneck exactly (Table 5).

Setting BDIBottleneck-NoDesire BDIBottleneck-NoBelief

Training script train_bdi_bottleneck_ablation.py
–ablation no_desire

train_bdi_bottleneck_ablation.py
–ablation no_belief

Epochs 300 300
Context sizes Krecent = 5; desire context K not used K = 10; recent context Krecent not used
Goal loss λg · cross-entropy (λg = 1.0) λg · cross-entropy (λg = 1.0)
Desire loss Not used λd· KL divergence (λd = 1.0)
Belief loss λb· weighted BCE (λb = 5.0, false-belief

weight = 5.0)
Not used

Checkpoint criterion Best val goal top-1 Best val goal top-1

Appendix C BDIBottleneck Ablation Study

Architecture

BDIBottleneck-NoDesire removes the desire encoder and desire head entirely. The belief head is
simplified to Linear(dmodel, M), reading only the recent-context embedding zr rather than the concatenated
[zd ∥ zr] used in the full model. The goal head input is correspondingly reduced to [b̂ ∥ zτ ] ∈ RM+dmodel . This
model receives no agent preference information beyond what the trajectory prefix itself implies.

BDIBottleneck-NoBelief removes the recent encoder and belief head entirely. The goal head input is
[π̂ ∥ zτ ] ∈ RM+dmodel . This model has no representation of which POIs the agent believes to be currently
available, and therefore cannot support belief counterfactual interventions.
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Both ablations retain the BDI bottleneck structure: the goal head reads predicted probability outputs (π̂ or
b̂) rather than raw transformer embeddings, so any performance differences reflect the marginal value of the
removed channel rather than a confound from changing the goal head’s input type.

Goal Inference Results

Figure 6: Top-1 goal accuracy vs. path fraction for BDIBottleneck (full), BDIBottleneck-NoDesire,
and BDIBottleneck-NoBelief. Left: held-in test split. Right: held-out new-agent split. NoBelief
closely tracks the full model at all fractions; NoDesire lags substantially, demonstrating that desire context
is the primary driver of goal disambiguation. Shaded bands: ±1 SD across 3 training seeds.

BDIBottleneck-NoBelief closely tracks the full BDIBottleneck on top-1 goal accuracy across all
path fractions and both evaluation splits, and is marginally higher at several fractions. BDIBottleneck-
NoDesire lags substantially below both at every fraction, with the gap widening at shorter path reveals
where trajectory evidence is weakest and the preference prior is most important for disambiguation.

Interpretation

The pattern is consistent with the BDI causal structure of the environment. Desire encodes agent category
preferences over all 24 POIs and is the dominant source of prior information for goal prediction; without it,
the model has no basis for preference-based disambiguation beyond the observed trajectory prefix. Belief, by
contrast, only modulates which POIs in the preferred category are currently believed available. Since only
0–5 of 24 POIs are believed closed per episode (3–5 in configurations with any false beliefs), the belief state
affects a small fraction of the goal distribution in expectation, so its marginal contribution to raw prediction
accuracy is modest.

The near-parity of NoBelief and the full model on prediction is not a weakness of the belief channel; it
reflects the task structure and the intended role of that component. The belief channel’s purpose is to provide
an interventionable representation that supports counterfactual analysis, not to maximize marginal predictive
accuracy. This distinction is important: BDIBottleneck-NoBelief can match the full model on goal
prediction but cannot answer the question what would this agent do if they believed a specific location was
closed? There is no belief slot to intervene on. The counterfactual evidence in Section 6 demonstrates that
the full model’s belief slot is both present and causally active (significant ∆goal with p < 10−6), which is
precisely what the ablation cannot achieve.

The small accuracy cost of retaining the belief channel therefore buys a discrete and non-trivial capability:
the ability to pose and answer belief counterfactuals over inferred agent mental states. Viewed through the
lens of the interpretable-machine-learning literature, this is the standard interpretability–accuracy tradeoff
instantiated at the level of mental-state components. Models constrained to produce human-interpretable
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intermediate representations often match or nearly match their unconstrained counterparts on prediction
while providing structure that cannot be recovered post hoc from black-box outputs. BDIBottleneck
instantiates this principle at the level of BDI components: explicit belief and desire slots are maintained
throughout the forward pass so that interventions on those slots are a native operation, not a retrofit.

