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General

Organizers
• Sašo Džeroski, Jožef Stefan Institute, Slovenia

• Tomasz Galica, University of Turku, Finland

• Pascal Henkel, Aalto University, Finland

• Emma King-Smith, University of Edinburgh, United Kingdom

• Patrick Rinke, Technical University Munich, Germany

• Milica Todorović, University of Turku, Finland

DAEMON COST Action CA22154 acts as a co-organizer of the event. COST (Eu-

ropean Cooperation in Science and Technology) is a funding agency for research

and innovation networks. Our Actions help connect research initiatives across Eu-

rope and enable scientists to grow their ideas by sharing them with their peers. This

boosts their research, career and innovation.

Code of Conduct
We strive for making every attendee feel welcome and respected, regardless of gen-

der identity, sexual orientation, disability, physical appearance, body size, race, na-

tionality, religion, background, level of education, or socioeconomic status. Do not

hesitate to contact any of the organizers if you are the witness or the victim of any

discrimination or harassment. Step up and speak out to stop any kind of inappro-

priate behaviour you witness. Bystander intervention creates safer communities and

prevents harmful escalation.

Health and Safety Measures
If you feel unwell, we kindly suggest you to not attend the conference in person and

join the event online instead.

The Emergency number for Finland is 112 (police, fire brigade, first aid).
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General

Venues
Use next two pages images to familiarize with the Campus Map, to easily identify

the location of Aalto Desing Factory (Puumiehenkuja 5, 02150 Espoo - Nr. 6 in the

map) which serves as the main workshop venue, Kandidaattikeskus/Undergradu-

ate Centre (Otakaari 1, 02150 Espoo - Nr. 1 in the map) used for the Poster Session

on Monday, 05.05.2025 as a venue and A Grid (Otakaari 5, 02150 Espoo - Nr. 4 in

the map) used on Tuesday afternoon as a venue, at the Aalto University Campus, and

other useful services.

Monday: Aalto Desing Factory - The Stage

Monday Poster Session: Kandidaattikeskus/Undergraduate Centre - Hallway

1st floor

Tuesday morning: Aalto Desing Factory - The Stage

Tuesday afternon: A Grid - Mordor

Wednesday: Aalto Desing Factory - The Stage

Thursday: Aalto Desing Factory - The Stage
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General

Poster Session
The poster session will be held on Monday, 05 March 2025, 18.00-20.00h. The

posters will be displayed at Otakaari 1 (Undergraduate Center building, labelles as

building 1 in the map). During the poster session, a warm buffet and drinks will be

served.

Suggested poster sizes are A0 portrait.

Meals
Coffee breaks will be provided free of charge.

See Aalto University Campus map for convenient lunch options.

Excursion - City Tour
On Tuesday 06.08. there will be a guided city tour through Helsink from 17:00 to

19:00 starting from Senaatintori (next to Helsinki Cathedral). How to get there:

Starting from Aalto University (Aalto-yliopisto) Metro station take M1 direction

Rastila or M2 direction Mellunmäki (e.g. at 16:18, 16:20 or 16:23) and exit at

Helsinki University (Helsingin yliopisto) Metro station. Once there, take Exit D and

follow Yliopistonkatu towards Helsinki Cathedral (White Church), see image below.

We meet in front of the large statue of Aleksanteri II at Senaatintori.

9/72



General

Internet Access
EDUROAM is available at Aalto University. If you do not possess an EDUROAM

account, use the open Aalto University Network.

Supported by
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Program

Program

Time Monday Tuesday Wednesday Thursday

9:00

9:20
Reuter Goodall Gryn’ova

9:40 Smith Krejčí Taylor

10:00 Adhyatma Mäkinen Žguns

10:20

10:40
Coffee Coffee Coffee

11:00 Miranda-Valdez

11:20
Botti Garg

11:40 Huang Korotkevich
Brandenburg

12:00 Closing

12:10

13:50

Registration

13:50 Opening

Lunch Lunch

14:00

14:20
Ramprasad

Grzybowski

at Mordor
Sparks

14:40 Ramos

15:00 Zhang

15:20

15:40
Coffee

Pannel

discussion

& coffee

at Mordor

Pannel

discussion

& coffee

16:00

16:20
Kallio Kadkhodaei

16:40 Pitfield Giossi

17:00 Hunkao Verma

17:20

17:40

18:00

City Tour

starting from

Senaatintori

19:00

Poster Session

at Otakaari 1
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Monday

Program - Monday

12:00 - 13:50 Regestration

13:50 - 14:00 Opening

14:00 - 14:40 Rampi Ramprasad

Polymer Informatics: Algorithmic Advances & Materials Design

14:40 - 15:00 Patrícia Ramos
Symmetry-AwareDeepGenerativeModels for Inorganic Crystal Design

15:00 - 15:20 Yuhao Zhang

Bayesian Optimization for Shape Memory Polymer Design

15:20 - 16:00 Coffee break

16:00 - 16:40 Aleksi Kallio
LUMI AI Factory supporting AI-based materials discovery

16:40 - 17:00 Joe Pitfield
Augmentation and application of Universal potentials

17:00 - 17:20 Rutchapon Hunkao

Machine-learning force field for high-entropy alloys

17:40 - 20:00 Poster Session
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Monday Rampi Ramprasad

Polymer Informatics: Algorithmic Advances & Materials Design

Rampi Ramprasad1

1Georgia Institute of Technology, United States

Artificial intelligence (AI)-based methods and computational materials science con-

tinue to make inroads into accelerated materials design and development. I will re-

view AI-enabled advances made in the subfield of polymer informatics, with a par-

ticular focus on the design of application-specific practical polymeric materials. I

will describe exemplar design attempts within a few critical and emerging applica-

tion spaces, including materials designs for storing, producing, and conserving en-

ergy, and those that can prepare us for a sustainable economy powered by recyclable

and/or biodegradable polymers. AI-powered workflows help efficiently search the

staggeringly large chemical and configurational space of materials, using modern

machine-learning (ML) algorithms to solve “forward” and “inverse” materials design

problems. Finally, I will offer an outlook on the lingering obstacles that must be over-

come to achieve widespread adoption of informatics-driven protocols in industrial-

scale materials development.
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Monday Patrícia Ramos

Symmetry-Aware Deep Generative Models for Inorganic Crystal
Design

Patrícia Ramos1,2, José Oliveira1,3

1INESCTEC, Portugal, 2Polytechnic of Porto, Portugal, 3University of Porto, Portugal

Deep learning has revolutionized materials science, particularly in the predictive

modeling and generative design of inorganic crystalline materials. Variational Au-

toencoders (VAEs) and diffusion-based generative models have demonstrated their

ability to create novel materials with optimized properties. However, capturing the

complex periodic nature of inorganic crystals remains challenging. To address this,

symmetry-aware generative models such as Crystal Diffusion Variational Autoen-

coder (CDVAE) and Symmetry-Aware Generation of Periodic Materials (SyMat)

have emerged as state-of-the-art solutions, incorporating physical constraints to im-

prove structural validity and stability. This study presents a comparative analysis

of these models for inorganic material generation using a publicly available dataset.

Both models leverage graph neural networks and symmetry-preserving transforma-

tions to generate stable, physically meaningful structures. CDVAE employs diffu-

sion processes to iteratively refine material configurations, while SyMat integrates

a two-stage generative approach for enhanced structural fidelity. The models are

trained using PyTorch with hyperparameter optimization via Optuna. Their perfor-

mance is evaluated across key metrics, including reconstruction accuracy, generation

validity, and property optimization. Results demonstrate the potential of symmetry-

aware generative modeling in designing novel inorganic materials, highlighting their

advantages and limitations. This study contributes to advancing AI-driven material

discovery by providing insights into the effectiveness of deep generative approaches

for inorganic crystal design.
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Monday Yuhao Zhang

Bayesian Optimization for Shape Memory Polymer Design

Yuhao Zhang1, Maija Vaara2, Azin Alesafar2, Duc Bach Nguyen2, Pedro Silva2,

Laura Koskelo2, Jussi Ristolainen1, Matthias Stosiek2, Joakim Löfgren2, Jaana

Vapaavuori1, Patrick Rinke2,3,4

1Department of Applied Physics, Aalto University, Finland, 2Departmnet of Chemical Engineering and

Material Science, Aalto University, Finland, 3Technical University of Munich School of Natural

Science, Germany, 4Munich Data Science Institute Atomistic Modeling Center, Germany

For applications in soft robotics and smart textiles, thermally-activated, twisted, and

coiled polymer actuators can offer high mechanical actuation with proper optimiza-

tion of their processing conditions. However, optimization is often aggravated by

the potentially high number of processing variables and the time-consuming nature

of materials synthesis and characterization. To overcome these problems, we em-

ployed an active machine learning workflow using Bayesian optimization. We sub-

sequently used this approach to optimize the actuation of polymer coils based on

three common processing conditions consisting of ply number, twisting and coiling

stresses. Since the experimental parameters are discrete and not continuous as in

conventional Bayesian optimization tasks, a discrete Bayesian optimization work-

flow was developed. An actuation of 1.25 units strain was achieved by optimizing

the processing conditions, which required the fabrication of only 62 sample combi-

nations out of 1089 possible ones. Our results highlight the potential of Bayesian op-

timization in actuator design problems, thereby opening up possibilities for tackling

more complex challenges by considering a broader range of processing conditions or

addressing multi-objective tasks.
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Monday Aleksi Kallio

LUMI AI Factory supporting AI-based materials discovery

Aleksi Kallio1

1LUMI AI Factory / CSC - IT Center for Science, Finland

The LUMIAI Factory is a service infrastructure and expert support center of unprece-

dented scale. It is designed to accelerate AI innovation across Europe, providing a

seamless, open AI environment that combines world-class supercomputing, high-

value data, and top-tier AI expertise. To target is to empower researchers, startups,

SMEs, and businesses to develop cutting-edge AI models, tools, and applications.

Integral part of the LUMI AI Factory will be LUMI-AI, the new AI-focused super-

computer leveraging a large, accelerated partition utilising next-generation GPUs of-

fering flexibility in supporting a wide range of compute workloads, from training to

inference and classical simulations. The LUMI-AI computing environment will also

leverage a one-of-a-kind experimental quantum computing platform, LUMI-IQ, de-

signed for QC+AI workloads. One of the main focus areas of the LUMI AI Factory

is AI for Science, including AI-enabled materials science and materials design. In

addition to providing one of the largest AI-computing systems in the world, the AI

Factory will also support materials science use cases by providing access to large

data resources, expert consultation, training and collaboration platforms.
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Monday Joe Pitfield

Augmentation and application of Universal potentials

Joe Pitfield1, Florian Brix2, Andreas Slavensky2, Nikolaj Ronne2, Mads-Peter

Verner Christiansen1, Bjork Hammer1

1Aarhus University, Denmark, 2Denmarks Technical University, Denmark

Foundational models offer unprecedented compromise between computational cost

and accuracy. However, extrapolation remains an issue limiting their application:

we present the delta model approach for their robust application. We augment the

foundation model with a GPR and demonstrate that this corrective regime is effec-

tive for improving extrapolation of the bulk dominated dataset trained CHGNet to

molecules and surfaces. With one such delta model, we explore the Ag-(110) surface

reconstruction under oxygen, and correct to performance of the universal potential to

align with DFT. Furthermore, we demonstrate that such models can extend our un-

derstanding past that which is currently possible with DFT, performing relaxations of

thousands of atoms. These calculations allow us to identify an interface phenomena

between the surface phases of AgO and understand why stripes of c4x5sqrt(3) form

within bands of c3x4sqrt(3). The delta model provides a powerful and cheap method

for augmentation of universal potentials towards their wider application to materials

science problems.
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Monday Rutchapon Hunkao

Machine-learning force field for high-entropy alloys

Rutchapon Hunkao1, Urvesh Patil1, Stefano Sanvito1

1Trinity College Dublin, AMBER and CRANN Institute, Dublin, Ireland

High-entropy alloys (HEAs) are a novel class of metallic materials composed of mul-

tiple principal elements in near-equiatomic ratios. Their unique atomic structure,

driven by high configurational entropy, enhances thermodynamic stability and me-

chanical properties, making them suitable for various applications. These proper-

ties can be tuned by adjusting alloying elements, compositions, and phase structures.

