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Motivation
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Prediction tasks
● Main interest in several applications today: accurate predictions 

● Supervised learning: predict label     based on features     through model        .

● Today: models with remarkable performance…

● But even best models make mistakes.
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Which one is the dog?



Misleading conclusions
● Predictions alone may lead to misleading conclusions

● Can also be dangerous to use in high-stakes contexts alone
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The central question is not only:

“What is the prediction?”

but also:

“How uncertain is it?”



From point predictions to uncertainty sets
● Interest: quantify uncertainty around each point prediction        . 

● Usual way: Prediction Intervals           .
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● Several methods, but same problems: strong data assumptions for         

for           to be valid:  



Conformal 
Prediction
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Main solution
● How to obtain symmetric and valid interval around         without strong data 

assumptions?

● Possible answer: Conformal Prediction (Vovk et. al 2005, Shafer and Vovk 

2008, Lei et. al 2018)

● Only assumption for validity: exchangeability (or i.i.d) (Vovk et al., 2005)

● Based in conformal scores (residuals):
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Split Conformal Prediction (split CP)
D  is the dataset of interest and             the miscoverage level:

1. Split D in training and calibration sets. Train g in the training set.

2. Compute conformal scores                                    in the calibration set.

3. Sort and compute the scores            quantile          .

For           assign:  
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Example

Source: https://www.tidymodels.org/learn/models/conformal-regression/
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https://www.tidymodels.org/learn/models/conformal-regression/


Typical problems:
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Conditional coverage and 
adaptivity 

Epistemic uncertainty and
scarcity



Part 1: 
Locally-adaptive 
Conformal 
Prediction
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Main limitations
● CP does not have controlled conditional cover.

● Prediction intervals may have problem on locality/adaptivity

● Other strategies: change the prediction model/conformal score (Romano et. al 

2019, Izbicki et. al 2022)                                                          

● Focus on asymp. conditional coverage, but scores not based on original 

● Further strategies: can still fail to give adaptive intervals in several contexts.
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Baseline approaches Our approach



LOCART (Local Regression 
Trees)
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Rationale of our approach
● Core idea: build conformal intervals using a partition of      .

● In the partition                             apply split CP to each 

● Outcome: different cutoffs for each partition element

● Local Coverage Guarantee:
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Challenges
● Creating partition      is non-trivial:

Thin partition: sparsely populated -> poorly estimated cutoffs.

Coarse partition: locally lacking -> maladaptive intervals.

● Our idea: use decision trees to derive an “optimal” partition.
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Some properties

● Marginal Coverage 

● Local coverage

● Asymp. Conditional coverage 

● Smart and lightweight partitioning
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Real data
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Part 2: Epistemic 
Conformal 
Prediction
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A different kind of limitation
● Standard CP: mostly capture aleatoric uncertainty.

● Another source of uncertainty: epistemic uncertainty (Hüllermeier & Waegeman 2021).
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Aleatoric (irreducible)

Inherent randomness in Y given X.

More data does NOT help.

Epistemic (reducible)

Uncertainty from lack of data or 
model knowledge.

More data CAN help.
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Existing approaches
● Few strategies focus on integrating epistemic uncertainty more directly.

● Existing approaches are restricted to specific prediction models (quantile or 

regression).

● Our approach (EPICSCORE): 

○ Integrate epistemic uncertainty on any conformal score;

○ Bayesian approaches to model epistemic uncertainty of             ;

○ Maintains marginal coverage guarantees (achieves asymp conditional);

○ Enhance rather than replace the conformal score;
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● Marginal Coverage guarantee

● Asymp. conditional coverage if predictive distribution converges.



Real data comparisons
● Comparisons over 13 real datasets
● Mainly two metrics:

○ Average Interval Score Loss (again)
○ Outlier to inlier interval ratio

● Comparing in regression and quantile regression contexts

28



Application to image data
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Thank you!
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EPICSCORE
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Improving LOCART

Partitioning could be improved with extra information about Y|X

● A-LOCART: augment the feature space with extra info

● Example: estimated                 as an additional feature
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Some model details
● Practical model choices for predictive distribution:

○ BART (Chipman et al. 2012);

○ Gaussian Process (Williams & Rassmussen 2006);

○ Mixture Density Network with MC-Dropout (Bishop 1994, Gal & 

Gharamani 2016)
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Real data
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Some properties (LOCART)

● Marginal Coverage 

● Local coverage

● Oracle Consistency 

● Asymp. Conditional coverage 

● Smart and lightweight partitioning
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