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Development of a Graph Neural Network
Incorporating Implicit Function Representations of Boundaries
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In this study, we conducted a foundational investigation into the introduction of machine learning models
as an alternative to numerical analysis, aimed at addressing the discrepancies observed between analytical
solutions and real-world phenomena. Specifically, we developed and adapted two models, PointwiseMLP
and Graph Neural Network (GNN), for temperature field predictions, comparing their predictive accuracy.
These models were trained using solutions obtained from the Smoothed Particle Hydrodynamics (SPH)
method as training data. We evaluated which model achieved higher predictive accuracy across various sce-
narios, including changes in the initial heat source location. The results demonstrated that the GNN model
consistently surpassed the PointwiseMLP model in predictive accuracy across all tested datasets, achieving
an average L2 error reduction rate of approximately 64.4%. This suggests that GNN’s capability to incor-
porate surrounding information significantly enhances its predictive accuracy. Additionally, deterioration
in predictive accuracy near the boundary areas was observed, leading us to introduce a boundary’s implicit
function representation using particle number density, into both models to improve predictive accuracy near
boundaries and aim for an expansion of generality towards geometric shapes.
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