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Abstract—Acquiring world knowledge directly from visual observation is fundamental to Artificial General Intelligence (AGI). To
support this capability, the Vision World Model (VWM) has emerged as a key paradigm, which learns how the world evolves over time
from visual streams. However, recent progress has been driven by diverse research communities, resulting in inconsistent problem
formulations, disconnected taxonomies, and divergent evaluation protocols. We argue that addressing this gap requires a conceptual
shift: vision should not be treated merely as an input modality, but as the primary driver shaping how world models are represented,
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more meaningful evaluation beyond visual appearance, and scaling toward more general and reliable world modeling capabilities. The
project page is at AIWorldLab.github.io/survey.

Index Terms—Survey, World Model, Vision World Model

✦

1 INTRODUCTION

C ONSIDER a person instinctively reaching out to catch a falling
glass before it shatters, or a driver braking in anticipation of

a child chasing a ball onto the street. These everyday scenarios re-
veal a fundamental aspect of human intelligence: reliable decision-
making depends not only on recognizing what is currently happen-
ing, but also on forming a robust understanding of how the world
changes over time and using it to anticipate what may happen next.
By imagining how situations are likely to develop, humans can act
in advance and adjust their behavior before events actually occur.
Such anticipatory decision-making is widely regarded as a core
ingredient of intelligence and a central objective in the pursuit of
Artificial General Intelligence (AGI) [1, 2, 3].

To equip artificial systems with such capability, the research
community has gradually shifted toward the paradigm of the
World Model [4, 5, 6, 7]. Instead of treating the world as a
black-box system, this paradigm posits that an agent should learn
fundamental knowledge about how states of the world evolve over
time, e.g., how physical processes unfold and how actions influ-
ence future outcomes. By constructing an internal model of these
world dynamics, an agent can anticipate possible future states
before acting, enabling more informed and safer decisions without
excessive reliance on costly real-world trial and error [8, 9, 10, 11].

• X. Yu, Y. Zhang, M. Wang, S. Zhao, W. Liu, Y. Yin, Z. Ren, Y. Zhao,
Y. Wei, and X. Jin are with Beijing Jiaotong University, Beijing, China.
(xiaoyu@bjtu.edu.cn)

• H. Wang and J. Feng are with Tencent, Shenzhen, China. H. Liu is with
Midea Group, Foshan, China. S. Yan is with the School of Computing,
National University of Singapore, Singapore. Y. Wei is with Beijing
Academy of Artificial Intelligence, Beijing, China.

• Corresponding author: Xiaojie Jin (xjjin0731@gmail.com) and Yunchao
Wei (wychao1987@gmail.com)

• Project lead: Xiaojie Jin

The effectiveness of a world model, however, largely de-
pends on how the world itself is revealed and perceived, partic-
ularly how physical phenomena such as motion, interaction and
causal consequences of actions/events unfold over time. Recent
works [12, 13, 14, 15, 16] have explored world modeling through
text-based reasoning, often leveraging Large Language Models
(LLMs) to infer outcomes from linguistic descriptions. While
such approaches are effective at capturing high-level concepts,
they cannot access the detailed processes that describe real-world
change, e.g., language can state that “a glass shatters,” but it
cannot specify how fragments scatter or how material interactions
unfold after impact. This limitation arises because the physical
world does not present itself as symbols or predefined rules, but as
continuous, high-dimensional sensory signals. In contrast, visual
streams directly encode these signals, jointly capturing appear-
ance, dynamics and underlying causal relationships. As a result,
visual observation provides the most direct and comprehensive
evidence of how the physical world behaves.

Building on this insight, learning world knowledge1 directly
from visual signals becomes a critical direction. Visual learning
mirrors how humans develop an intuitive grasp of the world:
through visual observation, humans gradually form a coherent
understanding of the principles that govern how the world changes.
Supported by the availability of internet-scale video data [17, 18],
the field has increasingly converged on a unified modeling
paradigm, which we refer to as the Vision World Model (VWM),
a paradigm that learns world knowledge directly from visual
signals and enables interaction-conditioned future simulation.

1. In this work, we use the term “knowledge” to refer to what governs
how world states evolve over time and respond to interventions, broadly
encompassing physical principles, causal mechanisms, structural constraints,
and other forms of dependency that determine the behavior of the world.
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Fig. 1: Landscape of Vision World Model (VWM) research. Design architectures are grouped into four major families in the upper
panel, and datasets and benchmarks are organized by application domains in the lower panel.

In recent years, research on VWMs has advanced rapidly,
spanning areas such as generative modeling, representation learn-
ing, and embodied intelligence. Although these efforts origi-
nate from different research communities, their goals largely
overlap in the shared pursuit of understanding and simulating
the world. As illustrated in Fig. 1, existing approaches can be
organized according to how they represent visual signals and
predict future states. Autoregressive and diffusion-based meth-
ods primarily focus on synthesizing visually coherent future
content [19, 20, 21, 22, 23, 24, 25, 26, 27]; embedding pre-
diction approaches emphasize learning predictive structure in
representation space [28, 29, 30, 31, 32]; and state transition
methods abstract visual input into compact latent states for long-
horizon modeling [11, 33, 34, 35, 36, 37]. Despite capturing
complementary aspects of world modeling, these paradigms are
often developed in isolation. This separation leads to inconsistent
terminology, disconnected evaluation practices, and limited cross-
paradigm comparison, making it difficult to assess progress in a
unified manner.

Several surveys have attempted to summarize existing works.
They fall into two broad categories. Application-focused surveys
analyze world models within specific domains, such as robotics or
autonomous driving, offering domain-specific insights but treating
VWMs as supporting components instead of the core frame-

work [38, 39, 40, 41, 42, 43, 44, 45]. Other surveys provide high-
level overviews of world modeling, but often treat vision merely
as an input modality, without examining how the unique properties
of vision fundamentally shape representation, learning objectives,
and evaluation [2, 46, 47, 48, 49]. As a result, the field still lacks a
clear, vision-centric roadmap that explains how diverse modeling
choices relate to one another and how progress should be assessed.

To address this gap, we advocate a vision-centric perspective
that treats vision not merely as an input modality, but as a key
factor of world modeling. Under this perspective, we present a
unified framework for understanding and organizing VWMs.

Our primary contributions are summarized as follows:
• We propose a unified framework for VWMs that structures

world modeling around three core components: vision encoding,
knowledge learning, and controllable simulation. This frame-
work provides a principled view for analyzing how VWMs
represent, learn, and simulate the world.

• Based on this framework, we organize existing VWM ap-
proaches into four major architectural families: sequential gen-
eration, diffusion-based generation, embedding prediction, and
state transition. Our analysis clarifies their relationships and
highlights key design trade-offs.

• We systematically review evaluation protocols of VWMs, sum-
marizing how different metrics and benchmarks assess visual
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quality, physical plausibility, and task performance. We further
examine how these evaluation criteria relate to different views
of a reliable world model.

• We identify key open challenges and future research directions,
focusing on strengthening physical and causal grounding, ad-
vancing evaluation protocols beyond appearance-level assess-
ment, and scaling models toward more general and reliable
world modeling capabilities.

Scope. This survey focuses on world models that learn how the
world changes over time directly from visual signals. We review
methods that learn world knowledge from visual data and use
it to predict future outcomes of the environment. Methods that
operate purely on symbolic states without grounding in vision are
outside the scope of this survey [50, 51, 52, 53, 54]. In addition,
while applications such as robotics, autonomous driving, and
interactive environments are referenced to motivate design choices
and evaluation criteria, our analysis remains focused on VWMs
themselves rather than downstream control or policy optimization
tailored for each application scenario.
Roadmap. Section 2 introduces the definition of VWM and
presents the unified framework. Section 3 organizes existing
VWM architectures according to this framework and analyzes
their design trade-offs. Section 4 reviews evaluation metrics,
datasets, and benchmarks. Finally, Section 5 discusses open chal-
lenges and future directions before concluding in Section 6.

2 A UNIFIED FRAMEWORK FOR VISION WORLD
MODELS

To provide a unified view of Vision World Models (VWMs), we
introduce a framework that summarizes common design principles
across existing approaches. As illustrated in Fig. 2, a VWM
can be decomposed into three core components: Vision Encoding
(Section 2.2) describes how raw visual data are transformed into
representations suitable for modeling world change. Knowledge
Learning (Section 2.3) focuses on how models learn world
knowledge from visual data. Controllable Simulation (Section 2.4)
describes how a VWM generates possible future world states
conditioned on actions or instructions.

2.1 Definition
At its core, we define a Vision World Model (VWM) as follows:

A Vision World Model (VWM) is an AI model that learns
world knowledge from visual data and generates future world
states conditioned on interaction.

Specifically, a VWM learns how the world changes over time
by capturing the underlying principles and mechanisms from
visual data, and uses this knowledge to perform future simulation
conditioned on interaction signals. A formal description of a
VWM is given by a probabilistic model fθ that parameterizes the
distribution of future world states given observed visual context
and interaction conditions:

p(St+1:T | v0:t, ct) = fθ

(
E(v0:t), ct

)
, (1)

where v0:t denotes visual data from time 0 to t, and ct denotes
interaction conditions such as agent actions, language instructions,
or other control commands. E(·) denotes a visual encoder that
transforms raw visual data into visual representations. St+1:T
denotes future world states, which may take different forms de-
pending on the modeling paradigm, including future frames, latent

states, or other meaningful attributes (e.g., depth, flow, occupancy,
3D primitives, or trajectories).

Compared to traditional world models [3, 41, 55], which
often employ low-dimensional or predefined state spaces and treat
vision only as an input modality, VWMs instead rely on high-
dimensional visual data as the foundation for modeling world
change, fundamentally reshaping how world knowledge is rep-
resented and learned.

2.2 Vision Encoding: Learning Representations from
Visual Data
Raw visual data provide rich information about the world, but
they also entangle multiple factors of variation. While they contain
essential cues about objects, motion, and interactions, these cues
are intertwined with incidental variations such as camera jitter,
background clutter, and sensor noise. Such entanglement makes
it difficult to isolate the underlying principles that govern world
change and can hinder the learning of reliable world knowledge.
The role of vision encoding in VWMs is therefore to transform raw
visual data into representations that disentangle relevant factors for
modeling world change while suppressing irrelevant variation.

This transformation determines what aspects of visual infor-
mation are retained, the level of abstraction at which they are
encoded, and how they support modeling world knowledge. In
this section, we analyze vision encoding from two perspectives:
the types of visual inputs commonly used for world modeling
(Section 2.2.1), and the forms of representations into which these
inputs are encoded (Section 2.2.2).

