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ABSTRACT
The next generation of autonomous agents must not only learn

efficiently but also act reliably and adapt their behavior in open

worlds. Standard approaches typically assume fixed tasks and en-

vironments with little or no novelty, which limits world models’

ability to support agents that must evolve their policies as condi-

tions change. This paper outlines a vision for foundation world
models: persistent, compositional representations that unify rein-

forcement learning, reactive/program synthesis, and abstraction

mechanisms. We propose an agenda built around four components:

(i) learnable reward models from specifications to support optimiza-

tionwith clear objectives; (ii) adaptive formal verification integrated

throughout learning; (iii) online abstraction calibration to quantify

the reliability of the model’s predictions; and (iv) test-time synthesis

and world-model generation guided by verifiers. Together, these

components enable agents to synthesize verifiable programs, derive

new policies from a small number of interactions, and maintain

correctness while adapting to novelty. The resulting framework

positions foundation world models as a substrate for learning, rea-

soning, and adaptation, laying the groundwork for agents that not

only act well but can explain and justify the behavior they adopt.
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1 INTRODUCTION
In the last decade, reinforcement learning (RL [61]) has achieved re-

markable empirical progress, from surpassing human performance

in high-dimensional games [36, 37, 50] to mastering complex real-

world control tasks such as energymanagement, robotics, epidemics

mitigation [24, 35, 57, 68]. Beyond control and decision-making,

RL has also become central to the post-training of large language
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models (LLMs). Techniques such as RL from human feedback, veri-

fiable rewards, and other variants [21, 46, 48, 51] have turned RL

into a general framework for aligning agents with qualitative goals

such as coherence, safety, or reasoning depth. These advances, how-

ever, have largely relied on reward maximization and massive data

collection, with little understanding of the structure underlying

the learned agent’s behaviors. Aligning agents’ intended behav-

iors with designed or learned reward models remains deeply chal-

lenging: it is prone to reward hacking, fragile to misspecification,

and often demands extensive engineering. In addition, modern ap-

proaches couple RL with deep neural networks to scale to large

domains. As a result, learning guarantees no longer hold, poli-

cies may drift from the designer’s intent, and fail to respect safety

constraints. Despite numerous efforts to regularize or constrain

learning [4, 10, 23, 27, 41–43, 70, 76, 77], the ability to guarantee cor-

rectness remains fundamentally elusive. The question is no longer

whether agents learn efficiently, but whether they learn reliably.

In contrast, reactive synthesis [11, 55] offers a complementary

paradigm rooted in formal methods. Given a model of the envi-

ronment (e.g., a Markov process [56]) and a logical specification of

the desired behavior, synthesis algorithms construct control poli-

cies that are correct by design. These methods guarantee that the

induced agent’s behaviors satisfy the specification, providing the

transparency and guarantees missing from most learning-based

systems. Yet, their scope remains limited: the need for explicit, finite

models of the environment and the cost of exhaustively exploring

large state spaces to construct guaranteed policies render them

impractical for the open-ended, general, uncertain domains where

learning excels. The two fields thus stand as mirror images: one

efficient, scalable but ungrounded, the other reliable but rigid.

Bridging these paradigms is a defining challenge for the future
of the (Multi-)Agent Systems community: in many multi-agent do-

mains, ranging from marketplaces to autonomous mobility, agents

must adapt to uncertainty while still satisfying global coordination

and safety constraints. Purely reward-driven multi-agent RL often

yields unstable or undesired behaviors, while purely synthesized

policies rely on fixed models and rigid interaction assumptions

[20, 75]. Recent integrations of multi-agent learning with temporal-

logic objectives [38, 39] highlight the need for methods that ensure

adaptation and correctness. A unified perspective would support

flexible learning of interaction patterns while maintaining verifiable

guarantees over joint behavior in open multi-agent systems.

