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Generative Models
VAE: Variational autoencoders
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Sanchez-Lengeling, B. & Aspuru-Guzik, A. Science 361, 360-365 (2018).
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High-throughput screening Generative Models

These approaches are very often used as a “black box” with the sole
objective of obtaining a desired designed target with scarce or no special
attention on why a given material is found to be better than others.

Gomez-Bombarelli, R., et al. Nature Mater. 15, 1120-1127 (2016)
Sanchez-Lengeling, B. & Aspuru-Guzik, A. Science 361, 360-365 (2018).
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High
s_charge_ads
d_charge_surf
Total_charge_ads

atoms_surf

value

HOMO_ads

s_charge_surf

Feature

stm_surf
MeltingPoint_ads
H_ads

Sum of 25 other features

Low

-3 -2 -1 0 1 2 3
SHAP value (impact on model output)

Usuga A. F., eftal. J. Mater. Chem. A 12, 2708 (2024).

Attention mechanisms

Cremer, J., et al. Chem. Res. Toxicol. 36, 1561-1573 (2023).




‘ Assessment of prediction patterns to understand why a model makes specific decisions

Feature importance attribution

These methods are not actionable
(i.e., they do not tell how a given input can

be changed in order to modify the output).

Cremer, J., et al. Chem. Res. Toxicol. 36, 1561-1573 (2023).



‘ Assessment of prediction patterns to understand why a model makes specific decisions

These methods are not actionable

(i.e., they do not tell how a given input can
be changed in order to modify the output).

Counterfactual explanations

Provide insights of model operation by determining
examples or cases that explain the difference
between a desired outcome and actual outcome

Classification Regression
minimize d(x,x") minimize d(x,x")
such that f(x) # f(x')  suchthat |f(x)—f(x)|=A
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Martinez-Alonso, C., High-throughput computational strategies to discover new
catalysts for the hydrogen economy including elastic strain engineering (2024).
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Martinez-Alonso, C., High-throughput computational strategies to discover new
catalysts for the hydrogen economy including elastic strain engineering (2024).
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Training settings

Q 15% samples for testing
Q 85% samples for training/validation

Q 10-fold “pseudo-random” cross-validation
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Our ML models provide accurate and reliable predictions by leveraging

rigorous chemical and physical concepfs.
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(H) -0.49 eV

Target E_

© -1.79ev

QH -1.19ev

Adsorbate = Material Crystal Facet Site ML Eyqs (eV)
CalNi Cubic 101 bridge-CalNi -0.46
@ YIr Cubic 101 ontop-Ir -0.45
YAu Cubic 100 hollow -0.47
YAu Cubic 101 hollow -0.53
Q Znlr Hexagonal 10-11 hollow -1.72
ZnPt Tetragonal 101 hollow -1.76
@ CdAu Cubic 101 longbridge-Au 1.10
CdAu Hexagonal 0001 bridge-Au 1.10

V. Vassilev-Galindo & J. LLorca. Chem. Sci. 17, 1058-1072 (2026)
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YAu Cubic 100 hollow -0.47 -0.42
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ZnPt Tetragonal 101 hollow -1.76 -1.81
@ CdAu Cubic 101 longbridge-Au 1.10 1.06
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Original Counterfactual Candidate

ScCu bcc(101) Target : —0.49 eV YAu bcc(100)
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P44 w=29.04 Y =18.98 —
-3-3-8- WEN = 1.63 WEN = 1.72

E qs = —0.37 eV Egqs = —0.53 eV
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Original Counterfactual Candidate
ScCu bcc(101) Target : —0.49 eV YAu bcc(100)
@ > ¢4 w=29094 ¥ =18.98 ‘ ¥ =10.83
& 5 4 4 WEN=1.63 WEN = 1.72 :> WEN = 1.81
Egas = —0.37 eV Egas = —0.53 eV E gs = —0.42 eV

