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Abstract
Physical understanding and reasoning depend on forming compact and generalizable representa-
tions of the world. While modern vision-language models can recognize and explain diverse phys-
ical events, they often lack explicit representations of the underlying mechanisms—such as object
states, physical parameters, and governing dynamics—needed for reliably reasoning how the world
evolves and responds to interventions. In this work, we introduce Code-as-World, a paradigm
that represents physical worlds through executable world representations. By expressing physical
composition, dynamic evolution, and visual appearance as executable code, Code-as-World pro-
vides a compact, quantitatively grounded, and controllable abstraction of the physical world. To
construct such representations from multimodal observations, such as natural-language descrip-
tions or real-world videos, we develop an agentic discovery loop inspired by abductive reasoning,
where an agent proposes, executes, renders, verifies, and iteratively refines executable world hy-
potheses. As a concrete application, we use verified executable worlds to provide scalable physical
supervision for training vision-language models on quantitative physical reasoning. Experiments
show that Code-as-World-VL achieves state-of-the-art performance on QuantiPhy and surpasses
leading proprietary models, highlighting the potential of executable world representations as a
scalable foundation for physical intelligence.
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Grounded Physical Reasoning

Q: What is the speed of the blue 
ball as it leaves the ramp?

A: velocity = 0.7 m/s

"objects": {
{"id": "blue", "physics": {"mass": 0.2, ...}},
{"id": "red", "physics": {"mass": 0.2, ...}},
{"id": "yellow", "physics": {"mass": 0.2, ...}}, 

...},
"coordinate_system": {

"handedness": "right",
"length_unit": "meter",    

...}

{ "boundary": "v_min",
"frame_index": 0,
"id": "contact_yellow_ball_v_min_0",
"kind": "boundary_contact_candidate",
"objects": ["yellow_ball"],
"signed_gap": 0.0,

... }

"mesh": {
"alignment_scale": 1.0,
"alignment_used": false,
"collision": "...",
"mjcf_visual_file": "...",
"render_asset": "...",

... },

Phys-consistent Video Generation

Higher Velocity  No Collsion  Different Mass

Embodied Intelligence 
Picking up the red falling ball while 
considering its speed!

I will move in advance
to the correct position!

Code as W  rld

Figure 1 Code-as-World represents physical worlds as executable code for physical intelligence.
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1 Introduction
— Herman Melville, , Chapter 36

Understanding and reasoning about the physical world is a hallmark of intelligence [1]. Humans can make
sense of unfamiliar physical situations and transfer knowledge across them, reasoning in terms of concepts
such as objects, mass, motion, gravity, and friction rather than memorizing individual observations.

is therefore a defining property of physical intelligence: knowledge acquired from one
situation should remain useful when objects, configurations, or observations change. Such generalization
calls for [2] that compress the complexity of sensory experience into a compact abstraction
of what exists in the world, how it evolves, and which factors determine its behavior.

This raises a fundamental question: what forms of representation are needed to capture, understand, and
reason about the physical world? Modern vision-language models [3–6] provide a powerful interface for
describing the physical world. Trained on large-scale image–text and video–text data, they can recognize
objects, narrate motion, and verbally explain a wide range of physical phenomena. Yet describing a phe-
nomenon is not the same as recovering the mechanism that produces it [7]. Physical intelligence requires
reasoning beyond what is visibly observed toward the structure of a system—its object states [8–10],
physical parameters [11], governing dynamics [9, 10, 12], and responses to interventions [9, 13, 14]. This
distinction gives rise to a fundamental : phenomena describe what
happens, whereas mechanisms explain why it happens and predict what would happen under different
conditions.

In this work, we present Code-as-World, a novel paradigm for representing the physical world through
code. Instead of representing a world solely through pixels [15, 16], latent features [17, 18], or natural-
language descriptions [19, 20], Code-as-World expresses its task-relevant structure as executable code
specifying physical composition, dynamic evolution, and visual appearance. Code offers a

of the physical world: objects and their relations can be organized
compositionally, while states, physical parameters, and governing dynamics remain explicitly represented.
It therefore preserves the mechanistic structure needed for physical reasoning while abstracting away
incidental details of individual observations.

