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Motivation

A fundamental problem in modern supervised learning is
computing reliable conditional prediction intervals in high-
dimensional settings: existing methods often rely on restrictive
modelling assumptions, do not scale as predictor dimension
iIncreases, or only guarantee marginal (population-level) rather
than conditional (individual-level) coverage. We introduce the

Statistical Guarantees

'he key insight is that working in the LPM Space is simpler
than working in the Data Space. In other words, we exploit
the compressions (predictions) to compute lifted prediction
intervals, which can be mapped to the data space by
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pred|Ctlve mOde|S, |nC|ud|ng, but not ||m|ted to, ||near Figure 1: From left to right, prediction intervals for Pr(dog) computed with a ConvNeXt (Liu et al. 2022) classifier. Far left, the interval collapses at Pr(dog) = 100% for the clear dog image. At the centre, the most ambiguous case and the longest interval. Far right, the interval Silop {PI‘ (YO §é Cmaps(wo) | f(XO> — f<w0)) o Q} — 0Pr<1)-

collapses at Pr(dog) = 0% for the clear not dog image. Taken from Salnikov, D., Leonte, D. & Michalewicz, K. (2025), ‘The MAPS algorithm: Fast model-agnostic and distribution-free prediction sets for supervised learning’, In Submission. pp. 1-28.

regression, random forests and modern deep neural networks. Further, if g,(x,) is asymptotically linear, then for any trained f and x, € X,

A New Algorithm for Computing Prediction Intervals for Arbitrary Predictive Models
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) Ry (f) : Yo = p(f(X2)) + uo - The MAPS algorithm generates a sample of lifted residuals and computes the endpoints | T — ;
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of the prediction interval at the (1 — a) x 100% confidence level, that is, el
Under two more general conditions and the new notion of contour-homoscedastic errors,

61, 62 « maps_algorithm(Dcal, f’ T, Oé), our choice of lifted spline estimator is asymptotically linear, hence, we also have that

R ) ) ) A A O F LA sup,, . - , {Pr (YO éma ) | X, = :UO> — a} = ope(1).
f = Ry (f) given f(X,) = f(wo) f ¢1(xo) = P(f(®o)) + Gar (0/2), oS5 (pimin, Ymasl)  Cnaps(0). 3
62(330) — ¢(f(gc0)) —+ A,&* (1 — CV/Q), IfFIf = flleo = 0pe(1), V&, € [ ([Ymin, Ymax]), then these are also asymptotically optimal,
- B . o . S U, ) {100 (s (20) ACtea()) | = ope(1)
where 1 is a debiasing spline that calibrates pointwise predictions for any f, and ¢+ (a/2)
(Xo, Yo) Cmaps (To) and ¢3+(1 — a/2) are the a/2- and (1 — «/2)-quantiles of the bootstrap residual sample 5.0f +  Bivariate Ganssian samples
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