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Discovery	
  of	
  new	
  functional	
  molecules	
  and	
  
materials	
  is	
  of	
  national	
  importance
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First	
  Principles	
  Calculations

• Full	
  configuration	
  interaction

• Wave	
  function	
  based	
  

• Density	
  functional	
  theory

• Semi-­‐empirical

• Empirical	
  potentials

Accurate,	
  Slow

Inaccurate,	
  Fast



Talk	
  Agenda:	
  
From	
  Prediction	
  to	
  Automatic	
  Design	
  	
  
• Prediction	
  of	
  d-­‐band	
  center	
  of	
  bimetals	
  (Takigawa et	
  

al.,	
  RSC	
  Advances,	
  2016)

• Automatic	
  Design	
  by	
  Bayesian	
  Optimization
– Optimization	
  of	
  grain	
  boundary	
  (Kiyohara et	
  al.,	
  JJAP,	
  2016)
– Design	
  of	
  Si-­‐Ge	
  nanostructures	
  (Ju et	
  al.,	
  in	
  submission)	
  
– COMBO:	
  Fast	
  python	
  library	
  for	
  Bayesian	
  opt.	
  (Ueno	
  et	
  

al.,	
  Mater.	
  Discov.,	
  2016)	
  

• Automatic	
  Design	
  by	
  Monte	
  Carlo	
  Tree	
  Search
– Designing	
  optimal	
  RNA	
  sequences	
  (Yang	
  et	
  al.,	
  in	
  

submission)
6



Prediction	
  of	
  d-­‐band	
  center

• Catalytic	
  bimetals:	
  host and	
  guest metals
– Doped	
  in	
  the	
  surface
– Surface	
  monolayer

• Binding	
  between	
  a	
  metal	
  surface	
  and	
  an	
  
adsorbate	
  depends	
  on	
  the	
  electronic	
  structure	
  
of	
  the	
  metal

• D-­‐band	
  center	
  =	
  key	
  indicator	
  of	
  catalytic	
  
activity



D-­‐band	
  center	
  (Doped)
Mg Mh Fe Co Ni Cu Ru Rh Pd Ag Ir Pt Au

Fe -­0.92   -­0.87   -­1.12   -­1.05   -­1.21   -­1.46   -­2.16   -­1.75   -­1.28   -­2.01   -­2.34  

Co -­1.16   -­1.17   -­1.45   -­1.33   -­1.41   -­1.75   -­2.54   -­2.08   -­1.53   -­2.36   -­2.73  

Ni -­1.20   -­1.10   -­1.29   -­1.10   -­1.43   -­1.60   -­2.26   -­1.82   -­1.43   -­2.09   -­2.42  

Cu -­2.11   -­2.07   -­2.40   -­2.67   -­2.09   -­2.35   -­3.31   -­3.37   -­2.09   -­3.00   -­3.76  

Ru -­1.20   -­1.15   -­1.40   -­1.29   -­1.41   -­1.58   -­2.23   -­1.68   -­1.39   -­2.03   -­2.25  

Rh -­1.49   -­1.39   -­1.57   -­1.29   -­1.69   -­1.73   -­2.27   -­1.66   -­1.56   -­2.08   -­2.22  

Pd -­1.46   -­1.29   -­1.33   -­0.89   -­1.59   -­1.47   -­1.83   -­1.24   -­1.30   -­1.64   -­1.66  

Ag -­3.58   -­3.46   -­3.63   -­3.83   -­3.46   -­3.44   -­4.16   -­4.30   -­3.16   -­3.80   -­4.45  

Ir -­1.90   -­1.84   -­2.06   -­1.90   -­2.02   -­2.26   -­2.84   -­2.24   -­2.11   -­2.67   -­2.85  

Pt -­1.92   -­1.77   -­1.85   -­1.53   -­2.11   -­2.02   -­2.42   -­1.81   -­1.87   -­2.25   -­2.30  

Au -­2.93   -­2.79   -­2.93   -­3.01   -­2.86   -­2.81   -­3.39   -­3.35   -­2.58   -­3.10   -­3.56  