2.2.1 Visual Inputs for World Modeling
VWMs can be trained on a wide range of visual inputs, from
standard RGB images/videos to specialized modalities such as
depth maps, optical flow, and bird’s-eye-view (BEV) data. Stan-
dard RGB images/videos [19, 24, 26, 28, 56] are widely used
due to their availability and broad coverage of real-world environ-
ments. Unlike more structured data, RGB inputs do not explicitly
encode geometry, motion, or scene layout. Therefore, models must
infer such information directly from pixels, making RGB-based
modeling highly general yet challenging.

To ease this difficulty, many approaches incorporate addi-
tional visual modalities that provide more explicit environment
attributes. Depth maps, point clouds, and multi-view geome-
try [37, 57, 58, 59, 60, 61] expose 3D geometric information, sup-
porting representations that preserve spatio-temporal consistency
and coherence. Similarly, optical flow [62, 63] encodes motion in-
formation explicitly, facilitating the separation of dynamic entities
from static background. In domains such as autonomous driving,
BEV data [64, 65, 66, 67, 68, 69] organize spatial information
within a unified coordinate frame, enabling more convenient
spatial reasoning and long-horizon prediction. Multi-view static
camera setups and egocentric recordings [70, 71, 72, 73, 74, 75]
further provide complementary perspectives that reinforce 3D
consistency and align visual input with agent actions.

2.2.2 Forms of Visual Representation
Visual representations differ in the aspect of visual information
they retain, thereby determining what world knowledge can be
learned in VWMs. We group existing approaches according to
how they organize visual information.
Continuous Latent Representations. Many world models encode
observations into continuous latent states using convolutional
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Fig. 2: A unified framework for Vision World Models (VWMs). A VWM encodes visual observations, learns structured world
knowledge about how the world changes, and performs future simulation conditioned on interaction.

networks or vision transformers [10, 11, 76, 77]. These representa-
tions form compact, continuous state spaces that evolve smoothly
over time, and are well-suited for modeling motion, interaction,
and long-horizon dynamics.
Discrete Tokenized Representations. Another line of work dis-
cretizes visual inputs into a finite vocabulary of tokens [24, 26,
78, 79]. By mapping visual content into a fixed-size dictionary,
these approaches enable more computationally efficient modeling
compared to continuous representations. Moreover, discrete tok-
enization bridges between visual modeling and sequence-based
generative frameworks. VWMs can therefore adopt autoregressive
training objectives and benefit from the appealing scalability
properties of Transformer architectures developed for LLMs.
Object- and Entity-centric Representations. Some approaches
explicitly build representations around objects or entities with per-
sistent identity. By making entity boundaries explicit, such repre-
sentations facilitate learning spatio-temporal coherence and causal
interactions, and support compositional generalization [34, 36].
Hybrid and Hierarchical Representations. Recent models com-
bine multiple representation forms, such as continuous represen-
tations over discrete tokens or object-centric states embedded in
latent spaces [80, 81, 82]. These hybrid representations demon-
strate better trade-offs between scalability, physical consistency
and expressive capacity.

2.3 Knowledge Learning: Structured World Knowledge
in VWMs

Built upon the representations introduced in Section 2.2, a VWM
must learn the world knowledge that governs how the world
changes, including how entities remain consistent over time,
how their states transform, and how actions or events produce
consequences, etc. We group this knowledge into three comple-
mentary aspects: spatio-temporal coherence, physical dynamics,
and causal mechanisms.

2.3.1 Spatio-temporal Coherence

Spatio-temporal coherence refers to the consistent existence and
identity of entities across space and time, forming the foundational
basis upon which other aspects of world modeling are built.
Although coherence ultimately relates to physical constraints, we
treat it separately because it reflects the structural consistency di-
rectly observable in visual data. By maintaining stable entities and
their continuity, spatio-temporal coherence provides the “scaffold”
for modeling more explicit dynamics and causal relations, which
can be analyzed along both spatial and temporal dimensions.

At the spatial level, coherence requires models to maintain
consistent object identity across varying viewpoints. This includes
multi-view consistency, where the same object is recognized
under different camera perspectives [83, 84, 85, 86, 87], as well
as geometric stability, where an object’s shape and structural
integrity remain coherent rather than arbitrarily collapsing or
deforming [37, 59, 88].

At the temporal level, coherence requires that entities persist
over time with stable identity and consistent state transitions.
This includes object permanence, where entities remain present
despite temporary occlusion, and smooth state progression, where
changes follow plausible trajectories rather than abrupt disconti-
nuities [33, 89]. Together, these properties ensure entity identity
and consistency across long temporal horizons.

2.3.2 Physical Dynamics

Given coherent entities, physical dynamics describe how their
states change under physical constraints. This form of world
knowledge ensures that the predicted motion and interaction re-
main physically plausible rather than merely visually convincing.

Physical dynamics require models to adhere to fundamental
physical constraints, such as gravity, contact, and material resis-
tance. By capturing these constraints, a VWM can avoid common
physically inconsistent artifacts observed in other video generative
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models, such as objects unrealistically intersecting solid surfaces
due to a lack of physical understanding.

Physical dynamics can be understood at multiple levels of
complexity. At a basic level, models capture macroscopic motion
governed by classical mechanics, such as rigid-body movement
and object interaction [90, 91]. At more advanced levels, models
draw on principles from continuum mechanics to address sce-
narios involving deformable materials and fluid behavior, where
material properties determine how substances undergo deforma-
tion and flow [92]. Across these settings, conservation principles
such as energy and momentum provide unifying constraints that
maintain physical consistency, even when underlying micro-scale
forces are not explicitly modeled.

2.3.3 Causal Mechanisms
Causal mechanisms describe how actions and events produce
outcomes. Rather than modeling state transitions in isolation, they
organize world knowledge around fundamental action–outcome
relations that generalize across different scenarios.

Models that rely primarily on statistical correlation, including
many video generation approaches [93, 94], tend to predict what
typically follows from observed patterns. Such models may fail
when contexts shift or rare events occur. For example, a model
trained only on normal driving data may struggle to anticipate the
consequences of a collision, since the underlying relation between
impact and deformation is not captured from nominal driving
observations alone.

In contrast, a VWM requires learning the fundamental causal
relations between actions and outcomes, enabling reliable predic-
tion across a broader range of conditions. For instance, under-
standing that high-speed impact leads to structural deformation
allows the model to anticipate crash consequences even in unseen
environments. Therefore, grounding modeling in causal relations
can provide a stable foundation for reliable prediction across
diverse and unseen conditions.

A key capability enabled by learning causal mechanisms is
counterfactual reasoning: considering how outcomes would differ
under alternative actions or interventions. This capability allows a
VWM to evaluate hypothetical scenarios and make more reliable
decisions in previously unseen settings [95, 96].

Causal mechanisms also extend beyond purely physical pro-
cesses. In human-centered environments, world behavior is also
shaped by social norms, conventions, and shared intentions. For
example, traffic behavior may be influenced by temporary human
instructions or contextual rules. Modeling such human-governed
relations is essential for reliable interaction in complex real-
world settings.

2.4 Controllable Simulation: Simulating the Future
through Interaction
A Vision World Model uses the world knowledge it has learned
to simulate how the world may evolve under different interaction
conditions. Given the current visual context, simulation generates
possible future world states, while interaction (e.g., actions or
instructions) specifies how the world is expected to respond.
Together, simulation and interaction define how a VWM produces
future rollouts conditioned on external inputs. Accordingly, we
analyze this capability from two perspectives: simulation (Sec-
tion 2.4.1), which describes the forms of future states being
generated, and interaction (Section 2.4.2), which describes how
external conditions guide these predictions.

2.4.1 Simulation
Simulation refers to the generation of future world states over time
based on the current visual context and learned world knowledge.
Instead of replaying observed data, simulation constructs plausible
future trajectories that reflect how the world may change. The
form of simulated future states (denoted as St+1:T in Eq. 1) varies
across modeling paradigms and can be broadly categorized into
three types:
• Latent States. Simulation can be carried out in a compressed
latent space, where future trajectories are generated over compact
continuous representations rather than pixels. This form of sim-
ulation is computationally efficient and well-suited for planning
and reasoning tasks that prioritize decision-making over visual
details [11, 28, 35, 97, 98].
• Visual States. Simulation can also be performed directly in the
visual space by decoding predicted representations into images,
videos [99, 100, 101], or explicit geometric forms [65, 88, 102].
While more computationally demanding, visual simulation is
important for human interpretability, synthetic data generation,
and closed-loop evaluation.
• Structured Outputs. Beyond visual outputs, simulation can
produce structured future representations, such as object attributes,
spatial configurations, or action trajectories. These representations
provide more direct inputs for control or planning, as they sum-
marize task-relevant aspects of the environment without requiring
additional processing [36, 103, 104, 105, 106, 107].

2.4.2 Interaction
Interaction specifies how simulated futures respond to external
conditions. A VWM therefore captures how different actions or
prompts lead to distinct outcomes given the same visual context.
• Action Signals. A common form of interaction is condition-
ing simulation on control signals, such as robot motor com-
mands [108, 109] or keyboard and mouse inputs [23, 24, 110].
This enables a VWM to anticipate the consequences of specific
control choices in both continuous [10, 111] and discrete [112]
action spaces. More recent work explores latent action representa-
tions learned directly from video, reducing reliance on explicitly
labeled action data [22, 63, 80, 113, 114].
• Multimodal Interaction. To handle complex goals, such as
long-horizon tasks and multi-step planning, models can use mul-
timodal prompts to condition simulation. Early approaches used
language to enrich state descriptions [71, 115], while more recent
Vision-Language-Action frameworks [116, 117, 118] provide uni-
fied interfaces for specifying task-level objectives. By integrating
language guidance, simulation becomes more interpretable and
accessible, enabling more natural and human-friendly interaction
experiences [119, 120, 121].

3 DESIGNS OF VISION WORLD MODELING

This section organizes VWM designs into four architectural fami-
lies, covering seven representative sub-designs. We group methods
by architectural form, which largely shapes how world knowledge
is represented, learned, and simulated, as defined in Section 2.
Fig. 3 provides a concise overview of these designs. For each
sub-design, the upper panel illustrates its typical input–output
pipeline, while the lower panel highlights how it instantiates the
three core components of our framework, namely Vision Encod-
ing, Knowledge Learning, and Controllable Simulation, thereby
clarifying the distinctive design choices of each architecture and
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facilitating comparison. In the detailed discussion that follows,
we examine each sub-design by explaining how it realizes the
key components of our framework, consistent with the framework
structure established in Section 2.

