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Abstract

World models now span latent simulators, video generators, interactive environments, and robot policies,
but the field lacks a shared definition of what makes such a model general. This article develops
a first-principles account of the general world model (GWM) as a single foundation that integrates
three inseparable faculties at scale: Understanding the present world, Imagining possible and action-
conditioned futures, and Acting to realize goals while incorporating feedback. From this closed loop, we
derive a five-level roadmap of increasing agency: World Generation, Interactive World, Actionable World,
Autonomous World Agent, and World Orchestrator. To construct a GWM, we organize around three
requirements. First, a five-layer data pyramid combines the breadth of web, curated, and egocentric
video with action-recording human demonstrations and real-robot experience. Synthetic data augments
all five layers, while imperfect action-aligned trajectories provide evidence about intervention effects,
failure, and recovery. Second, as one current architectural instantiation, a Mixture-of-Transformers
design specializes parameters for language, video, and action while sharing joint attention, enabling
understanding, future prediction, and action to exchange information within one foundation. Third,
scalable training and accelerated inference determine whether this foundation can progress from offline
generation to real-time interaction and physical control. We further present current systems to illustrate
the first three roadmap levels: Vidu implements large-scale world generation; Vidu S1 adds continuous,
voice-conditioned interaction; Motus unifies understanding, future-state prediction, and action learning;
and Motubrain scales this loop toward deployable cross-embodiment control. These examples support a
common development path across digital and physical domains, showing promise to ultimately achieve
general embodied intelligence, but do not yet establish the autonomy or orchestration required by L4
and L5. Finally, we discuss directions toward these upper levels, including joint evaluation, causal and
physical grounding, persistent memory, online self-improvement, efficient closed-loop deployment, and
safe, controllable autonomy.

Keywords: world models, embodied intelligence, video generation, foundation models, multimodal architectures, robot
learning, first-principles reasoning.

1 Introduction

World models have become central to artificial intelligence because prediction changes the nature of behav-
ior [1]. A system that only recognizes the present can select a familiar response; while a system that models
how the world evolves can compare possible futures, anticipate the consequences of intervention, and revise its
behavior when observation differs from expectation. This idea connects predictive coding and active inference
in neuroscience [2—4], internal forward models of motor control [5], latent model-based agents [6-8], and
proposals for autonomous machine intelligence [9]. Across these traditions, prediction is not an auxiliary task:
it is the mechanism that connects perception to planning and action.

Yet “world model” now names systems with very different capabilities. Latent world models learn compact
dynamics for control, often within defined environments [6-8]. Large video generators produce high-
fidelity visual futures but need not expose causal structure or physical actions [10]. Interactive generative
environments respond to control inputs, but those inputs may remain latent or domain-specific [11, 12].
Vision-Language-Action (VLA) policies map observations and instructions directly to robot commands, while



explicit future-state prediction is optional [13-15]. Each approach captures part of the problem. What
remains unclear is what must be combined for a single foundation to operate generally across digital and
physical worlds.

We address this question from first principles. A general world model (GWM) must integrate three inseparable
faculties. It must Understand the present by constructing a grounded, task-relevant state from multimodal
observations; Imagine possible futures, including the consequences of candidate actions; and Act to realize
goals while using feedback to update its predictions and decisions. Imagination is operationalized through
prediction, but it is broader than next-frame forecasting: it includes uncertain, counterfactual, and action-
conditioned futures. Action, likewise, is more than an output head; it grounds the model’s internal state in
causal interaction. A GWM is therefore defined by a closed Understanding-Imagination—Action loop rather
than by any single representation or generative objective.

To develop GWMs, we propose a five-level roadmap of increasing agency. L1: World Generation learns to
produce coherent world trajectories. L2: Interactive World makes those trajectories respond continuously
to external input. L3: Actionable World connects predicted change to actions that intervene in a physical
environment. L4: Autonomous World Agent adds self-directed exploration, intermediate goal formation,
and continual improvement. L5: World Orchestrator extends agency from one model to the coordination of
multiple robots, digital agents, tools, resources, and people. The progression is thus generation — interaction
— action — autonomy — organization. It separates capabilities that are sometimes conflated and makes
clear which stages current systems have and have not reached.

The roadmap identifies three requirements for construction. The first is data. We organize real-world
experience as a five-layer pyramid, moving from web-scale and curated videos through egocentric observations
and action-recording human demonstrations to real-robot trajectories. Synthetic data acts across these layers
rather than occupying a fixed level, while imperfect action-aligned trajectories [16, 17] complement successful
demonstrations with failure and recovery evidence. The lower layers provide breadth, while the upper
layers provide progressively stronger intervention and embodiment grounding. Inverse dynamics [18], latent
predictive learning [19, 20], and generative modeling [21] offer complementary ways to recover structures
from the massive scale of action-free videos to support large-scale pre-training. This realizes a machine form
of learning by seeing [22, 23]: abundant observation builds broad world knowledge, and scarce interaction
data grounds that knowledge in a particular body and action space. The second requirement is architecture.
Understanding, future prediction, and action depend on shared knowledge of objects, dynamics, goals, and
history, yet language, video, and continuous actions have different statistical and computational requirements.
We therefore study a Mixture-of-Transformers (MoT) design [24] that specializes parameters by modality
while sharing joint attention. This creates a common computational context without forcing every token
through identical transformations, enabling the same foundation to decode pixels, actions, or both. The
third requirement is compute. Foundation-scale video training demands distributed and memory-efficient
optimization, while interactive generation and robot control require few-step sampling, efficient attention,
streaming state, and latency-aware action execution. Compute therefore determines not only model scale, but
whether a learned world model can remain inside a real-time feedback loop.

Finally, we present our current practice to illustrate the first three roadmap levels. Vidu implements L1
through large-scale video generation [25]. Vidu S1 advances to L2 through continuous, voice-conditioned
real-time generation [26]. At L3, Motus unifies understanding, world prediction, and action learning [27],
while Motubrain scales the same world-action loop toward long-horizon, multiview, and cross-embodiment
robot control [28]. These systems are supporting examples, not evidence that the roadmap is complete. In
particular, the L3 systems operate under externally specified goals and bounded task distributions; none of the
examples demonstrates the open-ended exploration and continual self-improvement required by L4 or the
multi-agent organization required by L5. L1-L3 themselves also remain active development targets in quality,
efficiency, and controllability.

In summary, this article makes four contributions. First, it defines a GWM through the Understanding—
Imagination—Action triad and formalizes the corresponding closed loop. Second, it proposes a five-level
roadmap that distinguishes world generation, interaction, physical action, autonomy, and orchestration. Third,
it develops a construction program organized around the data pyramid, a current MoT-based unification



design, and scalable training and inference. Fourth, it connects this program to current systems, clarifies the
boundary between today’s L1-1L.3 examples and the still-open L4-L5 capabilities, and situates the framework
among latent world models, predictive representation learning, generative simulators, VLAs, world-action
models, and unified multimodal foundations, shedding light on the development of dependable autonomous
world agents at the upper levels of the roadmap.

2 General World Model and its Roadmap

We provide a formal definition of general world model and envision its development roadmap as well.

