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1 Introduction
1.1 Background

Artificial intelligence (AI) is driving a shift from data-driven automation toward systems capable of autonomous
perception, understanding, and robust decision-making in complex real-world environments [54]. Its growing application
across transportation, manufacturing, healthcare, and energy reflects the demand for systems that can handle complex
tasks and collaborate with people and other intelligent systems [6].

Recent advances in foundation models, generative Al, and deep reinforcement learning have expanded Al capabilities
in representation, generation, and sequential decision-making. Generative Al approaches include large language
models (LLMs), vision-language models (VLMs), and diffusion models, with applications spanning communications,
robotics, navigation, and resource allocation [96, 101, 146]. Foundation and generative models provide representation,
prediction, and generation; model-free deep reinforcement learning learns policies through interaction, while model-
based methods use learned dynamics for planning. However, integrating these complementary capabilities into systems
that support causal reasoning, uncertainty-aware long-horizon prediction, physical consistency, and reliable decisions
under changing or unseen conditions remains challenging.

World models learn internal representations of environmental dynamics and use action-conditioned transitions to
predict future states, allowing agents to evaluate possible outcomes before acting. Their applications include robot
control [99], autonomous driving [120], and embodied intelligence [155]. However, many existing models still rely
primarily on statistical transition patterns, leaving causal mechanisms, calibrated multi-future prediction, and reliable

adaptation under distribution shifts open challenges [13, 75, 79].

1.2 Motivation

Despite their applications in robot control, autonomous driving, and embodied intelligence, existing world models
generally learn environmental transitions from historical interaction data and use them to predict future states.
Their limitations become more evident in complex and changing settings: models may capture correlations without
representing the mechanisms of state transitions, rely on a single or insufficiently calibrated set of future predictions,
and separate prediction from decision-making. After deployment, limited adaptation further restricts their ability to
respond to new environments, tasks, and multi-agent interactions [18, 60].

These limitations indicate that complex interactive environments require more from world models than accurate
future-state prediction alone. A world model must also connect its predictions with decision-making and environmental
interaction, so that predictions can inform actions and execution feedback can continually update the model. Motivated
by this need, this paper introduces the concept of a next-generation world model, termed world model 2.0, and
positions it as a general cognitive architecture for complex interactive environments. Its specific formulation, six
capabilities, and the role of the general cognitive architecture in integrating them are developed in the following
sections.
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Before elaborating on this framework, it is important to position the present work within the existing survey literature
on world models. The next section reviews related surveys, summarizes their scopes and emphases, and clarifies the

positioning and contributions of this paper.

1.3 Related Surveys and Our Contributions

Several surveys examine the foundations and applications of world models. Ding et al. [18] identify state representation
learning and future-state prediction as core functions, and review their applications in autonomous driving, robotics, and
social simulation. Zhu et al. [153] review general world models and their development in video generation, autonomous
driving, and autonomous agents. Xu et al. [116] survey applications across tasks and scenarios, with a focus on
challenges in transferring learned representations and predictive capabilities to new domains. Domain-specific surveys
further examine world models in particular tasks. For autonomous driving, Guan et al. [31] organize the literature
around perception, memory, and control, covering environment representation, future-scene prediction, and their use
in decision-making. Zhao et al. [142] review world models in cognitive agents and future networks, including their
architectures, training, and applications in prediction, planning, and causal reasoning. Another survey considers world
models alongside large language models and agentic Al in edge general intelligence [141]. In embodied intelligence,
Wang et al. [105] and Shen et al. [90] survey World Action Models (WAMs), which combine environmental-state
modeling with action generation. Gao et al. [25] review self-evolving agents and discuss how their world models can
adapt over time, complementing the WAM literature with a focus on continual learning.

Overall, existing surveys cover the foundations, structures, and applications of world models, as well as emerging
directions such as cross-domain generalization, action generation, and self-evolution. However, a systematic account of
the core capabilities of next-generation world models and their relationships remains lacking. This paper addresses this
gap by organizing the literature around six capabilities of world model 2.0 and the general cognitive architecture that

integrates them. The specific contributions are as follows:

e We review the fundamental concepts, components, and typical workflows of world models, and synthesize
relevant research to trace the field’s development from environmental modeling and state prediction toward

increasingly complex interaction tasks and integrated cognitive demands.

Building on this trajectory, we introduce the concept of a next-generation world model, which we term world
model 2.0. Centered on causal understanding, it connects environmental representation, dynamics prediction,
and action decision-making within a unified architecture. It uses multiple possible future trajectories to inform
action selection and incorporates execution feedback to recalibrate predictions, update memory, and adapt to

environmental changes, forming a closed-loop system spanning perception, prediction, reasoning, and action.

We present a taxonomy of six core capabilities and discuss the general cognitive architecture that integrates
them. We organize the literature around the capabilities’ definitions, representative technical realizations, and

use cases, and synthesize how they are connected through the general cognitive architecture.

Drawing on representative studies and use cases across capabilities, we cover settings including robot control,
autonomous driving, embodied intelligence, language agents, wireless network control, and interactive simulation.
We synthesize how world models are applied to different tasks and the findings reported in these studies. We

also identify world models for further investigation.
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1.4 Organization

The remainder of this paper is organized as follows. Section 2 reviews the components and workflow of traditional world
models, defines world model 2.0, and presents the taxonomy and relationships among its six functional capabilities and
integrative architecture. Section 3 examines each capability through its definition, representative technical realizations,

and use cases. Section 4 discusses challenges and future directions for each dimension, and Section 5 concludes the

paper.

2 Overview and Taxonomy
2.1 Traditional World Models: Components and Workflow

Traditional world models typically consist of three core components: an encoder, a dynamics model, and a decoder
[18]. The encoder compresses high-dimensional observations into compact latent states; the dynamics model learns
state-transition patterns conditioned on latent states and actions; and the decoder maps latent states back to observable
outputs. Taking an agent operating in a Markov decision process (MDP) as an example, a typical world-model workflow
is as follows [141].

In an MDP, let s; denote the environment state at time ¢, a; € A the action taken by the agent, and r; the immediate

reward. After the agent executes a; in state s;, the environment transitions to the next state s;4;:
str1 = T(st, ar), (1)

where T(-) is the true state-transition function, represented as T : S X A — &, which maps a state-action pair to the

corresponding next state. The interaction also produces an immediate reward:
re = R(st, ar), ()

where R : S X A — R is the true reward function that evaluates the immediate outcome of taking action a; in state s;.
The observation o, is a partial observation of the environment state or a high-dimensional representation of it.

In real-world applications, environments involve many changing factors, and the corresponding state and action
spaces may be high-dimensional or continuous. Explicitly representing or exhaustively estimating T and R is therefore

often intractable. A world model learns parameterized approximations Ty and Ry from interaction data [19, 28]:

St+1 X fe(st, az), (3
Ro(se.ar) ~ e, 4)

where 6 denotes the learnable model parameters.
During training, the agent interacts with the environment and records observations o;, actions a;, and rewards ;.

The encoder compresses observations into latent states [89]:

ht = fenc(hi—1, 04, a:-1), (5

where h; is the latent representation at time t and summarizes historical information. The dynamics model predicts the

next latent state from the current latent state and action:
hiv1 = fdyn(ht, az). (6)
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The decoder reconstructs the corresponding observation from the latent state:
0r = f;lec(ht)- (7)

Training can minimize the state-prediction error ||s;+1 — Ty (ss, a;)|| or maximize the likelihood Pg(0s41,7¢ | by, ar)
over experience data, enabling the model to learn the environment dynamics [143].

After training, the world model can serve as a proxy simulator of the environment. Starting from the current latent
state h;, it recursively predicts subsequent latent states and rewards for candidate action sequences, generating imagined
trajectories:

T = (e, ar, r5 hear, Arens Prats -2 ). (8)
The agent evaluates the cumulative returns of these imagined trajectories and selects an action sequence accordingly.

Its objective is to maximize the predicted discounted cumulative return [81, 92]:

H-1

kA
Z Y Tt+k
k=0

where H is the planning horizon and y € [0, 1] is the discount factor.

max Efe
H-1
{arsk )k:O

, ©)

In this typical workflow, the world model primarily simulates environmental dynamics and predicts future states,
while action selection is commonly handled by a decision module outside the model. Thus, although a world model can
support model-based planning, it generally remains a predictive component; decision-making and execution feedback

do not yet form a continual closed loop within the same architecture.

2.2 Motivation and Definition of World Model 2.0

Many existing world models learn statistical correlations from historical observations and use them to predict future
states [84]. Although this paradigm provides a useful proxy for complex real-world environments, several challenges
remain: 1) Their predictions may reflect correlations in historical data without reliably capturing the causal relationships
between actions, environmental factors, and future states [60]; 2) Uncertainty may be represented by a single predicted
future or a limited set of samples, restricting consideration of plausible alternatives [47]; 3) Prediction is often separated
from decision-making, and execution feedback is not consistently used to update the model [35, 56]; 4) Although recent
studies have explored causal representations, multi-future prediction, continual adaptation, and multi-agent modeling,
these capabilities are often studied separately and have not yet been reliably integrated. Deployment-time updates and
task-specific representations may also limit adaptation to changing environments and transfer across domains [18].

To address these limitations, this paper proposes world model 2.0 as a general cognitive architecture for complex
interactive environments. Rather than focusing only on future-state prediction, it uses causal understanding to connect
environmental representation, dynamics prediction, and action decision-making. It reasons over multiple possible
futures to inform action selection and uses execution feedback to recalibrate predictions, update memory, and adapt to
environmental changes, forming a system that spans perception, prediction, reasoning, and action through continued
interaction.

