Large Language and Vision-Language Models as World Models: A Survey

Azmine Toushik Wasi!*/, Sadia Tasneem Meem'?,
Riashat Islam?, and Md Rizwan Parvez*
!Computational Intelligence and Operations Laboratory
2Shahjalal University of Science and Technology
3Microsoft Al Frontiers “Qatar Computing Research Institute
fCorrespondence: azmine32@student.sust.edu

Abstract

Recent advances have reframed Artificial In-
telligence (AI) around world models, internal
simulators that predict environmental dynamics
and support general intelligence. This review
surveys Large Language Models (LLMs) and
Vision—-Language Models (VLMs) not merely
as text or vision processors, but as predictive
systems capable of modeling state, causality,
and dynamics. We organize the literature with
a dual taxonomy: a theoretical taxonomy cov-
ering pixel-space generative simulators, latent-
space predictive architectures, neuro-symbolic
and code-coupled models, autoregressive foun-
dation models, and hybrid mixtures of world
models; and an application taxonomy cover-
ing autonomous driving, embodied robotics,
interactive simulation and gaming, and social
and agentic simulation. Synthesizing recent
works, we conclude that although autoregres-
sive transformers exhibit emergent topological
and causal reasoning, robust physical world
modeling requires moving beyond next-token
prediction toward hybrid architectures that in-
tegrate generative diffusion models with sym-
bolic grounding.

1 Introduction

The dominant deep learning paradigm has been
guided by the scaling hypothesis, which links in-
creased model size and data to improved perfor-
mance (Minaee et al., 2025; Nifiez-Molina et al.,
2025). However, as access to high-quality data sat-
urates, scaling alone appears insufficient for open-
ended, interactive settings that demand anticipation
of environment dynamics rather than pattern com-
pletion. This limitation has renewed interest in
world models (WMs), which learn internal predic-
tive representations to support simulation, planning,
and counterfactual reasoning (Zhang et al., 2025a).

Formally, a world model estimates environment
dynamics through transition distributions of the
form P(sy11 | s¢,a¢), enabling agents to evaluate

futures before acting (Richens et al., 2025). While
such models were historically confined to explicit
simulators or low-dimensional reinforcement learn-
ing settings, recent advances in Transformers and
diffusion models now allow these dynamics to be
learned directly from high-dimensional text, image,
and video streams (Feng et al., 2025¢). This shift
raises fundamental questions: Do LLMs and VLMs
merely encode surface correlations, or do they in-
duce structured internal representations of state,
causality, and dynamics? What architectural and
representational choices distinguish genuine world
modeling from reactive sequence prediction?

In this review, we address these questions
through a synthesis of recent work on LLM- and
VLM-based world models, grounded in the back-
ground of § 2 and § D and the unified framework
of § 3. We introduce a dual taxonomy: a theo-
retical taxonomy (§4) that categorizes models by
representation and learning paradigm, and an appli-
cation taxonomy (§5) that organizes deployments
across autonomous driving, robotics, gaming, and
social simulation. Throughout the survey, we treat
a system as an LLM/VLM-based world model only
when a language or vision-language foundation
model supplies or materially shapes the predictive
state and dynamics used for simulation, planning,
or counterfactual reasoning. Systems in which an
LLM/VLM serves only as a text interface or per-
ception module do not meet this definition; non-
LLM/VLM systems discussed below are identified
as architectural contrast cases. This separation of
representational foundations from deployment con-
texts enables systematic comparison across archi-
tectures while analyzing real-world instantiation
and evaluation. Our synthesis indicates that al-
though transformers exhibit emergent world mod-
eling abilities, robust physical reasoning requires
mechanisms beyond next-token prediction, high-
lighting challenges such as state persistence, physi-
cal consistency, and counterfactual reasoning.
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2 Background

Foundations. World models originate in control
theory and cognitive science, where intelligent be-
havior arises from internal simulation rather than
direct stimulus—response mappings (Zhang et al.,
2025a). In modern Al, this corresponds to learning
environment dynamics that support planning and
decision-making under uncertainty (Richens et al.,
2025; Nunez-Molina et al., 2025). Unlike stan-
dard LLM agents that map observations directly
to actions, world models introduce a latent simu-
lation space for evaluating alternative futures be-
fore execution (Richens et al., 2025). This separa-
tion between prediction and action motivates world
modeling as a foundation for general intelligence
(Thomas, 2025), reframing intelligence as infer-
ence over dynamics and counterfactual evaluation.
Emergence, Evidence, and the Shift Toward
Multimodal World Modeling. Debate persists
over whether large pretrained models learn gen-
uine internal representations. The stochastic parrot
hypothesis argued that LLMs primarily reproduce
surface statistics without grounded understanding
(Bender et al., 2021). However, theoretical results
show that neural networks can recover latent gener-
ative variables under suitable inductive biases and
multi-task training (Zhang et al., 2025b). Empiri-
cal studies similarly demonstrate that transformers
trained on structured tasks encode explicit envi-
ronment states, with causal interventions confirm-
ing their influence on predictions (Li et al., 2024b;
Yuan and Sggaard, 2025; Hazineh et al., 2023). Re-
lated analyses report unsupervised grounding and
alignment with environmental structure (Yuan and
S@gaard, 2025; Spies et al., 2025). Because text
alone incompletely captures physical processes, re-
cent work emphasizes multimodal systems, partic-
ularly Vision-Language Models, as stronger sub-
strates for physical world modeling (Feng et al.,
2025¢). Benchmarks such as WM-ABench reveal
persistent gaps in motion prediction, physical con-
sistency, and disentangled reasoning, highlighting
the need for explicit latent state dynamics beyond
next-token prediction (Gao et al., 2025a; Thomas,
2025; Yue et al., 2025).

3 A Unified Mathematical Framework

A world model can be formalized as a predictive
system for a partially observable controlled dynam-
ical process:

St41 P(8t+1 ’ 8t7at)7 Ot ~ P(Ot ’ St), (D

where s; € S denotes latent state, a; € A an inter-
vention, and o; € O the observation. The transition
kernel encodes causal dynamics while the obser-
vation model maps latent variables to measurable
signals. Because s; is unobserved, inference occurs
under partial observability.

Internal State Representation. World models
introduce an internal state z; € Z approximating
sufficient statistics of past observations and actions:

2t = folo<t, a<t). 2

The estimator fy performs belief updating, produc-
ing representations that preserve predictive infor-
mation while discarding irrelevant detail. Repre-
sentations may be deterministic or stochastic, con-
tinuous or discrete, and structured or unstructured,
including embeddings, latent variables, token se-
quences, graphs, predicates, or program states.
This general interface unifies neural, probabilistic,
and symbolic formulations.

Dynamics Prediction. A defining component is
a transition operator in representation space:

241 ~ go(2zt, ar). 3)

The dynamics model gy captures temporal evolu-
tion and encodes inductive biases such as continu-
ity, causality, and controllability. It enables multi-
step rollouts, counterfactual evaluation, and plan-
ning by simulating trajectories under hypothetical
interventions.

Decoding and Grounding. Some models in-
clude decoders that map latent states to observa-
tions or structured variables:

Si41 = Vo(2t41). (4

The observation decoder hy supports reconstruc-
tion objectives common in generative modeling,
while 19 maps latent states to interpretable quan-
tities or symbolic abstractions. Other approaches
rely primarily on latent predictive consistency, treat-
ing decoding as auxiliary.

Together, inference, transition, and optional de-
coding define a modular framework encompassing
diverse architectures. Pixel-space models optimize
likelihood in observation space, latent-space mod-
els emphasize predictive sufficiency and efficiency,
neuro-symbolic systems enforce structured consis-
tency, and hybrid models integrate these principles
within unified predictive architectures (§ C).

Ot41 = ho(zi41) or
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Figure 1: Theoretical taxonomy of world-model architectures organized by representation and prediction paradigm:
(A) pixel-space generative simulators, (B) latent-space predictive architectures, (C) neuro-symbolic and code-
coupled models, (D) autoregressive foundation models, and (E) hybrid mixtures of world models.

4 Theoretical Taxonomy

We classify world-model approaches by how they
represent state and predict its evolution. The
five categories are pixel-space generative simula-
tors, latent-space predictive architectures, neuro-
symbolic and code-coupled models, autoregressive
foundation models, and hybrid mixtures of world
models. The first four describe a dominant repre-
sentational or predictive mechanism; hybrid mix-
tures couple two or more such mechanisms. Fig-
ure 1 summarizes the taxonomy. This classification
supports comparison of state representation, ac-
tion control, causal grounding, interpretability, and
long-horizon prediction.

4.1 Pixel-Space Generative Simulators

Pixel-space world models equate environmental
simulation with high-fidelity video generation: if
a model can predict future frames conditioned on
past observations and actions, it implicitly approxi-
mates underlying dynamics. This paradigm is en-
abled by diffusion models and large autoregres-
sive video transformers that encode large-scale vi-
sual priors from internet-scale data (Huang et al.,
2025; Feng et al., 2025c). Vid2World advances

this direction by causalizing diffusion objectives,
converting pretrained video generators into action-
conditioned simulators (Huang et al., 2025). How-
ever, benchmarks such as WorldPrediction reveal a
persistent gap between photorealistic rollout qual-
ity and long-horizon semantic reasoning, indicating
that visual fidelity does not guarantee procedural
competence (Chen et al., 2025a). Some systems
in this subsection, including GameNGen, are not
LLM/VLM-based; we retain them as architectural
contrast cases for comparing foundation-model ap-
proaches with dedicated world models.

