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Where deep learning could help?

d = LP(dPY) = qs(wp AP+ bp>

Composition of analytical and nonlinear functions; Approximator for High-D functions.
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Multi-scale Molecular Modeling

A few examples:

@ ab initio molecular dynamics (MD):
quantum mechanics (QM) to MD, potential energy surface (PES);

@ Coarse-grained (CG) MD:
atoms to CG “particles”, free energy surface (FES)/CG potential;

@ enhanced sampling/phase transition:
atoms to fewer collective variables (CVs), FES.
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Accuracy v.s. efficiency dilemma

PES as an example:

E=E(ry,..,r...TN).

@ First principle: accurate but very expensive.
For example KS-DFT, ~ 10? atoms:

E = (Vo] H|Wy),

@ Empirical potentials: fast but limited accuracy.
For example Lennard-Jones potential

1 o
E=33 Vi Vi=4()" ()]
i#] Y Y

Lennard-Jones, J. E. (1924), Proc. R. Soc. Lond. A, 106 (738): 463477
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Two important aspects

Deep learning could help for a classical of problems in multi-scale
molecular modeling.

@ deep learning model f%;
o dataset D;

@ definition of [ and optimization algorithm.

Linfeng Zhang (PU) DL for MMM June 2019
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Requirement for a reliable PES model

@ accuracy (e.g. uniform);
o efficiency (e.g. linear scaling);
@ physical constraint (e.g. extensivity, symmetry);

@ no human intervention/ end-to-end.
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Typical construction

E =) Ei, Ei = Ey;(ri{r;}iena), N()={j:ri = |rij] <rc}

R, {R;} {D,;} Hidden layers E;

R, {Ry} {D,} Hidden layers Ey, - (X .

R; {R;} {D;} Hidden layers E; ]
R;; D;
RiZ Di Ei
R; D

Ei(ri,{rj}jen(i)) represented by fully connected NNs with symmetrized
inputs.

Behler, J., Parrinello, M. (2007). Phys. Rev. Lett., 98(14), 146401.
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Descriptors: Local coordinates

D;; = {1/Ry;}
or

Dij = {1/Rij, wi; /RS, yij / RY, 215/ R}

Han, et.al., CiCP, 23, 629 (2018). Zhang, et.al., PRL, 120, 143001 (2018)
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Descriptors: a smooth descriptor by DNN

Key: complete and adaptive.
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Various systems with the same principle

(a) small molecules (b) MoS>2 + Pt (c) CoCrFeMnNi HEA
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Different thermodynamic conditions

@ The path integral water structures (ambient cond.)
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Zhang et.al. Phys.Rev.Lett 120 143001 (2018)
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Extension to coarse-graining

km—v % Die={z;

Ry,

z D”:{ 1 Zij

Yij  Zij

9 R2 9 R2 v R2
Ri;> B2 R RZ

Zhang et.al. J. Chem. Phys., 149, 034101 (2018)
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Extension to electronic information

{ (T )}—man Ug| = mlnz )n)

N -
(a) local frame Dj Wi (b)WFC in local frame
e

atom j

ato

Dy = {1/Ry, xi/R}, Ui (wFciniab frame
YE//RS,ZU/R:‘;} i Wi— UiWi + Ri
Y

Nicola Marzari and David Vanderbilt. Phys. Rev. B 56.20 (1997): 12847.
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Extension to electronic information
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Left: Pair coorelation functions of ionic and MWLF center positions and disctribution of magnitude of molecular dipole.
Right: Infra-red spectrum calculated from 500 ps microcanonical DPMD simulation of 512 water molecules at T° = 300K.