Beyond theoretical convergence, current AI trends make guar-

anteed policy synthesis urgent. The rise of foundation models
and agentic AI frameworks has renewed interest in systems that

reason over goals, tools, and environments expressed in natural

language. First, adaptive and unsupervised RL highlight the need
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Figure 1: Given a specification 𝜑 formalizing the intended agent’s behavior,1 a rewardmodel is automatically converted/generated
from 𝜑 . Simultaneously with optimizing the return, the agent learns a representation of the observations through the state
space of a verifiable world model. Consequently, the policy is learned directly on this representation. To provide the guarantees,
the world model is processed through a verifier (e.g., a model-checker). The verifier’s output guides the agent or corrects the
policy as needed. At any time, the verifier can return a certificate on both specification satisfaction and the abstraction quality
of the world model. Note that we do not assume to have access to the explicit environment dynamics (simulating it is sufficient).

for representations that persist across tasks and agent populations,

rather than being retrained from scratch [1, 2, 52, 59, 63, 65]. In

this context, the “train-then-verify” paradigm [8, 9, 25, 28, 29], in

which a policy is first learned and later verified for compliance,

remains conceptually unsatisfactory and computationally brittle in

dynamic environments, evolving goals, and distributed settings where
agentsmust continuously adapt while preserving constraints.
Second, LLMs already exhibit rudimentary forms of reactive behav-

ior: they interpret instructions, generate sequences of actions, and

adapt decisions from interaction feedback [71]. Yet, they lack the

formal backbone needed for correctness and long-term reliability.

Integrating LLM-based reasoning with formal verification — by

treating language as a medium for generating, refining, and testing

specifications — offers a route toward interpretable and verifiable

intelligence. For instance, LLMs can act as specification refiners,

translating high-level objectives into temporal-logic constraints or

decomposing tasks into verifiable subtasks (e.g., [15]).

The vision: learning verifiable world models. We argue that the

next generation of intelligent agents should learn verifiable world
models: internal representations that are not only predictive but
also formally analyzable. Learning and verification become in-

tertwined: as agents interact with their environment, they refine a

predictive model while building a symbolic abstraction on which

reasoning and verification can operate. This joint structure enables

efficient planning, online guarantees, and the ability to detect,
quantify, and correct deviations from intended specifications. In

this sense, it bridges empirical learning and formal reasoning and

points toward reliable, adaptive, and self-improving (multi-)agent

systems.

This vision builds upon emerging evidence that such integration

is feasible. Recent research demonstrates that world models can be

learned withmeasurable abstraction error [28, 29], that deepmodel-

based RL can exploit learned, local dynamics to achieve guaranteed

safe policy improvement [26], and that learned representations can

be lifted to the symbolic level for compositional synthesis [15, 27,

53, 77]. These developments suggest that RL and reactive synthesis

1𝜑 can be provided by the user or be generated from experiences by an LLM.

need not be antagonistic paradigms but can form the two halves of

a coherent framework for reliable autonomy.

2 LEARNING VERIFIABLE WORLD MODELS
Achieving reliability and adaptability in autonomous agents de-

mands that learning, verification, and reasoning become parts of a

single closed loop. This direction is promising and aligns with re-

cent agendas on safe AI [22] and with industrial interest in runtime

verification for machine learning systems [30]. We envision agents

that continuously learn, verify, and refine their own internal
models of the world. These self-verifying agents will not rely on

externally imposed models or post-hoc safety checks; instead, they

will build world models that are formally analyzable as they learn

them, preserving guarantees of correctness and safety throughout

their evolution. The general framework is depicted in Fig. 1.
At the core of this vision lies the concept of RL-Synthesizers:

agents that treat learning itself as a synthesis problem. Each inter-

action cycle with the environment will jointly improve a predictive

model, strengthen a symbolic abstraction of that model, and test

compliance with a formal specification. The boundary between

learning to act and reasoning about action will vanish: logical rea-

soning becomes part of the learning process itself, guiding policy

updates rather than evaluating them afterward.