Appendix D Additional Problem and Loss Details

This section collects implementation-level assumptions and secondary formulas moved from the main text for
space.

Belief-feasible goal set. For sampled desire category d, let V(d) ⊂ VPOI be the POIs in category d. The
simulator defines the belief-feasible set

A(d, b) = {v ∈ V(d) : bv = 1}. (6)

If A(d, b) = ∅, the simulator resamples d; otherwise it samples a goal from the within-category preference
distribution restricted to A(d, b) and then samples a route via a Boltzmann distribution over k shortest paths.

Auxiliary model details. In reported runs, transformer encoders use dmodel = 64, 3 layers, 4 heads, and
feedforward width 256. The goal MLP is two-layer with hidden width 256 and ReLU.

Per-term losses. Using

p̂g = softmax(ℓg), p̂d = softmax(ℓd), p̂b = σ(ℓb), (7)

the per-sample terms are
Lgoal = − log p̂g[g], (8)

Ldesire = KL(π ∥ p̂d) =
M∑

j=1
πj log πj

p̂d,j
, (9)

and weighted belief BCE

Lbelief = − 1
M

M∑
j=1

wj

[
bj log p̂b,j + (1 − bj) log(1 − p̂b,j)

]
, (10)

with wj = ω for bj = 0 and wj = 1 for bj = 1.

Defaults in the training scripts are λg = 1, λd = 1, λb = 5, and ω = 5.

Appendix E Anonymized Simulation Configuration Details

This section reports the exact belief-configuration and character-parameter settings used by the simulator,
with all POI names replaced by anonymized identifiers. POIs are indexed as POI-01 through POI-24 by
category order and within-category order.

Table 7: Anonymized POI indexing used in this appendix.
Category POI IDs (within-category order)

attend_class POI-01, POI-02, POI-03, POI-04
get_food POI-05, POI-06, POI-07, POI-08
study POI-09, POI-10, POI-11, POI-12
socialize POI-13, POI-14, POI-15, POI-16
exercise POI-17, POI-18, POI-19, POI-20
rest_home POI-21, POI-22, POI-23, POI-24
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Belief configurations are generated from config/belief_configs.json. Each config specifies a set of
falsely-believed-closed POIs; all others are believed open. Episodes per config are 25.

Table 8: Belief configurations (anonymized POI IDs).
Config Split False-belief POIs (believed closed)

B0 train none
B1 train POI-09, POI-10, POI-11
B2 train POI-05, POI-06, POI-07
B3 train POI-17, POI-18, POI-19
B4 train POI-13, POI-14, POI-15
B5 train POI-09, POI-10, POI-05, POI-06
B6 train POI-17, POI-18, POI-19, POI-13, POI-14
B7 train POI-01, POI-03, POI-02, POI-09, POI-10
BH0 held-out POI-09, POI-11, POI-17, POI-18, POI-19
BH1 held-out POI-05, POI-06, POI-08, POI-15, POI-16

Character parameters are taken from config/agent_characters.json. Table 9 reports category-level
Dirichlet parameters. Table 10 reports within-category Dirichlet parameters (4-vector aligned to the POI
order in Table 7).

Table 9: Category-level Dirichlet parameters by character (category order: attend_class, get_food, study,
socialize, exercise, rest_home).

Character class food study social exercise home

studious_stem 3.0 1.0 5.0 0.3 0.4 0.8
social_athlete 0.5 2.0 0.4 4.5 4.0 0.6
foodie_socializer 0.8 5.0 0.8 3.5 0.5 0.4
homebody_studier 1.0 0.6 2.5 0.2 0.2 6.0
well_rounded 2.0 2.0 2.0 2.0 1.5 1.5

Table 10: Within-category Dirichlet parameters by character. Each tuple is a 4-vector aligned to the category’s
POI order in Table 7.

