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Overview

* Physics-informed neural networks
* Uncertainty quantification

* Heteroscedastic

* Repulsive ensembles
e Supernova measurements

e Hubble inference
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PINNSs

* |dea: machine learning can be enhanced with physics information
 Neural Networks as universal approximators

 Needs only a few labeled data points
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Uncertainty

* Uncertainty of the model given the data

e Construct as information of uncorrelated normal distribution
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Uncertainty

* Uncertainty of the model given the data

e Construct as information of uncorrelated normal distribution
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Uncertainty

* Uncertainty of the model given the data

e Construct as information of uncorrelated normal distribution
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Uncertainty in PINNs

 Uncertainty as a solution to the differential equation

 Implement: double the output parameters
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Repulsive ensembles
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Harmonic oscillator
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Residual points at labeled data
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PINNference
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Supernovae
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Supernovae
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Hubble function
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Conclusions

* PINNs learn ODE solutions locally
 ODE information can be used to construct emulators
 Model independent inference using labeled data

* Uncertainty aware inference: sample during training
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Thank you for listening!

O r-. [m]

mged -

Tt
S




- 120

-100

- 80

data
uz2

- 60

- 40

- 20

A u2

1.5 A
1.0 A
0.5 -
N 0.0-
—0.5 -
— ensemble
heteroscedastic
—1.07 —— repulsive
— truth
#labeled data
—1.5 -
1
(@
> O _
<
—1 T T

Lennart Rover, EUCAIFCon24

Bonus: local solution
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Bonus: Hubble reconstruction
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Bonus: eos reconstruction
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