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Adaptation and learning in sentient structures

Physical environment 

Digital agent

Personalized, dynamically updating,
predictive decision-making (what-if scenarios)

Digital to physical:
Actuation and

Observation

Physical to digital:
Data assimilation 

and interpretation

Dynamic, adaptive, bidirectional interaction

Requirements:

1. Reaction and learning
without simulations. 

2. Continual adaptation
to novelty.

3. Mimimal computational cost
for low-power devices.
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San, Rasheed, Bozdemir, Deng, “The evolution of digital twins from reactive to agentic systems”, Nature Computational Science, 2026.

From reactive to autonomous systems, with active data assimilation 
and learning capabilities (closed perception–action loop).



Partially observable Markov decision process (POMDP) 

S0

D0

OExp
0 U0

R0

S1

D1

OExp
1 U1

R1

S2

D2

OExp
2 U2

R2

|

t = 0
|

t = 1
|

t = 2

P
h
y
si

ca
l
sp

ac
e

D
ig

it
al

sp
ac

e

Figure 2: Dynamic Bayesian network encoding the asset-twin dynamical system. Circular nodes represent random

variables, square nodes denote taken actions, and diamond-shaped nodes symbolize the objective function. Nodes

with bold outlines indicate observed quantities, while those with thin outlines represent latent variables to be

inferred. Directed edges encode conditional dependencies between variables.

index. Calligraphic letters denote the set of possible values each quantity can assume. For instance,

the hidden physical state is denoted as St → p(st), where st represents a particular realization at

time t, and p(st) defines the probability that St = st for any possible state st ↑ S.

The digital state Dt → p(dt) is designed to capture the essential features of the (hidden) physical

state that are relevant for diagnosis, prediction, and decision-making [3]. The digital state space

D can represent a variety of information, including initial and/or boundary conditions, material

properties, and other key characteristics to describe the asset under consideration.

The physical-to-digital information flow from St to Dt is mediated by the assimilation of ob-

servational data Ot → p(ot), enabling the inference of Dt. The observation space O may include

sensor measurements, inspection results, or diagnostic reports. Since the physical state St is only

partially and indirectly observable, the digital state Dt encodes posterior beliefs over possible sys-

tem configurations at time t, reflecting the evidence provided by the available observations [58, 59].

This perceptual process is realized through observation models – one for each observation modality

– which relate digital states and observations in a probabilistic manner, such that Ot is modeled

as stochastically generated from Dt. Throughout the paper, we will use both Ot and OExp
t

to

represent observations: Ot refers to predicted (expected) observations under the generative model,

while OExp
t

denotes actual sensor data. Belief updates are driven by minimizing the discrepancy

between predicted and actual observations.

The updated digital state Dt informs the digital-to-physical information flow by guiding the

selection of control actions to influence future physical states. In Fig. 2, Ut → p(ut) denotes a

decision variable representing the action taken. The action space U may include interventions that

directly modify the physical state, adjustments to the operational conditions, or modifications to

the observational process. Each action is associated with its own transition model – one for each

digital state factor – across the digital state space, which serves as a control-dependent predictor

that propagates the digital state beliefs forward in time.

Finally, the reward node Rt → p(rt) quantifies the performance of the asset-twin system within

a reward space R. These rewards assess the expected “quality” of DBN trajectories to guide action

selection toward optimal outcomes. In general, reward values may represent real costs associated

with states and actions, or abstract metrics tuned to steer the system toward the desired behavior.

Formally, a POMDP can be defined as a seven-tuple ↓D, O, U , R,A,B, ω↔, where: D denotes

the space of beliefs over hidden states; O is the space of possible observations; U is the space of
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Key assumptions:
• Physical state only observable indirectly.
• Markovianity of physical and digital states.

Physical state: unknown variability.

Digital state: modeled variability (beliefs).

Observations: physical-to-digital flow.

Controls: digital-to-physical flow.

