Scalable and adaptive prediction bands with kernel sum-of-squares

istique
, SAFRAN Louis Allain **  Sébastien Da Veiga! Brian Staber 2 e informatio

lUniv Rennes, Ensai, CNRS, CREST 2Safran Tech, Digital Sciences & Technologies

Context Problem setup Hyper-parameters selection
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Conformal Prediction (CP) is an easy-to-use framework to learn prediction bands for machine =
learning (ML) models. The split CP [4] variant works as follows: ~ ~ r ( m( ))2 : 0.0014] — b=
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We prove a representer theorem that makes this problem tractable in practice, which writes as [ aximizing this , |.€. the dependence between the residudls an € Interval widths, ]
Adaptivity can be induced by changing the score function. a SDP problem. allows to target better local coverage
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We aim to learn a normalized score function (Y—m(X))" with f >0 m —1n: :
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Building on [3], we use the sum-of-squares framework to estimate the positive function f. Con- . : : _
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