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Abstract

World models have become a central idea in Al, and recent work has increasingly judged them by the
decisions they enable: a world model is as good as the agent it serves. This position paper argues that the
field has been learning to act before it has learned to perceive. The encoders that drive robot planners
still fail basic physics, and many systems now called world models are closer to what control theory calls
plant models: predictors for one robot in one workspace. Benchmarks have recorded these failures but
have rarely explained them, and the papers that build world models have seldom tested what their models
understand. A parallel trend toward one model that learns everything at once, language included, has
made failures hard to trace. I propose a cognition-first alternative. I define a world model as a system that
keeps a belief about the present, including what is out of view, backed by memory; imagines how that
state changes; and holds it in a form it can use for new questions. I state five principles, each with a test:
perceive first, imagine the unseen, stay at human scale, learn through a borrowed body, and grow rather
than unify. In particular, I argue that uncertainty should live in the belief about the present, not in the
dynamics: a world model should represent many possible presents, not many possible futures. I then sketch
a blueprint and a developmental roadmap, and list research directions that today’s models can pursue.

Prologue

This is not a technical paper. It reports no experiments and proposes no new algorithm. It is a position paper
in the spirit of LeCun’s A Path Towards Autonomous Machine Intelligence (LeCun, 2022): an attempt to think
in the open about what a world model should be and in what order it should acquire its abilities. Many authors
have proposed almost every idea here before, in many forms, and I claim priority for none of them. What I
offer is a way of putting these ideas together, an argument that the order matters, and a short list of research
questions that follow. I write for readers in machine learning, cognitive science, and robotics, and I avoid
formalism that the argument does not need.

I write from a particular point of view. My research is on trustworthy multimodal video understanding:
how models that see, read, and listen are trained, what they actually learn, and whether we can trust their
reasoning. I am now turning to physical Al, with video as the window onto the physical world. Hence my two
convictions: a machine should first understand the physical world by watching it, and we should check what it
has learned directly.

1 What We Have Built

World models have grown from a niche topic in reinforcement learning into one of the central ideas of Al
research. The term now covers recurrent networks that let agents learn inside their own “dreams”, predictors
that plan in a learned latent space, probabilistic programs that model intuitive physics, video generators that
render playable worlds, and language models that researchers probe for hidden maps of the world. Before I
survey these lines of work, I state my position.
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Position. World-model research has been learning to act before it has learned to perceive. A world model
should first learn to imagine the parts of the physical world it cannot currently see. It should learn this from
observation, including the movements of human eyes, bodies, and hands rather than robot motors, and it
should rely on memory and on nearly deterministic, everyday rigid-body physics. It should grow as a set of
communicating sub-models acquired in stages, not as one model trained on everything at once. Acting on
tasks and using language belong on top of this foundation, not beside it.

1.1 The reinforcement-learning line

The idea that an agent can plan by “trying things in [its] head” with an internal model of the world goes back
to Craik (1943) (cited in Sutton, 1991, p. 1); it entered machine learning around 1990. Schmidhuber (1990)
trained a recurrent network to predict all of its inputs, including reward, and Sutton (1990, 1991) treated
planning as learning from experience that a learned model simulates. Ha and Schmidhuber (2018) revived the
term world model by training a controller inside the “hallucinated dream” of a learned model. The Dreamer
family has turned learning in imagination into a general recipe, and its latest version trains agents purely
offline inside a world model learned mostly from unlabeled video (Hafner et al., 2023, 2025). MuZero, by
contrast, predicts only “the quantities most directly relevant to planning” (Schrittwieser et al., 2019, p. 1). In
this line, a world model has meant an action-conditioned predictor that serves decisions. The tension between
predicting everything and predicting what matters is as old as the line itself: in 1990, Schmidhuber (1990,
p- 19) already warned that predicting every future event “leads to the old frame-problem of conventional AL.”

1.2 The JEPA line

LeCun’s position paper (LeCun, 2022) put the world model at the center of a modular architecture and
gave it two roles: to “estimate missing information about the state of the world not provided by perception’
and to “predict plausible future states of the world” (p. 7). It bet that a model should predict in a learned
representation rather than in pixels, and that it can learn this representation mostly by watching. The JEPA
line that followed has grown to include V-JEPA 2, which pretrains on more than a million hours of video
and then plans zero-shot after 62 hours of robot data (Assran et al., 2025); DINO-WM, which plans in
frozen self-supervised features (Zhou et al., 2024); and models that train end to end from pixels on a single
GPU (Balestriero and LeCun, 2025; Maes et al., 2026). Closest to my concerns, Garrido et al. (2025) have
shown that V-JEPA learns intuitive physics such as object permanence from natural video alone, although it
“predicts the future only as an observer” (p. 8).
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1.3 Structured and causal models

A parallel tradition has treated the world model as a structured, causal, and usually probabilistic model of how
observations arise. Examples include an “intuitive physics engine” that runs rough simulations of object-based
scenes (Battaglia et al., 2013); the view of human thought as “fundamentally a model-building activity” (Lake
et al., 2016, p. 2); causal representations that support intervention (Scholkopf et al., 2021); built-in biases
for deliberate, System-2 reasoning (Goyal and Bengio, 2020); and intelligence as gathering evidence for a
generative model (Friston et al., 2022). Two models come closest to the cognitive side of this paper. ADEPT
keeps a belief about objects, including occluded ones, and reads surprise as how unlikely an observation is
under that belief (Smith et al., 2019); PLATO learns intuitive physics through object-centric representations
and passes violation-of-expectation probes taken from developmental psychology (Piloto et al., 2022). These
works have agreed on structure, causality, and data efficiency, and have disagreed on how much structure to
build in.



