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The role of system dimensionality
Potential energy surfaces (PES)

Describe the energy of a system (molecule) in
terms of certain parameters (positions, bonds,
angles, etc). Binding

PES: U(Ry, R;)
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Potential energy surface (PES): what's good for?
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0 100 200 300 400 500 600 i
00104——t—a—t 1 11010 N y
g |Experimental spectrum Veg
£ 0005 Far-infrared spectra
§ ] V67 F0.05 40 4
Q0
= 0.000 Vs 5 I 301
1 L0.00 3 201
= 20 B97-1/6-311G(d,p) H 200 E 101
S | Bor- G-311G 1,? p) ¢ oo oe 2 I =
é 154 B9T-1/6-311G(dp) A ,5.:‘..‘..:.} L 150 g .
= &
3) -10 1
E
0 100 200 300 7400 500 600
Wavenumber /cm’
M.A. M.-Drumel et al., Phys. Chem. Chem. Phys. 16, 22062, (2014). Y. Ali, Sci. Rep. 10, 10995, (2020).
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Potential energy surface (PES)
“Original” energy function for molecules: Molecular mechanics (MM)
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Unon—bond

Ubond = Oscillations about the equilibrium bond length
Uangle = Oscillations of 3 atoms about an equilibrium bond angle
Udihedral = Torsional rotation of 4 atoms about a central bond

Unon—bond = Non-bonded energy terms (Lennard-Jones and electrostatics)
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Potential energy surface (PES)
“Original” energy function for molecules: Molecular mechanics (MM)

Analysis of the conformational sampling of B3 domain of Protein G (GB3)
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[ Conformations and energies highly depend on the chosen force field. ]

F. Martin-Garcia et al., PLoS One 10, 3, (2015).
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Potential energy surface (PES)
Hierarchies in atomistic modeling

methods
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J. Hoja et al., Sci. Data 8, 43, (2021).
J.S. Smith et al., Sci. Data 4, 170193, (2017).
J. Rezac et al., J. Chem. Theory Comput. 7, 8, (2011).
Z.M. Sparrow et al., J. Chem. Phys. 155, 184303, (2021).
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Potential energy surface (PES)

Hierarchies in atomistic modeling
methods —

QM datasets of small molecules
for PES prediction
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J. Rezac et al., J. Chem. Theory Comput. 7, 8, (2011).

Z.M. Sparrow et al., J. Chem. Phys. 155, 184303, (2021).
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QM dataset of small molecules
Molecular representations (3D geometric descriptors)

O Coulomb matrix O FCHL19 (previous FCHL18)
Two-body term:
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O Spectrum of London and Axilrod-Teller- O Neural Network representation (SchNet)

Muto potential (SLATM) > Distances are expanded with radial basis

functions,
er(r; — 1) = exp(—||dij — pxl*)

Two-body term: @ @ @ @
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K. Hansen et al., J. Chem. Theory Comput. 9, (2013). » Many-body atomic interactions.
W. Pronobis et al., J. Chem. Theory Comput. 14, (2018).
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QM dataset of small molecules
Molecular representations (3D geometric descriptors)

O Physicochemical properties 0 Atomic forces prediction (MD17 dataset)
Predicting
QM9
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= BAML X aSIATM  x« MTM @ SchNet
®HDAD ~ oSOAP  aMBD  oWavelets > Large degrees of freedom.
® ConstSize
\> Strong non-covalent interaction. /
O.A.von Lilenfeld et al., Nat. Rev. Chem. 4, 347, (2020).
F. Faber et al., J. Chem. Phys. 148, 241717, (2018).
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Problems to consider when studying large systems

Long range interactions Conformational sampling

» 60,082 molecular conformations (1673 unique
compositions). Elements: H, C, N, O, S, Cl, P, F.

» Structures containnig up to 92 atoms (54 non-
hydrogen/heavy atoms).

» ~43 QM properties: PBEO(tight)+many body
dispersion (MBD) with MPB implicit solvent

T T T T T T T T T

Atomization energy
vs MBD energy

I | I
3_
20 40 60 80 %
Number of atoms — 9l
a .
S —Ewmgp [eV]
o
(- . . N\
1+ > Representations must consider long
range terms (vdW, electrostatics).
QM7-X | | l | > Conformer identification is more
05~~"100 200 300 400 500 challenging by only considering energies.
E, [eV] \_ V.
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Problems to consider when studying large systems
Much larger and complex molecular systems

Protein
(secondary structure)

Binding
Pocket

Intramolecular Intermolecular Interaction with
interaction interaction chemical environment

