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Abstract

This perspective article discusses an emerging research direc-
tion: to what extent can foundation models yield usable struc-
ture for modeling the physical world? We offer a Markovian
formulation of structured world models and outline the no-
tion of multi-level hybrid world representations that support
compositional structure. We then review and suggest possible
discovery paradigms, spanning distillation, interaction-driven
continual learning, and ensemble learning.

Introduction
Foundation models encode broad statistical priors but leave
unclear how much explicit, executable structure—states,
operators, constraints—can be extracted and refined for
perception, reasoning, and control in the physical world.
Purely parametric approaches capture correlations yet ob-
scure causality; purely symbolic approaches offer clarity
but struggle with coverage and robustness. An emerging re-
search question is how far foundation model priors can be
pushed toward a structured world model.

In this perspective article, we first outline a definition of
structured, Markovian world models, as well as the idea of
multi-level hybrid world representations across forms, do-
mains, and modalities. We then discuss paradigms that dis-
cover these world models and representations. While most
existing approaches have focused on using foundation mod-
els for various forms of supervision in learning and opti-
mization, we highlight the possibility of co-evolving founda-
tion models through interaction, as well as integrating mul-
tiple foundation model experts. Altogether, this paradigm
aims to discover structured world models that are expres-
sive and flexible, generalize across tasks, leverage domain
knowledge when available, remain interpretable, editable,
and auditable, and have the potential to identify new gen-
erative rules of the physical world.

Numerous papers fall into this emerging trend. This per-
spective article is not intended to be a survey; thus, we re-
fer to only a few representative papers to illustrate the idea,
which admittedly are biased toward the authors’ work.
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Figure 1: An emerging research direction is to discover
structured, Markovian world models with hybrid represen-
tations from foundation models, which involves the co-
evolution of the representations and models via interaction.

Goal of Discovery—Structured World Models
We assume that the physical world has compositional ab-
stractions and is Markovian. The structured world models—
our goal to be discovered from observations and foundation
models, and refined through co-evolution—include
• States, including entities and their attributes, as well as

the scene context;
• Transition functions that are probabilistic and capture

how states change conditioned on actions.
Depending on the tasks, we may also want to discover

• Relations and ontologies among state representations;
• Constraints and physical laws that contract a subset of

representations, transition rules, or both.
There are also perceivers and generators—neither part of

the structured world model in our definition, but both bridg-
ing state representations to raw observations (See Figure 1).
They may be in various forms. Perceivers are now typically
multi-modal foundation models, though modality-specific
encoders are still used. Generators may range from founda-
tion models, to traditional physics engines, to differentiable
or neural renderers or simulators, to text-to-image/video/4D
generative models.
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Hybrid World Representations
We present hybrid world representations—capturing hetero-
geneity across multiple levels and dimensions of abstraction.

Form. Its hybrid form mixes explicit, interpretable tokens,
such as natural language and code (Tang, Key, and Ellis
2024; Oswald et al. 2024), with implicit, latent features. Ex-
amples include the Scene Language (Zhang et al. 2025a) for
visual generation, and neuro-symbolic planning (Mao et al.
2022; Han et al. 2024; Liu et al. 2024b). Here,
• Explicit tokens (discrete language/code) directly link to

the foundation model’s reasoning space, keeping learned
knowledge interpretable and anchored to learned priors.

• Implicit features (continuous latent vectors) provide ex-
pressivity for capturing complex structures, such as ge-
ometry, texture, and physics.

Domains. At the middle level, the representation is hybrid
as it captures, collectively but disjointly, attributes from dif-
ferent domains. For example, a hybrid representation for ob-
ject appearance and physics, sharing the same form across
domains, has enabled flexible world modeling and action-
conditioned prediction across diverse object matters (Li
et al. 2023b, 2024b, 2025; Liu et al. 2024a; Gao et al. 2025).

Modalities. At the lower level, even if in the same form
(e.g., all explicit) and the same domain, representations may
still be hybrid to fuse the complementary strengths of each
representation (Song, Song, and Huang 2020).

Intuitively, we argue that these multi-level hybrid rep-
resentations strike a bias-variance trade-off, enabling the
learning of a generalizable, structured world model from
limited observations and sample-efficient interactions.

Paradigm of Discovery
The discovery paradigm comprises foundation-model-
guided learning (sometimes called distillation), continual
learning through interaction, and ensemble learning with
multiple expert foundation models. Soon, multi-stage dis-
covery paradigms that fuse these threads will likely emerge.

Foundation-model-guided learning
The most direct way to extract a structured world model
from a foundation model is to use the latter as supervi-
sion, broadly defined. This includes prompting, gradient-
based optimization (including distillation sampling), rein-
forcement learning, and beyond.

Prompting queries a pretrained foundation model (e.g., a
large language model or vision language model) using real-
world observations (e.g., language, images) in an inference-
only way. The produced structure might be in diverse forms,
spanning semantic programs for words (Hsu et al. 2025),
policies (Liang et al. 2023), motion plans (Singh et al. 2023),
sentences (Surı́s, Menon, and Vondrick 2023; Gupta and
Kembhavi 2023) to object and scene layouts (Ritchie et al.
2023; Hu et al. 2024; Sun et al. 2025), as well as hybrid rep-
resentations that combine heterogeneous pre-trained foun-
dation models (Ganeshan et al. 2024; Wong et al. 2024;
Zhang et al. 2025a).

Gradient-based optimization assumes a differentiable
generative engine that translates the state representations
into raw data format, such as images and language. The
generation results are assessed based on their likelihood us-
ing a foundation model, and the gradients are used to re-
fine the representations. Often, the real-world counterparts
of the generation output are missing; in such cases, founda-
tion models can be used to augment and complete real-world
observations (Zhang et al. 2024; Zhao et al. 2025; Wu et al.
2025), or sampling methods can be employed to compute
gradients despite the gap (Poole et al. 2023; Sargent et al.
2024).

