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Welcome to the Q1 Newsletter!
Dear readers,
Welcome to the latest edition of the GRID
newsletter. The newsletter opens with high-
lights of Yanjie Song’s physics-informed ML talk
at BOKU, the launch of a student contest on soil
shear parameter prediction and the addition of
new partners (OsloMet, Tongji, HPC AG, UniPD,
UniSAFE). It features a paper on transfer learning
in physics-encoded neural networks, announces
grai integration in GGU-CONNECT, and points to
updated KPIs, recent publications and upcoming
events in Vienna, Berlin and Graz.

Physics-InformedML Spotlight:
Yanjie Song @BOKU

Presentation of Yanjie Song from the University of
Leeds (third from the right) at BOKU

During his GRID secondment at BOKU, Uni-
versity of Leeds PhD candidate Yanjie Song
advanced collaborative research on physics-
informed machine learning for multi-physics
PDEs (WP4). Building on his recent work on
Loss-Attentional PINNs (LA-PINN), he explored
attention-driven weighting schemes that dy-
namically prioritize hard-to-fit regions, such as
stiff points with rapid timescale changes, by
learning weights from point-wise squared er-
rors via dedicated loss-attentional networks and
adversarial training. This approach demon-

strated faster convergence and improved ac-
curacy over vanilla PINNs, particularly in chal-
lenging domains. At BOKU, Song shared these
findings in his talk, “Loss-Attensional and Time-
Attentional AI Model for Solving PDE Problems”
and engaged with teams on operator learning
and transformers, laying the groundwork for
joint experiments, code exchange and future
publications in geotechnical applications.

For further info, please see: Y. Song, Loss-
attentional physics-informed neural networks.

Join the student contest

6th International Conference on Information Technol-
ogy in Geo-Engineering

Are you ready to showcase your skills inMachine
Learning? GRID, in collaboration with ISSMGE
TC304, TC309, and JTC2, is thrilled to announce
a Student Contest on Machine Learning algo-
rithms for predicting soil shear parameters.
The prize ceremony will be held at ICITG26 in
Graz, Austria, from October 13–16, 2026.
How to Participate:

• Check out the call details, guidelines, and
dataset.

• Form your team and register by contacting
Lukas Leibold at BOKU.

Good luck to all participants! We can’t wait to
see your innovative solutions.
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New partners: OsloMet, Tongji, HPC,
UniPD, UniSafe, Smart-G

New GRID partners

We are excited to welcome new GRID partners:
OsloMet (OsloMetropolitanUniversity, Norway),
bringing expertise in applied AI and data-driven
engineering; Tongji University, renowned for
civil and geotechnical engineering and compu-
tational mechanics; HPC AG, a long-standing in-
terdisciplinary engineering company (part of the
Ginger Group since March 2025) specializing in
soil and groundwater, geotechnics, urban wa-
ter management, waste management, environ-
mental consulting and infrastructure; University
of Padua (UniPD), with strong foundations in ge-
omechanics and numerical modeling; UniSAFE,
a technology spinoff advancing sensing, safety
and monitoring solutions for infrastructure and
geotechnical applications; and Smart-G, an-
other spin-off that bridges academia and indus-
try to develop and deliver advanced ground-
improvement design techniques and technolo-
gies.

Paper spotlight 1: Practical
sparse data-driven constitu-
tive modeling via transfer
learning in physics-encoded
neural networks

The fine-tuned model outperforms the reference model in undrained simulations, particularly evident in the 
q − p relationships as depicted in Figure S6. Specifically, the fine-tuned model successfully captured limited 
flow, which is not effectively reproduced by the reference model. However, anomalies occurred in the TMU 
11 simulation, where unrealistic tensile states ( p < 0) led to non-convergence issues. Interestingly, in several 
simulations such as TMU 3, TMU 5, and TMU 6, the results closely aligned with the reference model, indicating 
that retaining more parameters from the pre-trained model can yield performances similar to the reference in 
certain aspects.

Consider only Ea  If only the loss component Ea is included in the fine-tuning process, the outcomes are 
displayed in Fig. 10 and Figs. S9-S12. Overall, its visual performance exceed that of using only Er . However, 
it does not encounter convergence issues, and the quantitative analysis pre sented in Sect. 4.1.4 reveals certain 
advantages.

Incorporate further loss items  When additional loss term Ea is included in the fine-tuning process, the out-
comes are displayed in Fig. 11 and Figs. S13-S16.