As a concrete example, consider a package-delivery agent in

a dynamic warehouse: it must deliver a package while avoiding

collisions with workers and robots. In the following, we will use

this thread to illustrate the components illustrated in Fig. 1.

Learning from Formalized Rewards. Reward design remains a

persistent source of brittleness in RL. Translating human intent

into scalar feedback often requires extensive tuning and rarely

ensures that the resulting policy reflects the intended objective. A

promising path is to replace manual shaping with formally specified

reward models: functions derived from logical or programmatic task

descriptions that retain semantic clarity and verifiability.

Temporal-logic–based translations, such as those introduced in

[14] and other approaches incorporating LTL reasoning [54] into

RL [5, 13, 58, 64], already point in this direction. That way, in the
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package delivery thread, a property such as “eventually deliver

while always avoiding collisions” can be translated into a reward

model, aligning optimization and specification satisfaction. Yet most

approaches emphasize expressiveness over statistical learnability:

in general, learning with traditional LTL objective is intractable

[12, 69]. Learnable alternatives leverage reward machines but lead

to extremely large structures [6], impeding formal verification. Re-

cent studies [25] have shown that certain logics, for example, the

discounted logic of De Alfaro et al. [3], retain much of LTL’s expres-

siveness while being computably efficient and PAC-learnable. De-
spite these advantages, such learnable fragments have been largely

overlooked in contemporary RL research. Revisiting them is timely:

when coupled with world-model abstraction, they enable differ-

entiable and compact reward formulations whose optimization

directly aligns with satisfaction of the underlying specification.

Together, these developments suggest that future agents should

treat reward generation itself as a formal synthesis problem: combin-

ing learnable logics, programmatic representations, and language-

based refinement to ensure that optimization and verification oper-

ate on the same semantic ground.

Verification During Learning. Recent advances have increasingly
blurred the boundary between deep learning and verification. Tech-

niques such as probabilistic shielding [4, 23, 42, 45, 70] and the

learning of neural certificates [10, 34, 41, 49, 73, 76, 77] already em-

bed formal reasoning into the training process. They aim to ensure

safety or specification satisfaction as the agent learns, rather than

verifying a static policy post hoc. Yet these methods still rest on

strong assumptions: they either presuppose access to an accurate,

explicit model of the safety aspects of the environment, require the

full dynamics to be known and differentiable, or do not scale to

large domains. In open-ended settings, such assumptions collapse,

limiting applicability precisely where guarantees are most needed.

A promising direction is to treat verification not as a one-time

property of a model but as a continuous process of calibration
between the learned world model and the real environment. As

the agent updates its internal model, it simultaneously evaluates

how the satisfaction of the specification evolves under model uncer-

tainty. This allows the agent to track and quantify the confidence

in its own guarantees, yielding a form of runtime formal rea-
soning. When the satisfaction margin falls below a safe threshold,

the verifier can steer exploration toward critical regions, trigger

additional data collection, or refine the world model, effectively

transforming guarantees into adaptive control signals. In the de-

livery example, if traffic patterns shift and the safety margin drops,

verifier feedback can reject risky updates and redirect exploration.

A concrete route to verification during learning may build on

the theory of Safe Policy Improvement (SPI [16, 33, 47, 60, 62, 67]),
which guarantees that new policies do not degrade performance

relative to a baseline. Intuitively, SPI maintains a set of plausible

world models consistent with the collected data and accepts a pol-

icy update only when improvement can be certified under all such
models. This makes SPI a canonical instance of learning and for-

mal reasoning co-evolving. While effective in offline and tabular

settings, these methods require extensive data collection and do

not scale to general spaces. Extending this to online, more general

settings, deep RL agents could maintain such safety guarantees

as their models evolve. While this extension is non-trivial, recent

works enable such a deep analogue of SPI theorems [26], but do

not offer practical algorithms explicitly leveraging the world model

to act; doing so would allow the agent to reason beyond the distri-

bution of experiences on which the model was trained, which is a

clear direction toward broader adaptability.

