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Prelude: Other packages related to ase

% Dynamical structure factors

dynasor and correlation functions

Frequency (meV)

Wu Iffpack Wulft constructions

Which shape?
Truncated octahedron
© Truncated decahedron
Truncated icosahedron
sharc Web applications EE Energy
. . 12[12][1 g |1 Bl X
Special quasi-random structures R
. 1202|0211 < X
Wulff constructions LUL v 5
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and more
Twin energy:

Add facet  Construct particle
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Alloy cluster expansions




Alloy cluster expansions

Expansion of the total energy in site occupations
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Composition Composition

Extracting the effective cluster interactions (ECls) J, is a linear problem

E EO +Zma )>a’
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Finding the ECls is a linear problem
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Finding the ECls is a linear problem

: (Ergglg/;e’;m)
Constant . oo ./. J from DFT
1.00 012 -0.20 -0.12 -0.12] [4 ]  [-35.1
1.00 -0.60 0.60 0.20 -0.60 J -60.8
1.00 050 0.25 0.00 0.00 J3| = [-23.2
1.00 0.00 0.00 -0.33 0.00 Js -46.2
1.00 0.60 052 0.44 0.44 J5_ _—1 0.1_
Solution: J'=[-37.8,34.1,-9.9,25.4,2.67]

Constant ‘ ._. ./. ‘

CHALMERS Erhart
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Finding the ECls is a linear problem

General procedure
1. Compile structures into one fit matrix X
2.Solve the linear problem X /=E

How?
Least-squares (OLS)
X J E Jopt :arnginHXJ—EHg
Structures Parameters Energies | ASSO
Necis Jopt :argm}n|]XJ—E|]2+A1|]J]|1
_ % o ; Ridge regression
= Jopt = argmin || X J — E||3 + \2o||J]|2
. j
Bayesian
D (E\J,X,UQ)
! (XJ — E)?
X exp 52

[1] Mueller & Ceder, PRB 80, 024103 (2009)
CHALMERS )] Aquist et al, Adv. Sim. Theo. 2, 1900015 (2019) Erhart
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| Cet WO r kfl OW Prototype structure Cutoff radii for Active species

each order
) Input structures
Cs = ClusterSpace ( ldeal_cell ’ 1. Cluster Space Withpreference data
cutoffs=[6.0, 4.5],
chemical symbols=[‘Pd’, ‘Ag’])
sc = StructureContainer(cs)
for atoms in list of training structures:
sc.add structure(atoms) fit matrix and
— target values
X E
opt = Optimizer(sc.get fit data() )<
opt.train()
ce = ClusterExpansion(cs, opt.parameters)«J ‘/6;amaas
calc = ClusterExpansionCalculator Supercell Supercell
structure structure
ce, supercell) \ / \ /

Property prediction

'

MC simulations

CHALMERS [1] Angqyist et al., Adv. Sim. Theo. 2, 1900015 (2019) ~ via mchammer
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Coherent vs incoherent phase equilibrium
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Phase transition in bulk Pd-H |

. O000000 Hydrogen/metal ratio
more or less incoherent

00 00 _
0985833300053 0888888888888eees F (c) = cF (1) + (1~ F (0)  interface
0000000000000
0000000000000 ”ﬁ??.ﬁgaﬁa ——
88888888888888 Barrier to be overcome
Ooooooooooooooaam::ma:: with nucleation and growth

Phase transition in Pd-H nanoparticles e
coherent when diameter < 300 nm2+ S
9}

F(c) = cF(1) + (1 — ¢)F(0) + strain + interface

88888888800008888838838838388888 \ y
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[1] Schwarz and Khachaturyan, Acta Materialia 54, 313 (2006).

[2] Griessen, Strohfeldt, and Giessen, Nature Materials 15, 311 (2016).

[3] Ulvestad et al., Nature Materials 16, 565 (2017).
CHALMERS [4] Narayan et al., Nature Communications 8, 1 (2017).
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Dealing with strain: CE with constituent strain

Split energy in short and long-ranged part

- Better models for size-mismatched systems

short-ranged (chemistry) long-ranged (strain)
K_H , A \
E(0) = Ecg(0) + ) AEcs(k,c)F(k,0) -
k

I

AEcs(k, ¢) = min | (1 ¢)AEg (ase, k) + cAEghy (ast, k)|
asL

constituent strain energy

Parametrized using interface calculations

F(k,o) = |S(k,o)[* e Imel” /4c(1 —¢)—

measure of the extent of configuration o
matching a concentration wave with k

CHALMERS [1] Ozolins et al.,, PRB 57, 4816 (1998)
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How about sampling?