The introduction of an additional loss term, Ea, in the fine-tuning process resulted in improved predictions 
of deviatoric stress, although the volumetric behavior in simulations of loose samples occasionally exhibited 
suboptimal performance. The undrained test results, as illustrated in Figs. S15 and S16, showed slight 
degradation; the q − p curves effectively reflected initial stiffness but struggled to identify the phase transition 
points accurately, although they did reflect the critical state line. The deviatoric stress responses over the strain 
development were similar to those models considering only Er , with several simulations aligning closely with 
the reference model. However, the inclusion of additional constraints contributed to greater stability, preventing 
convergence issues and physical inaccuracies.

Effect of batch size  The choice of batch size influences MLP performance yet selecting the most suitable batch 
size and learning rate for optimal generalization remains unclear58. Typically, the effects of batch size and learn-
ing rate are discussed with respect to specific datasets59 or particular tasks60, which aids in building well-per-
forming models. The interaction between batch size and learning rate is crucial61. Generally, a smaller batch size 
can help achieve global optima in clean data sets, which is why a smaller batch size of 32 was initially used for 

Fig. 9.  Results (a) overall performance; (b) representative results.

 

Fig. 8.  Results (a) overall performance; (b) representative results.

 

Scientific Reports |          (2026) 16:636 10| https://doi.org/10.1038/s41598-025-34925-0

www.nature.com/scientificreports/

Model results in simulating soil material response

This study by ZhihuiWang and Roberto Cudmani
of the Technical University of Munich presents
a practical pathway for data-driven consti-
tutive modelling when experimental records
are scarce. Physics-encoded neural networks
(PeNNs) are first pre-trained on synthetic la-
belled data generated from established consti-
tutive models and then fine-tuned using implic-
itly labelled, high-fidelity experimental records.
By enforcing fundamental mechanical principles
during training, the calibrated PeNNs can be di-
rectly embedded as user materials in finite ele-
ment (FEM) software, enabling reliable simula-
tions of drained and undrained triaxial tests.
The results show that transfer learning sub-
stantially improves predictive fidelity over syn-
thetic models alone, even with limited exper-
imental data. Model performance is sensitive
to the volume and balance of synthetic ver-
sus experimental data, as well as fine-tuning
configurations such as the architecture of the
fine-tuning stage. Overall, the work demon-
strates that combining cost-effective synthetic
data with curated experiments can yield robust,
physics-consistent constitutive models that cap-
ture complex stress–strain behavior of geoma-
terials and integrate smoothly into existing FEM
workflows. This contribution aligns with GRID’s
emphasis on physics-informed AI and operator
learning, offering a scalable route to enhance
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constitutive modeling under data constraints
while preserving physical fidelity and compu-
tational efficiency. For further information or
collaboration inquiries, please contact the GRID
team.

For further info, please see: Wang, Z., Cudmani,
R. Practical sparse data-driven constitutivemod-
eling via transfer learning in physics-encoded
neural networks.

Paper spotlight 2: Real-Time 3D
Consolidation Prediction with
Physics-Informed Neural Net-
works

Arabian Journal for Science and Engineering

Fig. 2 The architecture of the PINN with a Fully Connected Neural
Network with input, hidden and output Layers for three-dimensional
Terzaghi’s consolidation equation with spatial and temporal coordi-
nates (x , y, z, t): Note: The activation function employed at the hidden
layers is Tanh (x). Automatic Differentiation (AD) is adopted to com-
pute the partial derivatives in the governing equation that serves as a

physical constraint for optimisation together. The number of hidden
layers and neurons in this figure is for illustrative purposes only, and
the actual number of hidden layers and neurons utilised for different
cases is discussed in relevant parts

The right side of Eq. (11) is the deformation calculated
using the PDE representing the consolidation process, which
is expected to have a value of zero. N f is the number of col-
location points in the defined domain,Cv is the coefficient of
consolidation, n indicates the spatial coordinates x , y, z, and
the values of partial derivatives are computed by automatic
differentiation. In different dimensional cases, Eq. (8) has
variant forms. The loss function for three-dimensional prob-
lems contains more loss terms and a large number of data
points, and thus conversion and balance of the loss function
is more challenging. The details for different consolidation
cases will be discussed in the corresponding sections.

