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Abstract

World models are increasingly used in embod-
ied intelligence and generative simulation, yet
their scope remains ambiguous across communi-
ties. This tutorial presents a design-space view
of world models as action-conditioned predictive
models that estimate the future evolution of task-
relevant observations or states. We categorize
existing methods into observation-space and state-
space world models, comparing their trade-offs
in visual fidelity, spatial structure, physical in-
terpretability, and control usability. We further
introduce world action models, which connect
predicted futures with executable robot actions,
and summarize four representative paradigms:
imagine-then-execute, video-feature-conditioned
action prediction, joint video-action modeling,
and auxiliary video prediction for policy learning.
The goal of this tutorial is to clarify the concep-
tual scope of world (action) models and provide a
structured taxonomy for embodied prediction and
control.

Project page: World (Action) Models.

1. Architectural View of World (Action)
Models in Robotics

Predicting how the world evolves under actions is a central
capability for embodied artificial intelligence (AI) and gen-
erative simulation. In these scenarios, the predictive models
can support controller design, planning, decision making,
and policy learning. Recently, the term world (action) model
has been used to describe a broad range of methods, in-
cluding latent dynamics models, video prediction models,
physics-informed simulators, and action-conditioned gener-
ative models. However, these methods differ substantially
in what they model, what they predict, and how their pre-
dictions are used. This motivates a unified definition and
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taxonomy of world (action) models.
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Figure 1. Illustration of the components of a world.

1.1. World

We define a world as the set of task-relevant entities, includ-
ing both the robot and its environment. The environment
contains the objects of interest and the ambient environment,
as shown in Fig. 1.

1.2. Embodied AI Task and Policy

We define the world configuration as the configuration of
both the robot and all objects inside the environment. An
embodied Al task is to design a policy to transform the initial
world configuration into a target configuration by control-
ling the robot. Different embodied Al tasks correspond to
different instantiations of the world.

Fig. 2 provides two examples of task-specific worlds. In
humanoid locomotion on flat ground, the world consists
of a humanoid robot and a ground surface, and the goal
is to induce stable and feasible motion configurations. In
robotic table-cleaning tasks after dinner, the world includes
the robot and all relevant objects such as dishes, a table, and
a household environment, and the objective is to rearrange
objects into acceptable configurations (e.g., dishes placed in
a sink).

Fig. 3 illustrates that, in an embodied Al task, the policy
receives a language instruction [ and the current observation
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Figure 2. Embodied Al tasks: Humanoid locomotion and robotic
table-cleaning.
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Figure 3. A language-conditioned closed-loop policy framework.

o; from the world, and then outputs an action a; to the robot.
The policy might be a proportional-integral-derivative (PID)
controller, a model predictive controller (MPC), a vision-
language-action (VLA) model, or a world action model
(WAM).

1.3. World Models and World Action Models

For a specified world, a world model is a model to predict
how its future observation o1 or state z; 11 evolves under
action ay, typically conditioned og., as illustrated in Fig. 4.

The model may take different forms, including symbolic
dynamics equations, neural network dynamics models, or
diffusion-based video predictors, as shown in Fig. 5. The
observation o; could be an RGB or RGB-D image, a point
cloud, or a robot proprioceptive state. The action a; might
range from a concrete agent action to an abstract language-
level instruction or a camera pose for observing the environ-
ment. The state x; may represent object poses, keypoints,
a latent state, or other task-relevant variables. We discuss
world models in more detail in Sec. 2.

World action model is a policy in the embodied Al task in
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Figure 4. A world model predicts future observations or states from
observation history and action.
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Figure 5. Examples of world models.

Fig. 3. It extends world models by explicitly associating
predicted future observations or states with actions. More
details about world action model can be found in Sec. 3.