L. Zhang, et al., in preparation.
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Extension to nonadiabatic excited state dynamics

TIHE JOURNAL OF

PHYSICAL CHEMISTRY
L e tte rS @ Cite This: J. Phys. Chem. Lett. 2018, 9, 67026708 pubs.acs.org/JPCL

Deep Learning for Nonadiabatic Excited-State Dynamics
Wen-Kai Chen,” Xiang-Yang Liu,” Wei-Hai Fang,"® Pavlo O. Dral,*® and Ganglong Cui*"

"Key Laboratory of Theoretical and Computational Photochemistry, Ministry of Education, College of Chemistry, Beijing Normal
University, Beijing 100875, China
*Max-Planck-Institut fiir Kohlenforschung, Kaiser-Wilhelm-Platz 1, 45470 Miilheim an der Ruhr, Germany

© Supporting Information

ABSTRACT: In this work we show that deep learning (DL) can be used for Machine Learning vs. Ab Initio
explonng complex and highly nonlinear mulmme potential energy surfaces of Nonadiabatic Dynamics
les and related di ics. Our DL is based on
deep neural networks (DNNG), which are used as accurate representations of the
CASSCF ground- and excited-state potential energy surfaces (PESs) of CH,NH.
After geometries near conical intersection are included in the training set, the
DNN models accurately reproduce excited-state topological structures; photo-
isomerization paths; and, importantly, conical intersections. We have also
demonstrated that the results from nonadiabatic dynamics run with the DNN
models are very close to those from the dynamics run with the pure ab initio
method. The present work should encourage further studies of using machine ~ h g
learning methods to explore excited-state potential energy surfaces and
diabatic d ics of pol i lecull

energy

Chen, Wen-Kai, et al. J. P. C. Lett. 9.23 (2018): 6702-6708.
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Combined with metadynamics

T T
1700K - - - - 1800K — - ~1900K — — —

T
14 [ \« 1600K

FES [k)/mol/atom]
o
T

L. Bonati and M. Parrinello, Phys. Rev. Lett. 121, 265701
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Extension to T-dependent free energy
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Extension to T-dependent free energy

Left: Radial distribution functions (RDFs); Right: Rankine-Hugoniot
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Deep Potential: MD scalability
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Open source software DeePMD-kit

& GitHub, Inc. [US] | https:/github.com/deepmodeling/deepmd-kit

Data DeePMD-kit
Generator Data | Train/Test Table of contents
DFT, AIMD, QMC, ... o « Install DeePMD-kit
a o Install tensorflow's Python interface
( DeePMD-kit ) _oﬂ" o Install tensorflow's C++ interface
MD support o o Install xdrfile
pp f o Install DeePMD-kit
MD Interface Model g, o Install Lammps' DeePMD-kit module
=4 * Use DeePMD-kit
- 2 ° P,epare ceta
® o Train a model
) I g o Freeze the model
o Run MD with Lammps
TensorFlow lib DeePMD-kit lib o Run path-integral MD with i-PI
standard Tensor OP < descript OP, force OP, © Run MD with native code
& Compt. Graph & virial OP « Code structure
+ License

@ TensorFlow: efficient network operators

o LAMMPS, i-PI; MPI/GPU support.
Free download from https://github.com/deepmodeling/deepmd-kit
Comp.Phys.Comm., 0010-4655 (2018).
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© Deep Potential Generator (DP-GEN)
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Two important aspects, revisited

@ deep learning model f%;
o dataset D;

o definition of [ and optimization algorithm.
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Active learning: the DP-GEN scheme
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DP-GEN: test of Al
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DP-GEN: tests based on Materials Project

https://materialsproject.org/#search/materials/{"nelements" %3A2%2C"elements" %3A"Al-Mg"}

Explore Materials lvanced Search Syntax
1 H Q by Elements ~& Al-Mg search | ZHe
3 4 5 6 7 8 9 10
Li Be B C N O F Ne
n 12 3 14 15 16 17 18
Na Mg Al Si P S Cl Ar

19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36

K Ca Sc Ti V Cr Mn Fe Co Ni Cu Zn Ga Ge As Se Br Kr

37 38 39 40 41 42 43 44 45 46 47 48 49 50 51 52 53 54

Rb Sr Y Zr Nb Mo Tc Ru Rh Pd Ag Cd In Sn Sb Te I Xe

55 56 1 72 73 74 75 76 77 78 79 80 81 82 83 84 85 86

Cs Ba == Hf Ta W Re Os Ir Pt Au Hg TI Pb Bi Po At Rn
c-Lr

Linfeng Zhang (PU) DL for MMM June 2019 28 / 42



DP-GEN: tests based on Materials Project
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Irradiation damage simulation