3.1 Sequential Generation
Sequential generation approaches cast visual world modeling as
token sequence generation. They typically encode visual context
(and optional conditions) into a token stream, and produce future
outcomes step by step conditioned on history tokens. Within
this family, we focus on two representative sub-designs: (1)
visual autoregressive model (Section 3.1.1), which predicts future
visual tokens via next-token prediction; and (2) MLLM-guided
multimodal autoregressive model (Section 3.1.2), which represents
visual inputs as LLM-compatible tokens and generates interleaved
multimodal rollouts for reasoning and planning.

3.1.1 Visual Autoregressive Model
Visual autoregressive methods first convert videos into discrete
sequences and then formulate world modeling as sequential token
generation. They can benefit from well-developed training recipes
for language modeling and scale to large datasets and long con-
texts [113, 122]. Table 1 summarizes representative works under
this design.
• Discrete Visual Tokens. Visual signals are usually converted
into discrete tokens via VQ-VAE [78, 143, 144] or VQ-GAN [79].
A critical variation of these methods is how videos are tokenized.

Early methods such as GAIA-1 [122] and WorldDreamer [124]
mainly use spatial tokenization, representing a video as a frame-
wise token sequence. More recent methods, such as Genie [80] and
iVideoGPT [127], adopt spatio-temporal tokenization, encoding
multiple frames into shared tokens to better preserve temporal
information in the token space.

Discrete tokenization also extends beyond 2D pixels. For ex-
ample, OccWorld [123], RenderWorld [130], and OccTENS [68]
discretize 3D voxel grids into vocabulary indices. Compared to
purely appearance-driven tokens, voxel grids make spatial struc-
ture (e.g., geometry and free space) more explicit, which facilitates
modeling interaction and long-horizon world change.

• Next-Token Prediction. Methods in this category acquire world
knowledge through next-token prediction over visual token se-
quences. This objective encourages the model to capture temporal
dependencies that maintain spatio-temporal coherence, includ-
ing: (1) entity consistency, where an object remains identifiable
across motion or occlusion; and (2) temporal continuity, where
state changes evolve smoothly rather than abruptly. Maintaining
coherence over long horizons is challenging because prediction
errors accumulate during autoregressive rollouts. Increasing the
effective context length is a common strategy. For example,
LWM [125] extends the context window to mitigate identity drift
after long occlusions.

Beyond coherence, many scenarios require action-conditioned
modeling: the same visual context can evolve into different future
sequences depending on what the agent does. Several works intro-
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TABLE 1: Summary of visual autoregressive modeling VWMs. For each work, we present the visual encoder for extracting visual
representation, the world knowledge it learns, with the format of interaction input and simulation output. *: Genie 3 [113] is believed
to use a visual autoregressive architecture for world modeling.

Methods Visual Encoder World Knowledge Interaction Input Simulation Output

Gaia-1 [122] VQ-VAE Traffic dynamics, causal decision-making Action (speed/curvature), text Image
OccWorld [123] VQ-VAE Spatio-temporal scene evolution vehicle position/trajectory Occ-grid, displacement

WorldDreamer [124] VQ-GAN General world physics Action (velocity/steering), text Image
LWM [125] VQ-GAN Long-range spatio-temporal dynamics Text Text, video

Genie [80] VQ-VAE Interactive environments, 2D physics Latent action Image
WHAM [126] VQ-GAN 3D game physics, combat mechanics Action (controller signals) Image, action

iVideoGPT [127] VQ-GAN Robotic manipulation, causal relationships Action, text Image
VidIT [128] VQ-VAE Visual semantic patterns, task imitation Latent action Image

LatentDriver [129] PlanT Driving decision uncertainty, Agent interactions Action (waypoints) State
Renderworld [130] AM-VAE 4D scene evolution, Driving occ dynamics State, trajectory Occ-grid, trajectory

GR-2 [131] VQ-GAN Manipulation skills, Object interaction Text, State (end-effector, gripper) Image, action
WHALE [132] VQ-VAE Manipulation skills, spatiotemporal dependencies Latent action Image

Drivingworld [133] VQ-GAN Spatio-temporal driving dynamics Vehicle pose (orientation, location) Image, Vehicle pose
UVA [134] VAE Forward and inverse dynamics Action, text Image, action
DWS [135] VAE, VQ-GAN Motion-centric dynamics Action Image

SurgWM [136] VQ-VAE Surgical tool dynamics, instrument persistence Latent action Image
VideoWorld [26] MAGVIT-v2 Game strategy, robotic manipulation Latent action Image

MineWorld [137] VQ-VAE Minecraft physics, block interactions Action (keyboard/mouse signals) Image
RLVR-World [138] VQ-GAN State transition dynamics Action, Text State, image, text

UniVLA [119] DINOv2, SigLip Generalizable manipulation skills Latent action, text Action, visual tokens
RoboScape [139] MAGVIT-v2 3D consistency, contact-rich physics Keypoint Trajectory Image, depth
WorldVLA [121] VQ-GAN Manipulation mechanics, underlying physics Action Image, action
Xray2Xray [140] VQ-GAN Transition dynamics of X-ray projections Action Xray tokens

I2-World [141] RQ-VAE-like 4D dynamics, driving physics, scene persistence Action (Trajectories, speed, angle) Occ-grid
Genie 3* [113] Unknown Intuitive physics, 3D consistency Unknown Image
OccTENS [68] 2D CNN Spatio-temporal occ dynamics Ego motion, pose Occ-grid, trajectory

SAMPO [27] VQ-GAN Coarse-to-fine spatial structure Action, motion prompts Image
RynnVLA-001 [116] VQ-GAN Ego-centric manipulation dynamics Text, state (joint/keypoint positions) Image, action

iMoWM [142] VQ-GAN 3D geometric and spatio-temporal dynamics Robot end-effector pose Images, depth, masks

duce latent action learning to model this dependency, where action
variables are inferred from videos and then used to condition
prediction [26, 80, 128]. This makes the model relate control
inputs (e.g., steering or pushing) to their predicted consequences,
rather than predicting the next states solely from past observations.
• Autoregressive Token Rollouts. Simulation proceeds as an au-
toregressive rollout in token space, where predicted tokens are de-
coded into images/videos or structured outputs (e.g., voxel grids).
Interaction is implemented by inserting condition tokens (e.g.,
action tokens) into the context, allowing different control inputs to
guide subsequent generation [119, 121]. This design supports di-
verse control modalities, ranging from continuous control signals
in autonomous driving [68, 129, 133] to discrete keyboard/mouse
inputs in interactive environments [80, 137]. VidIT [128] further
shows that action-relevant behaviors can sometimes emerge even
without explicit action labels, when suitable conditioning mecha-
nisms are introduced during video-only training.
• Strengths and Limitations. A key advantage of autoregressive
token modeling is its scalability and flexibility in producing
rollouts of arbitrary length. However, long-horizon generation is
vulnerable to error accumulation, and discrete tokenization may
limit fine-grained geometric detail required for precise physical
interactions. Moreover, physical dynamics and causal relations are
primarily induced from large-scale data rather than enforced by
explicit constraints, which can reduce robustness under distribu-
tion shifts or rare interaction scenarios.

3.1.2 MLLM-guided Multimodal Autoregressive Model
When tasks involve goal descriptions or instructions expressed
in language, purely visual autoregressive models become less
human-friendly to deploy, as their representations are confined
to visual token spaces. MLLM-guided approaches extend sequen-

tial generation by projecting visual observations into language-
compatible tokens and producing multimodal token streams that
support reasoning and decision-related outputs. Table 2 summa-
rizes representative methods.
• Language-Aligned Multimodal Tokens. These methods map
visual observations into token sequences that can be processed
jointly with text by large language models, typically via learned
connectors or adapters [145, 146]. The resulting representation
is a multimodal token stream that combines visual tokens with
text (and sometimes action tokens) within a unified autoregressive
context. For example, ADriver-I [147] and Doe-1 [148] construct
mixed sequences of visual tokens, textual descriptions, and dis-
crete action tokens to support joint multimodal prediction. In 3D
settings, OccLLaMA [64] discretizes semantic voxel grids into a
scene-level token vocabulary, providing structured spatial tokens
that can be processed within the same autoregressive framework.
• Multimodal Reasoning with Language Priors. Instead of
relying solely on visual token statistics, these approaches leverage
the knowledge of pretrained language models as semantic priors.
This is especially useful when visual evidence is incomplete
or ambiguous, since language knowledge about object proper-
ties and likely effects can guide predictions toward plausible
outcomes [149]. For spatio-temporal coherence, linguistic object
concepts can help maintain identity across occlusion and long-
horizon evolution [150, 151]. For causal relations, the multimodal
backbone can generate explanations linking actions to their pre-
dicted consequences; GR00T [152] and ADriver-I [147] illustrate
how predicted futures can be accompanied by textual reasoning
about why certain outcomes occur. Some works further introduce
additional constraints through neuro-symbolic components [103]
or semantic planners [107] to improve long-horizon consistency.
• Interleaved Multimodal Rollouts. The generated future often
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TABLE 2: Summary of MLLM-based VWMs works. “.V” de-
notes the visual part.

Methods Visual Encoder MLLM Backbone

ADriver-I [147] CLIP Vicuna [153]
3D-VLA [145] CLIP, DINO BLIP-2 FlanT5 [154]

WorldGPT [155] LanguageBind Vicuna [153]
OccLLaMA [64] Occ Tokenizer LLaMA 3.1 [156]

PIVOT-R [157] CLIP LLaVA [158]
Eva [151] CLIP, VAE Chat-UniVi [159]

Doe-1 [148] Lumina-mGPT.V Lumina-mGPT [160]
Owl-1 [150] VQVAE Chameleon [161]

HERMES [146] CLIP, BEVFormer InternVL 2 [162]
GR00T N1 [152] SigLIP-2 Eagle-2 [163]

WALL-E 2.0 [103] Textual JSON Encoder GPT-4 / GPT-3.5 [164]
World4Omni [165] GPT-4o.V GPT-4o [166]

DreamVLA [118] MAE-ViT GPT-2 Medium [167]
VLWM [107] Perception Encoder PerceptionLM [168]

F1 [117] SigLIP, Residual VQ PaliGemma [169]
OccVLA [69] SigLIP PaliGemma 2 [170]

SWM [149] SigLIP PaliGemma [169]
UniWM [171] Anole.V Anole [172]

takes the form of an interleaved multimodal sequence containing
predicted visual outputs, textual explanations and actions. Interac-
tion is expressed through language instructions or high-level goals
that condition the rollout and determine which future outcome
is produced. In practice, models may generate visual futures for
grounding (e.g., frames [151] or voxel grids [69]) while simulta-
neously producing plans or reasoning steps [117, 147], improving
interpretability and supporting task-oriented simulation.
• Strengths and Limitations. MLLM-guided autoregressive
modeling benefits from the broad knowledge learned by pretrained
language models, flexible language-based interaction, and im-
proved interpretability through textual outputs. However, project-
ing visual content into language-compatible tokens may discard
fine-grained information, and language-level knowledge can bias
predictions when visual evidence deviates from common patterns.
Moreover, long-horizon rollouts remain sensitive to accumulated
prediction errors, similar to visual autoregressive models.

