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Abstract—A world model is a learned internal simulator: given
the current situation and a proposed action, it predicts what
happens next, so that an artificial agent can “imagine” the
consequences of its choices before committing to them. This
single idea (an internal model of reality that can be run forward
in the mind) now unifies a remarkably broad range of modern
artificial intelligence, from game-playing agents that master Atari
from two hours of experience, to robots that learn manipulation
by dreaming, to systems that generate playable video games
and drivable streets frame by frame. This survey provides an
accessible yet technically complete review of world models and
the emerging class of world-action models that both imagine
the future and output the actions to reach it. Covering more
than 220 research contributions (including peer-reviewed papers,
influential technical reports, and industry blog posts through
mid-2026), we organize the field along a primary axis of modeling
approach (latent-recurrent state-space models, value-equivalent
planning models, autoregressive-token transformers, diffusion
and generative-frame models, joint-embedding predictive archi-
tectures, and large video-generation foundation models) and a
secondary axis of application domain (reinforcement learning
and control, robotics, autonomous driving, games and interactive
environments, general-purpose simulation, and language, code,
and agentic environments). We present a unifying taxonomy,
six figures, and ten comparison tables covering more than 135
systems together with more than 20 benchmarks and metrics,
together with a critical treatment of evaluation, including the
sharp debate over whether large video generators truly “under-
stand” physics. Every concept is introduced with plain-language
intuition and analogy before its formal definition, making the
survey suitable for readers with only a first-year-undergraduate
technical background while remaining rigorous for specialists.
We close with seven concrete research directions. The central
thread throughout is a single question that distinguishes every
method: what should a world model predict, and should it also
generate robot actions?

Index Terms—World models, world-action models, model-
based reinforcement learning, video generation, diffusion models,
embodied AI, robot learning

I. INTRODUCTION

In 1943, long before the first digital computer ran a program,
the psychologist Kenneth Craik proposed that the human mind
works by carrying “a small-scale model of external reality”
inside the head, a model it can run to try out alternatives,
anticipate what will happen, and choose the best course of
action before acting [1]. When you picture how a chess move
will play out before touching the piece, or rehearse a difficult
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conversation in your head, you are running exactly such a
model. This is the intuition at the heart of the world model:
an internal simulator of how the environment evolves, learned
from experience and used to predict, plan, and imagine.

Intuition: A world model is an agent’s imagination. Instead
of only reacting to what it senses right now, an agent with a
world model can ask “what would happen if I did this?” and
answer the question internally (safely, cheaply, and quickly)
before acting in the real world.

In artificial intelligence, this idea first became concrete in
reinforcement learning (RL), the study of agents that learn by
trial and error. The field draws a sharp line between model-free
agents, which learn purely by acting and observing rewards
without ever representing how the world works, and model-
based agents, which first learn a model of the environment’s
dynamics and then use it to plan [8]. The promise of the
model-based route is enormous sample efficiency: an agent
that has learned how the world responds to its actions can
practice thousands of times in its imagination for every real
attempt. Richard Sutton’s Dyna architecture [9] made this
explicit around 1990, interleaving real experience, model
learning, and “planning” as practice on simulated experience.
In the same period, Jürgen Schmidhuber formulated a neural
version: a recurrent network that predicts the future, queried
by a separate controller that improves its plan by tracing how
each imagined outcome depends on the actions that produced
it (differentiating through the imagined rollout) [10], [11].

The modern era of learned world models is usually dated to
2018, when Ha and Schmidhuber’s paper simply titled World
Models [12] vividly demonstrated that an agent could learn a
competitive policy while training almost entirely inside its own
dream, a learned simulator of a racing game and a shooter. The
years since have seen an explosion. The Dreamer lineage [4],
[13]–[15] turned latent imagination into a reliable engineering
recipe, culminating in DreamerV3 [4], published in Nature
in 2025, which mined a diamond in Minecraft from scratch
with no human demonstrations. MuZero [16] mastered Go,
chess, shogi, and Atari with a model that predicts only what
matters for decisions and cannot even draw the screen. By
2024 to 2026, world models had grown into internet-scale
systems, several of which Fig. 1 shows side by side: OpenAI’s
Sora [6] argued that scaled video generators are “world sim-
ulators”; Google DeepMind’s Genie [5], [17], [18] generated
playable worlds from a single image or text prompt; NVIDIA’s
Cosmos [19] shipped open “world foundation models” for
physical AI; Meta’s V-JEPA 2 [20] enabled zero-shot robot
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Fig. 1: Six representative world models, one panel each, spanning the range this survey covers. Top left: Rhoda’s Direct Video-
Action model [2], in which a causal video model’s prediction is converted to actions by an inverse-dynamics model and fed
back as an action rollout (Section V-B). Top right: Dyna-2 [3], whose video and action streams are tokenized separately and
cross-attend, with instruction and proprioception as side inputs (Section V-B). Middle left: DreamerV3’s recurrent state-space
model [4], encoding each frame to a categorical latent, rolling it forward through ht, and decoding back to pixels (Section IV-A).
Middle right: Genie’s tokenizer-plus-dynamics loop [5], generating the next latent iteratively from latent actions (Section IV-C).
Bottom left: Sora’s spacetime-patch encoder [6], which flattens video into a sequence of latent patches (Section IV-F). Bottom
right: Cosmos 3 [7], one omnimodal model over language, image, video, audio, and action that is configured into several roles,
including a world-action policy (Section IV-F). Panels are grouped by family rather than by date, and together they trace the
survey’s central progression from passive video generation toward action-conditioned and omnimodal systems. Each panel is
adapted from the corresponding cited source, to which all credit for the original diagrams belongs.

planning; and Microsoft’s Muse/WHAM [21], a “World and
Human Action Model,” reached Nature for modeling both a
game world and the human actions within it.

This momentum has spilled out of the laboratory. By 2026,
world models had become a live dividing line in the race to
build physical AI: robots general enough to reach a “ChatGPT
moment.” The field split into camps: one building dedicated
world-model labs (at video and robotics companies alike),
a second betting instead on vision-language-action (VLA)
controllers [22], and a third seeking to combine the two into
what this survey calls a world-action model (Section I-A). We
return to this industry debate in Section VIII-C. Part of what
makes a clear, accessible account timely is that the field’s own
practitioners disagree about what a world model is and what
it is for.

A. World Models versus World-Action Models

This survey foregrounds a distinction that increasingly orga-
nizes the field. A world model (in the narrow sense) answers
a predictive question: given the current state and an action,

what happens next? It is a simulator. A world-action model
goes further: it both imagines a desired future and outputs
the actions needed to reach it, unifying the simulator and the
policy in one system. Microsoft’s WHAM [21] generates game
frames and controller inputs; Meta’s V-JEPA 2-AC [20] plans
robot actions inside a learned latent world; NVIDIA’s emerg-
ing “world-action model” framing [23] pretrains a large video
model to imagine, then fine-tunes it to act. Throughout the
survey we call out this distinction (whether a system merely
predicts or also acts) family by family and in the comparison
tables, because it cuts across every architectural family and
every application domain. This two-part question (what should
a world model predict, and should it also generates actions?) is
the central thread of this survey: its first half organizes the six
modeling approaches (Section IV), while its second separates
world models from world-action models.

B. Why This Survey, and How It Differs

The world-model literature is now served by several surveys
and position pieces. Ding et al. [24] organize the field around
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“understanding versus predicting”; Zhu et al. [25] focus on the
“is Sora a world simulator?” question; domain-specific surveys
cover autonomous driving [26] and robot learning [27]; and
position essays stake out the field’s central architectural de-
bate, most prominently LeCun’s manifesto for latent-predictive
world models [28] against the pixel-generative view, alongside
more recent critiques [29] and a functional taxonomy of
world models [30]. A 2026 perspective proposes a scientific
definition and a staged roadmap [31]; its framing of world
models as internal simulators of environment structure and
dynamics converges with our own. These works are valuable
but share three limitations for a newcomer: they are written
for expert machine-learning audiences, they are typically or-
ganized around a single abstract dichotomy, and most predate
the wave of real-time interactive systems (Genie 3, Cosmos,
Runway GWM-1, WHAMM) that arrived in 2025 and 2026
and has reshaped the field.

This survey differs in four ways. First, it is accessible: every
technical term is introduced with a plain-language gloss and,
where helpful, an everyday analogy, before the formal defini-
tion and equations, so a curious first-year undergraduate can
follow the argument without sacrificing the rigor a specialist
expects. Second, it is unifying: it places latent-state RL mod-
els, value-equivalent planners, token transformers, diffusion
engines, joint-embedding architectures, and video foundation
models under one taxonomy (Fig. 2), then shows how the same
six approaches serve six different application domains. Third,
it foregrounds the world model versus world-action model
distinction as a first-class axis. Fourth, it is current, cover-
ing developments through mid-2026 and treating the “video
generators as world models” debate critically, weighing the
emergent-simulator claim against rigorous physics-benchmark
rebuttals [32], [33].

The main contributions of this survey are:

• A unifying taxonomy of world models and world-action
models organized by modeling approach (six families)
and application domain (six domains), presented as a
visual table of contents in Fig. 2 and used consistently
throughout.

• Ten comparison tables covering more than 135 systems,
plus more than 20 benchmarks and metrics, across ar-
chitecture, prediction target, action-conditioning, domain,
headline results, and venue/year.

• A critical review of evaluation, distinguishing sample-
efficiency benchmarks, generative-video metrics, and the
new physics- and controllability-aware benchmarks, and
explaining why visual realism and genuine world under-
standing are only weakly correlated.

• Seven concrete research directions, ordered by impor-
tance and grounded in the field’s open problems: phys-
ical and causal consistency, long-horizon coherence, the
prediction-target question, unified world-action models,
honest evaluation, real-time inference, and safety.

The remainder of this paper is organized as follows. Sec-
tion II defines world models formally, introduces our nota-
tion, presents the taxonomy, and states the survey’s scope.
Section III reviews the prerequisite concepts (reinforcement

TABLE I: Summary of notation used in this survey.

Symbol Description

st Environment state at time t
ot Observation (e.g.image) at time t
at Action taken at time t
rt Reward received at time t
zt Latent (compressed) state at time t
ht Deterministic recurrent state
γ Discount factor, γ ∈ [0, 1)
πθ Policy (action selector) with parameters θ
pϕ World model with parameters ϕ
V,Q State-value and action-value functions
T Transition (dynamics) function
H Planning / imagination horizon
g Goal (e.g.a goal image or instruction)
D Dataset of experience / demonstrations
eψ Encoder mapping observations to latents

learning, generative modeling, and self-supervised learning)
and traces the historical timeline. Section IV is the core of the
survey, covering the six modeling families in turn, each with
a comparison table. Section V organizes the same landscape
by application domain. Section VI synthesizes how a world
model becomes a world-action model. Section VII surveys
benchmarks and evaluation protocols. Section VIII concludes
with the state of the art, key findings, the world-model-
versus-VLA rift in physical AI, open challenges, and research
directions. Section IX provides a glossary of abbreviations.

II. PROBLEM DEFINITION, NOTATION, AND TAXONOMY

We begin by making the intuitive notion of a world model
precise. The notation introduced here is used consistently
throughout the survey; Table I summarizes it.

A. The Environment: Markov Decision Processes

Most world-model research assumes the environment is a
Markov Decision Process (MDP), the standard mathematical
model of sequential decision-making.

Intuition: An MDP is just a formal way of saying: “the world
is in some state; you take an action; the world moves to a
new state and hands you a reward; repeat.” The word Markov
means the next state depends only on the current state and
action, not the entire history, like a board game where the
current board tells you everything you need to know.

Formally, an MDP is a tuple (S,A, T,R, γ): a set of states
S, a set of actions A, a transition function T (st+1 | st,at)
giving the probability of the next state, a reward function
R(st,at), and a discount factor γ that makes near-term reward
worth more than distant reward. The agent’s goal is to learn
a policy πθ(at | st) that maximizes the expected discounted
return E[

∑
t γ

trt].
In most interesting settings the agent does not see the true

state st directly but only a high-dimensional observation ot,
such as a camera image, giving a partially observable MDP.
This is why many world models first compress observations
into a compact latent state before modeling dynamics.
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B. What Is a World Model?
Formally, a world model is a learned approximation pϕ

of the environment’s dynamics. In its most general action-
conditioned form it predicts the next state (or observation),
and often the reward, given the current state and action:

pϕ(st+1, rt | st,at) ≈ T (st+1 | st,at) p(rt | st,at, st+1).
(1)

By composing this one-step model, the agent can roll out an
imagined trajectory of length H from a starting state under
a candidate action sequence, without touching the real envi-
ronment. The critical design choices, which distinguish every
method in this survey, are: (i) what space the prediction lives
in (raw pixels, a compressed latent, an abstract representation,
or just reward and value); (ii) how the model is trained
(reconstruction, next-token prediction, denoising, or feature
prediction); and (iii) whether the model is action-conditioned
and interactive at all.

A passive predictor that forecasts future frames without an
action input (much of video generation) is a world model only
in a weak sense. An action-conditioned model that answers
“what happens if I do at?” is a world model in the full sense.
And a world-action model additionally produces the policy πθ
itself, so that one system both imagines and acts.

Beyond these engineering motivations, there is a theoretical
argument that world models are unavoidable. Richens et
al. [34] prove, within a formal model of goal-directed com-
petence, that any agent able to generalize across multi-step,
goal-directed tasks must have implicitly learned a predictive
model of its environment, that this model can in principle be
extracted from the agent’s policy, and that agents which reach
harder goals must carry more accurate models. On this view
a world model is not one design option among many: it is
what competent goal-directed behavior necessarily contains,
whether or not the designer put it there deliberately.

That result came with two strong assumptions, however: the
agent is deterministic and the environment fully observable.
Neither holds for the systems in this survey. Cifuentes [35]
removes both, extending the theorem to stochastic agents in
partially observable environments and showing that a stochas-
tic agent cannot escape learning its environment through the
very randomization it uses to act; they also weaken the gener-
ality requirement, so that agents less capable than Richens et
al. demanded are still obliged to carry a model. The necessity
claim is therefore stronger and more general than when it was
first made.
Intuition: The claim is not that engineers must build a world
model, but that a capable agent ends up containing one whether
or not anybody intended it. If a system reliably achieves varied
multi-step goals, something inside it is already predicting
consequences.

Honesty requires the counterweight. A necessity theorem
says a competent agent contains a model; it does not say that
a model which predicts well has recovered how the world
actually works. Vafa et al. [36] probe exactly this gap and
find it real. Their inductive bias probe fine-tunes a pretrained
sequence model on many small tasks derived from a postulated
world model and asks whether it extrapolates as though it had

recovered that model. A 109M-parameter transformer trained
on simulated planetary orbits predicts held-out trajectories
almost perfectly (R2 > 0.9999), yet probing shows its internal
bias is not toward Newtonian state: it has learned to reproduce
the observations without the mechanics that generate them.
The experiments use purpose-built models on synthetic se-
quences rather than large video generators, so the result is
a proof of possibility rather than a measurement of today’s
simulators. Held together, the two results bracket the field’s
central uncertainty. Competence implies a model; accurate
prediction does not imply a correct one. Section IV-F shows
the same tension play out empirically in video generators.

C. Three Uses of a World Model

Once an agent has a world model, it can be put to three
distinct uses. We return to this framing throughout:

1) Planning. At decision time, roll out candidate action
sequences in the model, score the imagined outcomes,
and execute the best. This is the idea behind model-
predictive control (MPC) and tree search: the agent
thinks before it acts.

2) Learning in imagination. Train a policy on trajectories
generated by the model rather than the real environment,
so that the agent needs far less real interaction, which
is slow, expensive, and often dangerous. Dreamer is the
canonical instance.

3) Data generation. Use the model to synthesize large
amounts of realistic training data (“dreamed” rollouts),
cheaply expanding a small real dataset. Robotics and
driving lean hardest on this route.

D. A Taxonomy of World Models

Figure 2 presents the taxonomy that structures this survey.
We organize the field along two axes. The primary axis is
the modeling approach, the answer a method gives to “what
should the model predict, and how?” We identify six families:

• Latent-recurrent / state-space (RSSM) models (Sec-
tion IV-A) compress observations into a compact la-
tent state and roll it forward with a recurrent network;
e.g.PlaNet, the Dreamer series.

• Value-equivalent / planning models (Section IV-B) predict
only reward, value, and policy (exactly what a planner
needs), ignoring appearance; e.g.MuZero, EfficientZero.

• Autoregressive-token / transformer models (Section IV-C)
treat the world like language: tokenize observations and
predict the next token; e.g.IRIS, Genie 1.

• Diffusion / generative-frame models (Section IV-D)
render the future pixel-by-pixel via iterative de-
noising, enabling photorealistic neural game engines;
e.g.GameNGen, DIAMOND, Oasis.

• JEPA / joint-embedding models (Section IV-E) predict in
an abstract representation space rather than pixels; e.g.V-
JEPA 2, DINO-WM.

• Video-generation foundation models (Section IV-F) scale
internet-video generation and are framed as general
“world simulators”; e.g.Sora, Cosmos, Veo.
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The secondary axis is the application domain: reinforcement
learning and control, robotics (including world-action mod-
els), autonomous driving, games and interactive environments,
general-purpose simulation and spatial intelligence, and lan-
guage, code, and agentic environments (Section V). Crucially,
the two axes are largely independent: almost any modeling
approach can serve almost any domain, a central message of
this survey. One scope note: the primary axis classifies numeric
prediction targets, whether pixels, tokens, latents, or value.
Symbolic world models, which predict a program or a natural-
language state description, sit outside it and we treat them as
a domain instead (Section V-F); Section V-F returns to why
that target resists the axis.

E. Scope of This Survey

This survey covers learned, predictive models of environ-
ment dynamics and their use for planning, policy learning,
data generation, and world generation. We include systems
that predict in pixel space, latent space, abstract-representation
space, and reward/value space; passive video predictors are
included only where they are framed and used as world
simulators. We treat model-based RL, robotics, autonomous
driving, games, general video/3D simulation, and the symbolic
environments of language and code.