Deep learning inter-atomic potential model
for accurate irradiation damage simulations

Cite as: Appl. Phys. Lett. 114, 244101 (2019); doi: 101063/1 5098061 ® " ®
Submitted: 31 March 2019 - Accepted: 29 May 2019 - O
Published Online: 17 June 2019

Hao Wang,' () Xun Guo,"” () Linfeng Zhang,” (¥) Han Wang,”"”’ () and Jianming Xue'“
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DP-GEN for water
PA s -

1GPa|—x ; _ Lo |

1MPa i

1KPal

~ A >

0K 200K 400K 600K T

Reference model: DFT at the classical SCAN level;

Starting configurations: relaxed Ice I-XV at "= 0 K and equilibrated
liquid at T' = 330 K;

Range of thermodynamic conditions: red dashed box;

@ number of MD snapshots: DPMD exploration: 1.4 billion, DFT
calculation: 32 thousand (~0.002% of the former).
Typical AIMD trajectory: 100 thousand snapshots (50-100 ps).

@ number of DP-GEN iterations: 100.
Linfeng Zhang (PU) DL for MMM June 2019
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Thermodynamic integration (TI) for the phase
diagram

T=150K
— Ic
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Special issues: size effect; proton disorder, etc.
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Water phase diagram modeled by DP+SCAN

(a) Exp. collected by Martin Chaplin

(b) current result
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High-pressure phases modeled by DP+SCAN

Exp. by Marius, et. al
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@ Free energy and Reinforced Dynamics
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Free energy and deep neural networks

@ Exploring configuration space, phase transition, ...

» high dimensionality of the collective variable space;
> high energy barriers and complex energy landscape.

@ Metadynamics PNAS 99(20):1256212566, 2002):

@ Temperature accelerated (Chem. Phys. Lett., 426(1):168175, 2006.)

@ curse of dimensionality.
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Reinforced dynamics

Potential energy Free energy
Method DP-GEN Reinforced dynamics
Model Deep potential ResNet
Sampler Deep potential MD Biased MD
Label Electronic struct. Restrained MD
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Reinforced dynamics

@ reinforcement learning: state, action, best policy, reward,

@ reinforced dynamics (RiD): atomic system, biased potential, FES,
model deviation.

€ (s) = (| F(s)=F(s)*), fi(r) = =V, U(r)+0o(e(s(r))) Vr, A(s(r))
o g vh

fes

o N

E E St J

Update dataset D 3210123 32|0123 3210123
Iter 3 Iter 4 Iter 5-8

| i

Ii

< I
bhioame
g
o
Ghioame
IIIII§
—
bhloane
g
N

Restrained MD and

mean force cal. (Eq.3)

Ghhoane
—
3

’ 20 2 [
- i 5 LS J
L ILHIEHCAE) 4210123 3210123 -32-10123

Zhang, et.al. J.Chem.Phys 148, 124113 (2018).
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Reinforced dynamics

@ Left: Tripeptide: brute-force simulation (~50 us) v.s. RiD (10 ns
biased 4+ 190 ns restrained):

@ Right: higher dimensional FES: ala-10 and 20 CVs.

€004 C000 €008
0.0 (0.0) kJ/mol 17.7 (3.5) kd/mol 16.7 (4.6) kd/mol

€009 C012 C027
17.3 (2.7) kJ/mol 19.8 (2.1) kd/mol 17.5 (2.1) kd/mol

wolrad)
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Conclusions

@ Model construction and data exploration for PES and FES;

@ Useful models: Deep Potential, DP-GEN, reinforced dynamics;
check https://github.com/deepmodeling/deepmd-kit

@ Fundamental problems: quantum many-body problem, DFT,
dynamics.

Linfeng Zhang (PU) DL for MMM June 2019
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