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Laws emerge when the details collapse.
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Neural networks: fit or law?

• A modern neural network is a huge nonlinear system with millions of 
degrees of freedom.

• Two concerns:

Capacity without explanation
More parameters make fitting easier, but they do not tell us what matters.

Optimization without emergence
If the result is only a fitted parameter vector, no collective law has appeared.
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Classification

Babayan & Aliahmadi, with van Anders, Nat. Commun. 17, 271 (2026)



Discovering governing equations

Aliahmadi & Babayan, with van Anders, arXiv:2605.16164 (2026)



Generative AI

Aliahmadi et al., arXiv:2605.16164 (2026)



Bayesian Network
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Topology and Shape Optimization 
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Topology and Shape Optimization 
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Topology and Shape Optimization 
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Applications

• Machine Learning & SciML
• Probabilistic Modelling & Causal Inference
• Dynamical Systems & Digital Twins
• Control & Decision-Making
• Computational Design
• Quantitative Finance
• …
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Implicit Bayesian Inference
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CIFAR-10 classification problem Portuguese-English transcript translation (Transformer)

Aliahmadi & Babayan, with van Anders, arXiv:2605.16164 (2026)



Data “Interpolation” Understanding 




