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Q: How do we accelerate the process of selecting
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Q: How do we accelerate the process of selecting
chemistry, composition, processing conditions to
find materials with targeted properties ?
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Q: How do we accelerate the process of selecting
chemistry, composition, processing conditions to
find materials with targeted properties ?
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Materials discovery involves small amounts of data:
 Uncertainties, Multicomponent, vast search space
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« Search for better Pb-free piezoelectrics

Computational Design Experimental Design

AB03 (a)

Liu and Ren, 2009

d 200

Screen for ol Cowe
B perOVSklte 15 122_ / Tetragonal
Compounds § _52: Rhombohedral a
A § -100 lﬂr" a
-150 — g
) %510 20 30 40 0 e‘oL. 70 dsg 962010059/
. w BzT-BCT Liu and Ren,
Chemical space of 63 = 3969 Ba(Tig sZro.) Os (B, Cag5)TiO,
99 Nonmetallic Ba(Ti,.,X,,)05;-x(Ba,_,Y,)TiO;

o n=0.12 ; m=0.30 n=0.18 ; m=0.40
A >025eV

G100 ' ga—a—o8 (:;)ED/
"‘:. N7 5 N7
> ~ I
Small AE for T :

distorted phases|

, Temperature (

.0 0.2 0.4 0.6 0.8 1.0 158.0 0.2 0.4 0.6 08 1.0
; BTS-xBCT BTS-xBCT
Armiento et al. PRB (2011) - 49 across MPB Yue et al, 2015
/Lot Alamos AE <05eV 20 — 30 samples, search space ~ 103
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’ffv Adaptive Learning for materials discovery
* iteratively improve predictions
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0‘%~u Adaptive Learning for materials discovery

* iteratively improve predictions

Q

Domain knowledge _»[ ]
Physics models Surrogate model

LDRD: 20140013DF

A : %
I l n y(X) /GJ‘
1/ a
1| 7
] MATERIALS Optimal
Data PROJECT, OQMD C exper imental
AFLOWLIB e JCOmputations design

| O
« Current state of art single Materials
steps (5to2,21to4 or4to5); 5
No inner feedback loop SynthESIS and
characterizatio

7 f
Success . W W
| Global search in high-dimensional space: ‘Exploit vs Explore’ T2 3 4"
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Bayesian Global Optimization large scale
computational tasks OR experiments

Preliminary Experiments
Variables
Initial Designs

v

Response[ Surrogate J
surfaces

model
{ D)

Value of Information (Howard’ 65)

Bayesian
New
y designs

___Infill points

J

$x

( )
Function |Hligh fidelity, Expensive
Evaluation| Computer Calculation

\. J/

Utility functions (Lindley’ 55,°72)

Bayesian Optimization

P[] Kushner’64 Measurement Policies
E[I] Mockus’78 Online: bandit problems
E[l¢] Jones’88 Offline :ranking and selection

Knowledge gradient (Powell) : stochastic search

Probability Collectives
(Wolpert’98)
Constraints,
Multiobjective, Mean Obijective Cost

Multifidelity of Uncertainty (MOCU)

Parallel function (Dougherty’2013)

evaluations TL. etal, Curr Opin in Sol Stat and Mat Sci.’ 2016



‘>U<U~ Design of Experiments (DOE)

g
Guide choice of experiments in an efficient manner

Factors X1,... Xk 2> Y

Designs

Randomized Complete Block

Factorial: Full, Fractional, Composite
: Box-Behnken

Random

Latin HyperCube

Mx
Optimal Design : Find sample to optimize Y —
— - — T ¥)-/
v =fy(x) L e | e~MO0o) |Var(8)= (XX Var(y) = o (XTX)'x
- nT Optimal design  Objective
yi=0'x*e ) —
A-optimal minimize trace {Mx }
1
D-optimal minimize {detMx} 7
° h?gﬁ@ﬂ}%% Santner etal. 2003 |, ., assiriep |E-optimal minimize max eigenvalue {Mx_'}
sT.1943 : : G-optimal minimize max var {f (x)} ,x € R
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Experimental design via Bayesian Optimization

s
xeACR®

Step 1: Estimate objective ¥:i = f(xXi) +¢&;