Reward: performance to be optimized.
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Figure 2: Dynamic Bayesian network encoding the asset-twin dynamical system. Circular nodes represent random
variables, square nodes denote taken actions, and diamond-shaped nodes symbolize the objective function. Nodes
with bold outlines indicate observed quantities, while those with thin outlines represent latent variables to be
inferred. Directed edges encode conditional dependencies between variables.

index. Calligraphic letters denote the set of possible values each quantity can assume. For instance,
the hidden physical state is denoted as St → p(st), where st represents a particular realization at
time t, and p(st) defines the probability that St = st for any possible state st ↑ S.

The digital state Dt → p(dt) is designed to capture the essential features of the (hidden) physical
state that are relevant for diagnosis, prediction, and decision-making [3]. The digital state space
D can represent a variety of information, including initial and/or boundary conditions, material
properties, and other key characteristics to describe the asset under consideration.

The physical-to-digital information flow from St to Dt is mediated by the assimilation of ob-
servational data Ot → p(ot), enabling the inference of Dt. The observation space O may include
sensor measurements, inspection results, or diagnostic reports. Since the physical state St is only
partially and indirectly observable, the digital state Dt encodes posterior beliefs over possible sys-
tem configurations at time t, reflecting the evidence provided by the available observations [58, 59].
This perceptual process is realized through observation models – one for each observation modality
– which relate digital states and observations in a probabilistic manner, such that Ot is modeled
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Application agnostic model of physical-virtual interaction for decision-making under uncertainty.

Kapteyn, Pretorius, Willcox, “A probabilistic graphical model foundation for enabling predictive digital twins at scale”, Nature Computational Science, 2021.
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Active inference for POMDPs
4

Parr, Pezzulo, Friston, “Active inference: the free energy principle in mind, brain, and behavior”, MIT Press, 2022.

Observations Beliefs

Perception: 
change beliefs

SENTIENT MECHANICAL SYSTEM

Action: 
change world

↑ utility
↑ info gain

↓ complexity
↑ accuracy

…

ACTIVE INFERENCE LOOP

Free 
energy

COUPLED AGENT

!!External inputs

Sensed response

Control signal

Discrete actions and states…

• Acts to minimize free energy
• Includes action in inference
• Leverages a generative model
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The free energy objective quantifies how much
beliefs must change to explain observations:

• For state inference, free energy minimization
implies updating the digital state.

POMDP under active inference: 
State inference (preception)
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Parr, Pezzulo, Friston, “Active inference: the free energy principle in mind, brain, and behavior”, MIT Press, 2022.
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Figure 4: A dynamic Bayesian network illustrating the use of active inference generative models to navigate the

partially observable Markov decision process underlying the digital twin problem. Circular nodes represent random

variables, red square nodes denote taken actions, gray square nodes represent parametrized operators of the gen-

erative model, and the diamond-shaped node symbolizes prior preferences that reflect a goal-directed (pragmatic)

objective. Nodes with bold outlines indicate observed quantities, while those with thin outlines represent latent

variables to be inferred. Directed edges encode conditional dependencies between variables. The upper left-to-right

path represents the evolution of the physical space, while the lower path depicts the evolution of the digital space.

Digital state inference is performed at the current time tc, whereas policy inference involves propagating the updated

digital state from tc to the prediction time tp.

The EFE associated to a generic policy ω is defined as:

Gω = EQ(Otc:tp ,Dtc:tp |ω)

[
ln Q(Dtc:tp | ω) → ln p̃(Otc:tp , Dtc:tp | ω)

]
, (9)

where, for simplicity, we omit the explicit dependence of the variational posterior on the variational

parameters ω, denoting it simply as Q(Dt). Similarly, we omit the dependency of the generative

model on the hyperparameters ε. In Eq. (9), p̃(Ot, Dt | ω) = p(Dt | Ot, ω)p̃(Ot) defines a generative

model biased by the predictive prior over observations p̃(Ot). This construction integrates the prior

preferences encoded in c into the inference process (described below), enabling the AIF agent to

act in ways that maximize the likelihood of preferred outcomes.

Given the assumed conditional independence of variational posteriors across time, the EFE at
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the statistical regularities of the environment. Action, in turn, is realized by inferring a posterior
distribution over policies and sampling actions accordingly.

