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Hybrid Unsupervised-
Supervised Machine Learning
Models for Materials Science

Machine Learning Fingerprints

at the Atomic Scale




Machine Learning Fingerprints
at the Atomic Scale



In atomic machine learning, we build models to relate the
arrangement of atoms with microscopic properties.

A ‘machine learning”
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Figures courtesy of M. Ceriotti

August 19, 2021 U.S. Army CCDC Soldier Center 7



When learning on a collection of atoms, we must encode the
geometry in a numerical fingerprint which contains all relevant
information.
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ML representations vary based upon the goal of the ML model,
and in many cases there is a simple representation that will
suffice.

— X =1{4,0,0,0,0,1,...0}
M=X- -m,

Molar Mass Atomic Mass
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What are the important aspects of an ML descriptor for typical
atom-centered quantities?

translations

rotations
completeness
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feature space
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smoothness
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Figure adapted from: F. Musil, et al. Chem. Rev. 2021.
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Many structure representations have been developed for ML of
atomic-scale data.
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One way to encode the molecular geometry is by assuming a
Gaussian centered on each atom.
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Figure adapted from: F. Musil, et al. Chem. Rev. 2021.
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One way to encode the molecular geometry is by assuming a
Gaussian centered on each atom, and then integrating over all
translations and rotations.
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A popular schema for ML models of materials is the three-body

SOAP (smooth overlap of atomic positions).
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SOAP Vector (3 — body correlation function):
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How do we know which featurization to use?

Roughly speaking, better
features lead to better
predictions

We can compare features
with respect to a property
like forces

But how do we compare
features independent from
properties?
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We can use feature reconstruction measures to compare
features representing the same structures.

linear m
How well can

we reconstruct global

-0

orthogonal

local embedding V‘
>0

Goscinski, A., et al. (2021). The role of feature space in atomistic learning. Machine Learning: Science and Technology, 2(2), 025028.
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Why not just use the most extensive set of features?

Accuracy

Dimensionality

Redugﬁon
Computational Techniques
Cost
Interpretability
— )

Number of Features
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Hybrid Unsupervised-
Supervised Dimensionality
Reduction



A couple words on notation...

_xl_
X =|X; A matrix containing as rows the fingerprints of a set of structures
-yl_
Y=|y A matrix containing as rows the target properties for a set of structures
Pag A matrix that projects from space A to space B
T = XPxr A matrix containing as rows the latent-space projection of a set of structures

August 19, 2021
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Principal Components Analysis (PCA)

PCA determines an information-rich set of features to represent a larger set of features.

Pxr £ = ||X —XPxr PTX”2

X 7T

PTX This is solved by constructing the projectors from the
eigendecomposition of either the Gram matrix K or the
covariance C (analogous to the SVD of X)
CK=XXT | | c=XTX
Principal Components Analysis ) gram matrix covariance matrix
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Principal Components Analysis (PCA)

PCA determines an information-rich set of features to represent a larger set of features.
PCR uses this set of features to predict a target.

~N N\
PXT ( \/ )
X . T P Y Average Prediction is off by 34.83'%'
TY . o
h 12 » %
] 17
~ + 1
P K K,
TX 5
]
|
o
T1 True Y
L Principal Components Analysis N Principal Components Regression J
Principal
Components
Principal Components Analysis ) Regression
J
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Principal Covariates Regression (PCovR)

PCovR determines an information rich set of features to represent a larger set of features and
optimally regress a set of targets.

loss in reconstructing X

Pxr £ = a||X — X Pxr Prxl|?
X T PTYY +(1 — )||Y — X Pxp Ppyl|?

— loss in reconstructing Y

Prx
This is solved by constructing the projectors from the

eigendecomposition of either a modified Gram matrix
or a modified covariance

Principal Covariates Regression (PCovR) — -
Principal [ K — K 1 [ C — C 1
o . Components —
9 Principal Components Analysis Regression ] [ R — O(XXT + (1 _ (X)??T } [ C = (C_I/ZXT)K(XC_I/Z) }

B. A. Helfrecht, RKC, G. Fraux, and M. Ceriotti. 2020 Mach. Learn.: Sci. Technol. 1 045021

S. de Jong, H.A.L. Kiers, Chemom. intell. lab. syst. 14 (1992) 155-164. .
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scikit-cosmo.readthedocs.io

Principal Covariates Regression (PCovR)

PCovR determines an information rich set of features to represent a larger set of features and
optimally regress a set of targets.