1.4 Generative world simulators

A third line has scaled video generators into simulators, on the bet that “scaling video generation models is
a promising path towards building general purpose simulators of the physical world” (Brooks et al., 2024).
Genie learns playable environments from unlabeled gameplay video (Bruce et al., 2024), and Genie 3 renders
worlds that users explore in real time and that stay consistent for minutes (Parker-Holder and Fruchter, 2025).
UniSim and Cosmos have presented such models as training grounds for embodied agents (Yang et al., 2023;
NVIDIA et al., 2025), and Fei-Fei Li has defined world models by three abilities: generative, multimodal, and
interactive (Li, 2025).

1.5 Language models as world models?

Whether language models contain world models depends on how one defines the term. Probing studies have
found board states, maps of space and time, and representations that converge across modalities (Li et al.,
2022; Gurnee and Tegmark, 2023; Huh et al., 2024). Others have argued that linguistic form alone cannot
yield meaning (Bender and Koller, 2020), or shown that a model can predict the next token almost perfectly
while holding an incoherent map and no Newtonian mechanics (Vafa et al., 2024, 2025).

1.6 An emerging consensus: world models for decisions

By 2026 much of this work has begun to converge on two points. First, a world model is not a video generator,
and visual fidelity is not the goal (Xing et al., 2025; Motamed et al., 2025). Second, a world model’s value lies
in the decisions it enables. “There is no single use-independent world-model score” (Yu et al., 2026, p. 15);
world models “live and die by their closed-loop success, not flawless generated visuals” (Zhang et al., 2025,
p- 2); the best of them will be “judged less by how vividly they dream and more by how much better they
make the agents that query them” (Yang et al., 2026, p. 23). Recent frameworks have ranked world models by
levels of decision-relevant ability (Chu et al., 2026; Yao et al., 2026) and placed them between agents and
costly real-world interaction (Yang, 2026).

I accept the first point and dispute the priority of the second. Decision utility is a fair test of a finished
system but a poor guide to building one. If we judge a world model only by the decisions it enables, research
drifts toward tasks, robots, and benchmarks, and we test the foundation of those decisions—perceiving and
imagining a world—only indirectly, if at all. A model that perceives the world correctly can serve decisions
later. A model tuned for one set of decisions need not perceive the world correctly; it needs only what those
decisions require (Schrittwieser et al., 2019). Section 2 examines what this order leaves out.

2  What We Are Missing

These lines of work have produced impressive systems. My concern is what they have left unexamined. Six
gaps stand out, and they share one thread: researchers have rarely checked directly what a world model has
learned about the world.

2.1 The field is racing to act before it can perceive

Almost every recent world model has been presented as a means to action. V-JEPA 2 moves from understanding
to zero-shot robot planning within one paper (Assran et al., 2025); DINO-WM measures itself by planning
success (Zhou et al., 2024); DeepMind presents Genie 2 and 3 as unlimited training environments for
embodied agents (Google DeepMind, 2024; Parker-Holder and Fruchter, 2025); Cosmos holds that “Physical
Al needs to be trained digitally first” (NVIDIA et al., 2025, p. 1); Dreamer 4 trains agents entirely inside a
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Figure 1: A map of world-model research by what models predict and what they are for. The consensus
emerging in 2025-2026 puts the value of a world model in decisions (shaded band), and JEPA work moves
from understanding toward planning. This paper argues for the region below: latent, cognition-first world
models that aim to understand the present.

learned world model (Hafner et al., 2025); and recent frameworks place world models between agents and
costly real-world interaction (Yang, 2026). Much of this work has aimed at useful embodied assistants such as
avatars, wearables, and robots (Fung et al., 2025). That is a worthy goal, but it differs from building a model
that understands the world.

The rush to act would matter less if perception were solved. It is not, and the evaluation literature says
so plainly: “extracting physical representations of scenes is the main bottleneck™ (Bear et al., 2021, p. 1);
current multimodal models “lack a basic perceptual understanding of simulated scenes” (Jassim et al., 2023,
p- 7); perception errors make up 37-45% of the mistakes that vision-language models make on physical
questions (Chow et al., 2025, p. 8). A robot that plans better on a benchmark is still a task-specific machine,
as robots have always been. What could carry across tasks is the world model beneath it, and that is the part
we have examined least.

In fact, many systems that we call world models are closer to what control theory calls plant models: a
predictor for one robot in one workspace, which an optimizer such as the cross-entropy method searches for
actions that bring a predicted embedding close to a goal image, judged mainly by whether the robot gets
there (Assran et al., 2025; Zhou et al., 2024; Maes et al., 2026). The predictor needs to be accurate only where
the optimizer looks, and the optimizer exploits any error: it will “find a policy that looks good under our
dynamics model, but will fail in the actual environment” (Ha and Schmidhuber, 2018, p. 9). Such a system
learns how one body’s commands change its view, not how the world works.