2.1 GWM as a Foundation of Understanding, Imagination and Action

The most reliable starting point is the world model humans already possess. Consider learning to drive a car
or ride a bicycle. Before we acquire the skill, our movements are hesitant and unprepared; we overcorrect, we
stall, we fall. But once the skill is internalized, something remarkable happens: the brain begins to predict. For
every possible action, it anticipates the consequence and the state that will follow, and it feeds that anticipation
back into the muscles. The result is motion that is safe, reliable, and smooth. What we call “skill” is, in large
part, a well-trained internal model of how the world responds to us [1].

This everyday intuition is mirrored by what neuroscience has learned about the brain. A leading account
holds that the brain is fundamentally a prediction machine: rather than passively registering sensory input,
it continuously generates top-down predictions of incoming signals and transmits only the prediction error—
the mismatch between expectation and reality—up the cortical hierarchy. This is the theory of predictive
coding, first formalized in the visual cortex [2] and later generalized into the free-energy principle and active
inference [3], under which perception and action are two sides of a single imperative: minimize surprise
about the world. Andy Clark’s synthesis [4] frames the brain, in exactly these terms, as an organ that models
its environment in order to anticipate it. In motor control specifically, the cerebellum is understood to learn
internal forward models [5] that predict the sensory consequences of our own movements—the computational
substance of the “skill” described above.

Crucially, this model is not innate in full; it is developed. Developmental psychology shows that infants
arrive equipped with a scaffolding of “core knowledge”—primitive expectations about objects, space, number,
and agents—onto which experience is built [29]. From this scaffold, and through relentless sensorimotor
interaction with their surroundings, children construct an increasingly accurate model of how the world
behaves: that unsupported objects fall, that hidden objects persist, that actions produce predictable effects [30].
In other words, the human world model is bootstrapped from broad perceptual experience first, then refined
through embodied action—a developmental order that, as later sections argue, maps directly onto the strategy
of pretraining on vast video before grounding in scarce robot interaction.

One paradigm that deserves special emphasis is learning by seeing. Long before we act, we watch. A child who
has never held a cup learns an astonishing amount about pouring simply by observing others do it—where the
hand goes, how the liquid falls, what counts as success or spillage. Bandura’s social-learning theory established
that much of human competence is acquired through observation rather than trial-and-error reward: we
build a model of an action by watching it performed, and only later execute it ourselves [22]. The neural
machinery for this appears to run deep—mirror-neuron systems fire both when an agent performs an action
and when it merely observes the same action in another, as if perception and the plan for action shared
one representation [23]. Learning by seeing is thus not a shortcut but a primary channel of world-model
acquisition: it lets an agent absorb the dynamics and consequences of countless actions it has never physically
taken.

If these functions characterize the human world model, then first-principles reasoning suggests that a machine
world model must integrate three corresponding capabilities:

First, it must understand the world. Understanding requires more than recognizing objects or describing
a scene. The model must integrate visual, linguistic, auditory, and embodied observations into an internal
state that captures what entities are present, how they are related, what has changed over time, and which
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Figure 1 The three cores of a general world model form a closed loop. Understanding infers the current state, imagination
predicts possible futures, and action changes the world, producing new evidence for understanding.

aspects of the situation matter for the current goal. It must also preserve uncertainty when the evidence is
incomplete rather than committing to a single unsupported interpretation. This internal state provides the
grounded, task-relevant account of the present on which prediction and action depend.

Second, it must predict and imagine possible futures. From its internal state, the model must infer how
the world may evolve both without intervention and under candidate actions. Because real environments
are uncertain, imagination should represent multiple plausible outcomes rather than extrapolate a single
deterministic trajectory. By comparing these counterfactual futures, the model can anticipate risks, evaluate
whether an action advances a goal, and construct plans before committing to them in reality. Imagination thus
turns an understanding of what is into a model of what could be.

Third, it must act in the world and learn from the consequences. Understanding and imagination become
operational only when the model can translate a goal and its predicted futures into effective interventions. It
must represent how candidate actions change the world, select the actions whose anticipated consequences
advance the goal, execute them through a particular embodiment, and use the resulting feedback to correct
subsequent predictions and decisions. Action is therefore not merely an output modality appended to a
simulator; it grounds the model’s knowledge in cause and effect and closes the loop between internal
imagination and external reality. A system that can describe or generate the world but cannot deliberately
change it remains incomplete as a general world model.

Taken together, Understanding — Imagination — Action form the essential triad of a general world model.
Formally, a general world model can be described with a few variables. At time ¢, x; is the model’s observation
of the world, a; is an input that can affect the world, g is a condition or goal, and s; is the model’s internal
summary of what it currently believes about the world. Here, an observation may contain pixels, audio,
language, or robot sensors; an input may be a user’s real-time control at the interactive stage or a robot action
at the embodied stage. Both a; and g are optional: a video generator may use g but no action, whereas an
interactive stream may respond to a; without an explicit goal.

Symbol Meaning

Tt World observation (e.g. vision, tactile, audio, and force) at time ¢
T<t Observation history up to time ¢

at Optional interaction input or physical action at time ¢

gorg: Optional fixed or dynamically updated goal

St Internal world state inferred from the history

my Persistent memory accumulated up to time ¢

U Understanding operator that infers the internal state

P Conditional distribution over future observations

™ Policy, or action distribution, used to select an intervention




With this notation, the three cores form one simple closed loop:

Understanding: st = Ulz<e, [a<]),
Imagination: Ter1 ~ D(Tes1 | St [ael, [9]), 1)
Action: ar ~ m(as | st,[9]).

Here, ~ means that an observation or action is sampled from the corresponding conditional distribution to
account for intrinsic uncertainty, rather than being assumed to be deterministic. Square brackets [-] denote
optional inputs. Thus, prediction may be conditioned on a goal, an interaction, both, or neither; the action
branch is activated only when the model must intervene in the world. Understanding turns past experience
into a useful internal state; prediction or imagination rolls that state forward into possible futures; and action
chooses how to intervene so that a desired future becomes real. Concretely, the action model can propose
candidate actions, while imagination predicts their consequences; imagined states then guide subsequent
actions, which condition further prediction, forming recurrent rollouts toward a goal-aligned outcome. Once
an action is executed, the resulting observation x;,, updates s;; and corrects subsequent imagination and
action, closing the loop summarized in Figure 1. As we shall see, the roadmap in Section 2.2 progressively
strengthens this loop: from generating observations, to conditioning prediction on interaction, to acting,
setting goals autonomously, and finally coordinating many actors and resources.

2.2 Roadmap of GWM

We envision the development of general world models as five levels of increasing agency: World Generation
— Interactive World — Actionable World — Autonomous World Agent — World Orchestrator. The
progression begins with models that generate coherent pixels and digital worlds, then closes a real-time
interaction loop with users. Through World Action Models (WAMs), it next crosses from the digital domain
into the physical world, by jointly predicting how the world will evolve and producing actions that change
the environment. At the higher levels, the system shifts from executing human-specified goals to proactively
perceiving, exploring, planning, and learning; it ultimately coordinates robots, digital agents, tools, and people
to organize and shape both digital and physical worlds. In short, the central axis of the roadmap is Pixel —
Interaction — Action — Autonomy — Organization.

L4 L5

L1 Interactlife World £ Autonomous World Orchestrator
World Generation . Actionable World World Agent Orchestrat
Generate the world linllerios il Act in the world I h 1d rcnestrate
) } the world : Explore the wor! the world

Pixels, video, and R . . World Action Models Proactive perception; N L.
. . . eal-time, continuous, : X . Multi-agent coordination
digital-world imagination and physical action memory, planning,

and reactive interaction and world shaping

and action

Pixel — Interaction — Action — Autonomy — Organization



Table 1 Formal modeling objectives and learned capabilities for the five levels of the GWM roadmap.

