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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

Silulation Experiments
(DFT etc) P




New Picture

Experimental Design

Artificial Simulation

Intelligence (DFT etc) Experiments

\JFeatures




Materials Design Examples

* Design of Si-Ge nanostructures (Phys Rev X
2017)

* De novo design of organic compounds with
desired absorption wavelength



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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First Principles Calc.
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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
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Probability Density
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Conditional Distribution

Mean Covariance
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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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