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What happens if you have a
magic calibrate button?

Imagine you click it. You get coffee. Two hours later, your model is
calibrated. Just assume that's real for a moment.
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Amazing. I'm done.

Why did you pick those storms?
Why that objective function?

Why those bounds and
constraints?
What assumptions did you lock in?
And if calibration is that fast... why
didn’t you run ten more?
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Faster calibration doesn’t end the work. It raises the standard.
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Why calibration is slow/expensive?



“Black Box" Bottleneck
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Why pure data driven calibration won’t save us
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What would make a calibration
button possible?



Physics shrinks the problem

Pure Data Physics-Based
(Unconstrained) (Constrained)
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A model that can calibrate itself

Rain Data RTK Model Routing Model Predicted Flow  Observed Reality
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No magic, just calculus
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* Physics: SWMM5 Dynamic Wave + RTK Hydrology.
PrOtOty pe « Goal: Can the whole chain become “calibratable” in one automated workflow?
« Setup: Started with an intentionally imperfect initial guess to test recovery
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Convergence isn’t luck, it is steering
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What do we do with it?



What is calibration?



From Point to Landscape

One Calibration, You assume your
assumptions are right

® D

Many quick calibrations,
you learn what right looks like.

/— The Landscape

— Where are results stable?
Where are they ambiguous?
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The win isn't just speed. It's understanding.

Fast calibration doesn’t end
uncertainty — it makes it visible.
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We can finally afford to ask the really hard ‘What If’ questions that lead to resilient infrastructure.
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