Suchmechanisms point toward self-calibrating verification, where

reasoning adapts jointly with learning. The verifier is no longer an

external auditor but a co-evolving module that constrains policy

updates according to the learned model’s reliability. This turns ver-

ification into an active feedback mechanism: a continuous dialogue

between learning, uncertainty, and formal correctness.

Abstraction and World-Model Calibration. At the foundation of

any verifiable learning process lies the question of representation:

how to model the environment compactly without losing the behav-
ioral properties that matter for reasoning. For agents that learn and

verify, abstraction is not a preprocessing step but a continuously

maintained contract between the learned world model and the true

environment. The reliability of any verification or synthesis com-

ponent ultimately depends on how well this contract is calibrated.

Traditional abstraction mechanisms, such as bisimulation metrics
[31], quantify behavioral equivalence by bounding discrepancies

between transition probabilities and rewards. In modern RL, these

metrics have been extended to learned latent representations [7, 17,

32, 66, 74], enabling approximate verification of neural policies and

symbolic reasoning over compressed dynamics [28, 29]. Yet current

estimators of abstraction error are conservative and often static,

assuming fixed data distributions or fully explored state spaces. As

policies evolve, such assumptions no longer hold: the abstraction

must remain mathematically valid while drifting away from the

parts of the environment the agent actually visits. For example,

after training on the main corridor, the RL agent may identify a

rarely visited shortcut as a high-reward choice. The world model

predicts it as safe, but unseen forklift traffic can violate collision

avoidance unless the verifier marks that route as uncertified.

A crucial step forward is to make abstraction certificates adap-
tive: updated online as the agent collects data and revises its world

model. This involves estimating local abstraction error, uncertainty,

or divergence and feeding this information back to the verifier and

planner. The resulting coverage-calibrated world models would

provide a principled basis for determining when model-based rea-

soning can be trusted. Within this framework, abstraction bounds

act as dynamic confidence radii that govern rollout budgets, plan-

ning horizons, or the activation of verification routines.

3 FOUNDATIONWORLD MODELS
Adaptive abstraction opens the door to a broader goal: building
persistent, general-purpose world models for open environments:

We see foundation world models as persistent, struc-
tured representations of open environments that unify dy-
namics, abstractions, and semantic knowledge. They act

as reusable substrates that can be queried zero- or few-shot
to synthesize or adapt policies, verify specifications, and

guide behavior in unseen situations.
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Such models would capture not only predictive dynamics but also

the logical and relational structure of the environment: how local

behaviors compose, what invariants hold, and under which ab-

stractions guarantees remain valid. The objective is to move from

isolated models learned per task toward persistent, verifiable priors

that generalize across tasks and domains.

A foundation world model differs from conventional predictive

models in three ways. First, it integrates abstraction and calibra-
tion as first-class components: each learned representation carries

an explicit reliability measure, linking model accuracy to formal

guarantees. Second, it encodes compositional structure, allowing
previously learned fragments (such as verified local controllers

or programmatic dynamics) to be assembled into novel behaviors.

Third, it supports semantic querying: by conditioning on formal

or linguistic task descriptions, the model can generate consistent

world abstractions or policy priors for unseen objectives.

Recent research in unsupervised RL [52, 59, 65] and compositional
synthesis [15, 27, 53, 77] provide evidence that these properties

are attainable. Metric-aware representation learning suggests that

temporal distance and behavioral similarity can guide the formation

of transferable abstractions; modular or programmatic world-model

frameworks show that local dynamics can be encoded as reusable

components; and hierarchical control architectures demonstrate

how verified local policies can be synthesized into globally correct

strategies. Together, these advances draw a path toward foundation

world models that unify generalization, structure, and verifiability.

Such models underpin the integration of learning and verifica-

tion. They provide an analyzable substrate on which logical specifi-

cations can be generated, verified, and composed, enabling agents

to acquire new competencies without retraining by reasoning over

the verifiable components already contained in their world model.