2.2 Basic physics is benchmarked, not understood

Intuitive physics has a long evaluation tradition borrowed from developmental psychology: show a model
matched pairs of possible and impossible events and measure its surprise, a violation-of-expectation (VoE)
test (Riochet et al., 2018; Piloto et al., 2018). A decade of such benchmarks tells a consistent story. Models now
pass the simplest tests—V-JEPA, trained only on natural video, reaches 98% on the original IntPhys (Garrido
et al., 2025)—but they fail once a test involves interactions between objects, hidden physical properties, or



realistic scenes. On IntPhys 2 the best model scores 57.5%, against 96.4% for humans (Bordes et al., 2025). On
Physion++, which requires inferring properties such as mass and elasticity, most models perform “only slightly
above chance” (Tung et al., 2023, p. 7). Video-language models score below random on the intuitive-physics
category of a benchmark that controls for shortcuts (22.8%, against 97.6% for humans) (Krojer et al., 2025),
and the best video generator scores 29.5 out of 100 on Physics-1Q (Motamed et al., 2025). Even V-JEPA does
no better than untrained networks on solidity and collision (Garrido et al., 2025).

The measurements are not what is missing; the explanations are. Benchmarks have become careful about
whether a score is trustworthy—with matched pairs, blind baselines, and minimal-change controls (Krojer
et al., 2025; Foss et al., 2025)—and where models fail. But papers have usually left why models fail as an
untested guess: too little memory (Riochet et al., 2018; Bordes et al., 2025), or, for V-JEPA’s failures on
collisions, “the model’s framerate constraints” (Garrido et al., 2025, p. 6), a factor the authors never vary. In
2018, Piloto et al. (2018, p. 1) warned that “successful prediction generally relies jointly on a set of physical
concepts, making it difficult to crisply analyze the content of acquired knowledge”; in 2026, WorldBench still
finds that existing benchmarks “suffer from entanglement” (Upadhyay et al., 2026, p. 1). The few studies
that test causes directly are telling. Physion++ finds that models with an explicit property-inference stage
do no better than models without one, “indicating that these models are not utilizing physical property
inference” (Tung et al., 2023, p. 7); Kang et al. (2024) find that models generalize from similar cases rather
than from rules; and a transformer that predicts orbits well does not recover Newtonian mechanics (Vafa et al.,
2025).

Interaction alone does not fix the problem either. Buschoff et al. (2026) fine-tune a vision-language
model on physical tasks, either by imitation or by reinforcement learning through interaction. Interaction
brings no gain within the task, and neither method yields physical intuitions that carry over to related tasks.
Tellingly, quantities such as tower stability are already “highly decodable from model activations”, yet “neither
post-training method successfully converts this competence into reliable performance on new tasks” (p. 2).
The information is there, but the model cannot use it. That is a problem of perception and representation, and
it is the problem this paper asks the field to solve first.

2.3 Action means robot commands

When current world models use actions at all, an action is a command for a particular machine: end-effector
commands for a robot arm (Assran et al., 2025; Zhou et al., 2024), keyboard and mouse input for a
game (Google DeepMind, 2024; Valevski et al., 2024), or driving controls for a car (Hu et al., 2023). Such
data are scarce—"‘a primary bottleneck in world modeling is the scarcity of action-rich datasets” (Yang, 2026,
p. 7)—and they differ from machine to machine, so merging them across datasets becomes a research problem
in itself (Yang et al., 2023). Internet video carries no such labels: “such action labels are rarely available in
videos from the Internet” (Bruce et al., 2024, p. 3). Genie therefore infers hidden actions from video, but
whether this “could scale to more complex and diverse dynamics” remains open (Yang et al., 2024, p. 8).
Models trained without actions predict “only as an observer” (Garrido et al., 2025, p. 8) and cannot tell the
changes they cause from the changes the world causes.

Between these options lies the most plentiful action-labeled video there is: first-person recordings of
people, which capture the wearer’s gaze, head, body, and hand movements along with what they see (Yang
et al., 2023; Bai et al., 2025). PEVA shows that a model can predict first-person video from whole-body pose,
but treats this as a problem of embodied prediction and control (Bai et al., 2025). A more basic use—letting a
model with no body of its own learn which changes in its input it causes—is not the focus of that work.



2.4 Evaluation is tied to tasks or to pixels

Researchers have evaluated world models at one of two extremes. Open-loop reconstruction and final policy
success “are the two most common rungs, and a large fraction of works report only this pair as their
world-model evidence, leaving the model’s specific contribution entangled with the optimizer, reward model,
and data pipeline” (Yu et al., 2026, p. 11). Neither extreme tells us what the model knows. Visual realism
does not track physical understanding—across models, the two are not significantly correlated (Motamed
et al., 2025)—and visual quality does not guarantee task success (Zhang et al., 2025). Task success, in turn,
can rest on shortcuts: on minimally different video pairs, the average accuracy of video-language models falls
from 45.4% to 27.3% (Krojer et al., 2025, p. 7).