In the following, we describe the use of AIF agents to “navigate” the POMDP underlying
the DT problem, enabling the full potential of ADTs. Section 3.1 introduces the AIF generative
model, which encodes the probabilistic assumptions about the underlying environment. Section 3.2
addresses digital state inference via variational free energy minimization. Section 3.3 covers policy
inference and action selection through expected free energy minimization. Section 3.4 describes the
slow-scale learning of the hyperparameters that define the AIF generative model. Finally, Sec. 3.5
discusses the active information-seeking (epistemic) behavior that characterizes ADTs.

3.1. Active inference generative model

In AIF, the set of probabilistic assumptions about how the environment (or generative process)
produces observations (via the observation model A) and how actions influence the environment
evolution (via the transition model B) is referred to as the POMDP generative model. This model
is used to represent the joint distribution in Eq. (1), from current time tc to a prediction horizon
tp > tc. Specifically, for time- and space-discretized POMDPs, probabilistic estimates of future
digital states and observations over the prediction time steps t = tc, . . . , tp are computed as:

p(Otc:tp , Dtc:tp , ω | ω) → p(ω)p(Dtc ; ω)

tp∏

t=tc+1

p(Dt | Dt→1, ω; ω)

tp∏

t=tc

p(Ot | Dt; ω), (2)

which reflects unrolling the AIF generative model of Fig. 3 over t = tc, . . . , tp. Compared to Eq. (1),
the factorization in Eq. (2) introduces several modifications to align with the AIF framework.
First, the control variable U is replaced by a policy ω, defined as a sequence of control states
ω = {utc , . . . , utp}. The generative model in Eq. (2) is conditioned on a fixed policy ω, which is
how it is used for inference purposes. Policies are treated as latent variables to be inferred: the
posterior over policies represents the agent beliefs about its intended actions, while single actions
are realizations sampled from the posterior over control states. The policy-to-control mapping
p(Ut | ω) assigns the control state at each time-step based on the selected policy.

The second modification concerns the omission of the reward variable R. In AIF, utility-
maximization goals are encoded as a prior distribution p̃(Otc:tp) over future observations. These
preferences are specified through an unconditional CPT c : O ↑↓ [0, 1]. Such prior preferences guide
policy selection toward goal-directed (pragmatic) behavior by favoring actions expected to produce
preferred observations. This formal equivalence between rewards and priors eliminates the need for
explicit cost functions. Further, it enables optimal control to be cast as an inference problem: the
joint probability of observations, digital states, control states, and model parameters is maximized
when the system samples from preferred observations. The square node G in the graph represents
the expected free energy, which quantifies the desirability of each policy by incorporating both
pragmatic and information-seeking (epistemic) components, as explained in Sec. 3.3. Finally, the
initial prior p(Dtc ; ω) is typically represented by an unconditional CPT denoted as d : D ↑↓ [0, 1].

Graphically, the generative model illustrated in Fig. 3 shows several di!erences compared to the
DBN in Fig. 2. This formulation focuses on predicting future digital states Dtc:tp and sampling (or
generating) sequences of potential observations Otc:tp based on the probabilistic structure encoded
in A and B, conditioned on control actions Utc:tp that have not yet been executed. Accordingly,
actions Ut are modeled as (circular) random variables rather than (square) decision nodes, since
they represent what-if scenarios beyond data assimilation. Moreover, the same color is used to
represent both digital states and control policies in the graph, as both are latent variables of the
generative model. Equipped with this generative model – specified by the four-tuple ↔A,B, c,d↗

– AIF supports the inference over Dt, ω, and ω, as described in the following sections.

7

Conditional independence structure 
admits belief state factorization:



The free energy objective quantifies how much
beliefs must change to explain observations:

• For policy inference:

1. Goal-directed behavior (utility). 
Actions that realize objectives.

2. Active sensing (epistemic value). 
Actions that reduce state uncertainty.

3. Curiosity about cause-effect (novelty).
Actions that reduce model uncertainty.

POMDP under active inference: 
Policy inference (action)
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Demonstration of active learning from experiments

Agent:
1. Slides the mass to learn the observation model – initialized as uniform (curiosity).
2. Slides the mass to understand the constraint condition (state info gain).
3. Slides the mass to achieve a mechanical goal, such as maximizing observed displacements (utility).

