Building Calibrated Deep Models Via Uncertainty Matching with
Auxiliary Interval Predictors
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Summary

Authors

AI methods have the potential to support critical decision-making, e.g., diagnosing
diseases or finding new hypotheses in science. However, to prioritize safety, one must
ensure such methods are accurate and 6.1.2.A.1
reliable. Since several factors contribute to
stochasticity in AI methods, principled uncertainty analysis is critical. Due to lack of
ground-truth on uncertainties, we often resort to calibrating predictions against known
priors. In this work, we conjecture that one can reliably build calibrated models by
posing calibration as an auxiliary task and utilizing a uncertainty matching strategy.

What is Uncertainty Quantification?

UQ refers to the scientific process of
predicting outcomes based on limited
amounts of data to measure confidences that
are used to inform decisions.
Aleatoric: Inherent ambiguities.
Epistemic: Modeling uncertainties.
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Calibration in
Regression Tasks

We expect the true target to be contained with high
likelihood within a uniform interval around the mean

Why Do We Need UQ?

• Build reliable models.
• Allow incorporation of real-world priors.
• Avoid machines from being overly
confident even when making mistakes.
• Identify regimes of strengths and
weaknesses.
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Proposed Approach
Key Components
• Separate models for target
mean prediction (primary)
and interval est. (auxiliary).
• Bi-level optimization.
• Uncertainty matching to
achieve better calibration.

Sigma Fit: Primary network uses a
heteroscedastic neural network to
obtain uncertainty estimates.
We regularize the primary network by
IQR Fit: Conditional quantiles of the
enforcing an uncertainty estimator to
prediction are used to construct
match the prediction intervals from 6.1.2.A.1 uncertainty estimates.
the auxiliary network.
With applications in regression, time-series forecasting, and object localization,
we show that our approach achieves significant improvements over existing
uncertainty quantification methods in deep learning.
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While dropout-based methods are highly optimistic (very sharp intervals), Bayesian
neural nets are often pessimistic and both are poorly calibrated. In comparison, our
approach is consistently well-calibrated, and also leads to better mean estimators.