Fig. 1 compares a conventional predictive world model with world model 2.0. The former uses an encoder, a
dynamics model, and a decoder for action-conditioned prediction, with action selection handled externally [23, 31].
The latter connects causal dynamics and multiple future predictions with action selection and feedback-based updates

[60, 80, 102, 107].
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selection. The lower panel combines disentangled and causally structured representations with multi-branch future prediction, mutual
calibration between prediction and decision modules, execution feedback, knowledge memory, and lifelong learning to form a closed
interaction loop. [20, 42, 60, 68, 78]

At time t, an attention-based encoder maps observation o; to a structured representation [53]:
G = EnCZgﬁn(Ot) = (Z1, Ar), (10)

where Z; represents objects and other relevant factors, while A, captures their learned dependencies. A causal mask
guides information flow among these components [53, 60]. Using C; to retrieve relevant experience from memory gives
the context M. The dynamics model then conditions on both the current representation and this retrieved context to

generate multiple possible futures for each candidate action:
}*,(j,n) ~ P&( | Cr, M agj)) , (11)

where §") denotes the n-th predicted future branch for candidate action aij ). Multi-branch sampling and future-state
decoding produce alternative outcomes [65, 148]. The decision module compares these outcomes in terms of task
performance, costs, constraint violations, and risks, then selects an action for execution [100, 122].

After execution, observations are compared with predictions to recalibrate the model and assess the action outcome
[72]. Prediction errors and execution outcomes inform model updates and are stored in memory. Relevant experience can

then be retrieved alongside the current representation in subsequent predictions, closing the feedback loop [109, 112].
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2.3 Capability Taxonomy

World model 2.0 can transform intelligent systems from passive predictors into proactive cognitive entities capable of
long-horizon planning, autonomous decision-making, and lifelong self-evolution. The capabilities that world model 2.0

should possess include:

(1) Causal understanding: World model 2.0 uses causal understanding to represent the structures and mechanisms
behind events across physical, semantic, and social dimensions [135]. Attention mechanisms can organize object-
and factor-level representations [78], while autoregressive masks [60] or causal state-space models [87] can
constrain temporal information flow. When appropriate identification assumptions are met, these mechanisms
may support intervention or counterfactual reasoning and inform cross-domain generalization.

(2) Multi-future reasoning: World model 2.0 samples multiple branches over candidate actions [107] or latent
states [12] to generate and evaluate plausible futures from a common initial state. This allows the system to
consider alternatives before acting rather than relying only on a single prediction or trial and error [37].

3

~

Proactive decision-making: A shared autoregressive architecture can connect prediction and decision-making:
predicted future states inform the decision module, and execution feedback informs subsequent predictions
[102, 105, 143]. Updating and calibrating both modules within a shared feature space forms a feedback loop from
perception to action.

(4

~

Open-ended and self-evolving learning: World model 2.0 can update knowledge through accumulated and re-

vised external memory [121, 137], and adapt model parameters online through methods such as parameter-efficient

fine-tuning [77, 127]. Intervention and counterfactual reasoning may also help detect causal inconsistencies and

revise internal structures as environments or tasks change [125].

(5) Cross-domain generalization: By representing relations between actions and state transitions, world model
2.0 can capture dynamics that transfer across environments [93, 110]. Depth regularization, dynamics-enhanced
latent models, and cross-domain training can further help align transferable features such as geometry and
motion while reducing dependence on scene-specific appearance [43, 52, 86].

(6) Multi-agent coordination: World model 2.0 extends modeling to interacting agents. Conditional denoising

[140] or compositional reasoning [131] can structure joint states and actions, while identity embeddings and

modular designs support cross-agent perspective alignment and knowledge reuse [108, 144].

The general cognitive architecture brings these six capabilities together through shared representations, memory,
and interfaces [67, 73, 133, 153]. Compared with traditional world models, world model 2.0 connects prediction with

causal understanding, proactive decision-making, continual adaptation, and cross-domain transfer.

2.4 Relationships among the Capabilities

Fig. 2 summarizes the relationships among the six capabilities. Causal understanding models action-conditioned state
changes, multi-future reasoning compares alternative outcomes, and proactive decision-making uses these predictions to
select actions [60, 102, 107]. Causal understanding also supports cross-domain transfer and agent-interaction modeling,
while multi-future reasoning extends to joint actions and shared-state outcomes [43, 108]. Execution feedback updates
dynamics and memory, supporting self-evolving learning and refining transferred models [121]. Shared representations,

memory, and interfaces connect these capabilities within the general cognitive architecture [111, 152].
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Fig. 2. An overview of the relationships among the six core capabilities of world model 2.0. Causal understanding supports multi-future
reasoning through interventional what-if branching (E1), while multi-future reasoning supports proactive decision-making through
risk-aware contingency planning (E2). Proactive decision-making and open-ended and self-evolving learning are coupled through
execution outcomes and prediction errors, enabling self-aware confidence gating of foresight (E3), while the learning process performs
targeted mechanism repair to revise causal mechanisms (E4). Cross-domain generalization transfers invariant mechanisms to causal
understanding (E5) and connects with self-evolving learning through label-free shift detection and recalibration (E6). Multi-future
reasoning extends to multi-agent coordination through intent-aware joint futures (E7), which support joint actions for proactive
decision-making, while multi-agent coordination contributes collective experience through shared knowledge memory (E8). Shared
latent states, knowledge memory, and adapters for tasks, embodiments, and agent identities connect these capabilities within the
general cognitive architecture and enable plug-and-play task and embodiment heads (E9). [88, 93, 114, 144, 150]

3 Key Capabilities of World Model 2.0

Section 2 introduced six functional capabilities and the integrative architecture that connects them. This section
examines these research dimensions through their definitions, representative technical realizations, and use cases,

beginning with causal understanding.

3.1 Causal Understanding

3.1.1 Foundational Concept.

Traditional and general world models mainly learn statistical state transitions from observation sequences. They
use past states and actions to predict the next state [18, 27, 102]. However, it does not explain why a state changes.
Its predictions may also fail when the control policy, task distribution, environmental configuration, or interaction
structure changes [4, 58]. Therefore, world model 2.0 no longer treats prediction accuracy as its sole objective. Instead,
it uses causal understanding as a basic principle for organizing internal representations, modeling dynamics, and
reasoning about decisions.

In complex interactive environments, causal reasoning aims to extend a model beyond describing what happened by
supporting hypotheses about why it happened and predictions about how outcomes may change under alternative
actions [3, 37].
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Specifically, the model aims to identify candidate state variables with potential causal relevance from complex
observations, estimate directed relations among these variables, and learn action-conditioned mechanisms that describe
how the state changes [29, 63]. Claims about the causal interpretation of these variables or the stability of the learned
mechanisms require suitable assumptions and supporting evidence. For example, when task performance degrades, the
model should determine whether the cause is a change in physical conditions, an external disturbance, increased resource
demand, unreliable sensing, or an inappropriate control decision[82]. Causal understanding capability enables the model
to perform causal representation and attribution, intervention-effect analysis, and counterfactual inference [17, 29]. It
provides structural support for multi-future reasoning, proactive decision-making, cross-domain generalization, and
multi-agent coordination by representing how actions affect state transitions, environmental outcomes, and interactions
among agents. Its causal knowledge can also be revised through intervention outcomes and feedback accumulated by

open-ended and self-evolving learning.

3.1.2  Representative Technical Realization.

During continuous interaction with the environment, the model continues receiving new observations, each of
which usually contains many coupled factors. In a complex real-world system, observations may jointly reflect physical
conditions, external disturbances, resource demand, agent states, control policies, and historical actions. Traditional
world models often compress this information into a unified latent state h; and use it directly to predict the future.
Although this holistic representation preserves the main statistical information in the observations, it mixes different
objects and causal factors [115, 136]. The model therefore has difficulty identifying which entity caused a state change
or which factor was first affected by a control action. Such entanglement at the representation level is a key reason why
traditional world models struggle to develop causal understanding capability.

To address this issue, world model 2.0 first needs to separate observation features at the encoder [29, 63, 80]. This
allows different objects or factors to have relatively independent representations, although the resulting slots are not

necessarily identifiable causal variables. Slot-based self-attention provides one potential implementation [78]. Let o,

denote the raw observation at time . The base encoder maps o, to N element features {v,;}Y,, where i is the element
index. The model also defines K learnable slots {sx }le, where k is the slot index'. It then computes the assignment

weights between the element features and the slots [48, 71]:

(Wosk) T (Wioy, i))
Qg = softmaxk(—’ , (12)
l Vdat‘t
N
9k = Z i Wy oy, (13)
i=1
7 = GRU(z{_,. g5), (14)

where Wy, Wk, and Wy are learnable query, key, and value projection matrices. dy: denotes the dimension of the query
and key features. The weight a;; measures how much element i is assigned to slot k, and softmaxy (-) normalizes the
weights over the slot index k. The vector g is the observation information collected by slot k. The operator GRU(-)
denotes a gated recurrent unit (GRU), and z’; is the resulting representation of object k. To preserve temporal causal
consistency, each object representation is recurrently updated using only its previous state and the observation features

available at the current time.