We deliberately bound the scope. Classical model-based
control with hand-specified dynamics (optimal control, system
identification) is touched on only as historical grounding; we
point readers to standard texts. Pure VLA policies without
a predictive world-model component are outside our scope,
though we note where world models augment them. We do
not attempt exhaustive coverage of general video generation
for entertainment except where it bears on the world-simulator
question. Within these bounds, we aim for breadth across
approaches and domains and depth on the most influential
systems.

III. BACKGROUND: THE INGREDIENTS OF A WORLD
MODEL

Every world model combines ideas from three areas: rein-
forcement learning (which motivates why we want a model
and how to use it), generative modeling (which supplies
the machinery to predict the future), and self-supervised
representation learning (which lets a model decide what to
predict). This section reviews each at a level accessible to a
general technical reader, then places the field’s milestones on
a timeline.

A. Reinforcement Learning in One Page

In reinforcement learning, an agent repeatedly observes the
environment, takes an action, and receives a reward, seeking
to maximize its total reward over time (Section II-A). Two
quantities are central. The state-value V π(s) is the expected
total future reward starting from state s and following policy
π; the action-value Qπ(s,a) is the same but for taking action
a first. Both obey the Bellman equation.
Intuition: The value of a situation is “what I get now, plus
a slightly discounted version of how good the next situation

will be.” This recursive bookkeeping is how an agent assigns
credit to actions whose payoff comes much later.

Formally, the Bellman equation relates the value of a state
to the reward plus the discounted value of the next state:

Qπ(st,at) = E[ rt + γ V π(st+1) ] . (2)

Model-free methods estimate V or Q (or a policy directly)
purely from sampled experience. Model-based methods in-
stead learn the transition function T and reward R (that is,
a world model) and use it to plan or to generate imagined
experience. The trade-off is fundamental: model-free methods
are simple and unbiased but data-hungry, while model-based
methods can be far more sample-efficient but suffer from
model bias. Model bias means errors in the learned model
that a planner can exploit, producing plans that succeed
in the dream but fail in reality. Managing this bias is a
recurring theme, whether through uncertainty (PILCO [37],
and its deep-network successor PETS [38], which plans by
model-predictive control through an ensemble of probabilistic
networks so that disagreement among ensemble members
flags states the model does not understand), short rollouts
(MBPO [39]), or value-oriented training (MuZero [16]).

Intuition: An ensemble is a committee of models trained on
the same data. Where they agree, the model is probably right;
where they disagree, the agent is extrapolating and should not
trust its own dream. This is the simplest useful measure of a
world model’s own uncertainty, and it recurs throughout the
survey. Sutton’s Dyna [9] (Section I) is the canonical blueprint

unifying the two.

B. The Generative Modeling Toolbox

To predict a future observation, a world model needs a
way to represent and generate high-dimensional data such as
images. Four families of tools recur.

1) Variational Autoencoders (VAEs): A VAE [40] learns to
compress an observation into a small latent vector z (via an
encoder) and reconstruct it (via a decoder), while keeping the
latent space smooth. World models use the encoder to shrink
pixels into a manageable latent state; generative adversarial
networks (GANs) [41] are an alternative image generator,
though VAEs, tokenized autoregression, and the diffusion
models below dominate modern world models.

Intuition: A VAE is a learned zip-and-unzip for images: it
finds a short code that captures the gist of a picture and can
regenerate the picture from the code. Working in the short-
code space is far cheaper than working in pixels.

2) Autoregressive models and tokenization: Large language
models predict text one token (word-piece) at a time, each
conditioned on all previous tokens, using the Transformer
architecture [42]. The same architecture also processes images
once they are split into patches (the Vision Transformer [43]),
and video once frames are turned into discrete tokens by a
vector-quantized autoencoder (VQ-VAE [44], VQGAN [45]).
An image becomes a short grid of “visual words,” and a
Transformer predicts the next word. MaskGIT [46] accelerates
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World Models &
World-Action Models

Latent-Recurrent
(RSSM)
§IV-A

Value-Equivalent
/ Planning

§IV-B

Autoregressive-
Token
§IV-C

Diffusion /
Generative-Frame

§IV-D

JEPA / Joint-
Embedding

§IV-E

Video-Foundation
Simulators

§IV-F

PlaNet, Dreamer
V1 to V3,

DayDreamer,
TD-MPC2,

MWM, Newt

MuZero, Predictron,
VPN, EfficientZero,

V2, Sampled MuZero

IRIS, STORM, TWM,
Genie 1, GAIA-1,
WHAM, DeltaTok

GameNGen,
DIAMOND,

Oasis, Genie 2/3,
Self Forcing,

Matrix-Game 3

I-JEPA, V-JEPA 2-AC,
DINO-WM, PLDM,

LeJEPA,
LeWM, C-JEPA

Sora, Veo, Cosmos,
Wan, Seedance 2,

Gemini Omni, SVD

Application domains (§V): any approach can serve any domain

RL & Control
§V-A

Robotics & World-
Action §V-B

Autonomous
Driving §V-C

Games & Human-
Action §V-D

Simulation &
Spatial §V-E

Language, Code
& Agentic §V-F

Fig. 2: Taxonomy of world models and world-action models. The primary axis (top) is the modeling approach: six families
defined by what the model predicts and how it is trained. The secondary axis (bottom ribbon) is the application domain. The
two axes are largely independent: any modeling approach can, in principle, serve any domain, which is why the survey treats
them separately (Sections IV and V). Representative systems are listed under each family.

this by predicting many tokens in parallel. This underpins the
autoregressive-token family (Section IV-C).

Intuition: A Transformer works by attention: to predict the
next token, it lets that token “look at” every earlier token and
weigh how relevant each one is, rather than reading through
a single fixed-size memory. That is why Transformers capture
long-range structure so well, whether the tokens are words in
a sentence or patches of a video.

3) Diffusion and flow models: Diffusion models [47], [48]
generate an image by starting from pure noise and iteratively
denoising it into a clean sample; latent diffusion [49] does this
in a compressed space for efficiency. Flow matching [50] is
a closely related, often faster alternative that learns a smooth
“velocity field” transporting noise to data. Diffusion is the
leading approach to high-fidelity image and video synthesis,
and hence to photorealistic generative-frame world models
(Section IV-D).

Intuition: Diffusion is like sculpting from static: begin with
a block of random noise and repeatedly refine it, each step
removing a little noise, until a coherent scene emerges. Con-
ditioning the refinement on the previous frames and the agent’s
action turns this into a next-frame predictor.

4) Contrastive and self-supervised learning: Rather than
reconstruct pixels, a model can learn representations by pre-
dicting relationships in feature space, e.g.matching images to
text (CLIP [51]) or distinguishing real from corrupted inputs.
Frozen self-supervised features such as DINOv2 [52] provide

rich, object-aware image descriptions that some world models
predict directly instead of pixels (Section IV-E).

C. Self-Supervised World Models and the Prediction-Target
Debate

The single deepest disagreement in the field concerns what
a world model should predict. Pixel-generative models (diffu-
sion, autoregressive tokens) predict the full future observation,
which is visually rich but wastes capacity on unpredictable
detail (every leaf, every reflection) and is expensive to sample.
Value-equivalent models predict only reward and value, which
is maximally efficient for planning but produces no viewable
rollout. Joint-embedding predictive architectures (JEPA) [28]
stake out a middle ground: predict an abstract representation
of the future, discarding unpredictable nuisance detail while
keeping the structure needed to act. We treat this debate (pixels
versus representations versus value) as a unifying thread,
visualize it as a spectrum in Fig. 6, and revisit it directly in
Section VIII-B.

D. Historical Foundations and Timeline

The intellectual lineage of world models spans cognitive sci-
ence, neuroscience, control theory, and deep learning. Craik’s
mental-model hypothesis [1] (1943) is the conceptual origin. In
neuroscience, the free-energy principle [53] casts the brain as a
generative world model that acts to minimize prediction error.
In control, PILCO [37] (2011) showed that an uncertainty-
aware dynamics model yields extreme data efficiency, learning
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cart-pole swing-up on a real robot from under 18 seconds
of data. In deep learning, Schmidhuber’s recurrent controller-
model systems [10], [11] and Ha and Schmidhuber’s World
Models [12] established the modern template, and LeCun’s
2022 manifesto [28] placed a predictive world model at the
center of a blueprint for autonomous machine intelligence.
Figure 3 traces the milestones from 2011 to 2026, color-coded
by the taxonomy families of Fig. 2. With these reinforcement-
learning, generative, and self-supervised ingredients in place,
we now examine how they combine into the six modeling
families.

IV. MODELING APPROACHES

This section, the core of the survey, reviews the six mod-
eling families of Fig. 2 in turn. Each family answers our
organizing question (what should the model predict, and
how?) differently, and each carries characteristic strengths and
weaknesses. Figure 4 contrasts the mechanisms side by side;
each subsection closes with a comparison table.

A. Latent-Recurrent State-Space Models (RSSM)

This family, the workhorse of model-based RL, learns a
compact latent state directly from observations and rolls it
forward with a recurrent network, then trains a policy by
“imagining” inside that latent space. The defining architecture
is the Recurrent State-Space Model (RSSM), which splits
the latent state into a deterministic recurrent path and a
stochastic path. The deterministic path is a gated recurrent unit
(GRU), a kind of recurrent neural network (RNN) that carries
information reliably across many steps; the stochastic path is
a learned distribution that captures uncertainty and multiple
possible futures.

Intuition: An RSSM keeps two kinds of memory: a steady
one that reliably remembers facts over time, and a fuzzy one
that admits the future is uncertain. Planning happens entirely
in this small latent world, never in raw pixels, like planning
a road trip on a simple map rather than by imagining every
blade of grass along the way.

PlaNet [13] introduced the RSSM and showed that planning
purely in a learned latent space (via the cross-entropy method)
matches top model-free agents on visual control tasks while
using roughly 200× fewer episodes. Dreamer (V1) [14] re-
placed expensive online planning with a learned actor-critic
trained entirely on imagined latent rollouts: because the world
model is differentiable, gradients of the value function flow
back through the imagined trajectory to improve the policy
directly. DreamerV2 [15] adapted the recipe to the jumpy,
discrete world of Atari by replacing the Gaussian latent with
a vector of categorical latents, becoming the first world-model
agent to reach human-level Atari. DreamerV3 [4], published in
Nature, is the current reference point: a single algorithm with
one fixed set of hyperparameters masters 150+ tasks spanning
continuous and discrete actions and 2D and 3D worlds, thanks
to robustness techniques (symlog transforms, two-hot value
heads, and KL balancing) that handle widely varying reward
and value magnitudes. Famously, out of the box it became the

first program to collect a diamond in Minecraft with no human
data or curriculum.

Successors specialize the recipe. DayDreamer [54] applied
Dreamer directly to physical robots with no simulator, teaching
a quadruped to walk from scratch in about one hour of
real time. Director [55] added hierarchy, with a high-level
“manager” proposing latent goals for a low-level “worker”
to reach, solving sparse-reward tasks that defeat flat agents.
Dreaming [56] removed the pixel decoder entirely, using a
contrastive objective to avoid the “object vanishing” fail-
ure where reconstruction ignores small but crucial objects.
MWM [57] attacks the same weakness from the opposite
direction, keeping reconstruction but separating it from dy-
namics: a masked autoencoder with a vision transformer
learns representations by reconstructing pixels from masked
convolutional features, and a latent dynamics model is trained
on top of those representations rather than jointly with them.
Decoupling the two raises success on 50 visual Meta-World
manipulation tasks from 67.9% to 81.7%, evidence that much
of the small-object failure is an optimization conflict between
representation and dynamics rather than a flaw in reconstruc-
tion itself. SLAC [58] pairs a latent-variable model with off-
policy control, and Plan2Explore [59] learns the world model
itself in a task-agnostic way, by seeking states where the
model is most uncertain. TD-MPC [60] and TD-MPC2 [61]
sit at the boundary with the value-equivalent family: they
learn a decoder-free, reward-and-value-predictive latent model
and combine short-horizon planning with a learned terminal
value function; TD-MPC2 scales this to a single 317M-
parameter agent performing 80 tasks across multiple robot
bodies. Newt [62] carries that line further and is the family’s
clearest test of whether the foundation-model recipe transfers
to model-based control: a language-conditioned, decoder-free
latent world model is pretrained on demonstrations and then
optimized jointly with online interaction across 200 tasks
at once, spanning ten domains from DMControl and Meta-
World to Atari. It ships MMBench, a benchmark for massively
multitask reinforcement learning assembled from 159 existing
tasks plus 41 new ones. Finally, Dreamer 4 [63] marks the
family’s convergence with modern generative modeling: it
replaces the RNN with an efficient Transformer trained by a
diffusion-style “shortcut forcing” objective, runs as a real-time
interactive simulator at ∼21 FPS, and trains an agent entirely
offline. It is the first system reported to mine a Minecraft
diamond from a fixed dataset with no environment interaction
at all, using ∼100× less data than a comparable large-scale
baseline (OpenAI’s VPT [64]).

Table II compares the family. Its enduring advantages are
extreme sample efficiency and generality; its historical lim-
itations (a reliance on pixel reconstruction and on recurrent
memory) are exactly what the value-equivalent, token, diffu-
sion, and JEPA families set out to address.

B. Value-Equivalent and Planning-Oriented Models

This family rests on a provocative insight: a world model
used for planning does not need to reconstruct the world at
all; it only needs to be right about the quantities a planner
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PILCO:
data-efficient

control
Predictron, VPN
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Dreamer; SimPLe;

MBPO
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Fig. 3: Timeline of world-model milestones, 2011 to 2026. Each node’s color marks the taxonomy family it best represents
(Fig. 2): blue = latent-recurrent, teal = value-equivalent, violet = autoregressive-token, orange = diffusion, green = JEPA, pink =
video-foundation, gray = foundational or cross-cutting. A node grouping several concurrent works may list systems from other
families. The field progressed from data-efficient control (PILCO) and the “training in a dream” idea (World Models, 2018),
through general latent-imagination agents (DreamerV3) and value-equivalent planners (MuZero), to internet-scale interactive
simulators (Genie 3, Cosmos) and world-action models (2025 to 2026). Years mark the approximate period in which each
grouped set of milestones first appeared publicly (preprint or blog); several were later published in the venues listed in the
comparison tables (e.g.DreamerV3 in Nature in 2025).

TABLE II: Latent-recurrent (RSSM / Dreamer-lineage) world models. “Decoder” indicates whether pixels are reconstructed.
AC = actor-critic learned in imagination; MPC = model-predictive control; TD = temporal-difference value learning.

Method Latent Decoder Behavior Headline result Venue/Year

PlaNet [13] Gaussian+det. (RSSM) ✓ MPC (CEM) ∼200× fewer episodes vs. model-free ICML 2019
Dreamer [14] RSSM ✓ AC (analytic grad.) Best-in-class on 20 DMControl visual tasks ICLR 2020
DreamerV2 [15] Categorical ✓ AC First human-level Atari via WM ICLR 2021
DreamerV3 [4] Categorical ✓ AC 150+ tasks, one config; Minecraft diamond Nature 2025
DayDreamer [54] Categorical ✓ AC Real quadruped walks in ∼1 h CoRL 2022
Director [55] Categorical ✓ Hierarchical AC Solves sparse-reward 3D mazes NeurIPS 2022
Dreaming [56] Contrastive × AC Avoids object-vanishing ICRA 2021
MWM [57] Masked autoenc. (ViT) ✓ AC 81.7% vs. 67.9%, 50 Meta-World tasks CoRL 2022
Newt [62] Reward/value (lang.-cond.) × MPC + TD value 1 agent, 200 tasks; MMBench ICLR 2026
TD-MPC [60] Reward/value × MPC + TD value Strong DMControl/Meta-World efficiency ICML 2022
TD-MPC2 [61] Reward/value × MPC + TD value 1 agent, 80 tasks, multi-embodiment ICLR 2024
Dreamer 4 [63] Transformer+diffusion ✓ Offline AC Offline Minecraft diamond, 100× less data arXiv 2025

consumes, namely reward, value, and policy. Two models are
value equivalent if they induce the same value estimates, and
under a limited capacity budget an agent is better off spending
that budget on value equivalence than on visual fidelity [65],
[66].

Intuition: Two maps of a city can look completely different yet
get you to every destination by the same routes; for navigating,
they are equivalent. A value-equivalent world model is a
map drawn only for decision-making: it may be useless for
sightseeing (it cannot draw the streets) but perfect for planning
the trip.

The idea was seeded by decision-aware objectives
(VAML [67] weighted model errors by their effect on value)
and by end-to-end abstract planners: the Predictron [68] and
Value Prediction Networks [69] learned latent models trained
purely on value/reward targets, directly anticipating MuZero.
MuZero [16] is the canonical instance: it learns a represen-
tation function, a latent dynamics function, and a prediction
head (value + policy), never reconstructs observations, and
plans with Monte Carlo Tree Search (MCTS) over the learned

latent model. It matched AlphaZero [70] on Go, chess, and
shogi without being given the rules, and set a new state of
the art on Atari. The Value Equivalence Principle [65] and
Proper Value Equivalence [66] provide the theory explaining
why such models work.

