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Aim

The aim of this work was to validate a previously
developed equivariant graph neural network, featur-
ing anisotropic message passing (AMP), investigating
ligation states of phosphine ligands within transition
metal complexes. AMP was used to substitute quan-
tum mechnical calculations in a QM /MM scheme using

umbrella sampling with the final goal of predicting re-
action free energies.

Introduction

QM /MM

Hybrid QM /MM methods combine quantum mechan-
ics (QM) with molecular mechanics (MM) for describing
the potential energy surface of a system necessary for
molecular dynamics (MD) simulations. QM calculations
allow for greater accuracy and description of electronic
processes necessary for the ligation state reaction. MM
descriptions are more efficient and good for bulk prop-
erties ideal for dacription of solvents.
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Figure: PteroPhos complex in benzene solvent

Additive QM/MM scheme
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The Anisotropic Message Passing model was used in

the QM/MM MD simulations to substitute the QM
part. [2]
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Method & Implementation
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Results and Discussion

Transferability: A model with 606 568 parameter trained with 42 000 frames yielded
in a mean absolute error (MAE) for the energies of the QM atoms of 2.2 kJ/mol.
Transferability was evaluated for 4 ligands (PEts, PhP(t-Bu),, PCy3, CataCXiumA),

by not including the data in the training.

he MAE for the energies stayed within

chemical accuracy only for CataCXiumA it raised to 6.2 kJ/mol due to the unique
adamantane group. However, the error could be reduced by 1.8 kJ/mol if only eight

frames of CataCXiumA were included in the

training set.

Dissociation of monoligated and bisligated complexes: Prospective simula-
tions of all monoligated complexes showed that none of them dissociated. Whereas
the dissociation of the bisligated complexes coincided well with the experimental re-

sults reported by Newman Stonbraker et al.

[1] reported for two runs:
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Free energy: The free energy was calculated for complexes with PCys; and
PteroPhos using umbrella sampling and prospective simulations. The correct lig-
ation state was determined in both cases even if the training data did not contain
data of the two compelexes.

Conclusions
The AMP model was effectively applied in the context of (QM)ML/MM sim-

ulations utilizing electrostatic embedding. The pipeline allowed for substituting
the traditional QM approach with a machine learning model, aiming to achieve
DFT like accuracy. For different bisligated and monoligated transition metal com-

nlexes stable simulations of 1 ns were produced, yielding a combined simulation
time of 195 ns. A significant acceleration of approximately a factor of 10* to
10° was estimated when comparing the DFT method to the machine learning
model. Therefore results could be yielded for the PteroPhos ligand, comprising 385
atoms, otherwise inaccessible at this level of theory. Exploration to new ligands
was shown by the transferability experiments and the free energy values obtained.
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