Level Modeling objective Capability learned

L1 p(rie|9) Generate a coherent world trajectory from a condition
or goal.

L2 p(Te41 | <, a<t) Predict the world’s next response under continuous
interaction.

L3 (at,Tiq1) ~m(ae | <, )D(Teg1 | <1, at, g) Produce task-driven actions that change the physical
world.

L4 gt = f(Giong-term, St, M, h), as ~ w(as | x<¢, g, me) Form goals from memory m; and human preferences
h, then explore, plan, and learn proactively.

L5 7 : (st, g¢) — {plans, roles, actions, resources} Organize multiple robots, agents, people, tools, and
resources.

The corresponding modeling objectives make the increase in agency explicit. L1 primarily learns to imagine
a world; L2 makes the imagined world react continuously to external input; L3 adds the capacity to act,
turning the world model into a world action model that intervenes in the environment, observes the resulting
feedback, and closes the understanding—prediction—action loop. L4 then moves from reactive execution of
human-specified tasks to proactive behavior: the agent forms immediate goals from its world state, decides
what to observe or learn, and may seek help or recruit another robot. For example, it could notice an
unreported puddle and clean it before someone slips, or investigate an experimental result that contradicts its
prediction. L5 further expands this autonomy from a single agent to system-level organization. Rather than
selecting only its own actions, it allocates roles, tools, information, and resources across people, robots, and
digital agents—for example, dynamically reorganizing a factory as equipment, supplies, and priorities change.

Table 1 provides a formal definition of each level. In the L4 objective, giong.term denotes the externally specified
long-term objective, and h denotes human preferences or constraints. The function f is the agent’s goal-
formation mechanism, which converts these inputs and the current internal state s; into an immediate goal g;.
In L5, 7 is generalized from an individual action policy to an orchestration policy whose outputs may include
plans, roles, actions, and resource allocations.

Language models across the roadmap. We would like to remark that language is an integral component of
a GWM rather than a separate development axis. At L1, a text encoder or large language model (LLM) can
provide semantic conditions for world generation; at L2, language becomes a natural channel for continuously
instructing and interacting with the generated world; and at L3, a vision—-language or understanding expert
interprets objects, relations, instructions, and goals and connects them to future prediction and physical action.
Its role expands further at L4, where autonomous agents require higher-level reasoning, planning, memory,
and tool use, and at L5, where world orchestration additionally requires communication, task decomposition,
and coordination among robots, digital agents, and people. The long-term direction is therefore not for a
language model to replace the GWM or GWM to replace LLMs, but for language understanding and reasoning
to become increasingly fused with the GWM’s perceptual state, imagination, action, and feedback loop as the
roadmap advances toward agentic and organizational intelligence.

3 Building General World Models: Data, Architecture, and Compute

Turning the preceding definition and roadmap into a working system requires three elements to scale
together: data, architecture, and compute. Data determines the breadth of world knowledge the model can
acquire; architecture determines whether understanding, imagination, and action can share and transfer
that knowledge; and compute determines whether the resulting system can be trained at foundation-model
scale and deployed within the latency constraints of interaction and control. This section develops these



requirements and then traces their realization from video generation and real-time interaction to embodied
action.

3.1 Data: Scaling Experience from Web Video to Robot Interaction

For a GWM, the central data problem is an asymmetry between scale and grounding. Web videos offer
extraordinary breadth but rarely record the actions or forces that produced an observed transition; robot
interactions provide those signals but are expensive, narrow, and tied to particular hardware. Understanding,
imagination, and action therefore cannot be learned by collecting more samples of a single kind. They
require a composition of data sources that vary in abundance, task relevance, action supervision, embodiment
alignment, and proximity to deployment. A viable strategy combines broad observation at the base with
progressively stronger intervention grounding toward the top, while retaining the ability to exploit increasing
data and compute [31-33].

3.1.1 The Data Pyramid

We organize real-world training experience into a five-layer data pyramid, as highlighted in Figure 2.
Moving upward generally strengthens task, action, and embodiment alignment, while reducing the amount
and diversity of data available. Each layer contributes a different form of evidence to the understanding—
imagination—action loop:

 EEEEE—  EEEE—
Synthetic Data Imperfect Data

Cross-layer

C Scalable automated
augmentation

Data Layer 5: Real-robot interaction SR ey

observation—action—outcome; embodiment grounding
D5: robot simula- ° exp]oratory ac-
tion / rare cases

Data Layer 4: Action-recording demos tions

synchronized observation/action/tactile signals

D4: retargeted e failed attempts

action trajectories e corrective / re-

Data Layer 3: Egocentric human video covery actions

D3: synthetic ego hands, tools, affordances, and agent-centered change
views / labels

Learning signals

D2: task and multi- | ———__ N Data Layer 2: Curated domain/instructional video causal structure

modal variants task structure + language/audio/event annotations intervention effects
counterfactuals

: constraints
Dl'l dgene'rated' L Data Layer 1: Web-scale video failure / recovery
world trajectories breadth, semantics, and observational dynamics
~— ~—
Cumulative support for the GWM roadmap
Roadmap L1 Roadmap L2 Roadmap L3 Roadmap L4 Roadmap L5
World Generation Interactive World Actionable World Autonomous Agent World Orchestrator
D1 essential; D2-D3 improve coverage D1-D3 + audio/control timing D1-D5 + imperfect action data D1-D5 + exploration/online feedback all layers + multi-agent/system traces

Figure 2 The GWM data pyramid and its relationship to the five-level capability roadmap. The center contains cumulative
real-world experience. Synthetic data and imperfect data are parallel axes rather than additional tiers: synthetic data can
augment every layer, whereas imperfect action-aligned trajectories are most directly associated with Data Layers 4-5. The
bottom row summarizes the cumulative data support required as the roadmap advances.

* Data Layer 1 — Web-scale video. Broad, diverse footage supplies visual semantics, scene structure,
motion patterns, human behavior, and recurring regularities of the physical and social world. Its primary
contribution is broad understanding and an observational prior for imagination: what the world contains
and how it commonly changes. It has the greatest scale but the weakest task and action supervision.

* Data Layer 2 — Curated domain and instructional video. Videos selected around activities such as
cooking, assembly, tool use, navigation, and driving concentrate the events most relevant to downstream
reasoning and control while retaining substantial diversity. This layer contributes task structure, temporal
stages, object affordances, and examples of goal-directed behavior, sharpening understanding and making
imagination more task relevant even when executable actions remain unobserved.



e Data Layer 3 — Egocentric human video (Ego data). First-person recordings of everyday and
industrial work capture dense hand-object interaction, tool use, task structure, and physical dynamics,
but generally lack robot-executable action labels. Ego data is a particularly scalable source of action-
relevant experience because its agent-centered view approximates the human perception—action loop.
It connects visual change to the behavior of an acting body, improving action-relevant understanding
and first-person imagination. Examples include Ego4D, EgoDex, Egocentric-10K, and Egocentric-100K
[34-37].