3.2 Diffusion-based Generation

Diffusion-based approaches model future world states through
iterative denoising in a continuous latent space. Instead of pre-
dicting tokens sequentially, these methods generate future visual
content by progressively refining noisy representations. Within
this family, we distinguish two common designs: (1) Latent Dif-
fusion (Section 3.2.1), which performs denoising in a compressed
latent space and typically generates future frames jointly; and (2)
Autoregressive Diffusion (Section 3.2.2), which incorporates tem-
poral dependency into the denoising process to extend generation
over longer horizons.

3.2.1 Latent Diffusion

Latent diffusion applies diffusion modeling in a compressed
continuous latent space, enabling high-quality visual generation
while reducing pixel-level computation. The red part of Fig. 4
summarizes representative works under this design.
• Continuous Latent Representations. These methods first en-
code visual observations into continuous latent features, typically
via a variational autoencoder (VAE) [173]. Unlike discrete tok-
enization, continuous latents avoid hard quantization and preserve

fine-grained visual information. Early methods such as Driv-
ingDiffusion [86] and Panacea [174] compress multi-view inputs
into 2D spatio-temporal latents. More recent works increasingly
adopt 3D-aware representations. For example, GAIA-2 [83] con-
structs latent tokens that are not only semantically meaningful
but also spatially grounded, preserving spatial alignment and
geometric detail in the token space. In contrast, GWM [102] and
WoVoGen [175] represent scenes using explicit 3D representa-
tions, such as Gaussian splats or voxel grids. Compared to purely
2D latents, these 3D-aware representations make scene layout and
object geometry more explicit, which helps the model maintain
occlusion and contact relationships and better reflect how actions
or control inputs change the 3D scene during generation.
• Iterative Denoising. Knowledge learning in this paradigm is
driven by the denoising objective, where the model learns to
recover future latent states from progressively corrupted inputs.
Because denoising is performed over an entire spatio-temporal
block, diffusion models are naturally encouraged to model de-
pendencies across both space and time within the generated
window, which often improves short-term coherence. Physical
and action-conditioned dynamics are commonly injected through
conditioning signals that specify scene structure or control intent.
For example, DriveDreamer [203] and DOME [67] condition
generation on structured spatial cues such as 3D box layouts or
voxel grids, which guide the model toward spatially plausible
scene configurations. Beyond injecting physical structure, Geo-
Drive [187] shows that manipulating geometric control conditions
can produce counterfactual futures (e.g., the ego car swerving
under an alternative control), linking control inputs to different
future world outcomes.
• Block-wise Denoised Generation. Latent diffusion performs
simulation over a temporal window as a whole, rather than frame
by frame. A spatio-temporal latent block is jointly denoised and
decoded into a block of future frames (or a 4D representation) in a
single sampling process. Compared to step-wise autoregressive
rollout, this block-wise generation strategy models space–time
dependencies within the window more coherently, which often
improves intra-clip consistency.

Interaction is supported through conditional diffusion. Control
signals such as actions, text instructions, or scene layouts are
provided as conditioning inputs to steer the denoising process
toward different plausible futures. This conditioning interface has
been widely used in autonomous driving to support closed-loop
evaluation or scenario generation, where agents can test decision-
making under diverse imagined situations [72, 83, 177, 204, 206].
In robotics, diffusion-based designs have also been extended to
action-conditioned manipulation, for example by jointly generat-
ing video futures and action sequences, enabling task-level rollouts
under control [192, 205].
• Strengths and Limitations. A main strength of latent dif-
fusion is high visual quality, benefiting from continuous latents
and iterative refinement. Compared to discrete token generation,
continuous tokens can preserve finer visual detail, while denoising
over an entire temporal window can reduce short-term drift within
the generated clip [19]. At the same time, diffusion inference is
computationally expensive due to its iterative sampling process,
which can limit real-time interaction. Another limitation is tem-
poral scalability: generation is typically tied to a fixed window
length, and extending to very long or open-ended rollouts remains
challenging without additional mechanisms (e.g., autoregressive
extension or memory).



9

D
iff

us
io

n-
ba

se
d

V
is

io
n

W
or

ld
M

od
el

s Latent
Diffusion Models

2D Modeling: UniPi [176], Drivingdiffusion [86], Drive-WM [72], Panacea [174], DriveDreamer-2 [177], WorldGPT’ [178],
Delphi [179], Panacea+ [180], GenEx [73], Imagine-2-drive [181], Cosmos Series [19, 182, 183], MaskGWM [184],
EDELINE [185], GAIA-2 [83], ViMo [186], GeoDrive [187], StateSpaceDiffuser [188], RealPlay [99],
AirScape [189], PEWM [21], PanoWorld-X [190]

3D Modeling: WoVoGen [175], Occsora [65], Bevworld [66], DOME [67], Dreamdrive [191], Aether [59], DiST-4D [60],
Tesseract [192], FlowDreamer [193], RoboTransfer [194], 3DPEWM [195], MeWM [196], Genesis [197], COME [198],
robot4dgen [37], M3arsSynth [199], GWM [102], WorldForge [200], WorldSplat [201], WristWorld [202]

Action: DriveDreamer [203], GenAD [204], VPP [105], UWM [205], Learning to Drive [206], DreamGen [20],
LangToMo [207], LaDi-WM [208], MinD [82], Video Policy [209], Ego-PM [74]

Autoregressive
Diffusion Models

Train/Infer
Discrepancy

2D Modeling: UniSim [210], Copilot4D [211], Vista [212], Irasim [109], GameNGen [213],
Oasis [110], Genie 2 [22], Gamegen-x [214], NWM [215], The Matrix [216], UniMLVG [87],
InfinityDrive [217], Adaworld [114], DriVerse [218], VRAG [219], Matrix-Game [220],
Hunyuan-GameCraft [24], VMem [84], CaM [101], STAGE [221], Yume [100], Longscape [222]

3D Modeling: Drivingsphere [223], GEM [224], spmem [57], SceneDiffuser++ [225],
DeepVerse [226], LiDARCrafter [61]

Action: Diamond [227], Epona [106], Genie Envisioner [108], WoW [228]

Train/Infer
Alignment

2D Modeling: PlayGen [23], Gamefactory [229], TSWM [230], WORLDMEM [231],
NFD [232], PEVA [8], Matrix-Game 2.0 [25], Yan [223], Dreamer V4 [233], Emu 3.5 [234]

3D Modeling: Geometry Forcing [88], OmniNWM [235]

Fig. 4: Summary of representative methods of diffusion-based VWMs. Methods are divided into Latent Diffusion and Autoregressive
Diffusion. They are categorized by output type into 2D Modeling, 3D Modeling, and action-extended generation (Action). Autore-
gressive Diffusion approaches are further classified based on the alignment of training and inference distributions into Train/Inference
Discrepancy and Train/Inference Alignment paradigms.

3.2.2 Autoregressive Diffusion
Autoregressive diffusion combines sequential generation (Sec-
tion 3.1) with latent diffusion (Section 3.2.1). While latent dif-
fusion jointly denoises a fixed temporal window in a single
process, autoregressive diffusion propagates generation beyond
that window by conditioning each denoising step on previously
generated outputs. This design produces future states sequentially,
enabling extended rollouts while retaining diffusion-based visual
refinement. The blue part of Fig. 4 summarizes representative
works under this design.

However, introducing sequential dependency into diffusion
creates a training–inference mismatch. During training, denoising
is conditioned on ground-truth history, whereas during inference it
relies on previously generated states that may deviate from the true
distribution. Such deviations can accumulate over time and lead to
drift in long rollouts. To address this mismatch, recent methods
such as PlayGen [23], GameFactory [229], WORLDMEM [231],
and Geometry Forcing [88] introduce noise augmentation, autore-
gressive rollout simulation, or memory mechanisms during train-
ing. These strategies encourage the model to handle self-generated
historical inputs more robustly and reduce error accumulation in
long sequences.
• Continuous and Discrete Latents. Autoregressive diffusion
inherits representation choices from both autoregressive token
models and latent diffusion. Some designs [106, 109, 212, 216,
223, 226] adopt continuous VAE latents to preserve fine visual
detail. Others [22, 211, 229, 231] employ discrete token sequences
to leverage transformer-based scalability. The choice reflects a
trade-off between visual precision and architectural efficiency.
• Sequentially Conditioned Denoising. Methods in this design
learn world knowledge through sequentially conditioned denois-
ing, where the denoising process at each step is conditioned on
previously generated history to predict future states sequentially
rather than jointly within a fixed window. This step-by-step condi-
tioning makes it possible to extend generation over long horizons,
but it also means that small deviations in earlier predictions can
propagate and accumulate, leading to long-horizon inconsistency.

