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Machine Learning for Simulations @ IF )

Atomistic simulations
Nuclear quantum effects

Force fields learning

(Development)

Metal clusters’
Physics Battery physics

Propagator learning Electronic structure

Dynamical processes ML and Quantum Monte Carlo

(Nuclear and electronic) (First and second quantization)
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Machine learning: Time series

Physical
Property, X

For example using LSTM:

® ®

@ ........... e T\ (x & A\

Iy T
@Tp .......... @la i§

Propagator learning

Dynamical processes

(Nuclear and electronic)

Distance [A]

Machine Learning

dC—H |

Simulation supercell

for Simulations @ iFj

~11fs H

20 fs

Band gap time evolution

Mach. Learn.: Sci. Technol. 3, 025011 (2022)

2.2{(3) 64 StepS

Ab initio
Bi-LSTM
iFFT
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J. Phys. Chem. Lett. 14, 7092 (2023)
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Machine Learning

Learning force fields

HY = VoW —F = (U*|0H /0x|V) |



The problem...

Limitations of ab initio molecular dynamics



Predictive simulations: Energies and forces

INItIo Force Flelds

‘ - 0:‘# o~ O jf
. Reactions
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Chem. Rev. 121, 10142-10186 (2021)



Predictive simulations: Energies and forces

HY = EW
> £6 JJ
O R o1 1 D R — gold standar
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-
O ~ sec -> hours
< ~ hours/days
® DFT
® Hartree-Fock
‘Atomistici
MM
SR ON) o) o O O(NY)

Computational cost



Predictive simulations: U — BT

initio + Molecular dynamics

ML
Converged thermodynamics: ~ 10% « O(N?)
2 ~10s/s.p.c. p ~100 days
NH,
NO,
& 2%
29D

Molecule + 2D material



ML in physics and chemistry...
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Molecular dynamics (MD)
simulations

MD trajectory of

fullerene Cog L

N Nat. Commun., 9, 3887 (2018)
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Graph Neural
Networks

Message exchange

(5)
V3

vt = update(s)(vj(.s), aggregate®({v\;i € .#;}))




Graph Neural

Networks . »
V](.S'I'l) — update*’( V](.S), aggregate"’( {VES);i e N j})j
Graph Convolutional Networks, Wk — 5 [ w® Z h,

Kipf and Welling [2016] : - VIN(@)[IV(v)

veEN (u)L {u

Multi-Layer-Perceptron as my,) =/MLP, Z MLP,(h,)
Aggregator, Zaheer et al. [2017] trainable! \ .. N (a2}
Graph Attention Networks, M/, = ., . h, — exp (a :wl’n,, 5 Wh,)
Velickovié et al. [2017] ' | - T 2veN(w) &P (aT [Wh, & Wh,/])
veN (u) Attention weights
: 1 Y - (e |
Gated Graph Neural Networks, hE,A) s (’Rb(hE,A 1) m.(\-()”)) Recurrent update of the state

Li et al. [2015]
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SchNet: A continuous-filter convolutional neural
network for modeling quantum interactions Continuous filter
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| . rbf, 300
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| | atom-wise, 32 | : SR TE
shifted softplus I
[ I dense, 64
R wi I
‘ shifted SOﬂplUS ‘ atom-wise, 64 shifted softplus

(vi,...v)
interaction

l

atom-wise, 1 |

l

sum pooling ‘

Energy Learning

L

NeurlPS 30, pp. 992 (2017)
E J. Chem. Phys. 148, 241722 (2018)



SchNet: A continuous-filter convolutional neural
network for modeling quantum interactions Continuous filter

(Zl, : I : Zn) (I’l, C e l’n)

embedding, 64 atom positions R

energy £

Natom )

| interaction, 64 | (x = W)(ri) = j; %o WO(r — 1)

neural network

| interaction, 64

Feature generator

| interaction, 64

Interaction 1

NeurlPS 30, pp. 992 (2017)
J. Chem. Phys. 148, 241722 (2018)



SchNet: A continuous-filter convolutional neural
network for modeling quantum interactions Continuous filter

(Zl, : I : Zn) (I’l, C e l’n)

embedding, 64 atom positions R

energy £

Natom t) (t)
(xx W)(r;) = Zl xj o W (rj — rjz
J:

N

neural network

Feature generator

| interaction, 64

Interaction 2

NeurlPS 30, pp. 992 (2017)
J. Chem. Phys. 148, 241722 (2018)