Electrostatic, dispersion, Solvation

Electrostatic, chemical bonds o
polarization effects

M. Stohr and A. Tkatchenko, Sci. Adv. 5, 12, (2019).
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Methods for developing machine
learning force fields
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Method 1: Kernel ridge regression
Isomerization: Azobenzene reaction paths

Cis-azobenzene

Transition paths: reference data

Inversion

Trans-azobenzene

: 30+ 30 +
PBE+TS / Tight - _ e
o!'.’r.o IT) 20 + A' : ‘x\ ROfCIfion ITE) 20 - 'AI i ‘\x |nversion
FHI ga!bmgterials 6 ] O B " : A\ (_j ] O B " : 4‘
simulation package g A" ’ : \* g O "‘ : x
> W 0= 26.1 R L ) 27.4 s
- . -1
l-PI 10+, kclal mol .1 1 A .y -10+ . kclal moll | x\*
cis 51 94 137 trans Cls 154 184 214 trans
o
V. Vassilev-Galindo et al., . Chem. Phys. 154, 094119, (2021). ¢ (%)
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Method 1: Kernel ridge regression
Isomerization: Azobenzene reaction paths

Training/Testing scheme

» Training sets from 100 up to 1000 points.

» Subsets of size equal to five times the number of training points.

> b5-fold cross-validation on each subset.

» Used one fold for training and the rest for testing.

KRR procedures

sGDML GAP/SOAP
Global kernel-based Kernel-based with cut-off
Descriptor Descrlpltor .
- - Dynamic r—r;
Jp— _Dp.—1 <> ) symmetries P (r) = z exp [_ (Irl)
DU | |Rl R] | | _-‘ — Fluctional i IEX 202 fcut
g .-+ Statistical
J Kernel
Kernel N
T ! — !
K(x,x") = VxKE(x, x’)vx, K(p,p") j dR U-p(r)p (Rr)dr
S. Chmiela et al., Sci. Adv. 3, 1603015, (2017). A.P. Bartok et al., Phys. Rev. Lett. 104, 136403, (2010).
V. Vassilev-Galindo et al., . Chem. Phys. 154, 094119, (2021).
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Method 1: Kernel ridge regression
Isomerization: Azobenzene reaction paths

}P | ?; Inversion

Rotation
Predicting atomic forces E SGDML [1/r]
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( A single descriptor is not able to optimally resolve all different states on a PES, ]

V. Vassilev-Galindo et al., . Chem. Phys. 154, 094119, (2021).
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Method 2: First neural network architectures
SchNetPack: end-to-end NN with cut-off

> Distances are expanded with radial basis (21, Zn) (r1. 1) (x1 .- x) (nv--l-m (hoxh) (. h)
functions,

er(r; —rj) = exp(—v||dij — pxll?)
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Method 2: First neural network architectures
ANI potentials

» Heavily modified Behler-

] w— 419293 : .
Parrinello symmetry functions.
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PyTorch library.
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J.S. Smith et al., Chem. Sci. 8, 3192, (2017).
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Method 3: Recent Physics-inspired NN potentials

Scalable and accurate ML force field

SpookyNet: It models electronic degrees of freedom and non-local interactions using
attention in a transformer architecture.

: : fir 7 " ;
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|
I basis functions I l I nuclear embedding I l v
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Repulsive energy

O.T. Unke et al.,, Nat. Commun. 12, 7273, (2021).
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Method 3: Recent Physics-inspired NN potentials

Scalable and accurate ML force field

SpookyNet: It models electronic degrees of freedom and non-local interactions using
attention in a transformer architecture.

e o o o o o o o o e

FI.;,F\} Q }Z,;.Z‘\} 9 Q-i,.-lf., xl'
I basis functions I l I nuclear embedding I l v
T I I residual |
: | charge embedding I + | spin embedding I y v %
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) > < y
X” : 1 + n
4}[ module 1 Iy—
v x'" y | residual I
—' yxr [ —
—X | | | resxduail MLP |
f ¢—+) ' ‘
R - o - o o o o O O S O S — ~
SpookyNet model: QM7-X dataset /"  Reference SpookyNet  SchNet \
« Training set: ~4 M of equilibrium and non- ' o \:‘ ‘\:‘
equilibrium molecules up to 23 atoms. : £ L
5 . : ‘-..... ‘
- Level of theory: PBEO+MBD. - ‘1%{:‘ ‘2;5‘ .
| RMSD 0.125 A RMSD 7.700 A
« Features: 128. : i}
@)
« Cut-off =5.29 A. I g
| -
« Model parameters: 3 630 142, 1=
\ (i
O.T. Unke et al., Nat. Commun. 12, 7273, (2021). D L A e A
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Method 3: Recent Physics-inspired NN potentials

Scalable and accurate ML force field
O Four molecules: 30, 40, 50, and 60 atoms.

