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Abstract

Digital twins have become a central paradigm for cultural heritage documentation, monitor-
ing, and preventive preservation. Yet, when cultural heritage systems promise prediction,
simulation, intervention planning, and decision support, a more explicit account is needed
of the computational commitments behind such claims. This position paper proposes the
notion of the heritage world model as a conceptual and architectural abstraction that uses
the semantic digital twin as its representational layer and extends it toward prediction,
memory, uncertainty-aware reasoning, and intervention evaluation. We define a heritage
world model as a structured, temporally updated, semantically grounded, and action-aware
model of a heritage asset and its preservation environment, capable of integrating observa-
tions, estimating latent risk states, predicting plausible future trajectories, and evaluating
interventions under uncertainty. The paper does not present a validated deployed system.
Rather, it clarifies the architectural conditions under which a decision-support digital twin
infrastructure could support the kind of world-model-like preservation system proposed
here. It further argues that such a model becomes operationally meaningful only when
it includes a human-supervised controller layer that maps semantic state, predicted risk
trajectories, uncertainty, memory, and institutional constraints into preservation-relevant
actions, alerts, monitoring adaptations, or requests for expert review. Sensor data, remote
sensing, computational models, risk assessments, policies, and conservation actions are
interpreted as possible observational, dynamic, and intervention layers of a heritage world
model. The paper reviews adjacent work in heritage digital twins, semantic and reactive on-
tologies, risk-aware preservation, agentic AI, and modern AI world models, and proposes
a research agenda for moving toward predictive, memory-bearing, and intervention-aware
preservation intelligence.

Keywords: world model; cultural heritage; digital twins; PANOPTES; ARGUS; semantic
digital twins; agentic AI; ontology; risk memory; preventive preservation; decision support

1. Introduction
Cultural heritage preservation increasingly operates under conditions of uncertainty,

acceleration, and exposure. Heritage assets are affected by environmental, climatic, struc-
tural, anthropogenic, and institutional pressures that unfold across multiple temporal
and spatial scales. Remote archaeological sites, exposed monuments, historic buildings,
underground cultural landscapes, and fragile material remains are rarely threatened by
a single isolated factor. More often, deterioration emerges through the interaction of hu-
midity, temperature, rainfall, geological instability, visitor pressure, vegetation, pollution,
structural weakness, maintenance strategies, and delayed decision-making.
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Digital twins have been proposed as a response to this complexity [1–4]. In cultural her-
itage, they promise to move beyond static documentation by integrating three-dimensional
models, geospatial context, sensor streams, remote sensing, semantic knowledge, predictive
analytics, and visualization. In this sense, the digital twin is no longer simply a digital
replica. It becomes a dynamic infrastructure, a living digital entity, for observing and
managing the condition of a heritage asset over time.

However, a conceptual tension remains. When cultural heritage digital twins are
described in terms of decision support, the computational meaning of this capacity is not
always specified. The digital twin concept is broad enough to include monitoring, simula-
tion, analytics, and decision-support ambitions, and heritage-oriented semantic/reactive
models, such as HDTO/RHDTO, explicitly move the discussion toward sensors, reactivity,
and decision processes [4–6]. However, the literature still lacks a clearly articulated archi-
tecture that combines semantic state estimation, latent risk modeling, uncertainty-aware
memory, action-conditioned prediction, and policy-constrained control as an explicit closed
preservation loop.

This paper introduces the term heritage world model for this stronger abstraction and
studies it explicitly as a closed-loop preservation architecture. The term is intentionally
adapted from contemporary artificial intelligence, where world models refer to internal
representations that enable agents to understand, predict, simulate, and act within an
environment [7–11]. In machine learning and autonomous systems, world models are
commonly associated with learned dynamics, latent state spaces, action-conditioned predic-
tion, imagined rollouts, planning, and memory. In cultural heritage, the same idea cannot
be imported naively. Heritage preservation is not a video-game environment, a robotic
control task, or a generic physical simulator. It is a socio-technical, material, historical,
and value-sensitive domain in which observations, meanings, risks, and interventions must
remain interpretable.

A related move from digital twins toward world models is also emerging in other
technical domains, where digital twins are discussed as structured representations that
can feed predictive world-model architectures for edge intelligence and action-oriented
reasoning [12]. The heritage world model proposed here is therefore not a purely neural
simulator. It is a hybrid semantic-predictive architecture that uses the digital twin as a
structured representational layer and adds explicit state estimation, temporal memory,
prediction, uncertainty representation, and intervention-aware reasoning.

The central claim of this paper is not that heritage world models replace digital
twins, nor that all existing digital twins are passive. Rather, the claim is that a decision-
support digital twin invokes an implicit world-model hypothesis whenever it promises to
reason about future deterioration and intervention consequences. The proposed heritage
world model abstraction makes that hypothesis explicit. A digital twin may represent,
synchronize, and integrate evidence; a heritage world model organizes the broader closed-
loop architecture required when the system is expected to estimate latent preservation
states, predict possible futures, and compare the consequences of action. This also implies
a controller layer within the heritage world model architecture. If the digital twin provides
the structured representation of the heritage asset, the heritage world model uses this
representation as part of a broader architecture for estimating latent preservation states,
predicting how the preservation world may evolve, and supporting decisions about what
should be done next. In cultural heritage, this controller layer should not be understood
as a low-level motor controller or an autonomous actuator policy. It is better understood
as a human-supervised preservation controller: a decision mechanism that transforms
predicted risks, semantic evidence, uncertainty, previous interventions, and institutional
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constraints into accountable preservation actions, alerts, recommendations, monitoring
adaptations, or requests for further observation.

In this paper, agentic AI refers not to autonomous replacement of heritage experts,
but to AI-supported reasoning systems capable of using memory, semantic context, pol-
icy constraints, and predicted futures to generate explainable recommendations under
human supervision.

The PANOPTES ontology, developed within the ARGUS EU project1, provides a con-
crete semantic basis for examining this shift [13–15]. PANOPTES was designed to integrate
heritage assets, spatiotemporal asset states, measurements, instruments, diagnostic pro-
cesses, computational models, predictions, threats, policies, decisions, and documentation
within an interoperable semantic framework2. Its later agentic extension embedded struc-
tured risk memory through the ICCROM/CCI ABC method, enabling the semantic encod-
ing of risk episodes, policy responsiveness, and explainable preservation reasoning [16,17].
A further reflexive extension, based on evolving actor-network ontologies, introduced the
possibility that semantic structures themselves may evolve in response to stakeholder con-
stellations, contested meanings, and emergent preservation contexts [18–21]. PANOPTES
is used here as a concrete semantic basis through which the proposed abstraction can be ex-
amined. It is not proposed as the definition of a heritage world model, and the concept
is not intended to depend on PANOPTES specifically. From this perspective, PANOPTES
can be interpreted as one possible semantic state space for a heritage world model, where
ontology entities, temporal structures, provenance traces, risk representations, predictive
components, and policy constraints jointly support preservation reasoning.

The contributions of this position paper are fourfold:

1. It introduces the concept of the heritage world model as an architectural abstraction for
decision-support cultural heritage digital twins.

2. It synthesizes relevant work on heritage digital twins, semantic and reactive heritage
ontologies, risk-aware decision support, agentic AI, and modern AI world models.

3. It maps PANOPTES and its agentic/reflexive extensions onto the structural compo-
nents of the proposed heritage world model abstraction, while treating PANOPTES as
a worked semantic basis rather than as the concept’s definition.

4. It proposes illustrative scenarios, a synthetic operational sketch, and a research
agenda for operationalizing the proposed heritage world model abstraction in pre-
ventive preservation.

This paper introduces the term heritage world model to describe a closed-loop preser-
vation architecture that is not yet established as such in the cultural heritage literature.
The manuscript should therefore be read as a position paper and architectural proposal, not as a
report of a validated deployed system. Its aim is to define the conceptual scope of this pro-
posed abstraction and to outline the computational commitments required for predictive,
memory-bearing, uncertainty-aware, and intervention-aware preservation systems built
over semantic digital twin infrastructures.

