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To help businesses discover, develop, and
deploy new materials twice as fast, we're
launching what we call the Materials
Genome Initiative. The invention of
silicon circuits and lithium-ion batteries
made computers and iPods and iPads
possible — but it took years to get those
technologies from the drawing board to the
marketplace. We can do it faster.




First Principles Calculations

Accurate, Slow

* Full configuration interaction

* Wave function based
* Density functional theory
* Semi-empirical

* Empirical potentials

Inaccurate, Fast



Old Picture
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New Picture

r\Experimental Design
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Screening by first principles
calculations alone
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Bayesian Optimization

* Find best data points with minimum number
of observations

* Choose next point to observe to discover the
best ones as early as possible



Bayesian Optimization (1)
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Bayesian Optimization (2)
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Bayesian Optimization (3)
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Bayesian Optimization (4)
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Where to observe next?
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Gaussian Process
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Maximum probability of improvement
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Gaussian Process



Multivariate Gaussian Distribution

* Probability density function

)d/2|z|1/2 exp(—%(a; - N)Tz_l(w — 1))

p(x | 1, %) = o

l«lf Mean

Z Covariance Matrix



Probability Density
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Conditional Distribution

Mean Covariance
XL = ( L1 > ,U — ’ul Y — E11
L2 U2 2191

P(z1 | 22 = a) = N(pe, Xe)

pe = p1 + X12855 (a — po)
Ye =211 — L1225, Dot
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Conditional distribution at X=3




Gaussian Process

* Kernel method for regression

* Provides predictive variance in addition to
regression function




Gaussian Process (No noise)
» Training points {X;}i.; - Test point x*

* Observed outcomes Y;, y* are subject to n+1
dim Gaussian

* Mean ofy.is 0.
* Covariances are given as K(x;x;)



Covariance matrix by Gaussian kernel

( k(x;{, x*) k; )

K(z,2") = exp(— |z — 2'||*/n)



Gaussian Process (No noise)

K: Kernel matrix for training points
y: Observed outcomes for training points
Predicted outcome at x*

E[y*] _ k*TK—ly
Predicted variance

V[y*] _ k(X*,X*) o k*TK—lk*



Gaussian process with noise

* Observed outcome include mean 0, variance o2
noise

* Covariance matrix
k(X*,X*) i 0.2 k*_l_
k K + 0?1



Gaussian Process (with noise)

e K: Kernel matrix for training points
* y: Observed outcomes for training points
* Predicted outcome at x*

Ely*| =k*" (K +0°I)" 'y
 Predicted variance

Viy*] = k(x*,x*) +0? —k*" (K + o) 'k*



PHYSBO (COMBO)

e Fast learning by random feature maps
* Automatic hyperparameter initialization & update
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NA XexBEbIZ K 5HRERIE

AlIBr3 - As4S4 - GeSe - Se - BaSe - Sn0O2 - Sb2S3 - Sb2Te3 - Pb - SnF2 - GeBr2 - SnSe2
- BaO - Bas - SrSe - SiC - BeO - [AIN] - Be3N2 - Al203 - Si3N4 - Al4C3 - MgO - Ca0
-CaC2 - LiH-Cs-Be - BaH2 - Bi204 - K- BeF2 - Tl - RbN3 - LiF - PbTe - Csl - Li - P205
- TI203 - BaF2 - Bi - Ba - CaS - SrO - CaSi - PbO - CaF2 - Rb - MgH2 - Si - BaSi2 - IBr -
Bi203 - SrS - NaF - Ga203 - Al - Tll - CsO2 - KCl - In - 12 - BiF3 - SrF2 - LiCl - InN - CsBr
- ICl - SrH2 - Pb304 - Na - Na202 - In203 - Rbl - S - PbF2 - Bi2Te3 - Sn - CaH2 - KF -
InSb - Ca - Bil3 - CsCl - K202 - MgF2 - Ge - PbS - SrSi2 - TeO2 - TISe - Sr - Bal2 - AIP -
Li2O - RbO2 - CsF - P4S3 - BiF5 - Mg - GeO2 - NaCl - CaSi2 - BaCl2 - Te - PbSe - TeF4 -
Pbl2 - TIF - KI - P - MgS - SnTe - NaO2 - GaAs - RbCl - TI20 - SiS2 - KO2 - InAs - BaBr2
- P2S3 - Sb - KBr - Tel4 - Li3N - TeO3 - RbBr - Sil4 - LiBr - GaSb - TICI - SeO3 - GaP -
RbF - Snl4 - Cs20 - As203 - SrCI2 - Mg2Si - TIBr - AlAs - Lil - P4S7 - Bi2S3 - Mg2Sn -
CaCl2 - AlI3 - As205 - SnSe - Ca3N2 - Li2S - NaBr - Inl3 - BeCl2 - Sb203 - Nal -
Mg2Ge - Inl - BiBr3 - GeS - Bel2 - SeBr4 - TI2S - InP - GaTe - P2S5 - SbF3 - K2S - BiCI3
- SrBr2 - InF3 - GeTe - SbI3 - AlSb - In2Te3 - GeF2 - Mg3Sb2 - Srl2 - PbCI2 - GaS - PI3
- Na2S - SnS - AlI2S3 - Gal3 - Rb2S - GaSe - MgCl2 - TeCl4 - Rb2Se - PbBr2 - Gel4 -
K2Se - Cal2 - BeBr2 - P214 - Sb2Se3 - CaBr2 - As2Te3 - In2Se3 - AICI3 - InS - GeBr4 -
As2S3 - Ga2Se3 - SnBr4 - InCl - As2Se3 - AsBr3 - AsI3 - GaBr3 - Al2Te3 - In2S3 -
SbBr3 - Mgl2 - InBr3 - GeS2 - MgBr2 - Ga2S3 - GaCl3 - SbCI3 - SnBr2 - GaCl2 - SnCI2