Obtaining such a representation from incomplete observations, however, is fundamentally an inverse
problem. From heliocentric theory to Newton’s laws, scientific discovery has often proceeded through
abductive reasoning [21]: recovering physical mechanisms from noisy and incomplete observations by
searching for hypotheses that best explain the evidence while adhering to simplicity principles. Inspired
by this process, we formulate world representation as an agentic discovery loop rather than a one-shot
prediction problem [22]. The nature of code enables an agent to treat each
representation as a testable world hypothesis: Given multimodal evidence, such as natural-language de-
scriptions or real videos, an agent proposes an executable world hypothesis, instantiates and executes it
in a simulator, renders its predicted observations, and verifies them with the available evidence. Discrep-
ancies are fed back to revise the hypothesis, forming a propose–instantiate–execute–render–verify loop
that progressively searches for an executable world consistent with the observations.

As a concrete application, we use the resulting executable worlds as physical supervision for quanti-
tative physical reasoning [11], where a VLM must infer measurable quantities such as object size,
displacement, velocity, and acceleration from monocular videos. Unlike semantic physical question an-
swering [10], these tasks require the model to connect visual evidence with metric states of the underlying
world. We train Code-as-World-VL, a family of vision-language models, using measurement supervision
together with physical supervision derived from verified executable worlds. The resulting models substan-
tially improve quantitative physical reasoning: Code-as-World-VL-9B outperforms substantially larger
models, including Gemini-3.1-Flash [3], on QuantiPhy [11]. Code-as-World-VL-27B further surpasses the
9B variant and all evaluated baselines. These results demonstrate that executable world representations
can provide scalable supervision for grounding visual models in understanding physical mechanisms.

In summary, our contributions are as follows:

• Executable world representation. Based on a dedicated discussion among existing physical world
representations, we introduce Code-as-World, which represents task-relevant physical worlds as exe-
cutable code over physical composition, dynamic evolution, and visual appearance.

• Agentic discovery loop. We formulate the world representation process as an agentic discovery
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problem, and develop a propose–instantiate–execute–render–verify loop that iteratively searches for
world representations consistent with language or visual evidence.

• Physical supervision for VLMs. We use verified executable worlds to provide scalable supervision
for quantitative physical reasoning. Code-as-World-VL achieves great improvements and attains state-
of-the-art performance on QuantiPhy, outperforming leading proprietary models.

2 In Search of PhysicalWorld Representations
Physical understanding [1, 9–11, 23] ultimately depends on the representation through which a model
encodes the world. Existing approaches have explored this question from several perspectives, including
pixel-level prediction, geometric reconstruction, and language-based abstraction. These paradigms have
each captured important aspects of the physical world, yet none alone provides a complete representation
that simultaneously supports semantic understanding, structural composition, and temporal prediction.

fÚĞÊèąů A natural approach to modeling the physical world is to learn directly from visual observations.
Video generative models learn temporal dynamics by predicting future observations from past frames,
achieving increasingly realistic and diverse generations [15, 16, 24–26]. However, observation prediction
alone does not require a model to explicitly represent the underlying causes of visual changes. If a model
only optimizes future pixel prediction, it does not need to distinguish whether a scene change is caused
by camera motion or object motion, nor whether an object is temporarily occluded or has disappeared.
Multiple contradictory internal explanations may therefore lead to similar predictive accuracy as long as
they produce visually plausible futures.

This ambiguity limits physical reasoning. A physically meaningful representation must disentangle the
factors that generate observations, including persistent object identity, physical state transitions, inter-
actions, and viewpoint changes. A visually plausible future is not necessarily a physically correct future
[27, 28].

ő0ů Another line of research focuses on reconstruction, including 3D reconstruction [29–32], inverse
graphics [33–36], and dynamic scene representations [37–42]. By requiring models to recover geometry,
viewpoint, and appearance, reconstruction-based approaches provide strong constraints on information
preservation and achieve impressive capabilities in scene modeling.