Data Dl:t = {Xlzt, f(Xl;t)} p(xs) +o(x3) —

p(x;)

. p(xz)

/

P(f|D1:t) < P(D14|f)P(f) \1&&/

T o) —o(x,)

Gaussian f(x) ~ GP(m(x), k(x,x")) u<x1>—o(<'
process O’Hagan, 70
P(ft+1|D1:t, xt41) = N (Ht(xt+1),~.0t2(xt+1))
Posterior
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Choose next point to maximize uncertainty:
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Step 2: Sample with utility function

x¢ = argmax, u(x|D1.4_1)

actual
predicted —

max-SD i=0

i=1

i=2

i=5

0

5 0 15 20 25 30

Choose next point to minimize uncertainty:

(150 data points, 3 in training set.)

Min-SD i=0

i=2

0 5 10 15 20 25 30
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Utility functions: encoding decision criteria

Expected Improvement - EGO (Kushner, Mockus, Jones)
Expected Quantile Improvement (Picheny)

Lower or Upp. Confidence Bounds (Cox and Johnson, Srinivas)
Sequential Kriging Optimization (Huang)

Knowledge Gradient (Powell, Frazier)

Mean Objective Cost of Uncertainty (Yoon, Xian, Dougherty)

Maximum Variance

o Loat; Alaomcoas
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Results
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Results

MAE =

N

train

=sample 3

QQMYi—
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. S froe Y
Expected improvement | 3
Mockus’78, Jones’88 E) ¢

£
Improvement: I(x)=max(Y - f, ,0) ‘S I I A
= Y

EL(0)]= [ (V= £, )P(Y 1x)dY =
Fonnn N N(}, \02) U Candidate materials, x
— (j"_fmax)q)(y_fmax )+o.¢(y_fmax )
(o) o)

Choose sample with largest “Expected Improvement”.  xi = argmaxx [E(I(x))]

Limiting cases:

small & E— j\’ _ f Choose jfbetter than best-so-far fmaX
max Exploitation (local, utilize model)

Large O E—>o Choose j‘; with largest uncertainty O

Exploration (9/obal, improve model)
> Los Alamos
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Mean Objective Cost of Uncertainty

Identify experiment expected to maximally reduce MOCU one step ahead

6 Unknown parameters

c Characterizes an experiment
e.g. material composition

Assume cost function, g(6;c)

/ .
If @ known, then the optimal material would be Cgp = argININ g(QB C)
ceC

!/ .
If @ unknown, then the robust material is ¢’ = arg minky [g(9; C)]
ceC

Expected Loss in using MOCU = Eg [9(05 Cl@) — g(0; C”)]

robust instead of optimal

J \

Y Y
Property of optimal Property of IBR
material at state 8 material across all 8

Dehghannasiri, R., Yoon, B-J., and E. R. Dougherty, “Optimal Experimental Design for Gene Regulatory Networks
in the Presence of Uncertainty,” [IEEE/ACM Transactions on Computational Biology and Bioinformatics, 2016
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MOCU: Selection of next experiment

=  Experiments C1,02,C3,etc Qutcomes: C1,C2,C3

Remaining

after outcome ¢ MOCU = E9|C’i:c¢ [9(95 C//) - g<9§ Cl@)]

Conditional . _ |
di(S)E‘it;lIJ(t)igi f (9|C7’ — C’L) Using B}Y(GZ] ;t)ﬁam

Expected remaining MOCU given that experiment C; undertaken:

MOCU; = E¢,Eg|cize,[9(0; ¢") — g(0; ch)]
c; = arg min M OC'U;

1€1,..n
S LUS AIAITIVUS
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Contents lists available at ScienceDirect

Computational Materials Science

journal homepage: www.elsevier.com/locate/commatsci

Optimal experimental design for materials discovery

Roozbeh Dehghannasiri *"*, Dezhen Xue““, Prasanna V. Balachandran ©, Mohammadmahdi R. Yousefi ©,
Lori A. Dalton ®', Turab Lookman “*, Edward R. Dougherty *>*

Problem: Minimize energy dissipation by selecting optimal dopants
in as few experiments as possible

energy dissipation
energy dissipation

@ @
£ 2
[} w
strain x| strain "