2. From Heritage Digital Twins to Predictive Preservation Systems
The digital twin concept originated in engineering and cyber-physical systems, where

it denotes a digital counterpart of a physical asset or process that remains synchronized
with its real-world referent [1,2]. In cultural heritage, the idea has been adopted to sup-
port documentation, monitoring, visualization, preventive conservation, and heritage
management [3–5,15]. Heritage digital twins may combine 3D models, HBIM structures,
GIS layers, sensor readings, environmental records, material information, inspection data,
and conservation histories. This expansion has been important because conventional digital
documentation remains largely static. A 3D model of a monument, an HBIM representa-
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tion of a historic building, or a GIS inventory of heritage locations may support access,
visualization, and documentation, but it does not necessarily provide dynamic understand-
ing. Preventive preservation requires continuous observation, interpretation of change,
prioritization of risks, and selection of interventions before irreversible damage occurs.

At the same time, it would be misleading to define the digital twin concept only
as passive representation. In the broader digital twin literature, monitoring, simulation,
analytics, and decision-support are often treated as possible ambitions of the paradigm,
while heritage-oriented semantic and reactive approaches such as HDTO/RHDTO explicitly
move the discussion toward sensors, reactivity, and decision processes [4–6]. The argument
of this paper is therefore not that digital twins are passive or that they should be replaced
by a different established paradigm. Rather, the paper introduces the term heritage world
model as a proposed abstraction for making explicit the computational architecture required
by decision-support digital twins when their claims depend on state estimation, latent
risk modeling, action-conditioned prediction, uncertainty-aware memory, and policy-
constrained control.

Semantic approaches to heritage digital twins address part of this landscape by in-
troducing ontologies and knowledge graphs [4,5,22,23]. CIDOC CRM remains the foun-
dational reference model for cultural heritage interoperability [24,25], while extensions
and complementary models such as CRMdig, CRMsci, CRMba, LIDO, EDM, and domain-
specific ontologies support documentation, provenance, scientific observation, and cultural
data integration. These models are important because world-model-like reasoning should
remain connected to semantic interoperability, provenance, and cultural documentation.
However, descriptive semantic interoperability alone does not define a world model.
The additional requirement is that semantic state, observation history, latent risk, predic-
tion, uncertainty, policy, and action become part of an explicit closed-loop preservation
architecture. The Heritage Digital Twin Ontology (HDTO) and related work by Niccolucci,
Felicetti, Hermon, and collaborators mark an important step toward formalizing the her-
itage digital twin itself as an ontological construct [4,22]. HDTO connects cultural heritage
documentation with the digital twin paradigm and introduces explicit semantic relations
between heritage entities and their digital counterparts. The Reactive Heritage Digital Twin
Ontology (RHDTO) further extends this direction by incorporating sensors, activators,
and decision processes, thereby shifting the twin from a synchronic documentary structure
toward a diachronic and reactive system [5,6]. This line of work provides a directly relevant
semantic and reactive heritage-digital-twin foundation for the direction proposed here.
The heritage world model abstraction extends this direction by making explicit the broader
closed-loop architecture required for latent-state estimation, prediction, uncertainty-aware
memory, policy-constrained reasoning, and accountable intervention.

Beyond ontology-centered digital twins, the proposed framing is also related to pre-
ventive preservation modeling and decision-analysis traditions. Risk-based preventive
preservation has a long tradition in cultural heritage, including cultural property risk
analysis and the ICCROM/CCI ABC method [16,26]. Hygrothermal monitoring and simu-
lation have been used to study historic buildings and preventive conservation scenarios,
including risk-based indoor climate analysis and validation of dynamic hygrothermal
models for historical buildings [27–29]. Heritage Building Information Modeling has
also been reviewed as a framework for documenting, analyzing, and managing heritage
buildings [30]. Bayesian or dependency-based models have been proposed for risk and de-
pendency modeling in preventive conservation [31], while multi-criteria decision-making
approaches have been applied to heritage assessment, adaptive reuse, and preventive main-
tenance prioritization [32–34]. Agent-based modeling has similarly been used to under-
stand tourism and visitor-flow dynamics in spatial settings, including sustainable tourism
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and heritage-site management [35–37]. These approaches are relevant to the construction
of the proposed heritage world model architecture over digital twin infrastructures because
they provide possible implementations of transition dynamics T, latent risk estimation
Z, uncertainty representation U, and controller objectives C. However, in the literature
reviewed here, these methods are typically presented as analytical tools rather than as
semantically integrated, provenance-aware, policy-constrained components of a live dig-
ital twin. The proposed heritage world model should therefore be understood not as a
replacement for these methods, but as an architectural framework within which they can
be connected, interpreted, and governed.

The work in the ARGUS EU project can be interpreted as occupying such an in-
termediate position [13–15]. Its digital twin vision is not restricted to 3D representation
or documentation. It explicitly combines multimodal sensing, remote sensing, AI-based
threat analysis, semantic modeling, risk assessment, decision support, and participatory
heritage management. PANOPTES formalizes many of the entities required to make this
operational. It represents heritage assets, asset states, measurements, instruments, proto-
cols, physical quantities, diagnostic interpretations, computational models, predictions,
threats, policies, rules, decisions, events, visualizations, and cultural documentation. It
also aligns with CIDOC CRM, SOSA/SSN, PROV-O, GeoSPARQL, OWL-Time, and FAIR
principles [13,17,24,38–42]. In this sense, PANOPTES already captures much of the seman-
tic and procedural structure required for preservation-oriented reasoning, since obser-
vations are linked to diagnostic and computational processes, predictions are evaluated
against policies, threats are identified, decisions are recommended, and provenance pre-
serves the reasoning chain.

3. World Models in Contemporary Artificial Intelligence
In artificial intelligence, the term world model refers broadly to an internal model that

allows an agent to represent, predict, and act within an environment [7–9]. The concept
has a long history in cognitive science, reinforcement learning, control, and model-based
planning, but it has gained renewed importance through modern deep learning, model-
based reinforcement learning, self-supervised video representation learning, and joint-
embedding predictive architectures [7,10,11,43–46].

Ha and Schmidhuber’s influential formulation treated world models as learned com-
pressed representations of environments that allow agents to use imagined rollouts for
policy learning [7,8]. In such architectures, high-dimensional observations are encoded into
a lower-dimensional latent state; a recurrent or generative dynamics model predicts future
latent states; and an agent can learn or evaluate behavior within this internally simulated
environment. The key insight is that intelligent action does not require direct interaction
with the external world at every step. An agent can use an internal model to anticipate
possible futures.

LeCun’s more recent vision of autonomous machine intelligence similarly places pre-
dictive world models at the center of intelligent behavior [9]. In this view, intelligence
requires systems that learn representations of the world, predict future states, reason over
abstract representations, maintain memory, and plan across multiple time horizons. Recent
work has made this direction more concrete through joint-embedding predictive archi-
tectures and video-based world models. V-JEPA 2 explores self-supervised learning from
internet-scale video combined with a small amount of interaction data, aiming to support
understanding, prediction, and planning in the physical world [44]. Its 2026 continuation,
V-JEPA 2.1, further emphasizes dense, spatially structured, and temporally consistent rep-
resentations for video understanding and embodied tasks [47]. Related JEPA-based work
investigates physical planning in learned representation spaces, rather than directly in the
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input space, emphasizing that useful world models may support action by abstracting
away irrelevant visual detail while preserving task-relevant dynamics [45]. LeWorldModel
further illustrates this trend by training a compact end-to-end JEPA from pixels and eval-
uating its latent space for planning speed, physical structure, and surprise detection [46].
World models are therefore not only simulators, but mechanisms for abstraction, prediction,
planning, and control.