* Data Layer 4 — Action-recording human demonstrations (Universal Manipulation Interface, or
UMI, data). This layer augments egocentric video with instrumented handheld or wearable devices that
record actions synchronized with observations, including richer manipulation signals such as hand or
gripper motion and tactile feedback. By better aligning the sensing and action representations used
in data collection and robot deployment, UMI improves train—deployment consistency and bridges
embodiment-free human demonstrations and physical execution. It thereby supports action-conditioned
prediction, inverse dynamics, and action learning after embodiment adaptation. Examples include UMI,
FastUMI, and the multi-finger DexUMI [38-40].

* Data Layer 5 — Real-robot interaction. Cross-embodiment corpora and target-specific experience
provide synchronized observations, robot states, actions, and outcomes. Successful, instruction-aligned
demonstrations directly supervise goal-conditioned action; imperfect or exploratory trajectories may not
complete a specified task, but their aligned observation—action streams still reveal embodiment dynamics,
action consequences, failure states, and recovery opportunities. This layer therefore grounds both action-
conditioned imagination and executable action, while calibrating the model to real sensors, actuators,
and control frequencies. Open X-Embodiment and AgiBot World illustrate large-scale aggregation of
real-robot experience [41, 42]; such data is the most directly grounded but the most costly to collect.

Note that the pyramid is not a ranking in which one layer replaces another. The lower layers provide breadth:
what objects, agents, environments, and events look like and how they commonly evolve. The middle layers
increasingly expose task structure and the motions that produce change. The apex grounds these priors in
the dynamics and action space of real machines. Importantly, task success is not a prerequisite for every
action-aligned trajectory to be useful. Successful demonstrations teach which actions achieve an instruction,
whereas imperfect interaction teaches what actions actually do, including ineffective motion, failure, and
recovery. A GWM should therefore learn broad world knowledge from the base and use the scarce apex both
to acquire goal-directed behavior and to correct its model of physical intervention.

Synthetic data complements all five layers rather than occupying a fixed level. Generative models and
simulation can add controlled variations, rare or unsafe cases, privileged state, and aligned instruction—
observation—action trajectories; systems such as MimicGen, for example, expand robot demonstrations across
task configurations [43]. Its main contribution is scalable and controllable coverage, not real-world grounding:
synthetic dynamics and action effects may deviate from deployment and should therefore be calibrated or
filtered with real interaction.

3.1.2 Learning from Action-Free Videos

Action-free videos deserve special emphasis because they are available at massive scale and are extremely
valuable: temporal observation contains substantially more than appearance. Across frames, a model can
learn object persistence, three-dimensional and temporal structure, motion, agent behavior, and statistical
regularities of interaction. However, these signals do not by themselves identify the true action, force, intention,
or causal mechanism behind every transition; those quantities may be hidden or ambiguous. The key technical
question is therefore how to extract the predictive structures that videos do contain and connect them to the
action-grounded layers above.

Three complementary learning routes aim to address this question. First, inverse dynamics asks what motion or
action could explain an observed transition. Video PreTraining (VPT) showed that an inverse-dynamics model
learned from a relatively small labeled set can pseudo-label a much larger collection of unlabeled video [18].
In a general video collection, however, such an inferred action may describe only a latent mode of change; it is



not automatically a command that a particular robot can execute. Second, latent predictive learning trains
a model to predict missing or future representations rather than every pixel. The Video Joint-Embedding
Predictive Architecture (V-JEPA) demonstrates that masked spatiotemporal prediction can yield transferable
representations of motion and interaction without action labels [19]. Third, generative modeling asks the model
to reproduce or forecast the observable world in detail. Diffusion objectives [44] and scalable transformer
backbones such as the U-shaped Vision Transformer (U-ViT) [21] make this objective practical at large scale,
forcing the model to capture appearance, temporal consistency, and multimodal future uncertainty.

We emphasize that these routes should not be treated as mutually exclusive. Inverse dynamics adds approxi-
mate action semantics, latent prediction emphasizes compact and predictable structure, and pixel generation
preserves detailed futures that can be inspected or used for interaction. Together they implement the machine
analogue of learning by seeing [22, 23]. The higher layers of the pyramid then resolve what passive observation
cannot. Videos can show what changes are possible or likely, but they cannot by themselves determine which
changes a particular body can cause. Action-aligned human and robot data bind latent changes and generated
futures to actual motion, commands, outcomes, and feedback. The strategy is therefore not to replace robot
experience with videos, but to let scarce robot experience ground a broad world model rather than building
one from scratch.

3.1.3 From Observed Change to Grounded Action

Moving from prediction to action requires answering three progressively stronger questions: What change
followed an action? Which changes can this body reliably cause? Which action should it choose for a goal?
Different forms of action-aligned data answer different parts of this progression.

Synchronized observation-action data remains useful even without a reliable instruction or successful
task completion. A robot may simply explore, repeat an ineffective motion, or move without reaching a
recognizable goal. If its observations and executed actions are aligned in time, the trajectory still teaches
forward dynamics (i.e., what follows an action) and inverse dynamics (i.e., what action could have produced
an observed change). Across many such transitions, the model also learns controllability: which parts of the
future depend on the robot and which arise from the rest of the world.

Instruction-conditioned failures add another kind of evidence. The instruction states what was intended,
while the unsuccessful trajectory reveals actions or states that do not achieve it. Such data can teach failure
prediction, physical or task constraints, and recovery behavior rather than only successful imitation. Finally,
instruction-aligned successful demonstrations connect a goal to actions that realize it and provide the
strongest supervision for a goal-conditioned policy.

Imperfect trajectories are therefore weak supervision for copying successful behavior, but strong supervision for
learning action consequences, controllability, failure, and recovery. Together, the upper layers of the pyramid
turn observational knowledge into action-conditioned imagination and then into grounded, goal-directed
action.

3.2 Architecture: Unifying Understanding, Imagination, and Action

The data pyramid supplies complementary forms of experience, but an architecture is needed to make their
knowledge transferable. A pipeline of independently trained perception, prediction, and action modules can
be effective, yet its interfaces determine in advance what information may pass between faculties. A caption,
discrete plan, or fixed latent state may omit uncertainty, geometry, or temporal detail that later becomes
important for prediction or action. Separate modules may also relearn overlapping structure and make it
difficult for abundant video data to influence an action policy trained from comparatively few trajectories.
The architectural objective is therefore not simply to place three modules next to one another, but to give the
three faculties a shared computational context. At the same time, unification should not imply that every
modality uses identical parameters. Language tokens, video features, and continuous action vectors differ in
dimensionality, statistics, and training objective. Complete parameter sharing can create competition among
modalities, whereas complete separation prevents useful transfer. The required design principle is therefore
specialize where representations differ and share where reasoning must interact.



3.2.1 Bridging Language and Heterogeneous World Representations

The preceding principle becomes concrete when language is combined with the heterogeneous signals of
an embodied world. Dual-coding theory provides a useful cognitive analogy: human cognition includes an
interacting verbal system for linguistic information and a nonverbal system for perceptual objects, events,
and imagery [45]. Correspondingly, a GWM can be viewed as coupling a language-centric stream with an
observation—action stream. The language-centric stream represents concepts, instructions, goals, rules, and
abstract reasoning through discrete tokens, commonly trained with token-level objectives. The observation—
action stream encompasses vision, audio, force, touch, temperature, proprioception, and continuous actions,
using predictive, diffusion, or flow-based objectives to represent world states, dynamics, affordances, and inter-
ventions. Their different statistics and objectives motivate specialized computation rather than indiscriminate
parameter sharing.