Character Node alphas by category

studious_stem class (1.5, 1.0, 3.0, 0.5); food (0.5, 2.5, 3.0, 0.5); study (1.5, 3.5, 1.0, 3.0); social (1.5, 1.0, 0.5, 1.5);
exercise (1.0, 2.0, 0.5, 1.5); home (1.0, 3.0, 1.0, 1.5)

social_athlete class (2.0, 1.0, 1.0, 0.5); food (3.5, 0.5, 0.5, 3.0); study (2.0, 0.5, 2.5, 0.5); social (2.5, 1.0, 3.5, 1.5);
exercise (4.0, 1.0, 1.5, 3.5); home (3.0, 1.0, 0.5, 2.0)

foodie_socializer class (1.0, 1.5, 1.0, 1.5); food (3.0, 2.0, 1.0, 4.0); study (2.5, 0.5, 2.0, 0.5); social (1.5, 4.0, 1.0, 4.5);
exercise (1.0, 1.0, 0.5, 2.5); home (2.0, 1.0, 2.0, 1.0)

homebody_studier class (1.0, 1.5, 1.0, 0.5); food (0.5, 4.0, 1.0, 0.5); study (3.5, 1.0, 0.5, 2.0); social (1.0, 2.0, 0.5, 1.0);
exercise (0.5, 1.5, 0.5, 2.0); home (1.0, 1.0, 4.0, 2.5)

well_rounded class (2.0, 2.0, 2.0, 1.5); food (2.0, 2.0, 2.0, 2.0); study (3.0, 1.5, 2.0, 1.5); social (2.0, 2.0, 1.5, 2.0);
exercise (2.5, 2.0, 1.5, 2.0); home (2.0, 2.0, 2.0, 1.5)

Appendix F Additional Experiments and Results

F.1 Distractor Robustness

This evaluation tests whether the model can maintain correct goal ranking when the agent’s trajectory passes
spatially near a low-preference POI en route to a high-preference destination. We refer to such a POI as a
distractor : it is geometrically proximate to the path but causally irrelevant to the agent’s goal.

Episodes are filtered to a distractor subset using two criteria: (1) the agent’s true goal is among its top-K
preferred POIs by desire vector and (2) at least one bottom-K POI lies within a threshold distance of some
path node, excluding the final segment. Default parameters are K = 5 and threshold = 50 metres. For each
qualifying episode, we identify the distractor moment: the path step at which the agent is closest to the
distractor POI. This is the hardest inference point because the trajectory prefix, truncated to that step, is
spatially most consistent with the distractor as the destination.
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All three models are evaluated at the distractor moment on the same truncated trajectory prefix. The
headline metric is the percentage of distractor episodes in which each model correctly ranks the true goal
above the distractor POI in its predicted goal distribution, reported per belief configuration and per split.

Figure 7: Percentage of distractor episodes where the model ranks the true goal above the distractor POI, by
belief configuration. B0 is excluded (no false beliefs). The dashed line marks chance (50%). Upper panel:
held-in test agents. Lower panel: new agents.

Aggregating over all distractor episodes and belief configurations, BDIBottleneck ranks the true goal
above the distractor more often than GoalPredictor and ContextGoalPredictor on both splits.
Per-configuration results are mixed: no model dominates across every configuration, reflecting the small
episode count per configuration in the distractor subset. The aggregate advantage is consistent with the
model having learned agent-level preference representations that override spatial proximity; a model with
no access to preference context would have no basis for discounting a spatially proximate low-preference
POI. ContextGoalPredictor, which uses the same three encoder streams without explicit mental-state
supervision, remains close to BDIBottleneck on this metric, consistent with the hypothesis that preference
signal leaks into the context representation even without direct desire supervision, but that explicit supervision
sharpens the preference-proximity tradeoff at the distractor moment.

F.2 Belief Head Sensitivity

For each (agent, POI) pair, we compute an evidence count from training episodes (how often that agent
visited that POI) and a belief sensitivity score on test episodes, using the same ∆ definition from Section 5.4.
Positive ∆ indicates separation in the expected direction for that (agent, POI) pair. Because the belief head
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consumes only context encodings (not the current trajectory embedding zτ ), this analysis is reported once
rather than per path-fraction.

Figure 8: Belief-head sensitivity by training evidence on the test split. Bars show mean ∆ per evidence bin,
where ∆ = P̂ (C | bj=0) − P̂ (C | bj=1). Error bars denote ±1 standard error across (agent, POI) pairs, and
labels show the number of pairs in each bin.

Figure 8 summarizes mean ∆ by evidence bin (0, 1–3, 4–8, 9–15, 16+ visits), with error bars showing
standard error across (agent, POI) pairs. Most bins are positive, indicating non-trivial belief discrimination
overall. However, the pattern is not monotonic in evidence: low-evidence and high-evidence bins can both be
positive, and the 1–3 bin is near zero with wide uncertainty. This indicates that while the model captures
belief-relevant signal, increased visit-frequency evidence alone does not produce a clean increase in sensitivity
in this evaluation.