Across contemporary AI, several recurring elements define world-model thinking:

1. State representation: an internal representation of the current condition of the environment.
2. Observation model: a way of connecting raw sensory inputs to the inferred state.
3. Latent variables: hidden factors that are not directly observed but explain observa-

tions and future behavior.
4. Transition dynamics: a model of how states evolve over time.
5. Action conditioning: a model of how interventions or actions modify future states.
6. Prediction or rollout: the capacity to generate possible future trajectories.
7. Memory: the preservation of relevant past states, actions, and outcomes.
8. Uncertainty: the estimation of confidence, ambiguity, and unknowns.
9. Planning or policy selection: the use of predicted futures to select actions.

Closely related to the world model is the notion of the controller, which is central in con-
trol theory, model-based reinforcement learning, and planning architectures [10,11,43,45].
In control theory, reinforcement learning, and model-based agency, the controller is the
component that selects actions by using the current state, predicted future states, goals,
constraints, and feedback. The world model estimates or simulates the environment, while
the controller uses that model to choose the next action. In some architectures, the con-
troller is a learned policy. In others, it may be a rule-based mechanism, an optimization
routine, a planner, or a human-supervised decision process. The distinction is important for
cultural heritage because the preservation domain cannot be reduced to autonomous action
selection. Instead, the controller must remain interpretable, policy-aware, and accountable
to human experts and institutions.

A parallel recent concern is evaluation. As world models become more general and
multimodal, their quality cannot be assessed only through pixel-level reconstruction or
short-horizon prediction error. Recent work on evaluating world models with vision-
language models points toward broader criteria, including semantic consistency, temporal
plausibility, and action relevance [48]. This is especially important for cultural heritage,
where the correctness of a predicted future is not only visual or statistical, but also se-
mantic, causal, and policy-relevant. These elements are usually discussed in the context
of robotics, reinforcement learning, embodied AI, autonomous agents, or video-based
predictive learning. Cultural heritage requires a different instantiation.

Heritage systems should not reduce the world to opaque latent vectors when domain
experts require interpretability, provenance, and accountability. Nor should they treat
preservation as a simple reward-maximization problem, since heritage values are plural,
negotiated, and institutionally constrained. A heritage world model should therefore be
hybrid. It may include learned models, simulations, rule-based reasoning, probabilistic
forecasts, symbolic ontologies, expert knowledge, and policy constraints. Its state space
should be partly semantic and inspectable. Its predictions should be linked to evidence
and provenance. Its actions should be conservation interventions, monitoring decisions,
access-management policies, inspection recommendations, or communication strategies.
Its objective should not be abstract reward alone, but risk reduction, value preservation,
reversibility, feasibility, accountability, and alignment with cultural significance.
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4. Defining the Heritage World Model
We define a heritage world model as follows:

A heritage world model is a structured, temporally updated, semantically grounded, and action-
aware model of a heritage asset and its preservation environment, capable of integrating obser-
vations, estimating latent risk states, predicting plausible future trajectories, and evaluating
interventions under uncertainty.

The proposed heritage world model uses the semantic digital twin as its represen-
tational layer while extending it toward explicit state estimation, prediction, uncertainty
representation, memory, and action evaluation. The emphasis is therefore not on replacing
digital twins, but on making explicit the computational architecture required for decision-
support-oriented preservation systems.

A minimal formal abstraction can be introduced as:

HWM = ⟨S, O, Z,A, T, R, M, U,P , C⟩ (1)

where S is the semantic state space of the preservation world, O is the observation space,
Z denotes latent risk or condition variables, A is the action or intervention space, T is the
transition model, R is the risk, value, or objective model, M is memory and provenance, U
is uncertainty, P denotes policies and institutional constraints, and C is the controller that
maps state, prediction, uncertainty, memory, risk/value criteria, and policy constraints into
preservation-relevant actions.

This tuple should be read as an architectural decomposition of computational
responsibilities, not as a single closed-form algorithm. The components specify what
must be organized around a semantic digital twin if it is to support the proposed heritage
world model architecture. Different implementations may instantiate these components
through physical simulation, statistical forecasting, Bayesian filtering, machine learning,
expert rules, semantic reasoning, multi-criteria decision analysis, or hybrid combinations
of these methods. Thus, the formalism is intentionally modular, as it identifies the
required roles of state, observation, latent risk, transition dynamics, memory, uncertainty,
policy, and control, while leaving their concrete implementation open to the data, site,
and institutional context.

It should also be noted that the formulation is deliberately compatible with partially
observable control models [49]. In typical heritage settings, the true preservation state
is only partially observed, since sensors are sparse, inspections are intermittent, remote-
sensing products are indirect, and expert interpretations may disagree. Therefore, the state
St at time t should not be understood as a fully known physical state, but as a semantically
structured belief state anchored in the active Asset State. The latent component Zt captures
preservation-relevant conditions that are inferred rather than directly observed, while
Ut records uncertainty arising from sensor error, missing evidence, model limitations,
and interpretive ambiguity. This makes the proposed heritage world model closer to a
partially observable decision process than to a fully observed simulator.

Action-conditioned prediction means that future preservation risk is estimated not
only under passive continuation of current conditions, but also under possible interventions
and information-gathering actions. The resulting architectural distinction is summarized
in Table 1.
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Table 1. From heritage digital twins to heritage world models.

Dimension Typical Heritage Digital Twin Emphasis Heritage World-Model Emphasis

Primary role Representation, synchronization, monitoring,
and integration

Explicit state estimation, prediction, reasoning,
and intervention evaluation

Object of modeling Heritage asset, digital counterpart, observed
condition, and documentation context

Asset, environment, latent risks, policies,
actors, actions, and possible futures

Temporal scope Past and present, with forecasting not
architecturally required

Past, present, predicted, and counterfactual
futures under alternative actions

Data role Integration, visualization, interoperability,
and monitoring

Evidence for belief-state update, transition
modeling, uncertainty estimation,
and decision support

Semantics Documentation, interoperability, provenance,
and domain meaning

Inspectable semantic state space for risk
reasoning, prediction, memory,
and policy-constrained action

Risk Recorded, visualized, assessed, or forecast
depending on the system

Estimated as a latent preservation state,
remembered across episodes, predicted under
actions, and used by the controller

Action Often represented as an external management
response or recommendation

Explicit intervention or information-gathering
variable in action-conditioned prediction

Decision support May be provided by attached analytics, rules,
or expert workflows

Architecturally central: prediction, uncertainty,
policy, memory, and controller logic form a
closed loop

Within the heritage world model architecture, the controller layer can be expressed
abstractly as:

at = C(St, Zt, Ŝt+1:t+k, Ut, Mt, R,P), at ∈ A (2)

where St is the current semantic state, Zt is the estimated latent risk state, Ŝt+1:t+k denotes
predicted future states over a horizon k, Ut represents uncertainty, Mt denotes memory
and provenance, R represents the risk or value model, P denotes policies and institutional
constraints, and at is the recommended or executable preservation action selected from
the action space A. The controller need not be implemented as a single learned policy.
In early heritage deployments, C may be realized as a hybrid decision layer combining
threshold rules, temporal logic, multi-criteria scoring, expert review, and policy constraints.
The objective model R should therefore be understood as a constrained preservation utility
rather than a free reward function. It may combine risk reduction, uncertainty reduction,
intervention cost, reversibility, access impact, and conservation priority. The policy layer
P restricts the admissible actions by encoding hard or soft constraints, such as avoiding
irreversible intervention under high uncertainty, requiring expert approval for invasive
action, or prioritizing information-gathering when evidence is conflicting.