M Neural Game Engines. GameNGen represents
a full replacement of a symbolic game engine
with a diffusion-based simulator trained on game-
play trajectories (Valevski et al., 2024). Through
noise augmentation and iterative denoising, it miti-
gates autoregressive drift and sustains long rollouts.
This demonstrates that structured symbolic state,
including health, inventory, and agent logic, can
be implicitly embedded in continuous generative
weights, albeit with high computational overhead.
Neural game engines suggest that large-scale gen-
erative models can internalize discrete state transi-
tions, but efficiency and controllability constraints
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limit direct transfer to real-time embodied settings.

B Foundation World Simulators. Foundation
World Models such as Sora and Genie aim to
extend video simulation beyond domain-specific
tasks. Sora’s spacetime-patch representation im-
proves visual coherence and object permanence,
yet still exhibits failures in physical causality (Zhu
et al., 2025e). Genie introduces unsupervised la-
tent action discovery, transforming passive video
corpora into interactive environments without la-
beled controls (Bruce et al., 2024a; Parker-Holder
and Fruchter, 2025). Cosmos (NVIDIA et al.,
2025) introduces an open-source, video-tokenized
general-purpose simulator designed specifically to
be fine-tuned into customized digital twins for
physical Al setups and Newton benchmark fur-
ther formalizes evaluation of long-term consistency
and physical invariants in such systems (Camp-
bell, 2025). These models indicate that scaling
and architectural restructuring improve temporal
coherence, but robust physical reasoning requires
explicit mechanisms for action grounding and in-
variant preservation.

B Multimodal Video World Modeling. Recent
systems integrate text, vision, and action into
unified simulators. WorldDreamer (Wang et al.,
2024f), NWM (Bar et al., 2025), MAGI-1 (ai
et al., 2025), and Open-Sora variants (Li et al.,
2025e) emphasize scalable action-conditioned pre-
diction, while PhyT2V enhances physical plausi-
bility via external reasoning modules (Xue et al.,
2024). Systems such as WorldGen (Wang et al.,
2025a), Aether (Zhu et al., 2025¢), and Lattice-
World (Duan et al., 2025b) extend simulation into
structured 3D and interactive environments. To-
gether, they illustrate the growing convergence of
generative modeling with agent-centric design prin-
ciples. Multimodal simulators represent a transi-
tion from passive video prediction to action-aware
world modeling, yet their effectiveness depends on
how explicitly they encode persistent state, causal
structure, and evaluable reasoning constraints.

Reflection. Pixel-space models have evolved
from pure video generation to action-
conditioned, multimodal simulation, reflecting
closer alignment with world-model principles.
However, visual realism alone does not
ensure causal reasoning, state persistence, or
counterfactual capability. This taxonomy distin-
guishes methods by their degree of structured
state modeling, invariant enforcement, and
controllable long-horizon inference, enabling
deeper cross-architecture comparison.

4.2 Latent-Space Predictive Architectures

Latent-space models prioritize compact, task-
relevant representations over explicit pixel predic-
tion, aiming to improve efficiency while preserv-
ing predictive sufficiency. By operating in rep-
resentation space, they enable faster imagination,
lower latency, and more scalable planning. JEPA
operationalizes this principle by predicting future
representations instead of raw observations (Jain,
2025; Huang et al., 2026). Video-JEPA extends this
idea through large-scale spatiotemporal masking,
encouraging object-centric and motion-aware ab-
stractions rather than texture reconstruction (Huang
et al., 2026). These abstractions substantially re-
duce computational cost, making latent predictive
models particularly attractive for robotics and em-
bodied control (Aguilera, 2025). Some latent world
models discussed here, including RSSM-based sys-
tems and DIAMOND, are not LLM/VLM-based,;
we include them as contrast cases that clarify the
benefits and limits of explicit latent dynamics.

B Joint Embedding Predictive Architectures
(JEPA). JEPA define latent predictive models that
forecast future representations rather than recon-
struct observations, emphasizing predictive suffi-
ciency over pixel fidelity. Within the scope of
LLM/VLMs, relevant variants include V-JEPA
(Bardes et al., 2024) and its scalable extensions
(Assran et al., 2025), as well as multimodal formu-
lations such as VL-JEPA (Chen et al., 2026), JEPA-
T (Wan et al., 2025), TI-JEPA (Vo et al., 2025), and
LLM-JEPA (Huang et al., 2026), which integrate vi-
sual and language representations within predictive
embedding spaces. These models demonstrate that
world modeling can be achieved through joint em-
bedding dynamics, enabling efficient long-horizon
prediction without autoregressive token generation.
However, their reliance on implicit decoding lim-
its controllability and interpretability, positioning
JEPA as a complementary paradigm that benefits
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from integration with language-based reasoning for
general-purpose WMs. More details in §E.

H Dreamer and RSSM-Based Models. Dreamer
and related approaches employ Recurrent State-
Space Models (RSSMs) to separate determinis-
tic structure from stochastic uncertainty, enabling
planning in imagination entirely within latent
space (Wu et al., 2023). This decomposition
supports highly sample-efficient policy optimiza-
tion while maintaining uncertainty-aware dynam-
ics. Transformer-based variants such as IRIS re-
place recurrent architectures with attention mecha-
nisms, extending temporal horizons and enhanc-
ing discrete modeling capacity (Micheli et al.,
2023). Extensions like DeformNet further demon-
strate that RSSM-style models can represent com-
plex deformable objects with effectively infinite-
dimensional latent structure (Li et al., 2024a).
These developments show that structured latent
dynamics, combined with scalable sequence mod-
eling, can support long-horizon control without
explicit pixel-level simulation.

M Diffusion-Based Latent World Models. DIA-
MOND revisits the compression assumption, argu-
ing that overly aggressive abstraction may discard
subtle but policy-relevant visual signals (Alonso
et al., 2024). By performing latent imagination
through diffusion rather than variational bottle-
necks, it preserves perceptual detail while retain-
ing model-based reinforcement learning capability.
This approach illustrates a convergence between
pixel-level realism and latent efficiency, suggesting
that representation quality and generative fidelity
can be jointly optimized. Diffusion-based latent
models bridge perceptual richness and compact
dynamics, highlighting that effective world models
require balanced compression rather than maximal
abstraction.

B Memory Latent Models. TokenWM en-
hances recurrent latent architectures with tokenized
state representations and attention-based mem-
ory, improving scalability and long-horizon rea-
soning (Zhai et al., 2025). R-WoM further inte-
grates retrieval-augmented procedural knowledge,
strengthening performance in extended planning
and software-like environments (Mei et al., 2025).
These memory mechanisms address limitations in
fixed-capacity latent states by enabling structured
information accumulation across time.
poral horizons expand, persistent memory and re-
trieval become essential complements to compact
latent dynamics, enabling more robust planning

As tem-

and cross-context generalization.

Reflection. In the context of LLM/VLMs as
world models, latent-space approaches show
that predictive state learning, rather than ob-
servation reconstruction, is central to scalable
reasoning. Progress depends on structured un-
certainty, temporal abstraction, and stable long-
horizon imagination. This shift reframes com-
pression as a mechanism for learning causally
organized internal dynamics that enable plan-
ning and control.

4.3 Neuro-Symbolic and Code-Coupled WMs

Symbolic world models represent dynamics as
predicates, graphs, or executable programs to im-
prove interpretability and logical consistency. We
distinguish symbolic, neuro-symbolic, program-
matic, and hybrid systems by the form of their state
representation and by how their transition is com-
puted (Table 5). Text2World demonstrates LLM-
based synthesis of PDDL-style domains, though
consistency often requires agentic refinement (Hu
et al., 2025a), while Pixels-to-Predicates enables
zero-shot planning via symbolic state extraction
(Athalye et al., 2024) and SWAP enforces relia-
bility through entailment-based constraints (Xiong
et al., 2024). Neuro-symbolic systems further inte-
grate symbolic transitions with neural perception,
as in WorldCloner (Balloch et al., 2023) and Vi-
sualPredicator (Liang et al., 2024), while analysis-
by-synthesis approaches such as LLMPhy combine
LLM priors with differentiable physics (Cherian
et al., 2026). Programmatic models including
OnelLife (Khan et al., 2025), WALL-E 2.0 (Zhou
et al., 2025a), React (Yao et al., 2023), WorldCoder
(Tang et al., 2024), GIF-MCTS (Dainese et al.,
2024), and ProgGen (Tang et al., 2025) encode dy-
namics as executable code, enabling transparent
counterfactual simulation at the cost of increased
synthesis complexity.

Reflection. These results indicate that increas-
ing structural explicitness improves causal con-
trollability, interpretability, and counterfactual
reasoning, but shifts complexity toward repre-
sentation design and program synthesis. More
broadly, they suggest that scalable world mod-
eling will require hybrid architectures that bal-
ance symbolic rigor with neural flexibility.
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4.4 Autoregressive Models

Autoregressive architectures underpin modern
LLMs, where next-token prediction induces in-
ternal representations of structure, causality, and
temporal dynamics. Although developed for lan-
guage generation, evidence suggests sufficiently
large models can encode latent state abstractions
resembling simplified world models.

B Language-based Models. Representative text
models include GPT-40, 03, 04, and GPT-5 (Ope-
nAl, 2025, 2024), Gemini (Gemini Team, 2025),
Claude (Anthropic, 2024), Command-A (Team Co-
here et al., 2025), and open-weight LLlama mod-
els (Grattafiori et al., 2024). Additional systems
include Qwen3 (Yang et al., 2025a) and mixture-
of-experts architectures such as Step-3 (StepFun,
2025), which exhibit strong generative reasoning
and structured prediction abilities.