B. Hammer and J. K. Nørskov, Adv. Catal., 2000 



D-­‐band	
  center	
  (Monolayer)
Mg Mh Fe Co Ni Cu Ru Rh Pd Ag Ir Pt Au

Fe -­0.92   -­0.78   -­0.96   -­0.97   -­1.65   -­1.64   -­2.24   -­2.17   -­1.87   -­2.40   -­3.11  

Co -­1.18   -­1.17   -­1.37   -­1.23   -­1.87   -­2.12   -­2.82   -­2.53   -­2.26   -­3.06   -­3.56  

Ni -­0.33   -­1.18   -­1.29   -­1.17   -­1.92   -­2.03   -­2.61   -­2.43   -­2.15   -­2.82   -­3.39  

Cu -­2.42   -­2.29   -­2.49   -­2.67   -­2.89   -­2.94   -­3.71   -­3.88   -­2.99   -­3.82   -­4.63  

Ru -­1.11   -­1.04   -­1.12   -­1.11   -­1.41   -­1.53   -­1.88   -­1.81   -­1.54   -­2.02   -­2.27  

Rh -­1.42   -­1.32   -­1.39   -­1.51   -­1.70   -­1.73   -­2.12   -­1.81   -­1.70   -­2.18   -­2.30  

Pd -­1.47   -­1.29   -­1.29   -­1.03   -­1.94   -­1.58   -­1.83   -­1.68   -­1.52   -­1.79   -­1.97  

Ag -­3.75   -­3.56   -­3.62   -­3.68   -­3.80   -­3.63   -­4.03   -­4.30   -­3.50   -­3.93   -­4.51  

Ir -­1.78   -­1.71   -­1.78   -­1.55   -­2.12   -­2.14   -­2.53   -­2.20   -­2.11   -­2.60   -­2.70  

Pt -­1.90   -­1.72   -­1.71   -­1.47   -­2.13   -­2.01   -­2.23   -­2.06   -­1.96   -­2.25   -­2.33  

Au -­3.03   -­2.82   -­2.85   -­2.86   -­3.09   -­2.89   -­3.21   -­3.44   -­2.77   -­3.13   -­3.56  

B. Hammer and J. K. Nørskov, Adv. Catal., 2000 



Machine	
  Learning	
  
• Randomly	
  partition	
  d-­‐band	
  centers	
  into	
  
training	
  /	
  test	
  sets

Guest  metals

H
os
t  m
et
al
s



Descriptors	
  (Host	
  &	
  Guest)

• Group	
  (G)
• Bulk	
  Wigner-­‐Seitz	
  radius	
  (R)	
  in	
  Å
• Atomic	
  number	
  (AN)
• Atomic	
  mass	
  (AM)	
  in	
  g	
  mol-­‐1

• Period (P)
• Electronegativity	
  (EN)
• Ionization	
  energy	
  (IE)	
  in	
  eV
• Enthalpy	
  of	
  fusion	
  (∆fusH)	
  in	
  J	
  g-­‐1

• Density	
  at	
  25	
  C	
  (ρ)	
  in	
  g	
  cm-­‐3



Methods	
  Used
Abbreviation Method Tuning parameters [tested range]

Linear Methods

OLS Ordinary least squares
regression

(No tuning parameters)

PLS Partial least squares
regression

n_components ∈ [1,2,…,# of vars]

Nonlinear Methods

GPR Gaussian process regression
theta0 ∈ [1.0,10-­1,10-­2,10-­3,10-­4,10-­5]

GBR Gradient boosting regression
learning_rate ∈ [1.0,10-­1,10-­2,10-­3,10-­4,10-­5]
max_depth ∈ [4,6,8,10]
n_estimators ∈ [100,250,500]
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Variable	
  Importance	
  in	
  Gradient	
  Boosting	
  Regression

0 0.02 0.04 0.06 0.08 0.1
Importance  of  descriptor

Guest

0 0.02 0.04 0.06 0.08 0.1
Importance  of  descriptor

Group
Bulk  Wigner-­Seitz  radius

Atomic  Number
Atomic  Mass

Period

Enthalpy  of  fusion
Ionization  energy
Electronegativity

Density  at  25  oC
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  6	
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‘Doped’	
  Averaged	
  100	
  Times	
  (25%	
  hidden)
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  Top	
  Descriptors	
  Only
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   0.16± 0.04	
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‘Doped’	
  averaged	
  100	
  Times	
  w/	
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  6	
  descriptors