Different forms of controller should also be distinguished. An alerting controller
may only raise warnings when predicted risk or uncertainty exceeds a policy threshold.
A monitoring-scheduling controller may recommend increased sampling, sensor calibra-
tion, inspection, or sensor redeployment. An expert-recommendation controller may pro-
pose conservation options but require human validation before any operational response.
An intervention-decision controller concerns stronger preservation actions and should remain
subject to explicit expert approval, institutional accountability, and documentation of re-
versibility, proportionality, and uncertainty. This typology is important because cultural
heritage preservation is not an autonomous control problem, and the appropriate degree
of automation depends on the reversibility, cost, uncertainty, and ethical significance of
the action. Thus, in cultural heritage, at should be interpreted broadly. It may denote a
physical intervention, an inspection request, a sensor redeployment, an increase in sam-

https://doi.org/10.3390/heritage9060233

https://doi.org/10.3390/heritage9060233


Heritage 2026, 9, 233 9 of 25

pling frequency, an access restriction, an alert escalation, a stakeholder communication, or a
request for human review. Many preservation actions modify observation, governance,
interpretation, or institutional response rather than the physical asset directly.

The abstraction used here is intentionally general. It can be instantiated by rule-based
systems, probabilistic models, machine learning models, simulations, semantic reasoners,
or hybrid architectures. What matters is not that every component is implemented through
deep learning, but that the system can answer a specific class of preservation questions:

• What is the current state of the heritage asset and its environment?
• Which hidden risks best explain the observed evidence?
• How is the risk likely to evolve if no action is taken?
• Which intervention would most plausibly reduce future risk?
• How uncertain is the prediction, and what observations would reduce uncertainty?
• How does the current situation compare with previous episodes?
• Which decision can be justified under the applicable conservation policy?

These questions are representative of the questions that decision-support-oriented
heritage digital twins are expected to address [3,5,15,17]. The heritage world model therefore
makes explicit the computational commitments implied by such decision-support expectations.

5. PANOPTES as a Semantic Basis for Heritage World Modeling
PANOPTES is used in this paper as a worked semantic basis for examining how the

proposed heritage world model abstraction could be operationalized [13–15,17]. It is not
presented as the definition of a heritage world model, nor as evidence that a complete HWM
has already been implemented. Rather, it provides an ontology-based case through which
semantic state, observation provenance, latent risk, transition assumptions, uncertainty,
policy constraints, memory, and decision traces can be inspected.

In the proposed interpretation, PANOPTES can provide one possible semantic state
space S of a heritage world model. The state is not a single vector but a structured graph
of entities and relations. A heritage asset is represented through one or more Asset States,
each corresponding to a temporally and spatially situated snapshot of the asset and func-
tioning as an instance of the digital twin. Measurements, documentation, installed devices,
computational model executions, events, predictions, threats, policies, and decisions are
then associated with the relevant active or historical asset state. The state therefore includes
both material and informational entities, including physical assets, sensor observations,
computational outputs, policies, rules, decisions, and provenance traces.

The observation space O is represented through measurements, instruments, proto-
cols, physical quantities, remote sensing products, inspection records, and expert annota-
tions. SOSA/SSN alignment allows sensor observations to be represented in interoperable
form [38]. GeoSPARQL and OWL-Time provide spatial and temporal grounding [40,41].
PROV-O preserves provenance across observations, computations, and decisions [39].
The geospatial component of a heritage world model is not limited to storing site coordi-
nates or asset locations. Heritage assets are spatially embedded entities whose preservation
state may depend on terrain, hydrology, slope, vegetation, land cover, accessibility, exposure
to neighboring hazards, and multi-scale remote-sensing evidence. In a fully operational
version of the proposed architecture, GeoSPARQL-aligned geometries should support
spatial relations, buffer-based exposure analysis, proximity to hazards, spatial uncertainty,
and transitions between local asset states and broader environmental contexts. This is par-
ticularly important for relevant settings, where in-situ measurements and satellite-derived
indicators must be fused across different spatial resolutions, temporal update rates, and un-
certainty levels. The geospatial state is therefore part of the preservation world model itself,
not merely a visualization layer.
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The latent risk layer Z emerges through diagnoses, threats, risk assessments, and in-
ferred conditions. A humidity measurement, for example, is not itself a risk. It becomes
risk-relevant when interpreted through material vulnerability, temporal persistence, pol-
icy thresholds, previous episodes, and predicted consequences. The Agentic PANOPTES
extension makes this more explicit by embedding the ICCROM/CCI ABC method into
the semantic core [16,17]. Each risk assessment becomes a temporally situated memory
unit with components corresponding to frequency, loss, fraction affected, and magnitude
of risk [16,17]. In this context, diagnosis should be understood functionally, as it denotes
the interpretive step through which observations and model outputs are transformed
into preservation-relevant latent states, whether or not it is implemented as a distinct
ontology class.

The action space A is represented through decisions, policies, rules, interventions,
inspection actions, mitigation strategies, monitoring changes, and potentially actuator-
based responses. In this layer, a decision is not merely a textual recommendation. It is a
semantic entity linked to evidence, prediction, policy, and provenance.

The transition model T is only partly specified by the ontology itself. PANOPTES
provides the scaffolding for transition modeling by representing computational models,
predictions, events, and temporal updates. The actual dynamics may be implemented
through physical simulation, statistical forecasting, machine learning, expert rules, or hy-
brid models. This distinction is important since the ontology does not replace predictive
modeling, rather it structures the inputs, outputs, assumptions, and interpretability of
predictive modeling.

The memory component M is distributed across cultural documentation, provenance,
risk assessments, events, previous decisions, and historical measurements. This memory
allows the system to compare present conditions with previous risk episodes, justify
recommendations, and evaluate whether interventions changed future trajectories.

In an operational implementation, U should not be treated as a single scalar confi-
dence value. It may be represented as a set of provenance-linked uncertainty attributes
attached to observations, inferred risks, predictions, and decisions. At the observation
level, uncertainty may encode missingness, sensor reliability, measurement error, spatial
resolution, temporal latency, or disagreement between modalities. At the latent-risk level, it
may encode posterior belief, expert disagreement, or ambiguity in the causal interpretation
of observed change. At the prediction level, it may be produced by ensembles, Bayesian
filtering, scenario spread, or model residuals. At the controller level, uncertainty constrains
the admissible action space, such that under high uncertainty, the preferred output may
be inspection, sensor calibration, or increased sampling rather than direct intervention.
Existing PANOPTES structures can record provenance and context, but a full heritage
world model should represent uncertainty more explicitly.

The controller C corresponds to the decision-support logic of the heritage world model,
building on the policy, rule, decision, and risk-memory structures already introduced in
PANOPTES and Agentic PANOPTES [13,17]. In a simple implementation, it may consist
of SPARQL queries, threshold rules, and ABC-based prioritization. In a more advanced
implementation, it may combine agentic reasoning, counterfactual scenario comparison,
intervention planning, uncertainty-aware monitoring decisions, and explanation generation.
In the PANOPTES setting, the controller is distributed across the Policy, Rule, Decision,
RiskAssessment, Prediction, and agentic reasoning layers. Its role is to close the loop
between observation and intervention, in such a way that observations update the semantic
state, predictive components estimate possible futures, and the controller layer selects,
recommends, or escalates the next accountable action within the heritage world model loop.
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Operational deployment also requires attention to query performance, update latency,
and scalability. A heritage world model should not assume that all reasoning must occur
over a monolithic ontology graph in real time. Practical implementations may separate
high-frequency ingestion pipelines, time-series databases, geospatial indexes, relational or
graph stores, cached semantic views, and slower expert-facing reasoning layers. Semantic
reasoning can therefore operate at selected decision points, while streaming anomaly
detection, spatial preprocessing, and model execution may run in specialized computational
services. This separation is important for remote monitoring deployments, where sensor
frequency, satellite revisit times, network reliability, and expert-response workflows operate
at different temporal scales.

