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ABSTRACT 

Molecular simulation is a particularly efficient and reliable means for the elucidation of mo-
lecular mechanisms that underlie materials macroscopic behaviour, the design of new materials and 
the prediction of their properties. The wide length- and time scale phenomena that are present in 
complex chemical systems necessitate the development and implementation of hierarchical mul-
tiscale schemes.  Coarse-Graining (CG) is, in many cases, at the core of multiscale methods. With 
the increasing advancements of Artificial Intelligence (AI) in materials science, and in particular of 
Machine Learning (ML) techniques, the possible synergies between these methods and molecular 
modelling and simulation are currently explored, towards the development of more generalizable 
and accurate multiscale simulation schemes[1]. ML techniques have been investigated in the recent 
years for the development of improved atomistic force fields based on quantum mechanical calcu-
lations[2]. However, the integration of ML methods into the development of CG force fields required 
for hierarchical multiscale modelling schemes for bulk fluids and complex chemical systems, , on the 
basis of atomistic simulations, is still very scarce[3].  

In this work[4], neural network-based models capable of learning complex potential energy 
hypersurfaces and many-body interactions are utilized for the approximation of the CG potentials 
of mean force (PMFs), replacing predefined analytical functionals. Graph Convolutional Neural Net-
works architectures are adopted[5,6] to develop CG Machine Learned potentials, implementing and 
optimizing a scheme[7] that includes a force-matching procedure[8]. The obtained models are used 
to perform CG Molecular Dynamics simulations and the structural and thermodynamic properties 
of the CG systems are systematically compared with the underlying atomistic reference to quantify 
the effectiveness of the developed models. The effects of hyperparameters, loss function construc-
tion and GCNN architecture size were thoroughly investigated, providing a wealth of information 
that can serve as a general basis for the reliable use of ML-based CG approaches in the wide field of 
bulk soft matter systems. 
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