F.3 Agent-Clustered Sensitivity Analysis for Belief Counterfactuals

To assess robustness to within-agent dependence, we run an agent-clustered sensitivity analysis for belief
counterfactual effects: episode-level deltas are averaged within each agent, then one-sided tests are applied to
the 15 agent-level means per split. The directional pattern is preserved (positive alternative gain, negative
goal drop), but most clustered tests are weaker than episode-level tests; the clearest retained effect is goal-drop
on the held-out new-agent split.
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Table 11: Agent-clustered sensitivity analysis for counterfactual belief effects at 50% path (rank ≤ 3). For
each agent, episode-level deltas are averaged to one value per outcome (nagents = 15 per split), then one-sided
tests are applied to agent-level means.

Split Outcome Mean 95% CI Permutation p Sign test p

Test ∆alt 0.0054 [-0.0009, 0.0125] 0.0784 0.1509
Test ∆goal -0.0122 [-0.0259, 0.0013] 0.0521 0.0592
Test (new agent) ∆alt 0.0050 [-0.0040, 0.0141] 0.1634 0.5000
Test (new agent) ∆goal -0.0233 [-0.0338, -0.0130] 0.0006 0.0037

F.4 Belief Counterfactual: Full Path-Fraction Sweep

Table 12 reports mean ∆alt and ∆goal across all four evaluated path fractions for both splits. On the held-in
test split, goal-drop magnitude decreases monotonically from 25% to 75% reveal (from −0.020 to −0.010),
consistent with trajectory evidence increasingly outweighing the belief intervention as more of the path is
observed. The held-out new-agent split shows a flatter or slightly growing pattern, suggesting that trajectory
embeddings carry less agent-specific information for unseen agents, leaving the belief channel more influential
throughout. Figure 9 shows the corresponding category-level effects at 25% reveal.

Table 12: Mean ∆alt and ∆goal for belief counterfactual interventions at each path fraction (rank ≤ 3, n = 206
test / n = 237 new-agent episodes).

Test Test (new agent)

Path fraction ∆alt ∆goal ∆alt ∆goal

25% +0.0120 −0.0200 +0.0013 −0.0229
50% +0.0061 −0.0147 +0.0055 −0.0240
75% +0.0040 −0.0100 +0.0017 −0.0264

100% +0.0072 −0.0171 +0.0007 −0.0242
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Figure 9: Belief counterfactual at 25% path reveal (rank ≤ 3, 2×2 panel). Top row: held-in test split; bottom
row: held-out new-agent split. Left column: mean alternative gain. Right column: mean goal drop. Error
bars: ±1 SE. Compare to the 50% results in Figure 4: goal-drop magnitude is larger here on held-in agents,
consistent with weaker trajectory evidence at earlier reveals.

Appendix G Top-1 Goal Inference Values (10% Fractions)

Table 13 reports the exact top-1 values underlying the main-text goal-inference curves at 10% path-fraction
increments for the standard test and held-out new-agent splits.

Table 13: Top-1 goal inference accuracy (%) at 10% path-fraction increments.
Path Test Test (new agent)

frac. (%) GoalPred CtxGoalPred BDI GoalPred CtxGoalPred BDI

10 6.11 12.22 13.89 5.35 11.32 11.74
20 10.97 18.40 20.49 9.58 14.86 19.10
30 16.46 21.39 24.10 16.67 20.28 23.54
40 23.54 27.57 31.74 23.12 24.65 33.26
50 27.99 31.53 36.32 26.46 28.75 36.11
60 30.21 37.22 40.62 29.31 33.06 41.11
70 36.39 39.03 45.49 37.99 35.83 45.97
80 45.07 44.72 52.99 47.08 41.32 54.38
90 51.46 47.22 58.54 50.62 45.21 60.35

100 44.38 45.76 55.56 45.69 43.33 56.88
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Table 14: McNemar’s exact test (BDIBottleneck vs. baselines) at 10% path-fraction increments. Holm–
Bonferroni adjusted p-values across 40 tests. Bold = significant at α = 0.05. Top panel: 10–50%; bottom
panel: 60–100%.