However, the vast design space of HEAs exceeds the practical limits of experimental

studies and ab initio methods. In this work, we propose a machine learning (ML)

force-field approach based on the Jacobi-Legendre potential (JLP) to study the ther-

modynamic and mechanical properties of HEAs. Using the Pd-Ni binary system

as a test case, we demonstrate that JLP, trained on a small number of examples,

achieves accuracy close to ab initio results while being significantly faster. This

enables accurate phase stability calculations at finite temperatures by incorporating

configurational and vibrational entropies, requiring approximately 14 million calcu-

lations. Motivated by these results, we extend our approach to a quinary system,

TiZrHfTaNb, training on an initial dataset of about 10,000 structures. Ultimately,

this approach serves as a reverse engineering tool to identify stable HEAs with de-

sired properties from a vast combinatorial materials space.
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Tuesday

Program - Tuesday

9:00 - 9:40 Karsten Reuter
Machine Learning Accelerated Materials Discovery for Energy Con-

version and Storage

9:40 - 10:00 Lois Smith
Active Learning towards predicting polymer/plasticizer phase be-

haviour

10:00 - 10:20 Abdurrahman Adhyatma

Exploiting Materials Symmetry to Accelerate Bayesian Optimization

Structure Search in Computational Atomistic Studies

10:20 - 11:00 Coffee break

11:00 - 11:40 Silvana Botti
Machine Learning for Materials Discovery: From Big Data to Predic-

tive Insights

11:40 - 12:00 Jie Huang

Crossing the Simulation-Experiment Gap: Style Translation for En-

hanced Atomic Structure Discovery from AFM Images

12:00 - 14:00 Lunch

14:00 - 14:40 Bartosz Grzybowski

Computer-assisted synthesis of molecules and materials

14:40 - 16:00 Panel discussion + Coffee break

17:00 - 19:00 Excursion
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Tuesday Karsten Reuter

Machine Learning Accelerated Materials Discovery for Energy
Conversion and Storage

Karsten Reuter1

1Fritz-Haber-Institute, Germany

More performant and durable materials are urgently needed to further drive the tran-

sition to a sustainable energy system. Unfortunately, accelerated materials discov-

ery is in this field presently still more claim than practical reality. Computational

screening approaches hinge on efficient descriptors that only reflect nominal mate-

rials properties of the crystalline bulk, simple bulk-truncated surfaces or idealized

lattice-matching interfaces. They can thus not account for the substantial, complex

and continuous structural, compositional and morphological transitions at the work-

ing surfaces or interfaces of catalysts, electrolyzers or batteries. Accelerated exper-

imental discovery in turn still suffers from severe throughput limitations, as easily

automatable human steps are rarely limiting the overall workflows.

In my talk I will illustrate how modern machine learning (ML) approaches help to

overcome these challenges. ML surrogate models, in particular in conjunction with

agile active learning-based training, boost the capabilities of predictive-quality mul-

tiscale modeling. Starting to tackle the true complexity of working interfaces, the

derived mechanistic understanding promises to establish improved descriptors for

more reliable computational screening campaigns. For experimental discovery, ML

converges with lab automation and robotics to enable self-driving laboratories. Oper-

ating in active-learning loops, the MLmodels here take over the experiment planning

to optimally use available throughput capacities. Methodological frontiers concern

significant or varying noise levels (e.g. in case of multi-fidelity measurements), the

design of larger numbers of data points (to meet batch-type operation in increasingly

parallelized workflows), or agility to either autonomously adapt the shape and dimen-

sions of the search spaces across loops or react to corresponding changes imposed by

human scientists.
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Tuesday Lois Smith

Active Learning towards predicting polymer/plasticizer phase
behaviour

Lois Smith1, Hossein Ali Karimi-Varzaneh2, Paola Carbone1

1Department of Chemistry, University of Manchester, United Kingdom, 2Continental Reifen

Deutschland GmbH, Germany

Plasticizers are small additives commonly incorporated into polymer composites

to enhance processability. Their effectiveness depends heavily on their miscibility

within the polymer melt, yet isolating the influence of PL properties, such as flex-

ibility and geometry, remains challenging. This difficulty stems not only from the

time consuming nature of experimental work but also from the presence of impuri-

ties and inconsistencies that often arise during synthesis and testing. In this work,

we use a coarse-grained bead-and-spring model to screen PLs of varying flexibilities

and geometries to build a pool-based active learning procedure which characterizes

their design space and its effect on polymer/PI miscibility. We first sample a di-

verse unlabelled pool of PL data, and then perform an AL cycle with a random forest

model using a hybrid query strategy to determine the miscibility behaviour (label) of

queried molecules. Through this, we are able to efficiently improve model perfor-

mance in order to make predictions on the entire PL design space. We achieve a final

F1 score of 0.89, indicating good model performance, and predict PL immiscibility

in two main regions of interest: rigid PLs with long backbones and bulky or frequent

side chains, and PLs with flexible backbones but rigid bulky side chains.
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Tuesday Abdurrahman Adhyatma

Exploiting Materials Symmetry to Accelerate Bayesian
Optimization Structure Search in Computational Atomistic

Studies

Abdurrahman Adhyatma1, Mandira Das1, Milica Todorović1

1Materials Informatics Laboratory, Department of Mechanical and Materials Engineering, Faculty of

Technology, University of Turku, Finland

The interface between organic and inorganic materials plays a crucial role in many

technologically relevant materials, making it essential to understand its adsorption

structural details. Computational methods, such as density functional theory calcula-

tions, offer a cost-effective alternative to experiments for obtaining atomistic insights

into these interfaces. The Bayesian Optimization Structure Search (BOSS) algorithm

accelerates such studies by modeling the adsorption energy landscape in an active

learning framework. Its performance can be further enhanced by exploiting the in-

herent symmetries of inorganic substrates and organic adsorbates. In this work, we

take into account substrate and adsorbate symmetries to identify analogous adsorp-

tion configurations in each sampling iteration. Using the spglib Python package, we

detect crystalline surface symmetry to determine equivalent adsorbate positions and

orientations. Additionally, the rotational symmetry of the adsorbate molecule - when

present - is leveraged to identify further corresponding orientations. The symmetry-

aware approach facilitated a more effective exploration of adsorption geometries by

improving both the efficiency and accuracy of the search. Furthermore, the approach

has the potential to be generalized towards any symmetry-rich structure search prob-

lem.
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Tuesday Silvana Botti

Machine Learning for Materials Discovery: From Big Data to
Predictive Insights

Silvana Botti1

1Ruhr University Bochum, Germany

The intersection of machine learning (ML) andmaterials science is transforming how

we discover and design new materials. This talk addresses critical challenges in de-

veloping accurate and reliable ML models for materials prediction, with particular

focus on the relationship between data quality, model architecture, and predictive

performance.

We begin by examining the impact of large-scale FAIR databases, highlighting the

contribution of the Alexandria database with over 5 million density-functional theory

calculations across diverse material systems. Using this comprehensive dataset, we

demonstrate systematic correlations between training data characteristics and model

accuracy for various material properties. We also discuss our recent benchmarking

studies on universal machine learning interatomic potentials. Finally, we introduce

a novel approach to generate a fingerprint for crystalline materials that balances effi-

ciency for machine processing and human interpretability, and show its application

in both machine learning inference and understanding of structure-property relation-

ships.

23/72



Tuesday Jie Huang

Crossing the Simulation-Experiment Gap: Style Translation for
Enhanced Atomic Structure Discovery from AFM Images

Jie Huang1, Niko Oinonen1,2, Fabio Priante3, Lauri Kurki1, Adam S. Foster1,4

1Department of Applied Physics, Aalto University, Finland, 2Nanolayers Research Computing Ltd.,

United Kingdom, 3Department of Chemistry and Materials Science, Aalto University, Finland, 4WPI

Nano Life Science Institute, Kanazawa University, Japan

Atomic Force Microscopy (AFM) is critical for the characterization of atomic-scale

nanostructures. Simulations, especially with Particle Probe AFM (PPAFM), provide

a cost-effective means for rapid image generation. Using state-of-the-art machine

learning models and substantial PPAFM-generated datasets, properties like molec-

ular structures, electrostatic force potential, and molecular graphs can be accurately

predicted using AFM images from simulations or experiments. However, transfer-

ring model performance from PPAFM to real AFM images poses challenges due to

the subtle variations in real experimental data compared to the seemingly flawless

nature of simulations. Our study explores Cycle GANs for style translation to aug-

ment data and improve the predictive accuracy of machine learning models in surface

property analysis. Focused on mitigating the gap between simulated PPAFM and au-

thentic AFM images, we optimized hyperparameters, showcasing the method’s ef-

fectiveness through local property distribution comparisons. This research promises

valuable insights, providing a novel approach to enhance the efficiency of machine

learning models in the absence of abundant experimental data.
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Tuesday Bartosz Grzybowski

Computer-assisted synthesis of molecules and materials

Bartosz Grzybowski1

1Ulsan National Institute of Science Technology, South Korea

This talk will cover the use of various types of algorithms for the synthesis of either

advanced small molecules or materials. As we will see, for the former, the critical

component is advanced domain knowledge and design logic whereas AI plays only

an auxiliary role. For the latter, however, purely data-driven AI systems - often in

conjunction with closed-loop experimentation - are beneficial, enabling discovery of

new photo- and electroactive materials with record-breaking characteristics. We will

argue that this duality of approaches (knowledge-centered vs. data-centered) reflects

the state of the fundamental knowledge about molecules vs. materials.
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Wednesday

Program - Wednesday

9:00 - 9:40 Rhys Goodall

Closing the Loop

9:40 - 10:00 Ondřej Krejčí

High-throughput workflow for heterocatalyst screening employing

trained machine-learned interatomic potentials

10:00 - 10:20 Tero Mäkinen
Bayesian optimization of the mechanical properties in multicomponent

alloys and glasses

10:20 - 11:00 Coffee break

11:00 - 11:40 Vikas Garg

Generative modeling for molecules

11:40 - 12:00 Alexander Korotkevich
Discovery of new salt hydrates for thermochemical energy storage:

from deep learning to experiments

12:00 - 14:00 Lunch

14:00 - 14:40 Taylor Sparks

The LLM Revolution in Materials Science: From Data Extraction to

Crystal Design

14:40 - 16:00 Panel discussion + Coffee break

16:00 - 16:40 Sara Kadkhodaei
LLM-Assisted Strategies to Overcome Data Scarcity Challenges in Ma-

chine Learning: Application to Graphene Synthesis

16:40 - 17:00 Rocco Libero Giossi
AI-Guided Neighbor Search for Hydrogen Adsorption on GO

17:00 - 17:20 Apoorv Verma

Advancing Magnetic Materials Discovery - A Structure-Based Machine

Learning Approach for Magnetic Moment and Ordering Prediction
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Wednesday Rhys Goodall

Closing the Loop

Rhys Goodall1

1Radical AI, United States

In this talk will explore how Radical AI is closing the loop in their SystemOne lab

for advanced alloy development. The SystemOne loop incorporates materials sim-

ulation with both first principles and MLIP models, design-of-experiments systems,

and automated high-throughput synthesis and characterization. Progress in each of

these areas will be covered.

27/72



Wednesday Ondřej Krejčí

High-throughput workflow for heterocatalyst screening
employing trained machine-learned interatomic potentials

Ondřej Krejčí1,2, Prajwal Dattatray Pisal2,3, Patrick Rinke2,3

1Department of Mechanical ad Materials Engineering, University of Turku, Finland, 2Department of

Applied Physics, School of Science, Aalto University, Finland, 3Department of Physics, School of

Natural Sciences, Technical University of Munich, Germany

Heterogeneous catalysis consumes significant energy resources, necessitating the

discovery of more efficient materials. Adsorption energies (AEs) of reactants and

intermediates of a given chemical reaction are a good descriptor for a catalyst’s

activity[1] and could be used for as proxies for catalyst discovery.

We will present our current workflow for obtaining the relevant AEs for CO2 ther-

moreduction tomethanol. We employ trainedmachine-learned interatomic potentials

(MLIPs) from Open Catalyst project[2] to accelerate the search for ideal catalysts

among more than 150 selected metals and alloys. We have calculated the surface

stabilities for various facets with all Miller indices ∈ {−2,−1, 0, 1, 2} and picked
the most stable cuts for each facet. Subsequently, we have created all possible high-

symmetry binding sites on those facets and predicted AEs for the reaction key semi-

products: *H, *OH, *OCHO and *OCH3.[3] We compare the predicted AEs to results

from selected single-point density function theory calculations, to validate the accu-

racy of used MLIPs. We believe that our workflow can readily accelerate the search

for new heterocatalysts.[4]

[1] J. Catal. 209, 275–278 (2002).
[2] ACS Catal. 11, 6059-6072 (2021) - https://opencatalystproject.org/.
[3] Science 376, 603–608 (2022).
[4] arXiv:2412.13838 (2024).
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Wednesday Tero Mäkinen

Bayesian optimization of the mechanical properties in
multicomponent alloys and glasses

Tero Mäkinen1, Silvia Bonfanti2,3, Anshul D. S. Parmar2, Valtteri Torsti1, Juha

Koivisto1, Mikko J. Alava1,2

1Aalto University, Finland, 2NOMATEN Centre of Excellence, National Center for Nuclear Research,

Poland, 3Center for Complexity and Biosystems, Department of Physics ’Aldo Pontremoli’, University

of Milan, Italy

Designing high-entropy alloys (HEAs) and metallic glasses (MGs) in silico is a ma-

jor challenge in materials science given their disordered atomic structure—compo-

sitional disorder for HEAs and additionally amorphous structure for MGs—and the

vast compositional space to explore. In this work we have tackled this challenge by

mapping the compositional landscape for mechanical properties—yield stress and

shear modulus—using Bayesian optimization. As the HEA system we have chosen

the Cantor alloy FeCrMnCoNi, and the glass system we have studied is CuZrAl—a

paradigmatic MG with a good glass forming ability. In the HEA system we focus on

the optimization and quickly find the optimal composition (74 % improvement over

the equiatomic Cantor). For the MG we map the whole composition landscape but

also take into account the effect of the cooling rate in glass preparation. With a rela-

tively modest effort we discover an optimal composition window (around 15 % alu-

minium and 30 % zirconium). We use an automated loop with an online database (in

Aalto Materials Digitalization Platform), a Bayesian optimization algorithm utilizing

Gaussian Process Regression, and molecular dynamics simulations. Our Bayesian

approach paves the novel way for the design of multicomponent systems with ’small

data’.
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Wednesday Vikas Garg

Generative modeling for molecules

Vikas Garg1

1Aalto University, Finland

Generative modeling for molecules has garnered significant attention lately. I will

talk about our recent work in this area, sharing insights about how advances have

been made possible by tackling some key challenges. Time permitting, I will also

present our work on alignment in discrete diffusion models, enabling them to achieve

state-of-the-art performance in single-step retrosynthesis.
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Wednesday Alexander Korotkevich

Discovery of new salt hydrates for thermochemical energy
storage: from deep learning to experiments

Alexander A. Korotkevich1, Noushine Shahidzadeh1, Sander Woutersen2, Alberto

Perez de Alba Ortiz2,3

1Van der Waals-Zeeman Institute of Physics, University of Amsterdam, Netherlands, 2Van‘t Hoff

Institute for Molecular Sciences, University of Amsterdam, Netherlands, 3Informatics Institute,

University of Amsterdam, Netherlands

More than 50% of energy consumed in buildings is for thermal end use. Hence,

in view of the global energy crisis there is urgency to develop technologies that ef-

ficiently store and reuse the available heat. A promising approach is based on re-

versible hydration reactions of solid salts, where hydration reaction leads to release

of heat, while dehydration is endothermic. Such “heat batteries” have high energy

densities (>1GJ/m3) and are environmentally benign. However, thesematerials need
improvement in durability and operational conditions for real-life applications.