Pyt ’
ﬁ
X I PTY Y Average Prediction is off by 12.66%
h -O
Q
PTX = S
o
g
o
Principal Covariates Regression (PCovR) True Y
Principal L Principal Covariates Regression
Components
L Principal Components Analysis Regression

B. A. Helfrecht, RKC, G. Fraux, and M. Ceriotti. 2020 Mach. Learn.: Sci. Technol. 1 045021
S. de Jong, H.A.L. Kiers, Chemom. intell. lab. syst. 14 (1992) 155-164.
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scikit-cosmo.readthedocs.io

Kernel Principal Covariates Regression

Core to PCA/ PCovR is the gram kernel, which is equivalent to the linear kernel.
We can replace this with any number of non-linear kernels to better represent non-linear structure-

property relations.

gram matrix, ” K XXT

a.k.a. Ilnear kernel

Kij =k(x, %)) = K Vui‘ -

non- Ilnear kernel

L
o V4

Predicted Y
Predicted Y

»Average Prediction is off by 34.83_%" Average Prediction is off by 12.66%'

True Y

True Y

Principal Components Regression JAS Principal Covariates Regression

-

B. A. Helfrecht, RKC, G. Fraux, and M. Ceriotti. 2020 Mach. Learn.: Sci. Technol. 1 045021
U.S. Army CCDC Soldier Center

S. de Jong, H.A.L. Kiers, Chemom. intell. lab. syst. 14 (1992) 155-164.
scikit-cosmo.readthedocs.io
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iAverage Prediction is off by 1.76%
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Analysis of SOAP features of Ab-Initio Random Structure Search
(AIRSS) carbon crystals and their energies in eV/atom

KPCA Energy
(~KPCovR, a=1.0) [eV/atom]

—151

. |RMSE = 0.46 eV/atom |

—152

—153

—154

A. Helfrecht, RKC, G. Fraux, and M. Ceriotti. 2020 Mach. Learn.: Sci. Technol. 1 045021
J. Pickard. AIRSS Data for Carbon at 10GPa and the C+N+H+O System at 1GPa (2020).
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Analysis of SOAP features of Ab-Initio Random Structure Search
(AIRSS) carbon crystals and their energies in eV/atom

KPCA
(~KPCovR, a=1.0) KPCovR, a=0.5

A. Helfrecht, RKC, G. Fraux, and M. Ceriotti. 2020 Mach. Learn.: Sci. Technol. 1 045021
J. Pickard. AIRSS Data for Carbon at 10GPa and the C+N+H+O System at 1GPa (2020).
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Analysis of SOAP features of Ab-Initio Random Structure Search
(AIRSS) carbon crystals and their energies in eV/atom

KPCA
(~KPCovR, a=1.0)

KPCovR, a=0.5

e"®

B. A. Helfrecht, RKC, G. Fraux, and M. Ceriotti. 2020 Mach. Learn.: Sci. Technol. 1 045021
C. J. Pickard. AIRSS Data for Carbon at 10GPa and the C+N+H+O System at 1GPa (2020).
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https://www.materialscloud.org/discover/kpcovr/carbons-05

@ LEARN WORK DISCOVER EXPLORE ARCHIVE

Discover KPCovR AIRSS Carbons a=0.5

Kernel principal covariates regression

10.24435/materialscloud:ay-eq
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G. Fraux, RKC, M. Ceriotti. 2020. Journal of Open Source Software, 5(51), 2117.
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Phase Diagram of Disordered Silicon

e ) ves .
as it transitions to a metallic state
at increased pressure
<
= A
@ HD
c DA,/ ncé
é @ l&oex'ste
Q
5:) A
5 /( e
g
<
0 GPa

Machine learning

atomic DOS(Ey)
[ 20 GPa V. L. Deringer, et al., Origins of structural and electronic
0 01 0.2 transitions in disordered silicon. Nature 589, 59-64

(2021). , pages 59-64 (2021).
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What if the features carry inherent meaning?

Many dimensionality reduction techniques construct a new set of features, but what if you want to just work with a
subset of the old set?

August 19, 2021

e N\
Pxr
X I X X*
_
Prx
L Principal Components Analysis L Feature Selection
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A few more words on notation...

X, A selection of columns from X

X, A selection of rows from X

A~ The pseudo-inverse of A

U, A matrix containing the eigenvectors of A

August 19, 2021
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Data Sub-selection carries two components:
the metric and the wrapper .

This is true of both feature and sample sub-selection

Houghtosy
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Farthest Point Sampling (FPS)

FPS aims to select a diverse subset of features or samples that
cover the greatest portion of sample or feature space.

Farthest Point Sampling

O
000
O
(@)

EREORO0OER0
O
o)
o

1. Choose a first point
2. Compute distance d

3. Choose point with highest min(d) to the selected points
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Farthest Point Sampling (FPS)

FPS aims to select a diverse subset of features or samples that
cover the greatest portion of sample or feature space.

Farthest Point Sampling

C O o) ,
F b TIE A TERA
;Ii 832 Oggggg ) 8632 02@58 () 8532 o % 5’8 ®) 8@2 00(88 )
7? Q)OQ E?%%@OO Q)OQ é)%é%@o@ Q)OQ © Q 0O rboo g)ge%@oo
A % 2ot 15 @@@Gﬁ ¥ %%&@@% ° o1 B @Q)C%’ ° o 052&%@%3

Feature Selection 5
dl] — Xl o X]H covariance matrix
c=X"X
dij — Cii — ZCU + C”
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CUR Decomposition

Traditional CUR decomposition sele

select “important” features or samples from the overall distribution.