CE with strain combined with variance-constrained SGC ensemble [1]
for sampling system via MC as a continuous function of composition

250 K
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o ® |©
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10-4 H
[ 1 1 1 ] '70
0.0 0.2 0.4 0.6 0.8

Overall H concentration

. - We can access both coherent and incoherent

0.0 0-2 04 06 ( binodal as well as the incoherent spinodal [2]
Overall H concentration

[1] Sadigh & PE, PRB 86, 134204 (2012)
CHALMERS [2] Rahm et al., arxiv:2110.07883 (2021) Erhart
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App|icati0n to PdH Conclusions

No visualizations here * Coherent phase diagram
\ can be calculated with a
600 F , : , , , - modified cluster expansion
-@- Incoherent —4-\Coherent -#- Spinodal and ca refully analyzed
550 | PR .., Wicke et al. - Monte Carlo simulations.
A7 N
500 | . he bh .
Phase * The phase transition
< transition changes character above
— 450 | thout T
. without o + 3 i v 400 K
5 coexistence approximately :
T 400 |- 77N -
@ N :
S / « Can extract hysteresis and
/ . .
@ 350 F : § interface energies
i Phase transition quantitatively
300 ! _
with a + 3
coexistence
250 oM
1 l

TSy

0.0 0.1 0.2 0.3 0.4 ¥ Hsne : ,
Overall H concentration b " AT

. Narayan et al., Nature Communications 8, 1 (2017).

CHALMERS [1] Rahm et al., arxiv:2110.07883 (2021)
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Dealing with low symmetry

Example: Surface (PdAu in H, atmosphere)

Segregation

Challenge for CEs due to symmetry
reduction 2 Exploit local symmetries

1. Merging orbits
2. Bayesian regression

CHALMERS
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[1] Ekborg-Tanner and PE
J. Phys. Chem. C 125, 17248 (2021)
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Dealing with low symmetry: Merging orbits

Mixing energy DFT (meV/atom)

S I I 1
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[1] Ekborg-Tanner and PE
CHALMERS J. Phys. Chem. C 125, 17248 (2021)
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3 surface layers then bulk

Orbits based on heuristic
similarity criterion

267 ECls = 97 ECls

Intractable 2 Doable

surface
‘2
L E
2 > '3
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DOC :
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surface



From chemical potential to partial pressure

X

'4
) Py, 2, + 2E.. + AP(T)
”H (T) PH ) = ”H (T) + kBT In o pH = €Xp =
2 2 2 H, 2 1 kBT

(a) Pd:H

—
o

Chemical potential in
SGC-MC simulations

o
@
T

()
g 06 / 300k T 4 Conversion from mixing energies
e and corrections for DFT errors
< 500 K
0.2 600 K4 (a) AuPd:H (b) CuPd:H
—— 700 K —
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[1] Ekborg-Tanner and PE
CHALMERS J. Phys. Chem. C 125, 17248 (2021)
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Low symmetry: Bayesian regression

Solving the linear CE system

Least-squares (OLS)
Jope = argmin || X J — E|» > Jo = XIX)'X"E

Ridge regression |
Jope = argmin | XJ — El|z + Ao||J |2 —> Jopt = (X'X + 11) XE

General case [1] -«

Jopt = (XTX + A XTE

T Inverse covariance matrix

sc = StructureContainer(cs)

for atoms in list of training structures:
sc.add_structure(atoms)

X, E = sc.get fit data()

CHALMERS [1] Mueller and Ceder, Phys. Rev. B 80, 024103 (2009)

UNIVERSITY OF TECHNOLOGY E rh art



Impose physical insight through priors

Insight 1: ECls decay with distance r and order n 2 diagonal terms

/\aa > oo exclude orbit a —
Noa 2 0and Ay > 0 recovers OLS 10° 4

10°

Number of orbits

103 -

Cutoff radius (A)