B Multimodal and Vision-Language Models.
These models form a spectrum from general-
purpose systems trained across text, image, audio,
or video to systems specialized for visual input with
language supervision. Their placement on this spec-
trum is more informative than a strict boundary:
models such as InternVL3 and Qwen-VL2.5 com-
bine visual specialization with broader multimodal
capabilities. Representative systems include GPT-
40, GPT-5, GPT-6, Gemini, Claude, InternVL3,
GLM-4.5V, Gemma-3, Qwen-VL2.5, Kimi-VL-
Thinking, and Llama-3.2 Vision (OpenAl, 2025,
2024; Gemini Team, 2025; Anthropic, 2024; Zhu
et al., 2025d; V Team et al., 2025; Gemma Team,
Google DeepMind, 2025; Bai et al., 2025; Kimi
Team, 2025; Grattafiori et al., 2024). For this
survey, their world-modeling relevance depends
on whether they track state and predict outcomes
across observations, rather than on modality labels
alone.

4.5 Hybrid Mixtures of World Models

Hybrid mixtures combine distinct state represen-
tations or transition mechanisms rather than re-
lying on one representational substrate. Object-
centric models use slot attention to decompose
scenes into structured entities (Jeong et al., 2025),
while MoWM combines pixel and latent dynam-
ics (Shang et al., 2025a) and GIT-STORM cou-
ples discrete and continuous state transitions (Meo
et al., 2025). In the unified framework, these sys-
tems factorize the state as multiple components
and exchange information across them through the

coupling function ¢. This design can preserve per-
ceptual detail while supporting compact prediction
or structured reasoning, but it adds coordination
and training complexity. The key comparison is
therefore whether cross-representation coupling im-
proves controllability and long-horizon consistency
enough to justify that cost.

Reflection. Together, these autoregressive, mul-
timodal, and vision—language architectures pro-
vide an empirical basis for assessing whether
next-token prediction can approximate key
properties of world models, including latent
state tracking, multimodal grounding, and pre-
dictive reasoning.

Reflection on Theoretical Approaches. Across
paradigms, a clear pattern emerges: realism alone
does not guarantee understanding, and abstraction
alone sacrifices grounding. The field is converging
toward hybrid architectures that combine genera-
tive perception, latent prediction, symbolic struc-
ture, and retrieval-based grounding. World models
are no longer monolithic simulators, but modular
cognitive systems, each component optimized for
a different aspect of reasoning about the future.

5 Application Taxonomy

World models serve different purposes across ap-
plication domains, each with its own operational
constraints. We organize the applications discussed
in the main text into four domains: autonomous
driving, embodied robotics, interactive simulation
and gaming, and social and agentic simulation (Fig-
ure 2). The taxonomy separates deployment setting
from model architecture, allowing a system to have
both an architectural category and an application
category.

5.1 Autonomous Driving

Autonomous driving exemplifies a high-stakes set-
ting where safety, geometric fidelity, and action-
conditioned prediction must align. World models
in this domain increasingly transition from aux-
iliary perception modules to core components of
planning, validation, and closed-loop simulation.

B Generative Video and Scenario Simulation.
GAIA-1 (Hu et al., 2023) introduces large-scale
multimodal transformers for generating future driv-
ing scenarios from video, text, and actions, en-
abling rare-event training. DriveDreamer (Zhao
et al., 2024) complements this direction using
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RADI (Zuo et al., 2025), UniSim (Yang et al., 2023) , VideoDecision (Yang
et al., 2024) , iVideoGPT (Wu et al., 2024) , PEEKABOO (Jain et al.,
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PWTF (Ning et al., 2025), Aesop (Sinha et al., 2024), Text2Motion
(Lin et al., 2023) , Genie Envisioner (Liao et al., 2026)

DayDreamer (Wu et al., 2023), FLARE (Zheng et al., 2025¢), Reward-free IL
(Li et al., 2025¢), SWIM (Mendonca et al., 2023) , RoboCraft (Shi et al., 2024)

RAWM (Yang et al., 2025b), X-Mobility (Liu et al., 2024b), BC-
Z (Jang et al., 2022) , Gensim (Wang et al., 2023) , CoSTAR
(Agha et al., 2021) , OpenEQA (Majumdar et al., 2024)

Genie (Bruce et al., 2024b), Yume (Mao et al., 2025a)
Voyager (Wang et al., 2024a)
CARD (Zeng et al., 2025), Genie (Bruce et al., 2024b)

HuWo (Zheng et al., 2025b), Roboscape (Shang et al., 2025b)
, TesserAct (Zhen et al., 2025) , Aether (Team et al., 2025)

Stanford Generative Agents (Park et al., 2023b),AI Town
(Park et al., 2023a), AgentGroupChat (Gu et al., 2024)

— SWM (Zhou et al., 2025b), Agent-Pro (Zhang et al., 2024b) , GovSim (Piatti et al., 2024b)

SocioVerse (Zhang et al., 2025¢), Project Sid (AL et al., 2024) ,
AgentSociety (Piao et al., 2025) , SocioVerse (Zhang et al., 2025c)
, YuLan-OneSim (Wang et al., 2025b) , OASIS (Yang et al., 2025d)

Transformer-based MARL (Zhang et al., 2025d)

— WebDreamer (Gu et al., 2025), WMA (Chae et al., 2025), WebEvolver (Fang et al., 2025)

Figure 2: Application taxonomy of world-model applications across four areas: (A) autonomous driving, (B)
embodied robotics, (C) interactive simulation and gaming, and (D) social and agentic simulation.

diffusion-based prediction to model structured traf-
fic dynamics.

B Occupancy and 3D Geometric Models. To im-
prove physical plausibility, occupancy-based mod-
els such as Copilot4D (Zhang et al., 2024a), Oc-
cWorld (Zheng et al., 2024), and OccSora (Wang
et al., 2024b) predict future 3D voxel states, di-
rectly supporting motion planning under geometric
constraints (Ding et al., 2025).

Bl Integrated Planning and Simulation. Driving-
GPT (Chen et al., 2024) and ImagiDrive (Li et al.,
2025b) unify trajectory generation and scenario
simulation within autoregressive frameworks, em-
phasizing iterative, action-conditioned refinement,
while NWM (Bar et al., 2025) enable dynamic con-
straint evaluation by simulating and ranking trajec-
tories. In terms of evaluation, ACT-Bench (Arai
et al., 2025) establishes rigorous evaluation proto-
cols focusing on how faithfully simulators follow
motion instructions, underscoring the shift from
visual realism to actionable accuracy.

Reflection. Across approaches, the field is shift-
ing from visually plausible rollout generation
toward geometry-aware, action-conditioned
simulation. The central analytical progression
is from pixel fidelity to structured state predic-
tion, where robustness is determined less by
realism and more by consistency under inter-
vention and long-horizon planning.

5.2 Embodied Robotics

Robotics imposes strict latency, safety, and gener-
alization constraints, requiring world models that
support real-time decision-making in physically
grounded environments.

B Imagination-Driven Planning. RADI (Zuo
et al., 2025) uses LL.M-based simulation of action
outcomes with self-reflection to prevent costly fail-
ures in safety-critical tasks.

B Generalist Pre-trained Models. WPT (Zhao
et al., 2025) and TrajWorld (Yin et al., 2025) scale
across embodiments via large datasets and flexible
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architectures, enabling cross-task transfer beyond
fixed pipelines. Cosmos (NVIDIA et al., 2025)
further democratizes cross-task transfer by pro-
viding open-weight digital twins that can be ef-
ficiently fine-tuned to solve complex physical prob-
lems across diverse downstream environments.

B Hierarchical and Latency-Aware Designs.
PWTF (Ning et al., 2025) and Aesop (Sinha et al.,
2024) decouple fast reactive control from slower de-
liberative reasoning to satisfy real-time constraints.
B Online and Implicit Learning. DayDreamer
(Wu et al., 2023), FLARE (Zheng et al., 2025c¢),
and reward-free imitation methods (Li et al., 2025¢)
demonstrate latent-space adaptation and predictive
alignment without heavy supervision.

B Knowledge-Augmented and  Cross-
Embodiment Models. RAWM (Yang et al,
2025b) and X-Mobility (Liu et al., 2024b) incor-
porate retrieval and zero-shot transfer, advancing
toward universal robotic representations.

Reflection. Robotics highlights that world mod-
els must operate under strict temporal and safety
constraints. The dominant trend is hierarchi-
cal integration, where compact latent predic-
tion, memory, and retrieval are combined with
fast control loops, revealing that scalability in
robotics depends on latency-aware structure
rather than model size alone.

5.3 Interactive Simulation and Gaming

Interactive simulation positions world models as
programmable engines for perception, physics,
and user-driven generation. Genie (Bruce et al.,
2024a) and Yume (Mao et al., 2025a) learn la-
tent action spaces from video to enable control-
lable environment generation, while code-based
approaches (Voyager (Wang et al., 2024a)) show
that executable programs can outperform pixel pre-
diction in structured settings. Cross-modal agents
like CARD integrate text, geometry, and domain
knowledge for spatial design (Zeng et al., 2025),
and physical interaction models including HuWo
(Zheng et al., 2025b) and Roboscape (Shang et al.,
2025b) explicitly model dynamics in environments.

Reflection. WMs increasingly function as con-
trollable generative engines rather than passive
predictors, shifting to unified simulations where
latent actions, code, and multimodal inputs
jointly govern environment evolution.

5.4 Social and Agentic Simulation

Social world models focus on multi-agent interac-
tion, memory, and emergent collective behavior.
Generative Agents integrate memory, reflection,
and planning to produce coherent social dynamics
(Park et al., 2023b), while structured approaches
such as SWM incorporate relational and theory-of-
mind representations to improve interaction model-
ing (Zhou et al., 2025b). At scale, SocioVerse en-
ables population-level simulation with millions of
agents for societal forecasting (Zhang et al., 2025c¢),
and transformer-based decentralized architectures
address scalability in multi-agent reinforcement
learning through structured aggregation of local dy-
namics (Zhang et al., 2025d). Extensions to digital
environments, including WebDreamer (Gu et al.,
2025), WMA (Chae et al., 2025), and WebEvolver
(Fang et al., 2025), demonstrate world modeling in
web-based ecosystems.

