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Predicting Coercivity in NdFeB Sintered Magnets via Dual-Tower Neural Networks:
Impact of Data Distribution and Latent Space Coverage
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In this study, a Dual-Tower Artificial Neural Network was constructed to predict the coercivity of NdFeB sintered permanent
magnets based on experimental data of composition and process variables, while investigating the dependency of regression
performance on data distribution. It was observed that the regression performance fluctuated sensitively depending on the specific split
between the training and test datasets. To identify the cause of these performance variations, dimensionality reduction techniques were
employed to visualize the geometric distribution of the training and test data for each split condition. The visualization revealed a clear
distinction between the best and worst performance cases: the results depended on how effectively the training data spanned the
distribution of the test data within the latent space of the feature factors. Furthermore, by tracking the attention weights derived during
the training process for different data splits, it was confirmed that the weights for composition variables generally remained higher
than those for process variables. This indicates that composition exerts a dominant influence on the prediction of coercivity.
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Fig. 1. (Color online) Periodic-table visualization of the average elemental concentration (wt%) in the NdFeB permanent magnet dataset. The color
intensity represents the logarithmic scale of the average concentration of each element.
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Table 1. Processing parameters and Units Used in Artificial Neural
Networks [11].

Processing parameters Units
Magnetic field intensity [T)/Tesla
Sintering temperature [°C]/Celsius
Sintering time [h]/hours
Primary tempering temperature [°C]/Celsius
Secondary tempering time [h]/hours
Secondary tempering temperature [°C]/Celsius
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Fig. 2. (Color online) Schematic overview of the machine-learning framework for predicting the intrinsic coercivity (/) of NdFeB permanent
magnets. The workflow consists of: (1) construction of the NdFeB dataset, (2) repeated train/test splitting with 50 different random seeds, (3)
development of a two-tower neural network model, (4) evaluation of feature importance and regression performance, (5) visualization of t-SNE

distributions.
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