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Heterogeneous Catalysis: A Materials’ Function
Governed by an Intricate Interplay of Many Processes
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Heterogeneous Catalysis: A Materials’ Function
Governed by an Intricate Interplay of Many Processes

Explicit Atomistic Models of the Full Catalytic Progression Unfeasible
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ldentifying Correlations Describing Materials
in Consistent Data with Artificial Intelligence

it i,

Systematic Experiments

= Synthesis
= Characterization
= Performance Testing

A. Trunschke et al. Top. Catal. 63, 1683 (2020), L. Foppa et al. MRS Bull. 46, 1016 (2021),
R. Miyazaki et al. J. Am. Chem. Soc. 146, 5433 (2024)
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ldentifying Correlations Describing Materials
in Consistent Data with Artificial Intelligence

Atomistic Simulations

¢ Synness ﬁ = Materials Properties

= Characterization .
. = Environment Effect
= Performance Testing

A. Trunschke et al. Top. Catal. 63, 1683 (2020), L. Foppa et al. MRS Bull. 46, 1016 (2021),

R. Miyazaki et al. J. Am. Chem. Soc. 146, 5433 (2024)
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ldentifying Correlations Describing Materials
in Consistent Data with Artificial Intelligence

Systematic Experiments Atomistic Simulations

M = Synthesis . -
. y = Materials Properties

= Characterization .
. = Environment Effect
= Performance Testing

000000

Consistent Dataset
= Target
» Measured Performance
= (Candidate Descriptive Parameters (Primary
Features)
» Measured or Calculated
» Reflecting Possible Underlying Processes

A. Trunschke et al. Top. Catal. 63, 1683 (2020), L. Foppa et al. MRS Bull. 46, 1016 (2021),
R. Miyazaki et al. J. Am. Chem. Soc. 146, 5433 (2024) aj.cat
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ldentifying Correlations Describing Materials
in Consistent Data with Artificial Intelligence

Atomistic Simulations
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ldentifying Correlations Describing Materials
in Consistent Data with Artificial Intelligence

= (Capture Complex Patterns But Do Not (Necessarily)
Provide Full Understanding of Underlying Processes

“Materials Multiple Parameters

Genes = Correlations(= Rules) Different from Laws

= Statistical Description (Uncertainty, Domain of Applicability)

A. Trunschke et al. Top. Catal. 63, 1683 (2020), L. Foppa et al. MRS Bull. 46, 1016 (2021),
R. Miyazaki et al. J. Am. Chem. Soc. 146, 5433 (2024) aj.cat
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Requirements for Al Methods

|dentification of Key Parametersto Describe
Target, From Many Offered Parameters

Efficientwith “Small”Data (e.g., 10)

Machine
Learning

Artificial Intelligence

Representation
Learning (e.g., Deep
Learning, Symbolic

Regression)

Figure from L. Ghiringhelli
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Requirements for Al Methods

|dentification of Key Parametersto Describe Artificial Intelligence

Target, From Many Offered Parameters

Efficientwith “Small”Data (e.g., 10)

Representation
Machine Learning (e.g., Deep
Learning Learning, Symbolic
Regression)

Methods of Choice:
= SI|SSO
= Subgroup Discovery
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Sure Independence Screening and Sparsifying Operator (SISSO)

1. Choice of Input Parameters (Primary Features, ¢;)

R. Quyang et al. Phys. Rev. Mater. 2, 083802 (2018)
T. A. R. Purcell et al. J. Chem. Phys. 159, 114110 (2023)



Sure Independence Screening and Sparsifying Operator (SISSO)

1. Choice of Input Parameters (Primary Features, ¢;)

2. Feature Construction

Primary Candidate
Feature  _y  Feature
Space, @, Space, &y

Unary and Binary Mathematical
Operators Iteratively Applied

e.g.
—1 . g=2
910215 (@1 15000, — o,
|1 — @3] (<P1)2
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Sure Independence Screening and Sparsifying Operator (SISSO)

1. Choice of Input Parameters (Primary Features, ¢;)

2. Feature Construction 3. Compressed Sensing Descriptor and Model
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Sure Independence Screening and Sparsifying Operator (SISSO)
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Sure Independence Screening and Sparsifying Operator (SISSO)

3. Compressed Sensing

Candidate 140

Selectlon> Feature RegU|arizati>9”p(SISSO) _ Cl n ZD cl-d-
SIS Subspaces, S, SO ’ =1t
SISSO Handles Larger ‘ Lossto = RMSE + A ||c||0‘
(Correlated) Feature Spaces S
2

than the LASSO Method

s, Psisso
(¢1 Regularization) W X§“ 1 s
% b

Losstt = RMSE + 2 ||c|l4 >

Por P: property
Regularization Strength y B0y sy e

R. Quyang et al. Phys. Rev. Mater. 2, 083802 (2018)
T. A. R. Purcell et al. J. Chem. Phys. 159, 114110 (2023) a, cat




Sure Independence Screening and Sparsifying Operator (SISSO)

