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« DAREK and K-DAREK are novel frameworks developed for quantifying error
estimation in spline-based networks and hybrid models, respectively.

%ne o® or® Xd
g %{;i: 9?%9. « The frameworks provides deterministic, structured, interpretable, and
- " < computationally efficient distance-aware worst-case error bounds.
« The core mechanism employs Lipschitz continuity assumption over function
- approximation and Newton’s polynomial error bound to ensure tight error
bounds in neuron level.
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T: Training one network
I : Inference one network @
m: Number of Ensemble models (5-20)

k: Number of knots (5-20)
n: Number of input data
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