SchNet: A continuous-filter convolutional neural
network for modeling quantum interactions Continuous filter

(Zl, C e Zn) (I’l, C e l’n)

‘ embedding, 64 \

energy £

atom positions R

Natom
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| interaction, 64 |
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neural network

Feature generator

| interaction, 64 |

Interaction 3
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J. Chem. Phys. 148, 241722 (2018)



SchNet: A continuous-filter convolutional neural
network for modeling quantum interactions

embedding, 64

interaction, 64
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: T

| |
\ interaction, 64

Feature generator
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J. Chem. Phys. 148, 241722 (2018)
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SpookyNet: Learning force fields with electronic
degrees of freedom and nonlocal effects
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Unke et al.
Nature Communications (2021) 12, 7273.



SpookyNet
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SpookyNet
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SpookyNet
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SpookyNet
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Machine Learning

Learning force fields

HY = VoW —F = (U*|0H /0x|V) |



Kernel ridge regression

a1K(x, x1)

I a2K(Xl XZ)
- a3K(XI X3)
—— Q4K(Xx, X4)

_ a5K(XI X5)

N
— 0= 2 aK(x,x)

Chem. Rev. 121 (16), 10142 (2021)



Kernel ridge regression
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Sci. Adv. 3, 1603015 (2017)



The GDML framework

M
GDML fr(Z) = Y (di- V)Vk(D(&), D(&;))
i=1 Sci. Adv. 3, 1603015 (2017)
M
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=1 Per Nat. Commun., 9, 3887 (2018)
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=1 TcTPeF Nat. Commun. 13 (1), 3733 (2022)
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Path integral molecular dynamics

Formulation



Nuclear Quantum Effects

Protons/hydrogen atoms NQE NQE beyond hydrogen atoms

- - \ 4: Interactions enhancement
3: Spectroscopy

| Phys. Chem. Chem. Phys. 2015, 17, 14355-14359.

Classical
dynamics

| J. Am. Chem. Soc. 2019, 141, 2526— 2534

2: Enzyme proton networks

Interaction energy

dynamics

Interfragment distance

Sci. Adv. 3, e1603015 (2017)

Nat. Commun., 9, 3887 (2018)

J. Chem. Phys. 150 (11), 114102 (2019)

| J. Chem. Phys. 153 (12), 124109 (2020)

Nat. Commun., 12, 442 (2021)

Proc. Natl. Acad. Sci., 111 (52), 18454-18459 (2014)



Ring Polymer Molecular Dynamics: Summary

o) 2
P 1 2 2
H = p_ + U(x) H = Z - + Emmp(xl 1 — X))+ FU(XZ) [p—
2m =1
X150 X6}
U(x) X U(x)
o of;:,:? \/P
a)P —
ph
Classical .
varticle Ring polymer

Classical simulation provides
guantum results

Chem. Rev. 121 (16), 10142 (2021)



Nuclear Quantum Effects

Molecular bond delocalization during MD simulations

e Classical MD —  PIMD

= = =
o oo o N ~
1 1 1 1

histogram[a

N
]

o

1.25 1.30 1.35 1.40 1.45 1.50 1.55 1.60 1.65

o

Distance C+-C2 [A]

Quantum interatomic dilation

HES et al. Nat. Commun., 12, 442 (2021)
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Nuclear Quantum Effects

Molecular bond delocalization during MD simulations

e Classical MD —  PIMD

= = =
o oo o N ~
| | | |

histogram[a

N
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Quantum interatomic dilation

HES, V. Vassilev-Galindo, S. Chmiela, K.-R. Muller, A. Tkatchenko Nat. Commun., 12, 442 (2021)



Nuclear Quantum Effects: van der Waals interaction

cAB 3n 2 b="7/3
@ _ - ’ CLP = —J a,(io)ag(io)dw ’ m -
vdW T - Fedorov et al.

PRL 121, 183401, (2018)

Quantum interatomic dilation

HES et al. Nat. Commun., 12, 442 (2021)
HES et al. Nat. Commun., 13, 3733 (2022)
Chmiela et al. Sci. Adv. 9, eadf0873 (2023)



Nuclear Quantum Effects:

van der Waals interaction

Benzene dimer
non-covalent interaction

Interaction Energy
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HES et al. Nat. Commun., 12, 442 (2021)
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Nat. Commun., 13, 3733 (2022)
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Dynamics of the system
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Interactions enhancement
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