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In Short

• Understanding protein dynamics is an important
component of biomedical research and allows us
to study the biochemistry of underlying diseases

• While Molecular Dynamics is a valuable compu-
tational tool for such a purpose, it is expensive to
use for the simulation of large protein systems

• We have developed coarse-grained (CG) models
for simulating protein dynamics using state-of-the-
art machine learning tools such as graph neural
networks

• This project aims to expand the scope of our mod-
els to establish Machine-Learned Coarse Graining
(MLCG) as a standard tool for biomolecular simu-
lation

Biological functions are driven by the complex molec-
ular interactions between proteins. As a conse-
quence, characterizing both the structure of these
macromolecules as well as their conformational
changes over time is important for understanding
higher-order processes. Molecular dynamics (MD)
is an invaluable tool for characterizing protein dynam-
ics; unlike experimental techniques, such as X-ray
crystallography, or even other computational meth-
ods, such as generative AI models like AlphaFold [1],
MD is able to move beyond the static view of proteins
to provide the link between dynamics and function.
By exploring the conformational landscape produced
by an MD simulation, we can derive the functional
mechanisms of these proteins, an essential step in
the understanding of diseases or the development
of novel therapeutics.

However, while MD yields the complete dynam-
ics of a protein at the atomistic resolution, model-
ing at such a high level of detail, including explicit
water and ion molecules, becomes prohibitively ex-
pensive in the study of most biologically relevant
length- and time-scales. To circumvent the limita-
tions of atomistic MD, it is thus necessary to develop
lower resolution models that preserve the essential
degrees of freedom of our systems of interest while
“integrating out" finer details. A successful coarse-
grained (CG) model should reproduce either experi-
mental observables (in a top-down approach) or the

results obtained with fine-grained models (bottom-
up). Bottom-up approaches involve matching the
thermodynamic properties of the CG model to its
atomistic reference.

By leveraging state-of-the-art machine learning
approaches, we have shown that it is possible to
develop fast and accurate CG models that accu-
rately reproduce the thermodynamics of the under-
lying system. Our initial model, CGNet [2], accu-
rately modeled protein folding/unfolding through its
increased expressivity compared to CG models with
a fixed functional form. We have successfully applied
this approach with different network architectures
such as CG-Schnet [3], where we first demonstrate
the possibility of creating a transferable CG effec-
tive energy with a deep learning approach. Finally,
we have demonstrated that a “universal” machine-
learned coarse-grained (MLCG) protein model can
be learned from atomistic simulations of proteins
with diverse sequences [4], as outlined in Fig. 1.

Figure 1: The employed coarse graining procedure and learning
problem. The CG protein force field is built from a diverse dataset
of all-atom simulations, a chosen CG resolution, and a set of
basic physical prior energy terms (bonds, angles, dihedrals, and
purely repulsive interactions).

Our proof-of-principle sequence-transferable
MLCG model shows promise for the development of
highly accurate and fast simulations of biomolecular
systems. As depicted in Fig. 2a,b, it can be used to
accurately simulate proteins with very low sequence
similarity to the ones in the training dataset. In
addition to its accuracy, we observe a speed-up
of several orders of magnitude with respect to the
corresponding atomistic simulations.

In the last project period, we have continued to
develop and improve our MLCG model: in particular,
we have significantly increased the size and com-
plexity of our training dataset and incorporated long-
range interactions with a novel architecture [5]. Our
enhanced model is able to stabilize the folded state
of an essential complex in immune recognition, simu-
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Figure 2: Performance of the recently developed transferable machine learned CG model [4] on three proteins outside of the training
and validation sets. On the left, we show free energy landscapes and corresponding structural ensembles of (a) 97-residue protein
S6 and (b) 55-residue SH3 domain; structures obtained with the CG model are taken from different metastable states (orange) and
compared to the crystal structure (grey) for S6 and SH3. On the right, we compare differences in stability upon mutation, ∆∆G
values estimated from MLCG to reference experimental ∆∆G at 298K.

late the folding upon binding of a disordered peptide
to its binding partner, and provide experimentally
consistent predictions of the effects of single point
mutations on protein stability, as shown if Fig. 2c.
Additionally, our MLCG library has been released to
the public, and can be found at: (https://github.
com/ClementiGroup/mlcg along with MLCG-tk,
our data preparation pipeline: (https://github.com/
ClementiGroup/mlcg-tk.

In light of these developments, we will continue
to optimize and extend our model on all fronts, and
establish MLCG as a standard tool in the field of
biomolecular simulations. This will involve incor-
porating new architectures in our training pipeline,
improving the conformational variability of our train-
ing dataset, and testing our model on challenging
biomolecular targets, such as intrinsically disordered
proteins (IDPs).

Each task requires significant computational re-
sources and is only possible on high-performance
computing clusters, particularly the high-capacity
GPUs available in the HLRN. By implementing these
changes, we will improve our model’s ability to ex-
trapolate to unseen targets and demonstrate its ro-
bustness in producing experimentally verifiable mod-
els of protein dynamics.

We believe that the MLCG approach can revolu-
tionize molecular simulation, by allowing us to reach
time- and length-scales that have not been studied
with our level of accuracy. Our model will have excit-
ing implications in biomedical research.
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