1. Choice of Input Parameters (Primary Features, ¢;)

2. Feature Construction 3. Compressed Sensing Descriptor and Model
Primary Candidate Coloct Candidate to Hitted Cloefﬂcientsl
Feature Feature eiection Feature  Regularization | gissoy _ g

—> > > P = Cp+ Cidi
Space, @, Space, &y SIS Subspaces, S, SO i=1

Analytical Expressions
Unary and Binary Mathematical

S
Operators Iteratively Applied X? s, Paisso 2 SISSO
n ¢, Hyperparameters:
& =1 g =2 %;. ®1 3 D (Dimensionality)ana
P1p2—> (P 57 |p1— ¢y P or P: property q (Rung)
91— 2] (91)? A, A,

R. Quyang et al. Phys. Rev. Mater. 2, 083802 (2018)
T. A. R. Purcell et al. J. Chem. Phys. 159, 114110 (2023) a, cat




Cross Validation Schemes

= Goals E.g., k-Fold Cross Validation

= Determine Hyperparameters Fold 1 Fold 2 Fold 3 Fold 4 Fold 5
= Estimate Model Performanceon

= How? :
= Splitting Dataset into Multiple Folds est

= Training On Some Folds

Folds
. . . Test
= Different Schemes Appropriate for Different -----

Problems, e.g., K-fold, Nested, and Leave-

al cat
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Cross Validation Schemes

Goals

= Determine Hyperparameters

= Estimate Model Performance on
Unseen Data

E.g., for Hyperparameters Controlling SISSO Model
Complexity D (Dimensionality)and g (Rung)
A
Optimal Test Error

How? Complexity

= Splitting Dataset into Multiple Folds

= Training On Some Folds

= Testing Model PredictionsOn Other
Folds

Model Error

Train Error
Different Schemes Appropriate for Different | —

Problems, e.g., K-fold, Nested, and Leave- ! _ -
One-Out Model Complexity




Application: Describing the Performance of Silica-Supported
Cobalt Catalysts (Co/M-SiO,) in CO, Hydrogenation
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Application: Describing the Performance of Silica-Supported
Cobalt Catalysts (Co/M-SiO,) in CO, Hydrogenation

80
70 -
60 1
- 501

40 -

Oo o8 30 1
20 1

QO \J 10 -

M |

m ) ’
@ M= - T Zr Al Ca Mg

O SBA-15

::::::
.....
N 4

Selectivity (%)

Role of Support? New Supports?

K. Belthle et al. J. Am. Chem. Soc. 144, 21232 (2022)

O NWPLULIONO®

Wi < .CH4 CH,OH .CO, 180 °C, 20 bar

il 111

-10

i1 0|
§ 11417 e -
'...""“‘. § - -
. 90
ifet
/l |
i |

O

CO, conversion (%)



Application: Describing the Performance of Silica-Supported
Cobalt Catalysts (Co/M-SiO,) in CO, Hydrogenation

Measured
Performance

Methanol Selectivity

Measured at
4 Reaction Conditions

(6*4=24 data points)

Creating an Experimental-Theoretical Dataset

R. Miyazaki et al. JACS 146, 5433 (2024)
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Creating an Experimental-Theoretical Dataset
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CO,/NH5-TPD, ...

|
33 Candidate Descriptive Parameters
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Creating an Experimental-Theoretical Dataset

Measured Experimental
Performance o -
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Application: Describing the Performance of Silica-Supported
Cobalt Catalysts (Co/M-SiO,) in CO, Hydrogenation

Theoretical Candidate Descriptive Parameters Additive metals M
T4+ Zra A3+
Ca?*,or Mg

= DFI-RPBE simulations of oile
Co/M-SiO, interface FH"Tam!bmgerials
Efc?sz CO, adsorptionenergy eV
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A,0-c—o O—C-0 angle bending of adsorbed CO, degree
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qu  Hirshfeld charge of the additive metal e
Ecn,o0 CH3O Formationenergy eV
Ecoog COOH Formationenergy eV
Ecoro CO+ O formationenergy eV
Excoo HCOO formationenergy eV
ES,. O adsorptionenergy eV
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Application: Describing the Performance of Silica-Supported
Cobalt Catalysts (Co/M-SiO,) in CO, Hydrogenation

Creating an Experimental-Theoretical Dataset
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Application: Describing the Performance of Silica-Supported
Cobalt Catalysts (Co/M-SiO,) in CO, Hydrogenation

Determination of SISSO Model Hyperparameters (Leave-One-Material-Out Cross Validation)
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Application: Describing the Performance of Silica-Supported
Cobalt Catalysts (Co/M-SiO,) in CO, Hydrogenation

Error Distributions Associated to SISSO Models for Methanol Selectivity
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Application: Describing the Performance of Silica-Supported
Cobalt Catalysts (Co/M-SiO,) in CO, Hydrogenation

CO, Conversion (Exp)
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Application: Describing the Performance of Silica-Supported
Cobalt Catalysts (Co/M-SiO,) in CO, Hydrogenation