A rich family of extensions followed. Sampled MuZero [71]
handles large or continuous action spaces by sampling actions
rather than enumerating them. Stochastic MuZero [72] adds
“chance nodes” so the planner can reason about genuine ran-
domness (dice, shuffles). Gumbel MuZero [73] fixes a subtle
flaw so that planning with very few simulations still guarantees
policy improvement. MuZero Unplugged [74] unifies online,
data-efficient, and fully offline RL by re-analyzing logged
data with the latest model. On the sample-efficiency frontier,
EfficientZero [75] added a self-supervised consistency loss
forcing the imagined next latent to match the encoding of
the real next state, becoming the first algorithm to exceed
median human performance on the Atari 100k benchmark
(∼2 hours of play); EfficientZero V2 [76] generalized this to
continuous control and surpassed DreamerV3 across a broad
suite under tight data budgets. UniZero [77] replaces MuZero’s
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(a) Latent-Recurrent (RSSM)
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(c) Diffusion / Generative-Frame
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prev. frames
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(d) JEPA / Joint-Embedding

obs ot future ot+1
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predicted and target reps. matched in feature space (no pixel decoder)

(e) Value-Equivalent

obs ot

abstract s dynamics value /
policy / r̂

no image output; plan by search

Fig. 4: The five mechanistic templates behind the six families. (a) Latent-recurrent (RSSM): encode observation to a latent,
roll it forward with a recurrent network, and (optionally) decode back to pixels and predict reward. (b) Autoregressive-token:
tokenize the observation and predict the next tokens with a Transformer. (c) Diffusion/generative-frame: generate the next frame
by iterative denoising conditioned on previous frames and the action. (d) JEPA/joint-embedding: predict the representation of
the future produced by a target encoder, with no pixel decoder. (e) Value-equivalent: encode to an abstract state, predict only
reward, value, and policy, and plan by search. This is the most abstract template and, like JEPA, produces no image. Video-
foundation simulators (Section IV-F) are large-scale instances of (b) or (c).

recurrent latent dynamics with a transformer over a shared
latent space, so that tree search can condition on a long history
rather than a single compressed state. Its value is best read as
diagnostic rather than competitive: on Atari 100k it does not
beat published MuZero (human-normalized mean 0.39 against
0.56), but it markedly improves memory-demanding partially
observable tasks, where the recurrent state is the bottleneck,
and it trains one model across several Atari games at once.
This isolates a real limitation of the classic formulation,
namely that value equivalence says what to predict but leaves
open how much of the past the model may condition on.

For contrast, two influential observation-reconstruction
model-based methods clarify what value equivalence avoids.
SimPLe [78] learns an action-conditioned video predictor
of an Atari game and trains a policy inside it, pioneering
the Atari 100k benchmark but spending capacity on pixels.
MBPO [39] uses short “branched” rollouts from a learned
dynamics ensemble, with a theoretical bound on how far the
model can be trusted before compounding error dominates.
MBPO thus answers the model-bias problem from a different
angle: shorten the rollout rather than change the prediction
target. Table III summarizes the family. Where value equiva-
lence buys planning efficiency by refusing to draw the world
at all, the next family makes the opposite bet: it reconstructs
the world in full, but treats it as a sequence of tokens to be
predicted like language.

C. Autoregressive-Token / Transformer World Models

This family treats the world like language. An observation
is compressed into a short sequence of discrete tokens by
a vector-quantized autoencoder, and a Transformer predicts
the next tokens (and often reward and episode termination)
conditioned on past tokens and actions. This is exactly the
recipe behind large language models, transplanted to experi-
ence. Once the model can continue the “story” of a game, an
agent can be trained entirely inside its imagined token rollouts.
Intuition: First learn a compact alphabet for screenshots, so
each frame becomes a handful of “visual words.” Then train a
GPT-like model to continue the story of the game one word at
a time, given the player’s actions. The agent practices inside
these generated stories, so it needs very little real play.

The paradigm has two roots. Trajectory Transformer [79]
and Decision Transformer [80] first reframed control as token-
sequence prediction, modeling states, actions, and rewards
as one stream. On the world-model side, IRIS [81] converts
each frame into discrete tokens with a VQ-VAE and predicts
the next frame’s tokens autoregressively, training a policy
purely in imagination; it reached superhuman play on several
Atari games from only ∼2 hours of experience. ∆-IRIS [82]
makes this an order of magnitude faster by tokenizing only
the change between frames. TWM [83] feeds states, actions,
and rewards as separate tokens to a Transformer-XL for long-
range memory, and STORM [84] combines DreamerV2-style
categorical latents with a GPT backbone, reaching a record
Atari 100k score among no-lookahead methods while training
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TABLE III: Value-equivalent and planning-oriented world models, with two observation-reconstruction methods (SimPLe,
MBPO) for contrast. HNS = human-normalized score on Atari 100k. MCTS = Monte Carlo Tree Search.

Method Predicts Planner Headline result Venue/Year

Predictron [68] Value (abstract) Internal rollouts Accurate value prediction (mazes) ICML 2017
VPN [69] Reward/value Lookahead tree Beats DQN & obs.-prediction models NeurIPS 2017
MuZero [16] Reward/value/policy MCTS Masters Go/chess/shogi/Atari, no rules Nature 2020
Sampled MuZero [71] Reward/value/policy Sampled MCTS Continuous control (DMControl, Real-World RL) ICML 2021
Stochastic MuZero [72] + chance nodes Stochastic MCTS SOTA 2048, backgammon ICLR 2022
Gumbel MuZero [73] Reward/value/policy Gumbel search Strong with few simulations ICLR 2022
MuZero Unplugged [74] Reward/value/policy MCTS + Reanalyse Best offline result (RL Unplugged) NeurIPS 2021
EfficientZero [75] + consistency loss MCTS 1.94 mean / 1.09 median HNS (Atari 100k) NeurIPS 2021
EfficientZero V2 [76] Reward/value/policy Gumbel search Beats DreamerV3, 50/66 tasks ICML 2024

SimPLe [78] Pixels + reward PPO in model Pioneered Atari 100k ICLR 2020
MBPO [39] Next-state + reward Short rollouts + SAC Efficient MuJoCo control NeurIPS 2019
PETS [38] Next-state (ensemble) MPC + uncertainty ∼8× fewer samples than SAC (half-cheetah) NeurIPS 2018

in a few hours on a single GPU. TransDreamer [85] is the
explicit bridge from the RSSM family, replacing Dreamer’s
recurrent core with attention.

Two results bracket what this family can be said to have
learned. Othello-GPT [86] is the most-cited experimental
evidence that next-token prediction alone induces a world
model: a transformer trained only to predict legal moves in
the board game Othello, never shown the rules or the board,
turns out to carry an internal representation of board state that
probing can read out, and, decisively, that intervention can edit,
changing the model’s subsequent move predictions in the way
a genuine board change would. Prediction, on this evidence,
can force structure into existence. Read alongside Vafa et
al. [36] (Section II-B), where a model predicted orbits nearly
perfectly without recovering the mechanics behind them, the
pair sets the terms of the debate the rest of this survey keeps
meeting: next-token prediction sometimes recovers the gener-
ating structure, and knowing when is still an open problem.

On the engineering side, tokenization granularity has itself
become a research question. DeltaTok [87] pushes it to the
limit: consecutive video frames share almost everything, so
rather than re-encoding each frame as a grid of patch tokens
it encodes only the difference between the two frames’ vision-
foundation-model features, as a single continuous “delta”
token. Video collapses from a spatio-temporal token grid to
one token per frame, a 1,024× reduction against per-patch
feature grids at 512×512, and the 0.3B DeltaWorld model
built on it forecasts with roughly 2,000× fewer FLOPs than
Cosmos-scale generative world models. The system conditions
only on past frames and a noise query, so it is a passive
predictor rather than an action-conditioned world model; we
include it because it shows how much of the cost in this family
is spent re-encoding what did not change, and because fewer
tokens per frame let a fixed context window reach much further
back in time, turning a compression choice into a memory
mechanism.

The family’s most consequential contribution is unsuper-
vised controllability. Google DeepMind’s Genie [5] (Sec-
tion V-D) trains on roughly 30k hours of unlabeled internet
gameplay video (filtered from a far larger pool) and learns a
small set of discrete latent actions with no action labels, so
that a user can “press buttons” in a world generated from

any image. This token recipe also scales to real domains:
Wayve’s GAIA-1 [88] (Section V-C) tokenizes driving video
and predicts the next token like a language model, and
Microsoft’s WHAM [21] (Section V-D) tokenizes both frames
and controller inputs. Open, real-time token engines such as
MineWorld [89] show the approach remains competitive with
diffusion for interactive world modeling, using parallel decod-
ing for speed (frames per second, FPS, is the standard measure
of interactive throughput). Table IV summarizes the family.
Its strength is scalability and the natural fit with language-
model tooling; its historical weakness (quantization discards
fine visual detail) is precisely the opening the diffusion family
exploits.

D. Diffusion and Generative-Frame World Models

Where the token family compresses the world into discrete
codes, the diffusion family renders the future pixel by pixel
through iterative denoising, conditioned on past frames and
the agent’s action. These models can act as photorealistic
neural game engines: a network, rather than hand-written game
code, produces each frame. Interactivity comes from action-
conditioning plus autoregressive rollout: each generated frame
is fed back as context for the next.
Intuition: Instead of following programmed rules, an artist who
has watched thousands of hours of a game sketches, moment
by moment, exactly what should appear next when you move
or shoot. The central difficulty is drift: small per-frame errors
accumulate over a long rollout, so the world slowly melts or
“forgets” what is off-screen. Much of the research is about
stopping this.

Two sub-threads exist. For control, diffusion generates
whole trajectories to avoid the compounding error of step-
by-step rollout. Diffuser [90] and the Decision Diffuser [91]
pioneered trajectory-level diffusion planning; DWM [92] pre-
dicts a full multi-step future in one pass, yielding a ∼44% gain
over one-step models on offline RL; PolyGRAD [93] generates
whole on-policy trajectories in a single non-autoregressive
pass, guiding the denoiser with the gradient of the policy’s
action distribution so that the synthesized states and actions
stay on-policy; and DIAMOND [94] trains an RL agent inside
a diffusion world model that predicts frames directly in pixel
space, arguing that the visual detail discarded by token models
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TABLE IV: Autoregressive-token / transformer world models. Genie appears here and is discussed further under games
(Section V-D); GAIA-1 and WHAM use the same mechanism but are tabulated in their application-domain sections (Tables IX
and X). UniZero is a transformer-latent MuZero variant, discussed with the value-equivalent family in Section IV-B and
tabulated here for its backbone.

Method Tokenizer Backbone Headline result Venue/Year

Trajectory Transf. [79] Discretized dims GPT Offline RL as sequence modeling NeurIPS 2021
Decision Transf. [80] Return/state/action Causal Transformer Return-conditioned control NeurIPS 2021
IRIS [81] VQ-VAE (image) GPT 1.05 mean HNS, Atari 100k ICLR 2023
∆-IRIS [82] VQ of frame-deltas Transformer Best Crafter score, ∼10× faster ICML 2024
TWM [83] Latent+action+reward Transformer-XL Competitive Atari 100k, long memory ICLR 2023
STORM [84] Categorical VAE GPT 1.27 mean HNS; 4 h/game on 1 GPU NeurIPS 2023
TransDreamer [85] RSSM latent Transformer (TSSM) Long-memory 2D/3D tasks arXiv 2022
MineWorld [89] Image+action tokens Transformer Real-time (4 to 7 FPS) open Minecraft arXiv 2025
Genie [5] ST video tokenizer ST-Transformer Latent actions from unlabeled video ICML 2024
DeltaTok [87] ∼1 token per frame Transformer Extreme temporal compression CVPR 2026
UniZero [77] Per-step latent (SimNorm) Transformer + MCTS Long-context planning; POMDP memory TMLR 2025

Othello-GPT [86] Move tokens GPT Editable emergent board state ICLR 2023

is decisive for control; it set a new best Atari 100k score for
agents trained purely in a world model (1.46 mean HNS) and
doubles as a playable Counter-Strike (CS:GO) engine.

For interactive generation, the goal is a playable simulator.
GameNGen [95] was the landmark: a diffusion model (adapted
Stable Diffusion) simulates DOOM at 20 FPS on a single
TPU, with human raters near chance at distinguishing short
clips from the real game; its key trick is noise augmentation
of context frames during training, which teaches the model
to correct its own drift. Oasis [96] brought a playable dif-
fusion Minecraft to a mass audience in the browser, using
a Diffusion Transformer trained with Diffusion Forcing [97].
That technique gives each frame an independent noise level,
unifying autoregressive rollout and full-sequence diffusion in
one model and directly attacking long-rollout stability. The
Matrix [98] tackles infinite-horizon generation with a sliding-
window denoising scheme, producing endlessly extendable,
steerable video across game and real-world scenes. GameGen-
X [99] generates and controls open-domain game video across
150+ games. DeepMind’s Genie 2 and Genie 3 [17], [18]
(Section V-D) are the flagship interactive foundation world
models, with Genie 3 sustaining real-time 720p navigable
worlds that stay coherent for minutes. Two further lines
attack the failure modes that limit long interaction. To combat
forgetting, WorldMem [100] equips a diffusion world model
with an explicit memory bank of past frames, indexed by
camera pose and timestamp and retrieved through a memory-
attention mechanism, so that a scene stays consistent when
the viewer looks away and later returns. To combat geometric
incoherence, Geometry Forcing [101] aligns the diffusion
model’s internal representations with features from a geomet-
ric foundation model (a network pretrained to recover 3D
structure from ordinary images), giving the generator a 3D-
aware internal structure and measurably improving both visual
quality and 3D consistency under camera motion and action
conditioning.

Underneath all of these sits a training problem that explains
drift more precisely than “errors accumulate.” A model trained
to predict the next frame from real previous frames is, at
generation time, asked to predict from its own previous

frames, which are slightly wrong; it has never practiced on
its own mistakes. This mismatch is called exposure bias. Self
Forcing [102] removes it directly by rolling the model out
on its own generations during training, made affordable by
caching. On a 1.3B model at 832×480 this converts 0.78 FPS
with 103 s of latency into 17.0 FPS with 0.69 s of latency on
a single H100 at equal VBench score. Self Forcing is text-
to-video and has no action input, so it is not itself a world
model; we include it because it is the enabling mechanism
beneath the action-conditioned real-time systems that follow,
and because it identifies exposure bias as the root cause
of drift; in hindsight, GameNGen’s noise augmentation and
Diffusion Forcing’s per-frame noise levels were each partially
addressing that same mismatch.

Matrix-Game 3.0 [103] combines that insight with memory
and reports the strongest current joint result on speed and
persistence: up to 40 FPS at 720p from a 5B model while
holding memory consistency over minute-long sequences, us-
ing residual prediction plus deliberate re-injection of imperfect
generated frames during training, together with camera-aware
retrieval from a spatial memory. RELIC [104] states the
requirements as a triple that must hold simultaneously (real-
time long-horizon streaming, consistent spatial memory, and
precise control) and makes the attention context itself the
memory: history is compressed into spatially downsampled
latent tokens, each tagged with the relative action and the
absolute camera pose, that stay in the key-value cache so
attention can implicitly retrieve the right content when a
viewer revisits a place, with no external memory bank; its
14B model runs at 16 FPS on four H100s at 480×832 for up
to 20 seconds.

Table V summarizes the family. Its strength is unmatched
visual fidelity and playability; its weaknesses are drift, heavy
compute for real-time inference, and no guarantee that beau-
tiful frames obey physics (Section IV-F).

E. JEPA and Joint-Embedding Predictive Architectures

The diffusion and token families predict the future in
pixel or pixel-token space. The JEPA family, proposed by
LeCun [28], argues this is the wrong target: high-dimensional
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TABLE V: Diffusion and generative-frame world models. The upper block targets control/RL (predict trajectories or train
agents in imagination); the lower block targets interactive generation (neural game engines) and the training techniques that
enable it. FPS figures are as reported by the authors on the stated hardware.

Method Use Real-time Headline result Venue/Year

Diffuser [90] Planning × Trajectory diffusion planning ICML 2022
Decision Diffuser [91] Planning × Return-conditioned diffusion ICLR 2023
DWM [92] Offline RL × +44% over one-step models (D4RL) arXiv 2024
PolyGRAD [93] On-policy RL × On-policy trajectory diffusion TMLR 2024
DIAMOND [94] RL + engine 10 FPS (CS:GO) 1.46 mean HNS, Atari 100k NeurIPS 2024

GameNGen [95] Neural engine 20 FPS (TPU) Playable DOOM; PSNR 29.4 ICLR 2025
Diffusion Forcing [97] Training paradigm × Stable long rollouts; guidance NeurIPS 2024
Oasis [96] Neural engine 20 FPS (H100) Open, in-browser playable Minecraft 2024
The Matrix [98] Neural engine 16 FPS Infinite-horizon, game→real arXiv 2024
GameGen-X [99] Neural engine × Open-domain (150+ games) ICLR 2025
Genie 2 [17] Foundation engine interactive Playable 3D worlds from one image 2024
Genie 3 [18] Foundation engine 24 FPS, 720p Minutes-coherent, promptable worlds 2025
WorldMem [100] Memory mechanism × Memory bank for long-term consistency NeurIPS 2025
Geometry Forcing [101] 3D alignment × 3D-consistent generation ICLR 2026
Self Forcing [102] Training paradigm 17.0 FPS (H100) Removes exposure bias; 0.69 s latency NeurIPS 2025
Matrix-Game 3.0 [103] Neural engine 40 FPS, 720p Minute-long memory consistency, 5B arXiv 2026
RELIC [104] Neural engine 16 FPS (4×H100) Compressed camera-aware KV memory, 14B arXiv 2025

observations contain enormous detail that is irrelevant or
fundamentally unpredictable, so a good world model should
predict an abstract representation of the future, not its pixels.
A Joint-Embedding Predictive Architecture encodes both the
input and a future/masked version through two encoders, and
trains a predictor to match the target in feature space, with no
pixel decoder.

Intuition: You cannot predict the exact position of every leaf
blowing in the wind, but you can predict “the car ahead will
slow down.” JEPA learns to predict the meaning of what comes
next, not its appearance, like a chess player who pictures the
strategic shape of the board rather than the wood grain of each
piece. The main technical risk is collapse (the model cheating
by mapping everything to the same point), prevented by an
asymmetric target encoder and careful regularization [105].