Use physics based model as surrogate for objective:

g(h,o,c;b):max( L ,O),

(bith+b26+ bsho +bs)c+bsh+bea +b7ho + bg

» Los Alamos

NATIONAL LABORATORY UNCLASSIFIED 2016 Materials for the Future

EST.1943

Operated by Los Alamos National Security, LLC for NNSA ) V| VD o))
T A" R~



Active learning loop

Chosen measurement

Prior fyz(h, o) Experimental

design

i, c*

>

Posterior fyx(h, o|X;« .+ = X)

Robust material

Conducting
measurement

(01X cr = £),¢(B]Xj o+ = %)
—

» Los Alamos
NATIONAL LABORATORY
EST.1943
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[ Training data ]

( Data fitting ]
posterior distribution

material with low energy dissipation

prior distribution

Prior knowledge

fitted model

[Update prior distribution) (Experimental design]

outcome chosen measurement
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30

S e o ——= i7

—&— Proposed

—%— Pure exploitation
—®— Random selection
= = = Optimal material

Average energy dissipation
N
(&)

16k = = = Y N Ny Sy iy S
0 1 2 3 4 5 6 7 8 9 10
Number of measurements
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‘éé“ Optimize codes: LED structures for
highest efficiencies at high currents

- 3 Quantum Features:
z . ] c
GaN:Mg p-AlGaN N APSYS barrier height
o Efficiencies @ | code |<= 5 quantum wells
InGaN:Si i|\ Iunrg:rg(?:ell
3 ::rn‘;jg::iarrier .
Gan:si g -Gaussian Process + EGO
’ Sapphire - 0.8 | ! 1 | 1
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€ Fhand il 12 07F S 07} -
& i NA1E - -
i 1 E" A 0.6 If 4 o6} f -
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0 25 50 75 20 30 40 s0 60 70 9 F ¥ & . - ;‘ 7
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Operated by Los Alamos National Security, LLC for NNSA 04 0.5 0.6 0.7 0.8 0.4 05 0.6 0.7 0.4
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Examples

Use theory with data

Data-driven ~—— Experiments Experiments

FI

Strategy: Tisg Nis.x.y.. Cu, Pd, Fe, O MMUNICATION
Total possibilities: 800,000 (22 known] o<

~

X%ENR ALS

www.advmatde

1(R T
I 'r:__,“u» e e

R . .V \f(
Target: Minimize Thermal Hysteresis Accelerated Discovery of Large Electrostrains in BaTiO;- \ J X
Based Piezoelectrics Using Active Learning diI;grazfx%s Features It‘i‘lggf;‘
L J

|
(Baygg_, Ca St NThg, -, 21,5n,)Os

Augment dataset

=1 | § ¥ Predict new
— }’ £ phase boundarles
= Largest = ( —
b Feedback from experiments: augmented dataset with 4 new alloys e|eCtrOStl’aIn p— —
,A‘ ‘ == .1 | Perform
Compositions _— R E experiments
=] O -
b * gdai;{ A
& */ \f( ~od¢— Trade-off g ‘
.BED N = / \“o,\,,\* ¢ BZT-xBCT
s o—q P H T3 tmhinminede
§a|o f’\f* o—® - Exploration E i
§ JO\ A ’ ’/\\, > u
= 0.05- A N —g
. - o8 W - Trial and error
36 experiments e
14 with superior properties e
Xue et al., Nature Comm., 2016 Yuan et al., Advanced Materials, 1702884 2018 B L I
Xue et al., PNAS, 2016
)
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Computations

Predict new materials Multi- fidelity data Accelerate codes

Ruddlesden-Popper Phases
PP lower accuracy 3
o
o1 02 03 cheaper accurdcy [ ] z AIGaN
Y p-AlGal
: comparable to GaN:Mg g
gAﬁaﬂ;:?neory mﬁzg{ﬁ:s zﬁg‘m theory WIth fewer p . ABB'X, p-AlGaN >
Structural ) ) Chemical ( Enemenz:k Materials higher accura cy expenSIve % ‘ ) . I( und d
crierion | ( criterion ) ) Stabitty g discovery expensive 3%4; B InGaN:Si ,_I(~L InGaN well
4
doped
< Build BBgs distortion 1< Structural Iibrangs 1 Compute energies of structures z) ;‘::)(?: : barrier
q:::::,‘;:r::.mg : :z:‘si::::::::mng | Evaluate properties and descriptors GaN:Si %
and minimal space +<IPrincipal comy nt analysis —— .
o Prncpalcomganent a’" a Contours: Number of HSE06 Bandgap Training Data Points (n,)
Sapphire
. JU. . S, 0.45 =
e it o trte e e e
0.40