The mapping between the proposed heritage world model components and the cor-
responding PANOPTES structures is summarized in Table 2. The Table identifies where
the semantic, observational, predictive, policy, memory, uncertainty, and controller-related
responsibilities of the proposed abstraction can be anchored in the existing ontology-based
framework [13,14,17].

Table 2. Indicative mapping between the proposed heritage world model components and
PANOPTES/ARGUS structures. The mapping identifies semantic anchoring points; it does not
imply that PANOPTES or ARGUS already implement a complete heritage world model.

World-Model Component PANOPTES/ARGUS Counterpart

S: Semantic state space Asset, AssetState, Location, temporal context, cultural
documentation, condition, event context

O: Observations
Measurement, Instrument, MeasurementProtocol,
PhysicalQuantity, remote sensing, expert annotation,
inspection records

Z: Latent risk state
Diagnosis/diagnostic interpretation, Threat,
RiskAssessment, vulnerability, deterioration, ABC
components

A: Action space Decision, Policy, Rule, intervention, inspection,
mitigation, monitoring adaptation

T: Transition model
ComputationalModel, ComputationalModelExecution,
Prediction, event progression, risk trajectory,
deterioration forecast

R: Risk/objective model MagnitudeOfRisk, preservation priority, policy threshold,
conservation objective

M: Memory/provenance CulturalDocumentation, PROV-O traces, historical
measurements, risk episodes, previous decisions

U: Uncertainty
sensor reliability, missing data, confidence estimates,
model uncertainty, contested interpretation, spatial
uncertainty

P : Policy constraints
Policy, Rule, conservation policies, institutional rules,
access constraints, reversibility principles, stakeholder
requirements

C: Controller
Policy, Rule, Decision, RiskAssessment, Prediction,
agentic reasoning, SPARQL rules, alerting, intervention
recommendation, monitoring adaptation

The next step is to operationalize these components as a cyclic architecture:

observe → update state → infer risk → predict trajectories → evaluate actions →
→ controller decision → act/escalate → record outcome →

→ memory/state update → observe (3)
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6. Illustrative Toy Scenarios
The concept of a heritage world model can be clarified through small, controlled

scenarios. These are not presented as validated models, but as minimal examples of the
type of reasoning that the proposed heritage world model makes explicit, including latent
risk interpretation, action-conditioned prediction, uncertainty-aware recommendation,
and policy-constrained decision support.

6.1. Moisture Accumulation in a Historic Building

Consider a wall painting or masonry surface in a historic building affected by chronic
moisture. A digital twin representation may include the location of the wall, its geometry,
material type, and recent humidity readings. The heritage world model perspective asks
what additional reasoning is needed when these observations are used for risk interpreta-
tion and preservation decision support.

• The state S includes the asset, material vulnerability, spatial zone, historical measure-
ments, previous conservation events, and applicable microclimate policy.

• The observation space O includes relative humidity, temperature, wall moisture proxy,
rainfall data, and inspection notes.

• The latent risk state Z represents chronic moisture accumulation and possible biologi-
cal growth.

• The transition model T estimates how risk evolves under continued humidity exposure.
• The action space A includes ventilation adjustment, inspection, temporary access

limitation, and additional sensor deployment.

The heritage world model view adds two elements beyond monitoring. It estimates
whether the observed moisture pattern corresponds to a latent deterioration risk, and it
compares possible responses such as continued monitoring, increased sampling, expert
inspection, or ventilation adjustment. This scenario is expanded into a minimal formal
instantiation in Section 7, while Section 8 presents a broader relevant operational simulation
based on multimodal late fusion and adaptive control.

6.2. Tourism Pressure at an Archaeological Site

At an exposed archaeological site, visitor pressure may contribute to path erosion,
surface abrasion, uncontrolled access, and localized structural stress. A digital twin repre-
sentation may include visitor routes and sensitive zones. Within a heritage world model,
visitor movement becomes an action-sensitive component of the preservation world.

• The state includes visitor density, path geometry, sensitive asset zones, surface condi-
tion, weather, seasonality, and previous management actions.

• Observations include visitor counts, UAV imagery, inspection records, erosion indica-
tors, and possibly participatory reports.

• Latent variables include abrasion risk and access-induced degradation.
• Actions include rerouting visitors, temporary closure, signage, path reinforcement,

and monitoring intensification.

The world model can generate counterfactual futures. What happens if the current
visitor route remains unchanged, if visitors are redirected, or if access is seasonally limited?
The decision is not simply triggered by a threshold. It is justified by comparing predicted
preservation outcomes under alternative management policies. Here the controller operates
over management actions rather than material interventions. It may recommend visitor
rerouting, temporary access limitation, signage, additional monitoring, or communication
with site authorities. The decision depends not only on the predicted deterioration trajectory,
but also on reversibility, visitor impact, conservation priority, and institutional feasibility.
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6.3. Underground Cellar Microclimate

In an underground cellar town, microclimatic stability is essential but fragile. Temper-
ature, humidity, airflow, and condensation interact with geology, construction material,
and human access. A monitoring dashboard may show current readings. A heritage world
model estimates whether an observed drift is normal seasonal variation, sensor malfunction,
or emerging deterioration risk.

• The state includes cellar geometry, material properties, airflow structure, historical
seasonal cycles, access patterns, and known vulnerabilities.

• Observations include temperature, humidity, air movement, visual inspection, and lo-
cal weather.

• Latent risks include condensation, salt crystallization, and structural weakening.
• Actions include ventilation adjustment, access control, inspection, and sensor rede-

ployment.

Here the key contribution is uncertainty-aware interpretation. The system should not
only issue an alert but explain whether the alert arises from a known seasonal pattern,
a deviation from previous memory (anomaly in the data), a sensor anomaly, or an emerging
threat. This is where semantic memory and provenance become essential. In this case,
the controller may choose an information-gathering action before a physical intervention.
If the model cannot distinguish seasonal variation from sensor drift or emerging deterio-
ration, the appropriate action may be to request inspection, deploy an additional sensor,
or compare the episode with historical microclimatic memory. This highlights a distinctive
property of the proposed heritage world model framing, by which, sometimes, the most
responsible action is not to intervene physically, but to reduce uncertainty.

7. Minimal Operational Instantiation
To clarify how the proposed abstraction can be operationalized without requiring a full

deployment, this section sketches a minimal instantiation for the moisture-accumulation
scenario presented in the previous section. The example is intentionally simple, not pre-
sented as a validated conservation model, but as a transparent template showing how
a heritage world model can connect semantic state, observations, latent risk, prediction,
uncertainty, policy, and controller logic.

Let the active semantic state St be anchored by an Asset State corresponding to a wall
painting or masonry surface at time t. The observation space Ot contains relative humidity
RHt, temperature Tempt, rainfall proxy Raint, wall-moisture proxy WMt, and inspection
notes. The latent risk variable Zt denotes the probability or graded belief that the asset is
undergoing moisture-induced biological or material deterioration. This latent state is not
directly observed. It is inferred from sustained humidity exposure, material vulnerability,
prior episodes, and the reliability of available measurements. A minimal transition model
may be expressed as:

Zt+1 = f (Zt, RHt, Tempt, WMt, Raint, V, at) + ϵt (4)

where V denotes material vulnerability, at denotes the selected action, and ϵt captures model
uncertainty. In the simplest rule-based implementation, f may increase Zt+1 when relative
humidity remains outside an acceptable range for more than a policy-defined duration.
In a probabilistic implementation, Zt may be represented as a Bayesian belief updated
from observations [31,49]. In a physics-informed implementation, f may be coupled to a
hygrothermal model or to empirical moisture-response curves [27–29]. The policy layer P
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defines acceptable conditions and action thresholds, consistent with risk-based preventive
conservation and the ABC method [16,26]. For example:

P1 : RH /∈ [45%, 60%] for more than 48 h ⇒ humidity stress event (5)

P2 : Pr(Zt+7 =high risk | O1:t, Mt) > 0.7

⇒ recommend preventive inspection or ventilation adjustment
(6)

The controller C maps the predicted latent risk, uncertainty, memory, and policy constraints
into a preservation action:

C(St, Zt, Ẑt+1:t+k, Ut, Mt,P) → at. (7)

For example, the controller may use the following transparent decision template:

at =



increase sampling frequency, if Ut is high and Zt is moderate

request sensor calibration, if observations conflict with historical memory

recommend expert inspection, if Zt is high and confidence is sufficient

recommend ventilation adjustment, if Ẑt+7 remains high under no action

continue monitoring, otherwise

The explanatory trace produced by the system should include provenance-preserving
links across observations, model executions, predictions, policies, and decisions [13,17,39].
In PANOPTES terms, this trace can be represented through AssetState, Measurement,
ComputationalModel, Event, Prediction, Policy, ThreatContext, DecisionContext,
and Decision. Thus, even this minimal example illustrates the additional reasoning com-
mitments emphasized by the heritage world model framing, by which the system does not
merely report that humidity is high, rather it estimates latent deterioration risk, predicts
future risk under possible actions, and recommends either an information-gathering action
or a preventive intervention under explicit policy constraints.

