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MOTIVATION & SUMMARY

@ SZTAKI

EXPERIMENTS

* Goal: predict the aleatoric (data) uncertainty distribution
of the target variable

* Problem: Most uncertainty methods assume parametric
distributions

* Solution: We propose a method that capable of learning
and representing arbitrary distributions

TYPES OF UNCERTAINTY

Epistemic Uncertainty:

"We lack information to know the right model”

* Not enough data

 Methods: Bayesian Neural Nets, Deep Ensembles, Monte
Carlo Dropout, etc.

Aleatoric Uncertainty:
"We lack information to know the exact value of Y”
* Not enough features

 Methods: Parametric, Mixture Density Networks, Ours

CRPS LOSS

* We use the Contonuous Ranked Probability Score:

CRPS(F, ) — /R (F(z) — Ly < 2})?

* Is a strictly proper scoring rule
* Can be approximated using sampling

e We derive an unbiased O(nlogn) formula
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SAMPLING ARCHITECTURE
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e Traditional: outputs are parameters of a parametric distri-
bution (e.g., Gaussian)

* Ours: nondeterministic sampling architecture

WEIGHTED SAMPLING ARCHITECTURE
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* Weighted loss formula and architectures enable much more
expressive output distributions
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EXTENSIONS

Histogram of Distribution KDE of Distribution

Deep Ensembles

(b) MDN (c) Simple (d) Weighted (e) MH (f) LMH

(a) Original

Table 1: NLL results on the UCI Datasets benchmark (lower is better) Table 2: RMSE results on the UCI Datasets benchmark (lower is better)
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(b) Modeling the distribution of MNIST pixel data from the label.

(a) Inverting 22 =12 +y?

* Implementations of CPRS-based models and MDN

* Support for epistemic methods (BNN, Deep Ensembles)
e GPU-accelerated adaptive-bandwidth KDE

* Multivariate versions

* Easy to use, example notebooks, API documentation
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