6

Generative process: 
• Aluminum bar 1 meter long.
• Variable supports (left, double, right).
• Sliding mass of 1kg (the agent).
• 3 monitored degrees of freedom.

Analogous to a structure with tunable parts to infer boundary conditions or stiffness.

u3

u2

u1
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Perception-action cycle simulation
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• Spontaneous transition from
exploration to exploitation.

• Emergent behavior stabilizing
the mass at locations that help
disambiguate the context and
maximize utility.

Perception-action cycle simulation
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Performance comparison and learned observation model

Learning

Left context

Noisy flat initialization Refined likelihood
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Strain maximization Strain minimization

Different observations and mechanical goal
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Increased model resources through state expansion

Maximize displacements

Smith, Schwartenbeck, Parr, Friston, “An Active Inference Approach to Modeling Structure Learning: Concept Learning”, Frontiers in Computational Neuroscience, 2020.



Digital twin perspective: Two-ways information flow

“Personalized information construct that mimics specific attributes of a natural/engineered system/process.
It is updated via data assimilation, has predictive capabilities, and guides actions that maximize value”.

Physical entity 

Virtual replica 

Digital model
(ROM, surrogate, …)

Physical entity 

Virtual replica 

Digital shadow
(MCMC sampling, …)

Physical entity 

Virtual replica 

Digital twin

Manual information flow
Automatic information flow

Personalized (model)
Dynamically updating (data)

Prediction and decision (value)
National Academies of Sciences, Engineering, and Medicine, “Foundational Research Gaps and Future Directions for Digital Twins”, 2023.
Kritzinger, Karner, Traar, Henjes, Sihn, “Digital Twin in manufacturing: A categorical literature review and classification”, IFAC-PapersOnLine, 2018.
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Active digital twins: beyond passive data assimilation

Perception of sensory inputs

Digital space
(generative model)

Physical space
(generative process)

Policy selection for lowest surprise: 
Expected free energy minimization

7. Cranmer et al., The frontier of
simulation-based inference. 2020

8. Bull et al., Foundations of
population-based SHM, Part I:
Homogeneous populations and
forms. 2021

9. Gardner et al., Foundations
of population-based SHM, Part
III: Heterogeneous populations –
Mapping and transfer. 2021

10. Giglioni et al., A domain
adaptation approach to damage
classification with an application to
bridge monitoring. 2024

11. Wang et al., Knowledge transfer
for structural damage detection
through re-weighted adversarial
domain adaptation. 2022

12. Poole et al., On statistic align-
ment for domain adaptation in
structural health monitoring. 2023

online policy switch in the case of rare events.

Model-Form Uncertainty. Further work is needed to address
concerns related to modeling assumptions. Despite efforts
to refine the structural model or employ more sophisticated
descriptions for potential damage patterns, engineering struc-
tures may be too complex and uncertain systems to be perfectly
modeled. Uncertainties arising from modeling choices, envi-
ronmental factors, and operational variabilities are among the
many factors that can hinder the model capability to faithfully
describe a real-world system. In terms of monitoring, properly
accounting for model-form uncertainty is crucial to obtain a
reliable solution to the parameter identification problem. To
address this challenge, latent variable models offer an interesting
perspective. Latent variables could be leveraged to account for
missing pieces of information, and examining their distribution
could provide insights into the reliability of the forward model
and, consequently, of the monitoring process. Using latent
variable models for data assimilation purposes would require
the use of appropriate Bayesian inference engines. In this regard,
the recent advances in simulation-based inference stand as an
appealing choice [7].