Specialization, however, cannot become separation. The three GWM faculties require the two streams to
refer to the same evolving world. Language helps Understanding identify task-relevant entities and relations,
conditions Imagination on goals and counterfactual queries, and specifies the intent that Action should realize.
Conversely, observations ground linguistic concepts in the current state; predicted futures give semantic plans
physical consequences; and action feedback reveals whether the model’s interpretation and plan were correct.
Thus, language primarily contributes semantic abstraction and long-horizon reasoning, while observation and
action primarily contribute grounding, dynamics, and control, but neither stream owns a faculty exclusively.
Their interaction is what closes the Understanding-Imagination—Action loop.

This coupling must also accommodate different time scales. Semantic reasoning and long-horizon planning
may evolve relatively slowly, whereas state estimation, future prediction, and physical control must track the
environment continuously. Section 3.2’s general objective can therefore be stated more precisely: preserve
transformations suited to each representation and time scale, but provide a shared computational space through
which all streams jointly update the same world model. With this criterion established, the next subsection
examines MoT as one current architectural instantiation of the required balance between specialization and
interaction.

3.2.2 Mixture-of-Transformers as a Current Design

Against the preceding criterion, Mixture of Transformers (MoT) [24] provides a direct architectural instantia-
tion: it assigns modality-specific transformer parameters while retaining joint attention across modalities. Text,
visual, and action tokens use their own projections, normalization, and feed-forward transformations, but
participate in a common attention operation. Each token is routed deterministically to the expert associated
with its modality; unlike learned-gating Mixture-of-Experts architectures [46, 47], MoT does not need to
discover the routing assignment or balance traffic among interchangeable experts. The expert roles are fixed
and interpretable, while shared attention allows information to cross modality boundaries.

For a GWM, these streams can be organized around three functionally aligned experts:

* Alanguage-centered understanding expert integrates semantic knowledge with observations to repre-
sent the current state, task, and history.

* An observation-centered imagination expert models missing, future, or counterfactual world states and
can decode detailed predictions into pixel space.

* An action expert conditions on the shared context to generate continuous control trajectories, for
example through a flow-matching objective [48].

These experts are not independent modules connected only through final outputs. Joint attention allows
an action token to condition directly on visual and linguistic context, a future-state token to condition on
a candidate action, and an understanding token to incorporate predicted outcomes. This creates a single
differentiable path through the Understanding-Imagination—Action loop while retaining parameters adapted
to each modality.

The architecture supports the heterogeneous supervision supplied by the data pyramid. Web and egocentric
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video can train visual understanding and generative prediction without robot actions; language—video pairs
can ground instructions and semantics; synthetic or inferred actions can add weak intervention supervision;
and robot trajectories can train action generation together with action-conditioned future prediction. Joint
training allows these objectives to update the shared cross-modal computation, so that action learning begins
from representations already informed by large-scale observation.

3.2.3 Relation to Alternative Architectures
MoT occupies a middle ground among several established designs:

* Dense early fusion, as represented by Chameleon [49], maximizes parameter sharing. MoT instead
reserves modality-specific capacity while preserving direct token-level interaction.

¢ Learned-gating Mixture-of-Experts dynamically selects experts and can discover useful computational
specialization. MoT uses the known modality identity for deterministic routing, simplifying optimization
but providing less adaptive routing within a modality.

* Hybrid shared-backbone models, such as Transfusion [50], combine autoregressive and diffusion
objectives within one backbone. MoT further separates modality-specific transformations and extends
the shared context to continuous actions.

* Specialist pipelines permit independent optimization, replacement, and safety isolation of components.
MoT trades some of that modularity for richer cross-modal transfer and end-to-end coordination.

This unification introduces its own challenges. Joint attention can become expensive for long video contexts;
imbalanced datasets can cause large visual objectives to dominate scarce action signals; and shared optimiza-
tion does not by itself guarantee physical correctness, causal grounding, or safe control. These issues require
efficient attention, balanced sampling and losses, staged training, and action-grounded post-training. MoT
should therefore be understood not as a complete solution, but as the architectural substrate on which the
three faculties can be learned together and scaled without forcing them into identical representations.

3.3 Compute: Scaling Training and Meeting Real-Time Budgets

Compute is the third component of a GWM because the model must solve two different systems problems.
During training, it must process heterogeneous datasets and long spatiotemporal contexts at foundation-model
scale. During deployment, it must produce useful predictions or actions before the world changes. A system
can therefore be compute-efficient in one sense and impractical in the other: high-throughput training does
not guarantee low-latency inference, and a fast policy obtained from narrow data does not provide the breadth
sought by a general world model.

3.3.1 Scaling Multimodal Training

Videos dominate the training cost because their token count grows across both space and time. Higher
resolution, longer duration, and denser frame sampling improve the information available to the model but
increase memory, attention cost, and communication. The scaling behavior observed in language models [31,
32] and diffusion transformers [51] suggests that useful capability emerges when model capacity, data, and
compute are expanded together; increasing only one component eventually yields diminishing returns.

Training a GWM consequently requires parallelism along several axes. Data parallelism distributes examples,
tensor and pipeline parallelism divide model parameters and layers, and sequence or context parallelism
partitions long video streams. Mixed-precision arithmetic, activation checkpointing, and memory-efficient
attention increase the context or batch size that fits on each device. The MoT architecture adds another form
of structure: modality-specific parameters need only process their corresponding tokens, although the shared
attention operation remains a major cost for long multimodal sequences.

For GWM, compute allocation must also reflect the data pyramid. If training samples are drawn only in
proportion to dataset size, web videos can overwhelm the much smaller action datasets; if robot data are
oversampled too aggressively, the model can lose breadth or overfit particular embodiments. A practical
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curriculum therefore begins with broad visual and multimodal pretraining, introduces action-conditioned
prediction and control objectives progressively, and reserves high-cost physical interaction data for grounding
and post-training. Balanced sampling, objective weighting, and expert-specific learning schedules are as
important as aggregate floating-point operations: they determine which faculty benefits from the available
compute.

3.3.2 Inference Acceleration

The deployment budget depends on the GWM level. Offline world generation may tolerate seconds or minutes
of computation for a high-quality sequence. An interactive world must respond quickly enough to preserve
conversational and visual continuity. A robot policy operates under a harder closed-loop deadline: observations
must be encoded, futures evaluated, and actions issued before latency makes the internal state stale. Efficient
inference must therefore be treated as part of the model design rather than as a final implementation detail.

Inference acceleration can be organized into two complementary classes:

* Increase computation speed. This class executes the required operations more efficiently through
low-bit quantization, hardware-aware kernels, operator fusion, compilation, and optimized serving. For
example, the SageAttention [52-57] family quantizes attention computation to provide plug-and-play
acceleration for language, image, and video models; related gains can be obtained from low-precision
linear layers and efficient memory movement. At the serving layer, TurboServe [58] uses migration-
aware placement and load-driven GPU autoscaling to improve the efficiency of long-lived streaming
generation sessions.