Meanwhile, the papers that build world models have left physical understanding to other papers. V-JEPA 2
spends about seven pages on robot planning and none on intuitive physics, and a different paper reports its
IntPhys 2 score (Assran et al., 2025; Bordes et al., 2025). DINO-WM reports no physics probe, yet concludes
from a planning success rate of 0.82 that its model has “effectively learned the general concepts of walls
and doors” (Zhou et al., 2024, p. 7). LeWorldModel is a partial exception: it probes physical quantities and
measures surprise, though for only two kinds of violation (Maes et al., 2026). The usual recipe has been to
build a better encoder and then show that a robot plans better with it. Finally, almost no one has measured
whether a model knows where it is wrong: “calibrated uncertainty, not just sharper pixels” remains an open
problem (Yang et al., 2026, p. 23), although Schmidhuber (1990, p. 20) noted in 1990 that a model “partly
has to model its own ignorance.”

2.5 One model for everything

Another trend is unification: one model that understands, generates, and acts across all modalities. Cosmos 3
argues that separating understanding, generation, and action “is fundamentally limiting” and trains a single
model on language, images, video, audio, and actions (NVIDIA et al., 2026, p. 5); the PAN proposal of Xing
et al. (2025) likewise puts all modalities on a language-model backbone; and the roadmap of Chen et al.
(2026) starts with unified multimodality. The strongest argument for this direction is that representations
from different modalities seem to converge as models scale (Huh et al., 2024). But the convergence is
partial—alignment between language and vision models “only reaches a score of 0.16”—and its authors note
that two models “cannot converge to the same representation if they have access to fundamentally different
information” (Huh et al., 2024, pp. 10-11). Seeing, hearing, touching, and remembering make different
demands; even an advocate of world models notes that turning the world into 1D or 2D token sequences
“makes simple spatial tasks unnecessarily difficult” (Li, 2025). The deeper cost of unification is that it hides
failures. When one model learns everything at once, we cannot tell which ability failed, or whether one ability
borrows another’s shortcuts. A system that grows in stages can be checked at every stage.

2.6 Language as a shortcut

Language carries much knowledge about the world, and models trained on text alone recover surprising
structure, from board states to maps of space and time (Li et al., 2022; Gurnee and Tegmark, 2023). My
concern is not what language contains but what it does to a learner that has it from the start: it lets the learner
lower its loss without building a perceptual state. The evidence points one way. Multimodal language models
perform near chance on intuitive physics (Garrido et al., 2025; Jassim et al., 2023), and below chance on
the intuitive-physics category of a benchmark that controls for shortcuts (Krojer et al., 2025). Benchmark
designers now have to remove the shortcut that language offers: Causal VQA discarded “approximately 39%
of our questions” because a text-only model could answer them without seeing the video (Foss et al., 2025,
p- 5). When we test a video model through a language interface, the language model’s abilities mix with the
video model’s; the authors of the Veo 3 study warn that “for some tasks, the solution is likely to come from



the LLM instead of the video” (Wiedemer et al., 2025, p. 2). And a language-pretrained model fine-tuned on
physical tasks learns “task-specific shortcuts” rather than physical intuitions (Buschoff et al., 2026, p. 9). A
learner that can describe the world before it perceives it may never need to perceive it well.

3 What a World Model Should Be

I now state what I think a world model should be: a definition, five principles, an account of where its
uncertainty should live, a blueprint, and a developmental roadmap. None of these requires a particular
architecture; a JEPA, a generative model, or an object-centric model could meet them or fail them. To keep the
principles concrete, each comes with a test. Each principle also answers gaps from Section 2: Principle 1 the
race to act (§2.1), Principles 2 and 3 the physics gap (§2.2), Principle 4 the action gap (§2.3), and Principle 5
unification and language (§2.5, §2.6). Together, the tests answer the evaluation gap (§2.4).

3.1 Definition

A world model is a learned system that, from partial observation, keeps a belief about the present
state of the physical world, including what is out of view, backed by memory; imagines how that
state changes, on its own and under observed or imagined actions; and holds the state in a form
it can use to answer questions it was not trained on.

This definition keeps the two roles that LeCun (2022, p. 7) gives the world model—estimating what perception
does not provide, and predicting plausible futures—but puts the first one first. Unlike decision-centric
definitions (Yu et al., 2026), it does not require the model to serve a policy; unlike definitions centered on
generation (Li, 2025), it does not require the model to render what it imagines. The last clause—a state the
model can use—is the one most often missed: as Section 2.2 shows, a model can encode a physical quantity
that a probe can read and still fail to use it for any new question (Buschoff et al., 2026). By this definition, an
action-conditioned predictor that is trained and tested only to reach goal images in one robot’s workspace is
not yet a world model: nothing requires it to hold a belief about what is out of view, and nothing shows that
its state can answer any question other than the one its planner asks. Throughout, the physical world means
objects and events at human scale; modeling other minds is outside the scope of this paper.

3.2 Principles

1. Perceive first. A world model must first perceive and imagine the physical world correctly; acting on
tasks and using language build on that ability. By acting I mean carrying out actions to reach goals. Observed
and imagined actions, discussed under Principle 4, are part of perception, not exceptions to it. The case for
this order is the evidence of Section 2: the encoders that current planners rely on fail basic physics, and
the V-JEPA 2 authors themselves note that “the capabilities of a representation-space world model . .. are
inherently limited by the state information encoded in the learned representation space” (Assran et al., 2025,
p- 15). Better planning cannot recover what perception never learned. 7est: the paper that presents a model
measures its physical understanding directly, rather than inferring it from task success.

