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Abstract

World modeling represents a critical frontier towards autonomous AI agents capa-
ble of capturing environmental dynamics for intelligent decision-making. While
current progress scales on massive data corpora, we argue that future world models
require combining physics reasoning (understanding the fundamental laws of na-
ture) with physical reasoning (applying these laws to predict observable behaviors
and outcomes of intervention). In this paper, we outline the promise and reality as to
how frontier models perform in both physics and physical reasoning, then propose
a new pathway for future world models and embodied intelligence to internalize
the laws of physics to internalize the mechanism of surrounding physical world
just like how humans learn to interact with the world in a universally generalizable
manner, thereby establishing the foundation for autonomous, efficient and reliable
embodied intelligence.

1 Introduction

The pursuit of artificial general intelligence (AGI) calls for world models that can capture, perceive
and internalize the physical world [21], thereby enabling autonomous planning and effective action.
While frontier models increasingly excel on scientific reasoning benchmarks with accelerating pace
by scaling and leveraging multi-agent structure [72], a critical bottleneck stands in the way as agents
powered by language models often showed limited generalizability in understanding highly diverse
physical scenarios and take actions accordingly [36]. This gap stems from the current paradigm
relying on massive data scaling without grounding models using the laws of physics that govern
our physical world [29]. While this paradigm has delivered striking advances in pattern recognition
and linguistic reasoning, it fails in scenarios requiring causal understanding rather than memorized
correlations. This gap becomes particularly dire when embodied agents must take irreversible physical
actions under safety-critical and highly diverse conditions. We argue that future embodied intelligence
powered by world models must combine physics reasoning to understand the laws of physics with
physical reasoning that applies such laws for predicting surrounding phenomena and take actions
accordingly in a safe and effective manner.

2 Physics Reasoning: Internalizing The Laws of Nature

Current Progress and Limitations of AI Physics Reasoning Modern AI systems, especially
large language models, have shown a growing ability to apply known physical laws in solving
standard textbook-level problems and answering conceptual questions. However, this competence
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is largely confined to low-complexity tasks and masks deeper persistent limitations. For instance,
models struggle to maintain logical integrity across extended reasoning chains, with accuracy on
benchmarks like PhysReason [73] collapsing when problems require more than a dozen inference
steps. Similarly, the integration of visual data with formal reasoning remains a critical weakness;
even top-tier models achieve less than 60% accuracy on vision-dependent problems that require
interpreting diagrams not just as illustrations, but as sources of essential data [61]. This reveals
a deeper challenge to apply implicit physical commonsense, a limitation highlighted by models
that generate physically implausible outcomes unless explicitly guided by prompts that describe the
correct physical state [41]. At the expert level, this manifests as a failure to correctly model complex
scenarios, with models often introducing false assumptions or misapplying advanced principles when
confronted with PhD-qualifying exam problems [17]. These widespread challenges suggest that
current systems still heavily rely on pattern recognition over robust reasoning.

Physical Laws as a Cure for Generalizability Gap and Data Shortage for Scaling The inherent
limitations of current models present a fundamental obstacle to developing robust world models
capable of reliable prediction and planning. To address these challenges, a range of advanced
methodologies has emerged, which can be broadly categorized into four pillars. The first, tool-
augmented reasoning, outsources tasks like precise calculation to deterministic code interpreters,
allowing the model to focus on high-level planning [18, 69]. A second pillar is process-supervised
rewards, which shifts the training paradigm from rewarding only correct final answers to rewarding
correct intermediate reasoning steps, thereby improving the model’s logical fidelity [28, 37, 12].
Building on this, the third pillar focuses on internalized self-correction, training the model to
spontaneously identify and rectify its own errors within a single generative pass [74, 66, 19]. Finally,
for problems of the highest complexity, multi-agent collaboration leverages collective intelligence by
assigning different roles—such as generator, verifier, and refiner—to multiple LLM agents that work
together to explore and validate diverse solutions [43, 68, 70]. Collectively, these methodologies
enhance the efficiency and reliability of scientific reasoning, forming a crucial foundation for more
capable and trustworthy AI systems.

Towards Native Physical Understanding with Physics-Native Models Achieving a genuine,
physics-grounded understanding requires a paradigm shift from models learning about physics to
those learning through physics, where physical laws form the intrinsic computational fabric. One
primary direction involves re-engineering models to embed known physical principles, whether
by integrating governing equations into the optimization process (PINNs) [46, 42, 14], designing
the core generative mechanism to simulate a physical process (Flow Matching, PFGM/PFGM++,
and GANs) [31, 4, 62, 63, 67], or encoding fundamental symmetries directly into the network
architecture (Equivariant Networks) [24]. A parallel, more ambitious direction pursues automated
scientific discovery, with systems like the "AI Physicist" and AI Feynman using symbolic regression
to distill observational data into intelligible physical formulas [60, 53, 52]. The convergence of these
two directions may be enabled by novel architectures like Kolmogorov-Arnold Networks (KANs),
whose structure is inherently better suited for representing the compositional nature of physical laws,
thereby accelerating scientific discovery [34, 32]. Ultimately, the synthesis of these physics-native
approaches—embedding known laws while fostering the discovery of new ones—is crucial for
developing the next generation of robust world models [8, 33].