8. Illustrative Operational Simulation
This section presents a synthetic operational sketch of the proposed heritage world

model abstraction in a PANOPTES-like setting. The simulation is not intended to validate
an operational deployment, evaluate conservation effectiveness, or demonstrate superiority
over existing digital twin or expert-rule systems. Its purpose is narrower, focusing on
making the proposed closed-loop architecture concrete by showing how heterogeneous
evidence streams can be transformed into fused preservation-risk signals, latent ABC-style
risk estimates, action-conditioned short-horizon predictions, and policy-constrained con-
troller recommendations. In this sense, the simulation provides an illustrative operational
instantiation of the proposed heritage world model, rather than a calibrated conservation
model for any specific site.

8.1. Simulation Setup

Five ARGUS-like pilot sites were simulated over a period of 180 days: Delos island
in Greece, Sant’Antonio di Ranverso Abbey in Italy, Cellar town of Baltanás in Spain,
Schenkenberg Castle in Switzerland, and Monti Lucretili open sites in Italy. Each site was
assigned a fixed vulnerability value and three synthetic evidence streams, including a
local sensor anomaly score, a satellite-derived environmental stress score, and an image-
derived anomaly score. Missing observations were also simulated in order to reflect the
incompleteness expected in real remote-monitoring settings. An uncertainty score was
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computed from missingness and disagreement between modalities. At each time step,
the observation vector was represented as:

Ot = [st, rt, it, v, ut] (8)

where st denotes the sensor anomaly score, rt the satellite stress score, it the image anomaly
score, v the site vulnerability, and ut the estimated uncertainty. These variables correspond
to the observation and uncertainty components of the heritage world model, while v acts
as a simple static proxy for material or contextual susceptibility.

A transparent late-fusion layer was then used to compute a fused preservation-risk
signal in a heuristic manner:

Ft = 0.45st + 0.35rt + 0.10it + 0.10v (9)

Although heuristic, the weighting scheme intentionally gives priority to local sensor ev-
idence and satellite-derived stress, while allowing image anomaly and vulnerability to
provide additional contextual information. These weights are illustrative and were not
calibrated from empirical conservation data.

The fused signal was converted into a simplified ABC-style latent risk estimate.
The three ABC-inspired components were represented as operational proxies, where At

approximates persistence or frequency through a moving average of the fused signal, Bt

approximates expected loss using vulnerability and satellite stress, and Ct approximates
the fraction affected using image and sensor anomaly evidence. The latent risk score was
computed as:

Zt = σ(0.40At + 0.35Bt + 0.25Ct − θ) (10)

where σ(·) is the logistic function and θ is a risk-offset parameter. This should not be
interpreted as a formal implementation of the ICCROM/CCI ABC method, where the mag-
nitude of risk is classically expressed as the direct additive combination MR = A + B + C.
Instead, the present formulation uses an ABC-inspired computational proxy in which
the three components are combined through a weighted latent-risk function in order to
illustrate how risk reasoning can be embedded into a heritage world model loop.

The transition component was implemented as a seven-day action-conditioned rollout.
For each day, the model predicted the future risk under passive continuation and under
the action selected by the controller. The available actions were:

A = {continue monitoring, increase sampling, request inspection,

recommend preventive intervention} (11)

The controller was implemented as a conservative adaptive controller. It begins with
predefined action preferences, but updates these preferences from simulated outcomes,
using a simple bandit-like action-value update rule inspired by reinforcement-learning
formulations of action selection [50,51]. The reward favors predicted risk reduction and
uncertainty reduction, while penalizing unnecessary intervention cost and missed high-risk
situations. However, the controller remains bounded by policy constraints, in which strong
intervention is restricted under high uncertainty unless risk is sufficiently high, costly
actions are avoided under low risk, and conflicting evidence favors information-gathering
actions. The controller can therefore be summarized as:

at = C
(
Zt, Ẑt+1:t+k, ut, mt,P

)
(12)
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where Zt is the current latent risk, Ẑt+1:t+k is the predicted future risk trajectory, ut is
uncertainty, mt is the accumulated memory of previous actions and outcomes, P denotes
policy constraints, and at is the selected preservation action.

8.2. Illustrative Outputs

The generated outputs are shown in Figures 1–5. Figure 1 shows the synthetic evidence
streams and the resulting late-fused risk signal for a Baltanás-like underground heritage
structure. The fused signal follows the broad structure of the sensor and satellite signals
while smoothing modality-specific fluctuations. Figure 2 shows the estimated ABC-style
latent risk, the seven-day predicted risk under no action, the predicted risk under the
selected action, and uncertainty. The difference between the no-action and selected-action
trajectories illustrates the action-conditioned character of the model. Figure 3 shows the
controller decisions over time for this site, while Figure 4 shows the evolution of the
controller’s learned action preferences. Finally, Figure 5 summarizes the distribution of
controller actions across all five simulated pilot sites.

Figure 1. Synthetic ARGUS-like multimodal evidence and late-fused risk signal for a Baltanás-like
site. Sensor anomaly, satellite-derived stress, image anomaly, and site vulnerability are combined
into a single fused preservation-risk signal.

Figure 2. ABC-style latent risk, seven-day predicted risk under no action, predicted risk under the
controller-selected action, and uncertainty for a Baltanás-like site. The separation between no-action
and selected-action trajectories illustrates action-conditioned prediction.

The same controller-action distribution is also reported numerically in Table 3. In this
particular illustrative run, the controller selected request inspection most frequently, followed
by recommend preventive intervention, while increase sampling was selected less often. No
continue monitoring actions were selected in this parameterization, because the simulated
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risks remained mostly in a moderate-to-high range and the controller was initialized with
conservative preservation preferences.

Figure 3. Controller decisions over time for a Baltanás-like site. The controller behaves conservatively
in this synthetic run, relying mostly on inspection and preventive intervention, with increased
sampling used in selected uncertainty-sensitive cases.

Figure 4. Adaptive controller strategy over time for a Baltanás-like site. The learned action preferences
vary as simulated outcomes accumulate, illustrating how the controller can be modeled as more than
a fixed threshold rule, but an adaptive policy-constrained decision layer.

Figure 5. Controller-action distribution across the five synthetic ARGUS-like pilot sites over
180 simulated days. The distribution reflects the conservative parameterization used in this illustra-
tive run, with inspection being the dominant recommendation.

The decision trace further illustrates the internal logic of the controller. For example,
in the initial Baltanás-like site sequence, the ABC-style risk lies between approximately 0.48
and 0.57, uncertainty remains generally moderate, and sensor-satellite agreement is high.
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Under these conditions, the controller mostly recommends inspection, with occasional
increased sampling or preventive intervention. A compact excerpt is shown in Table 4.