2. A Design-Space View of World Models

While Sec. 1 defines a world model abstractly as an action-
conditioned predictive model, existing world models can
be broadly categorized according to the space in which
prediction is performed. A one-step world model can be
written as

Yir1 ~ Dol | 00:t7at)7

where py denotes a parameterized predictive model, ;1
denotes the prediction target, which could be the future
observation o, or the future state x;,. When y;41 =
041, we refer to the model as an observation-space world
model. Similarly, when y;+1 = 441, we call it a state-
space world model. More generally, the prediction target
can be a future trajectory, such as ¥y 1.4+ -

2.1. Observation-space World Models

An observation-space world model predicts future observa-
tions directly in the observation space under a given action.
Given an observation history og.; and an action a., the model
estimates the predictive distribution of the next observation:

Ot41 ~ pe(' \ Oo:t,at),

where py is typically parameterized by a neural network.
Under this formulation, the design space of observation-
space world models can be largely characterized by two
axes: the type of observation being predicted and the level
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Figure 6. Design space of observation-space world models. The vertical axis denotes the spatial explicitness of the observation, ranging
from RGB images to multi-view RGB, RGB-D, and point clouds. The horizontal axis denotes the abstraction level of the action
conditioning, ranging from low-level robot actions to interface actions, latent actions, and language instructions. Different choices along
these two axes lead to different trade-offs between spatial understanding, data availability, and downstream usability.

of abstraction of the action conditioning, as illustrated in
Fig. 6.

Classification by observation spatial explicitness. On
the observation side, RGB images are the most common
representation because they are easy to collect, require inex-
pensive and widely available sensors, and are abundant in
Internet-scale video data (Goo; Black et al., 2023; Du et al.,
2023; Gao et al., 2025; 2026; Ko et al., 2023; Luo & Du,
2025; NVIDIA et al., 2026; Qi et al., 2026; Team et al., 2026;
World Labs Team, 2025). However, downstream decision-
making tasks, especially robotic manipulation, often require
the model to capture the spatial structure of the physical
scene. This motivates the use of observations with increas-
ing spatial explicitness, including multi-view RGB images
(Feng et al., 2025; Guo et al., 2026; Huang et al., 2025a),
RGB-D images (Bu et al., 2024; Guo et al., 2025; Shang
et al., 2025; Zhang et al., 2025; Zhen et al., 2025), and point
clouds (Huang et al., 2025b; 2026). These representations
provide progressively richer geometric information, but they
also introduce a trade-off: spatially explicit data are much
less available at scale than ordinary RGB videos. A com-
mon compromise is therefore to exploit large-scale RGB
video data while enhancing their spatial information through
monocular vision models, for example by annotating videos

with estimated depth to form pseudo-RGB-D data (Guo
et al., 2025; Shang et al., 2025; Zhang et al., 2025; Zhen
et al., 2025).

Classification by action abstraction. On the action side,
the choice of action representation is closely tied to the in-
tended role of the world model. While the observation type
determines what form of future is predicted, the action type
largely determines how the model can be used. A more con-
crete action representation usually makes the model suitable
for control and simulation, whereas a more abstract action
representation often shifts the model toward pretraining or
planning.

* At the most concrete level, actions correspond to low-
level robot or agent commands, such as joint com-
mands, end-effector actions, or continuous control sig-
nals (Gao et al., 2026; Guo et al., 2025; 2026; Huang
et al., 2025b; 2026; Qi et al., 2026; Shang et al., 2025).
Since these actions are directly grounded in the em-
bodiment of the agent, the resulting world model can
predict the physical consequence of executing a spe-
cific control command. Such models are therefore com-
monly used as learned simulators for model-predictive
control (Guo et al., 2025; Huang et al., 2025b; 2026;
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Qi et al., 2026), policy evaluation (Guo et al., 2026;
Shang et al., 2025), or synthetic data generation (Guo
et al., 2026; Shang et al., 2025).

* At the next level, interface actions provide a control-
lable way to interact with the visual world without
specifying the low-level motor commands of a particu-
lar embodiment. For example, given an initial image
or scene context, the model may take user-level con-
trol signals, camera-control commands, or viewpoint-
control inputs, and then synthesize the corresponding
future observations (Goo; Team et al., 2026; World
Labs Team, 2025). The purpose of this type of world
model is not to predict robot dynamics, but to turn a
static or partially observed scene into an interactive
visual environment. It therefore serves as an interface-
driven visual simulator, where users or agents can con-
trol how the scene is observed and obtain temporally
consistent observations under different interactions.

¢ Another line of work introduces latent actions, which
are learned from unlabeled videos through reconstruc-
tion objectives with an information bottleneck (Gao
et al., 2025; 2026). Here, the action is not provided
by the dataset, but inferred as a compact variable that
explains the visual transition between frames. This de-
sign is mainly motivated by pretraining: by replacing
missing action labels with learned latent actions, the
world model can exploit large-scale action-free video
data and acquire general dynamics priors before being
adapted to downstream tasks.