!N is selected according to the desired observation granularity and computational budget. The number of slots K is chosen using the expected number of
objects or causal factors; unused slots can be masked when fewer objects are present.
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To model pairwise dependencies among the object slots, the model treats them as structured latent variables and

constructs a learned dependency matrix A;. Its elements are estimated from pairwise slot interactions:
(W52h)T(Wgz))
Vi, ’

where o(-) denotes the sigmoid activation function, and A, jx measures the learned dependency score from slot j on

At,jk :O'( (15)

slot k under this parameterization, and Wé and W are learnable projections. The structured latent representation is
therefore defined as
Cr = (Z1, Ar). (16)
The dynamics model uses this matrix as a soft mask, allowing a target object to focus on slots that are potentially
relevant to its dynamics. After obtaining the disentangled representations, causal understanding capability further
requires the model to learn dynamics that describe how object states evolve as actions are applied [60, 126]. Regardless
of the specific dynamics network, the model should combine the object representations, aggregated KPIs, and historical
control variables into a state feature x; at time ¢. It should also explicitly include task-relevant actions a;, such as motion
commands, manipulation operations, allocation decisions, or configuration updates, in the state transition. A general

form is

Nee1 = fo(ne, ap) + w4, (17)
xt = ho(n:) + &, (18)

where 7, is the internal system state that cannot be fully observed. The functions fp and hy are the state transition
function and the observation function, respectively, and 6 denotes their model parameters. The terms w; and ¢; denote
the process disturbance and observation noise. Because a; directly enters the transition function, the model learns an
action-conditioned state transition and predicts the next state given the supplied action. This formulation alone does
not establish that the causal effect of an intervention on a, has been identified; that interpretation requires suitable
assumptions and supporting evidence. An alternative-action rollout is an action-conditioned prediction. It constitutes
a counterfactual only when it refers to a particular observed case and specifies which factual evidence and latent
disturbances are held fixed or inferred.

In this implementation, the encoder separates coupled observations into object-level representations, while the
dynamics model explicitly learns action-conditioned state transitions. Therefore, they provide one way to implement

causal capability in world model 2.0.

3.1.3  Use Cases.

The causal understanding capability of world model 2.0 models relationships among states, actions, and environmental
changes, helping agents explain events and assess interventions. Representative studies are summarized in Table 1.
Gkountouras et al. [29] learned causal variables from visual observations and text-described actions, using them to
predict action effects and support long-horizon planning with a language agent. In robot control, Li et al. [60] used
temporal causal attention to connect preceding actions with future visual states, improving long-horizon manipulation
and adaptation to new configurations. Zhang et al. [139] used an action-conditioned transition graph to evaluate
interventions under physical-parameter shifts, providing policy advice when predictions were reliable.

The same principle is being explored in self-evolving embodied intelligence and wireless network management. Yu et
al. [125] proposed revising causal representations through interventions, counterfactual reasoning, and environmental
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Table 1. Representative Studies on Causal Understanding in World Model 2.0.

Paper title Domain Main content Main finding

Language Agents Meet Embodied intelli- Learns disentangled causal variables = Improves action-effect prediction and

Causality - Bridging LLMs gence / language- from visual observations and language long-horizon planning, especially as

and Causal World Mod- agent planning actions, and uses an action-conditioned the planning horizon increases.

els [29] transition model for planning.

Causal World Modeling for Robot control Jointly models video dynamics and Supports closed-loop control, improv-

Robot Control [60] robot actions with temporal causal ing long-horizon manipulation and
conditioning and continuous real- adaptation to new configurations.
world feedback.

CausalNav: Reliability- Robot control Uses an action-conditioned transition Improves control safety by rejecting

Certified Causal World graph to evaluate interventions and  unreliable causal advice and falling

Models for Control un- gates causal advice according to its back to the base controller.

der Physical-Parameter reliability.

Shift [139]

Self-Evolving Cognitive Embodied intelli- Proposes continual causal-model revi- Provides a conceptual basis for updat-

Framework via Causal gence sion through interventions, counterfac- ing causal knowledge when environ-

World Modeling for Em- tual reasoning, and feedback. mental mechanisms change.

bodied Scientific Intelli-
gence [125]

Agentic World Modeling ~ Wireless network Models physical resource blocks as Enables pre-deployment what-if analy-

for 6G: Near-Real-Time control causal control variables and generates sis and policy screening with accurate
Generative State-Space KPI trajectories under alternative con- and efficient near-real-time prediction.
Reasoning [87] figurations.

feedback to adapt to changing mechanisms. Rezazadeh et al. [87] modeled how resource-block actions affect O-RAN
performance indicators and generated KPI trajectories for alternative resource configurations. In these settings, causal
understanding provides the mechanism-level basis for comparing alternative futures and selecting interventions, while
feedback from executed interventions can further revise the learned causal structure. Together, these studies illustrate
how causal models can help compare interventions and assess possible outcomes before deployment, particularly in

dynamic settings with long-horizon objectives or safety constraints.

3.2  Multi-future Reasoning

3.2.1 Foundational Concept.

Traditional world models usually use historical states and actions to predict a single next state or the most likely
future trajectory. Such point prediction is suitable for environments whose evolution is relatively deterministic [132].
However, when future states are jointly affected by random disturbances, unobserved factors, and external behavior,
different outcomes are easily compressed into an average state [51, 114].

In world model 2.0, multi-future reasoning means that the model starts from the same historical conditions, builds a
distributional representation of multiple possible subsequent states, and continuously rolls out each branch over time
[42]. The model must generate distinct but plausible outcomes, preserve state continuity within each trajectory [5], and
use the performance changes and risk information in the branches to support subsequent reasoning [147].

In complex interactive environments, even when the currently observed physical conditions, resource demand, and
control configuration are identical, subsequent states may differ because of latent factors, stochastic disturbances,
external behavior, or partial observability. Multi-future reasoning allows the model to retain normal, stressed, and
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abnormal branches at the same time, providing a more complete view of the future for robust planning, resource
management, and risk-constrained control [41].

In terms of reasoning depth, this capability has three progressive levels. The first generates multiple plausible
futures, so the model no longer merges different outcomes into a single prediction. The second builds a coherent future
distribution, so each branch follows stable temporal evolution and represents predictive uncertainty. The third evaluates
each candidate action by aggregating performance, risk, and resource cost across its possible futures, thereby assessing

how reliably it performs under the modeled uncertainty.

3.2.2 Representative Technical Realization.

In traditional world models, deterministic dynamics usually map the current latent state to a single next state. When
trained to minimize average error, the model tends to output the mean of multiple future modes [113]. World model 2.0
instead needs to replace point mapping with a conditional distribution in latent-state space.

The model first organizes historical observations into a continuously updated belief state and introduces a stochastic
latent variable into the state transition [22, 128]. Taking stochastic belief-state modeling as an example [12], and

incorporating the action condition required for environment control, the core process can be written as

=75(bt*la§t*1>at*1)a (19)
&~ po(& | be), (20)
~po(yr | b, &1), (21)

where b, is the deterministic belief state that preserves historical information, 7y is the belief-state transition function,
& is a stochastic latent variable sampled from the history-conditioned prior, and y; is the predicted observable network
state. The deterministic state maintains the continuity of system evolution, while different samples of £; represent
future changes that cannot be uniquely determined from the same history.

During training, the model uses encoded observation evidence e; to construct the posterior q,(&; | bs, e;) and
learn transition patterns that occur in the data. Reconstruction and Kullback-Leibler (KL) regularization constrain the
posterior to remain close to the history-conditioned prior [9, 14, 97, 149]. During inference, the real future is unavailable,
so the model samples only from the prior and can still generate plausible future branches.

After learning the distribution, the model can generate multiple futures from the same current belief state. When
action selection is required, a planner first proposes candidate action sequences, and the world model samples several

stochastic branches under each action. Let A, = {a¢) }AE’ be the candidate action set, where N, is the number of

oY)
t+7} -1

N; be the number of stochastic branches for each action. All branches share the current belief state b;j o b;, and

candidate action sequences and al/) = (agj ) ) is the j-th sequence. Let T; be the future rollout length and

their initial latent variables are sampled from the history-conditioned prior, §t(j ) po(&: | by). The n-th future branch

under action j can be written recursively as [37]

byt =T (b 17 all). @)
i~ poGan 10150 23)
ﬁ;is—z—l ~ P&(yz+d+1 I b;i;il’gggil) ’ (24)

R @)
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where j is the candidate-action index, n is the stochastic-branch index, and d is the rollout step relative to the current

NVAD)
Yivan

corresponding complete trajectory. The set y,(f ) contains the future branches associated with al/). Thus, one candidate

time. The variable is the predicted state under action sequence j and latent sample n, while y Um) s the

y[+12t+Tf
action can produce several distinct but temporally coherent futures.

After generating these action-conditioned futures, the model first evaluates each trajectory and then aggregates the
scores across stochastic branches for each candidate action. Following the reward-based planning procedure in [107],

the trajectory score and action selection can be written as

jon) _ o (jin) (j.n)

U(J "= RPer (yt+1:t+Tf) = AconCeon (yt+1:t+Tf) > (26)
1 &

U(j) - U(f:”)’ (27)
N 2

j* = argmax o, (28)
1<j<N,

ay = at(j*). (29)

where Rye; () is the task-performance return, Ceon(+) is a nonnegative constraint-violation cost, Acon controls the relative
penalty assigned to constraint violations, and U™ is the utility of the n-th future under action sequence j. The
quantity U") is the average utility over the stochastic branches generated for action sequence j. Since the branches are
sampled from the predictive distribution, they are assigned equal weights in this Monte Carlo estimate. The planner
selects the action sequence with the highest average utility; it does not select a particular stochastic outcome. Here,
an additive penalty is used to distinguish task return from constraint-violation cost and to make their relative scale
explicit through Aqon. This expected-utility criterion does not by itself guarantee safety if the predictive distribution is

misspecified or fails to represent rare harmful outcomes.