However, reconstructability does not necessarily imply interpretability. A latent representation may faith-
fully reproduce an observation while entangling persistent structures, dynamic variables, and appearance
factors. Recovering the 3D geometry of an object does not explain its physical behavior, such as why it
falls after support is removed or how it interacts with other objects. Reconstruction preserves information,
but does not automatically uncover the causal factors that govern the evolution of the world.

V´ċĎā´è è´îÔĎ´ÔÊů Language provides another powerful abstraction of the physical world [43–45]. By
converting visual observations into captions, descriptions, or reasoning traces, language-based represen-
tations capture high-level concepts that are compact, compositional, and transferable across contexts
to support reasoning. For example, a description such as “a person picks up a cup” preserves entities,
actions, and semantic relations while discarding irrelevant visual details.

However, language is inherently limited in expressing the continuous and quantitative aspects of physical
states. Precise geometry, trajectories, contact relationships, and physical parameters are difficult to
encode precisely through a small number of discrete tokens. Language provides an effective semantic
interface, but not a complete physical state representation.

These perspectives reveal complementary strengths [46]: pixels preserve rich details, 3D representations
preserve geometric structure, and language captures semantic abstractions. Yet physical intelligence may
require a representation that better integrates these capabilities: semantic like language, structured like
reconstruction, and capable of modeling temporal evolution like generative models. Such a representa-
tion should not merely describe or reproduce the world, but explicitly capture the entities, states, and
mechanisms that generate observations.
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Image / Video 3D Reconstruction Language

"id": "domino_07",
"motion_execution": "physics",
"rigid_motion_model": "free_rigid",
"force_semantics": "passive",
"physics": {

"body_type": "dynamic",
"mass": 0.12,
"inertia_diagonal": [0.008,0.006,0.002],
"collision": {"enabled": true,

"shape": "box",
"source_geom": "domino_07_body"

},
"friction": [0.95, 0.02, 0.003],

... }

“A contact-driven chain reaction 
propagates through a row of 
wooden blocks, transferring 
motion from one block to the 
next until the sequence 
reaches the object at the end.

Rich Detail Realistic

No Structure

Geometric Structure

No Mechanisms

Compact Semantics

No Continuous States

Code as World

Semanctics 

Structure Continuous

Executable representation for semantics, 
3D structure, continuous events and 
physical mechanisms!

N1
f1

N2

N3

f2

f3

G
Physical

...

...

Figure 2 Comparison among different physical world representations. Pixels preserve rich visual detail
but lack explicit structure, leaving the underlying causes of observations ambiguous; 3D representations capture
geometric structure but do not necessarily reveal physical mechanisms; and language provides compact semantic
abstractions but lacks precision for continuous physical states. Code complements these representations by ex-
pressing the world as an abstract, quantitatively grounded, and executable representation.

3 Code asWorlds: ExecutableWorld Representations
In this work, we introduce Code-as-World, a paradigm that represents the physical world through code.

+ôÆÊ provides a structured and compositional abstraction of the world: it explicitly represents entities,
relations, physical parameters, and events as operations over states, while abstracting away incidental
details of individual observations. Such a representation separates the structured state underlying phys-
ical processes from the continuous appearance through which they are observed. The former provides
compositionality, editability, and explicit constraints for reasoning, while the latter preserves rich visual
details and uncertainty that are difficult to explicitly encode. Through execution and rendering, code can
generate observations consistent with the represented world, where physical equivalence—the consistency
of world composition, constraints, and evolution—is prioritized over pixel-level duplication.

3.1 Practical Implementation

To instantiate this paradigm, we develop a concrete implementation of executable world representation
(EWR) coupled with programmatic calls to a physical simulation engine. Figure 13 presents an example
of the representation and its simulation interface.