O, Conversion (Exp)
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Application: Describing the Performance of Silica-Supported
Cobalt Catalysts (Co/M-SiO,) in CO, Hydrogenation
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Application: Describing the Performance of Silica-Supported
Cobalt Catalysts (Co/M-SiO,) in CO, Hydrogenation

M Covalent Atomic Radius (Elem)

. ]COZ Conversion (Exp)

RGSV

55 1 S(S:II_ISSC?H = Cp + do {MCOV* XCOZ

3 Echzo * Tha

50 - e N
45 - CH5O Formation Energy (Theo) Temperature of 1t H,-TPR Signal (Exp)
X
~ 40
O
=35 M Ecu,o(€V)
S 30 | . -1.49
0 25 - Ti -1.50
E 20 N Zr '1 .39
415 1 Al -0.97
< 1 - Ca -1.13

Mg -1.55
5 -
0
Theo Exp Theo+Exp Theo+Exp
+Elem
R. Miyazaki et al. JACS 146, 5433 (2024) al.cat

13 Al



Application: Describing the Performance of Silica-Supported
Cobalt Catalysts (Co/M-SiO,) in CO, Hydrogenation

SISSO Model Based Only on Elemental Parameters Suggests New Supports
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Application: Describing the Performance of Silica-Supported
Cobalt Catalysts (Co/M-SiO,) in CO, Hydrogenation
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Application: Describing the Performance of Silica-Supported
Cobalt Catalysts (Co/M-SiO,) in CO, Hydrogenation
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Application: Describing the Performance of Silica-Supported
Cobalt Catalysts (Co/M-SiO,) in CO, Hydrogenation
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Al Models of Materials Properties
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Al Models of Materials Properties

Dataset m Al Model

0 Yo
| " y(x):Unknown
= Model Performance Assessed in Average - = Ground Truth
= Good Average Performance Might Not f(x): Al FitTo J
Translate to Good Description of Promising Few Known Data
Descriptor (x)

Materials

Materials Space

Few Known 2= Many Unknown
y(x) Values y(x) Values

S. Kauwe et al., Comput. Mat. Sci. 174, 109498 (2020)

B. Merediget al., Mol. Syst. Des. Eng. 3, 819 (2018) al.cat
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From Prediction to Action: Al-Guided Workflows
for the Discovery of Materials with Optimal Properties

Dataset m Al Model
0

Yo
:Unknown
= |terative Modellingand Data Acquisition y () <
. . . . n Vn Ground Truth
Approachto Identify Materials with Desired "1 v |
Property Values(e.g., High) f(x): AlFit To \)}
Few Known Data

Descriptor (x)

AUEMENT \1aterials Space Rank
®
o P e
et ***egeAl-Model-Informed
ext y(x) Acquisition
Evaluation Function
B. Shahriari et al., Proc. IEEE, 104, 1 148 (2016) al cat
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From Prediction to Action: Al-Guided Workflows
for the Discovery of Materials with Optimal Properties

Dataset /N Al Model
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Workflow 1: Identifying Perovskites with High Bulk Modulus
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Workflow 1: Identifying Perovskites with High Bulk Modulus
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Workflow 1: Identifying Perovskites with High Bulk Modulus
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Workflow 1: Identifying Perovskites with High Bulk Modulus
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Workflow 1: Identifying Perovskites with High Bulk Modulus
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Workflow 1: Identifying Perovskites with High Bulk Modulus
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From Prediction to Action: Al-Guided Workflows
for the Discovery of Materials with Optimal Properties

Dataset /N Al Model
0

Yo

:Unknown
= |terative Modellingand Data Acquisition yéx) <
. . . . n Y round Truth
Approachto Identify Materials with Desired "1 v |
Property Values (e.g., High) nt2]l e | f(x) AlFit TO y

— 22 Few Known Data
Descriptor (x)

1. Impact of Choices of Al Model and
Acquisition Function?

AUEMENT \1aterials Space Rank
2. SISSO-Guided Workflow?
Go S0
“ 0‘.{-‘.‘0 Al-Model-Informed
Nexty(x) Acquisition
Evaluation Function

27 +Al



Workflow 2: Identifying Acid-Stable Oxides for Water Splitting
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Workflow 2: Identitying Acid-Stable Oxides for Water Splitting
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Workflow 2: Identifying Acid-Stable Oxides for Water Splitting
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Workflow 2: Identitying Acid-Stable Oxides for Water Splitting

Creating Ensembles of SISSO Models: 1. (Standard) Bagging
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Workflow 2: Identitying Acid-Stable Oxides for Water Splitting
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Workflow 2: Identitying Acid-Stable Oxides for Water Splitting
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Workflow 2: Identitying Acid-Stable Oxides for Water Splitting
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Workflow 2: Identitying Acid-Stable Oxides for Water Splitting
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Workflow 2: Identitying Acid-Stable Oxides for Water Splitting
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Workflow 2: Identifying Acid-Stable Oxides for Water Splitting
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Workflow 2: Identitying Acid-Stable Oxides for Water Splitting
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Workflow 2: Identitying Acid-Stable Oxides for Water Splitting
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