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Agenda

Bayesian Optimization
Design of Si-Ge nanostructures (Ju+, PRX
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Wavelength selective thermal radiator
(Sakurai+, ACS Cent Sci, 2019) -
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D-wave quantum annealer (Kitai+, Arxiv, 2019)
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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



Screening by first principles
calculations alone

\"F]8 \"F]# \"F]#
1 7 10

First Principles Calc.

Score | Score Score
7 8 10




Bayesian Optimization (1)
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Bayesian Optimization (2)

Mat. \"F]8 Mat. | Mat.
1 3 7 10

First Principles Calc.

Predicted Scores

Pred. | Pred. | Pred. | Pred. Pred. | Pred. | Pred.
Score | Score | Score | Score | Score | Score | Score
4 5 6 7 |8 9 10
Var. |Var. |Var. . {Var. |Var.
4 5 6 9 10

Predicted Variances




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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Alloy Structure Optimization (Phys Rev X, 2017)

Question: How to organize 16 alloy atoms (Si: 8, Ge: 8) to obtain the largest and
smallest interfacial thermal conductance?

Lead S1/Ge alloy region

Descriptors: C;, =12,870
Casel 1123 4/5/6 /71819110 /11/12/13/14,15/16
1 11 1 1 1 1 1 1 O O O O O O O O
2 1 1 1 1 1 1 1 O 1 O O O O O O O
3 1721 1 1 1 1 1 O O 1 O O O O O O

Calculator: Atomistic Green’s Function (AGF): Phonon transmission

Evaluator: Interfacial Thermal Conductance (ITC)

Optimization method: Thompson Sampling (Bayesian Optimization)
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Alloy Structure Optimization
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Optimal structures were obtained by calculating only 3.4% of all candidates.
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Wavelength selective thermal radiator

LSakurai Lab (Nigata Univ)
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Designing layered material

* 18 layers: Ge, Sior Si0, |

* Total thickness: 21 grid
points between 3.6 um
and 4.0 um

v

* Number of candidate
structures: 318 x 21 =

8,135,830,269




What to optimize

* Figure of Merit 10 e .
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Optimal solution found with 168
million calculations on average
(2.06% of all possibilities)
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Target: 5.0 um Target: 7.0 um
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Spectral directional emissivity
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Experimental Validation

TEM image

|

Layer Thickness

Target wavelengths, 4; 5.0 6.0 7.0

Layer No. Sim. Exp. Sim. Exp. Sim. Exp.
1 042 042 042 043 044 044
2 063 061 0.63 069 066 0.62
3 042 043 042 045 044 044
4 1.05 097 085 091 088 084
5 063 063 085 087 044 045
6 063 058 063 065 022 022
7 - - - - 044 044
3 - - - - 044 041




Comparison with Existing Materials

e Q-factor: Peak sharpness

* Our material: Q=273 (Simulation), Q= 188
(Realized)

* Highest known Q-factor: 200 (2D grating
coupled surface phonon polaritons, 2008)
— Large unwanted peaks: Poor FOM = 0.02

— High cost for nanofabrication



Quantum annealing

* Solves quadratic unconstrained binary
optimization (QUBO)

m}nl}m Z h;z; + Zg,j 225

zEC
{ i<

e D-wave 2000Q

— Implementation of quantum annealing with
superconducting semiconductor

— Annealing time 170us, up to 64 bits
— Machine in Canada, accessed via APl from Japan



Principle of guantum annealing

QUBO + transverse field term
Qubit has distribution of up and down
When measured, up or down appears

First, strong transverse field is applied
— [up,down] =[0.5,0.5] is the ground state

Then transverse field is weakened slowly
— Ground state slides to global optimum of QUBO

Conceptually similar to regularization path following (?)



Using QA for black-box optimization

GP’s acquisition function is not QUBO (BAD!)
Use factorization machine instead
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A learned model becomes QUBO

50 annealing at a time, select the best unseen
solution



FMQA

Quantum annealing(QA)

Better Simulations/Experiments
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Incident light

Si-material or PMMA SiC or SiO2 Atmospheric
in each site in each layer x10° window
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Comparison to existing materials
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Conclusion

* Designing complex materials is beyond ability
of human intuition

* New “class” of materials enabled by ML & QA
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