Reinforcement learning may be used when the founda-
tion models to be distilled, or any modules such as the gen-
erators (which themselves can be foundation models), are
not differentiable (Ahn et al. 2022; Wang et al. 2025a,b).

Continual learning through interaction
Beyond distillation from foundation models guided by pas-
sive observations (Nottingham et al. 2023; Brahman et al.
2024; Li et al. 2024a), we may benefit from continual learn-
ing to refine the discovered worlds and, possibly, the foun-
dation models themselves through interactions with the real
world. Recall that our structured world model includes the
state representations and transition rules. After initializing
them via foundation-model-guided learning, as described
above, the continual learning paradigm, including an iter-
ative cycle of perception, interaction, and symbolic abstrac-
tion, will better leverage the commonsense knowledge from
foundation models. The interactive, continual learning pro-
cess is driven by two objectives: (1) discovering state rep-
resentations and transition rules that best explain the real-
world observations, and (2) jointly optimizing the decision-
making policy that builds on the learned structured world
model to achieve task reward (Guan et al. 2023; Tang, Key,
and Ellis 2024; Zhu and Simmons 2024).

Interactive learning is mutually beneficial. Our structured
world model and its hybrid representations continue to im-
prove through the interpretation of interaction results by
foundation models; at the same time, new knowledge gained
from interactions is fed back into foundation models, en-
abling their continued pre-training for better compression,
summarization, and future reasoning. This establishes a co-
evolving loop in which both world models and foundation
models become more capable.

Ensemble learning with multiple experts
The discovery paradigms are not restricted to a single foun-
dation model. Even more so than ever, it appears to be crit-
ical to fuse the knowledge of heterogeneous experts trained
on disparate datasets.

Such fusion can be straightforward for inference-only dis-
covery processes—one expert, or foundation model, can be
prompted to invoke others sequentially or hierarchically (Li
et al. 2023a), potentially in a probabilistic way (Zhang et al.
2025b). For reinforcement learning, rewards from individual
experts may also just be combined (Wong et al. 2024). Inte-
gration becomes technically more challenging for gradient-

41021



based optimization, which requires careful designs to en-
sure that each module is (approximately) differentiable (Hsu
et al. 2023; Mao, Tenenbaum, and Wu 2026).

An emerging idea is reinforcement learning (RL) with
tool orchestration. Given a query, the planner, which itself
is likely a foundation model, samples a candidate program
that specifies which executors, or experts, to call and how
to compose their outputs (Schick et al. 2023). The pro-
gram trace is optimized based on propagated rewards using
policy-gradient methods. This way, both the planner and ex-
ecutors are optimized jointly under the same RL framework,
yielding a form of multi-agent co-evolution: planners adapt
their strategies as hybrid world representations evolve, while
experts adapt to the distribution of queries they are invoked
to solve. This loop allows the system to refine the structured-
world model collaboratively across modules.

Advantages of Our Formulation
We highlight a few unique advantages of our formulation.

Leveraging the MDP structure of the physical world.
Our representation is natively aligned with Markov deci-
sion processes: it separates states (entities, attributes, and
scene context) from actions and transition functions, making
the causal structure explicit and learnable, offering action-
conditioned prediction “for free”. Within the MDP frame-
work, hybrid world representations provide additional flex-
ibility. For example, in robotic manipulation, states can be
parameterized as a combination of object poses as continu-
ous vectors and symbolic state descriptions, e.g., “on”, “left
to”. The transition can be modeled as probabilistic outcomes
of actions based on the hybrid representation.

Generalizing through compositional abstractions. Ab-
straction and compositionality collectively enable system-
atic generalization. Abstraction allows knowledge to extend
beyond particular instances—for example, physical rules ap-
ply to new objects through object-based abstraction. Com-
positional abstractions allow individual pieces of knowledge
to be used in new situations and combined to form new
knowledge. Together with the Markovian assumption, they
enable a compact (and therefore efficiently learnable) de-
scription of the world’s states and transition rules.

Incorporating domain knowledge when available. The
hybrid form makes it easy to inject priors at the right level:
constraints and conservation laws can be expressed as ex-
plicit predicates or program fragments; learned simulators
and renderers can enforce soft inductive biases; and expert
modules (such as vision, physics, and language) can be com-
posed as callable executors. Because explicit tokens remain
human-interpretable and implicit features remain differen-
tiable, the system supports both rule-driven and gradient-
based updates, allowing principled fusion of curated knowl-
edge with data-driven learning.

Interfacing with humans intuitively. By grounding part
of the state in language and code, and by explicitly inter-
acting with foundation models, the model exposes a natural
interface for inspection, editing, and debugging. Practition-
ers can prompt to propose structure, edit symbolic fragments

to test hypotheses, and trace program-like executions to un-
derstand failures.

Unveiling causality for scientific discovery. Our formu-
lation treats world modeling as a continual, generative, and
inherently causal process of uncovering latent states and
transitions, yielding representations that are compact, ex-
planatory, and increasingly predictive. This perspective not
only drives self-improvement but also exposes candidate
generative rules of the world, providing a principled path
toward machine-aided scientific discovery.

Conclusion
Creating AI systems that interact with the physical world
and make real-world decisions hinges on robust and gener-
alizable structured world models. Our formulation of struc-
tured world model discovery offers flexibility to both where
inductive bias originates and how it is validated. It provides
an interpretable, editable, and data-efficient interface, while
remaining amenable to co-evolve with expressive founda-
tion models.
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