Table 3. Controller-action distribution across the five synthetic ARGUS-like pilot sites over 180
simulated days.

Site Sampling Intervention Inspection

Baltanás-like 12 64 104
Delos-like 10 78 92
Monti Lucretili-like 15 56 109
Ranverso-like 14 35 131
Schenkenberg-like 10 57 113

Table 4. Excerpt from the simulated decision trace for a Baltanás-like site. Values are generated from
synthetic data and are reported only to illustrate the controller logic.

Day Risk Uncertainty Agreement Action Predicted Risk

0 0.484 0.168 0.871 inspection 0.186
1 0.497 0.195 0.987 inspection 0.194
2 0.530 0.372 0.895 inspection 0.212
6 0.540 0.310 0.897 sampling 0.370

16 0.540 0.220 0.922 intervention 0.000
19 0.547 0.160 1.000 intervention 0.000

8.3. Scope and Limitations of the Simulation

The simulation should be interpreted qualitatively and illustratively. It uses synthetic
time series, manually assigned site vulnerability values, heuristic fusion weights, simplified
ABC-style risk proxies, assumed action effects, and a conservative controller parameter-
ization. No real sensor streams, inspection records, satellite products, conservation logs,
or site-management decisions are used. Therefore, the numerical values and action distribu-
tions reported in Tables 3 and 4 should not be interpreted as indicative of real ARGUS-like
site behavior.

The purpose of the simulation is methodological rather than evidential. It shows
how the architectural components proposed in this position paper can be connected in a
transparent computational loop, where multimodal evidence is fused, latent preservation
risk is estimated, short-horizon futures are compared under different actions, policy con-
straints are applied, and an auditable decision trace is produced. It does not demonstrate
that the proposed controller outperforms threshold alerting, expert rules, fixed inspection
schedules, no-action monitoring, or other decision-support baselines.

The present parameterization is intentionally conservative and should not be read as an
empirically optimized preservation policy. In particular, the absence of passive monitoring
decisions and the near-complete risk reduction predicted for some preventive-intervention
cases indicate that future versions should calibrate action effects, costs, lower risk bounds,
fusion weights, ABC-style proxies, and policy thresholds using real pilot-site evidence and
expert feedback.

Despite these limitations, the simulation illustrates the operational distinction between
monitoring-oriented digital twins and the proposed heritage world model abstraction.
Rather than only reporting observations or anomaly scores, the simulated architecture
estimates latent risk, predicts short-horizon futures under alternative actions, applies policy
constraints, and records auditable recommendations. The simulation is therefore intended
only as an illustrative operationalization of the proposed closed-loop architecture, not as a
validated conservation or controller-performance study.
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9. Research Agenda
Moving from semantic digital twins toward the heritage world model abstraction

proposed here requires progress along several directions, building on semantic digital twin
research, agentic AI, risk-aware preservation, and reflexive ontology engineering [5,6,17,21].
However, these directions should not be treated as equally immediate. A practical roadmap
should distinguish near-term components that can be implemented within existing infras-
tructures, medium-term components that require calibration and accumulated evidence,
and longer-term components that require broader community validation.

9.1. Near-Term Stage: Semantic Ingestion, Uncertainty Annotation, and Auditable Traces

The first step is to make existing semantic digital twins more explicit as state-updating
systems. The proposed abstraction requires methods for updating semantic state from
heterogeneous observations. Sensor measurements, satellite data, inspection reports, pho-
tographs, historical documentation, and expert annotations must be integrated into tem-
porally grounded state representations. This requires not only data ingestion but inter-
pretation, deciding what observations mean for the current state of the heritage asset
and its preservation environment. At this stage, uncertainty should also be represented
explicitly. Heritage data are often incomplete, irregular, noisy, spatially heterogeneous,
and institutionally fragmented. A heritage world model should represent not only what is
known, but also what is unknown, uncertain, contested, or poorly observed. Uncertainty
should inform both recommendations and future monitoring priorities. In practical terms,
this means recording missing observations, sensor reliability, spatial resolution, temporal
latency, model confidence, disagreement between modalities, and expert uncertainty as part
of the semantic and provenance layer. The same near-term stage should establish auditable
decision traces. Every recommendation should be traceable to evidence, previous events,
risk assessments, policies, and assumptions. Memory is not only a historical archive, it is a
reasoning resource. It enables comparison between episodes, evaluation of interventions,
and justification of decisions. For ARGUS-like deployments, this stage is feasible through se-
mantic ingestion pipelines, explicit uncertainty annotations, provenance-preserving model
executions, and decision logs connected to the active Asset State.

9.2. Medium-Term Stage: Latent Risk Modeling, Action-Conditioned Prediction,
and Controller Evaluation

The second step is to move from enriched semantic state representations toward predic-
tive and intervention-aware reasoning. Many preservation-relevant variables are not directly
observed. Vulnerability, deterioration, material fatigue, biological activity, visitor-induced
stress, and policy urgency are inferred constructs. Heritage world models need explicit
mechanisms for representing such latent states, linking them to observations, and updating
them over time. Decision support also requires more than forecasting what will happen. It
requires forecasting what may happen under different actions. This is the key difference
between trend analysis and intervention-aware modeling. Heritage world models should
compare plausible futures under alternative conservation strategies, including passive
continuation, increased monitoring, inspection, access-management changes, preventive
intervention, or expert escalation. A heritage world model becomes operational only when
coupled to a controller. Future research should therefore investigate how preservation
controllers can be designed, evaluated, and governed. Unlike controllers in robotics or in-
dustrial automation, heritage controllers must operate under cultural, ethical, institutional,
and epistemic constraints. Their outputs may include physical interventions, monitoring
actions, expert-review requests, alerts, reports, or stakeholder communications. This re-
quires hybrid architectures combining symbolic rules, risk thresholds, learned predictions,
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optimization, argumentation, expert validation, and human approval. Evaluation should
not focus only on whether the controller selects an apparently optimal action, but also on
whether the recommendation is explainable, reversible, proportionate, policy-compliant,
and acceptable to heritage professionals. Evaluation should proceed at several levels. Re-
cent world-model research increasingly recognizes that evaluation cannot be reduced to
visual fidelity or short-horizon prediction accuracy [48]. For heritage world models, evalu-
ation must be broader. A predicted trajectory should be assessed not only for numerical
accuracy, but also for semantic validity, causal plausibility, policy relevance, uncertainty
calibration, and usefulness to heritage professionals. A practical evaluation protocol should
include at least four levels. First, predictive evaluation should compare forecasted risk
trajectories against historical measurements, inspection reports, or simulated ground truth.
Suitable metrics include prediction error, calibration error, time-to-detection, false alert rate,
and missed-risk rate. Second, decision evaluation should compare the controller against
reactive baselines, such as threshold-only alerting, no-action monitoring, traditional expert
rules, or fixed inspection schedules. Metrics may include expected risk reduction over a
time horizon, intervention timeliness, number of unnecessary interventions, and robustness
under missing data. Third, explanation evaluation should assess whether experts judge the
system’s recommendation trace as complete, understandable, and policy-compliant. Fourth,
governance evaluation should verify that each recommendation preserves provenance,
records the applied policy, supports human override, and remains auditable. Because real
heritage failures are rare, heterogeneous, and ethically difficult to reproduce, evaluation
may combine retrospective site logs, synthetic stress scenarios, expert-in-the-loop assess-
ment, and controlled simulation. For ARGUS-like deployments, a realistic medium-term
step would be offline policy evaluation on historical or accumulated pilot-site episodes,
where alternative controllers can be replayed against recorded sensor, image, satellite,
and inspection evidence without affecting the real heritage asset. This mixed strategy
is appropriate for an agenda-setting paper: it does not claim full validation, but defines
how future heritage world models can be compared against reactive digital twins and
conventional decision-support workflows.

