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Kernel regression bounds in Reproducing Kernel Hilbert Spaces (RKHS)
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Kernel regression bounds in Reproducing Kernel Hilbert Spaces (RKHS)
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Kernel regression bounds in Reproducing Kernel Hilbert Spaces (RKHS)
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Kernel regression bounds in Reproducing Kernel Hilbert Spaces (RKHS)

X data === unknown function = upper bound lower bound
2 - Relaxed bound = optimal bound
C ~——— for test-point-dependent parameter o
£ x. X ==
é ] h‘"\\ X ’,f’,’
E § "-u..‘_“ hhhhh ,..-"'/

Optimal noise parameter related to

5 v L //J importance of RKHS-norm constraints
2 0 - - — More details at the poster session!
=107 T T T T T T
8 0.0 0.5 1.0 1.5 2.0 2 3.0 3 4.0

Test point .

Data-generating model

yi = [ (@) + e

> Uncertainty quantification @

< (@) < flae) < F ()

E'HZUI“ICh Institute for Dynamic Systems and Control 06.11.2025 6



Numerical comparison: Safe control example Thaftiter o

Goal: Optimize control input to satisfy constraints despite model uncertainty _ )
* Proposed bound simultaneously optimizes noise parameter Higher success rate
* Proposed bound enables safe

Compare with probabilistic bounds for independent, (sub-)Gaussian noise:
e.g. Srinivas et al., 2012;

Abbasi-Yadkori et al., 2013;

Pl“ ‘ftr(ﬂf) — f(’l;(llj)| S 5\/ Z(:Ij) \V/,CL‘ - X} 2 D Chowdhury et al., 2017;

Fiedler et al., 2021;
Molodchyk et al., 2025

Depends on stochastic
noise assumption
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Numerical comparison: Safe control example

Tighter bound
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Conclusions

Tight, distribution-free bound for kernel regression
under energy-bounded noise:

« computed via scalar, unconstrained optimization,

 suitable for integration into downstream tasks
(e.g. Bayesian optimization, safe control),

* enables certification of subset-of-data strategies.
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Thank you for your attention!
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