I-JEPA [106] was the first concrete instance: from a vis-
ible part of an image it predicts the feature representations
of masked regions, beating pixel-reconstruction methods on
semantic tasks while being far more compute-efficient. V-
JEPA [107] extended this to video via masked spatio-temporal
feature prediction, learning motion and appearance 1.5 to
6× more efficiently than pixel-generative video models. V-
JEPA 2 [20] scaled to over a billion parameters and more than
one million hours of internet video, yielding a general video-
understanding model; crucially, its action-conditioned variant
V-JEPA 2-AC post-trains a latent world model on under 62
hours of unlabeled robot video and enables zero-shot robot
planning: given a goal image, it rolls out candidate actions in
latent space, scores which imagined latent best matches the
goal, and executes the best. Deployed on Franka robots in
two different labs, it needed no environment-specific data or
reward. This makes it a flagship self-supervised world-action
model.

The family’s 2025 to 2026 development is a shift from
heuristics to theory. LeJEPA [108] replaces the accumulated
tricks that kept JEPAs from collapsing (stop-gradients, teacher-
student asymmetry, hand-tuned schedules) with a single prin-

cipled objective. Its argument runs backward from the goal: if
the point of an embedding is to support downstream prediction,
one can ask which distribution of embeddings minimizes
downstream risk, and the answer is the isotropic Gaussian.
SIGReg (Sketched Isotropic Gaussian Regularization) then
pushes embeddings toward that distribution cheaply: rather
than compare full high-dimensional clouds, it casts the em-
beddings onto many random one-dimensional lines and checks
each shadow against the shadow a Gaussian ball would cast,
which costs only linear time and memory. The result is one
trade-off hyperparameter, roughly fifty lines of code, validation
across 10+ datasets and 60+ architectures, and 79% ImageNet-
1k accuracy under a linear probe, which freezes the encoder
and fits only a simple linear classifier on top so that the
score grades the features rather than further training, using a
large Vision Transformer (ViT-H/14) pretrained on ImageNet-
1k alone.

Intuition: “Collapse” is the failure where an encoder maps
every input to nearly the same vector, which makes prediction
trivially easy and completely useless. Earlier JEPAs avoided it
with asymmetries that worked but nobody could fully explain.
LeJEPA instead specifies the shape the embedding cloud
should have (a round Gaussian ball) and regularizes toward
it directly.

Two consequences followed quickly. LeWM [109] shows
the theory buys practical independence from foundation en-
coders: with only next-embedding prediction plus SIGReg, it
trains stably end to end from raw pixels, which is exactly
what collapse had previously prevented and what forced
DINO-WM to freeze a pretrained encoder. At roughly 15M
parameters it trains on a single GPU in hours and plans
up to 48× faster than foundation-model-based world models
while staying competitive on 2D and 3D control, reframing
the field’s efficiency-versus-scale trade-off. Separately, Klindt
et al. [110] supply the guarantee the JEPA program had
always lacked. Identifiability asks a sharper question than
accuracy: not “does the model predict well?” but “has the
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model recovered the world’s actual hidden variables, up to a
harmless relabeling?” They prove that alignment plus Gaussian
regularization linearly recovers the world’s latent variables
from nonlinear observations for a broad class of worlds whose
latent dimensions are mutually independent and evolve under
stationary additive-noise transitions, and that the Gaussian is
the unique latent distribution for which the guarantee holds.
Two assumptions deserve naming, because the manipulation
and driving systems of Section V violate them: transitions are
stationary with additive noise, and observation is passive. Note
also what the theorem does and does not license. Identifiability
concerns recovery of the representation; planning additionally
requires that the action-conditioned dynamics be right, which
is precisely the separate problem Zhang et al. take up next.
Zhang et al. [111] extend this to action-conditioned models,
giving joint conditions under which a controlled world model
recovers both latent states and dynamics, and quantifying how
counterfactual prediction error (error on roads not taken: what
would have happened had the robot pushed instead of pulled?)
grows when actions fail to excite the state space in enough
independent directions, meaning that a robot which only ever
pushes left cannot learn what pushing up would do, no matter
how much data it collects. This matters for world-action
models specifically: a model can predict passively observed
futures well and still be unidentifiable as a model of how
actions change things.

Related work builds world models on frozen pretrained
features. DINO-WM [112] learns action-conditioned dynamics
directly on frozen DINOv2 patch features and plans zero-shot
to image goals across six environments. HWM [113] addresses
the horizon limit of single-level latent planning by stacking
two world models at different time scales, so the long-horizon
model’s predictions serve as latent subgoals for the short-
horizon model; on real Franka pick-and-place from a single
goal image it reaches 70% success where single-level planning
reaches 0%, and in simulated push manipulation and maze
navigation it improves long-horizon success while using up to
3× less planning compute. C-JEPA [114] changes what gets
masked: instead of hiding image patches it hides an object’s
latent states across the history window, keeping only the first
time step as an identity anchor that tells the model which
object is missing, so the model must infer that object’s state
from how the other objects behave, which comes close to
forcing it to learn interactions rather than appearance. This
buys roughly 20% absolute improvement in counterfactual vi-
sual reasoning over the same architecture without object-level
masking, and on Push-T it nearly matches patch-based DINO-
WM (88.7% versus 91.3% success) while using about 1%
of the latent features and planning 8× faster. Structure, here,
substitutes for scale. PLDM [115] trains a reconstruction-free
latent dynamics model on reward-free, suboptimal offline data
and shows it generalizes to unseen layouts better than model-
free RL. For contrast, Navigation World Models (NWM) [116]
come from the same research line but are deliberately pixel-
generative (diffusion): they plan by generating viewable future
observations, which sharpens the pixels-versus-representations
comparison. Table VI summarizes the family. Its strengths are
efficiency, transferable representations, and a natural fit for

planning; its open question is whether latent prediction, by dis-
carding appearance, also discards information a downstream
task might need. That is the exact opposite of the bet made by
the final family, which pushes pixel generation to the largest
scale of all.

F. Video-Generation Foundation Models as Simulators

The most-discussed recent claim in the field is that if you
train a video generator on enough data at enough scale, it will
implicitly learn how the world works, becoming a general
“world simulator” for free. OpenAI’s Sora [6] crystallized
this: a diffusion transformer trained to denoise “spacetime
patches” of video latents exhibited emergent 3D consistency
and object permanence with no hand-coded physics, and
OpenAI titled its report Video generation models as world
simulators. A wave of large models followed, most marketed
as world models: Google’s Veo 2/3 [117], [118] (Veo 3 adding
native synchronized audio), NVIDIA’s Cosmos [19] platform
of open “World Foundation Models” for Physical AI (with
Cosmos-Transfer1 [119] for structured sim-to-real control and
Cosmos-Reason1 [120] for embodied reasoning), Google’s
autoregressive VideoPoet [121], Alibaba’s open Wan [122],
Kuaishou’s Kling [123], WorldDreamer [124], and Runway’s
GWM-1 [125], which explicitly pivots a video-generation
company toward interactive, action-conditioned world models.
MAGI-1 [126] and the long-context LWM [127] pursue the
streaming/long-horizon axis these simulators need. Much of
this ecosystem is built on Stable Video Diffusion [128],
the open-weight latent video diffusion model that codified
the now-standard three-stage recipe (text-to-image pretraining,
then video pretraining on a curated corpus, then high-quality
video fine-tuning) and demonstrated how much of video-model
quality is a data-curation problem: its Large Video Dataset
began at 580M annotated clip pairs and was filtered to 152M
training examples. Several driving and game world models in
this survey are fine-tuned from it.

The 2026 frontier continues along two axes.
Seedance 2.0 [129] is a unified native audio-video generator
over four input modalities (text, image, audio, video) with
dense multi-reference conditioning, producing 4 to 15 second
clips at 480p and 720p; its subtitle, “Advancing Video
Generation for World Complexity,” states the world-modeling
ambition directly. Google’s Gemini Omni [130] is a natively
multimodal model that accepts text, image, audio, and
video and emits video, and its distinguishing feature is
conversational statefulness: each instruction builds on the last
while the scene stays consistent. That turns generation into an
interactive editing loop, a different route to interactivity than
action-conditioning, and one that makes the world model’s
state something a user manipulates in language.

Two releases, in 2025 and 2026, sharpened the framing
considerably. Sora 2 [131] was presented explicitly as a step
from video generator toward world simulator. OpenAI reports
markedly better handling of buoyancy, rigidity, and contact
outcomes, and generates synchronized audio jointly with the
video. Real worlds have sound, so a simulator arguably should
too. Cosmos 3 [7] goes further and is, in our reading, the
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TABLE VI: JEPA and joint-embedding (non-generative) world models. All predict in representation space and use no pixel
decoder, except NWM, a same-lineage pixel-generative contrast. A ✓under Action-cond. marks action-conditioned models;
these also act, by planning in latent space, except NWM, which plans by generating pixel futures, and the theory row of Zhang
et al., where the mark indicates that the analysis covers action-conditioned models.

Method Predicts in Action-cond. Headline result Venue/Year

I-JEPA [106] Image features × Beats MAE on semantics, compute-efficient CVPR 2023
V-JEPA [107] Video features × 1.5 to 6× more efficient than pixel video TMLR 2024
V-JEPA 2 [20] Video features × 1M+ hours; 77.3 SSv2, SOTA anticipation arXiv 2025
V-JEPA 2-AC [20] Latent (robot) ✓ Zero-shot Franka manipulation arXiv 2025
DINO-WM [112] Frozen DINOv2 feat. ✓ Zero-shot goal planning, 6 envs ICML 2025
PLDM [115] Latent ✓ Best generalization to unseen layouts NeurIPS 2025
LeJEPA [108] Image features × SIGReg; 79% ImageNet-1k linear probe arXiv 2025
LeWM [109] Latent (end-to-end) ✓ 15M params; plans up to 48× faster arXiv 2026
HWM [113] Latent (2 time scales) ✓ 70% vs. 0% real Franka pick-place arXiv 2026
C-JEPA [114] Object-level features ✓ 88.7% vs. 91.3% Push-T, 8× faster ICML 2026

Klindt et al. [110] (theory) × Linear identifiability; Gaussian unique arXiv 2026
Zhang et al. [111] (theory) ✓ Identifiability of controlled WMs arXiv 2026
NWM [116] Pixels (diffusion) ✓ Navigation planning by simulation CVPR 2025

clearest industrial instantiation of the world-action thesis: a
single omnimodal transformer over language, images, video,
audio, and action sequences. It consolidates what were pre-
viously separate vision-language models, video generators,
world simulators, and world-action models into one open-
weight architecture, and we take it as the most explicit indus-
trial statement yet of the convergence thesis (Section IV-G).
The caveat we applied to other vendor reports applies here
too, and more sharply: the report is unreviewed, and it gives
no head-to-head comparison against the separate specialist
models it consolidates. Unifying modalities in one architecture
is an architectural claim, not evidence that unification improves
any measured capability.

Intuition: Think of a very well-read animator who, after watch-
ing an enormous amount of footage, can paint a convincing
new scene from a description. The open question is whether
the animator merely reproduces what it has seen, or has
genuinely internalized the laws of physics.

This is where the survey must be critical. A rigorous
rebuttal, PhyWorld [32], built controlled 2D physics worlds
with known rules and asked whether scaled video diffusion
learns them. The finding is sobering. Models fit in-distribution
cases (situations resembling the training data) nearly perfectly,
but they fail out-of-distribution (situations unlike anything they
were trained on), with velocity errors an order of magnitude
higher. They rely on “case-based” memorization of the nearest
training example rather than abstracting universal laws, and
scaling the models up did not fix this. A companion real-world
benchmark, Physics-IQ [33], reaches the same verdict: today’s
video generators can produce gorgeous, realistic-looking video
while getting the physics badly wrong, and visual realism
does not predict physical understanding. VideoPhy-2 [132]
quantifies how wide the gap remains even for recent systems:
on its hard, action-centric subset the best model scores only
22% joint semantic-plus-physical adherence, with conservation
of mass and momentum among the most frequently violated
principles. OpenAI’s own Sora report [6] candidly lists such
failures (glass shattering, object-state changes). One limitation
of this literature should be stated: these benchmarks evaluated

2024 and 2025 systems, and no published physics benchmark
has yet been re-run on the 2026 generation (Sora 2, Veo 3,
Cosmos 3, Seedance 2.0). Vendor claims of improved physics
are therefore unaudited, and the benchmark verdict is firmly
established only for the earlier generation. The picture is
not uniformly negative, and the exceptions are informative.
Garrido et al. [133] report that video models trained to predict
in a learned representation space do acquire intuitive-physics
competence, scoring above chance on violation-of-expectation
tests of object permanence and shape consistency, while pixel-
space video prediction and multimodal language models on the
same tests score close to chance.

The strongest case for the other side is Wiedemer et
al. [134], who argue that large video generators are becoming
general-purpose vision models much as language models be-
came general-purpose text models. Across 18,384 generated
videos spanning 62 qualitative and 7 quantitative tasks, Veo 3
performs tasks it was never trained for: segmentation at 0.74
mIoU (mean intersection over union: how much the predicted
region and the true region overlap, where 1.0 is perfect), edge
detection at 0.77 against 0.90 for a task-specific specialist,
and, most strikingly, solving 5×5 mazes at a 78% pass@10
rate, meaning a maze counts as solved if any one of ten
attempts succeeds, where Veo 2 manages 14%. They name the
mechanism chain-of-frames, the visual counterpart of chain-
of-thought, the familiar trick of making a language model
write out its intermediate steps instead of jumping straight
to an answer: the model works a problem out step by step
across frames, using the video itself as scratch space. The
generational jump from 14% to 78% on an unrelated reasoning
task is the observation that sits least comfortably with the
memorization account. It is suggestive rather than decisive:
the two Veo generations differ in undisclosed training data
as well as in scale, so maze footage entering the newer
corpus cannot be ruled out, and the memorization critique in
PhyWorld concerns quantitative parameter extrapolation rather
than puzzle solving, so the two literatures are not testing the
same capability.

How should a reader hold these findings together? They are
less contradictory than they first appear, because they measure
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different things. PhyWorld and Physics-IQ ask whether a
generator’s outputs obey quantitative physical law out of
distribution, and find that they do not. Wiedemer et al. ask
whether the generator can perform useful visual tasks it was
never trained on, and find that it can. A system can reason
usefully in a domain whose governing equations it has not
internalized, which is roughly true of most human intuition
about physics too. Our reading is that scale is delivering
broad visual competence while leaving quantitative physical
extrapolation unsolved, and that this distinction, rather than
a verdict for either camp, is what the evidence currently
supports. On Garrido et al.’s reading, and on the JEPA
position generally, this locates the deficit less in video as a
training signal than in pixels as a prediction target. That is
one of two live readings rather than a settled verdict, since
it rests on a single comparison on violation-of-expectation
tests. The debate therefore maps directly onto our prediction-
target thread: proponents of pixel-generative simulators bet
that scale yields physics; JEPA proponents [28], [133] bet that
pixel prediction is the wrong objective; and value-equivalent
proponents sidestep appearance entirely. Table VII summarizes
the family.

G. Cross-Family Bridges and Convergence

The six families are ideal types, and the most recent systems
increasingly blend them. STORM and TransDreamer bridge
the RSSM and token families (categorical latents inside a
Transformer). TD-MPC bridges RSSM and value-equivalent
(a decoder-free latent trained on value). Dreamer 4 bridges
RSSM and diffusion (a Transformer world model trained
with a diffusion-style objective). Diffusion Forcing bridges
autoregressive and diffusion generation. Cosmos ships both
diffusion and autoregressive world-foundation models in one
platform. This convergence suggests the families are best read
not as competing camps but as points on a design space defined
by the prediction target (pixels, tokens, latents, value), the
generative mechanism (recurrence, autoregression, denoising,
feature prediction), and whether the model is interactive and
action-conditioned. With the modeling approaches in hand, we
now turn to how they are deployed across application domains.

V. APPLICATION DOMAINS

The same six modeling approaches are deployed, often in
strikingly different guises, across six domains. This section
reorganizes the landscape by application, emphasizing what
each domain demands of a world model and which of the
three uses of Section II-C (planning, learning-in-imagination,
or data generation) dominates.

A. Reinforcement Learning and Control

This is the domain where world models were born and
where sample efficiency is the currency. Here the model’s
quality is judged indirectly, by a policy trained inside it
(Section VII-A). The dominant use is learning-in-imagination
(Dreamer, IRIS, DIAMOND) and planning (MuZero, TD-
MPC). Because we covered these systems by mechanism in

Sections IV-A to IV-D, we do not repeat them here; the key
takeaway is that on the canonical Atari 100k and DeepMind
Control benchmarks, the frontier is now shared by latent-
recurrent (DreamerV3), value-equivalent (EfficientZero V2),
token (STORM), and diffusion (DIAMOND) models. No
single approach dominates, and the best choice depends on
whether visual detail, discrete randomness, or long-horizon
memory is the bottleneck.

B. Robotics and World-Action Models

Robotics is where the transition from world model to world-
action model is most active, driven by a brutal constraint:
real robot data is slow and expensive to collect. A world
model helps in all three ways (plan candidate motions, dream
synthetic training data, or train a policy in imagination), and
a dominant paradigm has emerged: predict the future video of
the task, then act toward it.
Intuition: Tell a robot what to do; it first “daydreams” a short
movie of itself doing the task from its current view, then works
out which motor commands would make reality unfold like the
movie. Because video is a universal interface and language
composes, this can generalize to new objects and instructions
with little new robot data.