3 Physical Reasoning: Understand the Physical World by the Physical Laws

Current Progress and Gaps in Physical Understanding Physical reasoning represents the ability
to apply governing principles to understand real-world phenomena and predict outcomes of inter-
vention, bridging mathematical formalism with observable reality [13, 8]. Benchmarks like IntPhys
2 [7] and GRASP [48] show that while multimodal models exhibit basic visual grounding for simple
attributes, their performance heavily depends on prompting and falls short in intuitive reasoning, such
as whether the AI understands whether pushing an object will cause it to move or fall over. Their
performance is at chance level, while human accuracy is near-perfect. Physics-oriented benchmarks
like ContPhy [77] and PhysBench [58] demonstrate that even state-of-the-art models struggle to infer
latent properties like mass, density, and friction from object dynamics, particularly for soft bodies
and fluids. Video generation benchmarks such as VideoPhy [25] and PhyGenBench [16] often find
AI generating physically implausible scenarios violating basic governing principles despite visual

2



coherence. More realistically, various benchmarks inspired by video games simulating real-world
physical scenarios like PhysGame[11], Phy-Q [64], PHYRE [3], I-PHYRE [50], and PhyBlock [38],
systematically demonstrate that models, unlike humans, do not construct a generalizable, intuitive
physical model of concepts such as gravity, stability, and causality through active interaction with
their environment.

Bridging Symbolic Reasoning and Physical Understanding Sim-to-Real transfer [57, 65, 10]
and PINNs [46, 14, 42], by assigning abstract rules learned in idealized physical environments or
embed physical laws into AI architectures, have successfully transformed symbolic physics reasoning
into physical reasoning for prediction and interaction in complex realities. A typical example is
when predicting the flow field around an object, PINN helps the neural network reason with only
a few scattered sensor data by injecting the laws of fluid mechanics as a powerful constraint. This
physical constraint allows the network to no longer make blind guesses but to reasonably infer the
complete physical state of the area where the data is missing. While physics reasoning establishes
mathematical foundations, physical reasoning enables systems to apply these governing principles
to novel situations, predicting intervention effects and understanding causal structures underlying
observable phenomena. Consciousness-inspired designs [6] demonstrate how physical reasoning
connects abstract governing principles with embodied experience through probabilistic world models
that predict action consequences and infer latent properties. By grounding abstract physical concepts
within perception-action loops, physical reasoning allows AI to develop commonsense understanding
required for navigation, object manipulation, and adaptation beyond training distributions.

Towards Causal Understanding of the Physical World Physical reasoning fundamentally requires
predicting consequences of actions based on understanding underlying physical processes rather than
pattern associations. Developing robust reasoning capabilities through benchmarks like NovPhy [45],
VideoPhy-2 [5], and Morpheus [71] establishes foundations for systems that reliably predict responses
across diverse temporal and spatial contexts. Future AI systems must continuously update their
physical understanding through experiential learning that maintain consistency while enabling robust
generalization through principled causal mechanisms governed by physical laws rather than pattern
matching approaches. These systems should seamlessly combine forward prediction (what will
happen) with inverse reasoning (what have caused this outcome) and counterfactual analysis ("what
if" scenario, e.g., if gravity were reversed, apples will not fall from the tree but ascend towards
the sky), enabling comprehensive understanding of underlying causal structure behind physical
interaction that supports safe and effective real-world interaction.

4 World Models: Perceive, Deduce and Internalize

The Promise and Reality of World Models World models calls for perception and internal
representations of environmental dynamics to support prediction, planning, and decision-making.
Current systems like DreamerV3 [22] and S4WM [15] achieve impressive performance on sequential
decision-making problems, demonstrating sophisticated temporal prediction and superior long-term
memory across simulated environments. However, comprehensive evaluation against physical
benchmarks reveals fundamental limitations where these systems excel at data memorization but fall
short when genuine physical understanding becomes necessary. A true world model should be capable
of achieving a wider range of tasks, including counterfactual reasoning, grasping novel objects, and
adapting to unseen physical constraints. While language-based world models like Dynalang [30]
similarly demonstrate impressive linguistic reasoning, they, along with trajectory diffusion approaches
like PolyGRAD [47] and video generation models like MineWorld [20], all collapse when confronted
with scenarios requiring principled physical understanding rather than pattern matching.