» At the most abstract level, actions can be represented
as language instructions. Language-conditioned world
models are less grounded in precise low-level con-
trol, but they are useful for high-level visual planning.
Given a task description, such models generate pos-
sible future observations that describe how the task
may unfold or be completed, thereby providing visual
guidance for downstream agents (Black et al., 2023;
Bu et al., 2024; Du et al., 2023; Feng et al., 2025;
Huang et al., 2025a; Ko et al., 2023; Luo & Du, 2025;
NVIDIA et al., 2026; Zhang et al., 2025; Zhen et al.,
2025).

These action representations form a hierarchy ranging from
low-level motor control to high-level semantic instructions.

2.2. State-space World Models

Predicting future observations directly in the observation
space is a natural formulation, but it is often difficult to
learn because raw observations are high-dimensional and
contain many task-irrelevant variations, such as background
changes, illumination, texture, or sensor noise. As a re-
sult, modeling dynamics directly in the observation space

may force the model to explain unnecessary visual details
rather than the task-relevant evolution of the world. State-
space world models address this issue by first abstracting
observations into a more compact and structured state rep-
resentation, and then predicting the future evolution in this
state space:
Tep1 ~ po(- | 00, at),

where x4, 1 denotes the future state of interest, which may
be a latent vector, a set of tracked points, a collection of sym-
bolic predicates, or physical state variables. Different from
observation-space world models, the transition model py is
not necessarily restricted to a neural network. Depending
on the choice of state representation, the transition model
may be implemented as a neural network, a symbolic or
neural-symbolic operator model, or a physics-based simu-
lator. By predicting structured states instead of raw obser-
vations, state-space world models reduce the complexity of
dynamics learning and focus the prediction on task-relevant
or physically meaningful aspects of the world. As illus-
trated in Fig. 7, existing state-space world models can be
organized according to the type of state representation they
use.

Latent state model. A major class of state-space world
models uses latent states, where observations are encoded
into latent vectors by neural networks (Assran et al., 2025;
Goswami et al., 2025; Hafner et al., 2023; Hansen et al.,
2024; Huang et al., 2025c; Jeong et al., 2025; Maes et al.,
2025; Wu et al., 2022; Yin et al., 2025; Zhou et al., 2024).
These latent states can be obtained in different ways. Some
methods learn the latent representation directly from the
target domain, for example through reconstruction-based
objectives (Hafner et al., 2023; Wu et al., 2022) or through
predictive objectives that model future latent states without
reconstructing pixels (Assran et al., 2025; Goswami et al.,
2025; Hansen et al., 2024; Maes et al., 2025). Such repre-
sentations are usually adapted to the specific environment,
task distribution, and control setting. Other methods use
pretrained visual or vision-language models to extract la-
tent features as state representations (Huang et al., 2025c;
Jeong et al., 2025; Yin et al., 2025; Zhou et al., 2024). Since
these encoders are trained on large-scale Internet data, the
resulting states often provide more general semantic and vi-
sual abstractions. Latent-state world models are commonly
paired with robot or agent actions and are often used as
compact learned simulators for reinforcement learning, or
model-predictive control.

Point track model. Another line of work represents the
state as point tracks (Wang et al., 2025b; Wen et al., 2024;
Xu et al., 2024; Zhi et al., 2025). These points can be two-
dimensional (Wang et al., 2025b; Wen et al., 2024; Xu et al.,
2024) or three-dimensional (Zhi et al., 2025), randomly
sampled (Wen et al., 2024) or semantically selected (Wang
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Figure 7. Design space of state-space world models. Instead of predicting future observations directly in the raw observation space,
state-space world models abstract observations into structured state representations and model their future evolution under actions. Repre-
sentative state choices include latent states, point tracks, neural-symbolic predicates, and physical states. Different state representations
provide different trade-offs between compactness, semantic structure, physical interpretability, scalability, and downstream usability.

et al., 2025b; Xu et al., 2024; Zhi et al., 2025), and their tra-
jectories describe how task-relevant parts of the scene move
over time. Compared with raw image prediction, point-track
prediction removes much of the irrelevant background vari-
ation while preserving explicit motion information in the
scene. This makes the future representation more compact
and structured, without requiring the model to generate full
visual observations. However, the choice of points also in-
troduces an additional structural prior: although this prior
can simplify learning, it may reduce scalability when the rel-
evant scene elements are hard to define or vary significantly
across tasks. In many applications, point-track world mod-
els are conditioned on language instructions and predict how
key points in the scene should move in order to accomplish
the task. The predicted tracks can then be used as refer-
ence trajectories or intermediate goals for a downstream
controller.

