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Force Fields in Classical Molecular Dynamics

e C(Classical molecular simulation is
ubiquitous across chemical physics.

e Itis well established that classical
methods overfit to the experimental
data the force field is trained on.

e From statistical mechanics, we know
that we can recover all
thermodynamic properties of a
system if we know both the structure
and potential energy.

Poor Structure Prediction in Napthalene
Headen, 2019 Phys. Chem. Chem. Phys.
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Force Fields in Classical Molecular Dynamics

Poor Structure Prediction in Napthalene
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What is preventing classical molecular models
from simultaneously predicting structural and
thermodynamic properties?

e ltis well established that classical

thermodynamic properties of a =
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Assumptions in classical force fields limit their accuracy

Pairwise Additive
Approximation




Assumptions in classical force fields limit their accuracy

Pairwise Additive
Approximation

Effective pair
potentials are fit
to empirical forms

Mie Intermolecular Potential
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Assumptions in classical force fields limit their accuracy
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Can we model the potential energy and structure
“accurately enough” to recover fluid
thermodynamics from a purely classical model?
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The Henderson Inverse Theorem and lterative Boltzmann Inversion

Henderson’s Theorem

If two systems are described by a pairwise additive Hamiltonian and have the same RDF,
then their pair interaction term differs at most by a trivial constant.




The Henderson Inverse Theorem and lterative Boltzmann Inversion

Henderson’s Theorem

If two systems are described by a pairwise additive Hamiltonian and have the same RDF,
then their pair interaction term differs at most by a trivial constant.

Neutron Scattering Analysis
Soper, 1996 Chem. Phys.
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The Henderson Inverse Theorem and lterative Boltzmann Inversion

Henderson’s Theorem

If two systems are described by a pairwise additive Hamiltonian and have the same RDF,
then their pair interaction term differs at most by a trivial constant.

Neutron Scattering Analysis Coarse-Graining with lterative
Soper, 1996 Chem. Phys. Boltzmann Inversion
Moore, 2014 J. Chem. Phys.
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The Henderson Inverse Theorem and lterative Boltzmann Inversion

Henderson’s Theorem

If two systems are described by a pairwise additive Hamiltonian and have the same RDF,
then their pair interaction term differs at most by a trivial constant.

Neutron scattering analysis methods (EPSR) and
Iterative Boltzmann Inversion have not been
shown to give accurate potentials in real fluids. |

" e
‘ i = 06| 1 = 60 |-
0.4 1 I
2r 7] > —100 |
900(r) 0.2} . _igal
r frir =0.9946

0.0

ot . R 0 5 10 15 20 s 10 1
0 2 4 6 8 10 I’(A)

10



Structure Optimized Potential Refinement - A Physics-Guided,
Probabilistic Iterative Boltzmann Inversion

Probabilistic Regression w/ GPs
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Structure Optimized Potential Refinement
B. L. Shanks 2022, J. Phys. Chem. Lett.
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Structure Optimized Potential Refinement - A Physics-Guided,
Probabilistic Iterative Boltzmann Inversion

Probabilistic Regression w/ GPs GPs promote functional stability
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B. L. Shanks 2022, J. Phys. Chem. Lett. 12



Structure Optimized Potential Refinement - A Physics-Guided,
Probabilistic Iterative Boltzmann Inversion

Probabilistic Regression w/ GPs GPs promote functional stability
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The Gaussian process is a physics-guided,

| probabilistic regression model that prevents |5
*  overfitting and promotes functional stability.  }_
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Noble Gas Force Fields from Scattering Data

Radial Distribution Functions and Vapor Liquid Equilibrium Match with Excellent Agreement

4
3271 (a) Ne-42K (c) Kr-199K 3271 70 300 ]
N 3.0 1 Y ; . o
34 | ; 39 1 Neon
%1 3] 7 250 -
N 2.0 1 2 = LE - 0 400 800 1200
Q 15/ ¥ 200 A S
o ~ %
A
1.0 1 b 14 ,
= 150 AA
0.5 4 —— Experiment —— Experiment A
I Reference vs(r) o e Reference vx(r) AA —— Experiment (NIST)
’ -©- Structure-Optimized vi"(r) -©- Structure-Optimized vi"(r) 100 & A+ (n-6) Mie (Table I1)
-0.5 T T T T T T T T T T T T T T T T
3 4 ) 6 7 8 9 10 4 5 6 o, 8 9 10 2000 3000 4000
p (kg - m3)
4
3.4 4
(d) Xe-274K 4 A
" 3.0
34 s 261 11
PG 212 & . 31 o4 Neon
1.5 M = 1 . .
24 = = S, 0.020 0.027 0.034
39 41 43 45 8 )
S o oe0e0ss: £
14 S8geeeeeoeoT T T T T TTTE TS 14
—— Experiment y —— Experiment
o . Reference v,(r) o Reference vy(r) 0
-©- Structure-Optimized v{"(r) -@- Structure-Optimized vi"(r) Xenon Krypton Argon
4 5 6 7 8 9 10 4 5 6 7 3 9 10 0.004 0.006 0.008 0.010 0.012 0.014

r(R) r(R) 1/T (1/K)



Noble Gas Force Fields from Scattering Data

Radial Distribution Functions and Vapor Liquid Equilibrium Match with Excellent Agreement
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SOPR is the first method demonstrated to extract
transferable potentials from experimental
scattering data in real fluids!
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Current and Future Work - Extending SOPR Beyond Simple Liquids

Excellent RDF + VLE Agreement for Water, Benzene and Methane
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Summary and Key Takeaways

SOPR is the first validated method to determine
transferable potentials from experimental scattering data.

Excellent performance on structure and vapor-equilibria in
single atom and molecular liquids.

Probabilistic machine learning techniques continue to
shine for complex and indeterministic physical modeling.

17