To improve robustness over long-horizon rollouts, many works
introduce auxiliary mechanisms that strengthen the use of histori-
cal context or impose stronger geometric guidance. For example,
memory modules in WORLDMEM [231] and VMem [84] retain
additional past information beyond the immediate context win-
dow, helping the model recover relevant scene state and reduce
long-horizon inconsistency. Other approaches such as Geometry
Forcing [88] incorporate geometry-based guidance to encourage
spatially consistent generation, for instance maintaining coherent
3D layout and reducing physically implausible interpenetration or
geometry collapse.
• Sequential Denoised Rollouts. Simulation proceeds as a se-
quential rollout of denoised latent states. At each step, new future
states are generated conditioned on prior outputs and control
inputs. This design supports diverse interaction modalities, in-
cluding high-level language goals [210] and low-level control
signals such as keyboard/mouse inputs [25, 214]. Improvements
in inference efficiency have enabled near real-time interactive
generation. For example, GameNGen [213] and Yan [244] demon-
strate playable neural environments operating at interactive frame
rates (20+ FPS).
• Strengths and Limitations. Autoregressive diffusion combines
high visual fidelity with the ability to generate extended future
sequences. By applying denoising at each step while conditioning
on previously generated states, it can produce visually consistent
futures beyond a fixed temporal window. Nevertheless, this hy-
brid design inherits challenges from both components. Sequential
conditioning increases sensitivity to error accumulation over long
horizons, and diffusion sampling remains computationally inten-
sive. While memory mechanisms and geometry-based condition-
ing mitigate these issues, achieving reliable long-horizon consis-
tency and stable physical behavior remains an open problem.

3.3 Embedding Prediction

Embedding prediction methods depart from pixel-level generation
and instead model world change directly in representation space.
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TABLE 3: Summary of embedding prediction-based VWMs.

Paper Visual Encoder World Knowledge Interaction Input

IWM [236] ViT Photometric transformations Transformation parameters
V-JEPA [29] ViT Spatio-temporal coherence, motion understanding Video mask

LAW [32] Swin, ResNet Scene persistence, ego dynamics Action, trajectory
DINO-WM [237] DINOv2 Spatio-temporal dynamics, object interactions Action

DINO-Foresight [238] DINOv2 Scene dynamics, geometry Latent action
AD-L-JEPA [239] 3D CNN Spatial geometry in BEV, scene persistence Spatial mask
EchoWorld [240] ViT Heart anatomy, motion dynamics Ultrasound probe movement and pose
OSVI-WM [241] ResNet Environment dynamics, imitation dynamics Waypoint

FLARE [30] SigLIP-2 Policies alignment, long-term consequences Robot state, text
seq-JEPA [242] ResNet Invariant-equivariant representations Action (rotation, position)
V-JEPA 2 [28] ViT Motion, action anticipation, causal physics Robot action, pose
SIVWM [243] DINO Spatio-temporal coherence, efficient planning Action

DINO-world [31] DINOv2 Temporal dynamics, intuitive physics Action, trajectory

Rather than reconstructing images or videos, they predict future
embeddings that encode task-relevant spatio-temporal and seman-
tic information. This idea is exemplified by the Joint Embedding
Predictive Architecture (JEPA) series [28, 29, 245], where the
objective is to predict future feature representations instead of
full visual signals. Table 3 summarizes representative works in
this category.
• Contextual Embeddings. In this design, visual observations are
encoded into contextual embeddings produced by vision founda-
tion models such as DINOv2, CLIP, or SigLIP [77, 246, 247]. The
term contextual refers to embeddings computed from the observed
past or current frames, which serve as the conditioning context for
predicting future representations. This distinguishes them from the
predicted target embeddings, which represent future states.

A common strategy is to freeze the visual encoder and train
only the predictive module. For example, DINO-WM [237] and
DINO-World [31] reuse pretrained encoders to obtain semanti-
cally rich features, reducing the burden of learning visual rep-
resentations from scratch. This separation simplifies training and
allows the predictive module to focus on modeling how world
state changes over time and how control inputs influence future
representations. Moreover, the same embedding-based framework
can be applied to different input modalities beyond RGB images,
as long as they can be mapped into a shared embedding space.
AD-L-JEPA [239] applies the approach to LiDAR point clouds,
while EchoWorld [240] adapts it to ultrasound data, showing that
contextual embeddings can serve as a common representation
across different sensory modalities.
• Latent Prediction in Representation Space. Instead of recon-
structing pixels, these methods train a predictor to approximate
future embeddings given the current context. Training typically
follows a mask-and-predict strategy, where parts of the input are
masked and the model predicts their embeddings from visible
context [28, 29]. This encourages the model to maintain spatio-
temporal coherence in representation space, such as preserving
object identity and motion continuity when parts of the input
are occluded.

Beyond coherence, action-conditioned variants such as DINO-
WM [237] and FLARE [30] extend embedding prediction to
model causal relations. By incorporating control inputs into the
prediction process, they capture how different actions lead to
different future embeddings. The same framework can also be ap-
plied to domain-specific settings. For example, LAW [32] models
driving behaviors and traffic conventions directly in representation
space, while OSVI-WM [241] learns task-relevant state transitions

from limited demonstrations.
• Embedding-Space Rollouts. Simulation in this design takes the
form of predicted target embeddings rather than rendered images.
Future world states are represented as sequences of feature vectors,
which can be used directly for planning or policy evaluation.

Because visual decoding is not required, planning and action
evaluation can be performed entirely in representation space. For
example, DINO-WM [237] evaluates multiple candidate action
sequences within embedding space to select promising behaviors.
SIVWM [243] further improves efficiency by selectively updating
only spatial regions relevant to the task. In addition, embedding
representations are compact and modality-agnostic, allowing inte-
gration of heterogeneous inputs such as robot proprioception and
language instructions [30, 239].
• Strengths and Limitations. A primary advantage of embed-
ding prediction is computational efficiency, as rollouts involve
lightweight operations in feature space rather than expensive video
synthesis. This makes the approach particularly suitable for long-
horizon planning.

However, the absence of explicit visual decoding reduces in-
terpretability, since predicted futures cannot be directly inspected
as images. Furthermore, reliance on frozen foundation models can
constrain representational capacity, as the predictive module is
bounded by the capability of the pretrained encoder.

3.4 State Transition
Unlike generation-focused designs that simulate futures as pixels
or token sequences (Sections 3.1 and 3.2), and unlike embedding
prediction that forecasts future embeddings without an explicit
state update (Section 3.3), state-transition approaches represent
the world as a compact latent state and model how this state
evolves over time. The core idea is to maintain an evolving internal
state that summarizes relevant history and supports long-horizon
prediction under interaction.

We categorize these designs by how the latent state is struc-
tured: State Space Modeling (Section 3.4.1) maintains a single
global recurrent state, whereas Object-Centric Modeling (Sec-
tion 3.4.2) factorizes the state into a set of entity slots to model
interactions among individual objects.

3.4.1 State Space Modeling
State space modeling is a classical design in world modeling,
exemplified by the Dreamer line of work [10, 11, 112]. The core
idea is to encode visual observations into a recurrent latent state
and update this state over time, so that future prediction can be
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TABLE 4: Summary of VWMs based on state space modeling.
“.V” denotes the visual part.

Methods Visual Encoder Transition Model

PlaNet [76] CNN RSSM
DreamerV1 [10] CNN RSSM

DreamerV2 [112] CNN RSSM
CADDY [56] CNN ConvLSTM

DayDreamer [248] CNN RSSM
MWM [249] CNN, ViT RSSM

IRIS [250] CNN Transformer
DreamerV3 [11] CNN RSSM
MV-MWM [70] MAE RSSM

TWM [251] CNN Transformer
CoWorld [252] CNN RSSM

SafeDreamer [253] CNN RSSM
SWIM [254] NVAE RSSM

MoDem-V2 [255] CNN, MLP MLP
TD-MPC2 [111] CNN, MLP MLP

HarmonyDream [98] CNN RSSM
STORM [256] VAE Transformer

MUVO [257] CNN GRU
Think2drive [258] CNN RSSM

REM [259] VQ-VAE RetNet
R2I [260] CNN S3M (SSM variant)

Puppeteer [81] CNN+MLP MLP
DynaLang [115] CNN RSSM

DriveWorld [133] CNN Memory SSM
GenRL [261] InternVideo2.V GRU

LS-Imagine [97] CNN Dual-branch RSSM
RoboHorizon [71] MAE RSSM

AdaWM [262] CNN RSSM
S5WM [263] CNN S5 (SSM variant)

DMWM [264] CNN RSSM + LINN
Simulus [265] VQ-VAE RetNet

Dywa [120] PointNet++ MLP
WoTE [266] ResNet Transformer

ReDRAW [267] CNN MLP
FOUNDER [34] InternVideo2.V RSSM

SSVWM [33] 3D VAE Mamba SSM
Raw2Drive [268] BEVFormer RSSM
NavMorph [269] CLIP RSSM
EMERALD [35] VAE Transformer SSM

LPS [63] CNN RSSM
GASv2 [270] VAE RSSM

performed efficiently in latent space. Table 4 summarizes repre-
sentative systems, including their encoders and transition models.
• Compact Recurrent State. These methods compress visual
observations (e.g., images or videos) into a compact recurrent
state that retains information most relevant for prediction and
decision-making. Early designs typically rely on CNN/ResNet
encoders [271] for feature extraction [10, 56, 76, 112]. More
recent work replaces early CNN encoders with stronger backbone
models, often based on different variants of Vision Transformers
(ViTs), to better capture global context and spatial relationships.
For example, MWM [249] first trains a ViT-based autoencoder as
a visual encoder before learning the recurrent transition model. In
self-driving settings, methods such as Think2Drive, WoTE, and
DriveWorld [133, 258, 266] aggregate multi-camera inputs into
a unified BEV representation. Domain-specific pipelines, such as
GASv2 [270], further adapt the encoder to process stereoscopic
surgical images for precise manipulation.
• Recurrent State Transition. Knowledge learning is realized
through the state transition model P (st+1|st, at), which updates
the latent state st conditioned on action at. A key capability of
this design is long-horizon modeling: by repeatedly applying the
transition update, the model can propagate predictive information

TABLE 5: Summary of VWMs based on object-centric modeling.