The video-plan paradigm began with UniPi [135], which
generates a task video with a text-conditioned diffusion model
and extracts actions with an inverse-dynamics model, which
works backwards from two consecutive frames to the action
that must have carried the robot from the first to the second
(Section VI-B). Video Language Planning [136] scales this
to long horizons using tree search, in which vision-language
models (VLMs) propose and score the next steps while a video
model predicts what each step would look like. AVDC [137]
removes the need for action labels by recovering actions
from dense optical-flow correspondences in the generated
video, and SuSIE [138] uses cheaper image-editing (subgoal
images) instead of full video. VideoAgent [139] closes the
loop, refining hallucinated plans with VLM feedback and
self-improving from executed data, directly attacking the
hallucination problem. RoboDreamer [140] makes the video
model compositional, imagining unseen object and action
combinations. GR-1 [141] and GR-2 [142] pretrain on large-
scale video prediction (GR-2 uses 38M internet clips), then
fine-tune to jointly predict future frames and actions. They
are early generative video-language-action models; GR-2 re-
ports ∼97.7% average success across more than 100 tasks.
iVideoGPT [143] makes interactive video prediction efficient
enough for model-based RL via compressive tokenization.

A second thread builds unified world-action models
and robot foundation world models. Berkeley/Google’s
UniSim [144] (ICLR 2024 Outstanding Paper) is a universal
action-conditioned simulator of real-world interaction; policies
trained purely inside it transfer to real robots zero-shot.
WorldVLA [145] unifies a VLA policy and a video world
model in one autoregressive transformer, showing that jointly
modeling dynamics and actions beats either alone. Unified
World Models (UWM) [146] couple video and action diffusion
with separate timesteps, so one network is policy, forward
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TABLE VII: Large video-generation foundation models framed as world simulators, plus the two most-cited skeptical
evaluations. “Action-cond.” distinguishes interactive/controllable models from passive text-to-video generators.

Method Backbone Action-cond. Framing / result Venue/Year

Sora [6] Diffusion transformer × “Video gen. as world simulator” OpenAI 2024
Sora 2 [131] Undisclosed × Reported better physics; audio OpenAI 2025
Veo 2/3 [117], [118] Diffusion × Realistic physics; native audio (V3) DeepMind 2024/25
Cosmos [19] Diffusion + AR ✓ Open WFMs for Physical AI NVIDIA 2025
Cosmos-Transfer1 [119] Diffusion ✓ Structured sim-to-real control NVIDIA 2025
Cosmos-Reason1 [120] Multimodal LLM × Embodied physical reasoning NVIDIA 2025
Cosmos 3 [7] Omnimodal transformer ✓ Unifies video, audio, and action NVIDIA 2026
VideoPoet [121] AR transformer × Unified tokenized video LLM ICML 2024
Wan [122] Diffusion transformer × Open-weight; tops VBench Alibaba 2025
Runway GWM-1 [125] AR (on Gen-4.5) ✓ Real-time interactive worlds Runway 2025
LWM [127] AR (RingAttention) × 1M-token multimodal context ICLR 2025
Stable Video Diffusion [128] Latent diffusion × Open backbone; 3-stage recipe, LVD 580M arXiv 2023
Seedance 2.0 [129] Diffusion × Native audio-video; 4 input modalities ByteDance 2026
Gemini Omni [130] Omnimodal × Stateful conversational scene editing Google 2026

PhyWorld [32] (evaluation) × Video models fail OOD physics ICML 2025
Wiedemer et al. [134] (evaluation) × Zero-shot tasks; “chain-of-frames” arXiv 2025
Vafa et al. [36] (probe) × Good prediction ̸= recovered world model ICML 2025
Physics-IQ [33] (evaluation) × Realism ̸= physical understanding arXiv 2025
VideoPhy-2 [132] (evaluation) × Best model 22% on hard subset arXiv 2025

model, inverse model, or generator, and can absorb action-
free video. WHALE [147] targets two chronic weaknesses of
world models, poor generalization under distribution shift and
unreliable uncertainty estimates, using behavior conditioning
and cheap uncertainty estimation. DreamGen [148] is the
flagship data-generation use: it fine-tunes a video world model
on a robot, dreams photorealistic videos of new tasks, and
recovers pseudo-actions from them. Training a downstream
policy (such as the open cross-embodiment VLA foundation
model GR00T N1 [149]1) on these “neural trajectories” taught
a humanoid 22 new behaviors, starting from teleoperation
data for only a single task. Industry world models such
as the 1X World Model [150] additionally aim to evaluate
policies without physical deployment, and V-JEPA 2-AC [20]
(Section IV-E) provides the self-supervised, latent-planning al-
ternative. A complementary object-centric thread [151], [152]
decomposes the scene into per-object “slots” and predicts
dynamics slot-by-slot, trading photorealism for compositional
generalization to novel object arrangements.

The clearest recent statement of the unified view is Genie
Envisioner [153], which packages the whole loop as one
platform: GE-Base, an instruction-conditioned video diffusion
world model of robot interaction; GE-Act, which decodes
that model’s latents into executable action sequences; GE-Sim,
which reuses the same world model as a neural simulator for
training and evaluation; and EWMBench, a benchmark scoring
visual fidelity and physical consistency. A single learned
model thus serves as simulator, policy, and evaluator at once.

By 2026 this thread had produced one dominant recipe,
which Cosmos Policy [154] states most cleanly: post-train a
pretrained video diffusion model by encoding actions, and
sometimes values, as additional latent frames. Rather than
bolting an action head onto a video model, it encodes actions,
future state images, and values as additional latent frames
(extra slots in the model’s own frame sequence that carry a

1GR00T N1 is itself a VLA, not a world model; we include it only as the
policy such world models serve, and in Section VIII-C as the VLA foil.

compressed action or value instead of a picture, so the model
predicts them with exactly the machinery it already uses for
images) inside the video model’s own diffusion process, so a
pretrained Cosmos-Predict2 becomes a robot policy through
one stage of post-training with no architectural change at
all. Because it predicts values as well as futures, it quietly
unifies two families this survey has treated separately: it is a
generative world model that also supplies exactly what a value-
equivalent planner consumes (Section IV-B), and it can refine
both world model and value function from its own rollouts.
It reports 98.5% average success on LIBERO and 67.1% on
RoboCasa, and the highest average score, 93.6 out of 100, on
real-world bimanual manipulation, where the authors grade
partial task progress with a rubric rather than binary success.
DreamZero [155] pushes the same idea toward generalization,
fine-tuning a 14B autoregressive video diffusion backbone to
predict future frames and actions jointly and reporting over
2× better generalization to new tasks and environments than
state-of-the-art VLAs, plus a striking data result: video-only
demonstrations from other robots or from humans yield over
42% relative improvement on unseen tasks from just 10 to
20 minutes of footage. Getting a 14B video model to close a
control loop at 7 Hz required system-level optimization, which
is itself the family’s characteristic engineering problem.

A cluster of 2026 systems dissents from that recipe, and
the axis on which they differ is what gets predicted rather
than which backbone is used. MotuBrain [156] makes the
underlying unity explicit and is the best pedagogical example
in the literature of why world models and policies are two
readings of one object: under a single joint distribution over
video and action, one set of weights serves as policy, world
model, video generator, inverse-dynamics model, or joint
predictor, depending only on which conditional you sample.
It reports 95.8% and 96.1% average success on RoboTwin 2.0
under clean and randomized settings and reaches 11 Hz.
DSWAM [157] adds a fast/slow division of labor, pairing a
fast video-co-trained executor, which like Fast-WAM below
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emits action chunks directly at inference without generating
future video, with an optional slower vision-language planner
that decomposes long tasks, and brings latency from 198 ms
to 74 ms through inference optimization. PointWorld [158]
changes the prediction space instead of the architecture, fore-
casting per-pixel 3D displacements (“point flows”) from RGB-
D input so that state and action share one 3D space, trained on
about 2M trajectories and 500 hours and running at 0.1 s per
step inside model-predictive control. WestWorld [159] drops
video altogether and models low-level state-action trajectories
across heterogeneous robots, routing a system-aware mixture
of experts (Sys-MoE), a network split into specialist sub-
networks with a small router that sends each input to only a
few of them, so total capacity grows without every parameter
running on every input and, separately, injecting robot physical
structure as a morphological embedding on the trajectory
tokens, after pretraining on 89 environments, which addresses
the cross-embodiment question that the video-based systems
mostly sidestep. Two further systems widen the modality:
TACO [160] builds a visuo-tactile world model and uses it as
a self-correcting data engine, imagining visuo-tactile futures
to relabel corrective actions and improving success by 44%
absolute over its base policy on contact-rich tasks, which is
direct evidence against the assumption that a world model must
be visual; and LPWM [161] revives object-centric modeling at
real-world scale, discovering keypoints, boxes and masks from
video without supervision and modeling stochastic particle
dynamics through a latent action module. Across the cluster
the prediction space varies (pixels, 3D point flow, low-level
state, touch, particles) while the training recipe barely does,
which is the clearest sign that in robotics the prediction target,
not the backbone, is now the live design variable.

Two developments on the tooling side matter as much as
the models. GE-Sim 2.0 [162] extends Genie Envisioner into
a neural simulator built for closed-loop policy evaluation, top-
ping the public WorldArena leaderboard at only 2B parameters
and delivering a 25-frame rollout in 2.3 seconds on a single
H100, and adding a state expert that decodes proprioceptive
state from video latents and a world judge that scores roll-
outs against the task instruction to yield machine-verifiable
rewards; the authors use it as an evaluator and a reward-
based data filter, and name reinforcement learning inside the
simulator as future work. And the action-labeling bottleneck
now has a reference solution in LAPA [163], which learns
discrete latent actions between consecutive frames of action-
free video with a VQ-VAE, pretrains a policy to predict those
latent actions, and needs only a small labeled set to decode
them into real commands; it is the generalization of Genie’s
latent actions to robot learning and reports over 30× greater
pretraining efficiency than OpenVLA while outperforming it.

These systems are measured against one dominant alter-
native. Diffusion Policy [164] applies the same denoising
machinery as diffusion world models but to action sequences
rather than future observations, with no world model at all, and
became the default strong baseline on real robots (an average
46.9% relative improvement over prior methods across 12
tasks). OpenVLA [165] is the open 7B vision-language-action
model trained on 970k demonstrations that maps observations

to actions with no future prediction whatsoever, beating the
55B RT-2-X by 16.5 points absolute across 29 tasks. Both
are made possible by Open X-Embodiment [166], the pooled
dataset of 22 robots from 21 institutions demonstrating 527
skills, which established that heterogeneous robot data trans-
fers positively and which nearly every system in this section
trains or evaluates on. These are the systems a world-action
model must outperform to justify the cost of predicting the
future at all, and Section VIII-C returns to whether it does.

A third thread, visible mainly outside academia, tests the
world-action thesis at industrial scale and along the axis of
data. Dyna Robotics’ Dyna-2 [3] is the most quantitatively
developed statement so far. Architecturally it is a video-
diffusion world-action model in which video and action
are tokenized separately into two cross-attending transformer
streams, with a deliberately shallower action stream that joins
the video stream only in the early layers; it is trained by
flow matching, with a video loss and an action loss sharing
a trunk. Its distinguishing feature is the training set: more
than one million hours of egocentric human video (roughly
170 years of waking experience), annotated with 3D hand-
pose tracks that supply wrist poses and a continuous grasp
signal in place of robot action labels. By training on nested
subsets of 1k, 10k, 100k, and 1M hours, the authors report
what they call the first human-to-robot transfer scaling law:
held-out prediction error falls smoothly as a power law in the
number of hours D (reported as MSE = 0.0691D−0.0184),
and, more consequentially, that improvement carries across the
embodiment gap onto robot data. Two different measurements
should be kept apart here. The power law is fitted to held-
out prediction error over the four subsets. The downstream
result is four points of task success, not a fitted law: after
post-training on at most ten hours of robot demonstrations per
task, mean normalized performance across 14 tasks climbs
20%→ 28%→ 45%→ 53% along the same ladder, reported
from single runs without seeds or error bars. One task, turning
a key in a lockbox, stays at 0% success at every smaller scale
and reaches 90% only at one million hours, which is a striking
anecdote but also exactly the discontinuity a smooth scaling
law does not predict. Most relevant to this survey’s thesis, the
authors report that video co-training is the only recipe that
keeps improving as action data grows: on this evidence the
world model is not scaffolding to be discarded once a policy
exists.

Rhoda [2] makes the same video-first bet with a different
control loop. Its Direct Video-Action (DVA) model is defined
as a policy that translates the predictions of a pretrained
causal video model into actions in a real-time closed loop,
conditioned on a long history of robot video together with
proprioception (the robot’s sense of its own body: joint angles,
gripper width, and forces, the machine equivalent of knowing
where your hand is with your eyes shut) and language.
Two design choices are instructive. First, the model carries
hundreds of frames of visual context, where a typical VLA
sees only a few; the authors motivate this by visual aliasing,
in which two moments in a task look nearly identical but sit
at very different points in the sequence, so that only memory
disambiguates them. This is the same long-horizon memory
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problem that Section IV-D met in generative world models,
arriving here as a control requirement rather than a visual one.
Second, prediction and action are separated: because the video
model supplies the future, the residual problem of inferring
which action produces it is small enough to be solved by an
inverse-dynamics model trained on roughly ten hours of data.
To keep the loop closed in real time the authors use what they
call leapfrog inference, predicting far enough ahead that each
prediction covers the latency of computing the next one.

Neither Dyna-2 nor Rhoda has a peer-reviewed publication,
and both quantify only what they choose to; Rhoda, for in-
stance, describes its pretraining corpus as “web-scale” without
stating its size. We cite them as industrial technical reports
rather than validated results, and we include them because
they are the clearest evidence that the pretrain-to-imagine, fine-
tune-to-act recipe (Section VI-C) has moved from research
demonstration to production bet. Table VIII summarizes the
domain.

C. Autonomous-Driving World Models

Driving world models predict how a traffic scene will
evolve, conditioned on the ego-vehicle’s actions, for three
purposes: simulation (safely rehearsing rare, dangerous sce-
narios), data generation (synthesizing diverse labeled footage),
and planning (imagining and scoring candidate maneuvers).
The domain’s distinctive feature is the variety of prediction
spaces: multi-camera pixels, bird’s-eye-view (BEV) latents,
3D semantic occupancy, and LiDAR point clouds.

MILE [168] was an early camera-only model that jointly
learns a BEV latent world model and a driving policy
from offline video, beating the prior CARLA state of the
art by 31% in a new town. Wayve’s GAIA-1 [88] scaled
the token-transformer-plus-diffusion-decoder recipe to a 9B-
parameter driving simulator controllable by text and action,
and GAIA-2 [169] made it a controllable multi-camera latent-
diffusion model with structured conditioning (ego dynamics,
agents, weather, country). GigaAI’s DriveDreamer [170] and
DriveDreamer-2 [171] added HD-map/box grounding and a
large language model (LLM) front-end that turns a plain-
language request (“a car cuts in”) into a generated clip.
ADriver-I [172] fuses a multimodal LLM with a diffusion
generator in a single vision-action loop that both predicts the
next frame and outputs control. Drive-WM [173] is notable
for plugging into an end-to-end planner: it imagines multiple
futures for candidate maneuvers and picks the safest by an
image-based reward. Call this “drive into several futures and
choose.” GenAD [174] and Vista [175] pushed toward large-
scale, generalizable, web-data-trained driving world models
with versatile action control, with Vista also serving as a
training-free reward model.

The GAIA line has since scaled and, more importantly,
changed purpose. GAIA-3 [176] is a 15B-parameter latent-
diffusion world model trained with five times the compute
and roughly ten times the data of GAIA-2, spanning nine
countries across three continents, with a video tokenizer twice
the size. It also puts at the center of generative simulation a
formulation that dates to Chen et al.’s world on rails [177]:

an authentic logged drive is re-simulated with a changed
ego trajectory while every other agent stays pinned to what
it actually did. That turns a generator into a counterfactual
instrument, because the recorded future supplies ground truth
for the parts of the scene the ego vehicle did not cause. GAIA-
4 [178] extends this past the camera-only regime by generating
camera and radar together, and reports that training specifically
for the world-on-rails task improves how faithfully the model
preserves the recorded world by 2.5×. Note the trajectory here:
four generations of a driving world model moving from “can
it generate plausible video?” to “can it answer what would
have happened if we had steered differently?”, which is the
question a simulator has to answer to be useful for evaluation.

The clearest sign that general world models are becoming
shared infrastructure is the Waymo World Model [179], which
post-trains DeepMind’s Genie 3 into a driving simulator and
translates its 2D video knowledge into lidar outputs matched
to Waymo’s own sensor rig, with control over driving action,
scene layout, and language. The strategic argument is precisely
the one this survey has been tracking: general pretrained world
knowledge lets the simulator stage long-tail events, a tornado
or an elephant in the road, that no amount of fleet mileage
would supply. No model-level metrics are published, so this
remains a capability demonstration rather than a measured
result. OmniDreams [180] supplies what that lacks, closing
the loop in a safety-critical setting: built on the Cosmos
diffusion architecture and mid-trained on 21k hours of driving,
it autoregressively generates action-conditioned multi-camera
video in real time coupled to a driving policy, and reports
preliminary results in which a world-action model post-trained
from it surpasses the VLA-based policy it was compared
against, with roughly one fifth the parameters.

Beyond pixels, OccWorld [181] forecasts in 3D semantic
occupancy space (predicting occupied voxels and ego motion
jointly), Copilot4D [182] learns an unsupervised LiDAR point-
cloud world model via discrete diffusion (cutting Chamfer
distance, a standard point-cloud error measure, by ∼65% at
1 s), WoVoGen [183] uses an explicit 4D world volume to
keep multi-camera views consistent, and DriveWorld [184]
reframes the world model as a 4D self-supervised pre-training
objective that boosts detection, mapping, tracking, and plan-
ning. A distinct “neural digital twin” branch reconstructs
editable, reactive sensor data for closed-loop testing: Waabi’s
UniSim [185] (a neural sensor simulator, not to be confused
with the Berkeley UniSim [144]) and Tesla’s disclosed neu-
ral world simulator [186] for shared FSD/Optimus training.
Table IX summarizes the domain.