* Reduce computational complexity. This class decreases the number of operations required to generate
each output. Sparse attention avoids unnecessary token-pair computation [59-62], while improved
samplers and distillation reduce the number of network evaluations. DPM-Solver obtains high-order
updates from the diffusion probability-flow ODE and can generate samples in roughly 10-20 function
evaluations without retraining [63]. With additional training, consistency distillation can compress
generation into one or a few steps [64]. Distribution Matching Distillation (DMD) instead trains a
one-step generator to match the teacher model’s output distribution, avoiding the need to follow each
multi-step sampling trajectory [65]. rCM [66] further scales continuous-time consistency distillation
to application-scale image and video models while preserving generation quality and diversity. Based
on these distillation methods, recent advances have introduced autoregressive diffusion distillation
approaches [67-69] that compress diffusion models into a few-step autoregressive generation paradigm.
By reducing the generation unit size, they substantially lower inference latency and improve interactivity.
These techniques establish the technological foundation for real-time interactive video generation.

Note that the two classes can be composed to achieve higher efficiency. For example, TurboDiffusion [70]
combines low-bit and sparse attention, rCM step distillation, W8AS8 linear layers [71], and system-level
optimizations in a full-stack framework, reporting a 100-200x end-to-end acceleration for large video diffusion
models at comparable generation quality. More generally, a few-step generator can combine quantized FFN
and attention operations with efficient cluster-scale serving.

Ultimately, compute links the GWM roadmap to deployable systems. Scaling training makes broad world
knowledge possible, while inference acceleration determines whether that knowledge can support continuous
interaction and physical action. The following sections examine these regimes in turn: high-fidelity video
generation in Vidu, real-time interactive generation in Vidu S1, and prediction-coupled robot control in
Motubrain.

4 Current Practice: Implementing the GWM Roadmap

The roadmap in Section 2.2 is aspirational, but its first three levels already have concrete implementations. As
highlighted in Table 2, we report the progression from Vidu to Vidu S1, Motus, and Motubrain to illustrate
how the same broad strategy—video pretraining, unified multimodal modeling, and inference acceleration—
can move from offline world generation to real-time interaction and then to physical action. We emphasize
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that these systems should not be read as proof that a fully general world model has been achieved. Rather,
they are current engineering instances of successive capabilities required by the roadmap.

Table 2 Current example systems implementing L1-L3.

Models Roadmap level Implemented capability Remaining boundary

Vidu L1: World Generation Conditional, coherent video gener- Offline generation without a con-
ation tinuous interaction loop

Vidu S1 L2: Interactive World Streaming generation controlled Interaction remains within a gen-
by real-time voice input erated digital world

Motus/Motubrain L3: Actionable World Unified understanding, future pre- Goals remain externally specified;

diction, action modeling, and de- open-ended exploration and self-
ployable cross-embodiment con- improvement remain future work
trol

4.1 L1 — Vidu: Learning to Generate a World

The first roadmap level requires a model to generate coherent world trajectories from a condition. Vidu
provides a direct implementation of this level. Introduced in May 2024 soon after Sora [10], Vidu uses a
U-ViT diffusion backbone and can generate high-performance videos at up to 1080p and 16 seconds in a single
generation [25]. Building on this foundation, the subsequent Vidu Q family pioneered the Reference-to-Video
(R2V) paradigm, extending beyond conventional image-to-video generation in which an image primarily
anchors the initial visual state. R2V instead accepts multiple reference images for subjects, characters, objects,
or scenes, together with a text prompt specifying the desired dynamics, and synthesizes a new video while
preserving the referenced visual identities and characteristics. This turns visual references into a flexible
compositional control interface and supports stronger multi-entity consistency across changing motions,
viewpoints, and scenes [72]. R2V is now becoming a standard feature for industrial video generators.

Beyond the Vidu family, other systems further broadened the practice of L1 world generation: Wan introduced
an open suite of scalable video foundation models covering text-to-video, image-to-video, editing, and
personalization [73], while Seedance 2.0 unified text, image, audio, and video conditioning for joint audio-
video generation [74]. The relevance of these systems to a GWM is not limited to visual quality. Maintaining
subjects, motion, camera behavior, scene structure, and multimodal alignment across time requires models
to learn reusable regularities from large-scale video, making generation a practical training objective for the
Understanding and Imagination faculties.

This capability should be interpreted carefully. A visually plausible rollout demonstrates useful knowledge
of appearance and common dynamics, but it does not by itself establish causal correctness or reliable action
consequences. Vidu and similar systems therefore implement L1 rather than the full GWM: they generate a
world for a viewer, but do not yet maintain a continuous feedback loop with an external actor. Their principal
contribution to the roadmap is the scalable visual foundation on which later interaction and action capabilities
can be built.

4.2 L2 — Vidu S1: Real-Time Interactive Imagination

A conventional generator (e.g., Vidu) samples an entire world trajectory from a fixed condition, p(z1.+ | g):
the user states an intention once, the model renders a clip, and the result is consumed only after generation is
complete. A general world model must eventually operate in a different regime. It must preserve a state of the
unfolding world, accept new inputs while that world is evolving, and revise its imagined future quickly enough
for the user or agent to remain inside the loop. Real-time streaming is therefore not merely faster content
creation. It is the transition from offline imagination to interactive imagination—from L1 World Generation to
the L2 Interactive World in the roadmap above.

This transition exposes limitations that video quality alone cannot solve. Most large video models still follow
an offline, one-shot diffusion paradigm: a user submits a prompt, waits for the full denoising process, and
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receives the completed video only at the end. Changing the generation schedule to an autoregressive one does
not by itself create interaction; many streaming methods still cannot accept an intervention once generation
has begun. Natural control is another obstacle: speech is often used only to drive lip motion rather than as
an explicit instruction about what should happen next. Finally, small prediction errors accumulate over long
rollouts, while the compute and serving cost of diffusion can prevent even a capable model from responding
at interactive speed. These are the four barriers targeted by Vidu S1 [26]: intervention, control, temporal
stability, and deployable real-time inference.

Vidu S1 changes the role of speech from a soundtrack into a control channel. During generation, a user
can issue a new spoken instruction at any moment—for example, asking the character to wave, make a
gesture, stand, or sit—and the instruction guides the future video rather than merely animating the mouth.
The model exposes a unified conditioning interface for speech, text, and reference images, and it jointly
generates synchronized video and audio. Users can provide images of real people, animated characters, or pets
and select different voice tones, turning the same streaming foundation into many personalized interactive
characters. For a general world model, the important advance is not the avatar application itself, but the shift
from producing a fixed clip to continuously revising the imagined future as new instructions arrive [26].

Technically, S1 constructs this capability in three stages. It first trains a bidirectional video—audio diffusion
model to establish a high-quality generative prior. It then adapts that model to causal generation, combining
teacher forcing with Diffusion Forcing so that each new state is predicted from the conditions available so
far and from a possibly imperfect generated history. Finally, Distribution Matching Distillation with Phased
Consistency Model regularization compresses the autoregressive denoising process into a few sampling steps
while suppressing the drift and mode collapse that otherwise emerge during long rollouts. At inference
time, a fixed-size sliding window keeps the per-step cost independent of elapsed video length; a persistent
reference context anchors character identity, while RoPE repositioning and the proposed TwinCache reuse
complementary noisy and clean historical states to improve both efficiency and temporal stability. Combined
with the TurboDiffusion [70] inference engine and the TurboServe [58] serving system, these optimizations
make causal generation fast enough for live interaction, reaching 540p at up to 42 frames per second on
consumer GPUs.