Reflection. Social simulation works show that
world models increasingly encode not only
physical dynamics but also beliefs, memory,
and coordination across agents. More broadly,
they indicate a convergence between world
modeling and multi-agent cognitive systems,
where scalability depends on structured interac-
tion and persistent agent-level state.

Despite domain differences, world models con-
verge toward multi-modality, action conditioning,
memory, and structured state for closed-loop rea-
soning. Progress increasingly depends on persis-
tent state, constraint enforcement, and intervention
simulation rather than perceptual realism. These
trends indicate that next-generation LLMs and
VLMs as World Models will center on explicit sim-
ulation loops, scalable representations, and evalua-
tion based on causal fidelity.

6 Discussion

6.1 Current Challenges

World models face several challenges that limit
reliable deployment in embodied systems. Infer-
ence latency remains a constraint, as large LLMs
and diffusion simulators often exceed real-time
requirements; robotic control may require sub-
100 ms responses while cloud inference can exceed
500ms (Gao et al., 2025b). Hallucination and
counterfactual reasoning present another diffi-
culty: planning requires generating hypothetical
states, yet these must remain physically and envi-
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ronmentally consistent (Yang et al., 2025¢). Data
scarcity further limits supervised scaling because
embodied datasets are costly; recent work therefore
learns latent dynamics from large unlabeled video
corpora, such as Genie-style approaches (Bruce
et al., 2024a), though aligning latent actions with
real-world causality remains unresolved. Security
and safety risks also arise when world models
control physical agents, as trojan and backdoor
attacks can manipulate robotic policies, motivat-
ing security-aware training and deployment (Wang
et al., 2024d). Lastly, Evaluation remains underde-
veloped: standard pixel-level metrics fail to capture
causal, temporal, and action-grounded reasoning,
motivating semantics-aware evaluators and rela-
tional benchmarks. More details in Appendix F.

6.2 Reflections and Future Outlook

Progress requires joint advances across architec-
ture, learning efficiency, robustness, and evaluation.
Hybrid Architectures that integrate symbolic con-
straints with neural generative models can enhance
physical consistency while preserving counterfac-
tual flexibility. Efficient Learning through large-
scale self-supervised training on unlabeled video
data is essential to address data bottlenecks and
improve generalization. Security-Aware Design
must embed adversarial robustness and backdoor
resistance into training and deployment to ensure
trustworthy operation. Multimodal Evaluation
based on relational, temporal, and counterfactual
benchmarks is necessary to measure true world-
model fidelity and guide systematic improvement.
Together, these directions position world models as
scalable, secure, and rigorously evaluated systems
for embodied intelligence and complex interactive
environments. More details in Appendix G.

7 Conclusion

World models have evolved from theoretical con-
structs to systems enabling causal reasoning across
domains. Pixel-space, latent predictive, neuro-
symbolic and code-coupled, autoregressive, and
hybrid mixture approaches offer different trade-offs
in state representation, controllability, and predic-
tive fidelity. Future progress lies in unifying these
paradigms into foundation world models for coher-
ent reasoning about environments. While autore-
gressive transformers exhibit emergent causal struc-
ture, robust modeling requires moving beyond next-
token prediction toward hybrid architectures inte-

grating generative methods with symbolic ground-
ing for improved interpretability and effectiveness.

Limitations

While this review comprehensively covers recent
advances in large language models (LLMs) and
vision-language models (VLMs) as world mod-
els, the rapid pace of Al research means some
of the latest developments may not be fully cap-
tured. However, by distilling broad trends and
identifying critical challenges, this work provides
a structured conceptual framework to unify di-
verse strands of research. The comparative, cross-
domain approach highlights shared opportunities
and domain-specific constraints, offering a founda-
tion for future integrative advances.

As areview paper, this work focuses on synthesis
and conceptual organization rather than new experi-
ments, empirical validation, benchmarking studies,
or technical implementations. Consequently, exper-
imental comparisons, quantitative evaluations, and
system-level performance analyses are outside the
scope of this article. Our goal is to provide theo-
retical clarity and structured taxonomy rather than
introduce new datasets, algorithms, or benchmark
results.
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A Motivation and Justification of the
Dual Taxonomy

We introduce a dual taxonomy to disentangle rep-
resentational design from deployment context, re-
flecting the core observation that advances in model
architecture do not map directly onto downstream
performance. World models differ primarily in
how they represent state and dynamics, yet they are
evaluated across heterogeneous application settings
with distinct constraints, data regimes, and safety
requirements. Separating these dimensions enables
a structured comparison of learning paradigms
while independently analyzing real-world instanti-
ation, evaluation protocols, and system-level inte-
gration.

The Theoretical Taxonomy organizes models
by representational substrate and predictive mech-
anism. Pixel-Space Generative Simulators model
dynamics directly in observation space, empha-
sizing reconstruction fidelity and visual realism.
Latent-Space Predictive Architectures learn com-
pact state representations with explicit transition
operators, prioritizing predictive sufficiency and
multi-step rollout consistency. Neuro-Symbolic
and Code-Coupled World Models integrate struc-
tured representations or executable programs to
enhance causal traceability, logical constraints,
and counterfactual simulation. Hybrid Mixture-of-
World-Models combine complementary inductive
biases, such as object-centric modules, discrete-
continuous state mixing, or parallel pixel-latent
pathways, to balance abstraction and expressivity.
Finally, Autoregressive Models are included as a
foundational paradigm, as next-token prediction
can implicitly induce predictive structure and latent
state tracking, providing a baseline for evaluating
whether explicit world-model components are nec-
essary or beneficial.

The Application Taxonomy categorizes deploy-
ment domains according to operational require-
ments rather than model architecture. Autonomous
Driving and Embodied Robotics impose strict real-
time, safety-critical, and physical consistency con-
straints. Interactive Simulation and Gaming em-
phasizes controllable environment generation, long-
horizon coherence, and user interaction. Social and
Agentic Simulation focuses on multi-agent reason-
ing, behavioral modeling, and strategic interaction.
Medical and Biological Systems require causal in-
terpretability, uncertainty calibration, and decision
support under high-stakes conditions. By orga-

nizing applications separately from model design,
we avoid conflating architectural capability with
domain-specific performance.

Together, the dual taxonomy provides a two-
dimensional analytical framework: one axis cap-
tures how world models are constructed, and the
other captures where they are deployed. This struc-
ture supports cross-cutting comparison, clarifies
shared methodological foundations across domains,
and highlights gaps between theoretical model-
ing advances and application-level robustness. It
thereby enables systematic analysis of representa-
tional trade-offs, evaluation standards, and scala-
bility challenges in Large Language and Vision-
Language Models as World Models.

B Survey Methodology

This survey follows a structured multi-stage pro-
tocol to ensure coverage, consistency, and repro-
ducibility in the study of Large Language and
Vision-Language Models as World Models. The
goal is to construct a representative corpus, sys-
tematically classify contributions, and synthesize
findings along the dual taxonomy introduced in the
main text.

Stage 1: Data Collection. We collected
candidate papers from arXiv, ACL Anthology,
DBLP, Scopus, IEEE Xplore, SpringerLink,
ScienceDirect, NeurIPS, ICML, ICLR, CVPR,
ICCV, ECCYV, RSS, CoRL, AAAI, 1IJCAI, and
related Al and robotics venues (see Table 1).
Searches were conducted using combinations of
keywords including world model, predictive

dynamics, latent state modeling,
next-token prediction, autoregressive
simulation, diffusion-based simulation,

neuro-symbolic reasoning, object-centric
representation, multimodal world
modeling, embodied AI, counterfactual
reasoning, and causal inference. The initial
query phase yielded approximately 1624 candidate
papers.

Stage 2: Deduplication and Metadata Clean-
ing. All retrieved records were merged and stan-
dardized. Duplicate entries, version overlaps, with-
drawn papers, non-English manuscripts, inaccessi-
ble files, and workshop abstracts without full tech-
nical content were removed. After this stage, 1348
papers remained.

Stage 3: Title Screening. Titles were screened
for explicit relevance to world models, environ-
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Table 1: Primary sources used for collecting candidate papers on world models and related paradigms.

Source Type Venues / Repositories

Preprint Servers arXiv, bioRxiv
Indexing Databases
Digital Libraries

NLP Venues

ML Conferences

Vision Conferences
Robotics Venues
General Al Conferences
Al Journals

Vision & Robotics Journals

NeurIPS, ICML, ICLR
CVPR, ICCV, ECCV
RSS, CoRL, ICRA, IROS
AAAIL IICAI

DBLP, Scopus, Web of Science
IEEE Xplore, ACM Digital Library, SpringerLink, ScienceDirect
ACL Anthology, EMNLP, NAACL

JMLR, TMLR, IEEE Transactions on Artificial Intelligence, Other Machine Learning Journals
TPAMI, IICV, RA-L, Autonomous Robots

ment dynamics, latent state learning, predictive
simulation, multimodal modeling, neuro-symbolic
reasoning, or counterfactual inference. Clearly un-
related works were excluded. After this stage, 572
papers remained.

Stage 4: Abstract Screening. Abstracts were re-
viewed to confirm the presence of a modeling con-
tribution, including explicit representation learning,
transition modeling, structured inference, or eval-
uation of predictive dynamics. Purely application-
focused studies without methodological novelty
were removed. After this stage, 344 papers re-
mained.