3.2.3 Use Cases.

The multi-future reasoning capability of world model 2.0 generates plausible futures for candidate actions and
compares their probability-weighted performance and risks, supporting forward-looking decisions under uncertainty.
Representative studies are summarized in Table 2. Applications include autonomous driving, service robotics, crowd
management, and surveillance, where behavior and interactions may be uncertain [41]. Drive-WM conditions multiview
future videos on alternative driving maneuvers and uses image-based rewards to compare the resulting trajectories
before execution. By evaluating the predicted scene under each maneuver, the model can support the selection of a
suitable driving trajectory [107]. For mobile robots around people, Xu et al. [114] jointly model first-person observations
and robot actions to generate multiple possible observation-action futures. These futures capture different possible
robot motions and human responses, allowing observation-guided planning to account for interaction uncertainty.

In these applications, multi-future reasoning provides the possible consequences of candidate actions, while proactive
decision-making uses the predicted performance and risks to select an action for execution. Multi-future reasoning
has also been explored for uncertain behavior and unseen scenarios. Chaudhry [12] represents human motion with
a stochastic belief state and anatomical constraints, supporting coherent long-horizon forecasts while limiting error
accumulation. Dreamweaver learns object attributes and motion patterns, then recombines them to generate unseen
scenes [5]. These studies show how multi-future reasoning can support decisions when behavior is diverse, environments
are stochastic, or risks are substantial; in multi-agent settings, the same approach can compare joint actions and their
effects on shared states.
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Table 2. Representative Studies on Multi-Future Reasoning in World Model 2.0.

Paper title Domain Main content Main finding

Driving into the Future: Autonomous Generates multiview future videos Supports pre-execution maneuver

Multiview Visual Fore- driving under alternative driving actions and comparison and improves planning

casting and Planning evaluates candidate trajectories with  robustness in simulated OOD driving

with World Model for Au- image-based rewards. conditions.

tonomous Driving [107]

Action-Inclusive Multi- Robot control Jointly generates multiple first-person Demonstrates diverse, temporally

Future Prediction Using observation-action futures using a tem- plausible futures for visual-guided

a Generative Model in porally masked diffusion Transformer. robot planning in human-populated

Human-Related Scenes for scenes.

Mobile Robots [114]

Semantic Belief-State Human motion ~ Samples stochastic latent motion hy-  Produces more stable and uncertainty-

World Model for 3D prediction potheses within a recurrent belief state aware long-horizon motion forecasts

Human Motion Predic- aligned with the SMPL-X body mani- with low inference cost.

tion [12] fold.

Dreamweaver: Learning ~ Embodied intelli- Learns and recombines object at- Supports compositional imagination

Compositional World Mod- gence tributes and motion concepts through of unseen scenes; it is more relevant to

els from Pixels [5] block-slot representations and multi- novel future composition than proba-
future-frame prediction. bilistic branching.

3.3 Proactive Decision-Making

3.3.1 Foundational Concept.

The proactive decision-making capability of world model 2.0 means predicting future states and generating control
actions within a unified representation and optimization process. The predicted environmental changes directly guide
the current decision. The model must not only determine what may happen next, but also decide what action should be
taken now in response [90, 105].

The key to proactive decision-making is collaboration between prediction and decision. Future-state prediction
provides information about expected changes in environmental conditions, agent states, resource availability, and risk,
allowing decisions to address adverse outcomes before they occur. In return, the objective of the action task shapes the
shared representation and makes state prediction focus on dynamic factors that affect control outcomes. Environment
prediction makes decisions more predictive, while decision supervision makes prediction more relevant to the task
[38, 68]. In this process, causal understanding provides the mechanism-level basis for estimating how alternative actions
may change future states and task outcomes, while multi-future reasoning provides multiple possible trajectories for
comparing performance, risk, and resource costs before execution.

In multi-agent environments, proactive decision-making extends from selecting an individual action to selecting
mutually consistent joint actions. The decision process must therefore consider inter-agent effects, shared resources,
and collective objectives in addition to individual action outcomes.

In complex interactive environments, the model can reserve resources, adjust continuous controls, reconfigure task
plans, or change agent assignments before rising demand or environmental disturbances degrade task performance.

Control therefore moves from reactive response to proactive intervention.

3.3.2 Representative Technical Realization.
During operation, the model continuously receives environment observations and control actions. Given historical ob-

servations {0s—g41, - - ., O; } and action chunks {a;_g4, . .., A;—1}, it jointly generates future observations {O;41, . .., O}
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and action chunks {A;, ..., A;+r-1}, where h is the prediction horizon. Observations can include multimodal physical
states, agent states, resource conditions, and task feedback. Actions can represent controls such as motion commands,
manipulation operations, scheduling decisions, configuration updates, and agent assignments.

World model 2.0 does not learn only an observation-to-action mapping. It also models the joint distribution of future
states and actions through [105, 123]

-[-:joint = E(ct,a,,o[+1)~2) [—IOng (0t+l> a; | Ot)] s (30)

where D is the interaction dataset, and p,, is the joint conditional distribution parameterized by w. In a interactive
system, Ljoint is a negative log-likelihood loss that measures how well the model fits the observed joint outcome of the
current observation, subsequent state, and control action.

Consider a unified representation mechanism with a shared Transformer. Historical observations, historical actions,
and masked future observations are first encoded and concatenated. The shared backbone then fuses them into joint

observation-action representations over the prediction horizon. This data flow can be written as [34, 150]

X; = Concat(Ey(0-g+1:t) » Ea(@r-a:t-1) »

31
EoGrstasa). G

{Zt+1, ..., Zt4q} = Transformery (X;), (32)

where E, and E, are the observation and action encoders, 0;,1.;+4 denotes the masked future observations, X; is
the concatenated input representation, and ¢/ denotes the parameters of the shared Transformer. Moreover, Z;,; =
{2t+j1, .., zt4jN} is the joint representation at the j-th future step. At inference, the joint model can generate candidate
action sequences and their corresponding predicted state trajectories [34, 150]. A task-specific reward function or value
estimator scores each candidate trajectory. For a candidate action sequence A = (ay, ..., ar+H-1), its predicted return

can be written as
H
G(A) = >y My, (33)
=

where 7, is obtained from the predicted state and action using the task reward function or a learned reward estimator.

The decision module selects A* = argmaxacs__, G(A), executes the first action, and replans after receiving new

cand
feedback. Thus, joint state—action prediction supplies candidate outcomes, while reward maximization is carried out by
the downstream scoring and selection step.

During training, the two output heads recover noisy actions and future observations. The action and observation

losses are [34, 61]
2
‘6—€ga (a(') | r,Z)” ],
2

1 N - P
z r

N 4 IHEi 95( i |r, i)”z}’
i=

L) = g5 ol

action state >

Laction(Zs a) = Ee,r [

Lstate (Z’ O) = Ee,r

(34)

d
Liotal = Z -E(t+j):

Jj=1

Manuscript submitted to ACM



16 Yujie Qiu, Lei Feng, Xudong Wang, Jiacheng Wang, Zhixiang Yang, Zehui Xiong, and Dusit Niyato

where r is the diffusion step, j = 1,...,d is the future-step index, a'") and oi(r) are the noisy action and the i-th noisy
observation feature, € and ¢; are their noise terms, and €y, and €, are the noise estimates produced by the two output
heads. Lgtate is the prediction loss for future environment states. Loty is the total training loss of the diffusion model,
representing the combined denoising error of future states and control actions over the prediction horizon. During
inference, the action head can generate candidate action chunks directly from the joint representation without first
reconstructing complete future observations. For each candidate action sequence, the decision module evaluates the
predicted state trajectory using the task reward function and selects the sequence with the highest expected discounted
return. It then executes the first action and replans after receiving new observations. Joint state—action prediction
therefore provides candidate actions together with their predicted consequences, which can be used for reward-aware

selection.

3.3.3 Use Cases.

The proactive decision-making capability of world model 2.0 jointly models future states and actions, allowing
predictions to inform control and planning [90]. It has been explored in robotic manipulation, autonomous driving, and
other embodied tasks requiring long-horizon planning, complex interaction, and feedback. Representative studies are
summarized in Table 3.

In robotic manipulation, Cen et al. [11] proposed WorldVLA, which uses unified image, language, and action tokens
to jointly predict future images and actions. This allows predicted visual changes to inform grasping and manipulation
actions. Bi et al. [7] proposed Motus, which connects visual understanding, video generation, and action generation
through shared representations, improving the use of predicted motion information in manipulation. He et al. [38]
used language-guided semantic and spatial foresight to condition future-video and action generation, supporting
instruction-following and spatially precise control. In these applications, multi-future reasoning provides alternative
manipulation outcomes, while proactive decision-making selects an action sequence according to the task objective.

In autonomous driving, Zhao et al. [143] jointly model future visual states and vehicle trajectories, helping reduce
error accumulation during long-horizon planning. The predicted scene dynamics can be used to evaluate candidate
maneuvers before execution, while proactive decision-making selects a maneuver under driving objectives and con-
straints. Execution outcomes and prediction errors can then inform subsequent model updates, linking proactive

decision-making with open-ended and self-evolving learning.