To discover new promising salt hydrates and optimize their design, a search through

a vast chemical space of >108 reactions is needed. To address this, we fit machine
learning models on available thermochemical data for salt hydration reactions. As

model input, we use representations based on reaction stoichiometry that are avail-

able for any reaction. Those representations are either used directly as inputs for deep

neural networks or undergo a learnable transformation in a graph neural network-like

architecture. This way we developed models capable of accurately predicting ther-

mochemical properties of salt hydration. Our models are then applied for predictions

outside of the training set and validated experimentally. This ML-tool is expected to

accelerate the material discovery.
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Wednesday Taylor Sparks

The LLM Revolution in Materials Science: From Data
Extraction to Crystal Design

Taylor Sparks1

1University of Utah, United States

The prediction and design of crystal structures have captivated scientists for over a

century, evolving from simple heuristic rules to sophisticated data-driven approaches.

Recent advancements in artificial intelligence, particularly the emergence of gener-

ative models and large language models (LLMs), are driving a new paradigm shift

in this field. In this talk, I will compare generative frameworks such as variational

autoencoders, generative adversarial networks, and diffusion models, with new LLM

tools for structure generation, such as our recent CrysText approach which leverages

LLMs for text-based conditioning and the direct generation of crystallographic infor-

mation files (CIFs). This approach ensures precise compliance with specified con-

straints while enabling accelerated discovery. Additionally, I will explore the trans-

formative role of LLMs in materials data extraction, demonstrating their potential

to automate and accelerate database creation, literature mining, and decision-making

processes. Together, these innovations underscore the revolutionary potential of AI

in reshaping materials science.
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Wednesday Sara Kadkhodaei

LLM-Assisted Strategies to Overcome Data Scarcity Challenges
in Machine Learning: Application to Graphene Synthesis

Sara Kadkhodaei1

1University of Illinois Chicago, United States

Machine learning in materials science faces challenges due to limited experimental

data, as generating synthesis data is costly and time-consuming, especially with in-

house experiments. Mining data from existing literature offers a potential solution

but introduces issues like mixed data quality, inconsistent formats, and variations in

reporting experimental parameters, complicating the creation of consistent features

for the learning algorithm. Additionally, combining continuous and discrete features

can hinder the learning process with limited data. In this talk, I present strategies

that utilize large language models (LLMs) to enhance machine learning performance

on a limited, heterogeneous dataset of graphene chemical vapor deposition synthesis

compiled from existing literature. These strategies include prompting modalities for

imputing missing data points and leveraging large language model embeddings to en-

code the complex nomenclature of substrates reported in chemical vapor deposition

experiments. Imputed data from various prompting modalities are compared to sta-

tistical K-nearest neighbors imputation, with the former yielding a more diverse dis-

tribution, richer feature representation, and improved model generalization. We also

demonstrate that discretizing continuous features enhances prediction accuracy. The

proposed strategies enhance graphene layer classification accuracy using a support

vector machine (SVM) model, boosting binary classification from 39% to 65% and

ternary classification from 52% to 72%. We compare the performance of the SVM

and a GPT-4model, both trained and fine-tuned on the same data. Our results demon-

strate that the numerical classifier, when combined with LLM-driven data enhance-

ments, outperforms the standalone LLM predictor, highlighting that in data-scarce

scenarios, improving predictive learningwith LLM strategies requiresmore than sim-

ple fine-tuning on datasets. Instead, it necessitates sophisticated approaches for data

imputation and feature space homogenization to achieve optimal performance. The

proposed strategies emphasize data enhancement techniques rather thanmerely refin-

ing learning architectures or regularizing loss functions, offering a broadly applicable

framework for improving machine learning performance on scarce, inhomogeneous

datasets. Pre-print link: https://doi.org/10.48550/arXiv.2503.04870
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Wednesday Rocco Libero Giossi

AI-Guided Neighbor Search for Hydrogen Adsorption on GO

Rocco Libero Giossi1, Fabio Le Piane1, Mario Vozza1, Andrea Lorenzoni1,

Francesco Mercuri1

1CNR - ISMN, Italy

Understanding hydrogen adsorption on various materials is crucial, both for theoret-

ical and practical implications to sustainable energy technologies. Due to its abun-

dance and ability to generate clean energy, hydrogen is a promising green energy

carrier. A major challenge remains the development of efficient and safe hydrogen

storage methods.

We explore the hydrogen absorption mechanisms on graphene oxide (GO) using a

combination of Density Functional Tight-Binding (DFTB) and AI-based neighbor

search.

DFTB is employed to simulate hydrogen adsorption on GO flakes. Testing various

initial configurations, the approach maps preferred adsorption sites to create the input

dataset.

An AI-based neighbor search is introduced to avoid computationally intensive sim-

ulations and efficiently predict hydrogen adsorption sites on the GO surfaces. Using

the DFTB outputs (such as chemical environment and adsorption energies) as train-

ing input, the model identifies the neighboring substructure with the most favorable

adsorption site for new GO flakes. This process is fully automated, systematically

scanning the GO surface, extracting local configurations, and predicting adsorption

energies until the optimal site is found, effectively predicting the global minima on

the GO surface. The integration of AI and simulations data enhances the under-

standing of hydrogen-GO interactions and supports the development of improved

hydrogen storage materials.
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Wednesday Apoorv Verma

Advancing Magnetic Materials Discovery - A Structure-Based
Machine Learning Approach for Magnetic Moment and

Ordering Prediction

Apoorv Verma1, Junaid Jami1, Amrita Bhattacharya1

1Department of Metallurgical Engineering and Materials Science, Indian Institute of Technology

Bombay, India

Accurately predicting themagnetic properties of materials, particularlymagnetic mo-

ments and ordering, is crucial for advancing the design of functional magnetic de-

vices in applications such as spintronics, memory storage, and energy conversion.

Traditional methods for these tasks are computationally expensive, prompting a shift

towards data-driven approaches powered by machine learning to accelerate materi-

als discovery. In this study, we introduce a refined structure-based descriptor that

enables both precise prediction of magnetic moments and classification of magnetic

ordering. Applied to a dataset of around 6,000 stable binary and ternary magnetic

compounds fromTheMaterials Project database, themethod covers a broad spectrum

of materials. Unlike the existing methods like Hund’s Matrix (HM) and Orbital Field

Matrix (OFM) the compound selection from the database is not restricted to any spe-

cific group of elements or crystal structures, allowing the model to capture a broader

range of magnetic behaviours and significantly enhancing its generalizability. By in-

corporating both linear and nonlinear elemental features, the model achieves a high

R2 score of 0.85 for magnetic moment per atom predictions, outperforming existing

methods. Additionally, the model improves the accuracy of magnetic ordering pre-

dictions, achieving 82.4% accuracy - with recall of 0.85 for ferromagnetic and 0.75

for ferrimagnetic materials.
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Program - Thursday

9:00 - 9:40 Ganna Gryn’ova

Machine Learning for Periodic and Framework Materials

09:40 - 10:00 Ned Thaddeus Taylor

RAFFLE: Active learning accelerated interface structure prediction

10:00 - 10:20 Pjotrs Žguns
Validating Universal Machine Learning Interatomic Potentials Against

Experimental EXAFS Data: Case of Layered WS2 and MoS2

10:20 - 11:00 Coffee break

11:00 - 11:20 Isaac Y. Miranda-Valdez
Bayesian optimization accelerates material discovery of bio-based

foams to replace plastics

11:20 - 12:00 Jan Gerit Brandenburg

Digital Chemistry atMerck: Synergies fromAcademia to tackle industry

challenges

12:00 - 12:20 Closing
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Thursday Ganna Gryn’ova

Machine Learning for Periodic and Framework Materials

Stiv Llenga1, Rostislav Fedorov2, Michelle Ernst3, Clara Kirkvold1,

Ganna Gryn’ova1

1School of Chemistry, University of Birmingham, United Kingdom, 2Heidelberg Institute for

Theoretical Studies (HITS gGmbH), Germany, 3University of Zurich, Switzerland

Significant recent advances in chemical machine learning allow predictions of struc-

tures and physico-chemical properties of molecular systems with high accuracy and

at a fraction of the computational cost of conventional quantum-chemical mod-

elling. However, the associated tools, such as foundational models (e.g., MACE)

or quantum-inspired representations (e.g., SPAHM and MAOC)[1] are not easily and

directly transferrable to periodic materials due to the need to fine-tune the models on

target materials, sparsity of high-quality experimental training data, and the higher

costs of generating the presentations. In this talk, we will discuss our recent efforts

to address these limitations. Focusing on metal-organic and covalent organic frame-

works, we will present a new quantum-inspired representation for machine learning

tasks and a new fragmentation algorithm[2] enabling rational design of these systems.

We will also demonstrate how persistent homology can be employed to coarse-grain

the representation reducing the computational effort without sacrificing the accuracy

of the predictions.

[1] S. Llenga, G. Gryn’ova, J. Chem. Phys. 2023, 158, 214116.
[2] M. Ernst, R. Fedorov, A. Calzolari, F. F. Grieser, S. Ber, G. Gryn’ova, preprint

DOI: 10.26434/chemrxiv-2025-zbc8x.
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Thursday Ned Thaddeus Taylor

RAFFLE: Active learning accelerated interface structure
prediction

Ned Thaddeus Taylor1, Joe Pitfield2, Francis Huw Davies1, Steven Paul

Hepplestone1

1Department of Physics and Astronomy, University of Exeter, United Kingdom, 2Center for Interstellar

Catalysis, Department of Physics and Astronomy, Aarhus University, Denmark

Much of materials discovery has been centred around random structure search meth-

ods tailored for bulk materials. However, Nobel laureate Herbert Kroemer’s asser-

tion that ”the interface is the device” highlights the critical role of interfaces in device

functionality. Interfaces dictate device performance and operational limits, making

their accurate prediction essential. However, predicting the structure of interfaces at

the atomic scale is a significant challenge. In response, we introduce RAFFLE (pseu-

doRandom Approach For Finding Local Energetic minima), a novel open-source

software Python package designed specifically for interface structural prediction.

RAFFLE employs a methodology that combines genetic algorithms with physical

insights derived from morphological characteristics observed in analogous systems.

Additionally, it incorporates void-filling and pseudorandom-walk filling techniques,

mirroring experimental growth processes. RAFFLE integrates seamlessly with ex-

isting atom handling libraries, facilitating automated high-throughput exploration of

interface configurations. This can be made more efficient by leveraging a combina-

tion of first-principles calculations andmachine-learned potentials (i.e. MACE-MP-0

and CHGNet), enabling RAFFLE to efficiently navigation through vast configuration

spaces.

In summary, RAFFLE represents a powerful tool for interface prediction, offering re-

searchers a robust framework to explore and understand interface phenomena crucial

for advancing materials science and technology.
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Thursday Pjotrs Žguns

Validating Universal Machine Learning Interatomic Potentials
Against Experimental EXAFS Data: Case of Layered WS2 and

MoS2

Pjotrs Žguns1,2, Inga Pudza1, and Alexei Kuzmin1

1Institute of Solid State Physics, University of Latvia, Latvia, 2Department of Materials Science and

Engineering, Massachusetts Institute of Technology, United States

Universal machine learning interatomic potentials (uMLIPs) provide ab initio accu-

racy in energy and force calculations at minimal computational cost, making them in-

valuable for materials modeling. Though pre-trained on extensive ab initio datasets,

uMLIPs often exhibit systematic softening and require fine-tuning on compound-

specific data for optimal performance. A key question is how many ab initio data

points are needed for fine-tuning and whether experimental data can validate uM-

LIPs.