The connection to the GWM formulation in Eq. (1) is direct. Let z<, denote the generated audiovisual history,
and let a; denote the user’s current spoken intervention. Vidu S1 realizes an online conditional imagination
process of the form p(z:4+1 | <, a<;): the past supplies the current world state, while a newly arriving
instruction redirects what the model imagines next. In this sense, streaming generation is an indispensable
component of a GWM, because imagination must be causal, persistent, and responsive rather than an offline
artifact. Vidu S1 does not yet complete the full GWM loop. It neither emits physical actions through a policy 7
nor autonomously forms goals. Instead, it establishes the bridge from generation to interaction. The next step
is to carry this same online loop from pixels into actions, and from a responsive digital world into the physical
world.

4.3 L3 — Motus and Motubrain: From Unified Understanding, Prediction, and Action to
Deployable Control

Physical action requires the model to connect visual change to motor intervention. Motus and Motubrain are
successive implementations of this same L3 objective: Motus establishes a unified understanding—prediction—
action foundation, while Motubrain extends that foundation toward broader, faster, and more deployable
robot control.

Motus: unifying understanding, prediction, and action. Introduced and open-sourced in December
2025, Motus implements L3 through a unified latent action world model [27]. Its Mixture-of-Transformers
architecture coordinates understanding, video-generation, and action experts, while its UniDiffuser-style
formulation jointly models video and action through their conditional, marginal, and joint distributions. World
modeling, VLA prediction, inverse dynamics, video generation, and joint video—action prediction thus become
different query modes of the same multimodal distribution. VLA policies, video generation models, world
models, and inverse-dynamics models can accordingly be viewed as special cases of this unified foundation,
which may further incorporate continuous physical modalities.

14



Motus also connects the three construction requirements in Section 3. Its system-specific six-layer data
organization is a finer-grained implementation than the five-layer conceptual pyramid used in this article;
both combine broad video with increasingly action-grounded experience and use synthetic data as cross-
layer augmentation. Its unified objective absorbs heterogeneous supervision from every pyramid layer, from
action-free Internet video to human demonstrations and robot trajectories, without requiring every sample to
contain every modality. Optical-flow-derived latent actions provide transferable motion supervision, while
staged training adapts the representation to robot control. Meanwhile, MoT composes mature pretrained
experts: video-generation models contribute motion, 4D spatiotemporal, and physical-interaction priors, while
vision-language models contribute perception, semantics, and reasoning. Shared attention connects these
priors while retaining modality-specialized transformations. In roadmap terms, Motus realizes L3 by making
prediction operational: imagined or predicted state changes are grounded in multimodal representations of
the present, inform the action distribution, and receive feedback from executed actions about whether both
the inferred state and predicted consequences were useful.

Motubrain: scaling and deploying the L3 loop. Motubrain extends Motus into a scalable and deployable
world action model [28]. Relative to Motus, it adds unified arbitrary-view modeling for different camera config-
urations, an independent text stream that directly couples language understanding to action generation, and a
unified relative-EEF action representation that shares transferable action structure across robot embodiments.

Motubrain further scales up deployment through caching, low-precision computation, CUDA graphs, and
real-time action chunking. The full model operates at about 5 Hz, approximately 10x faster than Motus,
while an IDM-style Video-to-Action mode skips video decoding and reaches up to 11 Hz [28], keeping a large
embodied foundation model inside the real-time control loop. The evaluation results provide evidence for
both task breadth and robustness. For example, Motubrain achieves average success rates of 95.8% in clean
settings and 96.1% under randomized settings on RoboTwin 2.0 [28, 75], and can adapt to new humanoid
embodiments with 50-100 trajectories. These results support the data and architecture theses: broad video
and heterogeneous robot experience can be combined on one predictive-action foundation, then specialized to
a new body with comparatively limited embodiment-specific data.

Together, Motus and Motubrain demonstrate the progression available within L3: first unify understanding,
world prediction, and action learning, then expand the observation, embodiment, task, and deployment scope
of the resulting controller. Their remaining limitation is the scope of agency. Both primarily execute externally
supplied goals within learned task distributions; neither yet constitutes an L4 autonomous world agent that
forms intermediate goals, explores open-endedly, and improves continually through online interaction.

4.4 What Current Practice Establishes—and What It Does Not
Taken together, the four systems implement a concrete path through the first three roadmap levels:
Vidu: generate —; Vidu S1: interact — Motus/Motubrain: unify understanding, prediction, and action

The progression also makes the roles of data, architecture, and compute visible. Video pretraining supplies
broad visual knowledge; MoT-style unification transfers that knowledge across understanding, future predic-
tion, and action; and inference acceleration turns an otherwise offline generative model into an interactive or
closed-loop system. Current practice therefore supports the central claim of this article: world generation,
interaction, and action can be developed as stages of one foundation-model program rather than as unrelated
applications.

The upper roadmap remains open. None of these systems yet demonstrates persistent self-directed goal
formation, autonomous exploration, continual online learning in unrestricted environments, or orchestration
across many agents and people. Those capabilities distinguish an L3 world action model from the L4
Autonomous World Agent and L5 World Orchestrator. The current systems establish a credible implementation
path to those levels; they do not remove the need for the memory, causality, evaluation, efficiency, and safety
advances discussed later.
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5 Related Work

World modeling spans several research traditions that differ in what they predict, how they represent the
world, and whether prediction is connected to action. We organize the literature along these distinctions.

Latent World Models for Model-Based Control FEarly neural world models learned compact states in which
an agent could predict and plan. The Vision-Memory—Controller decomposition of Ha and Schmidhuber [6]
separated visual encoding, latent dynamics, and control, while Dreamer learned policies from imagined latent
trajectories [7]. DreamerV3 subsequently demonstrated that one configuration could solve more than 150
tasks across heterogeneous domains [8]. This line establishes the value of closing prediction and control in a
learned representation. Its emphasis is sample-efficient interaction within defined environments; scaling the
representation to open-ended video, language, and many physical embodiments is a different objective.

Predictive Representation Learning Joint-Embedding Predictive Architectures (JEPAs) predict target repre-
sentations from context rather than reconstructing all observable detail [9]. I-JEPA applies the principle
to masked image regions [76], and V-JEPA learns spatiotemporal visual representations from videos [19].
V-JEPA 2 extends the approach with an action-conditioned world model that supports image-goal planning
on robots [20]. These methods show that predictable latent structures can support efficient understanding
and planning without pixel generation. In the framework of this article, latent and pixel prediction are
complementary: latent targets can discard nuisance detail, whereas decoded video provides explicit futures
for interaction, inspection, and joint training with generative objectives.

Generative and Interactive World Models Diffusion models [44], latent diffusion [77], and video diffusion [78]
made high-fidelity temporal generation scalable. Transformer backbones such as U-ViT [21] and the Diffusion
Transformer (DiT) [51] further connected generation quality to model and compute scale. Sora framed
large video generators as world simulators [10]; Cosmos developed world foundation models as reusable
infrastructure for physical-Al simulation, synthetic data, and downstream customization [79]. Such systems
learn broad visual regularities, although perceptual realism alone does not guarantee causal accuracy or
effective control. Interactive generative models add a sequence of control inputs to the rollout. Genie infers a
latent action space from video and enables frame-by-frame intervention without ground-truth action labels
[11]. GameNGen demonstrates real-time neural simulation of a game [12], GAIA-1 studies action-conditioned
generation for autonomous driving [80], and minWM [81] enables real-time interactive, camera-controllable
world exploration. These models are closely related to L2 of our roadmap: they turn a conditioned video
generator into a responsive environment, but their controls may be latent, domain-specific, or disconnected
from a physical embodiment.

