
Local Many-Body Tensor Representation (LMBTR)
LMBTR[4] organizes structural information through a 
kernelization of atoms distances and angles 
organized into chemical classes. The descriptor is 
constructed considering only the adsorption site and 
adsorbent. Due to the diversity of chemical species in 
the dataset, the extensive final feature vector is 
reduced to principal components.
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Accurate interaction energies (ΔEtot) are crucial for 
understanding catalytic mechanisms, yet using DFT 
calculations is costly to explore the vast configurational 
space of adsorption systems. Machine Learning (ML) 
offers a faster alternative, however lacking suitable 
chemical datasets. For reliable high-throughput 
screening, models must handle heterogeneous data 
while accounting for adsorption  physics.

The dataset was built from heterogeneous DFT optimizations employing the 
semilocal exchange-correlation PBE energy functional[1] with van der Waals 
corrections[2] in FHI-aims, being composed of 431,638 molecule-nanocluster 
configurations, as shown in the figure above. These are calculation frames from 
various works on nanoclusters adsorption systems with adsorbate species related to 
different catalytic pathways. The interaction energies were calculated as follows:

where samples with ΔEtot > 0 removed to keep physically valid adsorption states.

● Develop a framework encompassing data parsing, featurization, model training, 
testing, and hyperparameter optimization.

● Train and evaluate ML regressors using multiple chemical descriptors to predict 
interaction energies in finite particle systems.

● Assess the reliability, transferability, and computational efficiency of the ML 
pipeline in comparison with conventional DFT calculations.

Descriptor Design - Site selection

Descriptor Design - Product

Because adsorption energetics are highly local, the atoms 
near the binding region carry the most meaningful 
information. A good descriptor should capture this local 
environment, avoid irrelevant bulk atoms, and remain 
computationally efficient. To achieve this, we use the 
following procedure:

● For each substrate atom 𝐵j, compute the minimum 
distance to any adsorbate atom Ai

● Sort all substrate atoms by increasing distance
● Choose the s nearest substrate atoms. These form the 

hypothetical adsorption site.

Using the same procedure to select the hypothetical adsorption site, we introduce 
two specialized adaptations of conventional descriptors.

Smooth Overlap of Atomic Positions (SOAP)
Once the adsorption site is identified, we compute the geometric center of both the 
adsorbate and the selected site atoms. SOAP[3] is then evaluated using these centers 
for initialization, applied to the full molecule but only the local site rather than the 
entire substrate. A subsequent correlation analysis removes redundant features. The 
result is an adsorption-focused descriptor, that we call Cut-SOAP, which is far more 
efficient than naïve implementations while maintaining competitive accuracy.

Cut-SOAP
Feature vector size was reduced from 75,000 to 1,835 
with minimal information loss. Combined with a 
Multilayer Perceptron (MLP), it achieved a test-set 
average Mean Absolute Error (MAE) below 0.1 eV and an 
external-set average MAE below 1.0 eV. This 
performance drop on the external-set reflects the 
inherent difficulty of the task, given that the set contains 
adsorption geometries never encountered during 
training. Other predictors (e.g., XGBoost) performed 
similarly or worse. Across the evaluations, Cut-SOAP 
matched the accuracy of slower conventional 
descriptors.

LMBTR
The feature vector size is reduced from 18,000 to 
1,800 features from the principal component analysis 
(PCA), maintaining 99% of explained variance. The 
trained random forest regressor (RFR) model achieves 
a MAE of 0.05 eV with comparable accuracy to DFT 
calculations. A similar result is achieved using the 
simpler descriptor Coulomb Matrix (CM) and the RFR, 
however the LMBTR greatly outperforms the CM using 
simpler, linear methods. When presented with new 
data, the model has a slightly worse MAE, being 
incapable of accurately determining energies for 
unseen nanocluster-adsorbate combinations.

● Local structural descriptors (Cut-SOAP, Cut-EVCM, LMBTR) are efficient in 
capturing relevant physics while controlling dimensionality.

● Large, real-world DFT datasets can indeed produce accurate ML models, despite 
not being designed for machine learning.

● ML models trained on optimized descriptors achieve high in-distribution accuracy, 
but transferability depends on structural representativeness.

● The pipeline enables rapid screening of adsorption energetics, a step toward:
○ accelerated catalyst discovery,
○ automated ΔEtot exploration,
○ and large-scale materials design.

Catalysis products depend on (supported)  
cluster size. (ZHAO,2022)
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