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Density and density- matrix functional theories Ala

A1.017 Strictly constrained neural network exchange
correlation functionals (Ryosuke Akashi)
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New developments in quantum Monte Carlo simulations A8

Gaussian Product States: Datadriven wave functions for
correlated electronic structure George Boo
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Materials discovery by high-throughput screening and
artificial intelligence B8a

What can we learn from machinelearned physical
relationships?
Luca Ghiringhelli P
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B8.07 Exploring structure-property maps with kernel principal
covariates regression and chemiscope (Guillaume Fraux,
B.A. Helfrecht, R.K. Cersonsky, M. Ceriotti)
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B8.11 Machine Learning of topological electronic materials
(Yuqing He, Pierre-Paul De Breuck, Hongming Weng, Gian-
Marco Rignanese)
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Diagrammatic many-body theory A2a

A2.15 Machine learning density functionals from the
randomphase approximation (Stefan Riemelmoser, Carla

Verdi, Merzuk Kaltak, Georg Kresse
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A?2.04 Separable resolution-of-identity in an all-electron
numeric atom-centered basis set framework (Francisco A.
Delesma, Dorothea Golze, Patrick Rinke)
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New physics in 2D materials and van der Waals multilayers
Cba

C5.03 Nonunique fraction of Fock exchange for defects in
twodimensional materials (Wei Chen, Sinéad M. Griffin, Gian-
Marco Rignanese, Geoffroy Hautier)
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C5.18 Monolayer Kagome Metals AV3Sb5 (A=K, Rb, Cs) (Sun-
Woo Kim, Hanbit Oh, Eun-Gook Moon, Youngkuk Kim)
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C5.29 High-throughput stacking reveals emergent &
switchable properties of 2D van der Waals bilayers (Sahar
Pakdel, A.Rasmussen, ..., T.Olsen, K.Thygesen
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Poster B1.07

Learning to use the force: Fitting Repulsive Potentials in
Density-Functional Tight-Binding with Gaussian Process
Regression Chiara Panosetti
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Machine learning for many-body quantum physics B6

Fermionic Neural-Network Quantum States
Giuseppe Carleo
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B6.05 Charting electronic properties in the configurational
space of spinel nitride solid solutions via machine learning
(P. SanchezPalencia, S. Hamad, P. Palacios, ...)
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B6.03 An orbital-based representation for accurate machine
learning (Konstantin Karandasheyv, O. Anatole von Lilienfeld)
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Strong spin-orbit and magnetic systems C9

Hidden order and magnetic

excitations in spin-orbit double perovskites
Leonid V. Pourovskii
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Emerging aspects of electron-phonon interactions A5

A5.15 Benchmark of density functional theory for
superconductors (Mitsuaki Kawamura, Taisuke Ozaki)
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A5.22 2D superconductivity driven by electronphonon
coupling at the interface with the charge-ordered semicond-
uctor BaBiO3 (S.Di Napoli, ..., Verdnica Vildosola)
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Open quantum systems and non-adiabatic dynamics A4

A4.07 Charge transfer through defect states in TMDC-
graphene heterostructures (Daniel Hernangomez-Pérez,
Andrea Donarini, Sivan Refaely-Abramson)
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Topological properties... C8a

Topology: a New Periodic Table of Materials, Classification
and Interacting Flat Bands

Bogdan A. Bernevig
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C8.01 Bulk and surface electronic structure of Bi4Te3 from
GW calculations and photoemission experiments (Dmitrii
Nabok, ... Irene Aguilera)
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Machine-learned surrogate models: the quest for ab initio
accuracy at a fraction of the cost B5a

Blurring the lines between electronic structure and machine
learning
Michele Ceriotti
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B5.53 Bypassing the cost/complexity tradeoff in atom-
density potentials (Claudio Zeni, Kevin Rossi, Andrea Anelli,
Aldo Glielmo, Stefano De Gironcoli)
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B5.01 ML approach for longitudinal spin fluctuation effects
in bcc Fe at TC and under Earth-core cond. (Marian Arale
Brannvall, D. Gambino, R. Armiento, B. Alling)
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B5.37 Unifying atom-centered descriptions and message
passing machine learning schemes (Jigyasa Nigam, S.