3.4 Open-Ended and Self-Evolving Learning

3.4.1 Foundational Concept.

Traditional world models are usually trained on a predefined dataset. Their internal knowledge and dynamics
parameters remain fixed after deployment. Open-ended learning in world model 2.0 means that the environments,
tasks, and dynamics observed during training do not form a closed set [24, 49]. New network states and interaction
experience can continue to enter the model’s knowledge throughout its lifecycle. Self-evolving learning means that the
model uses discrepancies between predictions and real feedback to update its external memory and internal dynamics
[20, 25]. This process is more than collecting online data or periodically retraining the model from scratch. It converts
new experience into internal knowledge that improves later prediction and decision-making. In this sense, proactive
decisions provide the interaction outcomes and prediction errors needed for self-evolution, while self-evolving learning

updates the knowledge used by subsequent decisions.

Manuscript submitted to ACM



World Model 2.0 Beyond Prediction: A Taxonomy and Review of Core Capabilities 17

Table 3. Representative Studies on Proactive Decision-Making in World Model 2.0.

Paper title

Domain

Main content

Main finding

WorldVLA: Towards Au-
toregressive Action World
Model [11]

Robot control

Uses unified multimodal tokens and
a shared autoregressive Transformer
to jointly predict future images and
actions.

Leveraging predicted visual dynamics
improves scene understanding and
grasping success.

Motus: A Unified Latent
Action World Model [7]

Robot control

Integrates visual understanding, video
generation, and action prediction
through shared motion representa-
tions.

Shared physical and motion knowledge
improves manipulation performance
and cross-embodiment generalization.

SG-WAM: Text-Grounded
and Spatial-Aware Seman-
tic Guidance for World-
Action Models [38]

Robot control

Uses language-grounded spatial fore-
sight to guide future-video and action
generation.

Improves instruction following, spatial
precision, and robustness to environ-
mental changes.

From Forecasting to Plan-
ning: Policy World Model
for Collaborative State-
Action Prediction [143]

Autonomous
driving

Uses future-video forecasting as a
predictive rationale for trajectory
generation.

Anticipating future dynamics re-
duces collisions and enables safer
autonomous-driving decisions.

When intervention outcomes or prediction errors reveal inconsistencies in the learned mechanisms, the model can

revise its causal representations and dynamics accordingly.

In open real-world environments, new tasks, entities, tools, operating conditions, and interaction patterns continue

to emerge. Physical conditions, demand distributions, and behavioral patterns also change over time. Open-ended and
self-evolving learning allows the world model to correct its learned dynamics during operation and retain knowledge
acquired in different environments. It therefore supports reliable long-term prediction, adaptive control, and system
autonomy. The same capability can support cross-domain adaptation by incorporating target-domain feedback, and can
support multi-agent coordination by retaining interaction histories, agent behavior patterns, and reusable coordination

experience.

3.4.2 Representative Technical Realization.

The self-evolution of a world model begins with each real interaction. The model predicts the next state from the
current latent state and control action. After the action is executed, the environment returns a new observation, from
which the encoder obtains the real next latent state. By comparing the prediction with the real result, the model can
determine whether its current dynamics still describe the environment. Let €; be the set of stored dynamics experts at

time ¢. An expert in this set is denoted by E, with parameter set 0. Its prediction and feedback error are [69, 127]
hes1 (E) =foe (e, ar),

£0(E) =|

(35)

2
, (36)
2

hess = b (E)|

where A4 (E) is the next latent state predicted by expert E, and .Cfb(E) is its feedback error. This error comes directly
from the outcome observed after action execution.
After receiving real feedback, the model first writes the realized observation-action transition into episodic memory
[121, 137]:
MEP

t+1 = prl U {(os,ar,0041)}, (37)
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where pri is the episodic memory at time t. When the model encounters a similar state and action, it can retrieve the
related transition to support the current prediction. Repeated prediction errors can also be summarized as reusable
environmental rules [145]. This update makes recent experience immediately available to later predictions.

While updating the memory, the model also monitors the feedback error over a short time window. When the
feedback error remains above the current expert’s stable baseline over a short time window, the model determines
that the environment has undergone a significant change, such as a change in physical conditions, task patterns, or
interaction structure, and begins to revise its internal dynamics [124]. Once a dynamics update is triggered, the model
first compares how its stored experts predict the current transition. If the current environment resembles a previously
observed one, it directly reuses the expert with the lower feedback error. If no stored expert describes the transition
accurately, the model adds a set of trainable parameters to the closest expert. Let these new parameters be Oy,ew. The
update is [21, 77]

Bnew — Onew — Qupd Vo [Pr1 = for. 00 (hn a0 (38)
where fp; g,.., is the dynamics model formed by the fixed expert parameters 0¢ and the new parameters Opew, while
@ypd is the update step size. The pretrained backbone and the parameters of previous experts remain unchanged, while
only 6y is updated using the feedback from the current interaction. The interaction proceeds as follows: the model
first predicts the next latent state with the selected expert; after the action is executed, it compares the prediction with
the observed next state and stores the realized transition in episodic memory. If the feedback error remains within the
normal range of an existing expert, that expert is retained or reused. If the error remains high, the model updates Opey
according to 38. Once the error becomes stable, the fixed parameters 0 and the updated parameters Oy, are stored as
a new expert, which can be selected when similar operating conditions occur again. In this way, new experience is first
remembered, then used to update the dynamics only when existing experts are insufficient, and finally converted into

reusable model knowledge.

3.4.3 Use Cases.

The multi-agent coordination capability of world model 2.0 models multiple agents’ states, intentions, and joint actions
under partial observations. It supports coordinated planning by representing how agents affect a shared environment,
and has been studied in embodied cooperation, multi-agent reinforcement learning, multi-view simulation, autonomous
driving, and wireless networks. Representative studies are summarized in Table 6. Zhang et al. [131] proposed COMBO,
which infers other agents’ intentions and simulates joint actions to support long-horizon embodied cooperation. Wu
et al. [108] proposed MultiWorld, which assigns actions to specific agents and uses a global state representation to
maintain consistency across agents’ views, thereby supporting coordinated control in multi-agent environments. Zhao
et al. [144] introduced a mixture-of-experts model that routes task-related dynamics and reward prediction to suitable
experts, enabling knowledge reuse across similar multi-agent tasks while reducing interference between dissimilar
tasks. Zhang et al. [140] used sequential action-conditioned diffusion modeling to capture inter-agent dependencies and
joint effects on the shared state, supporting imagination-based policy learning and coordinated control.

Research also addresses cooperative driving and wireless networks. In autonomous driving, shared latent states
combine observations from vehicles, infrastructure, and other traffic participants to support intention inference and
coordinated planning [40]. In wireless communications, Meng et al. [76] predict network states under alternative
resource configurations and exchange selected state information to coordinate distributed agents. Together, these

studies examine coordination under partial information, interacting actions, and shared objectives.
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Table 4. Representative Studies on Open-Ended and Self-Evolving Learning in World Model 2.0.

Paper title Domain Main content Main finding

NavMorph: A Self- Vision-language Updates navigation representations Improves adaptation and generaliza-
Evolving World Model navigation through online interaction and evolu- tion in changing or unseen environ-
for Vision-and-Language tion memory. ments.

Navigation in Continuous
Environments [121]

Self-Evolving World Mod- Language agents Revises the world model at deployment Improves prediction reliability and

els for LLM Agent Plan- time using episodic memory, reusable long-horizon planning without parame-
ning [137] rules, and selective foresight. ter updates.

AdaWorldPolicy: World-  Robot control Updates a world-model-driven manipu- Enables adaptation to visual and phys-
Model-Driven Diffusion lation policy from prediction-execution ical changes with limited human inter-
Policy with Online Adap- discrepancies and force feedback. vention.

tive Learning for Robotic
Manipulation [127]

World Action Verifier: Self- Embodied intelli- Verifies predicted states through Demonstrates how forward-inverse
Improving World Models  gence forward-inverse consistency and uses consistency can be used to identify

via Forward-Inverse Asym- unreliable predictions for model im-  unreliable predictions and guide model
metry [69] provement. updates.

EvoAgent: Self-Evolving ~ Embodied intelli- Combines world-model-guided control, Demonstrates a closed-loop process
Agent with Continual gence self-verification, reflection, and contin- combining self-verification and con-
World Model for Long- ual experience updates. tinual experience updates for long-
Horizon Tasks [21] horizon tasks.

Self-Evolving Cognitive Embodied intelli- Uses intervention, counterfactual rea- Provides a theoretical basis for contin-
Framework via Causal gence soning, and feedback to continually ~ ual causal learning, but lacks empirical
World Modeling for Em- refine causal knowledge. validation.

bodied Scientific Intelli-
gence [125]

3.5 Cross-Domain Generalization

3.5.1 Foundational Concept.

Traditional world models are usually trained around one fixed environment or a group of closely related environments.
Their representations and dynamics can become tied to specific physical conditions, embodiment configurations,
interaction structures, and task distributions. Cross-domain generalization in world model 2.0 means that, after learning
environment states and evolution rules in a source domain, the model can transfer their stable structure to an unseen
target domain and still support effective state prediction and decision-making [26, 116]. Unlike conventional transfer
learning, which typically transfers model parameters or feature representations and then fine-tunes them for a target task,
cross-domain generalization in world model 2.0 aims to transfer domain-invariant environment dynamics, including
how states evolve and respond to actions. It therefore reduces dependence on domain-specific observations and
configurations, allowing the model to adapt across domains without building a separate world model from scratch. The
transferred object is not a fixed set of observation values. It is the dynamic relation shared by different environments,
such as changes in demand, resource competition, interaction effects, and action response. The model should reduce its
dependence on regional appearance, sensor differences, and local configurations while retaining information that is
useful for network dynamics.