+
Aoa = Y1(r2r + y3 + D" 4qditional hyperparameters

CV-RMSE (for AuCu CE in MSc course)

23 meV/atom 216 meV/atom =12 meV/atom
OLS Ridge Covariance

CHALMERS [1] Mueller and Ceder, Phys. Rev. B 80, 024103 (2009) Erhart
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Impose physical insight through priors
Insight 2: ECls of similar orbits should be similar 2 off-diagonal terms

Nogg 2 0 no coupling between a and 5
Nag 2 oo force ECls for a and 8 to be identical

Simple example:
All off-diagonal terms identical

Full = coupling =——> None

—
-~

Some possible strategies

« Manually force ECls to be identical
- merging approach

 Use similarity measure to set A g

* Couple EClIs to bulk values,
e.g., in a surface case

—
N

CV-RMSE (meV/atom)
- o

1074 10° 107 10* 10° 10°

[1] Mueller and Ceder 1//N
?H:AEMCEB,:S Phys. Rev. B 80, 024103 (2009) ap Erhart



hiphive

Force constant expansions



Taylor expansion of the total energy

1 1
7 17

ijk
[ 3 » 4
\’) WAWEW Phonon dispersions - .
ree energies
P OEIDYD .. 5D
9 1] — aﬁ(q) — Wk(Q) Fm’b _ kBTZIHCUi
et 3 >
QUVUY ¢ T
- Q
= &
Lt Q
-t
Momentum Temperature

Need efficient means to extract ® matrices

CHALMERS
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Compile multiple structures into one (large) fit matrix X
Solve the linear problem X p=f

X p f
Structures Parameters Forces How?
Nparameters Least-squares (OLS)

Dopt = arg ngn IXp = fll2

3 Natoms

LASSO
Popi = argmin [[Xp = fli2 + Al £l

Ridge regression
] Popt = arg mgn I1Xp = fll2 + A2 fll2

|

Nstructures X 3Natoms
o
o

CHALMERS Erhart
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Prototype structure Cutoff radii for
(primitive cell) each order

Input structures

1. Cluster decomposition -

- uster space with reference forces
2. Structure decomposition
3. Parameter optimization \ /

cs = ClusterSpace(ideal cell, cutoffs=[6.0, 4.5])

Fit matrix and
vector of target values

sc = StructureContainer(cs)
for atoms in list of training structures:

sc.add_structure(atoms)
i Parameters

opt = Optimizer(sc.get fit data())
opt.train()

Supercell structure
fcp = ForceConstantPotential(cs, opt.parameters) x///

fcs = ForceConstants(fcs, supercell) ‘///

calc = ForceConstantCalculator(fcs) mewpmmm%
(via phono3py,

phonopy, shengBTE)
CHALMERS Molecular dynamics (via ASE)
UNIVERSITY OF TECHNOLOGY Erhart



Convergence with training size

Number of structures

0 2 4 6 8 10
2 ]
10 2nd
—— 2nd+3rd
< 2%
e 101_
<
2nd
_10°; —— 2nd+3rd
T 0.05 THz
=
310714
q \
10_2_ T
— 2nd
€ 102; —— 2nd+3rd
E 1 meV/atom
3 10!
£
0 2000 4000 6000 8000 10000 12000 14000
Training Size
CHALMERS
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Number of supercell calculation

102 4

101 4

Comparison with phonopy

-@- phonopy
2% hiphive 2nd
-@— 2% hiphive 2nd+3rd

——_ .

4 5 6 7 8 9 10
System size (NXNXxN)

Approach avoids unnecessary
size-scaling and maximizes
exploitation of available data

Fransson et al., npg Comp. Mater. 6, 135 (2020) Erhart



Manual selection (via cutoff)

4.0 T T T T T T T <
< a) —— OLS g 180
- i ARDR | =
E %® LASSO =
< —4— RFE with OLS 2 140
= 36 > —© S
2 o 2 120
o 34 "o 414 ©°
@c 32 ! [ 1 ! 1 ! 1 i é) 80 n
» 2 4 6 8 10 12 14 16
S 10° 3 3 Number of training structures
5 3 |
°
8 10° E
A '
Z
10‘ | 1 1 L 1 L
3 4 5 5 7 8 9 10
Third order cutoff (A)
In the overdetermined limit all methods
recover the reference value (which required
about 10 times as many DFT calculations)
CHALMERS Fransson et al., npg Comp. Mater. 6, 135 (2020) Erhart
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Automated selection

