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Established in 1964, the HUN-REN Institute for Computer Science and Control
(SZTAKI) has nearly 300 full-time employees, 80 with Ph.D.

Since 2010, SZTAKI hosts the Fraunhofer-SZTAKI Project Centre for Production
Management and Informatics (PMI). In 2018, the Fraunhofer Gesellschaft and
HUN-REN SZTAKI established a common firm, the EPIC InnoLabs Nonprofit Ltd., to
transfer the R&D& results to the industry. The Institute is also the coordinator of
the National Laboratory for Autonomous Systems.

The two National Laboratories collaborate closely and share the Innovation and
Demonstration Space in the 11 Lagymanyosi Street building.
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Nation-wide collaboration projects: Between 2020-2025, HUN-REN SZTAKI
coordinates the Artificial Intelligence National Laboratory and the
Autonomous Systems National Laboratory.

Compute facilities: Hungarian Research Cloud of 40 servers with 8 V100
or A100 GPUs each and available for our research.

Exhibition space: HUN-REN SZTAKI hosts the over 400m2 Exhibition Space
of the Artificial Intelligence National Laboratory Hungary, which is
dedicated to demonstrations and promotion of Al technologies towards
SMEs, large industry, as well as government agencies.
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Motivation: Identifying material properties from SHM data

Inferring material/structural properties of an infrastructure from measured SHM data is typically described by an inverse
problem.
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Motivation: Identifying material properties from SHM data

Implicit abstract description of the ODE/PDE:

o (u(w),q(w)) = flq(w))

The measurable Qol:

y = H(q.ulq. f)).

The actual measurement polluted by noise:

-—_

=i

Z(QJ) = Yt T €m.

fzio/qQ
fqz = - fzi0 = fe(y — 2)

| fz10fQdq
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Motivation: Noisy SHM data influenced by
enwronmental condltlon
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Approaches, Tools
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Deterministic Approach to Subtract Environmental

effects: Data-driven modelling, SHAPley Additive
Feature attribution
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Uncertainty-aware methods

crn ¢%

Randomness that is intrinsic to the phenomenon and
cannot be reduced:

Instead of conditional Reduqb‘le uncer-talnty, due to t-he lack of I‘<n‘owledge:
* Limited available observations for training model
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Bayesian inversion with MCMC sampling of the
posterior
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Bayesian inversion with MCMC sampling of the posterior

MCMC update of the spring example

https://ezander.github.io/ParameterAndFieldldentification/param_identification/stochastic_estimators/Bayes MCMC _spring.html

Samples of f(q|y ) by Metropolis-Hastings algorithm
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Probabilistic inverse modelling by distribution
regression

Building
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Distribution Regression: Bayesian Neural Networks (BNNSs)

Bavesian Neural Network

* Weights (and biases) as probability distributions
* Bayesian inference of model parameters
e Computationally intensive
e Variational inference:
ELBO loss = -Log-likelihood of the data +
Kullback Lieibler Divergence (KLD)
between the posterior and the prior

Addresses epistemic uncertainty

[Magris, losifidis: Bayesian learning for neural networks:
an algorithmic survey, Atrificial Intelligence Review, 2023]

. Inputlayer  Hidden layer ~ Output layer ~ Weights with distribution |

I~

Source: https://miro.medium.com/v2/resize:fit:1200/1*ZmilGemC6UmMtN4uO0Qlgsgg.ipeg
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Distribution Regression: Mixture Density Networks (MDNSs)

LIJ(oz),b) (Z) = [ﬂll 01, W1, U2, 02, W2, ... Um, Om, Wm]

Conditional distribution is given by a
Gaussian Mixture:

n(qlz) = lei(z)gi(qlz) Z wi=1 § =

= l=1 _'_ N ~—~ §
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w;: mixing coefficients
gi: conditional density (Gaussian kernel functions)
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Distribution Regression: CRPS-based distribution regressmn

\— - -

Noise € ~ N(0, 1) is injected into the network; the network maps () ferecest FOF end Observed 1-0.'('0) ,F‘?'?C."?'.".“f’,o:""'“”"d .
(y, €) = p. Multiple draws of € give samples approximating the Ops . 4
posterior. 3 1 & |
g ; é 0.6
Novel unbiased empirical approximation of the CRPS: 3 F S
¢ :
2 = “ 0.2
cRPS'(F,) = [ (FG) = 1(a < 1) ’ar o lll |
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Tempercture (°F) Temperature (°F)
CRPS(F,q)=E | Q—q | —lE 10—0'| 0,0'~F F: CDF of predicted distribution
) 2 ) )

qg: target label
The model is trained by minimizing the unbiased version of the empirical Continuous Ranked Probability Score (CRPS):

CRPS'(q) = Z|q &~ 53— (n_l)iill

i=1j=1

Strictly proper scoring rule: global optimum coincides with the true target distribution — no parametric assumption
required, capable of learning arbitrary probability distributions.

