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From First Principles to Complex Matter

E. Schrödinger
What is Life? The Physical Aspect of the Living Cell

(Cambridge University Press, 1944)

P. A. M. Dirac
Quantum mechanics of many-electron Systems

Proc. R. Soc. Lond., 123, 714 (1929)

R. P. Feynman, R. B. Leighton, and M. Sands
The Feynman lectures on physics, Volume I.

§ Realizing Schrödinger’s dream requires development 
of approximate practical methods 
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Hierarchy of Modelling Methods

Borges et al., Rev. Chem. 121, 10, 5633 (2023) 2



Machine Learning Force Fields (MLFFs)

Unke et al., Chem. Rev. 121, 16, 10142 (2021) 2021

MAIN GOAL
development of MLFFs applicable 

to large (bio)molecules
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A. Kabylda, J. T. Frank, S. Suárez-Dou, A. Khabibrakhmanov, L. Medrano Sandonas, O. T. Unke, S. Chmiela, K.-R. Müller, A. Tkatchenko 
Molecular Simulations with a Pretrained Neural Network and Universal Pairwise Force Fields
Journal of the American Chemical Society 147, 37, 33723 (2025). Cover article.



System-specific -> General-Purpose 
MLFFs

SO3LR: General-purpose MLFF for organic matter

Kabylda et al., JACS, 147, 37, 33723 (2025)

§ MLFF architectures
§ Quantum-mechanical datasets
§ Physical interaction models
§ GPU software/hardware
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§ PBE0+MBD: 3.86M structures

Diverse QM training dataset

Kabylda et al., JACS, 147, 37, 33723 (2025) 5



SO3LR



‣ Neural networks for graph like data (represent molecule as a graph)

‣ Builds high dimensional node / atomic representations       

‣ Create initial node representations

‣ Update iteratively by aggregating neighbourhood information

‣ Final representations         are used to predict atomic properties, e.g. atomic energies

Message Passing Neural Networks
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‣ Calculates pairwise embedding for each 
atom pair in the neighbourhood 

‣ Aggregate information over all  
neighbouring atoms


‣ Update atomic embeddings

Neighbourhood Aggregation
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SO3krates – cornerstone of SO3LR

Equivariant MPNN with two conceptual changes:
1. separates the message into an invariant and 

an equivariant part
2. replaces the SO(3) convolution by an 

attention function on its invariant output

Frank et al., Nat. Commun. 15, 6539 (2024) 7



 

 

Accuracy-Speed Trade-Off
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Accuracy-Speed Trade-Off
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MLFFs accuracy-speed trade-off

Fu et al., TMLR (2022)
Frank et al., Nat. Commun. 15, 6539 (2024) 8
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SO3krates – cornerstone of SO3LR

Frank et al., Nat. Commun. 15, 6539 (2024)
Esders, Schnake, Lederer, Kabylda et al., JCTC 21, 714 (2025) 9



SO3krates – cornerstone of SO3LR

§ MPNNs struggle to 
describe long-range 
interactions

9
Frank et al., Nat. Commun. 15, 6539 (2024)
Esders, Schnake, Lederer, Kabylda et al., JCTC 21, 714 (2025)

1 Layer                2 Layers               3 Layers             4 Layers             5 Layers



Universal Pairwise Force Fields

Khabibrakhmanov et al., JCTC 19, 21, 7895 (2023)
Unke et al., Nat. Commun. 12, 7273 (2021)

§ Charges and Hirshfeld ratios (Veff/Vfree) are 
environment-dependent
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SO3LR Training

Loss function:

Kabylda et al., JACS, 147, 37, 33723 (2025) 10



Static benchmarks

QM7b and AlphaML
LR-CCSD/d-aug-cc-pVDZ

SAPT10k
SAPT2+(3)(CCD)/aug-cc-pVTZ

§ Accurate dipole moment and binding energy predictions
§ Rare outliers include dimers like ClF, P(CNO)3 , and 

PH2NO2 complexes Yang et al., Sci. Data 6, 152 (2019)
Villot and Lao, J. Chem. Phys. 160, 184103 (2024) 11



(Bio)Molecular Simulations with SO3LR

Kabylda et al., JACS, 147, 37, 33723 (2025)



Vieira-Pires et al., J. Gen. Physiol. 136, 585 (2010)
Bolin and Millhauser, Acc. Chem. Res. 32, 12, 1027 (1999) 

