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Post hoc UQ Distribution-free3

1 Epistemic + Aleatoric2Full predictive pdf

4

Uses MCD to propagate epistemic 
uncertainty and further refine it in a 
second step

Characterize uncertainty 
using a probabilistic approach 

Leverage Normalizing Flows 
to avoid strong distributional 
assumptions

Leverage internal status of 
predictive model
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MCNF: Implementation
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𝑝 𝑦 𝐱, 𝒟 = 𝔼𝑝 𝑦𝑀𝐶𝐷 𝒙, 𝒟 𝑝 𝑦 𝑦𝑀𝐶𝐷, 𝒙, 𝒟1 Full predictive pdf
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1 Full predictive pdf 𝑝 𝑦 𝐱, 𝒟 = 𝔼𝑝 𝑦𝑀𝐶𝐷 𝒙, 𝒟 𝑝 𝛿 𝑦𝑀𝐶𝐷, 𝒙, 𝒟 , 𝛿 = 𝑦 − 𝑦𝑀𝐶𝐷
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1 Full predictive pdf

Epistemic + Aleatoric2 Monte Carlo Dropout:  𝑝 𝑦𝑀𝐶𝐷 𝒙, 𝒟

𝑝 𝑦 𝐱, 𝒟 = 𝔼𝑝 𝑦𝑀𝐶𝐷 𝒙, 𝒟 𝑝 𝛿 𝑦𝑀𝐶𝐷, 𝒙, 𝒟 , 𝛿 = 𝑦 − 𝑦𝑀𝐶𝐷
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1 Full predictive pdf

Epistemic + Aleatoric2

Post hoc UQ3

Monte Carlo Dropout:  𝑝 𝑦𝑀𝐶𝐷 𝒙, 𝒟

𝑝 𝑦 𝐱, 𝒟 = 𝔼𝑝 𝑦𝑀𝐶𝐷 𝒙, 𝒟 𝑝 𝛿 𝑦𝑀𝐶𝐷, 𝒙, 𝒟 , 𝛿 = 𝑦 − 𝑦𝑀𝐶𝐷

𝒄 = ത𝑦𝑀𝐶𝐷, log 𝑠2 , 𝒉(𝒙)
𝑝 𝑦 𝐱, 𝒟 = 𝔼𝑝 𝑦𝑀𝐶𝐷 𝒙, 𝒟 𝑝 𝛿 𝑦𝑀𝐶𝐷, 𝒄, 𝒟
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1 Full predictive pdf

Epistemic + Aleatoric2

Post hoc UQ3

Distribution-free4

Monte Carlo Dropout:  𝑝 𝑦𝑀𝐶𝐷 𝒙, 𝒟

𝑝 𝑦 𝐱, 𝒟 = 𝔼𝑝 𝑦𝑀𝐶𝐷 𝒙, 𝒟 𝑝 𝛿 𝑦𝑀𝐶𝐷, 𝒙, 𝒟 , 𝛿 = 𝑦 − 𝑦𝑀𝐶𝐷

𝒄 = ത𝑦𝑀𝐶𝐷, log 𝑠2 , 𝒉(𝒙)
𝑝 𝑦 𝐱, 𝒟 = 𝔼𝑝 𝑦𝑀𝐶𝐷 𝒙, 𝒟 𝑝 𝛿 𝑦𝑀𝐶𝐷, 𝒄, 𝒟

𝑝 𝛿 𝑦𝑀𝐶𝐷, 𝒄, 𝒟  ~ 𝑝𝝍 𝑔−1 𝛿, 𝒄, 𝜽 ෑ

𝑙=1

𝐿

det 𝐽𝑔𝑙
𝑔−1 𝛿, 𝒄, 𝜽
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MCNF: Training Loss
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ℒ𝑁𝐿 𝜽, 𝜓 = 𝐷𝐾𝐿 𝑝 𝑦|𝒙 𝑦|𝒙  || 𝑝𝜽,𝜓 𝑦 𝑦𝑀𝐶𝐷, 𝒄, 𝒟

≈ −
1

𝑁
෍

𝑛=1

𝑁

log 𝑝𝝍 𝑔−1 𝑦𝑛, 𝒄, 𝜽 + log det 𝐽𝑔𝑙
𝑔−1 𝑦𝑛, 𝒄, 𝜽 + const.

ℒ𝑁𝐿 𝜽, 𝜓 = − ෍

𝑛=1

𝑁

𝒘𝑛 log 𝑝𝝍 𝑔−1 𝑦𝑛, 𝒄, 𝜽 + log det 𝐽𝑔𝑙
𝑔−1 𝑦𝑛, 𝒄, 𝜽

𝒘𝑛 = 𝜎 −
log 𝑝𝑀𝐶𝐷 𝑦𝑛 𝒙𝑛

𝜏
; 𝜏  ∈  (0,1)

Negative log-likelihood

Weighted negative log-likelihood
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Experimental setup
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Solubility
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Results: Coverage, MAE, Size
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Results: Adaptivity
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Results: Multimodality
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Conclusions and future work

25

In summary

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

MCNF is a UQ post hoc method for deep regression models

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

Extend the MCNF formalism to classification problems

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

Future work
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Thank you!
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