Methods Visual Encoder Object Decomposition

G-SWM [272] CNN, ViT Background, foreground objects
HOWM [273] Slot Attention background, foreground slots

SlotFormer [274] SAVi Different slots
FOCUS [275] SAM, CNN Individual scene objects

COSMOS [276] SAM, ResNet, CLIP Neuro-symbolic pairs
SSWM [104] Slot Attention Object-centric slots

RoboDreamer [277] VQ-VAE Semantic components
slotSSM [278] Slot Attention Object-centric slots

MEAD [279] CNN Item identity, attribute
Dreamweaver [280] CNN Static and dynamic factors
OC-STORM [281] Cutie+VAE Object feature, background

DisWM [282] β-VAE Disentangled factors
LSlotFormer [283] SAVi Objects, background

SlotPi [284] SAVi Physical properties
Dyn-o [36] Cosmos Static and dynamic propertiess

over many steps. As the sequence grows, the transition model
is required to effectively retain and utilize historical informa-
tion, which motivates architectures that improve long-range state
propagation. For example, R2I [260] replaces GRU-style updates
with a structured state-space mechanism for learning long-range
dependencies, and SSVWM [33] uses mamba-style transitions to
maintain coherence over long sequences even under occlusion.
Hierarchical transitions in LS-Imagine [97] further support longer-
range rollouts by operating at multiple temporal scales.
• Latent State Rollouts. Simulation is performed as rollouts in the
latent state space. This is conceptually close to embedding predic-
tion methods in that futures are generated in a compact representa-
tion space rather than pixel space; however, state-transition models
explicitly maintain a recurrent state and update it step by step.
This enables fast long-horizon rollouts for evaluating candidate
action sequences, as demonstrated in the Dreamer family [10, 11].
Interaction can range from low-level motor commands [248] to
higher-level action abstractions [56]. Hierarchical control is often
supported by stacking controllers at different abstraction levels;
for example, Puppeteer [81] uses a high-level world model to
guide lower-level skills, while systems such as FOUNDER [34]
and RoboHorizon [71] incorporate language models to break down
instructions into sub-goals.
• Strengths and Limitations. A core strength of state space
modeling is efficient long-horizon rollout in latent space, making
it suitable for settings where many candidate futures must be
evaluated under tight compute budgets. The ability to propagate
the latent state over many steps also allows the model to retain
information about past observations and actions across extended
horizons. Limitations include reduced human interpretability,
since predicted futures are represented as latent states rather
than directly visualized as images. In addition, compact state
representations may struggle to preserve fine-grained spatial or
geometric detail compared to models that operate on richer visual
or 3D-aware representations.

3.4.2 Object-Centric Modeling

Object-centric designs represent the world as a set of entity slots,
providing a factored latent state for modeling world change. By
updating object-level states rather than modeling the entire scene
as a single monolithic vector, these methods aim to improve
interpretability and compositional generalization. Table 5 sum-
marizes representative systems, including their encoders and slot
construction mechanisms.
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Fig. 5: Overview of the evaluation system of VWMs.

• Object Slots. The basic unit is an object slot, a vector
representation intended to capture the state of a single entity
(e.g., identity/attributes and spatial extent). Slots are typically
obtained via unsupervised binding mechanisms such as Slot
Attention [285] or SAVi [286], which group pixels into entity-
centric components. Recent works incorporate stronger backbones
before binding, for example tokenizing patches with ViTs (Slot-
Former [274], SlotSSMs [278]) or separating foreground from
background (G-SWM [272]). To incorporate semantic informa-
tion, COSMOS [276] augments continuous slot vectors with
symbolic attributes (e.g., shape or color) and aligns them with
representations from CLIP [246]. This alignment enables slot
representations to correspond to interpretable concepts.
• Slot Interaction. Knowledge learning is realized by model-
ing interactions among slots over time, capturing how entities
influence one another. Instead of a single global state update,
these models learn interaction modules that propagate informa-
tion between slots (e.g., attention or graph-based interactions).
SlotFormer [274] and LSlotFormer [283] use attention-based
slot dynamics to predict long-horizon trajectories. Physical con-
straints can be incorporated to encourage more realistic interac-
tions; for example, SlotPi [284] introduces Hamiltonian struc-
ture to regularize energy exchange, and G-SWM [272] models
occlusion/collision-related interactions via structured networks.
These interaction-centric updates also support compositional gen-
eralization, enabling learned interaction patterns to transfer across
novel combinations of objects [273, 276].
• Slot-State Rollouts. Simulation produces rollouts in slot space,
updating entity states over time according to learned interactions.
This disentangled form of rollout supports controllable manip-
ulation of entity attributes. Dreamweaver [280] demonstrates
object-level editing by swapping or altering properties, and Dyn-
O [36] leverages both static and dynamic disentanglement to
maintain identity while simulating complex motions. Interaction
can be multimodal; for example, LSlotFormer [283] fuses slots
with T5 embeddings [287] for text-conditioned manipulation, and
MEAD [279] evaluates outcomes of targeted object perturbations.
• Strengths and Limitations. A key strength is compositional
generalization: object-centric factorization can handle scenes with
new combinations of known entities more robustly than holistic
latent states. The explicit slot structure also improves interpretabil-

ity, as predictions can be traced to specific entities. A major
limitation is the binding problem in complex real-world videos:
slot assignment can be ambiguous under clutter, heavy occlusion,
or fine-grained texture, and many methods rely on a fixed number
of slots. Therefore, scaling robust slot discovery and interaction
modeling to unconstrained natural videos remains challenging.

3.5 Other Emerging Directions

Beyond the major architectural families discussed above, sev-
eral alternative modeling directions have been explored. Some
works adopt lightweight architectures (e.g., CNN-based or feed-
forward designs) for specific application settings. Others experi-
ment with alternative transition mechanisms, including attention-
based updates, graph neural networks for explicit entity inter-
action modeling, and flow-matching formulations as generative
alternatives [288, 289, 290, 291, 292]. These approaches remain
relatively specialized and have not yet formed large, unified
research branches. Nevertheless, they reflect ongoing exploration
of architectural choices for modeling world knowledge.

4 EVALUATION

Building upon the unified framework in Section 2 and the archi-
tectural designs in Section 3, this section reviews how VWMs
are evaluated in practice. As illustrated in Fig. 5, we organize the
discussion into two parts: Evaluation Metrics (Section 4.1), which
define what aspects of world modeling are measured, and Datasets
and Benchmarks (Section 4.2), which introduce the data resources
and standard test suites used in these evaluations.

4.1 Evaluation Metrics

We organize evaluation metrics into three groups: Visual Quality,
which measures the visual fidelity of generated images or videos;
Physical Plausibility, which evaluates adherence to physical dy-
namics, geometric structure, and long-horizon spatio-temporal
consistency; and Task Performance, which assesses whether the
model enables reliable task completion and reflects the causal
dependencies required to achieve those tasks. Table 6 summarizes
representative metrics under each category.
• Visual Quality.
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TABLE 6: Summary of representative metrics for VWM, catego-
rized by core dimensions and their corresponding sub-dimensions.

Sub-dimension Metric

Visual Quality

Objective Fidelity PSNR [293], SSIM [294], FVD [295], FID [296]

Perceptual
Alignment LPIPS [297], DOVER Score [298], DreamSim [299]

Physical Plausibility

Kinematic
Accuracy

ADE [204], FDE [204], RPE [300], MPJPE [301],
MPJVE [301], PA-MPJPE [301], Camera Pose
Loss [229], Flow Error [229]

Geometric
Validity

2D Reprojection Error [302], Chamfer
Distance [237], AbsRel [139]

Spatio-temporal
Consistency Revisit Error [303], Scene Revisit Consistency [304]

Task Performance

Process-level
Evaluation

Raw Return [10], Driving Score [305], Human
Normalized Score [112], PDMS Score [306]

Goal Completion
Success Rate [307], Contact Rate [275],
MTLC Success Rate [308], Grasping Score [270],
Collision Rate [309]

Perception/Control
Accuracy

Top-K Accuracy [28], Recall [34], Precision [34],
F1-Score [137], Translation Error [248], Rotation
Error [240]

Visual quality measures the visual fidelity of generated out-
puts. For models that synthesize images or videos [11, 113],
this provides a direct assessment of image sharpness, temporal
smoothness, and overall visual realism. We group these metrics
into objective fidelity and perceptual alignment.

Objective fidelity metrics quantify similarity between gener-
ated and reference data. Low-level measures such as PSNR [293]
and SSIM [294] evaluate pixel-wise differences and local struc-
tural similarity. Distributional metrics like FID [296] (for images)
and FVD [295] (for videos) compare feature distributions of real
and generated samples to measure global appearance similarity.

Because pixel-level similarity does not always reflect human
judgment, perceptual alignment metrics such as LPIPS [297] and
DreamSim [299] compute distances in pretrained feature spaces to
better align with human preference. No-reference metrics such as
DOVER Score [298] further evaluate visual realism by estimating
artifact level, naturalness, and perceptual quality without ground-
truth comparison.
• Physical Plausibility.

Physical plausibility evaluates whether predicted motion and
spatial structure remain consistent with fundamental physical
constraints across space and time. We group these metrics into
three aspects: kinematic accuracy, geometric validity, and spatio-
temporal consistency. Kinematic accuracy measures the correct-
ness of predicted motion states such as trajectories, poses, and
velocities. Metrics including ADE and FDE [204] evaluate tra-
jectory deviation; RPE [300] and Camera Pose Loss [229] assess
ego-motion estimation; MPJPE, PA-MPJPE, and MPJVE [301]
quantify articulated pose accuracy; and Optical Flow Error [193]
measures short-term motion precision.

Geometric validity assesses whether the predicted 3D structure
remains physically feasible. Chamfer Distance [310] measures
structural similarity in point clouds; AbsRel [139] evaluates depth
prediction accuracy; and 2D Reprojection Error [302] tests multi-
view geometric alignment.

Spatio-temporal consistency evaluates whether scene structure
remains stable over extended rollouts. Scene Revisit Consistency
(SRC) [304] and Revisit Error (RVE) [303] measure whether re-
turning to the same spatial location yields a structurally consistent
scene. Together, these metrics assess whether a model maintains
physically plausible motion and stable structure over time.
• Task Performance.

Task performance measures whether a world model supports
successful downstream task completion. When the model captures
the task-critical physical constraints and causal dependencies,
agents using its rollouts should achieve higher success rates and
more reliable behavior.

We group task metrics into process-level evaluation, goal
completion, and perception/control accuracy. Process-level met-
rics, as commonly employed in reinforcement learning, evaluate
cumulative reward or driving score, such as Raw Return [10],
Human Normalized Score [112], Driving Score [305], and PDMS
Score [306]. Goal completion metrics directly assess whether
predefined objectives are achieved. Success Rate [307], MTLC
Success Rate [308], Contact Rate [275], Grasping Score [270],
and Collision Rate [309] quantify task reliability and safety.

Perception and control accuracy further measure downstream
prediction and control precision, including Precision, Recall, F1-
Score [34, 137], Top-K Accuracy [28], Translation Error [248],
and Rotation Error [240]. Collectively, these metrics evaluate
whether the learned world model supports accurate, reliable, and
causally grounded task execution.

4.2 Datasets and Benchmarks
This section reviews datasets and benchmarks used to evaluate
world modeling capability. For clarity, when applicable, we first
describe datasets mainly used for training, followed by bench-
marks designed for evaluation, and finally resources that serve
both purposes.