In general interactive systems, this capability allows one world model to serve different environments, platforms,
and operating conditions without building a complete model for every domain. It does not require identical prediction
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accuracy in all domains. Its role is to preserve transferable representations and basic dynamics after a domain changes,
so that the model can quickly interpret the target-domain state, predict action consequences, and provide a reliable
starting point for planning, control, and resource management. After deployment in a target domain, open-ended
and self-evolving learning can use new observations and prediction errors to identify transfer mismatches and refine
the transferred representations and dynamics. Conversely, the knowledge accumulated across domains can provide a

reusable basis for future transfer.

3.5.2 Representative Technical Realization.

Cross-domain generalization is not only how to move source-domain data to the target domain, but also what the
model has actually learned from the source domain. World model 2.0 therefore first converts observations into latent
representations of environment dynamics and then learns how an action changes the next state in that representation
space. As an example of latent-state prediction, we reuse the encoder fen and dynamics model f4y, defined earlier. The

target branch is indicated by stop-gradient, and Ly;s is the observation-history length [50, 129]:

I:lt+1 = fdyn (fenc(oz—Lhist:t), at) > (39

hev1 = sg[ fenc(0r41)], (40)
N 2

-Epred = ||he+1 = hesr 5’ (41)

where o;_1,. .+ is the observation history, Ly is its length, fl,“ is the predicted value of the next latent state A1, sg[-]
denotes stop-gradient, .Ly,eq is the latent prediction loss, and || - || denotes the L, norm. After training, the model
obtains a representation oriented toward future dynamics rather than a direct memory of source-domain appearance.
This provides the basis for cross-domain transfer [16].

However, this step alone is not sufficient. Latent prediction may still preserve source-domain differences. To make the
representation from the first step closer to cross-domain structural regularities, the model can add structural information
during training [103]. It constrains the representation during training and need not be supplied continuously after
deployment. Let ¢ be the observation feature, " the corresponding structural feature, and Gy, a shared structural
mapping [43, 66]:

L =1-— cos(GStr(c?bs), sg[Gstr(citr)]) , (42)
where L, is the structural alignment loss and cos(+,-) denotes cosine similarity. Minimizing L, maximizes the
cosine similarity between the observation and structural branches for the same state, encouraging the observation
representation to preserve domain-invariant information such as topology, spatial layout, and state changes. After
source-domain training, the learned model parameters are transferred to the target domain instead of being trained
again from scratch. Target-domain observations and actions are organized in the same state-action format, allowing
the model to reuse the learned relations between environment states, actions, and state evolution. When the two
domains are sufficiently similar, the transferred model can be used directly; otherwise, a small amount of target-domain
trajectories is used to fine-tune the model before deployment [86]. The reliability of the transferred model is then
evaluated in the target domain.

To determine whether the transferred model still supports state understanding, decision rollouts, and control, the

system compares the model’s rolled-out representation of the next state with the representation encoded from the
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actual observation. Their mean squared error is used as an unlabeled score [43]:

2

, (43)
2

dom __
AT =

hev1 = hest

lat
where Dy is the latent representation dimension and A?m is the score for the current transition. A low score may
indicate that the model’s one-step latent prediction is close to the encoded observation for this transition, while a high
or increasing score may indicate a possible model mismatch. Accordingly, 43 can be treated as a candidate indicator of

model mismatch.

3.5.3 Use Cases.

The cross-domain generalization capability of world model 2.0 aims to transfer environmental dynamics across
regions, sensors, robot platforms, and tasks rather than rely on scene-specific appearance. Representative studies are
summarized in Table 5. Jaiswal et al. [43] used self-supervised JEPA-based representation learning with geographically
diverse driving data to study zero-shot transfer to unseen cities and sensor configurations. Khan [50] introduced depth
regularization to encourage RGB representations to retain stable 3D geometry, reducing visual-odometry error and
improving out-of-domain scenario detection and long-horizon prediction.

In robot learning, Jang et al. [44] generated synthetic trajectories with pseudo-action labels to train visuomotor
policies that transfer to new behaviors and environments. Here, cross-domain generalization improves the reuse of
visual dynamics and action representations across robot platforms and task settings. Cross-domain generalization also
supports the development of general-purpose simulation. PAN combines language-conditioned latent-state prediction
and video diffusion to model actions, states, and visual changes across domains [110]. Vista uses geographically diverse
driving data, structural constraints, and multi-level action conditioning to improve prediction and control across driving
scenarios [26]. Together, these studies explore transfer across appearance, location, sensors, and embodiments, while

target-domain feedback and causal representations can further refine the transferred dynamics.

3.6 Multi-Agent Coordination

3.6.1 Foundational Concept.

Early multi-agent world models often flatten all agent states and actions into one high-dimensional joint input and
directly learn the overall transition [64]. As the number of agents grows, the joint action space expands rapidly, and
the interactions among agents become harder to factorize. The multi-agent coordination capability of world model 2.0
means that the model can represent multiple agents in one shared environment state, distinguish their observations
and actions, model their joint effects on the global state, and use this model to roll out and select mutually consistent
behaviors [131].

Compared with the independent local models or directly flattened joint models used in traditional world models,
world model 2.0 uses shared-state modeling and structured joint-action rollouts to preserve coupling among nodes
without compressing all interactions into one difficult-to-scale high-dimensional transition function [108]. This capability
supports joint task allocation, distributed control, shared-resource coordination, and cooperative planning. Its realization
draws on causal understanding to model inter-agent effects, multi-future reasoning to evaluate alternative joint actions,
and proactive decision-making to select mutually consistent behaviors. Open-ended and self-evolving learning can
further support coordination by retaining interaction histories and updating reusable models of agent behavior and

cooperation.
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Table 5. Representative Studies on Cross-Domain Generalization in World Model 2.0.
Paper title Domain Main content Main finding

Geographic Diversity Beats Autonomous
Data Volume for Cross-
Domain Generalization in
Zero-Label JEPA Driving
World Models [43]

driving

Learns transferable dynamics from
geographically diverse driving data.

Reports transfer to unseen regions
using geographically diverse driving
data in the evaluated setting.

Depth-Regularized JEPA  Robot control
World Models Learn More

Transferable Representa-

tions from Real Outdoor

Robot Data [50]

Uses depth supervision to preserve
geometric information while retaining
RGB-only inference.

Improves robustness in visual odom-
etry, anomaly detection, and long-
horizon prediction.

DreamGen: Unlocking Robot control
Generalization in Robot
Learning through Video

World Models [44]

Generates videos and pseudo-actions
from images and language instructions.

Enables generalization to new robot
behaviors and environments with
sparse demonstrations.

PAN: A World Model for  Embodied intelli-
General, Interactable, and gence
Long-Horizon World Simu-

lation [110]

Simulates future states under language-
conditioned actions across video do-
mains.

Demonstrates potential for open-
domain, interactive, long-horizon
simulation.

Vista: A Generalizable Autonomous
Driving World Model with driving

High Fidelity and Versatile
Controllability [26]

Learns controllable future driving
scenes from multi-region data.

Enables zero-shot cross-dataset con-
trol transfer and improves prediction
fidelity.

3.6.2 Representative Technical Realization.

The multi-agent coordination of world model 2.0 consists of four connected stages. First, local observations from

different agents are aligned into a shared environment state. The effects of joint actions on the next state are then
decomposed into learnable sequential conditional transitions. During deployment, limited neighborhood information is
used to support decentralized execution. Finally, the shared dynamics model rolls out different joint actions, and the
imagined outcomes are fed back to the coordination policy.

The model first needs to align information that is observed locally by different nodes into a network state that can be

jointly rolled out. Suppose that the system contains N,z agents. The local observation and action of agent i at time ¢
1:

N,
p o= (ay,.

are denoted by o} and a;, and the joint action is a S, *¢). In world model 2.0, the environment evolves

according to the shared state s; and the joint action [95, 119]:

W“g) , (44)

St+1 NP(’ | St, 4y

where P is the stochastic global environment transition distribution, and s; may include physical context, external
disturbances, resource demand, entity states, spatial relations, and shared resource occupancy. The encoder uses each
node’s local observation together with permitted neighborhood information to estimate this shared state. Subsequent
dynamics modeling can then operate on one common network state instead of isolated local states.

Directly learning P(s¢41 | ¢, aizNag) requires all agent actions to enter one joint condition. To reduce this modeling

difficulty, the model can use diffusion-inspired sequential conditioning. It starts from a highly noisy next state and
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(0) (Nag)

introduces action conditions according to an agent ordering. Let s,.; = s;11 be the clean next state, s,, ;" the highest-
noise state, and p = (iy, . .., in,,) an agent ordering. The joint transition can then be written as [140]
(1:Nyg ) 1:Nj,
P (5t+1, St & | s, a, g)
oy N (45)
— (-1 (&) i
=p (st+1ag ) x l_lp (st+1 | Sz+1’ atf; st) 5
=1
(1:Nag)

where ¢ is the sequential denoising step, s denotes the intermediate-state sequence, and p denotes the conditional

r+1
transition density in the sequential denoising process. At the ¢-th conditional transition, only the action of the ¢-th
agent in p is introduced, while every step is conditioned on the same current state s;. The joint effect of multiple actions
is therefore decomposed into a sequence of conditional transitions instead of one large joint condition.