3.3 Hyperparameters and Two-stageModel Training

3.3.1 Pre-Training: Automatic Hyperparameters
Optimisation Using Optuna

Hyperparameters, which are predetermined prior to training
and not learned from data, play a critical role in determining
the accuracy and computational efficiency of PINNs. These
typically include variables such as the number of hidden lay-
ers, the number of neurons per layer, learning rate, and batch
size [83]. For instance, the architecture—particularly the
depth and width of the network—directly affects the model’s
capacity to capture the underlying physics of the problem.
An excessively high learning rate may hinder convergence,
resulting in suboptimal performance, while a rate that is too
low can lead to prohibitively slow training. However, when
using the L-BFGS optimiser, setting the learning rate to a

fixed value of 1.0 can effectively fine-tune the model. This is
because L-BFGS is a quasi-Newtonian optimisation method
based on second-order approximations and incorporates an
internal line searchmechanism.As a result, assigning a learn-
ing rate of 1.0 enables the optimiser to automatically adjust
the step size, thereby achieving a fine-tuning effect without
manual calibration. Similarly, an appropriate batch size can
significantly improve both the efficiency and effectiveness
of model optimisation; the selected batch sizes for specific
problems are detailed in the subsequent sections. Identifying
the optimal set of hyperparameters for a PINNremains a chal-
lenging task, often requiring extensive experimentation and
tuning. In addition to conventional hyperparameters, PINNs
also involve physics-specific hyperparameters, such as the
relative weighting of physics-informed loss terms compared
to data-driven loss components, and regularisation parame-
ters that help enforce conformity with the governing physical
laws. In this study, hyperparameters are determined through
a combination of empirical tuning, sensitivity analysis, and
reference to established practices in the literature. Baseline
values are initially drawn from prior studies and then adapted
to suit the complexity of the three-dimensional consolidation
problem. Detailed specifications of these hyperparameters
are provided in the corresponding sections. The PINNs
in this work are trained on a dataset that comprises both
input–output pairs and constraints derived from the under-
lying physical principles of the problem. The input–output
data are sourced from real observations and numerical sim-
ulations. For consolidation problems, the number of training

123

Architecture of the PINN

This study introduces a different paradigm—
a physics�informed neural network (PINN) tai-
lored to three-dimensional consolidation that
embeds the governing laws directly into learn-
ing, enabling swift, physically consistent predic-
tions of pore pressure dissipation and settle-
ment across space and time . By incorporat-
ing directional regularisation along 𝑥, 𝑦 and 𝑧,
the framework explicitly represents anisotropic
behaviour and monitors geotechnical displace-
ments with greater precision in complex do-
mains .
The training procedure is equally deliberate:
a two�stage strategy first concentrates sam-
ples where the physics are hardest to approx-
imate via importance�probability resampling,
then balances competing objectives through
loss�based adaptive weighting to stabilise con-
vergence and improve fidelity. In compre-
hensive tests, the PINN achieved over 98%
accuracy in both forward and inverse set-
tings while demonstrating robustness to noise
and overfitting—performance supported by
physics�guided regularisation and adaptive loss
formulation. It also reproduced non�uniform
consolidation under spatially variable loading
with strong agreement to reference solutions,

reinforcing its applicability to heterogeneous
field conditions.

For further info, please see: Biao, Y., Heitor,
A., Wang, H., Chen, X., Physics-Informed Neural
Networks for Fast 3D Consolidation Prediction:
A Surrogate Modelling Application

grai in GGU-CONNECT

Screenshot of the GGU-Connect manual featuring the
grai analysis

GGU-CONNECT now offers native integration
with the grai service, streamlining AI-assisted
prediction of the particle size distribution from
soil images. The release introduces a grai-
analysis button directly in the sample log, en-
abling one-click submission of dataset entries
for analysis.
To support smooth data exchange with grai
pipelines, this version also adds import and ex-
port menu entries for key test parameters.

For further info, please see: Soranzo, E.,
Guardiani, C. and Wu, W., Convolutional neu-
ral network prediction of the particle size distri-
bution of soil from close-range images and So-
ranzo, E., Machine learning prediction of soil par-
ticle size distribution from smartphone images.

Upcoming Events
Catch up with GRID at these upcoming events:

Vienna: June 14–19, 2026

Berlin: September 22–25, 2026

Graz: October 13–16, 2026
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Spotlight on Research
Our recent publications include:

Large language models for automated grading
in geotechnics ▶

Predictivemodeling of pore pressure build-up in
vibratory pile driving through machine learning
▶

Practical sparse data-driven constitutive model-
ing via transfer learning in physics-encoded neu-
ral networks ▶
Physics-Informed Neural Networks for Fast 3D
Consolidation Prediction: A SurrogateModelling
Application ▶

Engaging the Community

Number of active users of website and their geo-
graphical distribution according to Google Analytics
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Communication KPIs of the GRID project

Get Involved
Join us in revolutionizing geotechnics and AI.
Visit our website at grid.boku.ac.at.
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