We organize the discussion into two groups. Foundational
World Modeling (Section 4.2.1) summarizes datasets and bench-
marks targeting general world modeling ability, while Domain-
specific World Modeling (Section 4.2.2) focuses on evaluation
settings tailored to specific application domains. Tables 7 and 8
summarize representative datasets and benchmarks in these two
groups. For each benchmark, we list its original metrics and add
tags mapping them to the three metric categories in Section 4.1
(Visual Quality / Physical Plausibility / Task Performance) to
provide a unified view across heterogeneous evaluation protocols.

4.2.1 Foundational World Modeling
Table 7 summarizes representative datasets and benchmarks for
foundational evaluation. We group them into two categories: Gen-
eral World Prediction and Simulation, which emphasizes long-
horizon forecasting and controllability, and Physics and Causality
Benchmarks, which assess whether models adhere to physical
constraints and produce predictions that follow plausible causal
relationships.
• General World Prediction and Simulation.

Large-scale video datasets such as Something-Something V2
(SSV2) [311] and Ego4D [75] are widely used to pretrain
visual encoders and temporal representations, providing broad
supervision for learning structured world behavior from video.
Several benchmarks evaluate general world modeling capability
under long-horizon prediction and controllability. WorldMod-
elBench [312] reports Instruction, Physics, and Commonsense
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TABLE 7: Foundational world modeling datasets and benchmarks. Each entry is annotated by its primary role: indicates datasets
mainly used for training, and indicates benchmarks primarily designed for evaluation. When applicable, benchmark metrics are
tagged according to the three evaluation categories defined in Section 4.1: (V) Visual Quality, (P) Physical Plausibility, and (T) Task
Performance. Representative downstream works are listed for reference.

Name Year Role Metric Downstream Work

General World Prediction and Simulation

SSV2 [311] 2017 - [31, 114, 155]
Ego4D [75] 2021 - [151, 155, 215]

WorldModelBench [312] 2025 Instruction Score (T), Physics Score (P), Commonsense Score (V, P) [228, 313]
WorldScore [302] 2025 Controllability Score (T), Quality Score (V), Dynamics Score (P) [59, 314]

WorldPrediction [315] 2025 World Modeling Score (P), Procedural Planning Score (T) [107, 316]
Sekai [317] 2025 & VBench’s metrics (V, P), TransErr (T), RotErr (T) [100, 318, 319]

OmniWorld [320] 2025 & Camera Parameter Metrics (P, T), FVD (V) [321]

Others: UCF101 [322], YouTube-8M [323], Kinetics [324], COIN [325], HowTo100M [326], WebVid-2M [327], InternVid [17], Ego-Exo4D [328],
EgoVid-5M [329], OpenHumanVid [330], MM-OR [331]

Physics and Causality Benchmark

CoPhy [332] 2019 MSE (P) [333]
Physion++ [334] 2023 Object Contact Prediction Accuracy (P) [274, 284]
Physics-IQ [335] 2025 Spatial IoU/Spatio-temporal IoU (P), MSE (P) [21, 336]
Vbench-2.0 [337] 2025 VQA-based Physics and Commonsense Score (V, P) [108, 150, 226]
VideoPhy-2 [92] 2025 Semantic Adherence (V), Physical Commonsense (P), Physical Rule Violation (P) [338, 339]

IntPhys 2 [9] 2025 Surprise Score (P) [31]
PAI-Bench [340] 2025 Quality Score (V, P), Domain Score (P), Control Fidelity (T) [183, 313]

Others: VoE Dataset [341], InfLevel [342], VIDEOPHY [343], Phybench [344], PhyGenBench [345], PBench [346], PhyCoBench [347], PisaBench [348],
WISA-32K [349], T2VPhysBench [350], PhysVidBench [351], VideoVerse [339]

Scores to assess world understanding under prompts; World-
Score [302] evaluates controllability and generation quality via
Controllability, Quality, and Dynamics scores; and WorldPredic-
tion [315] measures usefulness for downstream decision-making
with a World Modeling Score and a Procedural Planning Score.
Recent works provide both large-scale datasets and standard evalu-
ation protocols to test structural consistency. Sekai [317] evaluates
4D spatio-temporal consistency using VBench [352], and Omni-
World [320] further incorporates camera-parameter-based metrics
to test viewpoint-consistent generation.

• Physics and Causality Benchmarks.

Works in this category are primarily evaluation benchmarks,
assessing whether models adhere to physical constraints and fol-
low causal relationships. Early benchmarks emphasize controlled
prediction and counterfactual evaluation. CoPhy [332] introduces
paired factual and counterfactual scenes, and Physion++ [334]
requires inferring latent physical properties (e.g., mass, friction)
before forecasting outcomes, evaluated via metrics such as Object
Contact Prediction Accuracy. IntPhys 2 [9] adopts a violation-of-
expectation protocol and uses a Surprise Score to measure whether
models distinguish plausible from physically impossible events.

The emergence of large-scale video generation models has
prompted a shift in benchmarking, from static predictive evalu-
ation toward automated testing of physical consistency in syn-
thesized rollouts. Physics-IQ [335] quantifies spatio-temporal
alignment using IoU-based measures. VideoPhy-2 [92] evaluates
compliance with physical rules and commonsense constraints
in generated videos. VBench-2.0 [337] and PAI-Bench [340]
further employ VLM-based judges to scale evaluation of physi-
cal plausibility, commonsense consistency, and controllability in
generated worlds.

4.2.2 Domain-specific World Modeling
Table 8 summarizes representative datasets and benchmarks in
three major domains: Embodied AI and Robotics, Autonomous
Driving, and Interactive Environments and Gaming.
• Embodied AI and Robotics.

Large-scale robotics datasets such as DROID [356] provide
diverse real-world interaction trajectories for training policies and
world models. Simulation platforms such as RLBench [353] and
Meta-World+ [359] offer controlled manipulation environments,
where task success rate serves as a primary metric across pre-
defined task suites. CALVIN [308] and LIBERO [355] further
extend evaluation to longer-horizon and multi-step tasks, assessing
skill composition and transfer through metrics including MTLC
success, Forward Transfer (FWT), and Area Under the Curve
(AUC). More recent platforms combine large-scale real-world data
with closed-loop evaluation tailored to world modeling. AgiBot
World [357] reports real-world task completion under closed-
loop control, while WoWBench [228] evaluates planning ability,
physical constraint adherence, and instruction following in real
manipulation scenarios.
• Autonomous Driving.

Driving datasets such as KITTI [370] and Waymo [372]
provide large-scale real-world videos for perception and trajectory
prediction. nuScenes [371] introduces richer 3D annotations and
supports evaluation with metrics including L2 error and collision-
related measures. Video datasets such as OpenDV-2K [373] further
expand coverage of complex traffic scenes for training generative
world models. Recent benchmarks emphasize closed-loop and
action-conditioned evaluation. NAVSIM [306] evaluates planning
quality using PDMS. Act-bench [377] assesses action-conditioned
future prediction, combining Instruction–Execution Consistency
with trajectory metrics such as ADE and FDE to measure long-
term consequence prediction. DrivingDojo [375] serves as both
a dataset and a benchmark for action-conditioned generation,
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TABLE 8: Domain-specific world modeling datasets and benchmarks. Each entry is annotated by its primary role: indicates datasets
mainly used for training, and indicates benchmarks primarily designed for evaluation. When applicable, benchmark metrics are
tagged according to the three evaluation categories defined in Section 4.1: (V) Visual Quality, (P) Physical Plausibility, and (T) Task
Performance. Representative downstream works are listed for reference.

Name Year Role Metric Downstream Work

Embodied AI and Robotics

RLBench [353] 2019 & Success Rate (T) [71, 277, 354]
CALVIN [308] 2021 & Success Rate, MTLC Success Rate (T) [26, 145, 208]
LIBERO [355] 2023 & FWT (T), AUC (T), Success Rate (T) [108, 118, 121]

DROID [356] 2024 - [20, 357, 358]
AgiBot World [357] 2025 & Task Completion Score (T) [20, 114, 118]
Meta-World+ [359] 2025 Success Rate (T) [102]

WoWBench [228] 2025 Video Quality, Planning Reasoning, Physical Law, and Instruction Understanding Score (V, P, T) [358]

Others: RoboNet [360], Isaac Gym [361], BC-Z [362], RT-1 Dataset [363], VP2 [364], RH20T [365], BridgeData V2 [366], OXE [18], MimicGen [367], BEHAVIOR-
1K [368], RoboCasa [369]

Autonomous Driving

KITTI [370] 2012 - [31, 204, 211]
nuScenes [371] 2019 & nuScenes Detection Score (P, T), L2 Error (P), Collision Rate (T) [32, 146, 203]

Waymo [372] 2019 - [87, 204, 212]
OpenDV-2K [373] 2024 - [184, 212, 224]

NAVSIM [306] 2024 Predictive Driving Model Score (T) [32, 106, 374]
DrivingDojo [375] 2024 & Action Instruction Following Errors (T), FID/FVD (V) [224, 376]

Act-bench [377] 2024 Instruction-Execution Consistency (T), ADE (P), FDE (P) [378]

Others: CARLA [305], ApolloScape [379], BDD100K [380], SemanticKITTI [381], INTERACTION [382], Argoverse [383], A2D2 [384], Lyft Level 5 [385],
WOMD [386], ONCE [387], KITTI-360 [388], Argoverse 2 [389], OpenOccupancy [390], Occ3D [391], ZOD [392], Cardreamer [393], DriveArena [394]

Interactive Environments and Gaming

ALE [395] 2013 Game Score (T) [11, 112, 250]
DMC [396] 2018 Raw Return (T) [11, 111]

Crafter [397] 2021 Raw Return (T), Score of Achievement (T), Success Rate (T) [11, 250]
Source [216] 2024 - [59, 114, 231]

LOOPNAV [398] 2025 & FVD, LPIPS, SSIM (V) [215, 227]
Matrix-Game-MC [220] 2025 & GameWorld Score (V, P, T) [100, 318]

Others: Procgen [399], NLE [400], MineRL [401], Counter-Strike Deathmatch [402], Mars [403], OGameData [214], GF-Minecraft [229], JARVIS-VLA [404]

reporting FID/FVD and instruction-following errors to evaluate
visual quality and controllability.
• Interactive Environments and Gaming.

