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Discovery of Alloy Catalysts for Ammonia Decomposition
by Machine Learning-Based Prediction of Adsorption Energies

Byung Chul Yeo"*, So Yun Jeong', Jun Su Kim', and Donghun Kim?

'Department of Energy Resources Engineering, Pukyong National University, Busan 48513, Republic of Korea
?Computational Science Research Center, Korea Institute of Science and Technology, Seoul 02792, Republic of Korea

Abstract: Ammonia decomposition has gained significant attention as an eco-friendly method for hydrogen
production because it creates no carbon dioxide emissions. While Ru catalysts are known for their high activity
in ammonia decomposition, their high cost makes them uneconomical for commercial use. Therefore, it is
essential to explore novel alloy catalysts composed of inexpensive elements with high catalytic performance.
Nitrogen adsorption energies serve as key descriptors indicating the catalytic performance for ammonia
decomposition, and first-principle calculations can compute these energies. However, the screening of
numerous alloy catalyst candidates through extensive first-principle calculations and experimental
validations remains time-consuming due to the vast number of potential candidates. To address this, artificial
intelligence and machine learning models are being developed to quickly predict catalyst performance,
efficiently searching for promising catalyst candidates. In this study, we developed a machine-learning-based
method to rapidly predict nitrogen adsorption energies using a graph-based artificial neural network, thereby
efficiently searching for novel catalysts for ammonia decomposition. Our training dataset included the
nitrogen adsorption energies of 30 pure transition metal catalyst candidates, as well as binary alloy catalyst
candidates, including core-shell and intermetallic compounds. As a result, we successfully identified 12

catalyst candidates composed of inexpensive elements that are likely to exhibit catalytic performance
comparable to Ru catalysts.
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Fig. 1. Schematic diagram for reaction pathway of ammonia decomposition catalysts.
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Table 1. Comparison of the experimental catalytic performance and N adsorption energies for ammonia decomposition of 6 representative

catalysts with pure metal[27]

Catalyst TOF(s™) TOF/Ru TOF AEy (V) |AE,—AE\[Ru]|

Ru 6.85 -0.820 0

Ni 421 0.61 -0.076 0.744

Fe 0.327 0.048 -1.605 0.785

Pt 0.0226 0.0033 0.386 1.206

Pd 0.0194 0.0028 0.546 1.366

Cu 0.0130 0.0019 1.426 2.246
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Fig. 2. Database for exploring ammonia decomposition catalysts.
(a) Target elements in the periodic table (Group: 3~12, Period:
4~6). (b) Adsorption configurations for a nitrogen atom on the 3
representative catalyst’s surfaces. (c) Histogram of core-shell and
intermetallic alloys for 314 samples.
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Fig. 3. Schematic diagram of the main architecture of the revised SGCNN model.

Table 2. Specification of our machine learning model’s architecture

Type Specification
The number of convolution layers 3
The number of convolution filter(kernel) 1
The number of fully-connected layers 3
Activation function i?&%rfaglﬁgxi
Learning rate 0.005
Dropout probability 0.5
L? regularization coefficient 102
Batch size 64
Epoch 500
Standard deviation of initial weights 0.1
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Fig. 4. Performances of machine learning model of predicting
adsorption energies. (a) Evolution of loss function with increasing
training/test steps. (b) Comparing the predicted adsorption energies
of training/test dataset using the machine learning(ML) model and
DFT calculation.
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Fig. 5. Schematic diagram of the screening process for high-
performing and cost-effective ammonia decomposition catalysts
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Table 3. Comparison of N adsorption energies, similarity to the Ru catalyst’s nitrogen adsorption energy from ML predictions and DFT
calculations, and the average cost of Ru, Ni, and 12 screened binary alloy catalysts for ammonia decomposition[38]. Asterisk(*) indicates
the binary alloy catalysts excluded in training dataset of machine learning.

Catalyst(Structure) ExeV) [AEy—AE\[Ru, DFT] Average cost ($/kg)
ML DFT ML DFT
Ru(Pure) -0.824 -0.820 0.004 0 12,860.0
FeMn(Core-shell) -0.801 -0.867 0.019 0.047 0.1
NiFe(Core-shell) -0.738 -0.817 0.082 0.003 93
CuMn(Core-shell) -0.732 -0.811 0.088 0.009 5.0
CuNi(Core-shell)* -0.553 -0.448 0.267 0.372 14.2
CuCo(Core-shell) -0.540 -0.735 0.280 0.085 19.6
TiCr(Intermetallic) -0.386 -0.548 0.434 0.272 8.2
NiNb(Intermetallic) -1.266 -1.301 0.446 0.481 31.7
TaMn(Intermetallic) -1.279 -1.411 0.459 0.591 95.0
CrFe(Core-shell)* -1.290 -1.276 0.470 0.456 48
NiCo(Core-shell) -0.280 -0.314 0.540 0.506 239
TiMn(Intermetallic) -0.181 -0.264 0.639 0.556 34
FeZn(Intermetallic)* -0.171 -0.251 0.649 0.569 1.7
Ni(Pure) -0.075 -0.076 0.745 0.744 18.4
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