Experimental Data. A last aspect that should be explored
concerns the use of available experimental recordings to improve
the reliability of data assimilation models. To bridge the data-to-
methodology gap for supervised learning tasks, we envision the
application of multi-fidelity methods at the feature level as an
opportunity to advance current strategies in population-based
[8,9] and domain adaptation [10,11,12] for structural health
monitoring. For example, experimental data from existing
structures could be integrated with synthetic data from physics-
based models via multi-fidelity information fusion to establish
shared feature spaces unaffected by label inconsistencies.

arg min
�

⌧(�) (1.1)

⌧(�) = �Info gain � Pragmatic value (1.2)

8 1 C���������� ��� O������

Physical to digital:
Data assimilation

Digital to physical:
Action - Observation

Inference & belief updating:
Free energy minimization

Simulate
what-if scenarios

Active Digital Twins 
via Active Inference

8
<

:

Mrr̈(t) + Cr(µ)ṙ(t) + Kr(µ)r(t) = fr(t, µ) , t 2 (0, T )
r(0) = W>d0

ṙ(0) = W>ḋ0 ,
(23)

Mr ⌘ W>MW , Cr ⌘ W>C(µ)W , Kr ⌘ W>K(µ)W , fr(t, µ) ⌘ W>f(t, µ).
(24)

u1(t) u2(t) u3(t) u4(t) (25)

q(t) (26)

Algorithm POD elasto-dynamics
1: Sample µ ! µ1
2: Solve full-order model
3: Collect S1 = [d(t0, µ1)| . . . |d(tT , µ1)]
4: W = PODtime(S1)
5: FOR j = 2, . . . , Nsamp DO
6: Sample parameters µ ! µj

7: Solve full-order model
8: Collect Sj = [d(t0, µj)| . . . |d(tT , µj)]
9: Wj = PODtime(Sj)

10: S = [W|Wj ]
11: W = PODparam(S)
12: END FOR

F := Forward operator (parameters ! measurements)
I := Inverse problem (measurements ! sought parameters)
I✓⇤ := Neural network approximation to I

(27)

I✓⇤ = arg min
✓2⇥

X

j

k(I✓ � F)(µj) � µjk (28)

...
...

...
...

Figure 4: Scheme of the NN LF fully-connected model: red nodes denote the input/output quantities,
while blue nodes refer to the tunable parameters.
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policy by incorporating both goal-directed and uncertainty-resolving components, as explained
in Sec. 3(c). Finally, the initial prior p(Dtc ; �) is typically represented by an unconditional CPT
denoted as d : D 7! [0, 1].

Also graphically, the generative model illustrated in Fig. 3 presents several differences
compared to the DBN in Fig. 2. This formulation focuses on sampling (or generating) sequences of
potential observations Otc:tp and predicting future digital states Dtc:tp based on the probabilistic
structure encoded in A and B, conditioned on control actions Utc:tp that have not yet been
executed. Accordingly, actions Ut are modeled as (circular) random variables rather than (square)
decision nodes, as they represent hypothetical what-if scenarios beyond data assimilation.
Moreover, since control states are determined by feasible policies ⇡ defined a priori, the same
color is used to represent both digital states and control policies in the graph, as both are latent
variables of the generative model. Equipped with this generative model – specified by the four-
tuple hA,B, c,di – AIF involves performing inference over Dt, ⇡, and �, as described in the
following sections.

(b) Digital state inference via variational free energy minimization

Given an observation Otc = o
Exp
tc

, the underlying digital state Dtc can be inferred by estimating a

posterior distribution p(Dtc | Otc = o
Exp
tc

), using Bayes’ Rule:

p(Dtc | Otc = o
Exp
tc

) =
p(o

Exp
tc

, Dtc)

p(o
Exp
tc

)
=

p(o
Exp
tc

| Dtc)p(Dtc)

p(o
Exp
tc

)
, (3.2)
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Figure 1: Active digital twins via active inference – Graphical abstraction of the end-to-end information flow. The

dichotomy between the external physical process generating observational data (i.e., the generative process) and the

agent’s internal model (i.e., the generative model) is evident by the symmetry along the vertical axis. Meanwhile,

the two forms of inference – digital state estimation and policy selection – exhibit a symmetry along the horizontal

axis. A detailed schematic of generative models for both digital state and policy inference is presented in Fig. 4.

