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Electronic structure calculations are today

reliable and reasonably accurate.

>
m

average <A>
Elk

exciting
FHI-aims/tier2
FPLO/T+F+s
RSPt
WIEN2k/acc

Elk

o
w
=
o
o
w

o
(<]

0.8

[ =]
PWw
o
N

03

exciting

o
o

0.8

o
N

FHI-aims/tier2 03 01

FLEUR 06 05 05

o
©

0.6

o
S

AE

10 09 09 08

0.6
04

0.9

o
o

FPLO/T+F+s

RSPt 09 08 08 0.9

o
[eo]

WIEN2k/acc 03 02 02 09 08

GBRV12/ABINIT

Modern
electronic
structure codes
give relatively
consistent
equations of
state.
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With reliable electronic structure codes + great
computing power, we have big databases....

Electronic Structure

. . I E
aterials Project
N
https://www.materialsproject.org
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P d b ° information by for lithium batteries. Get pourbaix diagrams to with our structure editor of 10,000+ reactions
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pymatgen’ _

C u StO d 1an 133,691 58,329 21,954 530,243

X ;3 3
INORGANIC COMPOUNDS BANDSTRUCTURES MOLECULES

FireWorkgh
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2 Ong et al. Comput. Mater. Sci. 2013, 68, 314-319.
3Jain et al. Concurr. Comput. Pract. Exp. 2015, 27 (17), 5037—
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https://www.materialsproject.org/

Why machine Iearnmg’ (Part )

T Materials design is &
combinatorial (AA'), 5(BB')o 5O perovskite
I A o] 2 x 2 x 2 supercell,
108 10 A and 10 B species
—— Energies = ('°C, x 8C,)2 =107
107{ —— Bandstructures ================ ===
6l Elastic tensors
W 10°%] —— xAs spectra
21
n We need to be able to predict the property for ,
> : . Deep learning
Sl any given arrangement of atoms instantly... — EEEESEEEEEE
Y— Reasonable ML
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Materials Project Timeline

May 21, 2019 mote%%ls ABIDEV 2019
virtual-lab




MatErials Graph Network (MEGNet)

u [ [ [ 1] State attributes

Vs Bond attributes

| e IHIIEIEN MEGNet

Outputs

New state attributes
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MEGNet update steps
4 1. Update bond 2. Update atom 3. Update state
u u u
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Vs, /
\ AR . ; ~
.o | VR € :
(x;‘ y .
. -

¢ are update functions approximated using

May 21, 2019

virtual-lab

Bond update

e;cl = ¢ (V1 DVsDey Ou)

Atom update

Vi = ¢ (Vi OV;Du)

State update
Ne

u' = ¢, (U*Gu’du)
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Full model architecture

E: bonds attributes
V:atom attributes (basically Z)
u: state attributes

MEGNet Block

2 Atom number mapping to vector
- £
g Output a graph after each
5 3| 2 MEGNet block
I g = ncatenate
- i
Output a long vector for each
s structure

Output a single value for each
structure

Implementation is open source at https://github.com/materialsvirtuallab/megnet.

I materialsvirtuallab /{ megnet ® Unwatch~ 6 % Unstar 34 YFork 9
<> Code Issues 0 Pull requests 0 Projects 0 Wiki Insights Settings
Graph Networks as a Universal Machine Learning Framework for Molecules and Crystals Edit
graph-networks deep-learning materials-science  Manage topics
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https://github.com/materialsvirtuallab/megnet

Performance on 130,462 QM9 molecules

80%-10%-10% train-validation-test split

Property  Units MEGNet-Full' | MEGNet-Simple  Schnet®® enn-s2s®7 Benchrnark?"ZI Target
(This Work) (This Work)