Pozdnyakov, G. Fraux, M. Ceriotti)
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B5.18 Atomic cluster expansion for accurate and
transferable interatomic potentials (Ralf Drautz)

- D

E’\ ¢ hﬁhm{‘o xﬁ'u_ {
’) (.mhv\n’ﬂl« Cod 1S

7 P fon (Q »
Qﬁ%@\ pyren ¢ \PL% Ar1siup

e Factt Gam oty |
> )6)( o hﬂ!f
Yeotge Amady £ e LI

—> O\ 29201 EM {apra
Jﬁhdf’nmr(j Jp

”)MP/V/V‘U{
CE, 1 IAEMAR
0 cheart 2622 ﬂ:)\a@fl AE

Exp 4
) AMigyin Funchrg 4 € - i{\)g“(
whlace By faim D Mban






Exploring the Matterverse with Machine Learning
Shyue Ping Ong
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B5.20 Electronic structure properties from an atom-centered
learning model of the electron density (Andrea Grisafi, A.M.
Lewis, M. Rossi, M. Ceriotti)
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B5.09 A systematic approach to quantifying biases of
DF Tsurrogate models and learning corrections (Alya Bin
Thabet Alqaydi Bartomeu Mﬂnserrat}
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B5.51 Many-body Bayesian force field and uncertainty-aware
MD from Bayesian active learning: Phase Transformations &
Thermal Transport in SiC (Yu Xie, ..., B. Kozinsky)
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B5.44 Extendable On-the-Fly Machine Learning Acceleration
Framework in Castep MD (Tamas Karoly Stenczel, G.

Liepuoniute, ..., Gabor Csanyi) -
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B5.13 Accelerating Kohn-Sham Density Functional Theory at
Finite Temperature with Deep Neural Networks (Attila Cangi)
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Topological properties in real and momentum space C8b

Magnetic Skyrmions — Scientific fascination through ab initio
theory

Stefan Bligel
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OPTIMADE: A Common REST API for Materials Databases
Interoperability
Gian-Marco Rignanese
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C3.57 Spin and orbital transport in rare earth
dichalcogenides: The case of EuS2 (Mahmoud Zeer, ...,
Stefan Bliigel, Yuriy Mokrousov)
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Poster B5.10 Efficient parameterization of the atomic cluster
expansion
Bochkarev, Drautz
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Poster B5.32 Active learning strategies for atomic cluster

expansion (ACE) model
Lysogorskiy, Drautz
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Poster B5.31 Extending Atomic Cluster Expansion to
Equivariance, Many Elements and Long-range
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Poster B10.02 DFTK: A multidiscipninary Julia toolkit for
electronicstructure simulations
Michael Herbst, Cances
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Poster B5.17 Compressing local atom neighbourhood
densities James P. Darby (1), James R. Kermode (1), Gabor
Csanyi (2)
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C1.11 Alchemical machine learning for high entropy alloys
(Nataliya Lopanitsyna, Guillaume Fraux, Michele Ceriotti)
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Poster B5.75 Kernel Charge Equilibration: Learning Charge
Distributions in Materials and Molecules
Martin Vondrak
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B5.45 Equivariant neural networks as a natural and
dataefficient method for machine learning many-body prop.
(Martin Uhrin, A. Zadoks, L. Binci, N. Marzari, |. Timrov)
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Magnetism and spintronics C3b
Spontaneous and externally driven quantum spinfluctuations

at the nanoscale
Samir Lounis
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B5.07 A pre-training augmented deep learning framework to
predict the materials prop. (K. Das, B. Samanta, P. Goyal, S.-
C. Lee, Satadeep Bhattacharjee, N. Ganguly)
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Poster B5.63 Jacobi-Legendre potentials
Michelangelo Domina, Matteo Cobelli and Stefano Sanvito
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Poster C3.55 A spectral-neighbour representation for vector
fields: machine-learning potentials including spin
Michelangelo Domina, Matteo Cobelli, Stefano Sanvito

From SSanvito twitter Aug 24: "[...] a new machine learning
potential for magnetism"



B5.04 MACE: Higher Order Equivariant Message Passing
Neural Networks for Fast and Accurate Force Fields (llyes
Batatia, ..., G. Csanyi)
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B5.30 ML modeling of potential-energy surf. and mol.
property prediction with a 2-kernel approach: resolving the
multiscale challenge (Artem Kokorin, ..., A. Tkatchenko)
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B5.19 Machine learning charge density to accelerate
electronic structure calculations (Bruno Focassio, U. Patil, M.
Domina, A. Fazzio, S. Sanvito)
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The end of ab initio MD Gabor Csanyi
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