The paper is organized as follows. Section 2 describes the POMDP that encodes the coupled

dynamics of the physical-digital system. Section 3 illustrates the use of AIF agents to realize

ADTs. Section 4 assesses the proposed procedure on the simulated monitoring, management, and

maintenance of a railway bridge, providing comparative results for di!erent AIF agents featuring

increasingly rich behavior. Conclusions and future developments are finally outlined in Sec. 5.

2. Partially observable Markov decision process for digital twins

Figure 2 illustrates the probabilistic graphical model – adapted from [26] – that represents

the dynamic interaction between the physical and virtual domains. This abstraction is inspired

by classical POMDP formulations [5]. POMDPs are state-space models for decision-making in

stochastic, partially observable environments, where system dynamics are typically described by

Markov transition models. Unlike standard Markov decision processes, where a policy directly

maps observable states to actions, POMDPs define the policy as a mapping from belief states –

probabilistic representations of hidden states inferred from observations – to actions.

The graph in Fig. 2 is a DBN, in which circular nodes represent random variables, square nodes

denote taken actions, and diamond-shaped nodes symbolize the objective function. All variables

are defined at discrete time steps. Each time the DT is updated through the assimilation of new

observational data, the DBN advances by one time step, with t → {0, . . . , T}, where t = 0 marks the

moment the DT enters operation, and t = T defines its lifetime horizon. Nodes with bold outlines

indicate observed quantities, while those with thin outlines correspond to latent variables that

must be inferred. The DBN is sparsely connected, with edges encoding conditional dependencies

among the variables. For an overview of the fundamentals of DBNs, the reader is referred to [5, 27].

Capital letters denote random variables associated with the quantities in our abstraction, the

corresponding lowercase letters refer to their specific realizations, and subscripts indicate their time
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Structural health monitoring workflow and hierarchical structure

Underlying
causeSensor observations

SHM
Vibration-based

(time series)
Levels of

detail

Detection

Localization

Quantification

PROGNOSIS

Damage is any change in a structural property 
negatively affecting a mechanical system

Prognosis

Why SHM? 
More informed assessment of 

safety, better allocation of 
resources, increased availability.

Farrar, Worden, “Structural Health Monitoring A Machine Learning Perspective”, Wiley, 2013. 
Rytter, “Vibration Based Inspection of Civil Engineering Structures”, PhD Thesis, 1993.
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Simulation-based damage identification

Rosafalco, Torzoni, Manzoni, Mariani, Corigliano, “Online structural health  monitoring by model order reduction and deep learning algorithms”, Computers & Structures, 2021.

Given system parameters, compare 
solution trajectories to sensor recordings 

Full-order model

Low-dimensional subspace
(POD/SVD or greedy) 

Best-rank approximation

Galerkin projection

Reduced-order model
Parameters: loads, environment, damage.
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• Test: 17,292 DOFs 
• Train: 133 POMs
• 10 noisy sensors at 400 Hz
Parameters:
• Damage location:  {0, Ω!, Ω", Ω#, Ω$, Ω%, Ω&}
• Damage level: 30%, 80%
• Convoy velocity: 160, 215 km/h
• Axle mass: 16, 22 ton

Generative process: evolving structural health, 
stochastic degradation (depends on the loads). 

Agent:

1. Actively infers the structural health state.
2. Optimizes costs for structural health and actions. 
3. Updates model parameters (learning).

Generative model

Digital state factors:
1. Damage location.
2. Damage level.
3. Epistemic switch.

Observations:
1. Pre-classified signals (DL models).

Controls:
1. Do nothing – DN.
2. Maintenance – MA.
3. Restrict operations – RO.
4. Read sensors – RE. Triggers the epistemic state

with an informative likelihood

Affect the environment

Application to structural health monitoring

Damage localization
and quantification
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Active digital twin resolves uncertainty through action

Purely goal-directed:
Simulation fails in 50% of the trials.

Goal-directed and information-seeking:
Dynamically adjusted data acquisition

prevents desynchronization.
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Thank you for your attention
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