LLMs as Specification Refiners. Even the most robust foundation

world model cannot anticipate every new configuration of an open

world. When confronted with novel dynamics or goals, agents

must rapidly form structured hypotheses about how the world

behaves and how their objectives should be reformulated [18, 19, 72].

Both classical RL and LLM-based agents struggle in this setting:

fast adaptation often requires retraining, and newly encountered

constraints must be rediscovered from scratch. What is missing is

a mechanism for learning world models and specifications at test
time, grounded in formal reasoning and prior knowledge.

We propose an interactive refinement loop in which an LLM

collaborates with a verifier to construct and validate new world

models on the fly. This loop enables agents to synthesize verifiable

programs and derive new policies after only a few interactions in

an unseen environment.

(1) Specification and decomposition. When the agent encounters

unseen environment’s regions, the LLM proposes candidate

task specifications or decompositions (e.g., temporal-logic

formulas or automata) derived from human instructions or

from the agent’s initial exploratory trajectories.

(2) Program generation. The observations then serve as a basis

for the LLM to generate verifiable programs in a formal mod-

eling language (e.g., Prism [44]) that can be processed by

probabilistic model checkers (e.g., Storm [40]). These pro-
grams act as world models, capturing hypothesized causal
or temporal relationships observed in the new environment.

(3) Formal verification. The verifier checks the validity of the

generated programs against its specifications and optionally

reports counterexamples or structural inconsistencies.

(4) Revision and synthesis. The LLM integrates this feedback to

refine the program or propose new sub-tasks. The world

model-programs and subtasks can then be used for planning,

RL, or reactive synthesis to derive “low-level” policies or

exploratory behaviors in the newly encountered domain.

(5) Repeat. Execute a low-level policy for a specific sub-task,

collect new experiences, and repeat from step (1).

This process mirrors human reasoning: the agent alternates be-

tween hypothesis generation, verification, and empirical testing.

Successive refinements would yield world models that are both

compact and verifiable, enabling fast adaptation without retraining.

In the package-delivery example, a blocked corridor invalidates part

of the original specification; the LLM thus refines that specification

accordinlgy, regenerates the corresponding program, and submits

it for formal verification. Then, the resulting program can be used

as a world model to guide the policy to avoid the blocked corridor.

Importantly, the verifier’s feedback can also serve as a formally
verified reward signal. Thus, this reward may be used to reinforce
the LLM’s capacity to produce consistent, valid, and executable pro-

grams in RL post-training. This closes the learning loop: successful

verifications provide positive reinforcement, while counterexam-

ples penalize inconsistent hypotheses.

This mechanism enhances adaptability by letting agents syn-

thesize new abstractions and policies in situ, guided by logical

structure and formal feedback. Yet, this interactive loop remains

challenging: generated programs may be inconsistent, verification

can bottleneck repeated refinement, and abstraction or specifica-

tion drift can amplify errors; robust deployment therefore requires

stable, efficient inconsistency detection and feedback integration.

4 CONCLUSION
The trajectory of AI agents has long oscillated between empirical

efficiency and formal correctness. RL yields increasingly competent

agents, yet their behavior can be difficult to trust and interpret,

whereas formal methods offer guarantees but depend on fixed mod-

els. Our vision reconciles these traditions by shifting what agents

should learn: not only a policy, but a verifiable understanding of

the world.

Our agenda rests on four components: formalized rewards tie op-

timization to intended task semantics; verification during learning

turns correctness into an adaptive control signal; abstraction and

world-model calibration quantify when model-based reasoning can

be trusted; and LLM-based refinement supports test-time synthesis

of specifications and programs in open environments.

Together, these components define foundation world models:

persistent, compositional, and verifiable representations that unify

perception, reasoning, and formal analysis. For the (Multi-)Agent

Systems community, this shifts the goal from optimizing behavior in

fixed domains to designing architectures that construct and certify

their own domains of competence.
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