O References geometries optimized at PBEO(tight)+MBD.

C11H15N3O C18H15N3O3S

SpookyNet model
(~4 M, int 6, 128 features,
cut-off = 5.29 A)

RMSD = 0.045 A RMSD =0.322 A

TorchMD-Net model:
Trained on only energies

and forces e
(~3.2 M, cut-off = 5.29 A) 4 b
RMSD =0.131 A

P. Tholke and G. De Fabiritiis, (2022). arXiv:2202.02541
O.T. Unke et al., Nat. Commun. 12, 7273, (2021).
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RMSD = 0.587 A RMSD = 0.558 A

/ Other alternatives:

13, 2453, (2022)).
> Allegro (A. Musaelian et al., (2022).

\ arXiv:2204.05249).

~N

» NequlP (S. Batzner et al., Nat. Commun.

J
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Method 4: Hybrid ML/Molecular-Mechanics potentials
Binding free energy calculations

Uninymm (Xp, X1) =

Uuam (Xp, X1) - Uy (X)) + Uy, (X1)

Protein
(secondan

Binding
Pocket

D.M. Rufa et al., (2020). bioRxiv: 2020.07.29.227959.
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Method 4: Hybrid ML/Molecular-Mechanics potentials
Binding free energy calculations

MM: openFF (+solvent)
Uninymm (Xp, X1) =

7
vacuum 6
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Method 4: Hybrid ML/Molecular-Mechanics potentials
BuRNN: Buffer region NN for polarizable embedding

— . _ ... Features:
‘7,{‘\.\\(k—-\7\ /’<\ . .
TR RN L > Predict the difference between two QM
1 S ._V‘\‘/\ =7 1 -‘ \ H
'I‘A" \\ \j /‘\ \fL :\ ?_C \—’ reglonS.
N = W . . .
Yy \:‘%(;"5, = > Polarizable embedding of buffer region
N AN ] )
-y ST ~ (xS at full QM level.
N \ \’\ U°r Ve
L k\‘\,’\ ¥ R Yo
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\ iron L, T QMMMEE)
\ +
V — M _ VQM + VMM + VMM g \ [Fe(H20e]
tot = Vi+m B B (I+B+0) S\
g 00—
- NN MM
Z Vs T Veio
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|O-H-H-Fe improper| [°]

~—— BuRNN

OM )M
/N ==+ MM only
,’/'\ — - QM/MM(EE)

7/

Vtot -

Density

0.1 0.15 0.2 0.25 0.3
Fe-O distance [nm]

B. Lier et al., J. Phys. Chem. Lett. 13, 3812, (2022).
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Method 4: Hybrid ML/Molecular-Mechanics potentials
System specific MD simulations with HDNNP

QO Challenges Loss functions: N
. . . 1 .
« Long range interactions (electrostatic, vdW) = Z (E, — E)?
* Large phase space b R
- Long time scales , o _ e
Q Approach Chab Rk 2 X (-E, +E) oy
PP SNaw T e 3N
« Symmetry functions as in ANI-x models | Ny 3 |
. . . | = \7)
* A-learning scheme with DFTB as baseline | Z Z (-E, + E,)"|
! i a |
° e
Molecules in water
Transition state of S- adenosylmethionate
Retionic acid (SAM) with cytosine
Ay qwmwrf
O HaNT N NN
700— . . . . . N=/ @ OH
600 /. il : g(-;freBrence_ 500
=500} Jl‘ '. | — DFTB4ML | ' —_— Reference
T Ll [P T *. ‘ 400 — DFTB
_s400} | il | ‘ |‘. /SR \ A — D B+ML
i 1l I o LU [ sy fl N o £ 300} o
+ 300+ \ W Iy - zl [v' ‘V% l‘ y
l452’200— 4 & 2008 ' ]
100} . % roor v
0 0 10I00 20IOO ) 30l00 40100 SOIOO T |
Integration Step —-100f | | 1 1 | | | 1 L
L. Boselt et al., J. Chem. Theory Comput. 17, 2641, (2021). O B0 0 Tegmtonstep . o0 170 2000
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Method 5: Hybrid ML/Quantum-Mechanics potentials
Density functional tight-binding (DFTB) method
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Summary

Increasing the system dimensionality
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