2. Imagine the unseen. At any moment most of the world is out of view: behind me, inside a box, around a
corner. A world model should fill these regions with imagination by default and let observation correct it. This
is a claim about knowledge, not about the world: the world behind me is fully definite; only my belief about it
is uncertain. So, at human scale, I treat the dynamics as deterministic and place all uncertainty in the belief
about the present; Section 3.3 explains why. Memory keeps the uncertainty small. Working memory holds
what the model has just seen; long-term memory holds what such scenes usually look like. Together they



narrow the possibilities until imagination is nearly deterministic and objects persist when unseen. Current
models are weakest here: JEPA models see clips of “typically 3—4 seconds” (Garrido et al., 2025, p. 8), and
Genie 3 stays consistent by remembering about a minute of rendered frames (Parker-Holder and Fruchter,
2025), which is memory as a replay buffer rather than a belief about what is out of view. Test: VoE tests after
occlusions of increasing length, and viewpoint what-if questions (what will I see if I turn around?).

3. Human scale. The target is the physics a person can see: rigid objects that persist, move smoothly, rest
on supports, fall, and collide, at everyday scales of space and time. Of the five categories in Physics-IQ—
solid mechanics, fluid dynamics, optics, thermodynamics, and magnetism (Motamed et al., 2025)—this
principle asks for the first. The aim is not exact Newtonian laws but human-like intuitive physics, which is
approximate (Battaglia et al., 2013); what matters is that the model holds it in a state that supports extrapolation.
A model that interpolates between training cases (Kang et al., 2024), or that recovers a different law of
gravity for each slice of data (Vafa et al., 2025), fails this principle however accurate it is in distribution. Test:
out-of-distribution (OOD) and compositional extrapolation, tests of how a model generalizes from a few
examples of a new task (Vafa et al., 2025), and agreement with human judgments, including human errors.

4. Learn through a borrowed body. The model I have in mind has no body, so in the stages this paper
covers it never carries out actions. Actions enter in two other ways. The first is observed actions. First-person
human video records the gaze, head, body, and hand movements of the person wearing the camera, and these
can serve as action signals, as in PEVA, which predicts first-person video from ‘““an action represented by
the relative 3D body pose” (Bai et al., 2025, p. 1). Their first use is not to perform tasks but to separate
self-motion from world motion: the model must know which changes in its input the borrowed body causes
and which the world causes. This needs only a minimal self-model, not a self. Turning one’s head is also the
most basic intervention there is, and the aimless looking around of infants produces the kind of data from
which a model can recover the world’s hidden variables, while goal-directed data does not (Klindt et al., 2026,
p- 9). The second is imagined actions: what-if questions, such as what would happen if this were pushed, that
the model answers in imagination and never carries out. Observed actions are biased, since people push things
when they expect them to move, so causal conclusions from them hold only under strong assumptions (Yu
et al., 2026, p. 15). Whether some concepts, such as collisions, need the learner’s own interventions remains
open; interaction added after training does not supply them (Buschoff et al., 2026). Test: telling self-motion
from object motion, and predicting the effects of human movements.

5. Grow, don’t unify. Seeing, hearing, touching, remembering, and imagining make different demands
on a learner. I therefore favor a set of sub-models, each with its own representation, over one model trained
on everything at once—the direction of systems that treat the split between understanding, generation, and
action as a limitation to remove (NVIDIA et al., 2026). The sub-models talk through a narrow protocol rather
than a shared latent space, in the spirit of a global workspace whose content is “analogous to a sentence: it
involves only a few variables” (Bengio, 2017, p. 1). The model acquires them in stages (Section 3.5). In the
early stages, filling in masks and predicting the future are not enough, because these objectives do not say
what matters (Bengio, 2017, p. 4), and pixel reconstruction “biases models toward appearance fidelity at the
expense of motion coherence” (Chefer et al., 2025). Infants do not learn alone either: before they understand
words, caregivers point and say “look!”. The machine-learning counterpart is extra supervision for structure,
such as tracking, segmentation, and motion, which already helps (Jeong et al., 2024; Chefer et al., 2025;
Bardes et al., 2023; Locatello et al., 2020). I propose to use it as temporary training signals, or scaffolds:
added early, removed later, and taken only from teachers trained without language, so that language does not
slip in through the back door. Signals of value, such as “careful!” or “well done”, are another form of guidance
that I leave for future work. Language comes last. I offer a hypothesis for why: language may be the protocol



between sub-models turned outward, and a protocol cannot be turned outward before it exists. Test: staged
versus joint training, retention after the scaffolds are removed, and comparisons with and without language.

3.3 Where uncertainty lives

Principle 2 makes a choice that most world models do not make, and the rest of the blueprint depends on it, so
I spell it out here.

A model of an uncertain world can put its uncertainty in one of two places. It can make the dynamics
stochastic, drawing the next state from a distribution, s;+; ~ p(- | s¢,a;). Or it can make the dynamics
deterministic, s;+1 = f (s, a;), and keep a distribution over the present state instead: a belief b, (s;), in the
sense of the belief states of partially observable control (Kaelbling et al., 1998). Both can fit the same videos.
Most world models have taken the first option or mixed the two. Dreamer’s latent state has a stochastic
part (Hafner et al., 2023); video generators sample their futures (Brooks et al., 2024; Bruce et al., 2024); and
in LeCun’s architecture a latent variable “represents what cannot be predicted about y (the future) solely from
x and from past observations” (LeCun, 2022, p. 19). These models represent many possible futures. I propose
that a world model at human scale should represent many possible presents, and one future for each.