Here, we fine-tune uMLIPs to model thermal disorder in layered compounds (WS2

and MoS2) and assess their accuracy using ab initio data and extended X-ray ab-

sorption fine structure (EXAFS) spectra. EXAFS captures thermal variations in

bond lengths and angles, providing a strong validation benchmark. Fine-tuning with

compound-specific ab initio data corrects systematic softening and improves agree-

ment between molecular dynamics-derived and experimental EXAFS spectra. While

a single DFT structure offers some improvement, about a hundred structures are

needed for accurate EXAFS spectra and DFT-level precision. Benchmarking against

both DFT and experimental EXAFS strengthens confidence in uMLIP reliability and

helps determine the optimal fine-tuning dataset size.
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Thursday Isaac Y. Miranda-Valdez

Bayesian optimization accelerates material discovery of bio-based
foams to replace plastics

Isaac Y. Miranda-Valdez1, Tero Mäkinen1, Juha Koivisto1, Mikko Alava1

1Department of Applied Physics, School of Science, Aalto University, Finland

The search for new bio-based materials to replace plastics requires efficient explo-

ration and optimization of high-dimensional spaces for improved material designs.

This work demonstrates that Bayesian optimization (BO) using Gaussian process

regression (GPR) can significantly accelerate the discovery of plastic substitutes.

Specifically, we employed BO as a framework to navigate the process-structure-

property paradigm that governs the design of bio-based cellulose foams. These foams

are created from highly viscous aqueous suspensions, which are then templated and

solidified into three-dimensional structures. Our findings reveal that the composition

(structure) and rheology (processing) of these aqueous suspensions are intricately

linked to the mechanical properties of the resulting foams. Through GPR, we es-

tablished a mapping from the composition space to an auxiliary material-agnostic

rheology space, enabling us to optimize the mechanical properties of the foams. Ul-

timately, we successfully correlated the material composition of the suspensions with

the mechanical properties of the foams, allowing us to predict which combinations

of material composition or material properties would yield either a soft or hard me-

chanical response in the final product.
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Thursday Jan Gerit Brandenburg

Digital Chemistry at Merck: Synergies from Academia to tackle
industry challenges

Jan Gerit Brandenburg1

1Merck KGaA, Germany

Digital chemistry is impacting Merck at all scales within Healthcare, Lifescience,

and Electronics. In this talk, we will explore how advanced computational meth-

ods are enhancing molecular design, predicting materials behaviors, and optimizing

synthesis pathways. We’ll also discuss our collaborative efforts with academia and

across Merck’s diverse business units to drive innovation and solve complex indus-

try challenges. Through selected case studies, we’ll showcase the impact of digital

chemistry in scaling biotechnological solutions and outline our vision for the future

of data-driven research and development.
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Program - Posters on Monday, 05.05.2025

P1 Hemanadhan Myneni
Exploring Magnetic Substitutions in Heusler Alloys Using Machine Learning

P2 Ömer Faruk Tunalı
Computational Insights into MOF-Gas Interactions: DFT, GCMC, and MD Studies

P3 Saara Sippola
Bayesian Optimization Guided Structure Search Study of 17-Beta-Estradiol Adsorption on Graphene

P4 Lucas Bandeira
Machine-Learned Models for Atmospheric Chemistry

P5 Maria J. Weseloh
Calculations for tailored plasmonic circular dichroism enhancement

P6 Valentína Berecová
Cleavage in SiO2 : first-principles and ML-potential study

P8 Hannah Gittins
Predicting space groups for organic molecular crystal structure prediction with machine learning

P9 Esin Eren
AI-Driven Prediction of Electrochemical Impedance Spectroscopy for Silicon Thin Film Anodes in Lithium-Ion Batteries

P10 Rasmus Nilsson
Hydration layer structure and ice nucleation ability of K-feldspar surfaces investigated using molecular dynamics and
machine learning

P11 Pablo Enrique González Durán
Systematic approach to finding MXenes for CO2 hydrogenation to formic acid using a machine-learning force field

P12 Samuel Longo
Structural research and vibrational spectroscopy of Molybdenum Sulphides via Machine Learning-Molecular Dynamics

P13 Mohammad Ghaderi
Machine Learning-Driven Multi-Scale Modeling of CO2 Adsorption on Functionalized Carbon Materials

P14 Nian Wu
Machine learning interatomic potentials for DFT-level dynamic simulations of Cu-water interface systems

P15 Tatu Linnala
Pareto front learning in multi-objective Bayesian optimization

P16 Lea Gašparič
Predicting hydrogen adsorption energy on platinum catalysts with DFT and machine learning

P17 Yunyu Zhang
REMatch plus SOS: Machine-learning-accelerated structure prediction for supported metal nanoclusters

P18 Rafał Stottko
RGBChem: Image-like Representation of Chemical Compounds for Properties Prediction

P19 Bartłomiej M. Szyja
Descriptors for Predicting the Optical Properties of Metal-Organic Complexes

P20 Zhengqing Wei
Machine learning enhanced density functional theory study of metallic surfaces

P21 Rana Khankishiyeva
Machine Learning-Assisted Design and Optimization of NBR-Based X-ray Shielding Materials
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P22 Mina Taleblou
Handling multiple- species datasets with LATTE

P23 Liudmyla Klochko
Transfer Learning for Deep Learning-based Prediction of Lattice Thermal Conductivity

P24 Henri Haapanen
Democratising information extraction, web application for materials property extraction from scientific texts

P25 Estelina Lora da Silva
The Quest for High-Energy-Density Li Solid-State Batteries

P26 Pavel Papež
Phase stability and thermodynamic properties of high entropy alloys by the means of different machine learned potentials

P27 Masoud Jalayer
Enhancing Battery Recycling Efficiency with Multi-Objective Optimization and Entropy Analysis

P28 Sebastian Utz
Stability of Mg{100}/MgSc2Se4{100} Interfaces

P29 Mohammed Zniber
AI-driven Optimization of Antireflective Coatings

P30 Manuel Algarra Gonzalez
Carbon Dots Nanoparticles as Tunable Materials

P31 Rehima Adegosho
Efficient Hydrogen Evolution Coupled with Iodide Oxidation Using Defective Carbon-Supported TM-N4−xSx Single-Atom

Catalysts with Dual Nitrogen and Sulfur Coordination

P32 Hamide Kavak
First principal calculations for perovskite-based materials

P33 Orkhan Gulahmadov
Machine Learning for Optimizing Nylon/Fe3O4 Nanocomposite Triboelectric Nanogenerators for Self-Powered Sensing

P34 Lala Gahramanli
Tuning CdS Properties via Cd:S Ratio: A Machine Learning Approach for Optimized Functional Applications

P35 Isaac Y. Miranda-Valdez
Bayesian optimization accelerates material discovery of bio-based foams to replace plastics

P36 Matilda Sipilä
PV600: Annotated dataset of perovskite bandgaps for information extraction from literature

P37 Marjan Stoimchev
Detecting Polarization Direction and Structural Defects in Potassium Sodium Niobate with 4D STEM Datasets and Neural
Machine Learning Approaches

P38 Alberto Pérez de Alba Ortíz
Novel Bayesian approaches to predict and design free-energy landscapes

P39 Matthias Stosiek
Inferring Structure-Property Relationships with Artificial Intelligence: A Lignin Case Study

P40 Prajwal Pisal
Machine-learning Accelerated Descriptor Design for Catalyst Discovery: A CO2 to Methanol Conversion Case Study

P41 Mandira Das
Exploring Surface Chemistry of the Aerosols by Computing XPS Spectra : A combined Machine Learning and DFT
approach
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P42 Ruoyan Jin
Machine-learning interatomic potential for radiation damage in germanium

P43 Amit Chaudhari
Advancing ab-initio materials modelling using symbolic regression

P44 Joakim Jestilä
Data-efficient machine learning potentials for atomic layer deposition

P45 Ritwik Das
Bayesian Machine: Optimizing the Hubbard U Parameter With Machine Learning

P46 Olgerta Idrizi
Artificial Intelligence in Polymer Materials. Design and Discovery
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P1: ExploringMagnetic Substitutions inHeusler Alloys UsingMa-
chine Learning

Hemanadhan Myneni1

1University of Iceland, Iceland

Heusler alloys are promising materials with tunable magnetic properties, useful for

various applications. In this exploratory work, we investigate how alloying and mag-

netic substitutions affect their properties. Using machine learning models, we ana-

lyze trends in magnetic behavior based on computational data.

P2: Computational Insights into MOF-Gas Interactions: DFT,
GCMC, and MD Studies

Ömer Faruk Tunalı1, Gökhan Gece1

1Bursa Technical University, Faculty of Engineering and Natural Sciences, Department of Chemistry,

Turkey

Significant findings can be obtained regarding the separation of gas mixtures through

DFT (Density Functional Theory), GCMC (Grand Canonical Monte Carlo), and

MD (Molecular Dynamics) calculations conducted on the interactions of some MOF

(Metal-Organic Framework) structures with gases. Through these calculations, the

behavior of gases within MOF structures can be understood in more detail, and the

necessary parameters (such as selectivity and interaction energies) can be determined.

In this study, the interactions of the some MOF structures with various industrial

gases, were examined, with a particular focus on gas mixture separation. DFT,

GCMC, and MD calculations were employed to analyze the gas adsorption prop-

erties and molecular interactions of MOFs. The obtained findings determine the per-

formance of the target structure in terms of selectivity, adsorption capacity, and sen-

sor properties for the selected gases. The data gathered from such studies aim to be

integrated into machine learning methods to optimize future MOF designs and gas

separation processes.
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P3: Bayesian Optimization Guided Structure Search Study of 17-
Beta-Estradiol Adsorption on Graphene

Saara Sippola1, Milica Todorović1, Emilia Peltola1

1Department of Mechanical and Materials Engineering, University of Turku, Finland

17-beta-estradiol (E2), a steroid hormone with impacts on the human and the en-

vironment, is secreted by the ovaries, but also locally in the brain. Conventional

blood tests, the gold standard for E2 measurement in the body, cannot capture its

concentration fluctuations in the brain. Carbon-based electrochemical sensors offer

a complementary approach, but their material development often relies on trial-and-

error methods, where material parameters are altered based on intuition. Quantum-

mechanical simulations can accelerate material design by clarifying the atomic-level

interactions at the sensor surface. Here, we utilized Bayesian Optimization Structure

Search (BOSS) and density-functional theory (DFT) to study the interactions upon

E2 adsorption on graphene.

Our objectives were to determine the lowest-energy adsorption configurations and to

detect any covalent bond formation, which could facilitate charge transfer in sensing.

We employed BOSS and DFT to construct a surrogate model for the adsorption en-

ergy surface (AES). Next, we extracted and analysed two unique low-energy adsorp-

tion configurations corresponding to the energy minima of the surface. No covalent

bonding was detected. BOSS enabled us to construct the AES with reduced compu-

tational costs compared dense grid searches. The long-term potential for accelerating

sensor development is significant.

P4: Machine-Learned Models for Atmospheric Chemistry

Lucas Bandeira1, Hilda Sandström1, Patrick Rinke1,2

1Aalto University, Finland, 2Technical University of Munich, Germany

Aerosols consist of solid or liquid particulate matter suspended in the atmosphere,

varying in chemical composition and dimension. They play crucial roles in Earth’s

climate system by affecting radiative forcing, cloud formation, and air quality, for

instance, impacting both the environment and human health. Organic compounds,

in particular, can largely contribute to the initial stage of particle aggregation. While

computational chemistry has been key to understanding the reactions and processes

involving aerosol particles, it is limited by system size due to high computational

costs, requiring faster and more affordable alternatives for large-scale modeling. In

this study, we present a machine learning interatomic potential (MLIP) model trained
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on atmospherically relevant organic molecules. This model enables molecular dy-

namics simulations with the accuracy of density functional theory (DFT) but at a frac-

tion of the computational cost. This allows us to investigate larger systems, such as

accretion products (large, low-volatility organic compounds formed through chem-

ical reactions) and clusters. Understanding these products is crucial in atmospheric

chemistry, as they are key to particle formation.

P5: Calculations for tailored plasmonic circular dichroism en-
hancement

Maria J. Weseloh1, Tuomas Rossi2, Mikael Kuisma3, Xi Chen4, Patrick Rinke1,5

1Department of Applied Physics, Aalto University, Finland, 2CSC – IT Center for Science, Finland,

3CAMD, Department of Physics, Technical University of Denmark, Denmark, 4Lanzhou Center for

Theoritical Physics, Lanzhou University, China, 5Physics Department, TUM School of Natural

Sciences, Technical University of Munich, Germany

Chirality, the handedness of molecules, can affect everyday life by enantiomer-

related taste, smell or toxicity, for example. To avoid harmful implications for both

the environment and humans, it is important to detect molecular chirality. Circular

dichroism (CD) spectroscopy exploits the differential absorption of different handed

circularly polarized light by chiral molecules and can be used to discriminate enan-

tiomers. However, its applicability is currently limited by the fact that CD signals

are often weak and difficult to detect. The interaction of plasmonic nanoparticles

(NPs) with chiral molecules is a promising approach to enhance chiral signals but

lacked of predictive computational frameworks. This poster introduces our methods

and the systematic study for a predictive characterization of plasmonic CD enhance-

ment. Our characterization bases on first principles calculations with time-dependent

density functional theory and machine learning. The structure of molecules on NPs

plays a crucial role in the plasmonic enhancement of CD signals and represents a

high-dimensional problem itself, which is not feasible without machine learning. The

machine learning code Bayesian Optimization Structure Search is used to character-

ize the most likely structures of molecules on NPs.
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P6: Cleavage in SiO2: first-principles and ML-potential study

Valentína Berecová1,2, Martin Friák1, Jana Pavlů2

1Institute of Physics of Materials, v.v.i., Czech Academy of Sciences, Czech Republic, 2Masaryk

University Brno, Czech Republic

The cleavage processes of flint (SiO2) are fundamental to its mechanical properties,

including its exceptional fracture toughness, sharpness retention, andwear resistance.