Robot Policies and World Action Models Vision-Language-Action (VLA) models learn direct mappings from
observations and instructions to continuous robot actions. OpenVLA [15], the = family [14], and diffusion-
based foundation policies such as RDT-1B [13] demonstrate strong language-conditioned manipulation across
tasks and robots. Generalist AI's GEN-0 instead emphasizes native multimodal pretraining on large-scale,
high-fidelity physical-interaction data and jointly streaming sensing and action, while GEN-1 further scales this
foundation and combines pretraining, post-training, reinforcement learning, and inference-time techniques
to improve adaptation and real-world task performance [82, 83]. RDT-1B scales a diffusion transformer
through multi-robot pretraining and a unified action representation, while RDT2 extends this direction with
large-scale, embodiment-agnostic UMI data and targets zero-shot deployment on previously unseen robot
embodiments [84]. Their principal objective is successful action prediction; an explicit decoded future is
optional. This directness can simplify control and reduce inference cost, while the extent to which large-scale
action-free video contributes depends on the pretraining and representation used by each system.

A neighboring line makes predicted world evolution central to the policy. UniPi formulates decision-making
as text-conditioned video generation followed by action inference [85], and GR-1 transfers large-scale
video generative pretraining to manipulation [86]. Vidar adapts a video diffusion foundation for bimanual
control [87]. DreamZero jointly predicts video and action with a pretrained video backbone and demonstrates
real-time closed-loop execution and cross-embodiment transfer [88]. Motus and Motubrain, discussed as
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current practice in Section 4, belong to this world-action-model family. The common hypothesis is that
predicting observable consequences provides a useful intermediate structure for action learning, particularly
when robot trajectories are scarce relative to videos.

Positioning of This Article This article does not propose that one of these traditions should replace all others.
It synthesizes them into a definition and development program for a GWM. Relative to latent model-based
control, it emphasizes foundation-scale observational pretraining and cross-embodiment transfer. Relative
to video world simulators, it requires an explicit path from imagination to action. Relative to VLAs, it
treats future-state prediction as a first-class output rather than only an implicit internal feature. Relative to
existing multimodal foundations, it organizes data, architecture, compute, and deployment around a five-level
progression from world generation to world orchestration. The distinctive contribution is therefore the joint
framing of the Understanding-Imagination—Action triad, the data pyramid, the unified architecture, and the
roadmap—not a claim that any current system has already achieved general embodied intelligence.

6 Conclusion and Outlook

This article has developed a first-principles account of the general world model. The central claim is that
a GWM should not be identified with a video generator, a latent simulator, or a robot policy alone. It is a
foundation that integrates three inseparable faculties: Understanding the present world, Imagining possible
futures and interventions, and Acting to realize goals while incorporating feedback. This triad leads naturally
to a five-level roadmap from World Generation and Interactive World to Actionable World, Autonomous World
Agent, and World Orchestrator.

To build such a foundation, we analyze the required data, architecture, and compute. The five-layer data
pyramid moves from web-scale video through curated domain and instructional video, egocentric human video,
action-recording human demonstrations, and real-robot interaction. These layers trade scale for progressively
stronger task, action, and embodiment grounding. Synthetic data augments all five layers with controllable
variations and trajectories, but remains subject to real-world calibration. Imperfect action-aligned trajectories
complement successful demonstrations by exposing intervention effects, failure states, and recovery behavior.
The MoT architecture specializes transformations by modality while sharing joint attention, allowing language,
video, and action to exchange information without forcing them into identical representations. Scalable
training and accelerated inference determine whether the foundation remains an offline model or becomes a
responsive system capable of interaction and control.

Finally, we present the current implementations to make the roadmap concrete, with Vidu, Vidu S1, and
Motus/Motubrain Specifically corresponding to 1.1, L2, and L3. Together, these systems support the feasibility of
a shared foundation-model program across generation, interaction, and control. They do not yet demonstrate
L4 or L5: the L3 systems operate under externally specified goals and bounded task and embodiment
distributions, and none of the examples autonomously explores, improves continually, or coordinates open-
ended multi-agent systems. Closing this gap motivates six directions:

First, evaluation must measure generality rather than isolated task success. Existing benchmarks such
as RoboTwin 2.0 [75] and RoboCasa365 [89] evaluate important aspects of manipulation, but a GWM also
requires joint measurement of semantic understanding, long-horizon predictive consistency, the agreement
between imagined and realized futures, robustness under intervention, and transfer across tasks, environments,
and embodiments. Evaluation should expose tradeoffs among the three faculties rather than allowing strength
in one to conceal weakness in another.

Second, prediction must become causal and physically grounded. A plausible video is not necessarily
a correct model of dynamics. Reliable planning requires sensitivity to interventions, contact, friction, force,
object permanence, and failure modes outside the training distribution. Counterfactual evaluation and action-
grounded data are therefore necessary to distinguish a model that reproduces visual correlations from one
that predicts the consequences of control.

Third, a GWM needs persistent and revisable memory. Streaming generation can extend a sequence
indefinitely [90], yet duration alone does not guarantee coherence. An autonomous agent must remember
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objects outside the current view, maintain commitments from earlier instructions, update beliefs when
observations contradict predictions, and retrieve relevant experience over minutes, days, or longer. The
required memory is not merely a larger fixed context, but an explicit world state that can be written, queried,
and corrected.

Fourth, pretraining must be connected to online learning and self-improvement. Video teaches how
the world commonly evolves, while demonstrations teach how other agents acted; neither alone determines
which behavior best achieves a new goal. Model-based reinforcement learning [7, 8] provides a starting point:
imagined experience can propose and evaluate behavior, and real interaction can correct the learned dynamics.
Crucially, this closed loop allows a world model to use real-world ground truth from its interactions with the
physical world to revise itself continually and thereby support self-improvement. Scaling this cycle to open-
ended video foundations will require uncertainty-aware exploration, safeguards against model exploitation,
and careful integration of simulated and physical feedback.

Fifth, capability must fit the latency and resource budget of deployment. Few-step generation, low-bit
attention, sparse attention, caching, streaming, and action chunking make real-time operation increasingly
practical, but acceleration methods often introduce a tradeoff between capability and efficiency. Efficiency
must be evaluated through closed-loop outcomes rather than throughput alone.

Sixth, safety and controllability must grow with agency. A model that can imagine and act must represent
constraints, communicate uncertainty, expose its proposed futures for inspection, and keep executed actions
within safe operating envelopes. Persistent memory and online learning add further requirements: the system
must preserve human intent, resist harmful distribution shifts, and remain auditable as its internal state
changes. Interpretability of predicted states and plans is therefore not separate from performance; it is part of
what makes an increasingly autonomous world model deployable among people.

These problems are tightly coupled. Better evaluation supplies objectives for online learning; physical
grounding restricts which imagined futures are trusted; persistent memory supports long-horizon planning;
efficient inference keeps that planning inside the control loop; and safety determines which actions may
be explored at all. The near-term task is to strengthen the first three roadmap levels while building the
capabilities required by the fourth. The longer-term goal is a foundation that can maintain an accurate
world state, imagine consequential alternatives, act under explicit constraints, and learn continuously across
digital and physical environments. Achieving that goal would turn the general world model from a promising
architectural program into dependable embodied intelligence.
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