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Building maps of materials properties

A quantum many-body problem

From the Hamiltonian of a physical system, in principle we can
derive all properties (observables).
But in practice, the Hamiltonian is often not the starting point.

For instance, given a class of chemical compositions
(e.g., via prototype formula, such as ABX)):

what is the most stable crystal structure of each material in the
class?

which materials are metals / topological insulators /
superconductors ?

which material has the highest melting point?

which materials has a surface optimal for catalysing some
chemical reaction?
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The Big Picture

e Design of new materials:
preparation, synthesis, and characterization is complex and costly

« About 240000 inorganic materials are known to exist (Springer
Materials)

e Basic properties determined for very few of them

« Number of possible materials: practically infinite

= New materials with superior properties exist but not yet known

e Data analytics tools will help to identify trends and anomalies in
data and guide discovery of new materials
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From the periodic table of the elements
to charts of materials

5 Gruppe L. | Gruppe II1. | Gruppe II1. | Gruppe IV.| Gruppe V. | Gruppe VL |Gruppe VIL Gruppe VIIL

= — — — RH* RH? RIF RH —

R R*0 RO R203 RO# R*0F RO# R207 RO*

1 H=1

2 |Li=V Be=0.4 B=11 C=12 N=14 0=16 F=19

3 Na=23 Mg=24 Al=273 Si=28 P=31 S=32 Cl=35.5

4 |K=39 Ca=40 —=44 Ti=48 V=51 Cr=52 Mn=55 Fe=56, Co=59,
Ni=59, Cu=63.

5 (Cu=63) In=65 —=68 —=72 A==T5 Se=T8 Br=80

6 |Rb=85 Sr=87 TYt=88 Zr=90 Nbh=94 Mo=96 —=100 Ru=104, Rh=104,
Pd=106, Ag=108,

7 (Ag=108) Cd=112 In=113 Sn=118 Sh=122 Te=125 J=127

8 |Cs=133 Ba=137 Di=138 ?Ce=140 — — — — = = =

9 (—) - — — — - o

10 |— — TEr=178 ?La=180 Ta=182 W=184 — 0s=195, Ir=197,
Pt=198, Au=199.

11 (Au=199) Hg=200 Ti=204 Pbh=207 Bi=208 — —

12 |— — — Th=231 — U=240 — —_ = = —

Mendeleev's 1871 periodic table
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Suppose

to know the trajectories of all planets in the solar system,
from accurate observations (experiment)

or

by numerically integrating general relativity equations
(calculations at the highest level of theory)
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Descriptor? Don’t we know it from the start?

Training set

/
/

{R1,Z;} = Hamiltonian

Descriptor
{R;} > Geometry

- translational, votational, permutational invariant
- coarse graining {R;}?