Flint’s microstructure is composed predominantly of tightly packed cryptocrystalline

quartz, which contributes to its unique ability to undergo controlled conchoidal frac-

ture. In modern contexts, a detailed understanding of flint’s cleavage processes pro-

vides valuable insights for developing advanced materials with similar properties,

such as wear-resistant ceramics and cutting tools. By investigating the interatomic

interactions that allow cracks to propagate smoothly through the material, producing

sharp and durable edges, we can gain valuable insights for both understanding his-

torical artifacts and engineering advancements.

In this work, we aim to investigate the fundamental mechanisms of cleavage in flint

using density functional theory (DFT) andmachine learned force fields (MLFF) as im-

plemented in the Vienna Ab initio Simulation Package (VASP). These trained force

fields will then be used in molecular dynamics calculations to explore the cleavage

process through multiple SiO2 calculation cells.

P8: Predicting space groups for organic molecular crystal struc-
ture prediction with machine learning

Hannah Gittins1, Graeme Day1

1University of Southampton, United Kingdom

Crystal structure prediction (CSP) is a valuable computational technique used to pre-

dict the crystal structure of a molecule or compound of interest. This has been proven

to be useful in the research and development of pharmaceuticals, carbon capture,

explosives, and semiconductors. Despite CSP’s success in these areas, it remains

limited. In the most recent blind test the importance of continued development and

innovation in this field, including the need to reduce computational cost was noted.

One method to reduce computational cost is to limit the search space of generated

crystal structures within the CSP pipeline (for search-based methods). As a result,

it is common practice to limit the search to a selection of space groups (as seen in

most methods from the most recent blind test). However, limiting the search cannot

guarantee that the correct space group has been chosen. In an effort to reduce com-
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putational cost and ambiguity when choosing a space group, we investigate the use

of machine learning models to predict the space group of a given organic molecule.

P9: AI-Driven Prediction of Electrochemical Impedance Spec-
troscopy for Silicon Thin Film Anodes in Lithium-Ion Batteries

Elif Muslu Yilmaz1, Elif Ceren Gok Yildirim2, Murat Onur Yildirim2, Esin Eren1,

Aysegul Uygun Oksuz1

1Department of Chemistry, Faculty of Engineering and Natural Sciences, Suleyman Demirel University,

Turkey, 1Department of Mathematics and Computer Science, Eindhoven University of Technology,

Netherlands

Electrochemical Impedance Spectroscopy (EIS) is a powerful tool for studying the

electrochemical behavior of transition metal oxide-modified silicon-based thin film

anodes in lithium-ion batteries. However, performing EIS measurements can be

time-consuming and complex. To address this challenge, we explore the use of ma-

chine learning models to predict EIS spectra based on key deposition and electro-

chemical parameters. Several machine learning models were trained and validated

to predict impedance responses across different frequencies. The predicted Nyquist

and Bode plots were then compared with experimental data to assess model accuracy.

The proposed predictive framework enables the rapid estimation of impedance be-

havior, facilitating the efficient screening of candidate materials and the enhancement

of battery performance. By reducing the need for extensive experimental testing, this

approach provides valuable insights into charge transfer resistance, solid electrolyte

interphase (SEI) formation, and electrode kinetics. These findings demonstrate the

potential of machine learning to accelerate the development of silicon-based thin film

anodes for next-generation lithium-ion batteries.

P10: Hydration layer structure and ice nucleation ability of K-
feldspar surfaces investigated using molecular dynamics and ma-
chine learning

Rasmus Nilsson1, Patrick Rinke2, Hanna Vehkamäki1, and Bernhard Reischl1

1Institute for Atmospheric and Earth System Research, University of Helsinki, Finland, 2Department of

Applied Physics, Aalto University, Finland

K-feldspar mineral dust particles have been observed to nucleate ice heterogeneously

at higher supercooling compared to other atmospheric minerals. While the exact

reason for this remains unknown, there is experimental and computational evidence

pointing to the importance of high energy (100) crystallographic planes. We try to
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shed new light on the phenomenon by combining molecular dynamic simulations

with machine learning models. Using non-equilibrium molecular dynamics, we de-

termine the onset freezing temperature on a large sample of K-feldspar (100) surfaces

with different termination and topographical features, such as step edges, defects, and

strained lattices, by looking for a potential energy jump as the simulation temperature

is decreased. Machine learning models are then trained on this data set to predict the

onset freezing temperature based on the characteristics of the surface, and by using

feature analysis we will determine which surface characteristics enable higher onset

freezing temperatures.

P11: Systematic approach to finding MXenes for CO2 hydrogena-
tion to formic acid using a machine-learning force field

Pablo Enrique González Durán1, Germán Ignacio Sastre Navarro1, Pablo García

Aznar1, Liang Tian1, Hermenegildo García Gómez1, Ana María Primo Arnau1

1Instituto de Tecnología Química UPV-CSIC, Spain

MXenes are a large family of materials composed of a transition metal (Ti, V, Cr,

Y, Zr, Nb, Mo, Ha, Ta, W) in alternating layers with carbon or nitrogen. In addition

to this they have different termination groups attached to the surface and different

atomic stackings, which contribute to their properties as catalysts. This work aims

to explore computationally and experimentally this large family of materials as cat-

alysts for the CO2 + H2 → HCOOH reaction. A large database of MXene crystal

structures has been prepared in order to calculate and analyze all possible chemical

compositions making use of a recently parameterised machine learning interatomic

potential within Matlantis software, aiming to reduce computational time several or-

ders of magnitude with respect to periodic DFT. The above synthesis of formic acid

has been split into a mechanism comprised of 12 steps, with intermediates also in-

cluding competing reactions leading to methanol. Around 40k structures have been

optimized. Our analysis suggests a final list of 21 promising chemical compositions

for MXenes that will be tested in the laboratory.
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P12: Structural research and vibrational spectroscopy of Molyb-
denum Sulphides via Machine Learning-Molecular Dynamics

Samuel Longo1, Matthieu Verstraete1

1Université de Liège, Belgium

Machine Learning revolutionized material design and engineering by providing fast

and efficient methods to explore the thermodynamic space ofmatter. In this study, we

applied state-of-the-art ML-interatomic potentials to investigate the structural prop-

erties of Molybdenum Sulphides (MSs), a class of materials that has been under the

spotlights since for the recent decades due to their catalytic properties, notably in the

Hydrogen Evolution Reaction (HER). The study of HER catalytic mechanism is hin-

dered by the hard challenge of characterizing amorphous MSs’ structure. To address

this, we adopted a ’melt&quench’ approach via ML-Molecular Dynamics simula-

tions, in order to generate realistic amorphous structures for MoSx (3 < x < 6),
a compositional range known for optimal catalytic activity. Later prediction of the

spectroscopic (IR, Raman) properties of such structures enables direct comparison

with experimental data. This comparison not only validates the models but also aids

in identifying specific local geometric and coordination features that are critical to

enhancing catalytic performance.

P13: Machine Learning-Driven Multi-Scale Modeling of CO2 Ad-
sorption on Functionalized Carbon Materials

Mohammad Ghaderi1

1Department of Chemistry, Faculty of Science, University of Zanjan, Iran

The discovery of efficient materials for CO2 capture is crucial for mitigating cli-

mate change. In this work, we develop a machine learning (ML)-assisted multi-scale

modeling framework to predict and optimize CO2 adsorption on functionalized car-

bon materials, such as carbon quantum dots (CQDs)-modified graphene and porous

carbons.

We integrate density functional theory (DFT) calculations and molecular dynamics

(MD) simulations to generate high-quality training data, capturing atomic-level ad-

sorption energies, charge transfer effects, and diffusion mechanisms. Using graph

neural networks (GNNs) and regression-based ML models, we predict CO2 binding

strength, adsorption capacity, and material stability with high accuracy. Our frame-

work enables rapid screening of novel functionalized surfaces, reducing computa-

tional costs compared to traditional approaches.

51/72



Posters

Our results provide key structure-property insights, identifying optimal functional

groups (e.g., nitrogen, boron, sulfur doping) that enhance CO2 capture. Further-

more, we implement uncertainty quantification to improve model reliability in out-

of-domain predictions. This study demonstrates the potential of AI-driven materials

discovery, paving the way for next-generation carbon-based adsorbents.

P14: Machine learning interatomic potentials for DFT-level dy-
namic simulations of Cu-water interface systems

Nian Wu1, Adam S. Foster1

1Department of Applied Physics, Aalto University, Finland

To reduce the computational cost of density functional theory (DFT) calculations,

we refinedMACE-based model to construct DFT-level machine learning interatomic

potentials (MLIPs) of Cu-water systems based on dataset of Cu-water interface sys-

tems collected from ab initio molecular dynamics. The results for hundreds of water

molecules on three facets of Cu (Cu(111), Cu(100) and Cu(110) demonstrated the

ability of MLIPs as a reliable approach to implement long-period dynamic simula-

tions at a comparable accuracy as DFT calculations.

P15: Pareto front learning in multi-objective Bayesian optimiza-
tion

Tatu Linnala1, Matthias Stosiek2, Joakim Löfgren1, Patrick Rinke1,2

1Aalto University, Finland, 2Technical University of Munich, Germany

Bayesian optimization (BO) is a machine learning approach for optimizing expensive

black-box functions. It is increasingly used in computational and experimental ma-

terials optimization tasks, such as optimizing structure and composition. Many BO

applications involve multiple competing objectives, requiring one to seek trade-offs

that form the Pareto front. The goal of multi-objective BO (MOBO) is to approxi-

mate this front.

We extended the Bayesian Optimization Structure Search (BOSS) code to support

advanced MOBO methods. Specifically, we implemented three variants of the ex-

pected hypervolume improvement acquisition function: an exact formulation for bi-

objective cases and Monte Carlo-based approximations for scenarios with any num-

ber of objectives. Additionally, we included scalarization-based approaches for com-

putationally cheaper solutions.
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We benchmarked these methods on six test cases, including five synthetic func-

tions and a real-world problem based on lignin extraction data. We find that the

hypervolume-based methods provide the most accurate Pareto front predictions, but

cheapermethodsmay sometimes be sufficient. This highlights the trade-offs between

computational cost and accuracy, emphasizing the importance of selecting methods

based on application-specific needs. We provide guidelines for choosing appropriate

MOBO settings, and the extended BOSS code offers an accessible toolkit for multi-

objective optimization tasks.

P16: Predicting hydrogen adsorption energy on platinum catalysts
with DFT and machine learning

Lea Gašparič1,2, Anton Kokalj1,2, Sašo Džeroski1,2

1Jožef Stefan Institute, Slovenia, 2Jožef Stefan International Postgraduate School, Slovenia

The growing interest in hydrogen gas fuel is driving research into sustainable hydro-

gen production methods. One promising approach is water electrocatalysis, which

involves the hydrogen evolution reaction (HER) as one of the half-reactions. In the

search for highly active HER catalysts, machine learning (ML) can be used to de-

velop models that predict hydrogen adsorption energy, a key descriptor of catalytic

activity.

In this study, we used various ML techniques to predict hydrogen adsorption energy

on platinum. Two datasets generated with DFT calculations were used: one for ex-

tended surfaces and the other for nanoparticles. The results indicate that ML models

for extended surfaces achieve higher accuracy than those for nanoparticles. Addition-

ally, the most relevant features are related to the local environment of the adsorption

site but differ between the two cases. The coordination number is the most significant

feature for extended surfaces, while for nanoparticles, the d-band center is the most

important. The ML models developed in this study do not yet achieve the accuracy

needed to provide reliable predictions. This highlights the need for further research

by including additional features, expanding the datasets, or exploring different ML

methods.
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P17: REMatch plus SOS:Machine-learning-accelerated structure
prediction for supported metal nanoclusters

Yunyu Zhang1, Keith T. Butler1, Michael D. Higham1,2, C. Richard A. Catlow1,2,3

1Kathleen Lonsdale Materials Chemistry, Department of Chemistry, University College London, United

Kingdom 2Research Complex at Harwell, Rutherford Appleton Laboratory, United Kingdom, 3School

of Chemistry, Cardiff University, United Kingdom

Predicting stable structures of nanoclusters is crucial yet computationally demanding.

This study presents a machine learning-basedmethodology designed to accelerate the

prediction of stable structures in nanoclusters. By integrating local environment de-

scriptors, with dimensionality reduction, kernel-based similarity measure, and outlier

detection, we efficiently screen and select promising configurations, thus accelerat-

ing identification of global and local minimum structures. The approach is validated

through rigorous optimisation, demonstrating its capability to identify low-energy

structures while significantly reducing computational costs. This method offers a

robust framework for structural screening.