Changing	
  Train/Test	
  Fraction

0.18±0.04	
  eV	
   0.23±0.05	
  eV	
   0.38±0.07	
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Automatic	
  Design	
  by	
  Machine	
  
Learning

Machine	
  
Learning

Simulation
(DFT	
  etc) Experiments

Experimental	
  Design

Features



Screening	
  by	
  first	
  principles	
  
calculations	
  alone
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First	
  Principles	
  Calc.
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2
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3
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4
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6
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7

Score	
  
8

Score
9

Score	
  
10
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Bayesian	
  Optimization
(Jones	
  et	
  al.,	
  1998)

• 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)

Mat.
１

Mat.
２

Mat.
３

Mat.
８

Mat.
４

Mat.
５

Mat.
６

Mat.
７

Mat.
９

Mat.
１０

Score	
  
1

Score	
  
2

Score	
  
3

Score	
  
8

Pred.
Score
4

Pred.
Score
5

Pred.
Score
6

Pred.
Score
7

Pred.
Score
9

Pred.
Score
10

First	
  Principles	
  Calc.

Var.	
  
4

Var.	
  
5

Var.	
  
6

Var.	
  
7

Var.	
  
9

Var.	
  
10

24



Where	
  to	
  observe	
  next?

M
easured	
  Value

Explanatory	
  Variable

Current
Maximum
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Gaussian	
  Process

26

Current
Maximum

Explanatory	
  Variable

M
easured	
  Value



Maximum	
  probability	
  of	
  improvement

27Explanatory	
  Variable

M
easured	
  Value

Current
Maximum



dx

dy

dz

Grain  boundary  structure  determination  
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Choose	
  optimal	
  translation	
  parameters	
  
(dx,	
  dy,	
  dz)	
  to	
  minimize	
  the	
  grain	
  
boundary	
  energy	
  



Acceleration	
  of	
  Discovery

Cu	
  [001]	
  (210)	
  Σ5	
  grain	
  boundary

(a)

Exhaustive	
  calculations	
  

GB energy=0.96J/m2

Number	
  of	
  energy	
  calculations	
  
＝16,983

S.	
  Kiyohara et	
  al.,	
  Jpn.	
  J.	
  Appl.	
  Phys.,	
  2016.

1.5

1.0

0 4000 8000 12000 16000
G

B 
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 /J
/㎡

Number of calculations

Conventional method
Kriging

(b)

Bayesian	
  optimization
GB energy=0.96J/m2

Number	
  of	
  energy	
  calculations
＝69
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(a)

x/Åz/Å

y/
Å

(b)
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Department	
  of	
  Mechanical	
  Engineering, Thermal	
  Energy	
  Engineering	
  Lab 31

Design nanostructures for phonon transport 
via material informatics

Interface  materials

High  Conductance

Thermoelectric Thermal  barrier  coating

Low  Conductance

Ø low  developing  efficiency
Ø high  experimental  cost
Ø long  calculation  time

q various	
  parameters	
  
q parameters	
  effect	
  coupled
q transport	
  vs	
  local	
  atomic	
  configurations
q interference/resonance	
  effects	
  

Interface	
  structure	
  design	
  has	
  wide	
  application	
  in	
  thermal	
  devices.	
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Alloy	
  Structure	
  Optimization

Case 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
1 1 1 1 1 1 1 1 1 0 0 0 0 0 0 0 0
2 1 1 1 1 1 1 1 0 1 0 0 0 0 0 0 0
3 1 1 1 1 1 1 1 0 0 1 0 0 0 0 0 0
… … … … … … … … … … … … … … … … …

Descriptors:

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

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

870,128
16 =C

Optimization method: Thompson Sampling (Bayesian Optimization) 
Evaluator: Interfacial Thermal Conductance (ITC)

Si/Ge alloy regionLead Lead

1

2

3

4
5

6

7

8
9

10

11

12
13

14

15

16y

z
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Alloy	
  Structure	
  Optimization

ITC Si-Si Si-Ge

Max

Min

Optimal	
  structures	
  were	
  obtained	
  by	
  calculating	
  only	
  3.4%	
  of	
  all	
  candidates.
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Superlattices	
  Structure	
  Optimization

