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ABSTRACT

Operating in environments alongside humans requires robots to make decisions
under uncertainty. In addition to exogenous dynamics, they must reason over
others’ hidden mental-models and mental-states. While Interactive POMDPs and
Bayesian Theory of Mind formulations are principled, exact nested-belief infer-
ence is intractable, and hand-specified models are brittle in open-world settings.
We address both by learning structured mental-models and an estimator of oth-
ers’ mental-states. Building on the Influence-Based Abstraction, we instantiate an
Influence-Augmented Local Model to decompose socially-aware robot tasks into
local dynamics, social influences, and exogenous factors. We propose (a) a neuro-
symbolic world model instantiating a factored, discrete Dynamic Bayesian Net-
work, and (b) a perspective-shift operator modeled as an amortized Schrödinger
Bridge over the learned local dynamics that transports factored egocentric be-
liefs into other-centric beliefs. We show that this architecture enables agents
to synthesize socially-aware policies in model-based reinforcement learning, via
decision-time mental-state planning (a Schrödinger-Bridge in belief space), with
preliminary results in a MiniGrid social navigation task.

1 INTRODUCTION

A socially-aware robot acts alongside humans and robots, pursuing its own goals while enabling
others to achieve theirs and accommodating known or inferred needs. Hence, it must make deci-
sions under partial observability: both of the environment and of others’ mental-models and mental-
states. We adopt the lens of classical Interactive POMDPs (I-POMDPs) (Gmytrasiewicz & Doshi,
2004) and Bayesian Theory of Mind (BToM) (Baker et al., 2011): mental-models are (known or in-
ferred) internal transition, observation, reward and action models, and mental-states are probability
distributions over latent states (beliefs). The knowledge-representation community has formalized
perspective-taking (Flavell, 1992) with ontologies/semantic memory (Milliez et al., 2014; Sarthou
et al., 2019), epistemic human-aware task planners (Shekhar et al., 2025), and dynamic epistemic
logic (Bolander & Andersen, 2011; Bolander et al., 2021), yielding interpretable and verifiable sys-
tems. Yet these symbolic models are brittle in open-world settings with stochastic dynamics, and
exact nested-belief reasoning quickly becomes intractable; PSPACE at level-0, and EXPSPACE in
the worst case with factored dynamics and exponential horizon (Mundhenk et al., 2000). In con-
trast, probabilistic sequential decision-making naturally handles uncertainty but typically assumes
prescribed models and still suffers from the nested-belief explosion.

As a step toward unifying symbolic knowledge representation and probabilistic sequential decision-
making, we propose a data-driven architecture that learns (i) factored, discrete mental-models and
(ii) a tractable belief-to-belief map for perspective-taking in factored latent space. The key idea
is to cast perspective-taking as belief transport via a Schrödinger Bridge (SB) (Fortet, 1940) de-
fined over learned local reference dynamics, producing other-centric beliefs compatible with local
dynamics. Building on the Influence-Based Abstraction (IBA) framework (Oliehoek et al., 2021),
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(a) (b)

Figure 1: (a) Influence-Augmented Local Model; (b) Neuro-Symbolic World Model Architecture.

we instantiate an Influence-Augmented Local Model (IALM) to decompose socially-aware robot
tasks into local dynamics, social influence, and exogenous factors. We operationalize this with a
neuro-symbolic world model and a perspective-shift operator as an amortized SB that runs online
at decision-time. Inspired by Simulation Theory (Goldman, 1992), the agent seeds a mental-state
and reuses its cognitive machinery to simulate others’ mental-state dynamics, yielding a “what-if”
other-centric belief for decision-making akin to model predictive control in mental-state space.

Preliminary results in a grid-world social navigation task show our SB-based perspective-taking
learns faster and achieves higher returns than using the true context-free current belief. Our contri-
butions are: (1) a practical influence-augmented decomposition for social tasks; (2) a factored, dis-
crete neuro-symbolic world model; and (3) perspective-taking via an amortized Schrödinger Bridge
that enables model-based belief-space planning at decision-time.

2 BACKGROUND

2.1 INFLUENCE-AUGMENTED LOCAL MODEL

The IBA framework (Oliehoek et al., 2021) addresses the challenge of partitioning large state spaces
in structured multi-agent settings by factorizing the global model into smaller, tractable local models
and by identifying influence points that compactly capture boundary effects. When modeled exactly,
the influence is a sufficient statistic that enables an IALM to compute an exact best response (for
fixed external policies) while avoiding reasoning over the full global space. In practice, enumerating
all influence sources and updating their estimates is intractable, and approximations are used (Suau
et al., 2022). The factored representation makes the probabilistic dependency structure explicit and
yields a compact two-stage Dynamic Bayesian Network (2DBN) (Boutilier et al., 1999; Poupart,
2005).

