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MOTIVATION
We aimed to improve the machine-
learned molecular mechanics (MM) 
force field Grappa [1] for simulations of 
RNA structures, as part of a wider 
effort to create a highly accurate and 
generalizable force field tool that can 
parametrize any molecule with useful 
accuracy. This is particularly relevant 
for multicomponent biomolecular 
simulations that include RNA. 
Additionally, while protein folding 
predictions have become quite 
reliable, there is still need for 
improvement for RNA. As we advance 
RNA therapeutics and build more and 
more complex RNA nanostructures 
[2,3], reliable folding predictions 
become highly desirable, for which MM 
is a useful tool with the right force field.

METHODOLOGY
Grappa is a machine-learned force 
field that predicts the MM parameters 
kij, kijk, kijkl, rij0, and θijk0  (Eq.1) from 
molecular graphs created during 
inference from molecular topologies. 
It is trained on quantum-mechanical 
(QM) calculations of energies and 
forces in biomolecules.

Eq.1: Total potential energy of bonded 
interactions in a molecule in MM

We compare Grappa's performance 
to the widely used classical force 
field Amber ff99bsc0-χOL3 (OL3) [4] 
in simulations of three RNA 
tetraloops:

CONCLUSION

Including dihedral phase angle as a 
trainable parameter and changing the 
loss-function to penalize large 
deviations in equilibrium angles 
substantially improved Grappa's 
performance on RNA. We plan to 
continue to refine these models 
towards a generalizable machine-
learned force field.
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BENCHMARKING
All three structures were simulated for 10 µs (5 replicates each) with both Grappa and OL3, and the presence of characteristic hydrogen 
bonds at each frame was analyzed. Grappa generally failed at structure retention:

IMPROVEMENT STRATEGY
Since OL3 was developed for RNA from a protein-based force field through tuning specific dihedral parameters  (α, 
γ, χ), we looked at the dihedral energy functions predicted by Grappa (in Eq.1, third line). A mismatch was seen 
between Grappa and OL3 dihedral energy function shapes for, importantly, χ; as well as others (graphed in the next 
section). To alleviate the mismatch, we tried changing the phase shift (δ in Eq.1) into a learned ML model parameter 
(Grappa-PS), introducing a loss function term that would punish straying away from experimental θijk(0) values 
(Grappa-Angle), and including the fourth periodicity (n=4)  as a parameter in the dihedral function (Grappa-n4).

RNA torsions labeled. 
Illustration adapted from [5]

RESULTS
The retrained Grappa-PS (phase shift) model performs better than Grappa 1.4.0 (published model)  in retaining native states over 1 μs, and 
has varying accuracy across tetraloops (right). Grappa-Angle performs similarly, with more unfolding events seen in the UUCG tetraloop but 
longer retention of structure in GAGA and GAAA. Grappa-n4 performs marginally better than Grappa-1.4.0. Due to time constraints, only the 
performance of Grappa-PS was characterized in detail.

Grappa-PS has a lower RMSE when evaluated on the novel RNA-trinucleotide 
dataset:

Grappa-PS keeps the protein ubiquitin stable:

The dihedral potential energy curves of Grappa-PS fit the 
QM-based OL3 dihedral energy curves marginally better 
than Grappa-1.4.0, based on Grappa to OL3 RMSD:


