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® The introduction of local thermodynamic biases into graph neural networks enhances prediction accuracy and e i '
maintains computational efficiency, crucial for large-scale systems. : Y i ] 5 -
® Our method accelerates processing time by at least an order of magnitude compared to traditional methods, v | | ? H
demonstrating both practical applicability and effectiveness. %10_3'5 | |
® Strong generalization capabilities are observed, with accurate predictions on diverse examples, including | B
beams clamped at both ends. 10 i
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