An IALM extends a local factored POMDP (FPOMDP) with a factored global state S =
{S1, . . . , Sk} partitioned into the following variables: local state X , influence sources U , and non-
local states Y . Let st ∈ S = ×k

i=1Si, xt ∈ X = ×i∈XSi, ut ∈ U = ×i∈USi, and action at ∈ A
at time t. The key insight from Oliehoek et al. (2021) is that a minimal d-separating set (Koller &
Friedman, 2009) Dt, a subset of the action-local-state history ht = ⟨x1, a1, . . . , at−1, xt⟩, is suf-
ficient to predict the influence distribution I(ut | Dt). Dt+1 is constructed deterministically with
function d(·): Dt+1 = d(ht). We arrive at the tuple MIALM = ⟨S̄,A, T̄ , R,O, Ō, b0⟩, where S̄ is
the augmented local state space s̄t = ⟨xt, Dt+1⟩, T̄ (xt+1 | s̄t, at) is the augmented local transition,
Ō(ot+1 | at, xt+1) is the local observation with ot+1 ∈ O, R(xt, at, xt+1) is the local reward, and
b0 is an initial local belief. The influence adjusts the local transition by marginalization:

T̄ (xt+1 | s̄t, at) =
∑

ut+1∈U

Pr(xt+1 | xt, at, ut+1) I(ut+1 | Dt+1) (1)

2.2 SCHRÖDINGER BRIDGE

Originally conceived to explain the most likely path distribution (the bridge) between the start and
end points of moving particles under an assumed dynamics model, a Schrödinger Bridge (SB) can
be formulated as the probability law on paths linking two endpoint marginals (Schrödinger, 1931;
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Chetrite et al., 2021); the goal is to discover a new law describing the dynamics of the trajectory.
SB can be viewed as a special case of Optimal Transport: dynamic entropic optimal transport with
reference dynamics (Léonard, 2014); we minimize a pathwise KL divergence to the trajectory dis-
tribution induced by the reference transition model.

Given a reference local dynamics Ṫ (xt+1 | xt, at), start/end marginals (beliefs) b0 and bn, and con-
ditioning on a fixed action sequence a0:n−1, we seek a bridge T̄ = {T̄t}n−1

t=0 (a family of time-
varying transitions) whose induced trajectory distribution is closest to that of the reference Ṫ . Con-
cretely, we compute T̄ such that its induced trajectory distribution PT̄ minimizes KL

(
PT̄ ∥PṪ

)
,

subject to the endpoint marginals (b0, bn). This yields a first-order, time-inhomogeneous Markov
chain. Here we focus on the space-time Sinkhorn method (Fortet, 1940), where forward and back-
ward potentials ϕt, ψt ∈ R|X |

>0 are propagated through the reference Ṫ and produce the bridge. We
parametrize the potentials with context ct := Dt+1 = d(ht) with ht = ⟨x1, a1, . . . , at−1, xt⟩. The
Schrödinger system becomes:

ψt(xt; ct) =
∑
xt+1

Ṫ (xt+1 | xt, at)ψt+1(xt+1; ct+1),

ϕt+1(xt+1; ct+1) =
∑
xt

ϕt(xt; ct)Ṫ (xt+1 | xt, at),

pt(xt) = ϕt(xt; ct)ψt(xt; ct), p0 = b0, pn = bn

(2)

The steered transitions take the Doob h-transform form (Doob, 1957):

T̄t(xt+1 | s̄t, at) = Ṫ (xt+1 | xt, at)
ψt+1(xt+1; ct+1)

ψt(xt; ct)
, where s̄t := ⟨xt, Dt+1⟩ (3)

The induced trajectory distribution, with initial state distribution µ0, is:

PT̄ (x0:n) ∝ ϕ0(x0; c0)µ0(x0)

[ n−1∏
t=0

Ṫ (xt+1 | xt, at)
]
ψn(xn; cn) (4)

One way to view this process is as control-as-inference (Todorov, 2006), targeting a minimum-effort
steering of a noisy passive dynamic process. In Section 3 we instantiate an IALM as a neuro-
symbolic world model that learns (S̄, Ṫ ,O, Ō,D). We then realize T̄ = {T̄t} as an approximation
of the ideal IALM transition in Eq. 1 via an amortized Schrödinger Bridge tilt of Ṫ for perspective-
taking. The potentials ϕ and ψ are trained offline with epistemic counterfactuals.

3 METHOD

3.1 NEURO-SYMBOLIC WORLD MODEL

We instantiate the IALM as a neuro-symbolic world model, composed of a hierarchy of discrete
variational-autoencoders (dVAEs) with Gumbel-Softmax (Jang et al., 2017; Maddison et al., 2017)
trained end-to-end on transitions (ot, at, ot+1), explicitly modeling the structural components of
a 2DBN (See Fig. 1). Raw observations are encoded into a latent of shape (C,F ), where C is the
number of discrete observation factors and each has F categories. These are then mapped to factored
state latents (N,K), withN state factors each withK categories. A local, influence-naı̈ve transition
model Ṫ maps the current factored state and a one-hot action to the next factored latent state. The
transition model uses α-entmax (Peters et al., 2019) cross-attention over the input state factors to
induce exact-zero, data-driven sparsity, exploiting latent parent–child structure.