Three reasons support this choice. First, at human scale the randomness we observe reflects what we do
not know, not chance in the world. A ball behind a box, the mass of a closed carton, the friction of a floor:
each is a hidden part of the present state, not noise in physics. The intuitive physics engine already works this
way. It samples the scene’s geometry, the objects’ hidden masses, and possible outside pushes such as “a
breeze, a vibration, or a bump”, and then simulates each sample forward (Battaglia et al., 2013, p. 3); all of its
uncertainty enters through what goes in. Second, memory can narrow only the uncertainty that lives in the
state. Having seen a ball roll behind a box, the model knows where it is. A stochastic transition draws fresh
randomness at every step, so nothing memory holds can remove it, and a sampled future can lose the ball.
With deterministic dynamics the ball stays behind the box in every possible present: permanence comes for
free, and only the ball’s exact position spreads, slowly, while it stays hidden. Third, the split makes errors
traceable. Collisions magnify small differences, so even deterministic predictions fan out after one. In this
framing the fan-out is growing uncertainty about the present—where exactly did the ball hit?—that one more
look can remove, so it also tells the model where to look. A stochastic predictor would fold the same fan-out
into its noise, and we could not tell an unpredictable world from a missing piece of state.

The third reason gives a diagnostic. Give a learned dynamics model a stochastic term, improve its state
with more memory, better perception, or scaffolds, and record where the model still needs the noise. In a
rigid-body scene the need should shrink as the state improves, and whatever remains marks what the state
is missing: contacts, hidden masses, objects out of view. Unlike a benchmark score, such a map points at a
cause, which is what Section 2.2 found missing.

The strongest evidence against this choice comes from people. In a task where people predict the path of a
ball that bounces while hidden, perceptual uncertainty alone does not explain their judgments, and Smith
and Vul (2013, p. 197) conclude that “the internal physics models themselves must be stochastic rather than
rely solely on perceptual uncertainty.” ADEPT, too, runs a stochastic physics engine (Smith et al., 2019). 1
take this seriously, but it does not settle the question. Part of the noise that people need lies in “variability in
bounce angles” (Smith and Vul, 2013, p. 186), the very place where the diagnostic predicts that noise should
remain: a person rarely sees the details of a contact, such as spin, surface, or exact angle, so a model learned
from everyday experience would carry that missing state as noise. Whether such noise belongs to physics or
to missing state is exactly what the diagnostic asks. And the principle states what a world model should aim
for, not what people achieve.

The choice has limits. It concerns rigid objects at human scale; fluids and other minds lie outside it, and
so do the choices of people. LeCun’s own example of a latent variable is another driver’s decision to turn left
or right (LeCun, 2022, p. 19). In this paper such choices are not noise in the physics but actions, which enter



the model observed or imagined (Principle 4).

3.4 A blueprint

Figure 2 turns the principles into a blueprint: not a model, but the parts a model needs and the order in which
they appear.

At the center is not a predictor of the future but a belief about the present: the current state of the world,
including what is out of view, with its uncertainty (Principle 2). Sensory sub-models feed it—vision first,
hearing and touch later—each with its own representation (Principle 5). Memory is part of the belief, not an
add-on: working memory holds what the model has just seen, and long-term memory holds what such scenes
usually look like.

An imagination module rolls the belief forward with deterministic dynamics, with no action, with observed
actions, or with imagined ones (Principles 2 and 4). Observed actions come from a borrowed body: the gaze,
head, body, and hand movements of the person wearing the camera. The model itself has no motors. The
borrowed body serves two purposes. First, its recorded movements stand in for what neuroscience calls an
efference copy: a copy of a body’s own movement commands, which nervous systems use, among other things,
to tell the input their movements cause from the input the world causes (Crapse and Sommer, 2008). The
model has no commands of its own, so the recorded movement plays this role and lets the model discount the
changes that the body’s own movement causes. Second, what-if questions let the model query its imagination.

A surprise monitor compares what the model imagined with what its senses then report. Its signal does
three jobs: it updates the belief and memory; it drives learning and curiosity, much as progress in compression
drives curiosity in Schmidhuber (2008); and it shows where the model is wrong, so that the architecture builds
in calibration instead of measuring it afterward. VoE tests read out exactly this signal.

The parts talk through a narrow protocol of predictions, prediction errors, and efference copies (Principle 5).
The architecture grows: scaffolds join early and leave later, each new stage joins only after the current one
passes its tests (Table 2), and language joins last, at the protocol rather than at perception.

Table 1 compares the blueprint with three recent proposals. No single part is new: others take a state-
centered view of world models (Kim, 2026), separate self-caused from world-caused change (Zhang et al.,
2026), learn action knowledge from human video (Gao et al., 2026; Bai et al., 2025), and keep a belief
about hidden objects and read surprise from it (Smith et al., 2019; Piloto et al., 2022). What is new is the
arrangement: a belief about the present at the center, no motors, uncertainty only in the belief, memory inside
the belief, a built-in monitor of the model’s own errors, and a structure that grows. The two closest systems
show the difference. ADEPT borrows a hand-built physics engine and makes it stochastic (Smith et al., 2019).
PLATO learns its dynamics, but it learns from synthetic scenes and receives ground-truth object masks in
both training and testing (Piloto et al., 2022). The blueprint asks for learned, deterministic dynamics, for
object structure that arrives only as a scaffold and is later removed, and for natural first-person video.