Stage 5: Full-Text Eligibility Assessment. The
remaining papers were evaluated in full text. In-
clusion required explicit modeling of environment
state, dynamics, or structured predictive reasoning,
rather than downstream task performance alone.
Papers lacking formal architectural or representa-
tional contributions were excluded. After this stage,
167 papers remained.

Stage 6: LLM and VLM Relevance Verifi-
cation. We assessed whether each paper directly
studied a language or vision-language foundation
model, an autoregressive foundation model, or a
generative model integrated with a language or vi-
sion backbone in a world-modeling role. We re-
tained a paper when the model contributed to pre-
dictive state representation, environment dynamics,
simulation, planning, or counterfactual prediction.
We excluded papers in which an LLM/VLM served
only as a text interface or perception module, and
general world-model papers without a qualifying
foundation-model connection. This final relevance
check reduced the 167 papers passing full-text as-
sessment to 137 papers for analysis (Table 2). Non-
LLM/VLM systems discussed elsewhere are ex-
plicitly treated as architectural contrast cases, not
as members of the 137-paper LLM/VLM corpus.

Table 2: Summary of paper selection process.

Stage Papers
Initial retrieval 1,624
Deduplication and metadata cleaning 1,348
Title screening 572
Abstract screening 344
Full-text eligibility 167
LLM/VLM relevance verification 137

Stage 7: Theoretical Coding. Each paper
was categorized according to the theoretical tax-
onomy: pixel-space generative simulators, latent-
space predictive architectures, neuro-symbolic or
code-coupled world models, hybrid mixture-of-
world-models, and autoregressive models as a foun-
dational baseline. Classification was based on pri-
mary representational mechanism rather than appli-
cation domain.

Stage 8: Application Mapping. We addition-
ally assigned each work to one or more application
domains: autonomous driving, embodied robotics,
interactive simulation and gaming, social and agen-
tic simulation, and medical and biological systems.
When models spanned multiple domains, all rele-
vant contexts were recorded to preserve analytical
completeness.

Curatorial Principles. To ensure analytical neu-
trality, papers were selected based on methodolog-
ical contribution rather than reported benchmark
performance. Emphasis was placed on works in-
troducing new representations, transition operators,
training objectives, or evaluation protocols. Dis-
agreements in categorization were resolved through
consensus review.

Synthesis Strategy. Analysis proceeded along
the dual taxonomy to decouple representation from
application. This structure enabled controlled com-
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parison across architectural families while exam-
ining domain-specific constraints independently.
Quantitative trends were summarized descriptively,
and qualitative insights were synthesized to high-
light common design patterns, trade-offs, and open
challenges in next-generation world models.

B.1 Rationale and Analytical Role of the Dual
Taxonomy

The dual taxonomy is introduced as an organiza-
tional and analytical framework rather than an eval-
uative benchmark. Its purpose is to structure a
rapidly growing and technically heterogeneous lit-
erature on Large Language and Vision-Language
Models as World Models by separating represen-
tational design choices from deployment contexts.
This separation clarifies that architectural mecha-
nisms and application domains address different
scientific questions and should not be conflated in
comparative assessment.

The Theoretical Taxonomy organizes models
according to their core representational and learn-
ing principles. Pixel-Space Generative Simulators
prioritize explicit observation reconstruction and
high-fidelity synthesis, typically operating in ob-
servable space. Latent-Space Predictive Architec-
tures shift prediction into compressed embedding
spaces, emphasizing state abstraction, temporal
coherence, and scalability. Neuro-Symbolic and
Code-Coupled World Models integrate structured
representations, predicates, or executable programs
to enhance causal consistency and interpretabil-
ity. Autoregressive Models, including foundation
LLMs and VLMs, are treated as implicit world
models when next-token or next-token-like objec-
tives induce internal predictive state representa-
tions. This theoretical grouping highlights how dif-
ferent modeling substrates encode dynamics, man-
age uncertainty, and support counterfactual simula-
tion.

The Application Taxonomy categorizes de-
ployments by environment type and interaction
modality. Autonomous Driving emphasizes real-
time perception, trajectory prediction, and safety-
constrained decision-making. Embodied Robotics
focuses on closed-loop control, action-conditioned
prediction, and physical interaction. Interactive
Simulation and Gaming examines controllable gen-
erative environments and latent action spaces. So-
cial and Agentic Simulation addresses multi-agent
reasoning, memory, and emergent collective be-
havior. This application-oriented structure enables

comparison of how similar architectural principles
manifest across distinct operational constraints and
evaluation regimes.

Together, the dual taxonomy separates repre-
sentation from deployment, allowing independent
analysis of modeling paradigms and task environ-
ments. This design supports systematic comparison
across architectural families while avoiding over-
interpretation of performance differences that may
stem from evaluation setting rather than intrinsic
modeling capability. By making structural assump-
tions explicit, the taxonomy facilitates identifica-
tion of shared challenges, such as state persistence,
long-horizon consistency, and scalable multimodal
grounding, across both theoretical and applied lines
of work.

C Adoption of the Unified Mathematical
Framework Across World Modeling
Paradigms

Under the unified framework introduced above, dif-
ferent world modeling paradigms can be under-
stood as instantiations of the same underlying pre-
dictive structure, differing primarily in their choice
of representation space, training objective, and con-
straints imposed on the transition operator. We
outline how the base formulation adapts to each
major class of world models.

The formalism in Section 3 provides a common
interface for comparing otherwise different sys-
tems. In the subsections below, we specify each
paradigm by its state space, transition operator, ac-
tion interface, and decoder where one is present.
Pixel-space models use observations as state; la-
tent models predict compact representations; neuro-
symbolic and programmatic systems constrain state
or transitions with structured representations; hy-
brid systems couple multiple state spaces; and au-
toregressive models implement an implicit transi-
tion over tokenized context. These instantiations
make the taxonomy analytically comparable rather
than a list of model families.

C.1 Pixel-Space Generative World Models

Pixel-space generative simulators correspond to the
setting in which the internal representation coin-
cides with the observation space:

Z=0. o)

These models directly learn the predictive distribu-
tion:
P(ogy1 | o<t ar), (6)
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typically using autoregressive transformers or
diffusion-based generative processes. Although
their internal computation often relies on latent
variables, tokenized patches, or VAE-compressed
spaces, their defining characteristic is that the pre-
diction target is the future observation itself.
From the unified perspective, such models im-
plicitly marginalize over latent environment states:

P(oty1 | o<ty at) = /P(Dt,+1 | st+1)P(st41 | se,ae)ds, (7)

without explicitly representing s; or a compact la-
tent 2;. As a result, world dynamics are encoded
implicitly in the generative weights and are evalu-
ated through the coherence, physical plausibility,
and temporal consistency of predicted observations.
This design favors perceptual fidelity and gener-
ality, but provides limited inductive bias toward
compact, persistent state representations.

C.2 Latent-Space Predictive Architectures

Latent world models introduce an explicit infor-
mation bottleneck by learning a compact internal
state:

z eRY d< dim(0), (8)

and defining dynamics directly in latent space. A
common training objective reconstructs future ob-
servations through a decoder:

L =E[(ho(go(2t; 1)), 0611)], )]

where the latent transition model gg captures envi-
ronment dynamics and hy provides grounding to
observation space.

Representation-predictive approaches, such as
Joint Embedding Predictive Architectures (JEPA),
instead avoid explicit reconstruction and optimize:

Lyepa = £(go (2, ar), stopgrad(z¢11)),  (10)

encouraging z; to retain only information that is
predictive of future latent states. Across variants,
the central principle is predictive sufficiency: the
learned latent state should preserve the information
necessary for accurate long-horizon prediction and
planning, while discarding observation-level detail
that is irrelevant to dynamics.

C.3 Neuro-Symbolic and Code-Coupled WMs

Neuro-symbolic and programmatic approaches
constrain the representation space to structured do-
mains:

Ze{g,P,C}, 1D

where G denotes graph-based representations, P
logical predicates or relational states, and C ex-
ecutable programs or simulators. In this setting,
state transitions are governed by:

zep1 = T(2, aq), (12)

where the transition operator 7' enforces logical
consistency, physical laws, or procedural con-
straints. Neural components are often used to infer
or ground symbolic states, while dynamics are ex-
plicitly structured and low-entropy. This design
yields interpretable and verifiable world models, at
the cost of reduced flexibility and higher modeling
overhead.

C.4 Hybrid and Mixture-of-World-Models

Hybrid architectures combine multiple represen-
tations to balance perceptual realism, abstraction,
and constraint satisfaction. These models maintain
a set of interacting internal states:

2 = {Zgixel7 lefatem; Z:ymbolic} ’ (1 3)
with coupled transition dynamics:
2= (A a0zl ), (14)

where ¢ denotes cross-representation information
exchange. Each component captures complemen-
tary structure: pixel-level states preserve perceptual
detail, latent states support efficient planning and
long-horizon prediction, and symbolic states im-
pose explicit constraints.

From a probabilistic standpoint, hybrid models
can be interpreted as factorized approximations
to the true transition operator P(siy1 | st,at),
with each factor encoding a distinct inductive bias.
Training typically optimizes a multi-objective loss
that jointly enforces perceptual accuracy, predictive
consistency, and structural validity.

C.5 Autoregressive Models

Autoregressive architectures learn a conditional dis-
tribution pg(x; | x<¢) over discrete tokens. Al-
though designed for language generation, there is
now substantial mechanistic evidence that this ob-
jective induces internal representations encoding
state, causality, and temporal dynamics, provided
the training distribution is sufficiently structured.

