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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 AI technologies towards 
SMEs, large industry, as well as government agencies.



Six AI topics

Security, Privacy, Infrsstructure

Foundations Machine perception Human language tech

Medical, health Sensor, IoT, Telecommunications



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

Toy model: 

m𝑢̈ + 𝑑𝑢̇ + 𝑘𝑢 = 0
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Bayesian framework

Motivation: Identifying material properties from SHM data
Implicit abstract description of the ODE/PDE:

The actual measurement polluted by noise:

The measurable QoI:



Motivation: Noisy SHM data influenced by 
environmental condition
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𝑓ଵ 𝑓ଶ

Frequency dependence on 
weather data of a cultural 
heritage building tower in 
Granada.



Approaches, Tools
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Deterministic Approach to Subtract Environmental 
effects: Data-driven modelling, SHAPley Additive 
Feature attribution

• Ravbarkomanda
high-way bridge
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Environmental and traffic load effects on eigenfrequency of  prestressed cable



Uncertainty-aware methods
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Reducible uncertainty, due to the lack of knowledge:
• Limited available observations for training model
• Not measurable input variables, uncertain material/geometric 

properties

Randomness that is intrinsic to the phenomenon and
cannot be reduced:
• Throwing a dice 
• Measurement noise
• Unidentifiability

EpistemicAleatoric

Distribution 
regression provide 
not only 
predictions but 
also a measure of 
confidence in 
those predictions

Instead of conditional 
expectation 
𝐸[𝑌 | 𝑋 =  𝑥, 𝐷],
we want 

𝑝(𝑦 | 𝑋 =  𝑥, 𝐷)



Bayesian inversion with MCMC sampling of the 
posterior
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Measurements of  modal 
properties from forced 

vibration tests

Bayesian update of  simulation model

Yoker Tall Timber Building
in Glasgow



Bayesian inversion with MCMC sampling of the posterior
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https://ezander.github.io/ParameterAndFieldIdentification/param_identification/stochastic_estimators/Bayes_MCMC_spring.html

MCMC update of the spring example



Probabilistic inverse modelling by distribution
regression

HUN-REN SZTAKI 13

Measurements of  modal 
properties from forced 

vibration tests

Yoker Tall Timber Building
in Glasgow



Distribution Regression: Bayesian Neural Networks (BNNs)
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Source: https://miro.medium.com/v2/resize:fit:1200/1*ZmiIGcmC6UmtN4uOQ1qsgg.jpeg

• Weights (and biases) as probability distributions
• Bayesian inference of model parameters
• Computationally intensive
• Variational inference:

ELBO loss = -Log-likelihood of the data + 
Kullback Lieibler Divergence (KLD) 
between the posterior and the prior

• Addresses epistemic uncertainty

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



Conditional distribution is given by a 
Gaussian Mixture:

Loss is the negative loglikelihood

Distribution Regression: Mixture Density Networks (MDNs)
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𝑤௜: mixing coefficients
𝑔௜: conditional density (Gaussian kernel functions)
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Distribution Regression: CRPS-based distribution regression
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Noise ε ~ N(0, I) is injected into the network; the network maps 
(y, ε) ↦ p. Multiple draws of ε give samples approximating the 
posterior.

Novel unbiased empirical approximation of the CRPS:

𝐶𝑅𝑃𝑆’ 𝐹, 𝑞 = න 𝐹 𝑟   −  𝟏 𝑞 ≤ 𝑟
ଶ
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2
 𝐸 ∣ 𝑄 − 𝑄ᇱ ∣, 𝑄, 𝑄′ ∼ 𝐹 𝐹: CDF of predicted distribution

q: target label
The model is trained by minimizing the unbiased version of the empirical Continuous Ranked Probability Score (CRPS):
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Strictly proper scoring rule: global optimum coincides with the true target distribution — no parametric assumption 
required, capable of learning arbitrary probability distributions.



Distribution Regression: CRPS-based distribution regression
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Kelen DM, Jung Á, Benczur AA. Quantification vs. Reduction: On Evaluating Regression Uncertainty. Learning meets
Sampling. ICLR 2025 workshop

Kelen DM, Jung Á, Kersch P, Benczur AA. Distribution-free Data Uncertainty for Neural Network Regression. ICLR 2025.

GitHub - proto-n/torch-naut: PyTorch Nonparametric Aleatoric Uncertainty Modeling Toolkit · GitHub
https://github.com/proto-n/torch-naut/tree/main

enhance model expressivity
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https://buildchain.ilab.sztaki.hu/

TRACE STRUCTURE UI: some tools that are available without
coding expertise



Challenges, Limitations

HUN-REN SZTAKI 19



Challenges1: Curse of dimensionality, field updating
Compressibility field identification to preserve safety of a gas platform
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Uncertain scaling 
field of the 
compressibility 
𝑓௖ெ(𝑥, 𝑦)
under the gas 
platform Stochastic FEM 

computation of  
seabed displacement
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FEM simulation
with non-linear 
material model

measured
seabed displacement

a-priori compressibility updated compressibility based on measured values 



Challenge 2: Non-smooth behavior when
measurements are modal properties
MOSAIC (Mode-shape-adapted input parameter domain cutting)
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MOSAIC (Mode-shape-adapted input
parameter domain cutting)
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Challenge 3: Knowledge and data sharing
decentralized knowledge graphs – the                       project
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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 log
and trace every information, activity, and change,
and use the knowledge to improve sustainability.

The creation of a trusted data ecosystem economy
around such high-quality data will significantly improve
the offered services and products in the Building Life-
Cycle sector.

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



Challenge 3: Knowledge and data sharing
Structured knowledge assets organized in a graph
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Challenge 3: Knowledge and data sharing
AI-tools for easy data query
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Limitation: identifiability
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Static experiment

– measuring displacments

Dynamic experiment

– measuring mode shapes

Static experiment

– measuring strains



Limitation: identifiability
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Summary
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Summary

HUN-REN SZTAKI 29

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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Thank you!

Supported by the European Union project RRF-2.3.1-21-2022-00004 within the framework of the Artificial 
Intelligence National Laboratory Program, and 
the Development and Innovation Office, Hungary (OTKA146113)
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