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ogo Research motivation and practical implications CieAy
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This research tackles 3 problems in Computational Materials Science:
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PES screening, a property @ Reduce number of DFT

=

Reuse of previous datasets,
not tailored for ML, to train
effective predictors

that must fall within specific 8 calculations by using ML to
ranges for ideal adsorptions M preselect likely candidates

Adsorption applications:

2 - Water & air purification
2 /\ Gasphase | - Energy storage

E J W - Environmental recovery
2 Chemisorbtion B Chromatography

G e n e ra I C at a I yS i S Adsorption material Chemical storage

Dlstance from Substrate surface Fang, Weijie, et al. "Review of hydrogen storage technologies and the crucia
role of environmentally friendly carriers." Energy & Fuels 38.15 (2024):
13539-13564.
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ogo Summary of Quantum-Chemistry QTNano Dataset Ak

Generated from prior QTNano projects, the dataset reflects real-world scenarios
(not tailored for ML), making it unbalanced and diverse, with 430,000+ systems.

Adsorbates Adsorbents
CH - Ru8
0,0% Fel3
Feg 1120 ]
0,8%
Fell
0,9%
CH4 Cul0
33.7% 1,0% Cul3
33, 050
Col2 o
1,1%
Cul2
1,1%
Nil4
1200 C013
Col4 8.8%
1,2% 7
Cul5
2,0%
0O32RhZr16
2,1%
La2031RhZrl14 N Nil3
2,2% 8,1%
Ga3Ni5 La2031Zr14
2.4% 4,0%
CH3 Nis 0322116
23.,0% 2,9% 3,8%
Ga8 La032Zrl5
2,9% 3,1%




Computational Intelligence and

S;;° Dataset’s heterogeneity and imbalances Ak

Data Analysis Group

Frequencies of molecule-substrate combinations vary significantly.

ML for PES prediction

Count of Combinations of Substrates and Molecules

Substrates

Count
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The best cases are the densely
explored regions (CH,/ Fe,,).
But some are just

(H/Zr, O,,).
And others are completely

missing (N / Co.),

ML model must work with
these gaps and disparities,
which is challenging.
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ogo Efficient chemical descriptor for adsorption systems CieAy

e XYZ lacks invariance in respect to position and
rotation, making them unsuitable as features.

e Global descriptors like SOAP solve this, but are costly
and may fail to represent |local regions of interest.

e Cut-SOAP (our development) greatly reduces feature
count by focusing on a hypothetical adsorption site.

From raw data to final feature count:
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/ (a) N =3 atoms (b) N =5 atoms

All Centers 2 Centers Hypothetical Site Correlation
(SOAP) (Simplified SOAP) (Cut-SOAP) Analysis
/5K Features 17K Features 2380 Features 1835 Features
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Model’s predictions for newly generated systems
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We trained an MLP on Cut-SOAP features and tested it on both a held-out test
set and a new synthetic dataset of 222 systems. The latter simulates practical
applications with varied orientations but familiar adsorbate-adsorbent distances.

Predictions for synthetic set (zoomed-in)
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Pipeline overview: from training to PES prediction

The whole pipeline can be summarized as follows:

Training

Format starting data

Load FHI-Aims data, then fit a descriptor
and build features. Concatenate with PES
and output train/test datasets.

Train ML model

Use the formatted dataset to train an ML
PES predictor with a given topology and
hyperparameters.

Production

Format new data

Load systems to have their PES
predicted, then generate feature vectors
with the previously fitted descriptor.

Predict PES

After all the new data was converted into
a table, use the trained model to predict
their PES.
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ogo Conclusion Craly
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e |t’s possible to train effective ML predictors using historical datasets;

e Cut-SOAP’s accuracy is close to regular SOAP’s while reducing cost;

e Trained model can predict PES for systems mildly different from starting set;
e Predictions are superfast, allowing large scale operations;

e Framework has a straightforward console interface;

e We plan to submit this work and release the full framework in upcoming months.
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Conclusion

Thank You!
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