{Z:} = Chemistry

Learning



An example: predicting crystal

structures from the composition

82 octet AB binary compounds

helium

2
He
4.0026
lithiurm beryllium nitrogen oxygen fluorine nean
3 4 7 8 10
Li | Be NJ Off F|]Ne
6.941 12.011 14.007 15.999 18998 20,180
sodium silicon phos phoru sulfur chlorine argon
1 14 15 16 17 18
Na P] S||CI]Ar
22990 30.974 32.065 35453 30.048
polassium calcium scandium titanium vanadium chromium | manganese iron cobalt nickel arsenic selenium bromine kryplon
19 20 21 22 23 24 25 26 27 28 33 34 35 36
K | Ca Sc|Ti|V|Cr|Mn|Fe|Co| Ni As] Se|| Br| Kr
29.008 40.078 44,956 47,867 50.842 51.996 54,938 55.845 52,933 58,693 74,922 78.96 79.904 83.80
rubidium strontium yttrium zirconium niobium molybdenum| technetium | ruthenium rhodium palladium antimony tellurium iodine Xenon
37 38 39 40 M 42 43 44 45 46 51 52 53 54
Rb} Sr Y | Zr [Nb|[Mo| Tc | Ru|Rh | Pd Shj Tel | | Xe
85468 a7 62 B88.906 91.224 92.906 95.94 98] 101.07 102.91 106.42 121.76 127.60 126.90 131.29
caesium barium lutetium hafnium tantalum tunagsten rhenium osmium iridium platinum gold mereury radon
55 56 57-70 7 72 73 74 75 76 77 78 79 80 83 84 85 86
CsjBa| * |[Lu|Hf | Ta| W |Re|Os| Ir | Pt | Au|Hg Bi | Po| At | Rn
13291 137.33 174.97 180.95 18384 186.21 190.23 192.22 19508 196.97 200.59 207.2 208.98 [209] [210] [222]
francium radium lawrencium [rutherfordium| — dubniurn | seaborgium bohrium hassium meitnerium | ununnilium | unununium | ununbium ununquadium
SR - 89-102 103 105 106 107 108 109 110 11 112 114
29 *%| Lr | RfF | Db | Sg | Bh | Hs | Mt (Uun|Uuu|Uub Uuqg
C u 1262) [261] 1262] [266] [264] [269) [268) [271] [272] [277] 28]
cadmium ||
lantharnum cerium  [praseodymium] necdyrnium | promethium | samarium | europium | gadoliniur [ terbium | dysprosium [ holmiurm erbiurm thuliurm yiterbium
Leries 57 58 59 60 61 62 63 64 65 66 67 68 69 70
La|Ce| Pr | Nd|Pm|Sm|Eu|Gd|Tb | Dy |Ho| Er |[Tm| Yb
138,91 14012 140.91 144.24 [145] 150.36 151.96 157.25 158,93 162.50 164.93 167.26 168.93 175.04
actinium thorium protactinium uranium neptunium plutonium americium curium berkelium | ealifornium | einsteinium fermium [ mendelevium|  nobelium
**Actinide series 90 91 93 94 95 96 97 98 99 101
Ac|Th|Pa| U ([Np|(Pu|(Am|Cm|Bk| Cf | Es |Fm|Md| No
[227] 232.04 231.04 238.03 [237] [244] [243] [247] [247] [251] 1252] [257] [258] [259]

Rock salt

Zinc blende
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An example: predicting crystal

structures from the composition

82 octet AB binary compounds

¢ LiF <
i = R
20 i NaF. * /BorwWZ
- KF
(5L = CaO MgO * CuF
g RbFm - + BeO
f - NaClm -lCdO
0  gu
Y. I ? *C“C' BN ¢
[ 0 ¢
Agl 0} “ BA
U P 1 1 $ |._0| 1 E ’BP 1
0 5 i
Eh [eV]

The descriptor proposed by

Phillips and van Vechten in
1969-70 depends on:

- [attice parameter

- electrical conductivity
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Primary (atomic) features

example: Sn

(P— ——EFn)

-5000 " -
-10000 - -

-15000 - -

KS levels




Primary (atomic) features

example: Sn
L)

KS Ievelsl

/

1A
—1-25

5

—» Valence p

o 7AHOMO)
20

-20
s Valences

-30




Primary (atomic) features

KS Ievelsl

0

Average radius

example: Sn
L)

I

5

/’//’/,,/,//’//iz;”'LthA()

~_+»Valencep

—_-'?E @HOMO)
16

SELE

-1-15

1A

=1-20
—-1-25

Valence s

-30

~__»\Valence s

— > Valence

3

Turning point

Radius @ max

Radial probability
Bensities




An example: predicting crystal

structures from the composition

82 octet AB binary compounds

J. A. van Vechten, Phys.
Rev. 182, 891 (1969).

J. C. Phillips, Rev. Mod.
Phys. 42, 317 (1970).

J. John and A.N. Bloch,
Phys. Rev. Lett. 33, 1095
(1974)

J. R. Chelikowsky and J.
C. Phillips, Phys. Rev. B
33, 2453 (1978)

A. Zunger, Phys. Rev. B
22, 5839 (1980).

D. G. Pettifor, Solid
State Commun. 51, 31
(1984).

Y. Saad, D. Gao, T. Ngo,

Ansatz: atomic features

« HOMO

e LUMO

e lonization Potential

e Electron Affinity

e Radius of valence s orbital
e Radius of valence p orbital

e Radius of valence d orbital
¢ ...7?7

J Rock salt

Rock salt/Zinc blende s. Bobbitt, J. R.
\/ @ Zinc blende Chelikowsky, and W.

