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Accelerated search for materials with targeted
properties by adaptive design

Nature Commun. 7, 11241 (2016)

Dezhen Xue'?, Prasanna V. Balachandran!, John Hogden3, James Theiler?, Deqing Xue? & Turab Lookman!

the complex search space. Our strategy uses inference and global optimization to balance the
trade-off between exploitation and exploration of the search space. We demonstrate this
by finding very low thermal hysteresis (AT) NiTi-based shape memory alloys, with
Tigso oNigg 7Cug gFe>3Pdg > possessing the smallest AT (1.84K). We synthesize and
characterize 36 predicted compositions (9 feedback loops) from a potential space
of ~800,000 compositions. Of these, 14 had smaller AT than any of the 22 in the
original data set.
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E. T. Jaynes: Confidence intervals vs. Bayesian intervals (1976), http://bayes.wustl.edu/etj/articles/confidence.pdf

T. J. Loredo: The promise of Bayesian inference for astrophysics (1992)
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プレゼンター
プレゼンテーションのノート
To explain the measured spectrum, we employ a physical model, which contains exciton peaks and background absorption.
For the exciton peaks, anti-symmetric Lorentzian functions are used and they have homogeneous broadening factors capital Γ.
The spectral functions for the background were well studied and we used them as they are.
Here, there are one important point to want to notice.
It is inhomogeneous width for the excitons peaks. 
As mentioned later, in the measured data, inhomogeneous broadenings are not avoidable.
And then we introduce the inhomogeneous broadening by convolution with Gaussian functions like this equation. 
It is a Voigt function.
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プレゼンター
プレゼンテーションのノート
This figure shows the summary of Bayesian spectroscopy for absorption spectrum of Cu2O.
Metropolis method was used for Bayesian inference.
The standard deviation of the noises was set to be this value and we have confirmed that this σnoise is balanced with the RMSD of the reproduced spectrum.
The right figure shows posterior probability distributions of the energy shifts of Eg and Ry from those in stress-free crystals.
And they are very narrow distributions. 
It mean that we can estimate Eg and Ry with high accuracies by Bayesian spectroscopy.
<click>
Such high accuracies can be realized by introducing these physical laws concerning the excitonic transitions.
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J. Computer-Aided Mol. Design 31, 379-391 (2017)
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DEMO: BAYESIAN MATERIALS DESIGN

» Data: 16,674 organic compounds in PubChem and DFT properties

SOFTWARE ‘igspr’

» Properties: HOMO-LUMO gap, internal energy
https://cran.r-project.org/web/packages/igspr/index.html

» Targeted regions: U, U,, U,

Initial structure Properties migration

; (HOMO-LUMO gap and internal energy)
Q9
---------------- Structural modification process s i < i
; P R
Q. ¢ -RC - L i S I DO PR
— 27|y w7 Y M
S/ e e /) /
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Fig. 4-a (left), 4-b (right) from lkebata et al., J. Compt. Aided Mol. Des., 2017

24


https://cran.r-project.org/web/packages/iqspr/index.html
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Difficulty of jumping up to an extreme property
region because of exceedingly low accuracy of
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) o _ _ Learning Process of lransfer Learning
Learning Process of Traditional Machine Learning

8

Different Tasks Source Tasks Target Task

X
3
et

S.J. Pan and Q. Yang, A Survey on Transfer Learning,

IEEE Transactions on Knowledge and Data Engineering, 22, 1345 (2010)
https://www.cse.ust.hk/~gyang/Docs/2009/tkde transfer learning.pdf
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1. H. Oda, S. Kiyohara, K. Tsuda and T. Mizoguchi,
Transfer Learning to Accelerate Interface Structure Searches
J. Phys. Soc. Jpn. 86, 123601 (2017)
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RE LD 2. T. Yonezu, T. Tamura, |. Takeuchi and M. Karasuyama,

Knowledge-Transfer based on Cost-effective Search for Interface Structures

arXiv: 1708.03130v1

multi-task ?

3. M. L. Hutchinson, E. Antono, B. M. Gibbons, S. Paradiso, J. Ling and B. Meredig,
Overcoming data scarcity with transfer learning
https://arxiv.org/pdf/1711.05099.pdf
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Mastering the game of Go with deep 1 O 360
neural networks and tree search

David Silver'®, Aja Huang1*, Chris I. Maddison!, Arthur Guez!, Laurent Sifre!, George van den Driesschel,

Julian Schrittwieser!, loannis Antonoglou!, Veda Panneershelvam!, Marc Lanctot!, Sander Dieleman!, Dominik Grewe!,
John Nham?, Nal Kalchbrenner!, Ilya Sutskever?, Timothy Lillicrap!, Madeleine Leach!, Koray Kavukeuogh!,
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Bayesian inference
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