Split Comparison 10% 20% 30% 40% 50%

test BDI vs. GP < 0.001 < 0.001 0.282 < 0.001 0.001
BDI vs. CTX 1.000 1.000 1.000 1.000 1.000

test_new_agent BDI vs. GP 0.001 < 0.001 0.276 < 0.001 < 0.001
BDI vs. CTX 1.000 1.000 0.919 1.000 1.000

Split Comparison 60% 70% 80% 90% 100%

test BDI vs. GP < 0.001 < 0.001 0.005 0.045 < 0.001
BDI vs. CTX 0.114 0.479 0.047 0.007 0.145

test_new_agent BDI vs. GP < 0.001 0.120 1.000 0.191 0.002
BDI vs. CTX 1.000 0.003 0.004 0.001 0.005

Appendix H Statistical Significance of Goal Inference Gains

Tables 14 and 15 report McNemar’s exact paired tests comparing BDIBottleneck against each baseline
at all ten 10%-increment path fractions, on both in-distribution and held-out new-agent splits. p-values
are adjusted with Holm–Bonferroni correction across 40 simultaneous tests (α = 0.05). BDIBottleneck
significantly outperforms GoalPredictor at most fractions on both splits (21 of 40 tests significant overall).
Gains over ContextGoalPredictor emerge most consistently at longer path reveals (80–100%) and on held-out
agents (70–100%), consistent with the hypothesis that explicit mental-state supervision provides the greatest
benefit when generalising to unseen agents. The within-agent clustering structure (15 agents ×≈32 episodes
each) means that McNemar’s exchangeability assumption is mildly violated; treating episodes as independent
therefore slightly underestimates the true standard error, and borderline p-values should be interpreted
conservatively.

Appendix I Top-5 Goal Inference

Top-5 goal accuracy curves are provided here as a complement to the top-1 analysis in Section 6. At top-5,
all three learned models (GoalPredictor, ContextGoalPredictor, and BDIBottleneck) improve substantially,
narrowing the relative gap between them. BDIBottleneck continues to lead on both splits across all path
fractions, and the separation between BDIBottleneck and ContextGoalPredictor remains visible, particularly
at mid-range fractions (50–75%) where the desire bottleneck provides the most disambiguation benefit. The
near-convergence of all models at 100% path reveal on the new-agent split indicates that full trajectory
information partially compensates for the lack of mental-state supervision when the task is relaxed from top-1
to top-5.
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Table 15: Full McNemar’s exact test results at 10% path-fraction increments. n01: BDI correct & baseline
wrong; n10: baseline correct & BDI wrong; p: raw two-sided p-value; p∗: Holm–Bonferroni adjusted (40 tests
total). Bold = significant at α = 0.05.

Split Comparison Frac n n01 n10 p p∗

test

BDI vs. GoalPredictor

10% 480 15 51 < 0.001 < 0.001
20% 480 19 69 < 0.001 < 0.001
30% 480 44 70 0.019 0.282
40% 480 39 90 < 0.001 < 0.001
50% 480 40 86 < 0.001 0.001
60% 480 36 97 < 0.001 < 0.001
70% 480 39 91 < 0.001 < 0.001
80% 480 43 86 < 0.001 0.005
90% 480 45 80 0.002 0.045

100% 480 40 91 < 0.001 < 0.001

BDI vs. ContextGoalPredictor

10% 480 34 37 0.813 1.000
20% 480 41 47 0.594 1.000
30% 480 45 56 0.320 1.000
40% 480 47 62 0.180 1.000
50% 480 50 63 0.259 1.000
60% 480 42 72 0.006 0.114
70% 480 49 73 0.037 0.479
80% 480 45 80 0.002 0.047
90% 480 42 83 < 0.001 0.007

100% 480 50 81 0.009 0.145

test_new_agent

BDI vs. GoalPredictor

10% 480 11 41 < 0.001 0.001
20% 480 16 68 < 0.001 < 0.001
30% 480 37 61 0.020 0.276
40% 480 31 77 < 0.001 < 0.001
50% 480 32 81 < 0.001 < 0.001
60% 480 31 83 < 0.001 < 0.001
70% 480 49 81 0.006 0.120
80% 480 60 80 0.108 1.000
90% 480 52 82 0.012 0.191