Specifically, an EWR conceptually consists of three components:

(1)

where denotes the space of valid executable worlds. Its three components jointly specify what the
world contains, how it evolves, and how it appears.

fØğąÚÁ´è ÁôíþôąÚċÚôîů describes what exists in a world and the relatively stable physical properties of
its entities. It includes objects in the scene, their geometry, metric dimensions, and physical properties
such as mass, friction, and gravity. Environmental structures such as floors, tables, and walls are likewise
represented as static physical entities, allowing them to participate in support, contact, and collision. This
component defines the persistent entities involved in physical processes and the fundamental conditions
under which they unfold.
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0ğî´íÚÁ ÊĘôèĎċÚôîů describes how the world unfolds over time. It includes initial object states, their
temporal changes, key events, and the duration of the simulation. Given the dynamic evolution compo-
nent, the world composition can be expanded into a complete state trajectory, producing events such as
contacts, collisions, velocity changes, and termination conditions during execution.

¡ÚąĎ´è ´þþÊ´ā´îÁÊů describes how the physical world is observed and presented. It includes camera
parameters, backgrounds, materials, lighting, output frame rates, resolutions, and rendering or video-
generation configurations. This component does not alter the underlying physical process but determines
how the physical trajectory is visually presented. Environmental elements that participate in support or
collision belong to physical composition, whereas backgrounds and appearance factors that provide only
visual context belong to visual appearance.

This implementation exposes the represented world through an executable and controllable interface.
Different components of an EWR can be inspected, modified, and executed independently: an object,
physical parameter, dynamic condition, or camera setting can be changed while preserving the remaining
structure. Such executable representations provide a foundation for downstream reasoning, simulation,
verification, and data generation.

4 Agentic Discovery ofWorld Representations
While Code-as-World provides a structured representation space for physical worlds, recovering such rep-
resentations from partial and heterogeneous observations remains challenging. To address this challenge,
Code-as-World formulates world representation as an agentic discovery process rather than a direct pre-
diction problem. Given multimodal evidence, including text descriptions and real videos, the discovery
agent constructs semantic or visual constraints and iteratively searches for an EWR consistent with the
input evidence through a shared loop. The resulting represen-
tation externalizes the underlying physical mechanism as an interface that an agent can directly query,
intervene on, and verify, supporting physical data generation, quantitative supervision, verifiable reward
construction, and broader downstream physical reasoning.

4.1 EvidenceConstruction

Given an input from modality , the agent first constructs modality-specific evidence through a
dedicated evidence adapter before entering the discovery loop. Text and video inputs are processed by
different adapters, which transform them into semantic or visual evidence that constrains the same EWR
space.

sÊĞċžÆāÚĘÊîęôāèÆ ÁôîąċāĎÁċÚôîů The agent extracts explicit entities, spatial relations, physical events, and
intended outcomes from the input text and organizes them as structured semantic evidence. Because
textual descriptions rarely determine geometry, physical parameters, or camera configurations completely,
the agent combines physical priors with reasonable default conditions to initialize an executable world
hypothesis, which is progressively refined through simulation and semantic verification. For downstream
applications as in Section 5, once the executable world is obtained, we apply a video generation model for
sim-to-real transfer, enriching objects, materials, backgrounds, and lighting. The resulting videos achieve
greater visual realism while remaining aligned with the underlying physical trajectories and world states.

¡ÚÆÊôžÆāÚĘÊî ęôāèÆ ´Àąċā´ÁċÚôîů Given a real video, the agent extracts depth maps, instance masks, and
object tracks as visual evidence for world construction and verification. Depth maps constrain the scene’s
spatial structure and relative distances, masks identify object boundaries and geometric extent, and tracks
capture temporal correspondences and image-plane motion. For each segmented scene object, it further
employs a 3D object generation model [47] to construct a corresponding mesh. It then combines these
meshes with depth and tracking evidence to recover the objects’ spatial positions, scales, and dynamic
states, thereby constructing an executable 3D scene. The rollout of each candidate EWR is projected
back into the input view and iteratively refined by evaluating its consistency with the observed geometry,
depth, masks, and trajectories.
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