During training, a denoising network Dy recovers the clean next state from intermediate states at different noise

levels. Let v, be the noise level at the ¢-th conditioning step. Let L, (6) denote the multi-agent denoising loss [138]

2

Nag
Lna(0) =B, 1) Z HDe (st(?1 Ve, St a't’) =St (46)
=1

This objective makes every action condition contribute to next-state recovery and learns how different agents affect
the shared state under different orderings. Once the joint dynamics are learned, the model can input different joint
actions in imagination, compare their effects on task utility, latency, safety risk, and shared resource occupancy, and

use the better joint outcomes for cooperative policy learning.

3.6.3 Use Cases.

The multi-agent coordination capability of world model 2.0 models multiple agents’ states, intentions, and joint actions
under partial observations. It supports coordinated planning by representing how agents affect a shared environment,
and has been studied in embodied cooperation, multi-agent reinforcement learning, multi-view simulation, autonomous
driving, and wireless networks. Representative studies are summarized in Table 6. Zhang et al. [131] proposed COMBO,
which infers other agents’ intentions and simulates joint actions to support long-horizon embodied cooperation. Wu
et al. [108] proposed MultiWorld, which assigns actions to specific agents and uses a global state representation to
maintain consistency across agents’ views, thereby supporting coordinated control in multi-agent environments. Zhao
et al. [144] introduced a mixture-of-experts model that routes task-related dynamics and reward prediction to suitable
experts, enabling knowledge reuse across similar multi-agent tasks while reducing interference between dissimilar
tasks. Zhang et al. [140] used sequential action-conditioned diffusion modeling to capture inter-agent dependencies and
joint effects on the shared state, supporting imagination-based policy learning and coordinated control.

Research also addresses cooperative driving and wireless networks. In autonomous driving, shared latent states
combine observations from vehicles, infrastructure, and other traffic participants to support intention inference and
coordinated planning [40]. In wireless communications, Meng et al. [76] predict network states under alternative
resource configurations and exchange selected state information to coordinate distributed agents. Together, these

studies examine coordination under partial information, interacting actions, and shared objectives.

3.7 General Cognitive Architecture

3.7.1 Foundational Concept.
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Table 6. Representative Studies on Multi-Agent Coordination in World Model 2.0.
Paper title Domain Main content Main finding
COMBO: Compositional ~ Embodied intelli- Estimates a global state from partial ~ Enables pre-execution evaluation of co-
World Models for Embod- gence observations, simulates joint actions  operative outcomes, improving success,
ied Multi-Agent Coopera- with a compositional video diffusion  planning efficiency, and scalability to
tion [131] model, and combines intent inference different team sizes.

with tree-search planning.

MultiWorld: Scalable Multi- Embodied intelli-

Models multi-agent, multi-view envi-

Improves action following and

Agent Multi-View Video  gence ronments with agent identity embed- view consistency, while supporting

World Models [108] dings, adaptive action weighting, and a cooperative-failure simulation for con-
global state encoder. trol and risk analysis.

Learning and Planning Embodied intelli- Uses MoE-based dynamics and reward Reuses similar task dynamics and re-

Multi-Agent Tasks via gence models to route tasks to suitable ex-  duces interference, improving sample

an MoE-Based World
Model [144]

perts and plans from predicted rollouts.

efficiency and multitask performance.

Revisiting Multi-Agent
World Modeling from a
Diffusion-Inspired Perspec-
tive [140]

eration

Multi-agent coop-

Models joint state transitions as se-
quentially action-conditioned diffusion
denoising.

Reduces joint-action modeling com-
plexity, captures inter-agent effects
more accurately, and improves sample
efficiency and control return.

Multi-Agent Embodied Au- Autonomous

Reviews multi-source fusion, shared-

Shared world models overcome iso-

tonomous Driving: From  driving state modeling, intent understanding, lated observations and improve joint
V2X Information Exchange and cooperative planning. decision-making in occluded and inter-
to Shared World Mod- active traffic.

els [40]

NetWorld: Communication- Wireless network Combines a conditional diffusion Reduces online interaction in wireless
Based Diffusion World control world model, shared latent represen-  resource management while improving

Model for Multi-Agent
Reinforcement Learning in
Wireless Networks [76]

tations, inverse dynamics, and mean-
field coordination.

decision performance, sample effi-
ciency, and cross-task generalization.

Traditional world models typically consist of an encoder, a dynamics model, and a decoder. Their main function
is to compress observations into latent states and predict subsequent environmental states, while perception, task
understanding, planning, decision-making, and execution are often handled by separate external modules. Because
these modules use independent representations and optimization objectives, traditional world models are generally
designed for specific tasks and scenarios, making their learned environmental knowledge difficult to reuse.

The general cognitive architecture of world model 2.0 aims to provide a general cognitive substrate that can be
reused across tasks, scenarios, and embodiments. As this substrate, the architecture encodes inputs from different tasks
into a unified internal state and learns the corresponding environmental dynamics, thereby providing subsequent
task modules with reusable state representations and environment predictions. Task-specific modules can connect to
the substrate through feature alignment and interface adaptation, using the shared states to perform their respective
planning, decision-making, or control functions. Consequently, adapting the system to a new task or scenario requires
only the adjustment of the corresponding task module, rather than rebuilding the entire world model. The general
cognitive architecture provides shared representations, memory, and interfaces through which the six core capabilities
can interact. It connects causal understanding, multi-future reasoning, proactive decision-making, open-ended and
self-evolving learning, cross-domain generalization, and multi-agent coordination within a reusable perception-to-action
framework.
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3.7.2  Representative Technical Realization.

In complex interactive systems, heterogeneous observations may reflect physical conditions, resource demand,
agent states, task progress, and external disturbances. Their value formats, sampling intervals, and semantic meanings
are different. World model 2.0 must therefore first convert these heterogeneous observations into a common state
representation and establish a unified information interface. Each input type is encoded separately, and adapters then
map the resulting features into a shared state space. In Pandora’s architecture, for example, a state encoder extracts the
environment state, a language encoder processes the task or action, a cognitive backbone integrates both representations,
and a state generator reconstructs the next state [111].

After the shared state is formed, the key task is to make the action condition part of state evolution instead of

separating prediction from control. The state-transition distribution is written as [130]:
P(s; | si-1,a1-1,--.,51,a1) (47)

where P(-) denotes the conditional state-transition distribution. The distribution shows that the next state depends
jointly on historical states and actions, so actions directly enter the cognitive process.

After generating one state, the model appends it to the history and processes the next action, forming a continuous
autoregressive rollout. The same cognitive backbone can therefore repeat state understanding and action-conditioned
rollout across tasks without a separate predictor for each task.

For state representations and task instructions to interact in the same backbone, their representation spaces must
also be aligned. Let "M be the representation output by the cognitive backbone, Gadp (+) the adapter connecting the
backbone to the state generator, and ™ the generator’s original conditioning representation. The alignment objective
is [85]:

2

Lalign = ||gadp (eLM) —erf ) (48)

where Lqjig, is the representation-alignment loss. Minimizing it makes the backbone output readable by the state

generator. Training then proceeds in two steps: large-scale state and text data first provide stable state-generation and
task-understanding abilities; sequences with explicit actions and state changes then connect actions to their subsequent
effects through instruction tuning.

After training, the model receives current environment observations and a task objective, and handles state under-
standing, state rollout, and action generation in one process. It first assesses how candidate actions may change the
current state and then outputs a control action. The new observation after execution is fed back to update the next
state. This allows the learned state representation and action understanding to be reused across tasks and embodiments

and reduces information loss between rollout and control.

3.7.3 Use Cases.

The general cognitive architecture of world model 2.0 connects multimodal perception, task understanding, envi-
ronmental dynamics, future rollouts, decision generation, and action execution through shared states and interfaces.
Representative studies are summarized in Table 7. Its generality does not require a single network to implement every
function; instead, transferable internal states allow environmental understanding, prediction, and control to be reused
across tasks [153]. This approach has been explored in interactive simulation, robotic manipulation, autonomous driving,
and autonomous agents [116].

Xiang et al. [111] proposed Pandora, which combines natural-language actions, video states, and future-scene
generation in a unified framework, allowing a shared state-action interface to support controllable simulation across
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Table 7. Representative Studies on General Cognitive Architectures in World Model 2.0.

Paper title Domain Main content Main finding

Pandora: Towards General Interactive simu- Jointly models language actions and ~ Enables real-time, language-controlled
World Model with Natural lation / robotics  video states to generate future scenes. simulation across domains, demon-

Language Actions and / autonomous strating the feasibility of a general
Video States [111] driving / game language-vision state interface.
simulation
Astra: General Interactive Environment Unifies heterogeneous actions, includ- Maintains action responsiveness and
World Model with Autore- exploration / ing camera, navigation, and robot long-horizon temporal consistency
gressive Denoising [152]  robot control actions. across exploration, robot control, and
/ autonomous driving tasks.
driving
ADriver-I: A General Autonomous Recurrently predicts control signals ~ Enables internal closed-loop driv-
World Model for Au- driving and future scenes to form a vision- ing simulation without requiring 3D
tonomous Driving [46] action loop. bounding boxes or high-definition
maps.
Vista: A Generalizable Autonomous Generates future driving scenes under Provides high-fidelity, controllable pre-
Driving World Model with driving multi-level actions and evaluates ac-  diction in unseen scenes and supports
High Fidelity and Versatile tion reliability. action evaluation without ground-
Controllability [26] truth action labels.

domains. Zhu et al. [152] proposed Astra, which uses action-aware adapters, memory, and action experts to map
heterogeneous actions across exploration, robotics, and driving into a common predictive backbone. In autonomous
driving, Jia et al. [46] introduced interleaved vision-action representations that connect scene prediction with control, so
predicted future scenes can directly inform subsequent control signals. Gao et al. [26] combined future-state prediction,
multi-level driving controls, and action evaluation through a unified conditioning interface, enabling the same predictive
model to support planning and control across driving scenarios. These studies illustrate how shared states and explicit

interfaces can connect perception, prediction, action, and control across tasks and domains.