Topic: Arrange 10-layer superlattices structure (5 layers Si + 5 layers of Ge) between
Si and Si to obtain minimal thermal conductance (1 layer thickness = 5.43 A)

Case 1 2 3 4 5 6 7 8 9 10
1 1 1 1 1 1 0 0 0 0 0
2 1 1 1 1 0 1 0 0 0 0
3 1 1 1 1 0 0 1 0 0 0
… … … … … … … … … … …

Descriptors: 2525
10 =C

Best Structure:

Si/Ge superlattice regionLead Lead
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Superlattices	
  Structure	
  Optimization

Layers Si-Si
Si:Ge=1:1

Si-Si
Si:Ge=no limit

Si-Ge
Si:Ge=1:1

Si-Ge
Si:Ge= no limit

8 11000101
(70)

11101101
(256)

10100110
(70)

10100110
(256)

10 1101010001
(252)

1110110101
(1024)

100010110
(252)

100010110
(1024)

12 101100100101
(924)

110110101001
(4096)

100101010110
(924)

100101010110
(4096)

14 11011000101001
(3432)

11001010110111
(16384)

10011001010110
(3432)

10010101101110
(16384)

16 1100010010110101
(12870)

1100101110110101
(65536)

1010110110010010
(12870)

1001010101101110
(65536)



Why	
  aperiodic patterns?

Layer	
  thickness

Number	
  of	
  interfaces

Conflict

Ju et	
  al.,	
  Arxiv 1609.04972,	
  2016



COMBO:	
  COMmon Bayesian	
  
Optimization	
  Python	
  Library	
  
https://github.com/tsudalab/combo

• Fast	
  learning	
  by	
  Thompson	
  sampling,	
  random	
  feature	
  
maps,	
  one-­‐rank	
  Cholesky update	
  

• Automatic	
  hyperparameter initialization	
  &	
  update
• Multi-­‐probe	
  design	
  

Ueno	
  et	
  al.,
Materials	
  Discovery,
2016,	
  published	
  online.



GP	
  =	
  Random	
  Feature	
  Map	
  +	
  
Bayesian	
  Linear	
  Regression	
  

• Gaussian	
  process	
  (GP)	
  is	
  slow	
  O(n3)	
  due	
  to	
  the	
  
use	
  of	
  kernel	
  function

• Approximation	
  by	
  random	
  feature	
  maps	
  
(Rahimi and	
  Recht,	
  NIPS	
  2007)

ω is	
  	
  a	
  vector	
  of	
  random	
  samples	
  from	
  unit	
  Gaussian	
  distribution
b is	
  drawn	
  uniformly	
  from	
  [0,2π]



Computational	
  Time	
  of	
  COMBO

Number of Experiments
0 500 1000 1500 2000 2500 3000

T
im

e
 (

se
c)

×104

0

0.5

1

1.5

2
#Features: 2000
#Features: 5000
scikit-learn



RNA	
  Inverse	
  Folding
• Design	
  RNA	
  whose	
  structure	
  matches	
  target
• 4n candidates:	
  Too	
  many	
  for	
  Bayesian	
  Opt

Target Structure AAAAGUAAACAAUAUUAUUGUCAUGAAUUCC
UUUUUUAUUGGGAUAAUACUUUA



Monte	
  Carlo	
  Tree	
  Search



Monte	
  Carlo	
  Tree	
  Search

• Candidates	
  at	
  leafs	
  of	
  
search	
  tree

• Reward	
  at	
  leafs:	
  Energy
• Score	
  at	
  intermediate	
  
node	
  by	
  Playout
– K	
  random	
  traverses	
  to	
  
leafs

– UCB	
  score:	
  Average	
  
reward	
  +	
  Penalty



MCTS-­‐RNA	
  and	
  Existing	
  Tools



Comparison	
  with	
  antaRNA





Conclusion

• Machine	
  learning	
  techniques	
  combined	
  with	
  
first	
  principles	
  calculation	
  have	
  enormous	
  
power	
  

Machine
Learning

Simulation
(DFT	
  etc) Experiments

Experimental	
  Design

Features