3.5 A developmental roadmap

Table 2 orders the abilities of Principles 2—4 by the ages at which infants are reported to show them (Lake
et al., 2016, p. 16; Riochet et al., 2018, p. 1). The abilities that infants show earliest—permanence, continuity,
support—are also those that V-JEPA learns from passive video, while those that infants show later—gravity,
inertia, collision—are among those it fails on (Garrido et al., 2025). The original studies draw the same
line: infants respect continuity and solidity by about 2.5 to 4 months, while sensitivity to gravity and inertia
develops later in the first year (Spelke et al., 1992, pp. 605, 626), and they then learn, one kind of event at a
time, which further variables matter (Baillargeon, 2004). I treat this parallel as a hypothesis to test, not as
evidence: it suggests that passive observation can carry a learner through the early stages, and that the later
stages need more.
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Figure 2: A blueprint for a cognition-first world model. At the center is a belief about the present: what
the model sees (the cup) and what it only imagines (the ball behind the box), kept narrow by working and
long-term memory. Imagination rolls the belief forward with deterministic dynamics. When its prediction and
the observation disagree, surprise updates the belief. The model never carries out actions; they come from a
borrowed human body, as observed movements, as what-if questions, and as recorded movements that, like
efference copies, discount self-motion. The early “look!” signals are scaffolds that are removed later. Hearing
and touch join later, and language last (stages in Table 2). Every arrow is a protocol message, not a shared
latent space.

4 Research Directions We Can Pursue Now

The principles lead to research questions that today’s data and models can address. I list six. The first applies
to all principles; each of the others follows from one principle.

4.1 Task-free evaluation of what a world model knows

The most urgent need is to evaluate what a model knows rather than what it achieves. A developmental test
battery would combine six kinds of test: VoE tests with matched pairs and occlusions of increasing length,
which probe permanence over time rather than over a few seconds (Riochet et al., 2018; Bordes et al., 2025;
Garrido et al., 2025); controlled OOD and compositional tests, which ask whether a model has rules or only
cases (Kang et al., 2024; Upadhyay et al., 2026); viewpoint what-if tests, which ask what becomes visible
after a change of gaze and so probe the belief about what is out of view; tests of how a model generalizes from
a few examples of a new physical task (Vafa et al., 2025); comparisons with human judgments, including
human errors (Battaglia et al., 2013; Bear et al., 2021); and calibration tests, which ask whether the model
knows where it is wrong. Most of these tests exist; what is missing is the habit of reporting them next to
downstream results and of testing suspected causes of failure.

4.2 Memory-backed imagination

Section 3.3 separates dynamics from uncertainty: deterministic dynamics over latent states, and uncertainty
carried by a set of candidate present states that memory narrows—a learned version of the physics engine of
Battaglia et al. (2013). Two questions follow. First, do deterministic dynamics, with all uncertainty moved into
the state, extrapolate better than stochastic predictors? The diagnostic of Section 3.3 makes this measurable:
train both kinds of model on the same rigid-body videos and map where the stochastic one still needs its
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AMI (LeCun, 2022) PAN (Xing et al.,, Cosmos 3 (NVIDIA This paper

2025) et al., 2026)
Center world model + costand LLM backbone + gen- one model for all belief about the present
actor loop erative predictor modalities
Action actor plans and acts agents trained by RL predicted jointly none carried out; bor-
inside the model rowed body, imagined
Uncertainty latent variable in the generative prediction generative prediction in the belief only; deter-
predictor ministic dynamics
Memory short-term  memory stateful backbone — part of the belief (work-
module ing + long-term)
Language — backbone core modality joins last, at the protocol
Over time fixed (configurable per fixed fixed grows in tested stages
task)
Self-check — — — surprise monitor

Table 1: The blueprint compared with three recent proposals, at the level of architecture rather than
implementation.

Stage Infants Ability Scaffold (“look!”) Test

SO first days segmenting objects (what motion-based segmentation segmentation
moves together)

S1 2-4 mo. permanence, continuity  tracking through occlusion VoE with delays

S2 ~6 mo. support, stability, contact trajectory and motion prediction VoE, stability

S3 810 mo. gravity, inertia, collision  observed hand actions; imagined VoE, OOD extrapolation

interventions; scaffolds removed

S4 later hidden properties (mass, — property inference

elasticity)

Table 2: A developmental roadmap. Ages from Lake et al. (2016) and Riochet et al. (2018); see also Spelke
et al. (1992) and Baillargeon (2004). The literature differs in detail. Later stages (more senses, task-directed
action, language) follow.

noise. If the map lights up at contacts and occlusions, those are the places where the state falls short. Second,
does memory change what the model believes about what is out of view? After an object stays hidden for
seconds, for minutes, or until the viewer turns back, is the model surprised if it is gone? Current JEPA
models see clips of a few seconds (Garrido et al., 2025), and Genie 3 remembers about a minute of rendered
frames (Parker-Holder and Fruchter, 2025); neither tests a belief about what is out of view.