9.3. Longer-Term Stage: Reflexive Semantic Evolution, Cross-Site Transfer,
and Community Benchmarks

The third step concerns capabilities that go beyond a single project or pilot deployment.
Heritage meanings, categories, and priorities may change over time. A mature heritage
world model should be able to accommodate not only new data but also shifts in interpre-
tive frameworks. The EANO direction suggests that reflexive digital twins may eventually
update not only instance values but also semantic roles, relations, and classifications
under controlled and accountable conditions [21]. This requires explicit governance, be-
cause reflexivity should not become uncontrolled semantic drift. Cross-site transfer is another
longer-term challenge. A model calibrated for an underground cellar town, an island archae-
ological landscape, a historic abbey, or an exposed castle ruin cannot be transferred naively
to another setting. Future heritage world models will need mechanisms for distinguish-
ing reusable semantic structures from site-specific risk dynamics, sensor configurations,
policy thresholds, and conservation priorities. This also implies the need for community
benchmarks, shared competency questions, reusable preservation scenarios, and reference
datasets that allow different HWM implementations to be compared.

9.4. Governance, Auditability, and Human Oversight Across All Stages

Because heritage world models may influence preservation decisions, their recom-
mendations must be governed through explicit human oversight mechanisms. Each con-
troller output should be accompanied by an auditable trace linking the active Asset State,
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observations, model execution, prediction, uncertainty estimate, policy constraint, and rec-
ommended action. Human experts should be able to approve, reject, override, or defer a
recommendation, and such responses should themselves be recorded as part of the system
memory. Under high uncertainty or conflicting evidence, conservative policies should be
preferred, including requests for further observation rather than irreversible intervention.
The reflexive ontology direction introduces an additional governance challenge. If semantic
roles, categories, or relations evolve over time, versioning becomes essential. Ontology
evolution should therefore preserve longitudinal comparability through explicit version
identifiers, mappings between schema versions, change justifications, and validation by
domain experts. Reflexivity should not mean uncontrolled semantic drift. It should mean
accountable semantic adaptation under documented evidence and institutional review.
More broadly, heritage world models must remain accountable to conservators, heritage man-
agers, communities, and institutions. The goal is not autonomous replacement of expert
judgment, but structured augmentation, consistent with the need for accountable, in-
terpretable, and value-sensitive cultural AI [17,20,21]. A system may predict, compare,
and justify, but final preservation decisions often involve ethical, cultural, legal, and political
dimensions that must remain under human governance.

10. Discussion
The proposed heritage world model clarifies the broader computational architecture re-

quired when cultural heritage digital twins are expected to support prediction, intervention
evaluation, uncertainty-aware reasoning, and accountable preservation decisions [3–5,15].
The contribution of the paper is therefore not to reject digital twins, but to make explicit the
architectural commitments implied by decision-support-oriented preservation systems.

Within this progression, the controller turns prediction into accountable decision
support. It structures the space of possible responses by asking which action is justified by
the evidence, which action would reduce uncertainty, which intervention is proportionate
to the predicted risk, and which recommendation complies with conservation policy. This
is where a digital twin infrastructure becomes part of an operationally decision-supportive
heritage world model. Not only by displaying, integrating, or forecasting aspects of the
preservation world, but by helping human actors decide how to act within it.

There are risks in adopting the term, especially because “world model” is increasingly
overloaded across AI, robotics, generative simulation, and agentic systems [52,53]. It could
become fashionable vocabulary detached from implementation. It could be misunderstood
as implying a large neural simulator of cultural heritage. It could also overstate the maturity
of current systems. For this reason, the term must be defined carefully. A heritage world
model is not simply a digital twin renamed. It is a broader closed-loop architecture built
over a semantic digital twin representation and made explicit around state estimation,
latent risk modeling, action-conditioned prediction, memory, uncertainty, and policy-
aware reasoning.

The concept also creates an important bridge between cultural heritage and contem-
porary AI [7,9,17]. Instead of treating AI merely as a tool for classification, segmentation,
reconstruction, or chatbot interaction, heritage world models place AI inside a broader se-
mantic and decision-oriented architecture. This is especially important for cultural heritage,
where black-box predictions are insufficient and where provenance, semantic interoperabil-
ity, and cultural accountability remain central requirements [17,20,24,39]. The model must
be interpretable, accountable, provenance-aware, and aligned with cultural values.

Several limitations should be acknowledged. First, the proposed formulation remains
architectural and does not validate a deployed implementation of the proposed heritage
world model architecture in an operational site. Second, the moisture-driven instantia-

https://doi.org/10.3390/heritage9060233

https://doi.org/10.3390/heritage9060233


Heritage 2026, 9, 233 22 of 25

tion and the ARGUS-like operational simulations are illustrative rather than empirically
calibrated. Third, the mapping to PANOPTES identifies semantic compatibility and ar-
chitectural potential, but additional schema-level and implementation work is required
to represent uncertainty, confidence, disagreement, controller outputs, spatial uncertainty,
ontology versioning, and performance constraints in a fully operational implementation.
Fourth, the paper does not claim comparative superiority over advanced digital twins,
threshold-based alerting, expert-rule systems, or other decision-support approaches. These
limitations are consistent with the paper’s position-paper role, but they define the immedi-
ate next steps for implementation, benchmarking, and evaluation.

11. Conclusions
This paper introduced the concept of the heritage world model as an architectural ab-

straction for building closed-loop, decision-support-oriented preservation systems over
cultural heritage digital twins. The central argument is not that digital twins are inher-
ently passive, nor that prediction or recommendation functions are incompatible with the
digital twin paradigm. Rather, the argument is that when a digital twin is expected to
anticipate deterioration, interpret observations, reason over risk, compare interventions,
and justify recommendations, it implicitly requires a model of the preservation world and
its possible futures.

The paper defined a heritage world model as a structured, temporally updated, se-
mantically grounded, and action-aware model of a heritage asset and its preservation
environment, capable of integrating observations, estimating latent risk states, predicting
plausible future trajectories, and evaluating interventions under uncertainty. This definition
adapts the world-model concept from contemporary AI while respecting the interpretability,
provenance, and value-sensitive requirements of cultural heritage.

PANOPTES was used as a worked semantic basis for this direction [13–15,17,21].
In this framing, ontology-based semantic structures can provide the state space, predictive
models can estimate possible futures, and a human-supervised controller can link those
futures to accountable preservation recommendations. PANOPTES defines many of the
entities required for such a semantic state space, while its agentic and reflexive extensions
introduce risk memory, policy responsiveness, and controlled semantic evolution [17,21].
Reinterpreted through the heritage world model lens, PANOPTES is therefore not presented
as a complete HWM implementation, but as one possible semantic basis for predictive,
memory-bearing, and intervention-aware preservation intelligence.

The proposed direction should be understood as a research agenda rather than a com-
pleted implementation. Future work should formalize uncertainty, strengthen the geospa-
tial and multi-scale remote-sensing dimensions, implement action-conditioned predictive
models, calibrate risk and action-effect assumptions from real pilot evidence, compare
controllers against baseline decision-support approaches, and evaluate how heritage pro-
fessionals interact with such systems in practice. The long-term goal is not to replace expert
judgment, but to make preservation reasoning more anticipatory, explainable, auditable,
and operationally grounded.

The resulting vision is therefore not merely a smarter digital twin, but a closed-
loop heritage intelligence system, in which semantic representation, world modeling,
and human-supervised control jointly support preventive preservation.
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Notes
1 ARGUS—Non-destructive, scalable, smart monitoring of remote cultural treasures, Grant agreement ID 101132308, is an EU

project on preventive preservation of remote built heritage. Find out more at https://cordis.europa.eu/project/id/101132308
and https://www.argus-project.eu (accessed on 29 April 2026).

2 A graphical representation of the original PANOPTES can be found at https://webvowl.athenarc.gr (accessed on 29 April 2026).
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