B Mechanistic Connection to the Transition Op-
erator. Within the unified framework of § 3, next-
token prediction can be interpreted as learning an
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implicit transition operator gy over a tokenized state
space. Formally, if we identify the token sequence
¢ as a discretized encoding of latent state z;, then
the causal self-attention computation
T
Attn(Q, K, V) = softmax(QK
Vi
aggregates historical context into a key-value mem-
ory and writes a new state vector, approximating
the recurrent update z;11 < gp (2, a¢). Each trans-
former layer refines this approximation, and the
full forward pass corresponds to a multi-step latent
rollout compressed into a single feedforward pass.
The causal mask enforces the temporal ordering
required by the Markov condition P(s;4+1 | S¢, at);
without it, the model would be unable to respect
the arrow of time.

This interpretation is not merely definitional.
Probing studies demonstrate that trained LLMs en-
code structured latent states in their residual stream.
The Othello-GPT experiment (Li, 2023) shows that
a GPT-class model trained only on legal move se-
quences—without any board representation in the
input—develops linear representations of board oc-
cupancy in intermediate layers, representations that
support causal intervention: patching in a modi-
fied board state causes the model to predict moves
consistent with the patched state rather than the ob-
served sequence. Similar linear probing evidence is
reported for more complex environments (Li et al.,
2024b; Hazineh et al., 2023). Text-based interac-
tive fiction environments such as TextWorld (C6té
et al., 2019) similarly reveal that LLMs trained on
sequential game transcripts track inventory state,
room topology, and object affordances in a dis-
tributed but linearly decodable manner.

B The Linguistic-Correlation vs. Physical-
Causality Gap. Despite this evidence, a critical
limitation remains: autoregressive objectives opti-
mize for token-level prediction accuracy, not for
causal fidelity. The model learns correlational struc-
ture present in training data; if that data reflects
physical regularities, these regularities are cap-
tured, but confounded associations are equally rein-
forced. This asymmetry produces a systematic fail-
ure mode: models predict plausible-sounding next
tokens that violate physical invariants such as mass
conservation, object permanence, or counterfac-
tual consistency (Nufiez-Molina et al., 2025). The
transition operator gy approximated by attention is
therefore best understood as a statistical transition
operator rather than a causal one. Addressing this

) Vo 5)

gap requires either causal pretraining objectives,
explicit grounding to verifiable world states, or in-
tegration with symbolic constraints—motivating
the hybrid architectures discussed in § 4.

Pretraining on unified image-text-action corpora
partially closes this gap. Native unified VLMs
trained jointly on visual generation and language
modeling exhibit emergent behaviors—including
consistent object tracking across frames and predic-
tive depth of scene dynamics—not present when
either modality is trained separately (Deng et al.,
2025; Tong et al., 2026; Cui et al., 2025). These
models use a single autoregressive objective over
interleaved visual and linguistic tokens, making
them closer to the state-tracking formulation in
§ C. LLM-based agents augmented with explicit
world-model modules further reduce hallucination
and improve long-horizon task success (Guo et al.,
2025; Qiu et al., 2026b; Li et al., 2026; Qiu et al.,
2026a; Li et al., 2025a).

C.5.1 Cross-Paradigm Comparison

Table 3 summarizes how the four main paradigms
differ along six dimensions central to world model-
ing: representation controllability, causal ground-
ing, long-horizon consistency, interpretability, com-
pute cost, and planning support. We use H, M, and
L as qualitative summaries of the capabilities sup-
ported by the cited mechanisms and evaluations,
not as measured scores. Controllability refers to
whether actions or interventions can directly alter
predicted state; causal grounding refers to whether
transitions are tied to explicit causal structure or
intervention tests; long-horizon consistency refers
to evidence across multi-step rollouts; interpretabil-
ity refers to whether state and transition rules can
be inspected; compute cost describes relative in-
ference or training demands; and planning support
refers to demonstrated use of predicted states for
action selection. We assign a rating only when the
cited literature provides relevant evidence, and use
a range when results vary across implementations.
These ratings summarize heterogeneous studies
and should not be read as a controlled benchmark
comparison.

Pixel-space models achieve the highest percep-
tual fidelity, but their dynamics are implicit in gen-
erative weights: they offer no explicit state variable
z¢ for planning or counterfactual intervention. La-
tent predictive architectures trade fidelity for a com-
pact, explicit z; with a differentiable transition op-
erator gg, enabling multi-step rollouts, but their la-
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Table 3: Qualitative comparison of world-model paradigms across six analytical dimensions. Ratings are relative: H

= high, M = medium, L = low.

Paradigm Controllability Causal Grounding Long-Horizon Interpretability Compute Planning
Pixel-space generative L L L L H L
Latent predictive (JEPA/RSSM) M M M-H L M M-H
Neuro-symbolic / programmatic H H H H L-M H
Autoregressive (LLM/VLM) M L-M M L H M

tent space is learned without causal supervision and
remains opaque to symbolic manipulation. Neuro-
symbolic and programmatic systems provide the
highest controllability and interpretability because
their transition operators 7'(z;, a;) are explicitly
structured by predicates, graphs, or programs; the
cost is reduced scalability and increased design
overhead. Autoregressive LLMs and VLMs occupy
an intermediate position: their self-attention mech-
anism implicitly encodes state transitions, and prob-
ing studies confirm structured internal representa-
tions, but their training objective (token-level cross-
entropy) does not enforce causal invariance, creat-
ing the linguistic-correlation vs. physical-causality
gap discussed in § C.5. Across all paradigms, real-
ism alone does not guarantee understanding, and
abstraction alone sacrifices grounding. The field
is therefore converging toward hybrid systems that
combine generative perception, latent prediction,
symbolic structure, and retrieval-based grounding.

C.6 Combining Supervised and Unsupervised
Learning in World Models

Modern world models often integrate supervised
and unsupervised learning to balance scalability,
generalization, and task-specific guidance. Let
x1.7 denote a sequence of observations and a;.7
the corresponding actions. Unsupervised objec-
tives typically aim to learn latent dynamics z; by
predicting future representations:

T-1

Eunsup = Z ||f9(ztvat) - Zt+1||2> (16)
t=1

where fy is the transition function in latent space.
This can be learned from unlabeled video, text, or
multimodal streams without requiring task-specific
labels.

Supervised signals, when available, complement
unsupervised dynamics by aligning latent states z;
with interpretable variables or task outcomes y;:

T
Lswp = Z €(9¢(Zt)7 Ut),

t=1

(17)

where g4 maps latent states to supervised targets
and £(-) is a suitable loss (e.g., cross-entropy or
MSE).

The combined objective becomes:

L= Eunsup + A £sup7 (18)

with A controlling the balance between unsu-
pervised dynamics learning and task-guided super-
vision. This framework naturally generalizes to
reinforcement or hybrid neuro-symbolic settings,
where Lg,, may encode policy rewards, symbolic
constraints, or verification signals.

By explicitly combining unsupervised represen-
tation learning with complementary supervised ob-
jectives, world models can scale from raw obser-
vations while maintaining task relevance, inter-
pretability, and planning capabilities.

D Large Language and Vision-Language
Models as World Models

D.1 Conceptual Definition

In this survey, an LLM/VLM-based world model
is a system in which a language or vision-language
foundation model supplies or materially shapes an
internal predictive state, a transition prediction, or
a simulation used for planning or counterfactual
reasoning. A model does not qualify solely because
it describes a world, answers questions about an
image, or converts instructions into actions. When
an LLM/VLM provides only perception, language
grounding, or planning around a separate dynamics
model, we label that role explicitly rather than treat-
ing the whole system as an LLM/VLM transition
model.

D.2 How LLMs and VLMs Function as World
Models

Autoregressive LLMs learn next-token prediction
over large corpora, which induces internal represen-
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tations capturing statistical regularities, temporal
dependencies, and latent structure. When extended
to multimodal inputs, VLMs incorporate visual to-
kens or cross-attention mechanisms, enabling joint
modeling of perceptual observations and language.
In interactive settings, these models can condition
on prior observations, actions, and external mem-
ory, thereby forming a closed-loop predictive sys-
tem. Through large-scale pretraining and instruc-
tion alignment, they acquire the ability to represent
entities, relations, and state transitions, which are
essential components of internal simulation.

From an architectural perspective, world-model
behavior emerges when the model approximates
a transition operator in latent space. In language-
only settings, this transition corresponds to sequen-
tial prediction over symbolic state descriptions. In
multimodal settings, it extends to joint state repre-
sentations that integrate textual, visual, and some-
times temporal signals. Diffusion-based generative
models integrated with language or vision back-
bones further contribute by modeling structured
data distributions, supporting stochastic simulation
and counterfactual sampling.

D.3 Mathematical Connection to World
Models

As described in Section 3, formally, a world model
can be described as a learned approximation of
environment dynamics:

p6(3t+1 | St, at), (19)

where s; denotes the latent state and a; denotes
actions. In foundation-model-based systems, s; is
not explicitly defined but is implicitly represented
in hidden activations, embedding spaces, or multi-
modal token sequences. Autoregressive LLMs can
be interpreted as modeling:

po(xe | T<t), (20)

which corresponds to learning a transition over a
tokenized state representation. When extended to
multimodal inputs, the model approximates:

p@(xt | .%‘<t,?./), (21)

where v represents visual or other sensory context.
Under this framing, the model acts as a latent sim-
ulator, mapping histories to predictive distributions
over future observations.

The connection to classical world models lies
in three properties. First, state persistence arises

from recurrent context windows and memory mech-
anisms. Second, counterfactual reasoning corre-
sponds to conditional generation under alternative
prompts or actions. Third, stochastic sampling
from the learned distribution enables internal simu-
lation of multiple future trajectories. Thus, LLMs
and VLMs can be viewed as implicit probabilistic
simulators operating in high-dimensional embed-
ding spaces.

