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Adaptation and learning in sentient structures

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

Dynamic, adaptive, bidirectional interaction

(-’ ) \ Requirements:

Physical environment

1. Reaction and learning

Digital to physical: Physical to digital: without simulations
Actuation and Data assimilation '

Observation Digital agent and interpretation 2. Continual adaptation
to novelty.
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¥LQ Dd 3. Mimimal computational cost

Lo ~ -
e for low-power devices.

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

San, Rasheed, Bozdemir, Deng, “The evolution of digital twins from reactive to agentic systems”, Nature Computational Science, 2026.




Partially observable Markov decision process (POMDP)

Application agnostic model of physical-virtual interaction for decision-making under uncertainty.

So =@ >

@ Physical state: unknown variability.
e Digital state: modeled variability (beliefs).

()
@ Uo @ Ur Uz Observations: physical-to-digital flow.

l l l \ U: | Controls: digital-to-physical flow.

Physical space
(environment, process)

§§ @ Reward: performance to be optimized.
i & &
58 Key assumptions:

Physical state only observable indirectly.
Markovianity of physical and digital states.

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



Active inference for POMDPs
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change world ] [Change beligkl - Actsto minimize fr_ee energy
- Includes actionin inference

ACTIVE INFERENCE LOOP - Leverages a generative model
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(M External inputs 0\ “ Control signal

&> Sensedresponse - ® Discrete actions and states

AVY

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



POMDP under active inference:
State inference (preception)

Physical space
(Generative process)

—®

Uy, —1

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

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

Digital space
(Generative model)
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Digital state inference Policy inference
tp tp

Conditional independence structure , : :
admits belief state factorization: P(Ot:t,, Diitys @ | 1) < p(@)p(Dy, 5 @) t—lt_[+1p(Dt | D1, 75 ¢) tl__t[ p(O¢ | Di; @)

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



POMDP under active inference:

55 ' Policy inference (action)
5;% U1 {
; The free energy objective quantifies how much
Q“;’ beliefs must change to explain observations:
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@ - For policy inference:

\@/ 1. Goal-directed behavior (utility).
i Actions that realize objectives.
¢ 2. Active sensing (epistemic value).
<§ Actions that reduce state uncertainty.
b1 _— bttt b=t 3. Curiosity about cause-effect (novelty).
i i ek - Actions that reduce model uncertainty.

~
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Digital state inference Policy inference
tp tp

Conditional independence structure , : :
admits belief state factorization: P(Ot.itys Dot @ | ) o p(@)p(Dy,; @) t—qu(Dt | Di—1,m; @) tl__t[ p(Oy | Dy; @)

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



Demonstration of active learning from experiments

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

Generative process: ‘ \

Uy
Aluminum bar 1 meter long.

Variable supports (left, double, right).
Sliding mass of 1kg (the agent).

3 monitored degrees of freedom.

D

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).



Mass location

Context belief

Perception-action cycle simulation

Belief over control mass location

. Taken action
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Mass location

Context belief
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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.




Performance comparison and learned observation model
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Mass location

Context belief Deformation
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Increased model resources through state expansion

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



“Personalized information construct that mimics specific attributes of a natural/engineered system/process.

Digital twin perspective: Two-ways information flow

It is updated via data assimilation, has predictive capabilities, and guides actions that maximize value”.

Digital model

(ROM, surrogate,
A
—~ [

Physical entity

Virtual replica

SlG

N

— LQ*-‘D d

Digital shadow
(MCMC sampling, ...)

~ Y ~

Physical entity

Virtual replica

LLQ* ‘Dd

Fl

Manual information flow
Automatic information flow

Digital twin
o\
~ 47 ~

Physical entity

Virtual replica

— LQ*-‘D 4/

SlG

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.



Active digital twins: beyond passive data assimilation

Active Digital Twins

via Active Inference " Perception of sensory inputs

Physical to digital: Inference & belief updating;:

Data assimilation/> e Free energy minimization
Physical space . | Digital space
(generative process) (generative model)

A A

Policy selection for lowest surprise:
Digital to physical: Expected free energy minimization il e

Action - Observation argmin G(1) what-if scenarios
TT
G(m) = —Info gain — Pragmatic value

Torzoni, Maisto, Manzoni, Donnarumma, Pezzulo, Corigliano, “Active Digital Twins via Active Inference”, Engineering Applications of Artificial Intelligence, 2026.

13



14

Structural health monitoring workflow and hierarchical structure

Genoa 2018, partial collapse of the
Morandi Bridge — 43 fatalities f

Aloha Airlines 1988, separation of
the fuselage upper lobe — 1 fatality

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

Sensor observations — Qo — Underlying

) ) cause detail
(time series)

Q

Vibration-based
SHM

;" Detection ™

_____ , Levelsof _J:

t Quantification |

Farrar, Worden, “Structural Health Monitoring A Machine Learning Perspective”, Wiley, 2013.

Rytter, “Vibration Based Inspection of Civil Engineering Structures”, PhD Thesis, 1993.

Why SHM?
Localization More informed assessment of
l safety, better allocation of

resources, increased availability.

* o
Yssssnssnsnnshasnannnnnnns

Prognosis



Simulation-based damage identification "

S VASAIS AN M, X(t) + Cr(Wx(t) + K (Wx(t) = £,(t,p) M, = W MW,
/ iﬁl@lﬁq‘ﬂ\g 5 x(0) = WTx — wT
RS RIR A, X 0 Cr(p) = W C(pW

K, (p) = WKW

f,(t, u) = WT{(t,
Given system parameters, compare r(t, 1) (t, p)

solution trajectories to sensor recordings

4 )

Full-order model

Low-dimensional subspace
(POD/SVD or greedy)

Best-rank approximation VN
x(t, m) = WX(t, p)

Galerkin projection

l Parameters: loads, environment, damage.
\ Reduced-order model )

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



Application to structural health monitoring

and quantification

. Test: 17,292 DOFs
. Train: 133 POMs

- Damage level:
- Convoy velocity:
\_* Axle mass:

- 10 noisy sensors at 400 Hz w

Parameters:
- Damage location: {0, 4, Q,, Q3,Q4, Qs5, O}

[30%, 80%]
[160,215] km/h

[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. j|— Affect the environment

3. Restrict operations - RO.

4 Read sensors - RE. ) Triggers the epistemic state

with an informative likelihood

16



Active digital twin resolves uncertainty through action

— Digital twin ===- Ground truth

Damage probability in region 23

1.0
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Time step

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

—— Digital twin ===- Ground truth
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Goal-directed and information-seeking:

Dynamically adjusted data acquisition
prevents desynchronization.
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Thank you for your attention
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