- Quantum APSYS
| Efficiencies| (8| code

=)

N

o]
o
3

a

g 025 —

o @ ]
0.20 g o7 )

= 5

£ 06 508 1

< |
0.15 2 20T ]

Zos Eoos|- 14

2 1

2 : LAAANNA
0.10 o 04 T om0

.

Number of PBE Bandgap Training Data Points (n.)

L ' ’ i ’ . l(l)O - 150
o ctive leaming step
(ng-n,) vduc et al., Sci. Rep, 2016, APL ZOJ

alachandran et al., Nature Comm., 2017 Pilania et al., Computational Materials Sci, 2017
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Example:

Find NiTi alloy with lowest hysteresis

i
]
i Thermal > >
: hysteresis 3 J AT Desire 3 /\
’ T i ju—
uu. I = = :
T =iy =iy
] z
! . Temperature Temperature
Onginal Deformed QOriginal
Shape Shape Shape

Strategy:Tis, Nis.,.,., Cu, Pd, Fe,

Search space of multicomponent alloy ~800K
22 training samples (.003%) with measured AT

Periodic Table of the Elements

T
uuuuuu

--------

x<20%,y<5%,z<20%
50—x—y—-2z230% 23

Composition control 0.1%
= e - B .

» Los Alamos

NATIONAL LABORATORY UNCLASSIFIED

TN
&, N 0
0 Cycle1
-10 Cycle60 %;
fa)

60 80

Knowledge:
Transition temperatures influenced
by valence electron concentration

*  Hysteresis influenced by atomic size

. Relative stability influenced by
changes in electron number

Features:

Valence electron number

Radii: metallic, Clementi, Zunger
Electronegativity

Pettifor Chemical scale

Each Tig, Niso,,., Cu, Pd, Fe, weighted
fraction of features

EST.1943
Operated by Los Alamos National Security, LLC for NNSA
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Adaptive Design for Alloy Discovery

Feedback from experiments: augmented dataset with 4 new alloys

1 2 34
Compositions

- Features Inference Unexplored Alloys Design

“ ‘|‘E_’Cj_’

| Alloy Dataset

|

Experiments

S w v -

@ (i) (iif) (iv) V)
TisoNiso-x-y-zCuxFe,Pd, @ Valence electron number e Train model for TisoNiso-x-y-zCuxFe,Pd, @ Choice of candidate
e 22 initial alloys ® Pauling electronegativity predicting AT o 797,482 alloys with alloys for experiments
e AT measured e Pseudopotential radius from features features
e Metallic radius with associated e AT predicted from model
* Atomic radius uncertainties with uncertainties
e Pettifor chemical scale o x <= 20%
oy <=5%
®z<=20%

® 50-x-y-z >= 30%
Xue et al., Nature Comm., 2016

°
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Experiments

Melting M Heat treatment

J Vacuum system

Quartz tube

g Thermal
°F hysteresis

Heat Flow

1
100
Temperature (°C)

» Los Alamos

NATIONAL LABORATORY
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Material Performance for Synthesized Alloy

vy

(3]
T

1 0.02K

| cycle 60—=/= cycle 1

——

AT

Heat flow (w g™)
o

1
(3)]

2791 279.2 279.3 2794

60

1.84K

276 278 280 282 284 286

TisoNiyg ,Cug sPdy 5Fe; 3

(42% improvement)

Temperature (K)

9 loops, 36 predicted and synthesized
14 better than 3.15K, p value < .001

TABLE | | Five new best alloys, which were found in iterations 6 and 7, amongst 14 with the lowest AT. From a
total of 9 iterations, which resulted in 36 new alloys, 14 had a AT smaller than 3.15 K, the lowest in the original training set of 22. Transformation
temperature is given by the endothermic peak in the DSC curve.