"& ARTIFICIAL INTELLIGENCE

National Laboratory H U N-REN SZTAKl



Distribution Regression: CRPS-based distribution regression

Kelen DM, Jung A, Benczur AA. Quantification vs. Reduction: On Evaluating Regression Uncertainty. Learning meets
Sampling. ICLR 2025 workshop

Kelen DM, Jung A, Kersch P, Benczur AA. Distribution-free Data Uncertainty for Neural Network Regression. ICLR 2025.
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GitHub - proto-n/torch-naut: PyTorch Nonparametric Aleatoric Uncertainty Modeling Toolkit - GitHub
https://github.com/proto-n/torch-naut/tree/main
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TRACE STRUCTURE Ul: some tools that are available without

coding expertise
TRACE STRUCTURES Ul

API for

Twinning, T TTNNG
Resilience, and e Mot Bulding Updaing
Al-driven TRACE structures library packages:

St ru ct ures
0 Climate Resllience digitai-twinr!iftg Earthquake Resllience
Computational | cimse e [N

climate-resilience

Engineering for )
B u i I ding Temporary Memory Storage on SZTAKI server

Jtructures i
BUILDCHAIN API
Local storage
https://buildchain.ilab.sztaki.hu/
BUILDCHAIN DKG
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Challenges, Limitations
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Challenges1: Curse of dimensionality, field updating
Compressibility field identification to preserve safety of a gas platform

a-priori compressibility updated compressibility based on measured values
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Challenge 2: Non-smooth behavior when

measurements are modal properties
MOSAIC (Mode-shape-adapted input parameter domain cuttii_nsz)
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MOSAIC (Mode-shape-adapted input
parameter domain cutting)

Based on the frequency order Based on the MAC value Proposed MOSAIC approach
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Funded by
the European Union

Challenge 3: Knowledge and data sharing

decentralized knowledge graphs - the BUILDCHAIN prOJect

Users/Actors| [Building Life-Cycle|

A smarter, transparent and more resilient and
sustainable built environment: Interconnectivity

Build a Knowledge Base, via a Decentralized

Knowledge Graph, that can be used to trace all

activities related to the overall life-cycle of

buildings.

= Integration of trusted, traceable, and transparent
data

= Marketplace, where various actors can share

their offers, including their quality certificates and
credentials, and where it would be possible to lo

: : o€ P € Data & knowledge market place
and trace every information, activity, and change,
and use the knowledge to improve sustainability

The creation of a trusted data ecosystem economy Sustainability & energy efficiency

around such high-quality data will significantly improve
the offered services and products in the Building Life- Improved safety, health, occupants comfort

Cycle sector.

Measurements
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Challenge 3: Knowledge and data sharing
Structured knowledge assets organized in a graph

Building info

Data integrity
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Challenge 3: Knowledge and data sharing
Al-tools for easy data query

o
C

ARTIFICIAL INTELLIGENCE
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Can you tell me more about the monitoring system?

The building is equipped with a comprehensive monitoring system that
includes 6 seismic acceleration sensors. These sensors are METRA
KBI2vD models, which have a sensitivity of 10000mV/g and can
measure a range between £0.5g to #5g. They are strategically installed
in the central tower of the building

These sensors continuously collect acceleration data in the two main
directions (x and y) of the building. The collected data is stored in a
database and further processed using Operational Modal Analysis. This
analysis helps identify the natural vibration modes of the building,
which are closely related to the building's state of health. Any changes
in these vibration modes can indicate the presence of damage in the
building

Tell me information about this building?

SOURCE KNOWLEDGE ASSETS

s

HUN-REN SZTAKI
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Limitation: identifiability

Dynamic experiment Static experiment Static experiment
— measuring mode shapes — measuring displacments — measuring strains
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Limitation: identifiability
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summary
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Summary

Uncertainty-aware SHM: opportunities and challenges
Uncertainty-aware methods are recommended for both parameter identification and
modelling environmental effects in SHM data.
Several uncertainty-aware modelling tools are already available:
Bayesian inversion with surrogate models + MCMC
Distribution regression: Bayesian NNs, MDNs, CRPS-based methods
Key challenges for practical deployment:
Systematic error modelling and robust generalization for design-method updating
Modal measurements: widespread in SHM, but affected by mode matching and aliasing
errors
Curse of dimensionality
Data availability, structure, and reusability
Non-identifiability, limiting exact parameter identification
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