4.0
— a)
<
38 | ]
E
| -
°
@ 36 | -
o
©
>
B 34 | -
= )
« v —e— adaptive-LASSO - LASSO overselects (known)
_ R and fails at recovering
X 150 | D) . :
E T e derived property
5; 125 - == phono3py
g - ARDR and RFE perform
E by far the best (reliably
g " l predicting derived
g % . properties)
E’ 25 F - .
= T e - CV-RMSE poor predictor for
10’ 107 10° quality of derived property

Number of features

CHALMERS Fransson et al., npg Comp. Mater. 6, 135 (2020) Erhart

UNIVERSITY OF TECHNOLOGY



Number of structures
3 4 5 6 a 10 12

| I | |

I I |
104 ARDR —§— RFE with OLS
®- LASSO —&— OLS

Normalized time
-
[N

Training set size (x103)

- Cost becomes significant for large problems (FC not CE)
- ARDR (Bayesian) becomes too costly due to scaling
- RFE or OLS with manual selection often the most performant (bummer)

CHALMERS Fransson et al., npg Comp. Mater. 6, 135 (2020) Erhart

UNIVERSITY OF TECHNOLOGY



SnSe

65 (1) structures —
6th order model e

3

Predicted forces (eV/A)
o

| 1 | 1 1 1 1 1 1 1 1

-5 -4 -3 -2 -1 0 1 2 3 4 5
Target forces (eV/A)

Wall-time (ps/atom step)

T J ' I
> EMD (this work)
. L = BTE (Carrete 2014)
== BTE (Skelton 2016)
o === Expt. (Zhao 2014)
g3 7T )
= LTC from Green-Kubo
LS) ) | ~50 ns in total
~3800 atoms
1 -
(a) kx
0 ' l l
100 200 300 400
Temperature (K)
ChALIVIERD
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(b)
T )
° B
£ ° g
T B 5 ¥
2 S i <
=] = =) =
s ° 5 o
S -
[ &)
O

aal

1000 steps with 1000 atoms
in 15 sec walltime (Tesla P100)

Brorsson et al., Adv. Theo. Simul. (2021)
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Wall-time (h)
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Some semi-closing notes

® Sensing matrices have different structure for FCs and CEs
- differences in performance of optimization methods

Force constants
— Information content increases with cell size (3N values per conf)
— Systems often close to (over)determined (formally)

— Recursive feature elimination works well

Cluster expansions
— information content decreases with cell size (1 value per conf)
— ARDR often yields best performance

Cross-validation and ensemble optimization are powerful

CHALMERS
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Summary of updates

icet hiphive

Support for CEs with strain Efficient regression
Merging of orbits GPU-accelerated MD

Support for Bayesian regression Self-consistent phonons
Improved MC performance + |ots of small stuff
+ lots of small stuff

# icet

gitlab | materialsmodeling.org

1cet—APythox'uc approach to NN Ov a D2 I\ @w G~ G-~
cluster expansions

o

4

© materials-modeling > *. icet

'\ icet @ O v kuUnstar 25 Y Fork 12
: Project ID: 2905628

o -

icet is a tool for the construction and sampling of alloy clust
expansions, It is written in Python, which enables easy
integration with many first-principles codes and analysis toc
accessible from Python, and allows for a simple and intuitive
user interface. All computationally demanding parts are,
however, written in C++ ensuring performance while

maintaining portability.

(= >y =

The following snippet provides a minimal example for its us: @ cluster expa.. thermodynamics alloys + 2 more

o

- 3,149 Commits F 12Branches ¢ 16Tags [) 2.8 MBFiles ] 36.6 GB Storage 7 15 Releases

> ¢s = ClusterSpace(primitive_cell, cutoffs, species)
>>> s¢ = StructureContainer(cs)
»»> for structure, energy in zip(training_structures, en
sc.add_structure(structure, properties={'energy"
»>> opt = Optimizer(sc.get_fit_data())
>>> opt.train() Read more

>>> ce = ClusterExpansion(cs, opt.parameters)

CHALMERS https://materialsmodeling.org/software o
Ma
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A Pythonic approach to cluster expansions
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