D. Games, Interactive Environments, and Human-Action
Models

In games, a neural network replaces the game engine: it
predicts the next frame given past frames and the player’s
actions, so the “engine” is learned from data rather than pro-
grammed. This domain produced the field’s most vivid demon-
strations and its clearest examples of human-action models.
Early action-conditioned frame prediction in Atari [187] and
recurrent environment simulators [188] presaged this line a
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TABLE VIII: Robotics world models and world-action models. “Acts” marks systems that output actions (world-action models);
the trailing (P)/(I)/(D) tag in the last column marks the dominant use: P(lanning), I(magination training), D(ata generation).
IDM = inverse-dynamics model.

Method Approach Predicts Acts Headline result / use Venue/Year

UniPi [135] Diffusion video + IDM Pixels ✓ Combinatorial generalization (P) NeurIPS 2023
VLP [136] Video + VLM search Pixels ✓ Long-horizon multi-step tasks (P) ICLR 2024
AVDC [137] Video + flow Pixels ✓ Acts from action-free video (P) ICLR 2024
SuSIE [138] Image-edit subgoals Subgoal images ✓ SOTA CALVIN; beats RT-2-X (P) ICLR 2024
RoboDreamer [140] Compositional video Pixels ✓ Plans unseen object/action combos (P) ICML 2024
GR-1 [141] AR video-pretrain Pixels + actions ✓ CALVIN 88.9→94.9% (I) ICLR 2024
GR-2 [142] AR, 38M clips Pixels + actions ✓ ∼97.7% over 100+ tasks (I) arXiv 2024
iVideoGPT [143] AR token video Pixels × Efficient interactive MBRL (I) NeurIPS 2024
UniSim [144] Diffusion simulator Pixels × Zero-shot sim-to-real policies (I) ICLR 2024
WorldVLA [145] AR unified Pixels + actions ✓ Joint WM+policy beats either (I) arXiv 2025
UWM [146] Dual diffusion Pixels + actions ✓ One net: policy/fwd/inv/generator (I) RSS 2025
WHALE [147] Video (414M) Pixels × Robust OOD imagination (P/I) arXiv 2024
DreamGen [148] Video data engine Pixels→actions ✓ 22 new humanoid behaviors (D) arXiv 2025
V-JEPA 2-AC [20] JEPA latent Latent ✓ Zero-shot Franka manipulation (P) arXiv 2025
1X World Model [150] Video (action-cond.) Pixels × Humanoid sim + policy eval (D) 2024
Genie Envisioner [153] Video diffusion + act Pixels + actions ✓ WM as sim, policy, and evaluator (P/I) arXiv 2025
Dyna-2 [3] Video diffusion + act Pixels + actions ✓ 1M h human video; scaling law (I) Dyna 2026
Rhoda (DVA) [2] Video predictive control Pixels + actions ✓ Closed-loop video→action (P) Rhoda 2026

Cosmos Policy [154] Latent-frame act.+value Pixels/value/act. ✓ LIBERO 98.5%, RoboCasa 67.1% (I/P) arXiv 2026
DreamZero [155] AR video diffusion (14B) Pixels + actions ✓ >2× generalization vs. VLAs (I) arXiv 2026
MotuBrain [156] Joint video-action Pixels + actions ✓ RoboTwin 2.0 95.8%; 11 Hz (I) arXiv 2026
DSWAM [157] Dual-system; no test gen. Actions ✓ RoboTwin 2.0 92.4%; 74 ms (I) arXiv 2026
Fast-WAM [167] Video co-train, no test gen. Actions ✓ LIBERO 97.6%; 190 ms vs. own baselines (I) arXiv 2026
PointWorld [158] 3D point-flow 3D displacements ✓ 2M traj.; 0.1 s in MPC (P) CVPR 2026
WestWorld [159] Trajectory (Sys-MoE) Low-level states ✓ 89 envs; cross-embodiment (P) ICML 2026
TACO [160] Visuo-tactile WM Vision + touch ✓ +44% abs. over base policy (D) arXiv 2026
LPWM [161] Object-centric particles Particle dynamics ✓ Unsup. object discovery (P/I) ICLR 2026
GE-Sim 2.0 [162] Video diffusion sim Pixels × Tops WorldArena at 2B (D) arXiv 2026
LAPA [163] Latent-action pretrain Latent actions ✓ >30× pretrain efficiency (I) ICLR 2025

Diffusion Policy [164] Action diffusion Actions only ✓ +46.9% rel. over SOTA (no WM) RSS 2023
OpenVLA [165] VLA (7B) Actions only ✓ +16.5 pts vs. RT-2-X 55B (no WM) CoRL 2024

decade ago. Three frontiers recur: real-time interactivity, open-
domain generation across many games, and modeling the
human action stream itself.

DeepMind’s Genie [5] learned controllable 2D worlds from
unlabeled video via unsupervised latent actions (Section IV-C);
Genie 2 [17] extended this to playable 3D worlds from a
single image, and Genie 3 [18] to real-time, text-promptable,
minutes-coherent worlds with editable “world events,” po-
sitioned as training grounds for embodied agents such as
SIMA [189]. On the diffusion side, GameNGen [95] (DOOM),
DIAMOND [94] (Atari, CS:GO), and Oasis [96] (Minecraft,
in-browser) demonstrated playable neural engines, while open
systems MineWorld [89], Matrix-Game [190], GameFac-
tory [191], Hunyuan-GameCraft [192], PlayGen [193], and
MarioVGG [194] pursue open-domain generation, generaliz-
able control, and reproducibility.

Three recent developments, from 2025 to 2026, move the
domain forward on distinct axes. On speed and persistence
together, Matrix-Game 3.0 [103] reaches 40 FPS at 720p while
holding memory consistency over minute-long sequences, and
RELIC [104] reaches 16 FPS with retrievable spatial memory
over rollouts of up to 20 seconds (Section IV-D). On what
an action is, Hunyuan-GameCraft-2 [195] adds free-form
language instructions such as “open the door” or “trigger an
explosion” alongside the usual keyboard and mouse signals,
built on a 14B image-to-video mixture-of-experts model and
evaluated with its own InterBench. That is a genuine change

of interface: control extends from navigating a world to also
editing it semantically, which is a different axis from the
memory and speed axes and arguably a harder one, since the
model must decide what a described event implies for a scene
it invented. On productization, Google’s Project Genie [196]
packages Genie 3 into a consumer prototype that generates
navigable worlds from a prompt or image, capped at 60-second
generations, and a later update grounds those worlds in nearly
two decades of Street View imagery [197], tying generated
worlds to real places.

The most consequential result for this survey’s argument,
though, is SIMA 2 [198], because it closes the loop that the
whole enterprise presupposes. A Gemini-grounded embodied
agent bootstraps from human demonstrations, then switches
to self-directed play in which Gemini proposes its own tasks
and estimates its own rewards, and it improves inside Genie 3
generated worlds with no new human data. It roughly doubles
SIMA 1’s success rate and nearly closes the gap to human
performance on training environments; on held-out MineDojo
tasks it completes 26 of 50 task categories where SIMA 1
completed two. The authors present this as a first preliminary
working example rather than a general result, and the self-
improvement experiment is narrow, centering on navigation,
but it is the first evidence we know of that an agent can self-
improve in worlds imagined by another model, which is the
premise on which generated environments are worth building
at all. If it generalizes, the practical value of a world model
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TABLE IX: Autonomous-driving world models, grouped by prediction space: pixel/BEV models above the rule, and 3D-
occupancy, LiDAR, 4D, and neural-rendering models below. “Acts” marks models that also output driving actions/plans. BEV
= bird’s-eye view; MV = multi-view camera; FID = Fréchet Inception Distance and FVD = Fréchet Video Distance, for both
of which lower is better.

Method Approach Prediction space Acts Headline result Venue/Year

MILE [168] RSSM BEV latent ✓ +31% CARLA, new town NeurIPS 2022
GAIA-1 [88] AR token + diffusion Pixels × 9B; controllable rare scenarios arXiv 2023
GAIA-2 [169] Latent diffusion MV pixels × Structured multi-country control arXiv 2025
DriveDreamer [170] Diffusion Pixels ✓ First real-data driving WM ECCV 2024
DriveDreamer-2 [171] Diffusion + LLM Pixels × FID 11.2 / FVD 55.7 AAAI 2025
ADriver-I [172] MLLM + diffusion Pixels ✓ Unified vision-action loop arXiv 2023
Drive-WM [173] Diffusion MV pixels ✓ Plug-in planner; futures ranking CVPR 2024
GenAD [174] Latent diffusion Pixels ✓ OpenDV (1700 h); zero-shot CVPR 2024
Vista [175] Diffusion Pixels × −55% FID vs. prior driving WM NeurIPS 2024
GAIA-3 [176] Latent diffusion (15B) MV pixels × 10× data; world-on-rails Wayve 2025
GAIA-4 [178] Generative (GAIA line) MV pixels + radar × Camera+radar; 2.5× rails fidelity Wayve 2026
Waymo World Model [179] Genie 3 post-trained MV pixels + LiDAR × Long-tail events (tornado, animal) Waymo 2026
OmniDreams [180] Diffusion (Cosmos) MV pixels ✓ Real-time closed loop; beats VLA arXiv 2026

OccWorld [181] AR token 3D occupancy ✓ Planning from forecast occupancy ECCV 2024
Copilot4D [182] Discrete diffusion LiDAR points × ∼65% Chamfer at 1 s ICLR 2024
WoVoGen [183] Diffusion 4D volume + MV × Consistent multi-camera video ECCV 2024
DriveWorld [184] Memory state-space (4D) Occupancy latent ✓ Boosts detection/planning CVPR 2024
UniSim (Waabi) [185] Neural rendering MV + LiDAR × Closed-loop digital twin CVPR 2023

shifts from what it can show a person to what it can teach an
agent.

The domain’s signature contribution to this survey’s ter-
minology is Microsoft’s Muse/WHAM [21], a “World and
Human Action Model,” published in Nature. Trained on over
a billion image-action pairs (∼7 years of human play) of
the game Bleeding Edge, WHAM tokenizes both frames and
controller inputs and models them jointly, so it can generate
visuals given actions, generate plausible human actions, or
both. That makes it an explicit world-action model, built for
creative game ideation rather than benchmark scores. Its real-
time successor WHAMM [199] uses MaskGIT-style parallel
decoding to run a playable neural Quake II in the browser.
Table X summarizes the domain.

E. General-Purpose Simulation and Spatial Intelligence

A final, fast-emerging domain treats the world model as
general infrastructure. Large video-foundation models (Sora,
Cosmos, Veo; Section IV-F) are pitched as universal simulators
for any downstream physical-AI task, and interactive systems
such as Genie 3 and Runway GWM-1 as universal training
and evaluation environments for embodied agents. A distinct
branch pursues spatial intelligence: World Labs (founded by
Fei-Fei Li) argues that a world model should build persis-
tent, explorable 3D worlds rather than merely stream frames,
framing spatial understanding as “AI’s next frontier” [200].
A different route to the same general-infrastructure goal
is Pandora [201], a language-steerable world model whose
“state” is video and whose “actions” are free-form text issued
at any moment. Li’s later functional taxonomy splits world
models into renderers, which output observations, simulators,
which output physically faithful state, and planners, which
output actions [30]. That scheme maps onto ours: renderers are
pixel-target models (Sections IV-D and IV-F), simulators add
physically faithful state, and planners are world-action models
(Section VI). The unifying ambition across this domain is a

reusable “world foundation model” that any agent can query:
the closest computational realization yet of Craik’s internal
simulator.

F. Language, Code, and Agentic World Models

Every domain so far has a camera in it. Yet the definition
in Section II-B says nothing about pixels: a world model is
anything that predicts how an environment responds to actions.
When the “environment” is a program, a web page, or a
text game, the natural state is not an image but a symbolic
description, and the natural model is a language model.

Intuition: A programmer does not need to picture the screen to
know what a line of code will do; they simulate the program’s
state in their head. A code world model does exactly this, and
the same idea covers any environment whose state is easier to
write down than to draw.

WorldCoder [202] makes the symbolic option explicit: in-
stead of learning a neural dynamics model, its agent interacts
with an environment and writes a Python program that explains
what it has seen, then plans with that program. Because the
model is code, it is inspectable, and it can be moved to a
related task by editing rather than retraining. The authors re-
port better sample efficiency than deep reinforcement-learning
baselines. Meta’s CWM [203] scales the idea to a 32-billion-
parameter open-weights language model trained not only on
static source code but on observation-action execution traces:
recordings of what actually happened when code ran, gathered
from Python interpreters and from sandboxed containers in
which an agent can issue commands and observe the results.
It therefore learns to simulate step by step what code does,
not only how code looks. Meta reports 65.8% pass@1 on
SWE-bench Verified with test-time scaling (“pass@1” is the
fraction of problems solved on the first attempt, and SWE-
bench Verified is a suite of real GitHub bug-fixing tasks),
a strong result for a model of this size. The framing is
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TABLE X: Game and interactive-environment world models, including human-action models. “Human-act.” marks systems that
also model/generate the agent’s action stream (world-action models). FPS as reported. Unlike Genie 1 [5], the architectures of
Genie 2/3 are described only in blog posts; we classify them as autoregressive latent diffusion, consistent with Fig. 2.

Method Approach Game/domain Human-act. Headline result Venue/Year

Genie [5] AR token 2D platformers × Latent actions, no labels ICML 2024
Genie 2 [17] AR latent diffusion 3D from 1 image × Playable 3D, emergent physics 2024
Genie 3 [18] AR latent diffusion Text-prompted × 720p/24 FPS, minutes, promptable 2025
GameNGen [95] Diffusion DOOM × 20 FPS; near-indistinguishable ICLR 2025
DIAMOND [94] Diffusion Atari, CS:GO × 1.46 HNS; playable CS:GO NeurIPS 2024
Oasis [96] Diffusion (DiT) Minecraft × Open, in-browser, 20 FPS 2024
Muse/WHAM [21] AR token Bleeding Edge ✓ 1B+ action pairs; Nature Nature 2025
WHAMM [199] MaskGIT Quake II ✓ Real-time playable (10+ FPS) 2025
MineWorld [89] AR token Minecraft × Open, real-time, action metrics arXiv 2025
Matrix-Game [190] Diffusion Minecraft × 17B; GameWorld Score benchmark arXiv 2025
GameFactory [191] Diffusion Open-domain × Control transfers to new scenes ICCV 2025
PlayGen [193] Diffusion (DiT) DOOM, Mario × 20 FPS on RTX 2060; playability arXiv 2024
Matrix-Game 3.0 [103] Diffusion (5B) Open-domain × 40 FPS 720p; minute-long memory arXiv 2026
RELIC [104] Diffusion (14B) Unreal-rendered × 16 FPS; spatial memory arXiv 2025
Hunyuan-GameCraft-2 [195] Diffusion MoE (14B) Open-domain × Language-instruction actions arXiv 2025
Project Genie [196] Genie 3 (product) Prompted worlds × Street View grounding Google 2026

SIMA 2 [198] Gemini agent 3D games; Genie 3 ✓ Self-improves in generated worlds arXiv 2025

explicitly that of a world model: given a state (the interpreter’s
memory) and an action (running a line of code), predict the
next state. In the same spirit, world-model-augmented (WMA)
web agents [204] predict, in natural language, what a click
would change on a page before committing to it.

Qwen-AgentWorld [205] scales this branch to the point
where it can no longer be treated as a footnote. Where
CWM predicts what code does, Qwen-AgentWorld simulates
whole agentic environments across seven domains (tool calling
through the Model Context Protocol (MCP), a standard inter-
face by which a model invokes external tools, plus search,
terminal, software engineering, Android, web, and operat-
ing systems), trained on more than 10M real environment-
interaction trajectories and built at two mixture-of-experts
scales, 35B total parameters with 3B active and 397B total
with 17B active, of which the 35B model is publicly released.
Its mechanism is notable for this survey’s taxonomy: the
model performs next-state prediction by long chain-of-thought
reasoning, reasoning in language about what the environment
will return rather than emitting a state vector or a frame. Set
against the spectrum of Fig. 6, this is a prediction target the
axis cannot hold, because a natural-language description of the
next state is neither more nor less abstract than a latent, it is a
different kind of thing: compositional, inspectable, and able to
represent its own uncertainty in words. If simulating a terminal
or a web page well enough to plan against it is achievable,
the practical consequence is large, since agents could rehearse
irreversible actions (deleting files, submitting forms, sending
payments) before taking them.

This branch matters to the survey’s central thread for two
reasons. First, it adds a target that neither Fig. 6 nor the six
modeling families of Fig. 2 accommodates: a program is a
structured, symbolic description of dynamics rather than a
vector of numbers, and unlike any point on that axis it can be
executed exactly and checked. Second, it inherits a different
failure profile. Pixel world models hallucinate physics; code
world models instead risk writing a program that is internally
coherent but wrong about the environment. That failure, at

least, is easier to detect: run the program and compare its
predictions against what actually happens. Will the symbolic
and generative routes merge, with language models proposing
structure and generative models supplying perceptual detail?
That is among the most interesting open questions facing the
field.

Across all six domains the recurring move is the same:
from a model that merely predicts to one that also acts. We
synthesize that transition from world model to world-action
model next (Section VI), before turning to how such systems
should be evaluated (Section VII).

VI. FROM PREDICTION TO ACTION: WORLD-ACTION
MODELS

Sections IV and V repeatedly marked whether a system
merely predicts or also acts. This section synthesizes how a
predictive world model becomes a world-action model that
drives the hands.

A. The Three Uses, Revisited

Recall the three uses of a world model (Section II-C).
Planning uses the model at decision time: the agent imagines
candidate action sequences and executes the best. Algorithm 1
states the generic model-predictive-control loop shared by
PlaNet, TD-MPC, DINO-WM, and V-JEPA 2-AC. These
methods differ only in whether the rollout happens in a
compact latent or an abstract representation, and in whether
the objective is a reward or a goal-matching distance. Learning
in imagination uses the model at training time (Dreamer,
IRIS, DIAMOND): a policy is trained on model-generated
rollouts, so real interaction is minimized. Data generation
uses the model offline (DreamGen, Cosmos): dreamed rollouts,
relabeled with pseudo-actions, become synthetic training data.