Neural-symbolic model. Neural-symbolic world models
use a set of grounded predicates as the state representation
(Liang et al., 2024b; 2025b). A neural-symbolic predicate
is a symbolic Boolean fact whose truth value is grounded
in raw perception by a neural model. This representation
maps continuous visual observations into a compact set
of logical facts that can support reasoning and planning.
In this setting, actions are usually high-level skills rather

than low-level motor commands. The transition model de-
scribes the preconditions and effects of these skills over
the predicate state, similar in spirit to symbolic planning
models such as PDDL, but with predicates grounded in per-
ception. The goal of this type of world model is to learn
a compact symbolic abstraction for long-horizon planning.
By representing skills through their preconditions and ef-
fects, neural-symbolic world models support compositional
reasoning, efficient search, and interpretable planning over
high-level task structures.

Physical state model. A further class of state-space world
models is based on physical states and classical mechanics
(Jiang et al., 2025; Li et al., 2025b; Wang et al., 2025a;
2026). Instead of learning arbitrary latent dynamics from
data, these methods explicitly represent the world using
physical variables such as object poses, velocities, contact
states, masses, friction coefficients, or other dynamics pa-
rameters. This formulation incorporates strong human priors
about how the physical world evolves, and is closely related
to the modeling assumptions used in physics simulators.
A typical pipeline first reconstructs the target scene in 3D,
then aligns a simulated environment with the real scene by
replaying real interaction trajectories and optimizing dynam-
ics and rendering parameters. Once the simulator is aligned,
future states can be predicted by solving physics-based tran-



From World Models to World Action Models: A Concise Tutorial for Robotics

sition equations conditioned on the current physical state
and the agent action. Such world models are especially
useful for model-predictive control, reinforcement learning,
and synthetic data generation, where accurate physical roll-
outs are more important than directly generating raw visual
observations.

3. World Action Models

The previous section categorizes world models according
to their prediction space. We now focus on a practically im-
portant subclass: language-conditioned observation-space
world models that generate visual futures. In embodied deci-
sion making, prediction alone is insufficient; the robot must
also infer executable actions that can realize the predicted
future. This motivates world action models, which couple
visual future prediction with action generation:

(Ot41:t4H, Gt H—1) ~ Dy (- | 04, 1).

Existing approaches differ in how this coupling is imple-
mented, leading to four representative paradigms summa-
rized in Fig. 8.

Imagine-then-execute. The most direct paradigm is a
two-stage imagine-then-execute formulation (Black et al.,
2023; Du et al., 2023; Feng et al., 2025; Ko et al., 2023;
Liang et al., 2024a; Patel et al., 2026; Wen et al., 2024;
Zhang et al., 2025). In the first stage, a video prediction
model generates visual subgoals:

Ot+41:t+H ~ Pe(' | Otal)-

In the second stage, a separate inverse dynamics model
or goal-conditioned policy, denoted by the parameterized
distribution g, maps the current observation and a predicted
visual subgoal into robot actions,

Qg ~ CI¢(' | 0t70t+1)'

The two modules together form a world action model: the
video model imagines a possible future, and the inverse
dynamics model grounds this future into executable actions.
This decomposition has several practical advantages. Since
the visual planner and the action grounding model are sep-
arated, they can be trained on different data sources: the
video model can benefit from large-scale visual data, while
the inverse dynamics model can be trained on robot trajec-
tories with action labels. The modular design also allows
additional structure to be injected into the action grounding
process. For example, one can estimate intermediate quanti-
ties such as end-effector poses (Liang et al., 2024a; Zhang
et al., 2025), object poses (Patel et al., 2026), or dense
optical flow (Ko et al., 2023) from the generated video, and
then use these cues to derive or guide the corresponding
robot actions. This decomposition provides flexibility, but

it also makes action prediction dependent on the quality
of the generated visual subgoals. Errors in the predicted
subgoals may propagate to the inverse dynamics model,
causing the predicted actions to deviate from the intended
task execution.