Folding of polyalanine

12

Unke et al., Sci. Adv. eadn4397 (2024)



§ Folding and alterations between alpha and 310 forms
§ Delicate interplay of hydrogen bonding, polarization, 

and dispersion interactions
§ No system-specific Ala15 dataVieira-Pires et al., J. Gen. Physiol. 136, 585 (2010)

Bolin and Millhauser, Acc. Chem. Res. 32, 12, 1027 (1999) 

Folding of polyalanine
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SO3LRNMR

A B

D E

sn1sn2

F

C

Power spectra

UMAP Projection

Experimental
structures

Crambin

SO3LR MD Trajectory
25k atoms, 3 ns

Kabylda et al., JACS, 147, 37, 33723 (2025) 13
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E F

sn1sn2

G

POPC Lipid bilayer

33k atoms
500 ps

Kabylda et al., JACS, 147, 37, 33723 (2025) 14



Single GPU performance

§ ∼3 μs/atom/step on a single H100 GPU 
(2.6 ns/day for a 10,000-atom system)

§ approaching sizes and timescales 
relevant for realistic biomolecules, 
while preserving QM accuracy

Kabylda et al., JACS, 147, 37, 33723 (2025) 15



Model, Data, and Code

ü Works with ASE/JAX-MD

ü Google Colab/Tutorials 

ü Command Line Interface 
so3lr nvt --input mol.xyz

github.com/general-molecular-simulations/so3lr
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A. Kabylda, S. Suárez-Dou, Nils Davoine, Florian N. Brunig, A. Tkatchenko 
QCell: Comprehensive Quantum-Mechanical Dataset Spanning Diverse Biomolecular Fragments
AI Sci. 2, 025003 (2026)



Major classes of biomolecules

Alberts et al., Molecular Biology of the Cell 17



MD22 Dataset
Units of four major types of biomolecules and supramolecules 
(10-90 ps dynamics - PBE+MBD level of theory at 500K):

Proteins
Tetrapeptide

Ac-Ala3-NHMe

Lipids
FaMy acid

DHA

Carbohydrates
Tetrasaccharide

Stachyose

Nucleic acids
DNA base pairs

AT-AT-CG-CG
AT-AT

Supramolecules
Buckyball Catcher

Double-walled 
nanotube

Chmiela, Vassilev-Galindo, Unke,  Kabylda et al., Sci. Adv. eadf0873 (2023) 18



QCell: Biomolecular Building Blocks

Alberts et al., Molecular Biology of the Cell

§ Gas-phase RNA fragments
§ Solvated double-helical DNA dimers/trimers in canonical A, B, and Z forms
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QCell: Biomolecular Building Blocks

Alberts et al., Molecular Biology of the Cell
§ POPC, POPE, POPG, and POPS 1-2-3-mers (with cholesterol)
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QCell: Biomolecular Building Blocks

Alberts et al., Molecular Biology of the Cell

§ 52 common monosaccharides, including both pentose and hexose 
structures in α and β anomeric configurations; glycosidic linkages

21



QCell: Biomolecular Building Blocks

Kabylda et al., AI Sci 2, 025003 (2026)
Alberts et al., Molecular Biology of the Cell 22

§ 0.5M -> Total: 41M (GEMS, QM7-X, QCML, AQM)



QCell: QM Dataset Spanning Diverse Biomolecular Fragments
A B

C D

Kabylda et al., AI Sci 2, 025003 (2026)
Alberts et al., Molecular Biology of the Cell 23
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Conclusions & Outlook

Kabylda et al., JACS 147, 37, 33723 (2025)
Kabylda et al., AI Sci 2, 025003 (2026)
Kabylda et al., Nat. Commun. 14, 3562 (2023)
Kabylda et al., Adv. Funct. Mater. 35, 2417891 (2025)
Esders, Schnake, Lederer, Kabylda et al., JCTC 21, 714 (2025)
Chmiela, Vassilev-Galindo, Unke,  Kabylda et al., Sci. Adv. eadf0873 (2023)

General-Purpose MLFFs for (Bio)Molecular 
Simulations

ü SO3LR: Pretrained MLFF integrating neural  
network with explicit long-range electrostatics   
and dispersion

ü QCell: Quantum-mechanical data for diverse large 
(bio)molecular fragments 

ü SO3LR v2: Better, faster & stronger
Outlook

q Materials-Molecules Interfaces
q Extending simulations to treat NQE
q Multiscale coarse-grained MLFFs 
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