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Low network
instrumentalization

Full Bayesian Inference

Native accounting for
aleatoric and epistemic
uncertainties

Monte Carlo Dropout

‘ Masked out — P~B(p)

Principled propagation
of epistemic uncertainty

Deep Ensembles

Uncertainty as a
predictive distribution
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Conformal Pred.

@ Distribution-free
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@ Full predictive pdﬂ @ LEpistemic + Aleatoricﬂ

@ Characterize uncertainty @ Uses MCD to propagate epistemic
using a probabilistic approach uncertainty and further refine it in a
second step

@ m @ fDistribution-freeJ

- Leverage internal status of @ Leverage Normalizing Flows
predictive model to avoid strong distributional
assumptions
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MCNF: Implementation

@ Full predictive pdﬂ pIx,D) = Epy, o 1x, D) PS1Ymep, 2D, 6 =¥ — Yucp

@ LEpistemic i Aleatoria Monte Carlo Dropout: p(yuycplx, D)

¢ = {Jycp,logs?, h(x)}
@ ﬁ:’°5t hoc UQ\ pPOIXD) = Eyryy  1x. 0)[P(S|Ycp, €, D))
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MCNF: Implementation

@ Full predictive pdﬂ pIx,D) = Epy, o 1x, D) PS1Ymep, 2D, 6 =¥ — Yucp

@ LEpistemic i Aleatoria Monte Carlo Dropout: p(yuycplx, D)

¢ = {Jycp,logs?, h(x)}
@ ﬁ:’°5t hoc UQ\ pPOIXD) = Eyryy  1x. 0)[P(S|Ycp, €, D))

L
@ fDistribution-freeJ p(61ymen, €. D) ~ py(a7'(5,¢,0)) | | [det (1, (975, c.0))]
=1
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MCNF: How does it operate?
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Negative log-likelihood

Ly, (0,9) = DKL[p(y|x) (ylx) || Pe,w(}’WMCDr C, D)]

N
1
~ _Nz logpy (9~ G €, 0)) + log |det (]gl(g_l(yn, c, 9)))| + const.

n=1

Weighted negative log-likelihood
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Prediction interval size

Results: Adaptivity
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Results: Multimodality
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Conclusions and future work

In summary

@ MCNF is a UQ post hoc method for deep regression models

- MCNF produces well-calibrated predictive intervals (coverage, size)
while providing richer information than baselines

G- We show that the method generalizes well to other DL
architectures, such as pre-trained GNNs

Future work

@’T Extend the MCNF formalism to classification problems

I Improve computational efficiency by replacing sampling-based
= - elements of the method
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