Iterations Composition

AT (K) Transformation temperature (K)

6 Ti50.0Nig6.8Cug.oFes oPdos 2.64 289.95
6 Ti50.0Niqa.2Cuys oFes gPdp1  2.53 243.43
6 Tis0.0Nisg 7Cug gFeo aPdoo  1.84 281.77
7 Tis50.0Nigs.1Cug.oFe1 sPdo2  2.09 301.86
7 Tis50.0Nig6.5Cu1.1Feo oPdp 2 2.32 283.79




150 -
IUM -

u—

- 100 +—

) -

-

9 .

ke,

qJ —

p

0 -
50

1

1

Blue: in-sample

1

L
1

I 1

| I I I I 1 1 I

k=34 |
next selection

Green: out-of—samplé

l 1 1 1 1 l 1 1 1 1 l

O 1
0

» Los Alamos
NATIONAL LABORATORY
EST.1943

50 100 150
True

ow good does the model have to be ?
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Piezoelectrics

Elastocaloric

Applications

Mechanical

Magneto-electric

Piezoelectric Applicatio

Automoti Commercial
AL Hydrophones

Spark Ignition o

Fuel Atomization Production sensors

Knock Sensors e

Tire Pressure Security

Safety/Security Alarms Robotics/Toys

Soupd Systems Game machine

Motion sensor Massagin

: . ging

Consumer Goods Medical

Telephone Ringers
Speakers

Humidifier Atomizers
Smoke Detectors
Automatic Lighting
Security Systems
Jewelry Cleaners

» Los Alamos

NATIONAL LABORATORY

EST.1943

Fetal Heart Monitors
Blood Flow Diagnosis
Flow Meters/Controls
Insulin Pumps
Vaporizors / Nebulizers
Ultrasonic Surgery
Ultrasonic Imaging

Industrial
Ultrasonic Cleaning
Ultrasonic Welding
Ultrasonic Machining
Flaw Detection
Pneumatic Valves

Computers
Ink Jet Printers
Disk Drive
Keyboards

Aerospace/
Defense

Sonar
Hydrophones
Ring Laser Gyros

Electrical energy




an | | -
@ Search for BaTiO3 based solid solutions with

relatively large electrostrains

%<

100—-x—-y 260% x <40% y <30%

(BaIOO—x—ycaxSr y )T, 21,5n,) O
100—u—v=>260% u <30% v<30%

el

4Known (61) 0

,
y !
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Experiments - fabrication

Conventional solid-state reaction method 150

5 Cubi
Standard, but 100 = umte
one composition in : -
the phase diagram  [R=k '

materials

needs the whole 0 Tetragonal

procedure
milling >
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Ball BTS-xBCT
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emperature ( °C)
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T

Not high throughput

Two days for four samples

High dopant concentration samples need to tune
the sintering conditions
@A'ams LDRD—

sres —Lju, X Ren. Physical Review Letters (2009); D Xue, et.al Applied Physics Letters (2011); C Zhou, et. al Applied Physics Letters (2013)



Experimental Comparison of design strategies :
Search for BaTiO3-based large electrostrains

1

* Electronegativity A
* lonic radius
* Volume )
+ lonic displacements [y
Polarization —— >

* Dopant effects on transitions

Success?

Input dataset .

Material features, x Targeted property, y

Strain

m

Feedback:
Augmented
dataset

5
Synthesis and characterization \

2

Statistical Inference and machine learning

y = f(x) + uncertainties

~ 605000 possible
compounds

Design and optimization: choice of \
candidates for next experiment

Exploitation

Four

Exploration

recommended

Trade-off between

synthesis and

exploitation &exploration

characterization
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3
samplesfor
)
N

Random Selection

]
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= Comparison of BCT-BZT based piezoelectrics

(Bay g4Cay 16)(Tig 99214 10)O5
(Bay g,Cay 15)(Tig 99210 19)O;3

» Los Alamos
NATIONAL LABORATORY
EST.1943

Operated by Los Alamos National Security, LLC for N

a
(Bay 3,Cay ;6)(Tiy g9Zrg 47500 03)O;

0.30

0.20

Strain (%)

