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Why Quantify Uncertainty?

• Calibrate trust

• Enable efficient human oversight

• Improve performance in downstream tasks



Uncertainty Quantification:  Two Perspectives
Conformal Prediction: turn any
predictor into a set predictor with 
guaranteed coverage

Recalibration: adjust any distribution 
predictor to satisfy calibration

Pros: 
• weak assumptions
• outputs flexible distributions

Cons:
• only applies to 

distribution predictors

Cons:
• Set predictions contain 

less information than 
distribution predictions

Pros: 
• weak assumptions 
• applies to arbitrary 

predictors

𝑃 𝑌 ∈ 𝑆 𝑋 = 1 − 𝛼 𝑃 𝑌 ≤ 𝐻!"[𝑋](𝑝) = 𝑝, ∀𝑝 ∈ [0, 1]
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Our Work

• Transform an arbitrary regressor into a calibrated distribution predictor

• Achieve 𝜖 calibration error with 𝑂(1/𝜖) samples 

• Unify conformal prediction and recalibration
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A Modular Design

Base Predictor Calibration Score Interpolation Algorithm
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