I E(Rock salt) - E(Zinc blende) QQdISZ?Sf(ZVSi ;z)ev. B



Compressed sensing

Aim: finding descriptors and learning predictive models

Ansatz:

P=cd +cd +..cd

Where

P is the property of interest

dl, dn are candidate features, i.e., nonlinear functions of primary

features (EA, IP, ...)
C,..C_ are unknown coefficients, with the extra constraint that these

(nonzero) coefficients should be as few as possible.
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Ansatz: )
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Where dimensionality reduction

P is the property of interest
dl, dn are candidate features, i.e., nonlinear functions of primary

features (EA, IP, ...)
C,..C_ are unknown coefficients, with the extra constraint that these

(nonzero) coefficients should be as few as possible.



Linear dimensionality reduction: Principal components

Pearson, K. "On Lines and Planes of Closest
Fit to Systems of Points in Space".
Philosophical Magazine 2, 559 (1901)



Linear dimensionality reduction: Principal components

Pearson, K. "On Lines and Planes of Closest
Fit to Systems of Points in Space".
Philosophical Magazine 2, 559 (1901)

Orthonormal transformation of coordinates,
converting a set of (possibly) linearly
correlated coordinates into a new set of
linearly uncorrelated (called principal or
normal) components, such that the first
component has the largest variance and
each subsequent has the largest variance
constrained to being orthogonal to all the
preceding components



Linear dimensionality reduction: Principal components

Ansatz: atomic features

e Valence number Z, 3st
Energy of valence s orbital E;
Energy of valence p orbital E,
Radius of valence s orbital rs
Radius of valence p orbital r,

rs, rp, Es/\/Zv, Ep/\/ZV’
for A and B atoms

normal) components, such that the first
component has the largest variance and

each subsequent has the largest variance @~ = @ —
constrained to being orthogonal to all the @
preceding components §

B

)

=

e‘ .

<1 2 3 Components

Saad, ..., Chelikowsky, and Andreoni, PRB 85, 104104 (2012)
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Linear dimensionality reduction: Principal components

Ansatz: atomic features o ° W
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Compressed sensing: the quest for

descriptors and predictive models

82 octet AB binary compounds

Ansatz: atomic features l Rock salt
« HOMO R.S/ZB
e LUMO ‘ Zinc blende

e lonization Potential

e Electron Affinity

e Radius of valence s orbital
e Radius of valence p orbital

e Radius of valence d orbital
e Thousands to billions of non-
linear functions of the above

| P=coi+cd +...cd
o T

I E(Rock salt) - E(Zinc blende)
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82 octet AB binary compounds

Ansatz: atomic features l Rock salt
« HOMO R.S/ZB
e LUMO ‘ Zinc blende

e lonization Potential

e Electron Affinity

e Radius of valence s orbital
e Radius of valence p orbital

e Radius of valence d orbital
e Thousands to billions of non-
linear functions of the above

| |Symbo|ic Regression l l' l
P=cd +cd +..cd
N T

I E(Rock salt) - E(Zinc blende)
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Systematic construction of the feature space: EUREQA

EUREQA: genetic programming software. O orr (ev) o °

Global optimization (genetic algorithm).
Schmidt M., Lipson H., Science, Vol. 324, No. 5923, (2009)

T. Miller et al. PRB 89 115202 (2014):
Data: ~1000 amorphous structures of 216
Si atoms (saturated)

0.4

Genetic
programming

Property: hole trap depth

min(1.66355,a) max(5.37551,c) — f — bd 0.2 AN, ' 0.4 06
g , .-:L__' i ._:‘,‘i':_‘

— h max(3.42929 ¢),
Descriptor (candidates: 242) Building block
a The largest distance between a H atom and its nearest Si neighbor Exponential
b The shortest distance between a Si atom and its sixth-nearest Si neighbor Constant value Natural logarithm
¢ The maximum bond valence sum on a Si atom Input variable Power
d The smallest value for the fifth-smallest relative bond length around a Si atom Addition Square root
e The fourth-shortest distance between a Si atom and its eighth-nearest neighbor Subtraction Logistic function
f The second-shortest distance between a Si atom and its fifth-nearest neighbor Multiplication Minimum
g The third-shortest distance between a Si atom and its sixth-nearest neighbor Division Maximum
h The H-Si nearest-neighbor distance for the hydrogen atom with the fourth- Negation Absolute value

smallest difference between the distances to the two Si atoms nearest to a H atom