0.00
-0.05

0.25}

0.15;
0.10¢
0.05

-B-BCT-0.5BZT
-l-0at% Sn
- 3at% Sn

20 10 0 10 20
Electric field (kV/cm)

—/\-0at% Sn -4 3at% Sn
| 5 BCT-0.5BZT | ,04*
LA

WY

—A-5kV/cm
—A-10kV/cm
—A-15kV/icm

20kV/cm

—A-30kV/cm
15 20 25 30 3¢

10

5
Electric field (kV/cm)

b 0.24

34

w
N
0O roninn width (oC)

w
o

2 3
Sn content (%)

ADVANCED
MATERIALS

www.advmat.de

COMMUNICATION

Materials Discovery

Accelerated Discovery of Large Electrostrains in BaTiO;-
Based Piezoelectrics Using Active Learning



@ o
Accelerated search for BaTiO5-based piezoelectrics

with vertical morphotropic phase boundary using
Bayesian learning

5®  Dezhen Xue*®, Prasanna V. Balachandran®, Rulhao Yuan®, Tao Hu, Xlaoning Qlan, Edward R. Dougherty®,

Example: Importance of Knowledge i s

—_ University, XIan 710049, China: and “Department of Electrical and Computer Engineering, Texas A&M Uniersity, College Station, TX 77843
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Approach

triple point
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Learning from theory + data

x(Ba1 —mcam)TiOa.—Ba(Zl’nTi 1 —n)Os

18%<m < 50%; 15% <n <30%
(1200 phase diagrams)

-Features:
- Order parameters: Polarization, Strain
AV=V, -V, u.,u,
R +R A,
f = RR+R eff _nucl Benc elec_neg Ben
B 0 R R

-Training data: 19 phase diagrams

7= f(Tc.a,.a4.-:Pg>Pr)
= Prior distribution subject to constraints

- Take samples from posterior
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Predictions/ synthesis from model + data

prediction from intial training data

Best in the training data:

g i — Ba(Zr,,Tiy )O3 — (Bay;Cay3)TiO;
g‘ New Prediction:

Ba(Zry3Tiy ;)03 — (Bay5Cay5)TiO;

L\\

BZT-xBCT

prediction from updated training data
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Challenges — Path forward

m No free lunch theorem ! (Wolpert, 98)
= Integrate physics models

= Guiding principles for different classes of
problems (materials, ..)

- Los Alamos
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What Problem are we Trying to Solve?

* Plastics—synthetic polymers made from petrochemicals—have revolutionized

our society.

* However, plastics are over-engineered for durability, and plastic pollution is

now a scourge on our planet.

* We propose to help solve this problem with an

innovative process to discover,

design, and develop new biopolymers with improved functionalities, balancing
durability with faster degradability in the environment.

e Use biology as a template for new chemistries.

The Plastic Lifecycle. Top: Past: Cradle to
Grave. Plastic from petroleum is used for most
packaging, but ends up in landfills or in the
environment. Bottom: Future: Cradle to Cradle.
Algae can be used to produce bio-based
plastics. Along with improved recycling
methods (e.g. P&G’s Head & Shoulders
shampoo bottle made from pelletized beach
plastic) biodegradable compostable bioplastic
can be broken down into basic molecules that
can be captured and re-used as nutrients in

agriculture.
48



APPROACH

» A model or recipe that will predict the
synthesis conditions/chemistries to make
polymers with targeted performance
from the biology or chemistry routes with
given confidence levels.

» A general approach that allows for
efficient exploration of vast chemical
spaces and synthesis conditions using ML
to guide chemistry and/or biology based

Overlap region where .
t biology mimics chemistry ﬁ synthesis routes

The ChemistyLoop | | wottimimies | et > Novel, degradable biopolymers (with a
e, S22 @ _m:a;’:‘:z’;ti. % favorable combination of other

-3 chemisty | oo g@ properties, e.g., breathability, durability,
e m ‘—m §§\Q mechanicalostrength)_ synthesized via the
EI" 'c"t::°ZJZ},-§32.’:",-Z°§'£,°§,§Z‘2Zs"""’" " T E""S’JZZ?’#J"";f,f?i’;“:’de': : proposed biosynthesis route
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