B. How to Extract Actions

A pure video/world model predicts observations, not ac-
tions, so making it act requires one of three mechanisms.
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Algorithm 1 Planning with a world model (model-predictive
control).

1: Input: world model pϕ, encoder eψ , objective J , horizon
H , current observation ot, goal g

2: zt ← eψ(ot) // encode to latent/representation
3: for each planning iteration do
4: Sample N candidate action sequences a

(i)
t:t+H

5: for each candidate i do
6: Roll out ẑ(i)t:t+H with pϕ under a(i)t:t+H
7: Score J (i) (predicted return, or −∥ẑ(i)t+H − eψ(g)∥)
8: end for
9: Refit the sampling distribution to the top-scoring can-

didates (CEM/MPPI)
10: end for
11: Execute the first action at of the best sequence; observe

ot+1; repeat.

(i) Inverse dynamics: a separate model infers the action that
would carry one predicted frame to the next (UniPi [135]),
or dense optical-flow correspondences recover it geometrically
(AVDC [137]). (ii) Latent actions: an unsupervised model dis-
covers a discrete action code from unlabeled video (Genie [5]),
which a policy can then set. (iii) Joint heads: one network
predicts both future observations and actions in a shared
representation (GR-1/GR-2 [141], [142], WorldVLA [145],
UWM [146]), so that modeling dynamics and choosing actions
reinforce each other. (iv) Actions as latent frames: action and
value tokens are appended to the video model’s own denoising
sequence, so no action head and no architectural change are
needed at all (Cosmos Policy [154]); this became the default
in 2026. Two refinements matter in practice. Rhoda [2] shows
that once the video model supplies the future, mechanism (i)
shrinks to an inverse-dynamics model trainable on roughly ten
hours of data; and LAPA [163] generalizes mechanism (ii)
from games to robots, learning latent actions from action-free
video and decoding them with a small labeled set.

C. The Pretrained-to-Imagine, Fine-Tuned-to-Act Recipe

The recipe that came to dominate in 2025 and 2026 [23]
is a two-stage process that mirrors the pretrain-then-fine-tune
paradigm of language models. Stage 1 (imagine): pretrain
a large, action-agnostic video/world model on internet-scale
video so it internalizes broad visual and physical dynamics.
Stage 2 (act): fine-tune the same model on a smaller set of
action-labeled demonstrations so it also emits actions (often
encoded as latent frames) and can plan at test time by
generating and scoring candidate futures. NVIDIA’s Cosmos-
based policy, V-JEPA 2-AC, GR-2, Runway GWM-1, Dyna-
2 [3], and Rhoda [2] all instantiate this pattern. The bet is
that the expensive, general knowledge lives in the imagination
model, and that only a thin, cheap layer of action grounding
is needed on top. This is the same bet that made foundation
models successful in language and vision.

Until recently the recipe rested on demonstrations rather
than measurement: systems built this way worked, but no-
body had shown that Stage 1 obeys a predictable return on

data. Dyna-2’s reported human-to-robot scaling law [3] (Sec-
tion V-B) is the first direct evidence on that question, and it is
favorable in the way that matters most: performance on robot
tasks improves monotonically across four scales of human
video, a quantity available in far greater supply than robot
teleoperation. If the exponent holds, the strategic implication
is large, because it converts a data problem the field cannot
easily solve (robot demonstrations) into one it largely already
has (egocentric video). Two cautions apply. The reported
exponent is shallow, so gains come slowly in absolute terms;
and the result is a single-vendor technical report on a single
architecture, not yet independently replicated.

A pointed negative result complicates the recipe. Most
systems above conflate two distinct things: the world model
as a training-time source of representations, and the world
model as a test-time imagination engine that generates fu-
tures before each action. Fast-WAM [167] separates them
by keeping video co-training while deleting future generation
at inference entirely, and finds that most of the benefit was
in the former. It stays competitive on LIBERO (97.6%) and
RoboTwin 2.0 (91.8%) without embodied pretraining, while
running at 190 ms latency, over 4× faster than the imagine-
then-execute baselines it evaluates against; ablations show that
removing video co-training hurts far more than removing the
imagined rollouts. Two qualifications matter. The evidence
is a within-paper ablation rather than a cross-system win:
Fast-WAM’s absolute numbers sit below several systems in
Table VIII that do keep test-time generation, including Cosmos
Policy on LIBERO and MotuBrain on RoboTwin 2.0. And la-
tency alone does not separate the two designs, since DSWAM
reaches 74 ms and MotuBrain 11 Hz while still generating
video. What Fast-WAM isolates is therefore the contribution
of test-time imagination, not the speed of forgoing it.

If this holds, it revises the field’s inherited intuition. The
Dyna lineage (Section I) taught that the payoff of a world
model is planning in imagination, and every system from
PlaNet to V-JEPA 2-AC has been read in that light. Fast-WAM
suggests that for contemporary video-pretrained policies, the
payoff is instead that predicting the future is an excellent
objective for learning representations, and that once those rep-
resentations exist, rolling the model forward at decision time
may be an expensive habit rather than a necessity. The counter-
evidence is strong and worth stating plainly. HWM [113]
reaches 70% success where single-level planning reaches 0%
on real Franka pick-and-place from one goal image, which
is test-time planning producing all of the performance; V-
JEPA 2-AC’s entire zero-shot result [20], DINO-WM [112],
and PointWorld’s control loop [158] likewise depend on rolling
the model forward at decision time, as does Drive-WM [173]
when it scores candidate maneuvers. Read together, the two
sets of results suggest a boundary rather than a winner:
imagination can be deleted where a policy can be trained to
cover the behavior distribution in advance, and cannot where
the task is specified only by a goal at test time, or where it
needs multi-level subgoals. Deciding when imagination must
actually be run, rather than merely trained on, strikes us as
one of the more consequential open questions this survey can
pose. How well any of this works, and how we would even
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know, are the subject of the next section.

VII. BENCHMARKS AND EVALUATION

Evaluating a world model is hard because “good” means
different things depending on how the model is used. We group
the field’s metrics into three families and argue that no single
number suffices.

A. Sample-Efficiency Benchmarks for RL and Control

When a world model is used for control, it is judged
indirectly, by the performance of a policy trained inside it
under a fixed data budget. Atari 100k [78] is the canonical
sample-efficiency benchmark, reported by nearly every latent,
token, and diffusion world model. It allows 100k agent steps
(∼2 hours of play) on 26 games of the Arcade Learning
Environment [206], scored by human-normalized score (HNS).
The DeepMind Control Suite (DMControl) [207], built on the
MuJoCo physics engine [208], is the standard for continuous
control from pixels, and Crafter [209] tests broad compe-
tence via a 22-achievement tree scored by geometric mean.
MineRL [210] and MineDojo [211] (Minecraft) probe long-
horizon, open-ended competence, and RLBench [212] and
Meta-World [213] probe manipulation; Procgen [214] isolates
generalization via procedurally generated levels. Because these
benchmarks are often reported from few runs, the rliable [215]
methodology (interquartile mean, stratified bootstrap confi-
dence intervals, performance profiles) is now the standard for
honest aggregation.

B. Generative-Video Metrics and Their Blind Spots

When a world model generates pixels, quality is judged
on the video. FVD (Fréchet Video Distance) [216] measures
the distance between distributions of real and generated clips
in the feature space of a video network, capturing per-frame
quality and temporal coherence jointly. PSNR and SSIM [217]
are per-frame reference metrics, and LPIPS [218] a learned
perceptual distance; CLIPScore [219] measures text/prompt
adherence. All share a critical blind spot for world models:
they measure appearance, not physical correctness, action
controllability, or long-horizon consistency. Worse, reference-
based metrics unfairly penalize a perfectly plausible rollout
that simply differs from the one recorded future. This is a
serious problem for stochastic, long-horizon world models,
where many futures are valid.

C. World-Model-Specific Evaluation

A wave of benchmarks targets exactly what appearance met-
rics miss. Physion [220] and Physion++ [221] test physical-
outcome prediction against human baselines, the latter re-
quiring online inference of hidden properties (mass, fric-
tion, elasticity). Physics-IQ [33] scores real-world physics
continuation and delivers the field’s sharpest finding: visual
realism and physical understanding are largely uncorrelated.
WorldScore [222] unifies 3D, 4D, and video world gener-
ation, scoring controllability, quality (including 3D consis-
tency), and dynamics. VBench [223] decomposes video qual-
ity into 16 human-aligned dimensions, and VBench-2.0 [224]

shifts from “superficial faithfulness” (does it look real?) to
“intrinsic faithfulness” (does it obey physics and common-
sense?), explicitly framing video evaluation as world-model
evaluation. VideoPhy-2 [132] adds an action-centric physical-
commonsense test on which even the best model reaches only
22% joint adherence.

A distinct and practically important use inverts the rela-
tionship: rather than evaluating the world model, the world
model does the evaluating. WorldEval [225] uses a video
world model, driven by latent actions, as a proxy for ranking
real robot policies without physical deployment, and reports
rankings that correlate strongly with real-world outcomes
while also flagging unsafe behavior. Genie Envisioner’s EWM-
Bench [153] plays a similar role inside a robot world-model
platform. If such proxies prove faithful, they would relieve
one of the heaviest costs in robotics: evaluating policies on
real hardware. Table XI summarizes both control benchmarks
and evaluation metrics.

Two 2026 contributions sharpen the methodology itself.
LikePhys [226] sidesteps generation quality entirely, which is
the confound every generation-based physics benchmark inher-
its: if a model draws a scene badly, one cannot tell whether
it misunderstands physics or merely renders poorly. LikePhys
is training-free and instead reuses the diffusion model’s own
denoising objective as a stand-in for likelihood, the score
a probabilistic model gives a particular video, its answer
to “how expected is this?” It then asks whether the model
assigns higher likelihood to a physically valid video than to
a curated physically impossible counterpart. Across twelve
scenarios in four physics domains its Plausibility Preference
Error, the rate at which the model prefers the impossible video,
aligns well with human judgment. Measuring a model’s beliefs
rather than its outputs is a genuinely different move, and it
separates competence from rendering skill in a way the earlier
benchmarks could not.

Yu et al. [227] then turn the critique on the field’s reporting
practice, and their diagnosis is uncomfortable but fair: the
recurring pathology is claim/evidence mismatch, where papers
assert utility their evaluations cannot establish. They document
that at least six distinct things now travel under the name
“world model” (action-conditioned environment models, latent
imagination models, future-video predictors, and others), so
that identical claims are not comparable across papers, and
they propose an L0 to L7 evidential ladder running from visual
plausibility up to policy-optimization utility, together with
seven axes including interventional action fidelity, closed-loop
rollout validity, policy-ranking agreement, model exploitabil-
ity, and uncertainty calibration. We endorse the underlying
discipline and note that this survey’s own comparison tables
are vulnerable to exactly the failure they name: a “headline
result” column necessarily flattens evidence of very different
strengths, which is why we have tried throughout to say what
each number is measured on and to mark industrial reports as
self-reported.

The overarching lesson is that robust world-model evalu-
ation is inherently multi-axis: a system can top FVD while
failing Physics-IQ, or plan superbly (high downstream reward)
while producing no viewable rollout at all. Reporting should
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TABLE XI: Benchmarks and evaluation for world models. Upper block: RL/control benchmarks (world model judged by
downstream policy). Lower block: generative and world-model-specific evaluation (world model judged directly). Ref. = requires
ground-truth future.

Benchmark / Metric Type What it measures Venue/Year

Atari 100k [78] RL benchmark Sample-efficient play, 26 games (HNS) ICLR 2020
DMControl [207] RL benchmark Continuous control from pixels 2018
Crafter [209] RL benchmark Breadth: 22-achievement tree ICLR 2022
MineRL [210] RL benchmark Long-horizon Minecraft + demos IJCAI 2019
MineDojo [211] RL benchmark Open-ended, language-specified tasks NeurIPS 2022
Meta-World [213] RL benchmark Multi-task / meta manipulation CoRL 2019
RLBench [212] RL benchmark 100 manipulation tasks + demos RA-L 2020
Procgen [214] RL benchmark Generalization (procedural levels) ICML 2020
rliable [215] Methodology Honest aggregate reporting (IQM, CIs) NeurIPS 2021

FVD [216] Video metric Distributional realism + coherence 2018
PSNR/SSIM [217] Video metric (Ref.) Per-frame pixel/structural fidelity 2004
LPIPS [218] Video metric (Ref.) Learned perceptual similarity CVPR 2018
CLIPScore [219] Alignment metric Prompt/text adherence EMNLP 2021
Physion(++) [220], [221] Physics benchmark Physical prediction vs. humans NeurIPS 2021/23
Physics-IQ [33] Physics benchmark Real-world physics; realism ̸= understanding arXiv 2025
WorldScore [222] World-gen benchmark Controllability, quality (incl. 3D consistency), dynamics ICCV 2025
VBench(-2.0) [223], [224] Video benchmark 16-dim. quality; physics/commonsense CVPR 2024 / arXiv 2025
VideoPhy-2 [132] Physics benchmark Action-centric physical commonsense arXiv 2025
WorldEval [225] WM-as-evaluator Ranks real robot policies without hardware arXiv 2025
LikePhys [226] Physics benchmark Likelihood of valid vs. impossible video ICLR 2026
Yu et al. [227] Methodology L0 to L7 evidential ladder; claim/evidence gap arXiv 2026

therefore state the intended use and evaluate accordingly:
downstream policy performance for control models; and, for
generative ones, controllability plus physical and long-horizon
consistency, not just per-frame realism.

VIII. DISCUSSION AND CONCLUSION

A. State of the Art

Synthesizing the comparison tables, the state of the art is
best read per domain, because no single approach dominates
everywhere.

On sample-efficient RL (Atari 100k; Fig. 5 collects the
scores, which are spread across Tables III, IV and V), the
frontier is shared across families, as Section V-A noted;
the headline mean human-normalized scores make this con-
crete: EfficientZero ∼1.94, DIAMOND 1.46, STORM 1.27,
with DreamerV3 also competitive. EfficientZero V2’s headline
claim is different in kind: breadth, winning 50 of 66 tasks
across Atari 100k and both proprioceptive and visual con-
tinuous control. For general control, DreamerV3 [4] (150+
tasks) and TD-MPC2 [61] (80 tasks across multiple embodi-
ments) are the reference generalists, each with a single fixed
configuration, and Newt [62] pushes the count to 200 tasks
trained jointly. On robotics (Table VIII), the 2026 frontier
on the standard suites belongs to video-pretrained world-
action models: Cosmos Policy reports 98.5% on LIBERO and
MotuBrain 95.8% on RoboTwin 2.0, numbers high enough that
these benchmarks are approaching saturation and perturbed
variants (Section VIII-C) are now the more informative test. V-
JEPA 2-AC remains the reference for zero-shot latent planning
from a goal image, GR-2 (∼97.7% over 100+ tasks) for
large-scale video pretraining, and DreamGen for the data-
generation route. Dyna-2 [3] reports what its authors call
the first scaling law carrying from human video to robot
performance, and DreamZero [155] the largest generalization

margin over VLAs; both are unreviewed vendor reports, which
is the point worth emphasizing. The robotics frontier is now
set partly by industrial technical reports rather than peer-
reviewed papers, making independent replication the domain’s
most pressing methodological need. On autonomous driving
(Table IX), GAIA-3 and GAIA-4 lead multi-camera genera-
tion on scale (15B parameters, roughly ten times GAIA-2’s
data) and, more consequentially, on the world-on-rails coun-
terfactual formulation; OmniDreams leads real-time closed-
loop action-conditioned driving; GenAD and Vista remain
the open reference points; and OccWorld and Copilot4D
lead the 3D-occupancy and LiDAR prediction spaces. On
interactive generation (Table X), Genie 3 is the leading
general promptable engine, sustaining minutes of coherence
at 720p, while Matrix-Game 3.0 reports the best joint speed-
and-persistence numbers (40 FPS at 720p with minute-long
memory consistency); GameNGen, DIAMOND, and Oasis are
the landmark playable engines, and WHAM the reference
human-action model.

B. Summary and Key Findings

(1) One idea, many forms. Every system in this survey is a
bet on how to build Craik’s internal simulator. The taxonomy’s
six families are not rival camps but points in a design space
defined by the prediction target, the generative mechanism, and
whether the model is interactive. Recent systems increasingly
blend them (Section IV-G).

(2) The prediction-target debate is the field’s fault line.
What a world model should predict (pixels, latents, abstract
representations, or value) is the deepest open question (Fig. 6).
Pixel generation buys fidelity and playability at the cost of
compute spent modeling unpredictable detail; value equiva-
lence buys planning efficiency at the cost of any viewable roll-
out; JEPA bets that representation-space prediction captures
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Fig. 5: Progress on the Atari 100k sample-efficiency bench-
mark (mean human-normalized score; 1.0 = human, dashed
line), color-coded by family: gray = pixel-reconstruction
(SimPLe), violet = autoregressive-token (IRIS, STORM), or-
ange = diffusion (DIAMOND), teal = value-equivalent (Effi-
cientZero). All scores come from roughly two hours of game-
play (100k agent steps), and bars are ordered by score, not by
date. World-model agents climbed from sub-human (SimPLe,
2020) to nearly twice the human mean, with no single family
dominating; notably, the value-equivalent EfficientZero (2021)
still tops the metric against later token and diffusion methods.
Values as reported by each paper.

exactly the actionable structure. The evidence is genuinely
mixed, and the answer likely depends on the use.

(3) Realism is not understanding. The most important
empirical finding of 2024 and 2025 is that visual realism
and physical correctness are largely uncorrelated [32], [33],
though it is established on that generation of systems and
has not yet been re-tested on the 2026 models. A model can
generate photorealistic video while failing basic physics out-
of-distribution. This tempers the “scaling video gives a world
simulator for free” thesis and motivates action-conditioning,
explicit state, and better evaluation.