Early platforms such as ALE [395] and the DMC Suite [396]
provide closed-loop environments for evaluating control and pre-
diction using gameplay scores (e.g., raw return). Crafter [397]
introduces procedural generation and evaluates systematic gener-
alization through raw return, achievement score, and success rate.
Large-scale game-derived datasets such as Source [216] provide
high-fidelity visual data for training generative world models.
More recent benchmarks evaluate long-horizon consistency and
interactive controllability. LOOPNAV [398] tests spatial memory
and revisit consistency using metrics such as FVD, LPIPS, and
SSIM. Matrix-Game-MC [220] integrates visual quality, physical
plausibility, and controllability into a composite GameWorld Score
for interactive world modeling.

5 FUTURE DIRECTIONS

In this section, we discuss key directions for advancing VWMs
beyond current paradigms. Our discussion is organized around
three complementary themes (Fig. 6): Re-grounding the learned
knowledge in stronger physical and causal foundations, Re-
evaluating progress with protocols that reflect versatile world
modeling capability across diverse tasks and settings, and Re-
scaling training and inference to unlock broader generalization
and stronger reasoning under interaction.

5.1 Re-grounding: Strengthening the Knowledge Foun-
dation
While current VWMs can generate visually plausible futures, their
outputs can become unreliable when interactions are complex, rare
events occur, or intervention effects vary across environments. A
key next step is therefore Re-grounding: strengthening the world
knowledge learned by VWMs (Section 2.3) so that models more
faithfully capture how states change under physical constraints and
interventions.

Two complementary directions are highlighted. First, broad-
ening the scope of world knowledge (Section 5.1.1), moving
beyond simplified physical settings toward richer natural and
human environments. Second, enhancing architectural support for
grounding (Section 5.1.2), so that model designs better preserve
geometric structure and incorporate physical and causal priors.

5.1.1 Broadening the Scope of World Knowledge
Current VWM research has mainly emphasized a subset of phys-
ical settings and interaction patterns. To operate robustly in open-
world environments, the knowledge scope should expand along
two directions: richer physical interactions in the natural world,
and human-centered rules that mediate action–effect relations in
social scenarios.
• Richer Physical Interactions in the Natural World.

Current benchmarks and datasets emphasize relatively clean
dynamics, such as rigid objects and simple motion, and under-
represent regimes where physical behavior depends on subtle
interaction effects. In realistic settings, contact-rich manipulation,
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Fig. 6: A structured view of open challenges and future directions for Vision World Models (VWMs).

deformable materials, and surface-dependent motion often deter-
mine outcomes. For instance, success in robotic manipulation may
hinge on precise contact and friction, while navigation reliability
can vary with surface conditions. Improving coverage of such
regimes requires models to capture these fundamental constraints
in the real world, moving beyond simplified benchmark settings
toward more realistic and reliable world modeling.
• Human-Centered Rules and Conventions.

Beyond physical dynamics, behavior in human environments
is shaped by social norms, conventions, and shared intentions
formed by cultural and institutional practices. Current models
often struggle to capture the principles that govern how social
context modifies the effects of actions (e.g., exceptions or priority
rules). For instance, a model may learn the correlation “red light
→ stop” from training data, yet fail in scenarios where human
factors alter this rule, such as temporary traffic control or human-
directed overrides. For future VWMs, modeling such human-
centered social norms and contextual rules is essential to support
reliable and safe interaction with people.

5.1.2 Architectures for Stronger Grounding
Expanding the scope of world knowledge also requires corre-
sponding advances in model design. We advocate two com-
plementary directions: (i) preserving geometric or 3D structure
to strengthen spatio-temporal coherence; and (ii) incorporating
physical and causal constraints to improve modeling of complex
dynamics and causal relations.
• Geometry-aware Modeling.

A common limitation of current VWMs is weak geometric
grounding: many models lack an explicit representation of 3D
structure and scene layout, which undermines their ability to
maintain stable object identity, occlusion relations, and spatial
consistency over time. Existing 3D-oriented approaches [405, 406,
407, 408, 409] are largely designed for static scenes and struggle in
highly dynamic, interaction-rich settings. Therefore, future VWMs
require stronger geometry/3D-aware modeling methods. We ad-
vocate two complementary directions: (i) explicitly modeling the
world as a time-varying 3D structure, where spatial layout evolves
directly over geometric primitives (e.g., 4D Gaussian represen-
tations [200, 406]); or (ii) injecting geometry-aware constraints
into existing architectures (e.g., multi-view consistency or camera-
aware conditioning) without full 3D reconstruction. While the
former models dynamic 3D structures more directly, the latter
integrates geometric inductive biases into existing models with
lower overhead.
• Neuro-symbolic Hybrid Modeling.

Purely neural architectures may generalize poorly under out-
of-distribution (OOD) conditions, such as shifts in physical pa-

rameters or unseen intervention patterns. In contrast, symbolic
systems (e.g., physics engines or rule-based planners) provide
precise rule-based reasoning but lack flexibility for complex visual
inputs. Neuro-symbolic hybrids combine these strengths: neural
components model perception and variability, while symbolic
modules introduce explicit physical or causal constraints. For
instance, a differentiable physical solver [90, 410] can model
underlying dynamics, while a neural generator captures visual de-
tail; similarly, a rule-based causal planner can guide action–effect
reasoning, helping distinguish genuine intervention effects from
spurious correlations.

This hybrid design offers several advantages. First, by in-
corporating structured physical or causal priors, it can improve
generalization under distribution shifts, especially when inter-
action patterns change. Second, it provides more interpretable
intermediate variables (e.g., forces, contacts, or causal factors)
rather than relying solely on opaque latent vectors. Finally, such
architectures may enable the extraction of explicit physical or
causal structure from visual data, offering a path toward more
structured and explainable world modeling.

5.2 Re-evaluation: Toward Versatile and Reliable Eval-
uation
Evaluation of VWMs remains a critical bottleneck: current proto-
cols mainly employ metrics from adjacent fields (e.g., video gen-
eration), often emphasizing appearance quality while overlooking
a VWM’s ability to capture fundamental physical and causal
principles. We discuss two complementary directions: improving
evaluation methodology and designing benchmarks that better
reflect core world modeling capability.
• Judge Models and Execution-based Evaluation.

A key limitation of current evaluation is the lack of holistic
mechanisms that directly assess world modeling capability. One
promising direction is to develop dedicated judge models for
VWMs. Such models can be trained to evaluate whether predicted
futures satisfy physical constraints and respond correctly to in-
teraction conditions. These judge models can be further refined
through preference learning or reinforcement-based alignment to
better align with task requirements.

Complementing model-based judgment, evaluation through
execution offers a more decisive signal of world modeling quality.
By placing the world model in the execution loop, agents can
plan and act using simulated rollouts, and the resulting task
performance becomes a direct indicator of whether the model cap-
tures sufficient world knowledge. When performance degrades or
planning breaks down, such failures provide concrete evidence of
where the model’s physical or causal understanding is incomplete,
offering a more diagnostic signal than static scoring alone.
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• Benchmarks for Complex Dynamics and Causal Interven-
tions.

Benchmark design should incorporate more realistic scenar-
ios, such as contact-rich manipulation, deformable materials and
friction-dependent motion. These settings better reflect real-world
complexity and test whether models remain reliable under intricate
physical constraints.

Beyond complex physical constraints, benchmarks should also
probe causal behavior under controlled interventions. Starting
from the same initial context, evaluations can vary an action or
environmental condition and examine whether predicted futures
change in the correct direction. Counterfactual settings are partic-
ularly useful in this regard. For example, given a planted seed,
the model should generate distinct growth patterns under drought
versus adequate watering. Such tests directly assess whether the
model captures stable causal relationships that govern how the
world evolves, rather than merely copying observed patterns.

5.3 Re-scaling: Scaling Laws for Generalization and
Reasoning
Scaling behavior will likely be the deciding factor in whether
VWMs evolve toward more general and reliable capabilities.
Empirical evidence suggests that increasing model size mainly
improves visual fidelity [113, 228], while improvements in phys-
ical and causal knowledge remain limited across diverse settings.
Re-scaling therefore concerns how scaling strategies can better
promote stronger world modeling capabilities rather than visual
quality alone. We discuss two complementary directions: pretrain-
ing scaling and inference-time scaling.
• Pretraining Scaling: Toward Generalist VWMs.

A promising direction is to scale VWMs under a unified mod-
eling interface, so that a single model can support diverse world
tasks and interaction settings, and potentially exhibit emergent
capabilities such as cross-domain generalization, longer-horizon
reasoning, and improved robustness under novel interactions.
Realizing this potential requires scaling not only model capacity,
but also the breadth and structure of training data and objec-
tives. Training corpora must cover diverse interaction patterns
and long-horizon processes, while objectives should encourage
the learning of fundamental physical and causal relations, rather
than overfitting to superficial correlations. Because visual data are
highly redundant across space and time, naive scaling can be
computationally inefficient. Therefore, designing more efficient
spatio-temporal tokenizers and scalable conditioning methods is
critical for improving the effectiveness of scaling.
• Inference-time Scaling: Reasoning Before Generation.

A second direction is to allocate additional test-time compute
for better planning and causal reasoning. Instead of generating fu-
tures in one shot, a model may perform intermediate deliberation,
such as proposing candidate outcomes, checking physical/causal
constraints, or iteratively refining a rollout under intervention.
This parallels recent trends in language models [411] where extra
inference compute can improve reliability. For VWMs, inference-
time scaling may be especially valuable for rare physical events,
complex contact dynamics, and counterfactual reasoning, where a
single forward pass is prone to instability.

6 CONCLUSIONS

In this survey, we provide a systematic analysis of Vision World
Models (VWMs), a paradigm aimed at enabling artificial systems

to understand, predict, and interact with the physical world by
learning from visual data. We establish a unified framework that
decomposes VWM into three core components: Vision Encod-
ing, Knowledge Learning, and Controllable Simulation. Through
this framework, we present a structured taxonomy and in-depth
analysis of four major architectural families: sequential genera-
tion, diffusion-based generation, embedding prediction, and state
transition models. We further review evaluation methodologies,
organizing metrics, datasets, and benchmarks that shape the devel-
opment of the field. Despite recent progress, substantial challenges
remain in strengthening physical and causal grounding, developing
more reliable and versatile evaluation protocols, and designing
effective scaling strategies for next-generation world models. Ad-
dressing these challenges is essential for moving VWMs beyond
specialized generative systems toward more general and reliable
components of embodied intelligence, ultimately enabling artifi-
cial agents to act robustly in complex real-world environments.
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