enomo eV 0.038+0.001 | 0.043 0.041 0.043 0.055 @ 0.043

ecumo €V 0.031+0.000 | 0.044 0.034 0.037 0.064 ° 0.043

Ae eV 0.061+0.001 | 0.066 0.063 0.069 0.087 @ 0.043

ZPVE  meV 1.4040.06 1.43 1.7 1.5 19¢ 1.2

m D 0.040+0.001 | 0.050 0.033 0.030 0.101 @ 0.1

oY bohr® 0.083+0.001 | 0.081 0.235 0.092 0.161 0.1

(R?) bohr? 0.265+0.001 0.302 0.073 0.180 - 1.2

Uo eV 0.009+0.000 | 0.012 0.014 0.019 0.025 ¢ 0.043

U eV 0.010+0.000 | 0.013 0.019 0.019 - 0.043

H eV 0.010+0.000 | 0.012 0.014 0.017 - 0.043

G eV 0.010+0.000 | 0.012 0.014 0.019 - 0.043

Cy cal(molK)~' | 0.03040.001 | 0.029 0.033 0.040 0.044 ¢ 0.05

wi cm™! 1.10+0.08 1.18 - 1.9 2.71¢ 10

| 1/13 properties reached chemical accuracy Chemical Accuracy

| 1/13 properties state-of-the-art

Schnet: Schutt et al. . Chem. Phys. 148, 241722 (2018)
enn-s2s: Gilmer et al. Proceedings of the 34th International Conference on Machine Learning-Volume 70. JMLR. org, 2017.
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Unified Free Energy Model

Training data state:

U,H, Gat 298 K
@ — f(E, T, P, S)) U at 0K (UO)
qm9:099026
867 —mm e
Failure in H and G due to lack of more
-881 pressure and entropy in training data.
< ,,"—._-"--- MEGNet
O - /'« DFT-U
G) -90 PR o
E /, - - e DFT-H
S (e __-~ o DFT-G
-92- T
._. ____________ T ____________ O -
SO T T e e e -
0 50 100 150 200 250 300
T (K)
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Performance on 69,000 Materials Project Crystals

elements

“Noisy” :Eg
Dataset too small

classifier

nonmetal
classifier
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MEGNet

89
eV atom™'  0.028 + 0.000

units

eV 0.33 + 0.01 (36 :
720) -

0.050 + 0.002
(4664 )

0.079 £ 0.003

78.9% + 1.2%
(55391)

90.6% + 0.7%
(55391)

virtual-lab

SchNet*°

89

0.035 (60
000)

CGCNN’

87

0.039 (28
046)

0.388 (16
485)

0.054
(2041)

0.087
(2041)

80% (28
046)

95% (28
046)

Schutt et al. J. Chem. Phys. 148, 241722 (
Xie et al. PRL. 120.14 (2018): 145301. RfBev 2019




Transfer learning for improved convergence and
speeed

Ermodel E, model
(60,000 data points) (36,000 data points)

O

BNet Block [64, 64, 32]

N blocks
N blocks

GNet Block [64, 64, 32]

:
Set2set(E) 'Ethset( I

Concatenate

v MAE decreases from
0.38 eV to 0.32 eV
v' Convergence speed x2

- Dense [32]

- Dense [16]
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Extracting chemistry from machine-learned
models

Model

Pearson

correlation t-SNE projection
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crystals.ai HOME  MODELS TOOLS  DATASETS  CONTACT

http://crystals.ai

Accelerating Materials
Science through Al

Accurate Prediction Model|


http://crystals.ai/

Why machine learning? (Part 2)

Many real-world materials problems are not related to
bulk crystals.

Electrode-electrolyte interfaces Catalysis Microstructure and segregation
Cu(111)
0o o SO
A o | Cu(110)
% > o > {_Q | cu(100)
o0 CI) O Q C(;Q\ O rc,%‘
® ® 009, ‘@
iy é) ol %-'o
] éh}‘ O o ‘Q" O Strong CO adsorption Weak CO adsorption
oo o>—0—"—' I .
-1.43eV -0.55eV
Tang et al. Chem. Mater. 2018, 30 (1), 163-173. Huang et al. ACS Energy Lett. 2018, 3 (12), 2983-2988.

Need linear-scaling with ab initio accuracy.
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General procedure

- : Learn relationshi
Sample a sufficiently Describe local P

between features and

large dataset environment
energy, force, etc.