Compressed sensing: the quest for

descriptors and predictive models

82 octet AB binary compounds

Ansatz: atomic features l Rock salt
« HOMO R.S/ZB
e LUMO ‘ Zinc blende

e lonization Potential

e Electron Affinity

e Radius of valence s orbital
e Radius of valence p orbital

e Radius of valence d orbital
e Thousands of non-linear
functions of the above

| Pecd vcd +..cd mpareminlP— Dl +Alcls
N I Wi

I E(Rock salt) - E(Zinc blende)
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Compressed sensing: the quest for

descriptors and predictive models

ldeal method: regression with £, regularization

. Optimal soluti
argmln(HP B DCH% =+ )\HCHO) NgnTailiz%r%i;)lncomplexity
ccRM Small # columns in D

lcllo # of nonzero elements of ¢

lc]l. Euclidean. Square root of sum of
squares of the elements of c)

For matrices D with uncorrelated columns: LASSO

argmin|[P — Delfy + Alelh Gredamimion

ccRM Moderate # columns in D

lc|l.  “Manhattan”. Sum of absolute
values of the elements of ¢



Compressed sensing: the quest for

descriptors and predictive models

min ¢; norm

min £5 norm
/

argmin|[P — Dely; + Allel Gonextpmmastion”

ccRM Moderate # columns in D

lc|l.  “Manhattan”. Sum of absolute
values of the elements of ¢
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82 octet AB binary compounds

Ansatz: atomic features l Rock salt
« HOMO R.S/ZB
e LUMO ‘ Zinc blende

e lonization Potential

e Electron Affinity

e Radius of valence s orbital
e Radius of valence p orbital

e Radius of valence d orbital
e Billions of non-linear
functions of the above

| Pecd vcd +..cd mpareminlP— Dl +Alcls
N I Wi

I E(Rock salt) - E(Zinc blende)
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From orthogonal matching pursuit ....

feature', Residual

[

eature  Local-optimum solution

Property Huge # columns in D

... to Sure Independence Screening + Sparsifying Operator (SISSO)

features

features Proxy of

global-optimum solution
Huge # columns in D

: Residual4

!

Property

R. Ouyang et al. PRM 2, 083802 (2018), published 7 August 2018)
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A=E(RS) — E(ZB) Structure map

ERS,A <-02eV with SISSO,

ORS,—02eV <A <-0.1eV .

ORS,—0.1eV <A <-0.05¢eV Starhng. from
/ atomic +

[E—
=)

005V <A <00s5ey O dimer features

0ZB,0.05eV<A <01ev Feature space:

O7ZB.0.1eV<A <02eV 11
N O 10! features

0.“\‘ ¢, ¢ BN

‘ |." | | | ¢ |

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7
r(B) / (r,(A) + 1,(B)) / (r(A)r,(A)+7,(B)°) [A?]

IP(A)ry(B)(1-E,(AA) / Ey(BB)) - EA(B)ry(A)| [eV-A]

O = D W Bk WL N 1 0 O

R. Ouyang et al. PRM (2018)
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arg min (|| P — Dc||5 + All¢/lo)

Compressed-sensing-based model identification:
Shares concepts with

Regularized regression. But: Massive sparsification.

Dimensionality reduction. But supervised, and yielding sparse,
“inspectable” descriptors

Feature/Basis-set selection/extraction. But: non-greedy solver.

Symbolic regression. But: deterministic solver.