Counterfactuals unveiled subtle relationships between the most relevant

features, other, in principle, less important features, and the E_..
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= A novel strategy for the discovery and design of new materials based on
counterfactual explanations was proposed
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Counterfactuals :
minimize E 5 "
d(x,¢) DIiCE Candidate(s) |

such that retrieval

|f(x) - fle)| = a
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= A novel strategy for the discovery and design of new materials based on
counterfactual explanations was proposed

= Four of the discovered materials were confirmed by reference DFT
calculations, validating our strategy

' | XAl Design k
Counterfactuals !
minimize ¢ :
dxe)  nicp | Candidate(s) |
such that retrieval
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= A novel strategy for the discovery and design of new materials based on
counterfactual explanations was proposed

= Four of the discovered materials were confirmed by reference DFT
calculations, validating our strategy

= By comparing original samples, counterfactuals, and discovered
candidates, subftle relationships were unveiled between the most relevant
features, other, in principle, less important features, and the E g,
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XAl will not replace human experts, but human experts
who embrace XAl will replace those who do not

Oviedo, F., efal. Acc. Mater. Res. 3, 597-607 (2022).
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Candidates Retrieval
Datasets e — 1
€ alidation
Samples: A;B, =
E WEN’ %The_Maierials
Property: E, 4 - WAR’ Project
L WIE’
HOEY v o @ m
# ||Ls-opt l WEN,
[ WAR, GCN’
A,B, WIE;
Counterfactuals WEN; WAR; WIE; [ EPY —e <MLy, <EFS +e ]
Sample i Counterfactual j
X c Step 2 Validation 2
WEN WEN’ = Cubic
war DICE WAR'’ Q “|Hexagonal ML
WIE - WIE’ il ¢ Tetra'gonal WEN,; v,
w v T ' Al GeN,
GCN T o Gi': 8 2 I "e"e% @ Adsorption site ;
Arger: Bus ON 3 (100) "i‘;‘;‘ 1 ¥ v—esvisv+te Eggs — € <MLg,, S Egis+e
(0001) Lo s s GCN; 4 v, GCN’ Valid Candidate
I @We start with our databases of E_ for H, O, and OH I

sample in the database

@We generate the counterfactuals with DICE for each

Step 1 (example)

Sample i : ZnTi
AB,
A
[ Zn,Ti, ZnZr,  InHf, !
Cd,Ti, Cdzr,  Cd,Hf,

EN,X +EN,Y =WEN
AR, X + AR Y = WAR'
IE, X +1E,Y =WIE

Least-squares optimization

4

WEN, WAR,

, WIE,

@ Check that the A,B, intermetallics found in Step 1 exist in Materials Project
@ Use ML model to verify that the E_, of these intermetallics is still close to the target




e [ XAIDESIGN |} - omimimmmmimcmiem . QAIl possible crystal lattices are
Candidates Retrieval v | considered and all surface slabs

Datasets : ] .
Samples: AB, N SEERES i d ; for different (hk(i)/) facets are
Property: E,,, 2 WAR" %E‘&e”c?“’"a's | constructed (h,k,/ < 3)
®0EY o, D D™ ;
£ | LS-opt WEN; i . . .
= B MR Gen . | @ All available adsorption sites are
Xy ] 1 .
Counterfactuals WEN, WAR; WIE,| ["grt < miLg,, < Bl +e i | determined and values of ¥’ and
Samplei  Counterfactual j 3 .
. c Step 2 Validation 2 ' | GCN’ are updated accordingly (¥;,
WEN' = Cubi § - 3
WE‘; DIiCE WAR’ g ‘*~~k‘~'Hexag§naI ML 1 GCN)
wE W i | ' WEN, 5 J
G\érN GgN' g : @ Adsorption site = WIEjj o :
Target: E,q, on Pt 8 Lo v vrclllet-esmic, sezee)| | @We only keep those samples for
(00501) A84 GCN; »: W' GCN’ Valid Candidate 0 WhiCh l.IJ] and GCNJ are Close to

the counterfactual.

I Q@Use ML model to verify that the E_,, of these intermetallics is still close to the target I

Q@ Explainability is ensured by construction since the discovered materials can be linked
directly to the original sample of the dataset from which the counterfactual was generated.