D.4 Scope and Relevance Criteria

Because the scope of this survey is Large Lan-
guage and Vision-Language Models as World Mod-
els, we introduced an additional relevance check
to ensure alignment with foundation-model-based
approaches. Works were retained only if they di-
rectly involved LL.Ms, multimodal LL.Ms, Vision-
Language Models, autoregressive foundation mod-
els, diffusion-based generative models integrated
with language or vision backbones, foundational
strategies derived from LLM/VLM development
paradigms, or architectures explicitly extending
these systems toward world modeling. This crite-
rion ensures conceptual coherence with the survey
title and prevents dilution with general world mod-
eling literature that does not rely on large-scale
foundation models.

We distinguish four roles when coding systems:
backbone, where the LLM/VLM supplies the pre-
dictive state or transition; planner, where it plans
over a separate world model; grounding module,
where it provides perception or language grounding
to a separate dynamics model; and contrast case,
where a non-LLM/VLM system is included only
for architectural comparison.

D.5 Implications for World Modeling
Research

Viewing LLMs and VLMs as world models re-
frames evaluation, architecture design, and training
objectives. It shifts emphasis from surface-level
generation quality toward latent state consistency,
temporal coherence, and action-conditioned pre-
diction. It also motivates hybrid systems that com-
bine autoregressive reasoning, multimodal ground-
ing, symbolic constraints, and generative modeling.
Within this unified perspective, foundation models
serve as scalable approximators of environment dy-
namics, forming a bridge between representation
learning, simulation, and interactive intelligence.
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E More Details on Joint Embedding
Predictive Architectures (JEPA)

Joint Embedding Predictive Architectures (JEPA)
define a class of latent predictive models that learn
to forecast future representations rather than re-
construct raw observations. By operating in em-
bedding space, JEPA avoids pixel-level generation
and instead optimizes predictive sufficiency, en-
abling scalable learning of structured, semantically
meaningful state abstractions. This formulation
emphasizes invariance, temporal coherence, and
object-level reasoning, positioning JEPA as a foun-
dational paradigm within latent-space world mod-
eling. Table 4 outlines different JEPA approaches.
B Core Vision Architectures. I-JEPA (Assran
et al., 2023) introduces masked prediction over
large semantic regions, learning image representa-
tions by inferring abstract embeddings instead of
pixels. V-JEPA (Bardes et al., 2024) extends this
principle to video, using spatiotemporal masking
to capture motion dynamics and object persistence
from unlabeled data, while V-JEPA 2 (Assran et al.,
2025) and V-JEPA 2-AC scale this approach to
large corpora and incorporate action-conditioned
prediction. Variants such as C-JEPA (Mo and Tong,
2024) integrate regularization strategies to stabilize
embeddings, Causal-JEPA (Nam et al., 2026) uses
counterfactual reasoning, DSeq-JEPA (He et al.,
2026) introduces sequential attention-based predic-
tion, and MC-JEPA (Bardes et al., 2023) jointly
models motion and semantic content. CNN-JEPA
(Kalapos and Gyires-Té6th, 2024) adapts the frame-
work to convolutional architectures, demonstrating
that predictive embedding learning is not restricted
to transformer backbones.

B Multimodal and Language Integration. JEPA
has been extended to multimodal settings where
vision and language are jointly modeled. VL-
JEPA (Chen et al., 2026) replaces autoregressive
text generation with direct prediction of continu-
ous language embeddings, reducing inference la-
tency while preserving semantic grounding. Re-
lated frameworks such as JEPA-T (Wan et al., 2025)
and TI-JEPA (Vo et al., 2025) unify text and vi-
sual representations through cross-modal attention,
while LLM-JEPA (Huang et al., 2026) integrates
large language models with predictive embedding
objectives, bridging autoregressive reasoning and
latent world modeling.

B Sequential, Control, and Embodied Settings.
Beyond static perception, JEPA variants model

temporal and action-conditioned dynamics. ACT-
JEPA (Vujinovic and Kovacevic, 2025) combines
self-supervised learning with imitation to predict
structured action-observation sequences, enabling
policy-relevant representations. TS-JEPA (Ennadir
et al., 2025) and T-JEPA (Thimonier et al., 2025)
extend the framework to time-series forecasting un-
der noise and irregular sampling, while seq-JEPA
(Ghaemi et al., 2026) learns invariant and equivari-
ant sequence representations for future state pre-
diction. These approaches demonstrate the applica-
bility of JEPA to control, trajectory modeling, and
embodied decision-making.

B Domain-Specific Extensions. The predictive
embedding paradigm generalizes across modal-
ities and scientific domains. ECG-JEPA (Kim,
2024) and Signal-JEPA (Guetschel et al., 2024)
apply JEPA to physiological signals for tasks such
as arrhythmia detection, while HEP-JEPA (Bard-
han et al., 2025) models particle interactions in
high-energy physics. Audio-JEPA (Tuncay et al.,
2025) and Stem-JEPA (Riou et al., 2024) extend the
framework to sound and music, and 3D-JEPA (Hu
et al., 2024) and Point-JEPA (Saito et al., 2025)
operate on spatial point clouds. In autonomous
systems, AD-L-JEPA (Zhu et al., 2025b) models
LiDAR-based spatial dynamics, and SAR-JEPA
(Li et al., 2023b) addresses radar signal prediction
under noise.

B Theoretical and Generative Extensions. Re-
cent work refines the theoretical foundations of
JEPA. LeJEPA (Balestriero and LeCun, 2025) in-
troduces principled regularization to prevent em-
bedding collapse, replacing heuristic constraints
with formal guarantees. Hybrid variants such as
D-JEPA (Chen et al., 2025b) and N-JEPA (Qiu
et al., 2025) integrate diffusion or flow-based gen-
erative processes with predictive embedding learn-
ing, combining representation-level prediction with
generative modeling capabilities.

Across these variants, JEPA consistently trades
pixel-level fidelity for structured latent prediction,
improving scalability, robustness, and abstraction.
The framework demonstrates that world modeling
can emerge from predictive representation learning
without explicit reconstruction, though challenges
remain in aligning latent dynamics with physical
causality and long-horizon consistency.
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Table 4: Overview of Joint Embedding Predictive Architectures (JEPA) variants and their key characteristics.

Category

Model Variants

Key Contribution

Core Vision

I-JEPA (Assran et al., 2023), V-JEPA (Bardes et al.,

Masked embedding prediction for images and

Architec- 2024), V-JEPA 2 (Assran et al., 2025), V-JEPA 2-AC videos; spatiotemporal reasoning and action
tures conditioning
C-JEPA (Mo and Tong, 2024), Causal-JEPA (Nam Stabilization, causal inference, sequential at-
et al., 2026), DSeq-JEPA (He et al., 2026), MC- tention, motion-content modeling, and CNN
JEPA (Bardes et al., 2023), CNN-JEPA (Kalapos adaptation
and Gyires-Té6th, 2024)
Multimodal ~ VL-JEPA (Chen et al., 2026), JEPA-T (Wan et al., Joint vision-language embeddings, non-
& Language 2025), TI-JEPA (Vo et al., 2025), LLM-JEPA (Huang autoregressive text prediction, and integration
Integration et al., 2026) with LLM reasoning
Sequential, ~ ACT-JEPA (Vujinovic and Kovacevic, 2025), TS- Action-conditioned prediction, time-series
Control & JEPA (Ennadir et al., 2025), T-JEPA (Thimonier et al., modeling, invariant sequence learning, and
Embodied 2025), seq-JEPA (Ghaemi et al., 2026) policy-relevant representations
Settings
Domain- ECG-JEPA (Kim, 2024), Signal-JEPA (Guetschel Physiological signals and scientific data mod-
Specific et al., 2024), HEP-JEPA (Bardhan et al., 2025) eling (e.g., healthcare, physics)
Extensions
Audio-JEPA (Tuncay et al., 2025), Stem-JEPA (Riou Audio and music representation learning
et al., 2024)
3D-JEPA (Hu et al., 2024), Point-JEPA (Saito et al., 3D spatial reasoning, LiDAR dynamics, and
2025), AD-L-JEPA (Zhu et al., 2025b), SAR-JEPA  radar signal prediction
(Li et al., 2023b)
Theoretical LeJEPA (Balestriero and LeCun, 2025), D-JEPA Theoretical guarantees, collapse prevention,
& Generative  (Chen et al., 2025b), N-JEPA (Qiu et al., 2025) and integration with diffusion/flow-based gen-
Extensions erative modeling

F Extended Challenges in World Models

World models face a range of structural and system-
level challenges that limit their reliability, scalabil-
ity, and deployment in real-world settings.

B Cross-Domain Analysis. Despite surface differ-
ences, the four domains share a set of transferable
modeling assumptions and reveal a set of domain-
specific bottlenecks.

Transferable assumptions. Action condition-
ing, structured latent state, and memory mech-
anisms improve performance across all four do-
mains. Latent rollouts computed by RSSM-style
models in robotics transfer directly to gaming
and driving when the action space is compati-
ble. Self-supervised pretraining objectives from
JEPA—spatiotemporal masking and predictive em-
bedding—generalize from autonomous driving sen-
sors to robotic manipulation and even social agent
representation.

Universal evaluation criteria. State-tracking ac-
curacy under counterfactual interventions, long-
horizon rollout divergence rate, and physical in-

variant preservation (mass, occlusion, object per-
manence) are meaningful metrics across all do-
mains. Current benchmarks fragment evaluation
along domain-specific lines, which obscures these
shared dimensions and makes cross-architecture
comparison unreliable.

Domain-specific bottlenecks. Autonomous driv-
ing is bottlenecked by geometric fidelity and
real-time latency under sensor noise. Embodied
robotics is bottlenecked by action-conditioned data
scarcity and sim-to-real transfer. Interactive gam-
ing is bottlenecked by controllable long-horizon
coherence in open-ended environments. Social sim-
ulation is bottlenecked by theory-of-mind model-
ing and multi-agent scalability beyond hundreds of
agents.