P18: RGBChem: Image-like Representation of Chemical Com-
pounds for Properties Prediction

Rafał Stottko1, Bartłomiej M. Szyja1

1Wroclaw University of Science and Technology, Poland

RGBChem is a novel approach for converting chemical compounds into image rep-

resentations, which are subsequently used to train a convolutional neural network

(CNN) to predict the HOMO-LUMO gap for compounds from the QM9 database.

By modifying the arbitrary order of atoms present in .xyz files used to generate these

images, it has been demontrated that expanding the initial training set size can be

achieved by creating multiple unique images (data points) from a single molecule.

This study shows that the presented approach leads to a statistically significant im-

provement in model accuracy, highlighting RGBChem as a powerful approach for

leveraging machine learning (ML) in scenarios where the available dataset is too

small to apply ML methods effectively.
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P19: Descriptors for Predicting the Optical Properties of Metal-
Organic Complexes

Bartłomiej M. Szyja1, Rafał Stottko1

1Wroclaw University of Science and Technology, Poland

The prediction of UV–Vis spectra from the molecular structural formula is of general

high interest to design new materials, identify potential phototoxic compounds, esti-

mate missing spectroscopic data for known molecules, or curate databases of exper-

imental spectra. A quantitative representation of molecular structure, composition,

and electronic environment plays a crucial role in the prediction of the molecular

properties by ML. These descriptors encode essential features such as atomic con-

nectivity, bond lengths, oxidation states, ligand effects, and electronic properties, en-

ablingMLmodels to capture the structure-property relationships without the need for

exhaustive quantum mechanical calculations. In our search for the optimal selection

of properties, we distinguished properties that are characteristic of atoms, interac-

tions between atom pairs, and both. We were particularly focused on the descriptors

easily obtainable from the available chemical databases or tables (e.g. ionization po-

tential) or possible to calculate easily (e.g. interatomic distance, bond order). Thus,

we have specifically relied on non-quantumchemical parameters. Special importance

have been paid to hardness/softness of a ligand, which classifies coordination ligands

based on their electron donationg ability.

P20: Machine learning enhanced density functional theory study
of metallic surfaces

Zhengqing Wei1

1Chemnitz University of Technology, Germany

This study presents an investigation of metal surface properties through an integrated

approach usingmachine learning, combining the first-principle simulation using den-

sity functional theory (DFT) and experimental images via surface morphology SEM

microscopy. The aluminum surface slabs, examining their total energy, potential, and

stability energy differences are machine learned. The correlation between surface al-

loy element types and compositions with surface stability, providing new insights

into the fundamental mechanisms governing surface properties. The work extends to

surface diffusion phenomena, specifically learning how different surface alloys be-

have across varying diffusion depths. And the surface morphology images of stain-

less steel using scanning electron microscopy (SEM) are classified. A study was
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placed on building correlation of the surface balling effect and its relationship with

the mechanical binding strength joining polymer and stainless steel.

P21: Machine Learning-Assisted Design and Optimization of
NBR-Based X-ray Shielding Materials

Rana Khankishiyeva1, Haji Vahid Akhundzada1, Aida Azizova1

1Institute of Radiation Problems of the Ministry of Science and Education of the Republic of Azerbaijan,

Azerbaijan

Nitrile butadiene rubber (NBR)-based composites are emerging as a promising so-

lution for flexible and lightweight X-ray shielding. However, designing these ma-

terials traditionally requires extensive trial and error, making the process slow and

costly. In this study, we use machine learning (ML) to speed upmaterial optimization

by predicting key properties like X-ray absorption, density, and mechanical perfor-

mance. By training neural networks on structured formulation databases, we can

accurately predict material properties, spot inconsistencies, and optimize composi-

tions for better shielding efficiency. We worked with two datasets: one for training

and validation, and another for real-world applications involving more complex in-

gredient combinations. Our results show that ML models can significantly reduce

the need for physical testing, making material development faster and more efficient.

This approach combines AI-driven predictions with experimental validation, help-

ing advance the discovery of next-generation shielding materials while aligning with

ML4MD’s focus on data-driven material innovation.

P22: Handling multiple- species datasets with LATTE

Mina Taleblou1, Franco Pellegrini1, Stefano de Gironcoli1

1SISSA, Italy

We investigate the challenges of training a machine learned interatomic potential

over large, diverse datasets containing more than 55 elements including crystals,

molecules, nanoclusters, and slab-adsorbates. We test LATTE (Local Atomic Ten-

sors Trainable Expansion), an invariant atomic descriptor combined with neural net-

work implemented in our software package (PANNA) over varied datasets with a

fairly accurate prediction on out of domain systems. Our code offers multiple ways

to handle several atomic species in the model: it is possible for elements to share a

common set of weights in one or more hidden layers of the network. Additionally, we

provide the possibility of using a single network for all the elements, which conse-

quently speeds up the computations. Moreover, we can employ an embedded matrix
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as elemental representation rather than a one-hot encoding, enhancing the accuracy of

the model as well as improving the prediction over similar unseen elements. This fea-

ture enables the model to predict the potential of unseen elements, and indeed makes

it a versatile, universal model. We explore the relative accuracy and performance

advantages of these different options.

P23: Transfer Learning for Deep Learning-based Prediction of
Lattice Thermal Conductivity

Liudmyla Klochko1, Mathieu d’Aquin1, Atsushi Togo2, Laurent Chaput3,4

1Université de Lorraine, LORIA, France, 2Center for Basic Research on Materials, National Institute for

Materials Science, Japan, 3Université de Lorraine, LEMTA, France, 4Institut Universitaire de France,

France

We present a novel computational framework suitable for predicting the physical

properties of materials by performing searches over large databases. This study ad-

dresses the critical challenge posed by the limited availability of extensive datasets

for thermal conductivity - a property of significant importance across applications

ranging from electronics to energy storage. By using a fine-tuning method, we

demonstrate our GNN model’s ability to predict the thermal conductivity of yet-to-

be-synthesized compounds, with results within the correct order of magnitude. We

believe this framework could be a good tool for material discovery and will have a

significant impact across multiple domains.

P24: Democratising information extraction, web application for
materials property extraction from scientific texts

Henri Haapanen1, Matilda Sipilä1, Tomasz Galica1, Filip Ginter2, and Milica

Todorović1

1Department of Mechanical and Materials Engineering, University of Turku, Finland, 2Department of

Computing, University of Turku, Finland

Access to data on materials and their properties is crucial for data-driven research.

Until recently, access to large datasets derived from literature was limited, due to the

effort required to manually extract values from publications. Through Natural Lan-

guage Processing (NLP), this process is now faster and requires less manual work.

However, it requires that researchers implement NLP algorithms, build a corpus, and

process the results themselves.

We facilitate easy public access to data within materials science publications with our
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information extraction (IE) web application. Our web application, which is based on

question answering language models (QA), enables material-property value extrac-

tion through a simple web interface. The application uses a dataset of ca. 194,000

perovskite publications. A user will input a material, a property and optionally a unit,

to obtain numerical data about that property for that material.

If pre-computed results exist in our database for a user’s query, we return those di-

rectly, otherwise we proceed with snippet selection and our QA-based IE task. The

result is displayed as a histogram of the extracted values, alongside statistical infor-

mation, and a DOI identifier linked to each value. Users without NLP or program-

ming experience can retrieve the information they need for materials design.

P25: The Quest for High-Energy-Density Li Solid-State Batteries

Estelina Lora da Silva1, M.C. Santos1, Tao Yang2

1IFIMUP, Institute of Physics for Advanced Materials, Nanotechnology and Photonics, Departamento

de Física e Astronomia da Faculdade de Ciências da Universidade do Porto, Portugal, 2Future

Technology School, Shenzhen Technology University, China

The rapid advancement of electric vehicles, drones for military or agricultural pur-

poses, renewable energy systems, and portable electronics has created an urgent need

for high-performance battery materials. Traditionally, materials discovery has been

slow and labor-intensive, limiting innovation in this critical field. With the increasing

demand for advanced materials in various industries, faster discovery methodologies

are critical. However, there is still a lack of design road-map for high-energy-density

Li batteries, largely owing to the uncertain selections of electrochemically active ma-

terials and the complicated relationships of diverse factors. There is a pressing need

to quickly identify affordable, high-performance materials to facilitate a global shift

towards sustainable energy conversion and storage technologies. Unfortunately, the

existing materials design framework is still too slow, with the time from conceptu-

alization to market often exceeding more than a decade, primarily due to the manual

and labor-intensive nature of traditional experimentation. To tackle these issues, the

goal is to create tools based on Machine learning (ML) for interpreting characteriza-

tion data that can speed up materials design and development.
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P26: Phase stability and thermodynamic properties of high en-
tropy alloys by the means of different machine learned potentials

Pavel Papež1,2, Martin Friák1, Daniel Valášek3, Martin Zelený2

1Institute of Physics of Materials CAS, v. v. i., Czech Republic, 2Institute of Materials Science and

Engineering, Faculty of Mechanical Engineering, Brno University of Technology, Czech Republic,

3Central European Institute of Technology, Brno University of Technology, Czech Republic

We have employed machine learned force fields as implemented in Vienna Ab initio

Simulation Package (VASP) to study the thermal properties ofmedium entropy alloys

FeCoNi and CoCrNi. The training was done on multiple structures created by the

sqsgenerator to train multiple levels of short range ordering. The temperature range

was first set to heating in a range from 200K to 1000K, then second run of training at

1000K and a third run with cooling from 1000K to 200K. Then molecular dynamics

will be run to examine the phonon density of states and from then other thermal

properties of the materials.

P27: Enhancing Battery Recycling Efficiency with Multi-
Objective Optimization and Entropy Analysis

Masoud Jalayer1, Nima Emami1, Luis Arturo Gomez-Moreno2, Rodrigo

Serna-Guerrero2, Milica Todorović1

1Department of Materials and Mechanical Engineering, University of Turku, Finland, 2Department of

Chemical and Metallurgical Engineering, Aalto University, Finland

The growing demand for lithium-ion batteries(LIBs) in electronics, transportation,

and energy storage has increased reliance on critical raw materials e.g., cobalt,

lithium, and nickel. However, poor extraction efficiency in current recycling meth-

ods limits material recovery, necessitating improved recycling process design to re-

duce dependency on primary sources and minimize environmental impact. We inte-

grate HSC-Sim process simulations with material flow and entropy analysis to study

the distribution and separation efficiency of LIB substances across various recycling

units. These units includemilling, magnetic separation, screening, and flotation cells,

breaking down battery materials, isolating valuable substances, and removing im-

purities. The key operating parameters of these units will be varied using a multi-

objective genetic algorithm to identify near-optimal process conditions. The opti-

mization targets three objectives: minimizing relative statistical entropy for improved

material separation, reducing exergy loss for higher energy efficiency, and maxi-

mizing the recovery of materials, specifically graphite anode and nickel-manganese-

cobalt cathode. This simulation-driven approach offers an alternative to predomi-

nantly experimental optimization, enabling a more efficient exploration of process
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improvements. The proposed framework can guide future experimental validation to

ensure its reliability. This work establishes a quantitative decision-support tool for

improving LIB recycling efficiency, reducing dependence on primary raw materials,

and supporting circular economy principles.

P28: Stability of Mg{100}/MgSc2Se4{100} Interfaces

Sebastian Utz1, Axel Groß1,2

1Ulm University, Germany, 2Helmholtz Institute Ulm, Germany

Due to the high price of lithium raw materials, post-lithium battery systems are at-

tracting increasing attention. Magnesium metal anodes are a promising material for

such systems. The main advantages of magnesium over lithium are its high gravi-

metric energy density and lower price. One issue that hinders their application is

the low ionic conductivity of many magnesium ion electrolytes. One of the few

electrolytes that exhibit good magnesium ion conductivity is the spinel-structured

solid electrolyte MgSc2Se4. The structural and diffusion properties of the bulk ma-

terial are already well understood. Although interfacial stabilities and properties are

evenly important in real battery systems, their understanding is yet limited. To shed

some light on interfacial interactions in all solid-state magnesium metal batteries,

the Mg{100}/MgSc2Se4{100} interface was modelled. First-principles calculations
within the framework of periodic density functional theory were conducted to cal-

culate the adhesion energies between these surfaces. Based on these energies the

stability of the different interfaces was studied. However, the size of interface struc-

tures leads to high computational costs and limits the application of ab initio only

methods. Utilisation of machine-learning based methods can lower the computa-

tional costs significantly. Thus, enabling the study of reaction and diffusion at the

interface in a next step building upon the interfacial stabilities modelled in this work.