3.2 PERSPECTIVE-SHIFT OPERATOR

Extending Alcedo et al. (2025), we estimate others’ beliefs via an SB-based perspective-shift opera-
tor: b̂i = ΦSB(b0, x̂i, a0:n−1, Ṫ ), where b0 is the egocentric belief, x̂i is the locally observed relative
state of another agent i, Ṫ is the learned local influence-naı̈ve transition model (the reference dy-
namics), a0:n−1 is a proposed action sequence hypothesized for agent i generated via an upstream

3



Presented at World Modeling Workshop 2026

(a) (b)

Figure 2: (a) Perspective-shift representations. Left: global state. Right: ground-truth observations
(top); factored, discrete latent states (second); actions (third); next-step latent states (fourth); re-
constructed observation (last). (b) Median episodic returns over 5 seeds, shaded band denotes 95%
bootstrap CI of the median; dashed line: Perfect-Information baseline final median.

local planner, and b̂i is the estimated other-centric belief. We implement ΦSB by learning the po-
tentials (ϕ̂t, ψ̂t) using a bi-directional sequence model (BiGRU) with α-entmax attention on the
action-local-state history ht = ⟨x1, a1, . . . , at−1, xt⟩ generated from a roll-out using the reference
model Ṫ . The sparsity induced by α-entmax on ht serves as the deterministic update to compute
the approximate minimal d-set from the action-local-state history Dt+1 = d(ht). At training time,
we sample “epistemic counterfactuals” (other-centric beliefs) bn in a single-agent task from the
environment to amortize the potentials that realize T̄ via the Doob h-transform of Ṫ , minimizing
KL

(
PT̄ ∥PṪ

)
subject to the endpoints. At inference, we tilt Ṫ with the amortized potentials (ϕ̂t, ψ̂t)

parametrized by ct := Dt+1 = d(ht) to reach an estimate for b̂i. The learning objective is done at
the per-factor level, enabling d(ht) to contextually manage the tilt by masking factors. The objective
becomes: L = LŌ + LṪ + LΦ. We employ training stabilization techniques that will be discussed
and ablated in the full manuscript; these include: Gumbel-softmax τ annealing, knowledge distilla-
tion confidence-gating, and socially-weighted epistemic counterfactuals objectives at two levels of
reasoning.

4 PRELIMINARY RESULTS, LIMITATIONS & NEXT STEPS

We evaluate our approach for influence-aware policy learning in a multi-agent model-based rein-
forcement learning setting. Environment: partially-observable Minigrid (Chevalier-Boisvert et al.,
2023), with discrete observations and actions. Person-following Task: follow a fixed-policy agent
to an unknown target while satisfying social norms (Alcedo et al., 2025). The environment rewards
proximity and visibility, gives a large terminal reward for reaching the goal, penalizes collisions,
and truncates episodes when the follower stays too far away for too long. Influence-aware Policy:
at = πDQN(b

0
t , b̂

i
t). Baselines: (i) Perfect-information, true current belief of the other agent with

no context/history: b̂it = bit, (ii) No-information: b̂it ∼ Uniform(∆X), and (iii) Reference (local dy-
namics) multi-step rollout: b̂it =

∏n−1
Ṫ (·). Results: SB learns faster and achieves higher returns

than all baselines (See Fig. 2), highlighting the benefit of decision-time, context-aware mental-state
planning over context-free estimates. Currently, our approach assumes homogeneity in the per-
ception and action models of other agents, we aim to address this in future work by adapting the
belief-to-belief transform objective via heterogeneous epistemic counterfactuals.

5 RELATED WORK

Latent perspective-taking has been approached via meta-learned agent embeddings (Rabinowitz
et al., 2018), latent state-space world models that generate other-centric observations (Chen et al.,
2023), and latent opponent/teammate modeling under partial observability (Labash et al., 2020;
Papoudakis et al., 2021). In contrast, we cast perspective-taking as belief-to-belief transport, imple-
menting an amortized SB within a learned IALM to produce other-centric beliefs for decision-time
mental-state planning; we extend the local-model-only approach of Alcedo et al. (2025). Suau et al.
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(2022) instantiate IALMs at scale in multi-agent reinforcement learning settings, with prescribed
influence sources and learned predictors, and Suau et al. (2025) learn influence-aware memory and
a d-set selector in pixel space (ours operates in latent space). Finally, Wang et al. (2023) proposed
the generalized belief transport method for teacher-student learning settings modeled via a static
unbalanced entropic optimal transport, whereas we use a Schrödinger Bridge.
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de la Société Mathématique de France, 85:431–458, 1957. doi: 10.24033/bsmf.1494. URL
https://www.numdam.org/articles/10.24033/bsmf.1494/.

John H. Flavell. Perspectives on perspective taking., pp. 107–139. The Jean Piaget symposium
series. Lawrence Erlbaum Associates, Inc, Hillsdale, NJ, US, 1992. ISBN 0-8058-1050-1 (Hard-
cover).

5

https://doi.org/10.24963/kr.2021/12
https://www.numdam.org/articles/10.24033/bsmf.1494/


Presented at World Modeling Workshop 2026

Robert Fortet. Résolution d’un système d’équations de M. Schrödinger. Journal de Mathématiques
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