100% 480 40 85 < 0.001 0.002

BDI vs. ContextGoalPredictor

10% 480 42 40 0.912 1.000
20% 480 44 59 0.167 1.000
30% 480 47 49 0.919 0.919
40% 480 55 64 0.463 1.000
50% 480 56 71 0.214 1.000
60% 480 58 74 0.191 1.000
70% 480 44 89 < 0.001 0.003
80% 480 49 95 < 0.001 0.004
90% 480 44 92 < 0.001 0.001

100% 480 42 84 < 0.001 0.005

Figure 10: Top-5 goal accuracy vs. path fraction on the held-in test split for the three learned models.
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Figure 11: Top-5 goal accuracy vs. path fraction on the held-out new-agent split. The generalization gap
between test and new-agent performance narrows relative to the top-1 setting, consistent with the relaxed
identification requirement.

Appendix J Desire Counterfactual: Full Path-Fraction Sweeps

The main results section reports desire counterfactual delta matrices at 50% path reveal for both prototype
modes on both evaluation splits. This appendix provides the complete four-fraction sweep (25%, 50%,
75%, 100%) for both prototype modes and both splits. The sweep shows that the off-diagonal structure —
substituting category j increases predicted probability mass on POIs in category j — is present at every
fraction and strengthens as path reveal increases. This progression is expected: a longer observed prefix
provides more trajectory-based disambiguation, so the goal head responds more sharply to the desire signal
at higher fractions. At 25% reveal the delta values are smaller in magnitude but the directional pattern is
consistent, indicating that desire substitution influences goal prediction even under severe partial observability.
The off-diagonal significance reported in Table 2 holds at all four fractions (permutation p ≤ 10−4 in every
case); 50% is reported as the representative fraction for the main text.

26



Under review as submission to TMLR

Figure 12: Full four-fraction desire counterfactual delta matrices, model-derived prototypes, held-in test split.
Panels correspond to 25%, 50%, 75%, and 100% path reveal (left to right). Rows are source desire categories;
columns are transplanted categories; each cell is the mean change in category-level goal probability relative
to the no-swap baseline.

Figure 13: Full four-fraction desire counterfactual delta matrices, model-derived prototypes, held-out new-
agent split. The off-diagonal structure generalizes across held-out agents, indicating that the desire channel’s
influence on goal prediction is not agent-specific.

Figure 14: Full four-fraction desire counterfactual delta matrices, handcrafted category-only prototypes,
held-in test split. Handcrafted prototypes place uniform mass over the four POIs in the target category and
zero elsewhere, producing a sharper desire signal than model-derived prototypes and correspondingly larger
delta magnitudes.
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Figure 15: Full four-fraction desire counterfactual delta matrices, handcrafted category-only prototypes,
held-out new-agent split. The stronger category signal of handcrafted prototypes produces consistently larger
shifts than model-derived prototypes across both splits and all fractions.

Appendix K Desire Prototype Distributions

Figures 16–19 visualize the prototype vectors used in the desire counterfactual experiments. Model-derived
prototypes are computed as the mean of all inferred desire vectors π̂i within each category, aggregated over
evaluation episodes. Because individual desire estimates are smooth distributions over all 24 POIs rather than
one-hot category indicators, model-derived prototypes retain non-trivial mass outside the target category. This
spread explains why model-derived prototypes produce smaller delta magnitudes than handcrafted prototypes:
the transplanted signal is less categorically concentrated. Handcrafted prototypes are deterministic and
category-specific by construction, serving as an idealized upper bound on the sharpness of the desire signal.

Figure 16: Model-derived prototype distributions on the held-in test split. Each panel shows the 24-POI
mean desire vector for one target category, with POIs grouped and color-coded by category. Non-trivial mass
outside the target category reflects the smoothness of individual desire estimates.
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Figure 17: Model-derived prototype distributions on the held-out new-agent split. The within-category
concentration is comparable to the test split, indicating that the desire encoder learns category-consistent
representations that generalize to unseen agents.

Figure 18: Handcrafted category-only prototype distributions on the held-in test split. Each prototype assigns
uniform mass over the four POIs in the target category and zero mass elsewhere, providing a sharp, idealized
desire signal for comparison with model-derived prototypes.
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Figure 19: Handcrafted category-only prototype distributions on the held-out new-agent split. Identical
in construction to Figure 18; shown separately to confirm that prototype construction is split-invariant by
design.
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