P29: AI-driven Optimization of Antireflective Coatings

Mohammed Zniber1, Kasper Honkanen2, Milica Todorović1

1Department of Mechanical and Materials Engineering, Faculty of Technology, University of Turku,

Finland, 2Senop Oy, Finland

Antireflective (AR) coatings are designed to reduce unwanted reflections and en-

hance light transmission through optical surfaces. They are widely used in lenses,

eyeglasses, and display screens. Their performance is quantified by the low average

reflectance (Ravg) over a wavelength range. AR coatings consist of multiple lay-

ers deposited on an optical substrate, with input features such as number of layers,
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sequence of alternating materials, and thickness of each layer. Traditional optimiza-

tion relies on trial-and-error and extensive experiments, making it costly and time-

consuming. In this work, we present an AI-driven optimization approach using high-

throughput search to identify AR coatings with Ravg below 0.5% tolerance over a

broad range (450-900nm) and narrow range (450-650nm). We trained a CatBoost re-

gression model to map input features to Ravg. Shapley value analysis was employed

to determine the influence of individual features on Ravg. Based on these insights,

we generated a dataset of 16 million stacks and identified optimal AR coatings with

an Ravg=0.04% in the narrow range and Ravg=0.28% in the broad range. The rec-

ommended coatings were synthesized by our industry partner, Senop Oy, and their

superior performance was successfully validated in practice. These results highlight

the advantages of AI in industrial manufacturing and product development.

P30: Carbon Dots Nanoparticles as Tunable Materials

Manuel Algarra Gonzalez1

1Public University of Navarra, Spain

In this presentation, carbon clusters at nano-dimensional level (Carbon dots and their

related graphenoids systems, under the frame of 2D nanomaterials), will be shown

the different pathways to obtain the mentioned carbon nano-systems, the different

characterization techniques to obtain the most relevant information and the wide va-

riety of applications in different research fields.

Nowadays, nanotechnology plays an emergent role, and non-toxic production of

based carbon nanoparticles is a particularly interesting possibility to take full advan-

tage of these materials. Eco-friendly hydrothermal treatments of small molecules or

products from biomass make suitable sources of fluorescent and biocompatible car-

bon nanoparticles, capable of being used as chemical sensors or in others interaction

systems
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P31: Efficient Hydrogen Evolution Coupled with Iodide Oxidation
Using Defective Carbon-Supported TM-N4−xSx Single-Atom Cat-
alysts with Dual Nitrogen and Sulfur Coordination

Rehima Sheberu1, Ahmed Mustefa1, Yedilfana Setarge Mekonnen1

1Addis Ababa University, Department of Chemistry, Ethiopia

The growing need for clean energy has intensified research into efficient hydrogen

evolution reaction (HER) catalysts. This study explores the catalytic performance

of defective carbon-supported Fe-N4−xSx single-atom catalysts (SACs) with dual

nitrogen and sulfur coordination for HER coupled with iodide oxidation reaction

(IOR). Using spin-polarized Density Functional Theory (DFT) calculations, we op-

timize Fe-N4−xSx/dC structures and assess their stability, adsorption energies, and

electronic properties. Preliminary results indicate that Fe-N3S/dC demonstrates the

most promising catalytic activity, characterized by a strong Fe-adsorbate interaction,

a highly negative d-band center (-2.36 eV), and a lower IOR overpotential compared

to other configurations. Gibbs free energy calculations and Bader charge analysis

are currently in progress to further validate the catalytic efficiency and charge re-

distribution effects in these materials. The incorporation of sulfur into Fe-N4 co-

ordination appears to enhance electronic properties, improving electrocatalytic per-

formance. This ongoing study aims to provide deeper insights into the fundamental

structure-property relationships of Fe-based SACs, offering a pathway for designing

cost-effective, non-precious metal catalysts for sustainable

P32: First principal calculations for perovskite-based materials

Hamide Kavak1, Teoman Ozdal1, Merhan Kilic1

1Cukurova University, Turkey

The global energy demand in developed societies is raising rapidly, a trend that is ex-

pected to continue. To address growing environmental concerns, there is an urgent

need for clean, affordable, and sustainable energy sources. With silicon-based solar

cells approaching their theoretical efficiency limit, the search for the next-generation

photovoltaic materials is required. The most promising candidates are perovskite

materials, which exhibit exceptional optical, chemical, and physical properties. In

particular, lead-halide perovskites have garnered significant attention due to their

lower manufacturing costs with high conversion efficiency. First-principles calcu-

lations based on density functional theory (DFT) have proven to be powerful tools

for validating experimental results in material science. In this work, DFT simula-

tions are performed using the open-source Quantum Espresso package. The calcu-

lations are carried out with spin-polarized Perdew-Burke-Ernzerhof (PBE) functions
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and projector-augmented wave (PAW)-PBE pseudopotentials, as implemented in the

plane-wave-based package. Structural relaxation is conducted using the PBE gener-

alized gradient approximation (GGA). Since PBE often underestimates the actual

band gap, hybrid functions are tested to achieve more accurate band gap values, im-

proving the reliability of the theoretical predictions. This combined theoretical and

experimental approach offers a robust pathway for identifying and optimizing next-

generation photovoltaic materials.

P33: Machine Learning for Optimizing Nylon/Fe3O4 Nanocom-
posite Triboelectric Nanogenerators for Self-Powered Sensing

Orkhan Gulahmadov1, Mustafa Muradov1, Lala Gahramanli1

1Nano Research Laboratory, India

This study investigates the enhancement of triboelectric nanogenerator (TENG) per-

formance through the incorporation of Fe3O4 nanoparticles into nylon films using

a spray coating technique. Five TENG prototypes were fabricated: one using pris-

tine nylon and four employing nylon/Fe3O4 nanocomposites with varying nanopar-

ticle concentrations. Electrical output measurements, including open-circuit voltage

and short-circuit current, demonstrated a substantial improvement in nanocomposite-

based TENGs compared to the nylon-only device.

The application of a weak magnetic field during nanocomposite preparation signifi-

cantly influenced the TENG’s output, achieving a maximum voltage of 56.3 V and a

current of 4.62 µA. Further analysis revealed that the magnetic field applied during

the drying process facilitated the alignment of magnetic domains, enhancing charge

transfer and energy conversion efficiency.

These findings highlight the synergistic role of Fe3O4 nanoparticles in improving

both electrostatic and magnetic interactions within the TENG, leading to superior

energy-harvesting capabilities. This approach presents a promising strategy for the

development of high-performance TENGs with potential applications in sustainable

energy harvesting and self-powered sensor systems.

63/72



Posters

P34: Tuning CdS Properties via Cd:S Ratio: AMachine Learning
Approach for Optimized Functional Applications

Lala Gahramanli1

1Nano Research Laboratory, India

The cation-anion ratio in semiconductor materials like CdS affects the electronic

structure, and depending on this ratio (Cd:S), it is possible to control the properties -

to control the band gap value (Eg) - in order to expand the application possibilities. In

the presentedwork, CdS compoundswith different compositionswere synthesized by

sonochemical and SILAR methods. To determine the effect of the cation-anion ratio

on the properties of nanostructures, the structural, electrical, and optical properties of

the samples obtained by both methods were investigated. Decreasing cation-anion

ratio (Cd:S), increases the Eg, as well as the differences in the Eg when different

methods are used. This is explained by the physical phenomena of occurrence of

the two different methods used (cavitation effect and sorption process) as well as

quantum size effects. The cubic phase was formed by the sonochemical method,

and mainly hexagonal phase was formed by the SILAR method. With the increase

of cation and anion ratio, the degree of crystallinity increased in the sonochemical

method, and an amorphous phase was formed in the SILAR method.

P35: Bayesian optimization accelerates material discovery of bio-
based foams to replace plastics

Isaac Y. Miranda-Valdez1, Tero Mäkinen1, Juha Koivisto1, Mikko Alava1

1Department of Applied Physics, Schoo of Science, Aalto University, Finland

The search for new bio-based materials to replace plastics requires efficient explo-

ration and optimization of high-dimensional spaces for improved material designs.

This work demonstrates that Bayesian optimization (BO) using Gaussian process

regression (GPR) can significantly accelerate the discovery of plastic substitutes.

Specifically, we employed BO as a framework to navigate the process-structure-

property paradigm that governs the design of bio-based cellulose foams. These foams

are created from highly viscous aqueous suspensions, which are then templated and

solidified into three-dimensional structures. Our findings reveal that the composition

(structure) and rheology (processing) of these aqueous suspensions are intricately

linked to the mechanical properties of the resulting foams. Through GPR, we es-

tablished a mapping from the composition space to an auxiliary material-agnostic

rheology space, enabling us to optimize the mechanical properties of the foams. Ul-

timately, we successfully correlated the material composition of the suspensions with
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the mechanical properties of the foams, allowing us to predict which combinations

of material composition or material properties would yield either a soft or hard me-

chanical response in the final product.

P36: PV600: Annotated dataset of perovskite bandgaps for infor-
mation extraction from literature

Matilda Sipilä1 , Farrokh Mehryary2 , Sampo Pyysalo2 , Filip Ginter2 , and Milica

Todorović1

1Department of Mechanical and Materials Engineering, University of Turku, Finland, 2Department of

Computing, University of Turku, Finland

Scientific text is a promising source of data in materials science, and recent advance-

ments in language models have enabled new tools for information extraction (IE).

To ensure accuracy, IE tools must be rigorously evaluated against human-annotated

gold standard datasets, where domain experts mark the extracted information. While

materials science-specific gold standard datasets exist, none focus on perovskites, a

technologically significant class of materials.

In this work, we present PV600, an annotated gold standard dataset for evaluating

IE tools applied to materials science texts. The PV600 dataset comprises 600 open-

access text segments from scientific articles, focusing on five inorganic and hybrid

perovskites and their bandgap values. Along with bandgap values, we also collected

the types of the bandgaps: whether they were experimental, computational, from the

literature or from the unknown source.

We used the PV600 to evaluate three materials science IE approaches: a rule-based

method, a question-answering (QA) method, and five generative models. Among the

evaluated models, the GPT-4o outperformed the others, but the QA method and free

generative model Llama-3.1 emerged as a strong alternatives. By making the PV600

dataset publicly available, we aim to facilitate the evaluation and comparison of IE

methods for extracting bandgap values from scientific texts.
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P37: Detecting Polarization Direction and Structural Defects in
Potassium Sodium Niobate with 4D STEM Datasets and Neural
Machine Learning Approaches

Marjan Stoimchev1,3, Matej Martinc1, Goran Dražić2, Andreja Benčan Golob[2, 3],

Tone Kokalj2, Sašo Džeroski1

1Knowledge Technologies Department, Jožef Stefan Institute, Slovenia, 2Electronic Ceramics

Department, Jožef Stefan Institute, Slovenia, 3Jožef Stefan International Postgraduate School, Slovenia

Understanding the direction of spontaneous polarization in perovskite ferroelectrics

is essential for analyzing key phenomena such as domain formation and domain

walls, which strongly influence their electro-mechanical properties. We propose

a novel approach for determining the direction of spontaneous polarization in per-

ovskite ferroelectrics and for detecting structural defects, using 4D STEM datasets.

We first generate simulated 4D STEM diffraction patterns for lead-free ferro-electric

(K0.5Na0.5)NbO3 (KNN) based on models with known Nb displacements using

QSTEM simulations (C. Koch, PhD thesis, Arizona State University, 2002).

KNN’s ortho-rhombic symmetry allows for 12 possible displacement directions of

the Nb atoms, directly correlated to the polarization vector direction. When projected

into 2D, these displacements can be seen in 8 distinct directions along the [100]pc

zone axis. Additionally, by adding synthetic noise into the dataset, we simulate struc-

tural defects for some of the 8 obtained structural models.

Using the simulated data, we train a neural classifier based on the FastViT backbone

architecture to distinguish among the 8 directions. The classifier is capable of doing

so with almost perfect accuracy. This classifier is additionally leveraged to detect

anomalies in structural models, together with an unsupervised anomaly detection ap-

proach based on agglomerative bottom-up clustering.

P38: Novel Bayesian approaches to predict and design free-energy
landscapes

Eline Kempkes1, Jari Hoffmann1, Filip Kopczyński1, Lisa Röther1,

Alberto Pérez de Alba Ortíz1

1University of Amsterdam, Netherlands

To dissect and control atomistic processes, it is essential to map their free-energy

landscape. This landscape reveals metastable states and interconnecting paths—pro-

jected onto key atomistic descriptors—which are crucial to understand chemical, con-

formational or phase transitions. Since most interesting processes are rare events
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within affordable simulations, multiple enhanced sampling methods have been in-

troduced. Many of these methods exert biasing potentials to drive the system into

unsampled regions. The average biasing force can be used to numerically integrate

an approximation of the free-energy landscape. However, determining where to set

the biasing potentials can be daunting for complex systems involving many descrip-

tors. To tackle this, we employ Bayesian quadrature as a method to estimate the

value of an integral, i.e., the free energy, based on iteratively selecting the most in-

formative gradient samples, i.e., forces, based on a noise-tolerant probabilistic model.

This approach can either explore the landscape by reducing the overall uncertainty

or exploit it by searching for minima or maxima. We demonstrate the robustness of

this approach across novel applications to relevant molecules and materials, includ-

ing predictions of biopolymer rigidity, metal phase transitions, nanoplastic-induced

protein dissociation, etc.

P39: Inferring Structure-Property Relationships with Artificial
Intelligence: A Lignin Case Study

Matthias Stosiek1,2,3, Joakim Löfgren3, Daryna Diment4, Davide Rigo5, Marie

Alopaeus6, Chunlin Xu6, Michael Hummel4, Mikhail Balakshin4, Patrick

Rinke1,2,3

1Department of Physics, Technical University of Munich, Germany, 2Atomistic Modelling Center,

Munich Data Science Institute, Technical University Munich, Germany, 3Department of Applied

Physics, Aalto University, Finland, 4Department of Bioproducts and Biosystems, Aalto University,

Finland, 5Renewable Resources and Enabling Sciences Center, National Renewable Energy Laboratory,

United States, 6Laboratory of Natural Materials Technology, Åbo Akademi University, Finland

The potential of lignin as an abundant, underutilized biopolymer is increasingly being

realized. A key challenge for the targeted production of lignins remains the poorly

understood relation between lignin properties and its complex structure. Artificial

intelligence (AI) methods could reveal such structure-function relationships but re-

main elusive in biomaterials research.