(4) The shift from world model to world-action model.
The frontier in 2025 and 2026 is the move from passive pre-
diction to systems that both imagine and act, via the pretrain-
to-imagine, fine-tune-to-act recipe (Section VI-C). This is
where robotics, games (WHAM), and driving are converging.
Whether such a system must actually run its imagination at
inference, or only be trained by predicting, is now contested
(Section VI-C).

(5) World models attack the data bottleneck in three
ways. Planning, learning-in-imagination, and data generation
are complementary; dreaming synthetic training data is the
fastest-growing of the three in robotics and driving, where
real data is most expensive.

(6) Human video is emerging as the scaling substrate
for embodied world models. The binding constraint in
robotics has always been action-labeled robot data. The most
consequential development of 2026, if it replicates, is evidence
that this constraint can be partly routed around: Dyna-2 [3]
reports that robot task performance improves predictably with
hours of egocentric human video, a human-to-robot transfer
scaling law, and that video co-training keeps paying off even

concrete / high-dim abstract / low-dim

Pixels
Sora,

GameNGen,
Oasis

Latent
Dreamer, PlaNet

Representation
V-JEPA 2,
DINO-WM

Value only
MuZero,
TD-MPC

Fig. 6: The prediction-target spectrum, the field’s central
design axis. Moving left to right, world models predict pro-
gressively more abstract, lower-dimensional targets: raw pixels
(fidelity, playability, high cost), compressed latents (efficient
control), abstract representations (JEPA; action-relevant struc-
ture), and reward/value only (maximally efficient planning, no
viewable rollout). Each choice trades visual fidelity against
efficiency and robustness.

as action data grows. Rhoda [2] bets its whole architecture
on the same premise. If this replicates, the world model
stops being merely a tool for using scarce data efficiently
and becomes the mechanism that makes abundant data usable
at all, which is also the bottleneck the dissenting position
paper of [228] identifies. The caveat is that the strongest such
evidence currently comes from single-vendor reports.

C. World Models versus VLAs: The Rift in Physical AI

We now return to the industry rift previewed in Section I,
which by 2026 had become the central fault line in the
race to build physical AI [22]. The split runs between two
camps, with a third way (below) that rejects the binary. On
one side are vision-language-action (VLA) models, which are
LLM-derived controllers fine-tuned to output robot actions
(e.g.NVIDIA GR00T N1 [149] and Physical Intelligence’s π
models [229]). On the other are world models trained on video
to predict how a scene evolves as a robot acts; these are
increasingly pitched as both the simulator a robot learns from
and the robot’s “brain.” Enthusiasm for the latter grew sharply
in the mid-2020s: the video startup Luma and the humanoid
company 1X each reportedly launched dedicated world-model
labs, and Waymo is reported to have built a driving world
model on Genie 3 [18] to rehearse rare road events such as a
tornado or an animal in the road [22].

The disagreement is substantive, not merely commercial.
Proponents argue a world model can internalize physics well
enough to predict how an object falls and breaks, and to
manufacture the simulated experience robots learn from. Skep-
tics counter that today’s world models still hallucinate: their
generated sequences are “not quite physically accurate,” so
training on them risks a damaging sim-to-real disconnect [22],
and that this precludes high-precision, contact-rich tasks such
as inserting a cable into a server tray. VLAs, meanwhile,
inherit useful semantic and language understanding from their
backbones, but several years in they remain brittle: small
changes in object position can sharply degrade benchmark reli-
ability, and many practitioners judge them not yet production-
ready [22]. Firms deploying robots in production have taken
sides on exactly these grounds, several of them reporting
that they favor world models specifically because a learned
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model of their own domain’s physics can be built from the
data their fielded robots already produce [22]. Two 2026
industrial systems raise the stakes on the world-model side
of the argument: Dyna-2 [3], which reports a human-to-robot
scaling law from one million hours of egocentric video, and
Rhoda [2], which builds its entire control loop out of video
prediction (Section V-B). Both make the video-first case in its
strongest form: that the scarce resource is not model class but
grounded data, and that video is where the data is.

Because much of this debate has been conducted through
announcements rather than measurements, the most useful re-
cent contribution is a controlled comparison. Zhang et al. [230]
evaluate leading VLA policies against recently released world-
action models on the LIBERO-Plus and RoboTwin 2.0-Plus
benchmarks under systematic visual and language perturba-
tions, precisely the robustness axis on which VLAs are alleged
to be brittle. World-action models do hold up reasonably well:
on RoboTwin 2.0-Plus the best of them reaches 74.2% success,
and on LIBERO-Plus Cosmos Policy [154] reaches 82.2%.
That second figure deserves to be read against the 98.5% the
same model reports on unperturbed LIBERO (Section V-B). A
16-point fall under perturbation is the more instructive number,
and it cuts against both camps: headline benchmark scores do
not survive contact with the perturbations these suites were
built to apply. But the verdict is more interesting than a win:
VLAs such as π0.5 reach comparable robustness on some
tasks, and the authors’ distinction is about cost rather than
ceiling, since the VLAs need extensive training across diverse
robot datasets and multiple learning objectives to get there.
Read carefully, this supports neither camp’s strong claim. It
suggests the two model classes are converging in capability
while differing in what they are expensive in, which is exactly
what one would expect if, as Section IV-G argues, the families
are points in a design space rather than rival species.

Two further results bear on the crux. On the world-model
side, DreamZero [155] reports over 2× better generalization
to new tasks and environments than state-of-the-art VLAs,
and OmniDreams [180] reports preliminary results in which
a world-action model beats the VLA-based driving policy
it was compared against; both are the kind of head-to-head
the debate needed. Cutting the other way, Fast-WAM [167]
finds that the advantage survives when test-time imagination
is removed so long as video co-training is kept (Section VI-C).
Taken together these suggest a hypothesis neither camp adver-
tises: that what the world model contributes may be mostly
representations learned by predicting rather than simulation
performed while acting. We put it no more strongly than that,
because the supporting result is one preprint on two simulation
suites, and Section IV-E supplies clear counterexamples. If
it does replicate beyond LIBERO and RoboTwin, the rift is
partly a category error. A VLA trained on video prediction
and a world-action model with its imagination switched off
at inference are nearly the same system, and the substantive
disagreement is not which model class to build but whether
prediction should be an objective, a runtime procedure, or
both.

A “third way” rejects the binary. Hybrid systems such as
NVIDIA’s Cosmos platform, and in particular Cosmos 3 [7],

reason over text and images and generate physically realistic
video, folding vision-language understanding, world simula-
tion, and action generation into a single omnimodal model. A
recent position paper, Robots Need More than VLA and World
Models [228], argues that the debate over model class misses
the real bottleneck: the field lacks mechanisms to convert
the world’s abundant unstructured behavioral data (human
motion, internet video, simulation rollouts) into grounded
robot supervision. Its authors propose four missing interfaces
rather than a new model family: data interfaces that auto-
matically label unstructured behavior, embodiment interfaces
that retarget human motion to robot actions, world-model
interfaces that supply physics-grounded 3D reasoning, and
reward interfaces that infer task progress from video and
language. Separately, some groups coordinate multiple copies
of a language model to control a robot directly, reporting
that this can outperform driving a VLA end to end [22].
The world-action model paradigm (Section VI) is itself an
attempt to dissolve the rift: a single system that inherits the
broad knowledge VLAs gain from pretraining while retaining
the predictive, plannable dynamics a world model provides.
The crux of the skeptics’ case is whether prediction can be
pushed to the physical precision that contact-rich manipulation
demands. In our view that is the empirical question on which
the debate will ultimately turn, and it motivates several of the
directions below.

D. Open Challenges and Research Directions

Several challenges recur across every family and domain:

• Drift: compounding error over long autoregressive roll-
outs.

• Hallucination and physical/causal inconsistency: plausi-
ble but physically wrong futures.

• Memory and 3D persistence: forgetting off-screen struc-
ture.

• Controllability: faithfully obeying the conditioning ac-
tion.

• Compute versus real-time interactivity.
• Honest, multi-axis evaluation.
• Safety: when a world-action model is handed autonomy.

One challenge on that list has become considerably better
understood. Hallucination has usually been discussed as an
architectural defect, something a better generator would elim-
inate. Hansen and Wang [231] argue instead that it is a data-
coverage problem, and therefore predictable. They identify
distinct hallucination modes and show that signals available
before or during a rollout forecast when a world model is about
to invent. Two mitigations follow directly: coverage-aware
sampling during training, and a hallucination predictor used as
a curiosity reward that steers data collection toward the regions
the model does not yet cover. Reframing the problem this way
matters for practice: if hallucination tracks coverage rather
than capacity, then scaling the model is the wrong lever and
scaling or targeting the data is the right one, and a system can
be built to know when not to trust its own dream. This connects
the uncertainty theme of PETS [38] and WHALE [147] to the
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generative world models of Section IV-D, and it is the most
actionable of the recent cross-cutting results.

We close with seven concrete research directions, ordered
by importance.

(1) Physically grounded prediction. The realism-versus-
understanding gap [32], [33] is the field’s central scientific
challenge, and the evidence in Section IV-F suggests it is a
gap in quantitative extrapolation rather than in broad visual
competence. Promising routes include physics-informed ob-
jectives, explicit 3D/occupancy state (OccWorld [181]), struc-
tured and object-centric latents (LPWM [161], C-JEPA [114]),
and hybrids with learned or classical simulators. The goal
is extrapolation to unseen configurations, not interpolation
among seen ones. The concrete next experiment is the one
PhyWorld made possible and nobody has yet run at scale: hold
the training distribution fixed, vary only the physical parameter
a model must extrapolate over, and measure error as a function
of distance from the training support, family by family. Until
that curve is published for pixel, latent, and representation
targets alike, the field is arguing about a quantity it has not
measured.

(2) Long-horizon coherence: drift, memory, and 3D
persistence. These were long treated as three problems and are
better read as one, because all three are ways a rollout stops
agreeing with itself over time. On drift, Self Forcing [102]
identifies exposure bias as the root cause and attacks it directly
by training on the model’s own generations, which reframes
the partial remedies that preceded it (Diffusion Forcing [97],
noise augmentation [95], full-trajectory diffusion [92], sliding
windows [98]). On memory, the open question is now where
history should live: in an external bank indexed by pose and
time (WorldMem [100]), in a compressed attention context
(RELIC [104]), or in explicit camera-aware retrieval (Matrix-
Game 3.0 [103]). On geometry, aligning a generator’s internal
features with 3D structure helps (Geometry Forcing [101]),
and worlds that stay coherent over long exploration will likely
need 3D-native representations (World Labs [200]). A single
mechanism that delivers stable, unbounded, interactive rollout
remains the gating problem for playable world models.

(3) Resolving the prediction-target question empirically.
This is the survey’s organizing question and it is still set-
tled more by conviction than by measurement. Head-to-head
comparisons of pixel, latent, representation, and value targets
on the same tasks (as NWM [116] versus V-JEPA 2-AC [20]
begin to do) would replace ideology with evidence. The theory
side has moved faster than the empirical side: identifiability
results now say when a latent world model can be recovered at
all [110], [111], which gives the comparison something firmer
to stand on. What is missing is a shared harness in which
the prediction target is the only variable, with the encoder,
data, compute budget, and planner held fixed. The likely
outcome is not a winner but a mapping from task property
to target: contact-rich manipulation may need appearance that
navigation can discard. Publishing that mapping would be
more useful than another system paper.

(4) Unified world-action models, and controllability
without action labels. Jointly training dynamics and action
in one network (WorldVLA [145], UWM [146], Genie Envi-

sioner [153], Cosmos Policy [154]) shows mutual reinforce-
ment, and Cosmos 3 [7] scales the idea to an omnimodal model
spanning language, video, audio, and action. The binding
constraint is action labels, which is why unsupervised latent
actions (Genie [5], LAPA [163]) matter so much: they unlock
action-free internet and human video, and extending robust
latent-action discovery to 3D, real-world, and long-horizon
settings would decouple controllability from expensive teleop-
eration. Two open disagreements sit underneath. A dissenting
view holds that the missing pieces are not bigger unified
models but interfaces that turn unstructured human data into
grounded robot supervision [228]; and Fast-WAM [167] raises
the sharper possibility that prediction should be a training
objective rather than a runtime procedure (Section VI-C).
Establishing when imagination must actually be run, and not
merely trained on, would settle both.

(5) Honest evaluation, including world models as evalua-
tors. Evaluation must become multi-axis and physics-, action-,
and consistency-aware by default (WorldScore [222], VBench-
2.0 [224], Physics-IQ [33]), with honest aggregation [215];
Yu et al. [227] give a concrete ladder for matching claims
to evidence, and LikePhys [226] shows that a model’s beliefs
can be probed without grading its rendering. The inverse use
is equally consequential: a world model that ranks policies
without physical deployment (1X [150], WorldEval [225],
EWMBench [153], GE-Sim 2.0 [162]) or ranks candidate
maneuvers before executing them (Drive-WM [173]) would
remove the heaviest cost in robotics and driving, provided its
rankings transfer. A shared, cross-domain world-model bench-
mark suite is still missing. The harder problem is calibration
rather than coverage: a proxy evaluator is only useful if one
knows in advance when to believe it, and no current work
establishes that boundary. Reporting where a world-model
evaluator’s rankings stop agreeing with hardware would be
worth more than another point of correlation.

(6) Real-time, efficient inference. Playable and deployable
world models need frames in tens of milliseconds, and this has
shifted from an engineering footnote to a determinant of what
the field can even attempt: closing a control loop at 7 Hz with
a 14B video model took dedicated systems work [155], and
the cheapest route may be to spend fewer tokens per frame in
the first place [87]. Advances in few-step diffusion, parallel
token decoding (MineWorld [89], WHAMM [199]), efficient
tokenizers, and dedicated hardware (Oasis [96]) are all part
of the answer. Two framings deserve separating. Interactive
generation needs low latency, so a viewer never waits; control
needs a predictable deadline, since a late action is a wrong
action. Systems built for the first do not automatically satisfy
the second, and reporting latency without its variance hides
exactly the failure that matters for a robot.

(7) Safety and reliability. As world-action models gain
autonomy, new risks arise: goal misgeneralization, reward
hacking against a learned model, and hallucinated rollouts
driving unsafe actions. The most encouraging recent result
is that hallucination appears predictable from data coverage
rather than intrinsic to the architecture [231], which suggests
a system can be built to know when to distrust its own dream.
Uncertainty-aware world models (PETS [38], WHALE [147]),



28

guardrails, and verification of dreamed plans against reality
are essential before deployment in safety-critical settings. The
specific hazard the world-action framing introduces is that a
single model supplies both the plan and the standard the plan
is judged against, so an error in the model cannot be caught by
consulting the model. Independent verification, whether by a
classical simulator, a physical check, or a second model trained
differently, is therefore not a refinement but a requirement.
This is the least developed of the seven directions relative to
its importance.

E. Conclusion

World models turn Craik’s 1943 intuition, that intelligence
rests on an internal simulator of reality, into an engineering
discipline. In under a decade the field has progressed from
training an agent inside a learned dream of a racing game, to
internet-scale simulators that generate playable worlds from
a sentence, to world-action models that both imagine the
future and act to reach it. Beneath this variety lies a single
organizing question, which we have used to structure the
entire survey: what should a world model predict, and should
it also drive the hands? The six modeling families answer
the first half differently; the shift to world-action models
answers the second. The hard problems that remain (physical
consistency, long-horizon coherence, faithful controllability,
honest evaluation, and safety) are precisely the questions that
will decide which of these bets pays off, and whether learned
world models become the substrate of general, embodied
intelligence.

IX. GLOSSARY OF ABBREVIATIONS

AC Actor-Critic (also Action-Conditioned).
AR Autoregressive.
BEV Bird’s-Eye View.
CEM Cross-Entropy Method (a sampling-based plan-

ning optimizer).
DiT Diffusion Transformer.
DQN Deep Q-Network.
DVA Direct Video-Action (model).
FID Fréchet Inception Distance.
FLOPs Floating-Point Operations (a measure of compute

cost).
FPS Frames Per Second.
FVD Fréchet Video Distance.
GAN Generative Adversarial Network.
HNS Human-Normalized Score.
IDM Inverse-Dynamics Model.
IQM Interquartile Mean.
JEPA Joint-Embedding Predictive Architecture.
KV Key-Value (as in the attention key-value cache).
LLM Large Language Model.
LPIPS Learned Perceptual Image Patch Similarity.
MAE Masked Autoencoder.
MBRL Model-Based Reinforcement Learning.
MCP Model Context Protocol.
MCTS Monte Carlo Tree Search.
MDP Markov Decision Process.

mIoU Mean Intersection over Union (a segmentation-
overlap score).

MLLM Multimodal Large Language Model.
MoE Mixture of Experts.
MPC Model-Predictive Control.
MPPI Model Predictive Path Integral (a sampling-based

planner).
MSE Mean Squared Error.
OOD Out-of-Distribution.
POMDP Partially Observable Markov Decision Process.
PPO Proximal Policy Optimization.
PSNR Peak Signal-to-Noise Ratio.
RGB-D Color image plus per-pixel Depth.
RL Reinforcement Learning.
RNN Recurrent Neural Network (GRU = Gated Recur-

rent Unit).
RSSM Recurrent State-Space Model.
SAC Soft Actor-Critic.
SIGReg Sketched Isotropic Gaussian Regularization.
SOTA State of the Art.
SSIM Structural Similarity Index Measure.
ST Spatio-Temporal (as in ST-Transformer).
TD Temporal Difference (learning).
TPU Tensor Processing Unit.
TSSM Transformer State-Space Model.
VAE Variational Autoencoder.
VLA Vision-Language-Action (model).
VLM Vision-Language Model.
VQ Vector Quantization (VQ-VAE, VQGAN).
WAM World-Action Model.
WFM World Foundation Model.
WM World Model.
WMA World-Model-Augmented (web agents).
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