Charts/maps of materials

argmin(||P — D(:H2 + Allcllo)

cGRMA/

New cost function to be minimized:
overlap of convex domains

1. # points in the convex overlap domain
2. Area of the domain overlap
3. Distance between domains

Good also for multi-categorical problems
(see A. F. Bialon et al., Chem. Mater. 28, 2550 (2016))

Iterative generation of feature subspaces

S2D A SID
"/ (residual)

P (property)




Perovskites’ stability: an improved

Goldschmidt Tolerance Factor
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_ Trptry » |onic radius
V2(rg+ry) Oxidation state
—n (n/TAV/TB )
AN In(ra/rp)

Ay u = Octahedral factor

ABX;
Goldschmidt™ stable perovskites: 0.825 < t < 1.059, accuracy 79%

Our stable perovskites: T<4.18, accuracy 92%

Bartel, Sutton, Goldsmith, Ouyang, Musgrave, LMG &Scheffler, Sci. Adv. 5, eaav0693 (2019)



Perovskites’ stability: an improved

Goldschmidt Tolerance Factor

_ Trptry » |onic radius
V2(rg+ry) Oxidation state
—n (n/TAV/TB )
AN In(ra/rp)

Ay u = Octahedral factor

Goldschmidt™ stable perovskites: 0.825 < t < 1.059, accuracy 79%

Our stable perovskites: T<4.18, accuracy 92%
1< 3.310or1t>5.92, 99% accuracy (1/3 of the training data)
1< 3.310r 1> 12.08, 100% accuracy (1/4 of the training data)

Bartel, Sutton, Goldsmith, Ouyang, Musgrave, LMG &Scheffler, Sci. Adv. 5, eaav0693 (2019)



Improved Goldschmidt Tolerance Factor:
Materials design

O CszAgiInClg O (MA),AgBIiBrg O MAPDI3
LiMgCls CsNiBr3 RbPbl3




Improved Goldschmidt Tolerance Factor:
Extension of the materials space
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SISSO: predicting new tetradymite

topological insulators

Prototype formula: a o e b -
AB-LNM i
AB = {As,Sh,Bi}

LNM ={S, Se,Te}

Cao, Liu, Ouyang, LMG, Zhou, Scheffler, Zhang, Carbogno, submitted (2019)
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Prototype formula: ‘g g oo 100 -
AB-LNM Q _Q Oa s
AB = {As,Sb,Bi} e ol
- vdW
LNM = {S, Se,Te} 0 Ot
Q Qo a
_______ I 60 |-
. a)
d%%T Osb(s)
Q O QL Os (w 40 |
l Qs (4)
----- O Te (M)
20 |
D =2z,+2,){2,+2,)-2,2,- 2,2,| |

+ . o Lo ' :
D — (XM XW) ZE - (Z + Z ) - |Z - Z | 4000 6000 8000 10000 12000 14000 16000 18000
2 M N M N

D
X4 1

Cao, Liu, Ouyang, LMG, Zhou, Scheffler, Zhang, Carbogno, submitted (2019)



SISSO: predicting new tetradymite

topological insulators

Prototype formula: ® 0y 3 AsSb Bi, S Se,Te, .,
AB-LNM ™
AB = {As,Sb,Bi} %
LNM ={S, Se,Te} % %
05,
o

o

D =(z,+2,){z,+2,)-2,Z,, - Z,Z,|

(x, *+xv) Z
Dz = A T2 = - (ZM +ZN) B |ZM - ZN|
X4

Cao, Liu, Ouyang, LMG, Zhou, Scheffler, Zhang, Carbogno, submitted (2019)



SISSO: predicting new tetradymite

topological insulators

Prototype formula: 29 Q- . b o ASbe}'BiZ-x-ySaSebTe3-a-b
AB-LNM o e bal ool
AB = {As,Sb,Bi} R I
LNM = {S, Se,Te} ch%oﬁv-Y 0x=02 o108
o0 al 80 | “ﬁ . ox,=0.4 ®x=1.0
_______ Lo E.
oaloe’ 3: 60 -
o O a 8is<g> Q
0/%’%l OTe((M)) | e
D =(z,+2,){z,+2,)-2,Z,, - Z,Z,| iE
(XM +XN) Ly i
Dz = - (ZM +ZN) h |ZM - ZN N '
XA 2000 4000 6000 8000 10000 12000 14000 16000 18000

Cao, Liu, Ouyang, LMG, Zhou, Scheffler, Zhang, Carbogno, submitted (2019)
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