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World models have emerged as a unifying paradigm, aim-
ing to capture the dynamics of an environment so that agents
can reason, predict, and plan without direct interaction. Re-
cent advances in generative modeling and reinforcement
learning have produced increasingly powerful world models
across perception and control, yet most remain correlation-
based and assume stationary dynamics. This restricts their
ability to generalize, adapt, and be reliable in domains such
as robotics, healthcare, and social systems that are inherently
dynamic, non-stationary, and open-ended.

To address these challenges, we outline the vision of
causal foundation world models: scalable and general-
purpose models that unify representation, reasoning, and
decision-making. By grounding world models in causality,
the goal is to move beyond pattern recognition toward sys-
tems that can explain, predict, and intervene in complex en-
vironments. This talk will review recent lines of research
that illustrate progress toward this direction.
• Causal representation learning. Disentangled causal

representation and generalization in perceptual settings
(CVPR 2021; CIKM 2021; KDD 2023; NeurIPS 2023
Spotlight (Yang et al. 2021b,a, 2023a,b; Sun et al. 2025)).

• General decision-making systems. Single/Multi-agent,
and a foundation decision-making model. (ICLR 2025;
ICML 2025; NeurIPS 2025, NeurIPS 2023 (Yan et al.
2024; Jin et al. 2025; Mi et al. 2025; Feng et al. 2023)).

• Causality in foundation models. Causal principles for
reasoning, explanation, and planning with foundation
models (NeurIPS 2025; ICML 2025; ICLR 2025 (Yu
et al. 2025; Jin et al. 2025; Zhu et al. 2025)).

• Causal world modeling. Curiosity-driven exploration
and intervention to reconstruct the dynamic causal di-
agrams under the hood in single-agent and multi-agent
(NeurIPS 2025 (Zhao et al. 2025; Liu et al. 2025)).

Future Works. We will discuss directions on (i) dynamic
and non-stationary causal mechanisms: theoretical founda-
tion to practical challenges, (ii) causal multi-agent games,
and (iii) open-ended exploration, toward scalable and trust-
worthy world models for real-world applications.
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