Physical Principles Enable More Robust Understanding to Unseen Scenarios Grounding world
models in physical principles establishes computational systems that understand why environmental
dynamics occur rather than merely memorizing past occurrences or performing pattern matching on
massive datasets, as demonstrated by models like OccWorld [76] and GAIA-1 [26]. This approach
is essential because physical environments diversify heavily beyond specific training scenarios
and foundational structure is key towards robust generalization. Neural physics approaches [39]
demonstrate how incorporating physical understanding enables world models like FusionForce [1] to
maintain consistency across different scales, materials, and environmental conditions. The synthesis
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of physics reasoning and physical reasoning within world models creates systems capable of bridging
the gap between symbolic knowledge and embodied experience that characterizes human-level
environmental understanding.

Towards Physical World Models Through Neural Physics The pathway toward physics-grounded
world models involves combining physical computation with neural learning. This approach builds
on neural physics frameworks [39] and specific implementations like MoSim, a neural motion
simulator [23], SAIN, a hybrid physical-neural dynamics model [2], and PhysORD, a neuro-symbolic
approach for physics-infused prediction [75], enabling world models to develop intuitive physical
understanding through embodied interaction while maintaining end-to-end learning capabilities.
Future world models must demonstrate robust sim-to-real transfer by grounding representations
in physical law, establishing computational foundations that naturally generalize across different
contexts.

5 Embodied Intelligence: Observe, Predict and Act

Current Progress and Critical Limitations in Embodied AI Embodied intelligence refers to
AI systems that possess physical bodies and can interact with the world through sensorimotor ex-
periences, learning from the consequences of their actions in real physical environments. Recent
advances highlight growing capabilities in navigation and manipulation tasks. Contemporary bench-
marking efforts, such as BEHAVIOR [51], Meta-World [40], and RoboTwin [44], have established
standardized environments for evaluating embodied agents across diverse manipulation and naviga-
tion tasks. Complementary to these, simulation and asset-generation tools like RoboScape [49] and
EmbodiedGen [56] enhance realism by supporting video-based dynamics learning, depth prediction,
and scalable creation of physically plausible 3D assets. Together, these advances demonstrate mea-
surable progress in reducing sim-to-real gaps through improved physical simulation and world model
grounding [35, 59]. However, current embodied agents still struggle with persistent sim-to-real gaps
when transferred to novel environments or unseen object configurations, and often rely on a narrow
set of primitive actions rather than rich, compositional behaviors. As a result, these agents remain
confined to narrow operational contexts and fall short when confronted with physical scenarios that
demand principled reasoning about mass, friction, elasticity, and other fundamental properties.

Physics-Physical Reasoning for Consequence-Aware Real-World Actions Embodied intelligence
represents the ultimate test for physics-grounded world models, where agents must make irreversible
physical actions with potential safety implications in dynamic, unpredictable environments. Beyond
perception and instruction following, recent Vision–Language–Action (VLA) models integrate
multimodal understanding with action generation [9, 27], yet benchmarks such as PhysBench [58]
reveal that state-of-the-art systems still struggle with physical reasoning. Physics–physical reasoning
addresses this limitation by enabling agents to systematically evaluate potential outcomes, and select
behaviors whose effects are both desirable and safe. This synthesis proves essential because agents
must not only comprehend governing mathematical principles but also predict how they manifest
in observable behaviors across diverse materials and environmental conditions. Recent research
emphasizes combining high-fidelity physical simulators with learned world models for grounding
abstract cognitive functions in real-world interactions [35].

Towards Embodied Intelligence Powered by Physics-Empowered World Models Embodied
intelligence relies on world models to predict the consequences of actions and guide decision-making
in complex physical environments. Current approaches, such as Dreamer [54] and GENIE [55],
demonstrate complementary strengths: Dreamer excels at learning latent dynamics for planning
and policy optimization, while GENIE emphasizes causal and physically informed reasoning for
robust adaptation. Future work should integrate these paradigms with explicit physics-grounded
priors, combining forward and inverse dynamics, counterfactual reasoning, and hierarchical multi-
scale physical models. Such synthesis would enable embodied agents to anticipate outcomes across
temporal and spatial scales, refine their physical understanding through experience, and execute
actions that are both effective and safe.
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6 Conclusion

Our vision encompasses a paradigm shift from current pattern-matching approaches to physics-
grounded world models embodying genuine physical understanding , ultimately enabling robust,
adaptive, and safe autonomous agents representing the true promise of artificial intelligence in
physical environments.
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