Open databases 1 Requirements
A Invariance to rotation,
reflection, translation, , ,
and permutation O Linear regression
MPROECT AD-! . 0 LASSO
* Uniqueness , ,
OQMD + Differentiability O Kernel ridge regression
0 . 1 Random forest
DIY Examples: 0 SVMs
_ * Coulomb matrix
pymatgen /000 ) O Neural networks
L AE * Symmetry functions 0
FIF@WSI:ES:L u ° Blspectrum et
* Smooth overlap of
atomic positions
* Fragment descriptors
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A many-body atomic environment descriptor:
bispectrum coefficients

Bispectrum
A * Map neighbors into unit sphere in 4D f(kl)f(kz) [k + kp)*
* Expand density in 4D spherical harmonics g,\! \Qfo N
ci E "@“ \\
(r) = m,m’ mm(e 6, ) \QJ 3 A JYQ !
| e . j=0,1,.. m;J m;}” "0 %“ :
0 eﬁ &— — > < _f\N Do |
W NNAN ,_°Q
@[Q\ ‘pﬂ@ Ly ]
QO SRR
oA N A\
ki
P =80+ Y ferip)wid®—rip) Bji.jnj= Z Z Z ) o wl
Tii/<Rcut m, m1:_11 my, m2=—]2 m.m’ =_] ]zmzm 1 12
s TEFEEEEEEEEEEEEmEEm—-_ ~
Gaussian approximation potential / Spectral neighbor analysis potential
(GAP)' (SNAP)?
N

Esnap = BN +8-) B

|
|
|
EGAP - ZanG(BaBn) |
| i=1
|
|
|
|
|

Gaussian process regression (nonparametric model)

— o e e e e e .

- OB’
SNAP — _B ' E : Or .
i=1 7
I Bartok et al. Phys. Rev. Lett. 2010, 104 (13), 136403. ) N N aBz
2Thompson et al. . Comput. Phys. 2015, 285, 316-330 DOI: J — _0A3. .
TSNAP rj &
10.1016/j.jcp.2014.12.018. \ or. /]
j=1 i=1 J P
- e o o o e o e o e e o e e e e . -
May 21,2019 mote%%ls ABIDEV 2019

virtual-lab



Models: Quantum-accurate force-field for Mo

Structure

LY (FireWorks + VASP)

Transformation Structures ; AIMD
# : S
Trajectories

Grain boundary Surfa
n generation generallon

deformatior

&Siructure selection

VASP LAMMPS
A Parameters &
Energy, force, stress Feagres

Machine learning model

Property matching
e.g., elastic constants

Chen et al. Phys. Rev. Mater. 2017, | (4), 43603 DOI: 10.1103/PhysRevMaterials.1.043603.
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FE (eV/atom)

Ni-Mo phase diagram
4000
—— DFT —— Experiment
SNAP Liquid (L) === CALPHAD
oy | A AW 3500 1 —o— EAM
' SNAP
3000 A
0.0 - % 2500 1.
Ni,Mo =
Ni;Mo / 2000 -
-0.1 i ! ! U. i
0.0 0.2 0.4 0.6 0.8 1.0
Mol.fraction of Ni 15007
EAM completely fails to 10000_0 0.2 0.4 0.6
reproduce Ni-Mo phase diagram Xni
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Application: Investigating Hall-Petch strengthening
in Ni-Mo

4.6
5 —
Q(? D(? 4.4
GRS ©
wn wn 4.2
W 31 wn
Q —— 4.1 nm Q
| - | -
o — 6.1 Nnm +J 4.0
n 2 n
@ 7.5 nm
S — 8.8 nm C;) |
It 14 —— 10.2 nm ™ 3.8
— 11.6 NmM
0 . . . . 3.6 . . . .
0.00 0.02 0.04 0.06 0.08 0.10 3 5 7 9 11 13
True strain Grain diameter (nm)
1 ~20,000 to ~455,000 atoms

O Uniaxially strained with a strain rate of 5% 108 s-!
1 SNAP reproduces the Hall-Petch relationship,

consistent with experimentl!l, L
[17 Hu et al. Nature, 2017, 355, 1292 \J»
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Conclusions

"Instant”
property

prediction

Large

datasets +
Machine

Learning ‘
Access

large
length/long

Learn new

chemistry
time scales
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