Video-feature-conditioned action prediction. A second
paradigm keeps the two-stage structure but does not require
the video model to generate a complete future observation
sequence (Hu et al., 2025; Liang et al., 2025a; Ma et al.,
2026; Pai et al., 2026). This design is motivated by the com-
putational cost of diffusion-based models, where producing
full future frames may require multiple iterative sampling
steps. Instead of decoding a complete video rollout, these
methods extract intermediate spatiotemporal features from
the video prediction model and use them to condition an
action prediction module:

fi= H(UG(Ot,Z)),

where ug denotes the neural backbone of the video predic-
tion model, (-) denotes a feature extraction operation, and
ft denotes the extracted spatiotemporal representation. The
underlying assumption is that the internal representations
of a video model already contain useful information about
task intent, scene dynamics, and possible future evolution,
even if the model does not explicitly decode the final video
during policy inference. This can substantially reduce infer-
ence cost compared with full video generation, while still
transferring predictive visual representations to the action
model. The main limitation is that the interface between the
video model and the policy becomes a latent feature rather
than an explicit visual plan. As a result, the intermediate rep-
resentation is less interpretable, harder to inspect, and may
not expose whether the policy is using meaningful future
information or merely exploiting task-correlated features.

ag ~ q¢( | Otaft)v

Joint video-action modeling. A third paradigm attempts
to model future observations and robot actions jointly within
a single generative model (Cheang et al., 2024; Kim et al.,
2026; Li et al., 2026; Ye et al., 2026):

(0t+1:t+H7at:t+H71) ~ 100(' | Ot,l)~

In this formulation, video prediction and action prediction
are not treated as two separate modules. Instead, the model
learns a joint distribution over visual futures and the corre-
sponding action sequences. A common strategy is to start
from a video generation backbone pretrained on large-scale
visual data (NVIDIA et al., 2026; Wan Team, 2025), modify
the architecture or output space so that it can also produce
robot actions, and then adapt the model on robot trajectories
with action labels. This unified formulation has the advan-
tage that future observations and actions are learned in a
shared representational space, which can improve their con-
sistency: the generated actions are trained together with the
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Figure 8. Taxonomy of world action models. Given the observation o; and language instruction [, world action models couple future
observation prediction with robot action generation in different ways. Representative paradigms include imagine-then-execute, video-
feature-conditioned action prediction, joint video-action modeling, and auxiliary video prediction for policy learning.

visual future they are supposed to induce. However, joint
modeling also inherits the difficulties of both video genera-
tion and action learning. It requires robot data with action
labels for adapting the action output, and such data are much
scarcer than ordinary videos. In addition, the model must
jointly handle high-dimensional visual generation and pre-
cise action prediction, whose optimization objectives may
not always be aligned.

Auxiliary video prediction for policy learning. A fourth
paradigm uses video prediction as an auxiliary training ob-
jective rather than as an explicit inference-time module (Bi
et al., 2026; Bu et al., 2025; Li et al., 2025a; Yuan et al.,
2026; Zhu et al., 2025). In this setting, the policy is trained
with an additional prediction branch that reconstructs or
generates future observations from the policy’s internal rep-
resentation. The purpose of this branch is not to produce
an explicit visual plan for execution, but to encourage the
policy backbone to encode spatiotemporal information re-
lated to future scene evolution. During training, the video
prediction loss provides an auxiliary supervisory signal in
addition to the action prediction loss. During inference,
the auxiliary video branch can be removed, and only the
action prediction head is used. This design avoids the cost
of generating videos at test time while still using future
prediction to shape the learned representation. Its limita-
tion is that the predicted future is not explicitly used as a
plan during execution. Therefore, the benefit of the video
objective depends on whether the auxiliary prediction task

induces representations that are useful for action selection.
Balancing the action loss and the video prediction loss can
also be nontrivial, since accurate visual prediction does not
necessarily lead to better control.

Overall, these four paradigms represent different ways of
coupling world prediction with action generation. Imagine-
then-execute methods provide modularity and interpretabil-
ity, but may suffer from a visual-action grounding gap.
Feature-conditioned methods reduce the computational cost
of explicit video generation, but sacrifice the transparency
of visual plans. Joint video-action models offer a unified
formulation, but require action-labeled robot data and must
jointly optimize visual and action prediction. Auxiliary pre-
diction methods improve efficiency at inference time, but
rely on the training objective to implicitly transfer predictive
information into the policy. The central design trade-off is
therefore how explicitly the future should be represented
and how tightly this future representation should be coupled
with action prediction.
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