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Epistemic:
- model uncertainty
- reducible

Aleatoric:
- uncertainty in data
- irreducible

- statistical
- systematic
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‘ | EARNIN  Aleatoric statistical uncertainty can be included by adding noise in the 10 measurements of
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CONSIDERATIONS:

- LOSS FUNCTIONS
- TRAINING APPROACH / METHODS
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FAST MAPPING FROM THEORY TO OBSERVABLES

Bayesian Neural Networks lOg p(y ‘ 9)

Training — Bayesian inference

Can we make predictions with

useful epistemic uncertainty
estimates?

p(y|z, D) = / 5(y — f(x,0)) p(0| D) db.



FAST MAPPING FROM THEORY TO OBSERVABLES

Bayesian Neural Networks

Training — Bayesian inference *
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Can we make predictions with

useful epistemic uncertainty
estimates?
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FAST MAPPING FROM THEORY TO OBSERVABLES
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IMPLICIT QUANTILE NETWORKS STATS REVIEW

data CDF guantile function



IMPLICIT QUANTILE NETWORKS STATS REVIEW
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IMPLICIT QUANTILE NETWORKS LOSS FUNCTION
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IMPLICIT QUANTILE NETWORKS LOSS FUNCTION
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IMPLICIT QUANTILE NETWORKS LOSS FUNCTION
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IMPLICIT QUANTILE NETWORKS ARCHITECTURE
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IMPLICIT QUANTILE NETWORKS ARCHITECTURE
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IMPLICIT QUANTILE NETWORKS ARCHITECTURE
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IMPLICIT QUANTILE NETWORKS ARCHITECTURE
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