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- 1. MOTIVATION a 2. METHODOLOGY: STANDING ON THE SHOULDERS OF GIANTS

Heat flux partitioning nucleation growth departure  sliding lift-off

= Wall heat flux decomposed into
multiple mechanisms.
Require bubble dynamics closures.
100s of available models leading to  single phase ~ growth tim wait time

1000s of model combinations convection evaporation quenching new nucleation

Boiling heat transfer remains difficult
to predict due to complex multi-scale
physics.

Existing heat flux partitioning models
rely on empirical and semi-empirical

closures with limited applicability.

No single HFP model provides reliable
predictions across a wide range of
operating conditions.

Mixture-of-experts philosophy

» Decades of research have produced a diverse library of

We propose a neural-gated mixture- models describing boiling phenomena.

of-experts framework that combines
multiple existing boiling models.

» Rather than replacing these models, Mok learns how to
blend their predictions informed by experimental data.

» The resulting predictions combine established physical
knowledge with data-driven adaptation.

Empirical Semi-empirical Mechanistic Decades of
models models models experiments

3. EXPERIMENTAL DATA
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models is more effective than
relying on a single model.
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» MoE generalises from training to
previously unseen operating
conditions.
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