We study structurally diverse lignins extracted from birch wood following an AI-

guided data acquisition.[1] Each lignin sample is characterized with 2D nuclear mag-

netic resonance (NMR) spectroscopy. A total of 95 collected NMR spectra are com-

plemented with measurements of key lignin properties such as the antioxidant activ-

ity.

To establish structure-function relationships, we correlate regions of the NMR spec-

tra with the corresponding property measurements using random forest regression

(RFR). Subsequently, we use RFR feature importance analysis to identify structural
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features that correlate with each property and provide a chemical interpretation of

our findings. For instance, we find that a higher number of β-O-4 bonds leads to
lower surface tension in water indicating amore linear lignin structure. Our structure-

property inference approach is designed to be applicable to a wide range of materials

and characterization data.

[1] D. Diment et al., ChemSusChem 2024, e202401711.

P40: Machine-learning Accelerated Descriptor Design for Cata-
lyst Discovery: A CO2 to Methanol Conversion Case Study

Prajwal Pisal1,2, Ondrej Krejci1,3, Patrick Rinke1,2,4

1Aalto University, Finland, 2Technical University of Munich, Germany, 3University of Turku, Finland,

4Munich Center for Machine Learning, Germany

Efficient heterogeneous catalysts are essential for converting CO2 into valuable prod-

ucts like methanol. Despite improvements in screening methods, identifying effec-

tive catalysts is difficult due to catalyst complexity and the search space of materials.

Machine learning accelerates predictions but requires a suitable descriptor to handle

the complexity of industrial catalysts with multiple active sites and facets.[1] Adsorp-

tion energies serve as reliable indicators of basic catalyst activity,[2] though single en-

ergy values can be inadequate for complex materials. This study presents an adsorp-

tion energy distribution (AED) descriptor, which expands the concept by considering

various facets and sites. We gathered AEDs for intermediates in the CO2 to methanol

reaction for around 200 materials using machine-learned interatomic potential from

the Open Catalyst Project[3] and grouped catalysts using hierarchical clustering. Our

approach identifies similarities between well-known Cu-Zn catalysts[4 and materials

like Ni-Zn and Ga-Cu.[5,6] This method can be adapted for heterocatalyst screening

when key intermediates are determined.

[1] Adv. Sci., 10, 2301020 (2023).
[2] J. Catal 209 275–278 (2002).
[3] ACS Catal. 11 6059-6072 (2021)
[4] ACS Catal. 14 4 2730–2745 (2024).
[5] ChemCatChem 15, e202201150 (2023).
[6] J. Phys. Chem. C 125 2 1361–1367 (2021.)
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P41: Exploring Surface Chemistry of the Aerosols by Computing
XPS Spectra : A combinedMachine Learning and DFT approach

Mandira Das1, Abdurrahman Adhyatma1, Jack Lin2, Nønne Prisle2, Milica

Todorović1

1University of Turku, Finland, 2University of Oulu, Finland

Aerosols, ranging from nano to micro-sized air-suspended particles, interact with the

atmospheric compounds via surface interactions. Surface-sensitive Ambient Pres-

sure X-ray Photoelectron Spectroscopy (APXPS) reveals that NaCl, the most abun-

dant aerosol, undergoes surface structural changes upon interacting with atmospheric

water. However, identifying the surface atomic arrangements and interaction of

aerosol with atmospheric water based on XPS signals remains challenging.To over-

come this difficulty, we investigate the surface structure of NaCl aerosol and inter-

action with atmospheric water by combining density functional theory (DFT) with

machine learning methods. We applied Bayesian optimization based DFT simula-

tions to accelerate the configurational structure search of atmospheric water on NaCl

surface. We use the ∆ self-consistent field (∆SCF) approach to calculate the core

electron binding energy of the Na 1 s electron. The experimental XPS spectra can be

explained by comparing the binding energy of Na 1s electron before and after water

adsorption. This study incorporates active learning driven DFT simulation to eluci-

date the atomic scale interactions of aerosols with atmospheric water, improving the

interpretation of experimental APXPS data and serving as a roadmap to other similar

studies.

P42: Machine-learning interatomic potential for radiation damage
in germanium

Ruoyan Jin1

1Aalto University, Finland

High-purity Ge is widely used in spectrometer fabrication for astrophysics and plan-

etary space missions due to its superior energy resolution at gamma-ray wavelengths.

However, irradiation exposure damages these devices, leading to performance degra-

dation. Molecular dynamics (MD) simulations enable the study of defect generation

and evolution in irradiated materials. Their accuracy largely depends on the quality

of the selected interatomic potential. Additionally, it is a challenging task for the

interatomic potential to capture all aspects of radiation damage.

Our goal is to develop a machine-learning interatomic potential that accurately cap-
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tures all these aspects. We introduce a general-purpose Gaussian Approximation Po-

tential (GAP) for Ge. The strong repulsion of energetic atoms in collision cascades

is captured by integrating a modified ZBL repulsive potential. This GAP exhibits

excellent agreement with density functional theory (DFT) calculations in capturing

elastic, thermal, and vibrational properties. The formation energies and diffusivity

of point defects also align closely with DFT results. Additionally, DFT-MD melt-

quench simulations explore liquid and amorphous germanium structures, showing

strong consistency with the DFT radial distribution function.

This enhancement underscores GAP’s ability to accurately model the semiconductor

material Ge at the atomic scale, providing a foundation for future refinements and

advancements.

P43: Advancing ab-initio materials modelling using symbolic re-
gression

Amit Chaudhari1, Kushagra Agrawal1, Andrew Logsdail1

1Cardiff University, United Kingdom

Knowledge of the electronic structure of transition metal oxides (TMOs) and rare-

earth oxides (REOs) is essential for the development of heterogeneous catalysts, bat-

teries and photovoltaics for the transition to net zero. In particular, understanding

the formation of electron polarons (trapped electrons at lattice defects) is essential to

model electronic and ionic conductivities. This understanding requires ab-initiomod-

elling methods like Hubbard-corrected density functional theory (DFT+U), which

can provide suitable accuracy and computational cost, but is susceptible to numeri-

cal instability. In this work, supervised machine learning methods including support

vector machines and symbolic regression are used to determine corrective Hubbard

parameters enabling the simulation of experimentally observed polaron formation in

defective TiO2. Our work establishes a transferable workflow for DFT+U parameter

optimisation across several other TMOs and REOs, whilst the methods involved can

be leveraged otherwise in advancing ab-initio materials modelling (e.g., constructing

faster DFT functionals).

This work is part of a Prosperity Partnership project funded by the UK Engineering

and Physical Sciences Research Council (EPSRC), bp through the bp International

Centre for AdvancedMaterials (bp-ICAM) and JohnsonMatthey plc in collaboration

with Cardiff University and The University of Manchester (EPSRC grant number

EP/V056565/1).
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P44: Data-efficient machine learning potentials for atomic layer
deposition

Joakim Jestilä1, Antti Karttunen1

1Department of Chemistry and Materials Science, Aalto University, Finland

Atomic layer deposition (ALD) enables deposition of various thin filmmaterials from

the vapor phase, representing a promising avenue towards emerging semiconductor

technologies. However, semiconductor production is highly resource-intensive in

terms of energy and water usage, with each new generation of chips increasing the

burden on the environment. Hence, it is essential to develop new chemistries and for-

mulate new precursors for resource efficient semiconductor manufacturing. Under-

standing these new processes can be facilitated by modelling the underlying reaction

sequences, which has traditionally been based on density functional theory or more

computationally intensive quantum chemistry methods, often resulting in idealized

and simplified models. To this end, we are developing a data-efficient on-the-fly

training and exploration workflow based on Gaussian force fields, on-the-fly proba-

bility enhanced sampling and higher order equivariant message passing frameworks

to produce accurate machine learning interatomic potentials, inspired by related work

on catalytic processes. Our aim is to enable simulations at expanded time and size

scales, thus providing more sophisticated reaction models that shed light onto new

ALD-processes.

P45: Bayesian Machine: Optimizing the Hubbard U Parameter
With Machine Learning

Ritwik Das1

1Centre for Nanoscience and Nanotechnology, French National Centre for Scientific Research,

University of Paris-Saclay, France

Density functional theory (DFT) is widely used to study electronic properties but

struggles with strongly correlated materials. The DFT+U approach introduces a

Hubbard U correction to address this limitation, but its accuracy depends on select-

ing an optimal U parameter. This work presents a machine-learning-based method,

Bayesian Machine (BMach), which employs Bayesian optimization to determine ef-

fective U values.

BMach optimizes U by minimizing the discrepancy between DFT+U and more accu-

rate methods like the GW approximation and hybrid functionals (HSE). Applied to

narrow-gap semiconductors, BMach achieves remarkable accuracy, as demonstrated

in InSb, where the computed bandgap (0.23 eV) closely matches the experimental
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value. The optimized band structures using BMach’s Ueff align well with GW and

HSE results.

A comparative analysis with the linear response (LR) method - limited to spin-

unpolarized and weak spin-orbit coupling (SOC) calculations in Quantum Espresso -

shows BMach’s superior performance. Additionally, BMach extends to noncollinear

calculations for materials with strong SOC, including both non-magnetic and mag-

netic systems. By optimizing key properties like bandgap, eigenvalues, and lattice

parameters, BMach provides a robust framework for parameter tuning.

In summary, BMach offers an efficient and versatile approach to refining Hubbard

U in DFT+U, enhancing electronic structure calculations across diverse materials.

P46: Artificial Intelligence in Polymer Materials. Design and Dis-
covery

Olgerta Idrizi1

1Mediterranean University of Albania, Albania

Conventional experimental approaches and computational modeling are often time-

consuming and resource-intensive, with constraints imposed by experimental con-

ditions and theoretical frameworks. Therefore, developing innovative methods to

expedite the discovery and design of polymer materials is essential. Among various

material classes, polymer materials hold a pivotal role due to their exceptional phys-

ical and chemical properties and inherently complex structures. As a fundamental

component of data-driven methodologies, machine learning (ML) has become in-

creasingly significant in the design and discovery of polymer materials.

This review provides a comprehensive overview of the applications of machine learn-

ing in polymer materials research, covering key aspects such as the trends in pub-

lished literature, commonly employed ML algorithms, essential polymer descriptors,

and the standard workflow for ML-driven polymer design. Additionally, recent ad-

vancements in the integration of ML within materials science are explored. The pa-

per delves into the literature review of the use of machine learning in polymer design

and discover. The article highlights the opportunities and challenges that lie ahead

in advancing ML applications in polymer materials research.

72/72


	General
	Organizers
	Code of Conduct
	Health and Safety Measures
	Venues
	Poster Session
	Meals
	Excursion - City Tour
	Internet Access
	Supported by

	Program
	Monday
	Rampi Ramprasad
	Patrícia Ramos 
	Yuhao Zhang
	Aleksi Kallio
	Joe Pitfield
	Rutchapon Hunkao

	Tuesday
	Karsten Reuter
	Lois Smith
	Abdurrahman Adhyatma
	Silvana Botti
	Jie Huang
	Bartosz Grzybowski

	Wednesday
	Rhys Goodall
	Ondřej Krejčí
	Tero Mäkinen
	Vikas Garg
	Alexander Korotkevich
	Taylor Sparks
	Sara Kadkhodaei
	Rocco Libero Giossi
	Apoorv Verma

	Thursday
	Ganna Gryn’ova
	Ned Thaddeus Taylor
	Pjotrs Žguns
	Isaac Y. Miranda-Valdez
	Jan Gerit Brandenburg

	Posters
	Hemanadhan Myneni
	Ömer Faruk Tunalı
	Saara Sippola
	Lucas Bandeira
	Maria J. Weseloh
	Valentína Berecová
	Hannah Gittins
	Esin Eren
	Rasmus Nilsson
	Pablo Enrique González Durán
	Samuel Longo
	Mohammad Ghaderi
	Nian Wu
	Tatu Linnala
	Lea Gašparič
	Yunyu Zhang
	Rafał Stottko
	Bartłomiej M. Szyja
	Zhengqing Wei
	Rana Khankishiyeva
	Mina Taleblou
	Liudmyla Klochko
	Henri Haapanen
	Estelina Lora da Silva
	Pavel Papež
	Masoud Jalayer
	Sebastian Utz
	Mohammed Zniber
	Manuel Algarra Gonzalez
	Rehima Adegosho
	Hamide Kavak
	Orkhan Gulahmadov
	Lala Gahramanli
	Isaac Y. Miranda-Valdez
	Matilda Sipilä
	Marjan Stoimchev
	Alberto Pérez de Alba Ortíz
	Matthias Stosiek
	Prajwal Pisal
	Mandira Das
	Ruoyan Jin
	Amit Chaudhari
	Joakim Jestilä
	Ritwik Das
	Olgerta Idrizi