4 Challenges And Future Directions
4.1 Causal Understanding

Although recent world models increasingly support action-conditioned simulation, it remains difficult to determine
whether their latent dynamics capture stable causal mechanisms or mainly reflect correlations in the training data.
Objects, attributes, actions, and scene context are often entangled in latent states, making it difficult to distinguish
variables that merely predict an outcome from those that determine it [35]. Large-scale video data also contain relatively
few controlled interventions, which limits the evidence available for identifying action effects [30]. As a result, visually
plausible short-term predictions may still rely on invalid transition structures, with errors accumulating over long
horizons or emerging when mechanisms, embodiments, or sensors change [2, 10, 39].

Future models should develop hierarchical, action-grounded representations that distinguish entities, attributes,
relations, affordances, and action-conditioned transitions [80]. These representations should be learned from passive
video together with targeted demonstrations and interventions, allowing models to compare alternative actions and
their consequences [118]. Their reliability should be evaluated through intervention fidelity, counterfactual consistency,
object persistence, long-horizon error, and robustness to changes in dynamics and embodiment. Uncertainty estimates
should also indicate when a forecast is weakly supported [8].
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4.2  Multi-Future Reasoning

Action-conditioned world models can generate multiple possible futures, which can help planners reason under
uncertainty [107, 114]. However, it remains difficult to determine whether a set of futures is genuinely useful. Existing
methods do not always assess diversity, coverage, calibration, physical plausibility, and downstream decision quality
together [74, 147]. Individually plausible branches may also conflict with shared scene constraints, while rare but
consequential events and unseen combinations of objects, attributes, and motions remain poorly covered [5, 14, 147, 154].
These limitations make it difficult to determine whether additional branches improve safety and planning or merely
increase the number of possible outcomes.

Future benchmarks should therefore evaluate branch diversity, probability calibration, consistency, physical validity,
and planning performance together. To improve the quality of generated futures, models can combine hierarchical
temporal prediction with cross-branch constraints, risk-sensitive sampling, and explicit contingency branches. Physical
or causal constraints can further help maintain feasible long-horizon and compositional predictions, while planning-

oriented evaluation can test whether the generated branches improve actual decision quality.

4.3 Proactive Decision-Making

Action-centered world models increasingly connect future-state prediction with control generation [38, 68], but a
prediction-guided controller must capture more than visually plausible observations. Visual fidelity does not guarantee
that the model represents control-relevant factors such as contact, controllability, or task progress [15, 104]. When
predictions are used recursively for planning, early errors can distort later states and decisions, particularly when the
model must handle heterogeneous action interfaces [152]. Interactive settings further require decisions to account for
resource limits, safety constraints, and the responses of other agents [1, 33].

Future systems should prioritize action-relevant states and connect them directly to action generation. Uncertainty-
aware receding-horizon planning can update forecasts after each execution step and revise the remaining actions when
the observed outcome differs from the prediction. Joint-action prediction, counterfactual rollouts, and feasibility checks
can further help the planner account for constraints and other agents. Evaluation should therefore consider not only

prediction quality but also control feasibility, task progress, and decision robustness.

4.4 Open-Ended and Self-Evolving Learning

Recent work has begun to adapt world models through deployment-time interaction [121, 127]. The remaining challenge
is to ensure that these updates improve the model without reinforcing misleading feedback or erasing previously
acquired capabilities. Reliable updating first requires distinguishing useful prediction errors from invalid feedback. For
example, an action may lead to a visually plausible state while being physically unreachable, so predicted transitions
need to be checked before they are stored [69, 70]. Even when new feedback is valid, adapting to new dynamics can
cause forgetting [135]. Large interaction histories are also difficult to reuse unless the system can retrieve and combine
relevant memories rather than treating all experience as a single replay buffer [94, 109].

Future systems should select updates using prediction error together with action reachability, novelty, uncertainty,
recurrence, and downstream task impact. Stable knowledge should be separated from rapidly changing experience,
while interaction histories should be converted into structured rules, causal relations, affordances, and skills whose
provenance and confidence can be tracked. Evaluation should examine long-term adaptation, retention of previous
capabilities, and recovery from harmful updates rather than focusing only on short-term task improvement [145].
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4.5 Cross-Domain Generalization

World models increasingly use geometry-aware representations, shared motion spaces, and synthetic trajectories to
transfer dynamics across domains [44, 50, 52]. However, transfer remains unreliable when changes in appearance,
physical dynamics, action interfaces, and target-domain data occur together. Transfer can fail when domain-specific
appearance or sensor conditions become entangled with the dynamics representation, distorting predictions even when
the underlying physical rules remain stable [57, 83]. Even when the dynamics transfer, differences in embodiment
and actuator limits may prevent the learned representation from producing executable actions [134, 151]. Sparse
target-domain interaction further makes it difficult to distinguish a genuine dynamics shift from noise or an unusual
event [45, 62].

A more transferable model should factorize domain-invariant dynamics, appearance-dependent observations, and
embodiment-specific action interfaces. Transfer should also include reliability estimates that indicate whether the model
can be used directly or requires calibration and further interaction. Future evaluation should measure long-horizon
prediction, action feasibility, recovery from model mismatch, and data efficiency together. Such evaluation can clarify

whether a model has learned reusable dynamics or only adapted to domain-specific regularities.

4.6 Multi-Agent Coordination

Multi-agent world models extend prediction beyond isolated agents by representing shared environments and the
effects of joint actions [95, 108, 131]. Reliable coordination, however, depends on whether agents can maintain accurate
and compatible beliefs as their interactions become more complex. Coordination begins with inferring a reliable shared
state from partial and heterogeneous observations; errors in what agents know about the environment or one another
can propagate into conflicting plans [55, 140]. As the team grows, the joint action space and the number of interaction
dependencies make prediction and planning more costly [32]. Even when local predictions are individually plausible,
differences in viewpoint, timing, or inferred scene structure can leave the resulting plans globally incompatible [92].
To support coordination, shared states should represent agent identity, spatial relations, uncertainty, and communi-
cation status. Joint dynamics can then be factorized into individual action effects, interactions, and global constraints,
reducing planning cost while preserving important dependencies. Future benchmarks should test how coordination
responds to changes in team size, observation coverage, communication delays, agent failures, and conflicting objec-
tives. They should also evaluate whether agents can maintain compatible beliefs and recover when communication or

observations are incomplete.

4.7 General Cognitive Architecture

Recent work aims to connect multimodal perception, language-conditioned actions, state prediction, and feedback
through reusable architectures with shared representations and interfaces [110, 111]. The challenge is to make these
components work together while preserving the information and constraints needed by each one. Language, vision,
and action differ in temporal scale, semantic structure, and uncertainty, so a shared representation can create alignment
errors or obscure task-relevant information [59, 98]. Even when abstract reasoning is coherent, its plans may rely
on unreachable states or unexecutable actions [142]. These gaps can persist at the system level because perception,
memory, prediction, planning, and control may operate at different timescales or optimize different objectives, leaving

failures at the interfaces between components [36].
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Fig. 3. Deployment of world model 2.0 in an autonomous driving system. Multimodal observations from cameras, LiDAR, radar,
and vehicle-to-everything (V2X) communication are encoded into a shared environmental representation. Causal understanding
and multi-future reasoning use this representation to analyze state changes and compare the outcomes of alternative maneuvers.
Proactive decision-making then selects control actions, such as steering, acceleration, or braking, before execution. The observed
consequences and prediction errors are fed back to update the model dynamics and memory, supporting self-evolving learning.
Cross-domain generalization enables transfer across cities, road conditions, and sensor configurations, while multi-agent coordination
models the behaviors and interactions of surrounding vehicles and roadside units. The general cognitive architecture provides the
shared representations and interfaces that connect these capabilities into a closed-loop driving system.[86, 91, 106, 117]

Future architectures should use structured shared states and explicit interfaces between perception, memory, dy-
namics, planning, and control, while modality-specific encoders retain information needed by their respective tasks.
Closed-loop interaction can help these components revise predictions and plans in response to executed actions and
feedback. Evaluation should therefore examine state understanding, long-horizon prediction, intervention reasoning,
action feasibility, planning, transfer, and reliability under distribution shift rather than relying on a single end-task

score.

4.8 A Representative Application Scenario

Fig. 3 illustrates the closed-loop driving workflow. Multimodal observations support causal analysis and comparison of
alternative maneuvers [107, 148]; the selected action is then evaluated against execution feedback, which updates the
model and memory [102, 121]. Cross-domain generalization and multi-agent coordination extend this workflow across

driving conditions and interacting road users [43, 108].

5 Conclusion

This paper introduces world model 2.0 as a general cognitive architecture for complex interactive environments. It

develops a taxonomy of six core capabilities and examines how the architecture connects them, reviews representative
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methods and applications, and identifies key challenges and future research directions. The reviewed work shows
that these capabilities have been explored in different settings, while their integration and reliable evaluation within a

unified architecture remain open problems.
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