4.3 From decodable to usable physical state

A linear probe asks whether information is present; usability asks whether the model can use it. A vision-
language model can encode tower stability in a form a probe can read and still fail to use it on new
tasks (Buschoff et al., 2026). This suggests a simple protocol: freeze the world model, measure how quickly
new physical questions can be learned from its state, and check whether the learned answers extrapolate the
way Newtonian mechanics would (Vafa et al., 2025). Theory on when a model can recover the world’s hidden
variables (Klindt et al., 2026) shows when probing can succeed at all, and which training data should make
the state usable: aimless exploration rather than goal-directed behavior.
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4.4 Learning through a borrowed body

First-person video already pairs what a person sees with how they move. Existing datasets record gaze, head
motion, and body or hand pose (Yang et al., 2023; Bai et al., 2025), and large-scale human video already
serves to pretrain robot world models (Gao et al., 2026). The question here is different. Does conditioning a
world model on a borrowed body’s movements teach it to separate self-caused from world-caused change, a
split studied so far only for an agent’s own actions (Zhang et al., 2026)? And does that split improve the belief
about what is out of view? A direct test is to predict the visual effects of the wearer’s head turn and of an
object’s motion, and then to swap them. Because observed actions are biased (Yu et al., 2026), simulated
scenes with controlled interventions remain a useful check.

4.5 Growing in stages

The developmental roadmap (Table 2) makes predictions that we can test without new hardware. Does training
in stages, each gated by its tests, end with better abilities than training on everything at once? Do scaffolds
such as tracking, segmentation, and motion prediction, taken from teachers trained without language, help the
early stages (Jeong et al., 2024; Chefer et al., 2025; Bardes et al., 2023)? And do the abilities survive when
the scaffolds go? Video filmed from infants’ point of view is a natural test bed (Garrido et al., 2025, p. 8).
Training on such video alone does not improve intuitive physics (Su et al., 2025), which fits the claim that
video alone is not enough and that structure must be added.

4.6 Testing the language shortcut

Finally, we can test the claim that language should come last. Train the same perceptual world model three
ways: without language, with language from the start, and with language added after the perceptual stages.
Then compare the three on the test battery of Section 4.1, especially on minimal pairs that defeat textual
shortcuts (Krojer et al., 2025; Foss et al., 2025). If the language-last model does not perceive better, the claim
is wrong. If it does, the hypothesis that language is the protocol turned outward deserves a closer look.

5 Alternative Views and Conclusion

5.1 Alternative views

“Scale and unification will get there.” The most direct alternative is that none of this is needed: scale video
generation, unify the modalities, and physics, permanence, and grounding will emerge, as they seemed to
emerge in Sora as “purely phenomena of scale” (Brooks et al., 2024). The bitter lesson warns against building
in what a model can learn (Sutton, 2019). My position welcomes scale but rejects skipping verification.
Controlled studies find that scaling alone does not recover physical laws out of distribution (Kang et al., 2024),
and visual realism does not track physical understanding (Motamed et al., 2025). A unified model that fails
cannot tell us which ability failed. Ordering and testing are not hand-built knowledge; they are how we would
know whether scale has delivered.

“Causality cannot be learned without interaction.” Some argue that agents must learn from their own
experience (Silver and Sutton, 2025) and that causal learning requires intervention (Scholkopf et al., 2021);
even the authors of the V-JEPA study suspect that collisions require interaction (Garrido et al., 2025, p. 8). I
agree that observation has limits, and I do not exclude action. My claim concerns order and form. A model
without a body can first learn from borrowed bodies and imagined interventions. Moreover, interaction added
by fine-tuning does not produce physical intuitions that generalize when the model’s physical state is not
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usable (Buschoff et al., 2026). Theory shows that general agents must contain world models (Richens et al.,
2025); it does not show that they must learn those models by acting first.

“There is no use-independent evaluation.”” The strongest objection comes from the decision-centric
view: a world model needs to be only as accurate as its policies and tasks require, so “there is no single
use-independent world-model score” (Yu et al., 2026, p. 15). I accept that no single score exists. But
almost every use assumes some abilities—that objects persist when unseen, move smoothly, and fall when
unsupported—and decades of infant research show that we can define and test them without fixing a task.
Measuring them does not replace decision-centric evaluation; it tells us whether a decision success rests on
understanding or on shortcuts (Krojer et al., 2025).

“Infants are not gradient learners.” Finally, one can question the developmental analogy. Infants have
innate structure (Spelke and Kinzler, 2007), bodies, and caregivers that a network trained by gradient descent
lacks, and the parallel between V-JEPA’s failures and the infant timeline may be a coincidence. I agree. I use
development as a source of hypotheses about order, not as evidence. Section 4 states each hypothesis—stages,
scaffolds, and language last—in a form that experiments on today’s models can refute.

5.2 Conclusion

World-model research has been learning to act faster than it has learned to perceive. Planners steer robots with
encoders that fail basic physics. Benchmarks have recorded these failures but have rarely explained them. And
the field’s emerging consensus judges world models by the decisions they enable. I argue for a different order.
A world model should first keep a belief about the present, including what it cannot see; memory should keep
that belief narrow, and imagination should roll it forward. Its uncertainty should live in that belief: many
possible presents, not many possible futures. It should learn through borrowed bodies before it has one of its
own. It should grow in stages, with scaffolds early and language last. And we should check what it has learned
directly, rather than infer it from task success. None of this rejects scale, interaction, or decisions; it asks that
they rest on a verified foundation. Before world models act, they should learn to perceive.
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