These observations suggest that the most pro-
ductive near-term direction is developing shared
evaluation protocols that measure state-tracking
and causal consistency independently of percep-
tual realism, enabling meaningful cross-domain
and cross-architecture comparison. These shared
criteria support cross-domain comparison, while
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Table 5: Structural grouping of symbolic, neuro-symbolic, programmatic, and hybrid world models according to
their state representation and transition mechanism.

Subgroup State representation Transition mechanism Examples
Symbolic world Predicates or planning An LLM or vision language Text2World,
representations domains such as PDDL model may generate, ground, or Pixels-to-Predicates, SWAP

Neuro-symbolic
hybrids

Predicates, graphs, or
symbolic knowledge
grounded or complemented
by neural models

refine the symbolic
representation; transitions are
defined by learned or specified
symbolic operators and domain
rules

Neural or language models infer

symbolic state information, while
symbolic operators, learned rules,
or executable constraints structure

WorldCloner,
VisualPredicator, WALL-E
2.0

prediction and planning

Executable programs,
programmatic laws, or
simulator parameters

Programmatic and
simulator-coupled
world models

A model synthesizes or updates
executable code or parameters,
and program execution or an

WorldCoder, OneLife,
ProgGen, LLMPhy

external simulator computes state
transitions

Multiple coupled
representations, such as pixel,
latent, and object-factorized
states

Hybrid representation
mixtures

Information from complementary
representation spaces is combined
or exchanged for prediction,
planning, or control

Object-centric world
models, MoWM

the application-specific bottlenecks explain why
a single benchmark or architecture rating cannot
stand in for performance in every deployment set-
ting. Medical and biological systems remain an
underexplored direction in this survey rather than
a fifth application domain developed in the main
taxonomy.

M Inference Latency. Large LL.Ms and diffusion-
based simulators often fail to meet real-time con-
straints required in embodied systems. Robotic con-
trol typically requires sub-100 ms response times,
whereas cloud-based inference pipelines can ex-
ceed 500 ms (Gao et al., 2025b). Although com-
pression, distillation, and edge-cloud co-design re-
duce latency, maintaining predictive fidelity under
strict timing constraints remains unresolved.

B Hallucination and Counterfactual Consis-
tency. World models must generate hypothetical
future states for planning, making controlled hallu-
cination necessary. The challenge lies in ensuring
physical plausibility and environmental consistency
while preserving generative flexibility (Yang et al.,
2025c). Current approaches lack principled mech-
anisms to constrain counterfactual rollouts under
real-world dynamics.

B Data Scarcity and Action Alignment. Super-
vised embodied datasets are limited due to high
collection cost and safety constraints. Unsuper-
vised approaches such as Genie-style video-based

learning infer latent dynamics from large-scale un-
labeled corpora (Bruce et al., 2024a), but aligning
inferred latent actions with true causal interven-
tions remains an open problem.

B Security and Safety. When world models are
deployed in physical systems, vulnerabilities such
as trojan and backdoor attacks can induce unsafe or
adversarial behaviors. Vision-language robotic sys-
tems are particularly susceptible to covert manip-
ulation, highlighting the need for robust, security-
aware training and deployment protocols (Wang
et al., 2024d).

B Evaluation Limitations. Standard pixel-
level or likelihood-based metrics fail to capture
causal reasoning, temporal coherence, and action-
conditioned prediction. Semantics-aware evalua-
tors such as UNIVERSE (Hendriksen et al., 2025)
and relational benchmarks like Open-World Scene
Graph Generation (Dutta et al., 2025) provide im-
proved assessment. Broader benchmarks including
EWOK (Ivanova et al., 2025) and MMWorld (He
et al., 2024) reveal persistent gaps in multimodal
world understanding, motivating multidimensional
evaluation protocols.

B Benchmark Fragmentation. Existing evalu-
ation suites remain fragmented across modalities
and tasks. Systems such as WorldSimBench (Qin
et al., 2025), WorldScore (Duan et al., 2025a),
VBench (Huang et al., 2024), VBench-2.0 (Zheng
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et al., 2025a), and T2V-CompBench (Sun et al.,
2025) focus on specific aspects of generative or
simulation quality, but lack unified standards for as-
sessing state tracking, causality, and long-horizon
prediction.

H Long-Horizon Consistency. Maintaining coher-
ent predictions over extended temporal horizons
remains difficult. Error accumulation in latent roll-
outs leads to drift, degraded state representations,
and failure in planning scenarios, particularly in
partially observable environments.

B State Persistence and Memory. World models
require persistent internal representations to track
entities, objects, and interactions over time. Cur-
rent architectures often rely on limited context win-
dows or implicit memory, which constrains their
ability to maintain consistent world states across
long sequences.

B Multimodal Alignment. Integrating vision, lan-
guage, and action modalities introduces alignment
challenges, as representations learned from differ-
ent data sources may not share consistent semantics
or temporal structure. Misalignment degrades both
prediction accuracy and interpretability.

B Scalability vs. Interpretability Trade-off.
Highly scalable neural architectures often sacri-
fice interpretability, while structured or symbolic
approaches improve transparency at the cost of
increased design complexity. Balancing these com-
peting objectives remains a central challenge in
world model development.

G Reflections and Future Outlook

Advancing world models requires coordinated
progress across representation, learning, robust-
ness, and evaluation, particularly in the context of
Large Language and Vision-Language Models.

G.1 Reflections and Future Outlook

B Causal pretraining objectives. Current au-
toregressive objectives minimize token-level cross-
entropy, which is a necessary but not sufficient con-
dition for causal world modeling. A concrete open
question is: Can an auxiliary objective—e.g., do-
calculus consistency loss or counterfactual invari-
ance regularization—be integrated into standard
next-token training at scale without prohibitive
compute overhead? The trade-off is between added
gradient computation and the degree to which the
learned transition operator jg generalizes under
intervention rather than under distributional shift

alone.

B Latent state standardization. Pixel-space mod-
els, JEPA variants, and autoregressive LLMs all
learn internal state representations, but these are
incompatible across architectures, preventing mod-
ular composition. A concrete direction is defining
a world state interface: a shared latent format with
documented dimensionality, temporal resolution,
and grounding protocol, enabling a JEPA encoder
to supply z; to an LLLM-based planner. The trade-
off is between representational expressivity and
interoperability.

B Evaluation beyond pixel metrics. The most
critical near-term bottleneck is evaluation. Exist-
ing benchmarks measure generation quality (FID,
SSIM) or task success rates, neither of which cap-
tures state-tracking accuracy or causal consistency
under counterfactual interventions. Developing an
intervention benchmark—where ground-truth out-
comes of do(ay) operations are known—is a prereq-
uisite for distinguishing genuine world modeling
from correlational sequence prediction. The trade-
off is between benchmark construction cost and the
specificity of what the benchmark measures.

B Scalable neuro-symbolic grounding. Program-
matic world models achieve the highest controlla-
bility and interpretability but do not scale to open-
domain visual inputs. A concrete research direction
is differentiable predicate induction: learning sym-
bolic transition rules jointly with neural perception
so that the structured transition operator 7'(z¢, a;) is
discoverable from data rather than hand-specified.
The trade-off is between the expressivity of learned
predicates and the difficulty of gradient propaga-
tion through discrete symbolic structures.

B Hybrid Architectures. Future systems are
likely to integrate neural generative models with
symbolic or structured constraints to improve
causal consistency and controllability. Neuro-
symbolic approaches and code-coupled models
demonstrate that combining learned representa-
tions with explicit structure enhances interpretabil-
ity and planning reliability, while preserving the
flexibility of generative models (Xiong et al., 2025;
Tang et al., 2024).

B Scalable Self-Supervised Learning. Efficient
learning from large-scale unlabeled data remains
central to overcoming data bottlenecks. Video-
based self-supervised approaches, including gener-
ative interactive environments such as Genie, show
that latent dynamics can be learned without ex-
plicit supervision, enabling scalable acquisition of
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world knowledge (Bruce et al., 2024a). Continued
progress in multimodal pretraining is expected to
further improve generalization and transfer.
B Robustness and Security-Aware Design. As
world models are deployed in safety-critical set-
tings, robustness to adversarial perturbations and
backdoor attacks becomes essential. Empirical evi-
dence of vulnerabilities in vision-language robotic
systems highlights the need for security-aware
training, verification, and deployment pipelines
(Wang et al., 2024d). Incorporating robustness
objectives into model design remains an open re-
search direction.
B Multimodal and Causal Evaluation. Reliable
assessment requires evaluation frameworks that
capture temporal coherence, causal reasoning, and
counterfactual validity. Emerging benchmarks such
as UNIVERSE (Hendriksen et al., 2025), Open-
World Scene Graph Generation (Dutta et al., 2025),
EWOK (Ivanova et al., 2025), and MMWorld (He
et al., 2024) highlight limitations of existing met-
rics and motivate multidimensional evaluation pro-
tocols.
B Long-Horizon Prediction and Memory. Im-
proving long-horizon consistency requires architec-
tures that maintain persistent state representations
and mitigate error accumulation during rollout. Ad-
vances in latent state modeling and memory mech-
anisms are critical for stable multi-step prediction
and planning.
B Integration with Foundation Models. A key
direction is the tighter integration of world model-
ing objectives with large-scale foundation models,
particularly LLLMs and VLMs. While autoregres-
sive transformers exhibit emergent reasoning ca-
pabilities, extending them with explicit dynamics
modeling remains necessary for robust physical
and interactive reasoning (Thomas, 2025).
Collectively, these directions position world
models as increasingly scalable, robust, and system-
atically evaluated systems, capable of supporting
embodied intelligence and complex multimodal
interaction in real-world environments.
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