CUR Decomposition

HE TERCE BN EEEEEE @
H EEE EEEOEEOEN N
EREEE ENCOE = EeCeEe
N RN RN ENEEN
HENEON B TEEED e
OEEEEEENENETES = .
o [ e e e e
(D T O Y
(HCE N N TeEEe .
EED EEEIEEEEEEE PE =

August 19, 2021

1. Compute importance score
2. Choose column with highest «

U.S. Army CCDC Soldier Center

X = X (XX X)X,

3. Orthogonalize with respect to last chosen column.
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CUR Decomposition

Traditional CUR decomposition selection aims to
select “important” features or samples from the overall distribution.

gl st P W 1

EONEN EREEEREEE DR I R |

EERE NN B EEOEEE EEEE BN E 5 e

Il EEECEEINECNEEEE D (1) IN SEECEOESCEEEES S (D) (3)
EEE DN ECEEEED DEEE ' . SN EEE EOEEEED EEEE :

ENEEE EEIEEEEEE 5 . CL TSR P T

CNEEC SR DN E CImEC W SR CE

EECEN SR e S W WS

BE N W W [ Ee LECE N NEEEEEEE

EED EERCESEEEED OE = EEE EEEEEEENEED SN .

Feature Selection k

Ty = Z (UC)Z’ -

7 covariance matrix
August 19, 2021 U.S. Army CCDC Soldier Center Cc = XTx 36



Both FPS and CUR use feature metrics that can be written in
terms of feature covariances (C).

Farthest Point Sampling (FPS) CUR Decomposition

FPS aims to select a diverse subset of features or samples that Traditional CUR decomposition selection aims to

cover the greatest portion of sample or feature space. select “important” features or samples from the overall distribution.

Feature Selection Feature Selection
k
d:: = Cii — 2C:: + Cs _ U~)?
L] L L] J] Ty = Clij -

)

August 19, 2021 U.S. Army CCDC Soldier Center 37



Both FPS and CUR can be adapted to use PCovR-style

covariances.

Farthest Point Sampling (FPS)

FPS aims to select a diverse subset of features or samples that
cover the greatest portion of sample or feature space.

Feature Selection

al’j —_ Cii — ZCU + C]]

CUR Decomposition

Traditional CUR decomposition selection aims to
select “important” features or samples from the overall distribution.

Feature Selection

k

Ty = Z (Ué)?j '

1
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Li near Reg reSSiOn Univariate Feature

Regression
—— Fisher Score

Using PCov-style feature selectionwill .
universally out-perform common feature
selection metrics available via popular 100
packages.

ty

Selection Methods
10-1{ ~--- PCA

RidgeCV RFE

PCovCULR | TSSO
PCov-FPS - D)
. t =
. == Random R A B R R M RO M s
101 102 103

Nfeatures (0f 2520)

Mutual
Information

—— Laplacian Score

PCov Mixing Parameter a
-—-= a= 0.0 —_—a=1.0

Inputs: SOAP vectors for small molecules containing C + H + N + O, (9/ 1) train / test split

RKC, et al 2021 Mach. Learn.: Sci. Technol. 2 035038
scikit-cosmo.readthedocs.io

Target: NMR chemical shieldings in ppm

Model used: 5-fold cross-validated linear ridge regression

August 19, 2021 U.S. Army CCDC Soldier Center
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scikit-cosmo.readthedocs.io

Behler-Parinello
Neural Networks

Introducing supervised aspects to feature -
selection invariably improves regression BehBEPaRnelb Nl NGtk
performance — even in non-linear models Linear Regression
-- such as determining energies and = 20 - == PCov-CUR
forces using a neural network. 5 Unsupervised CUR

I —— Random Selection

% 15

E

w

n 10

=

o

5
16 32 64 128 256

Nfeatures

Inputs: symmetry functions of benzene rings from a simulation trajectory, (7/2/1) train / validation / test split
Target: energies in [meV / atom]

Models used: 5-fold cross-validated linear ridge regression, Behler-Parinello Neural Network

RKC, et al 2021 Mach. Learn.: Sci. Technol. 2 035038
scikit-cosmo.readthedocs.io
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scikit-cosmo.readthedocs.io

kemel-tutorials
A set of utilities and pedagogic
notebooks for the use of linear
and kernel methods in atomistic

modeling
https://www.github.com/cosmo-
epfl/kernel-tutorials/

librascal
A scalable and versatile library to
generate representations for
atomic-scale learning
https://www.github.com/cosmo-
epfl/librascal/

\ J \ Feature
- N ItRecct)_n-
p struction
. chen_'uscope . Measures
chemiscope is an interactive
] o) I — ° u structure/property explorer for
- materials and molecules. The goal
. . of chemiscope is to provide
interactive exploration of large scikit-COSMO

- s databases of materials and

\2& molecules and help researchers to
find structure-properties

correlations inside such

scikit-COSMO is a collection of scikit-learn compatible utilities
that implement methods developed at COSMO.

R pa databases. scikit-cosmo.readthedocs.io
chemiscope.org \_ https://www.github.com/cosmo-epfl/scikit-cosmo/ )
. J
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