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Can interpolating models generalize well?

* Traditional view: For good generalization, do not overfit.
e Some neural networks trained to interpolation still
generalize well. Why??

* In high-dimensional limits, benign overfitting understood for

linear and kernel models

e |n fixed/low dimension,
narrative so far: S V i W
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We show: Benign overfitting is possible with kernels and
neural networks in fixed dimension!

Simply train to overfit, no need for early
stopping or explicit regularization:
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Generalized inconsistency results

How to achieve benign overfitting in arbitrary dimension

: . : “generalizes well”
In high dimension \

(Bartlett et al. 2021): min-norm interpol. = smooth + spiky

.

“Interpolates noise in training data with low volume spikes”

=== Break assumption (N) by introducing sharper spikes.
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Spiky-smooth kernel: kp,y — k + p - ky
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Theorem: Given atom-free distribution and Sobolev target function,

choose ¥y — 0 fast enough, p — 0 as for kernel ridge regression, then

min-norm interpol. of kp y achieves optimal convergence rate.

Neural nhetworks: Add tiny fluctuations to activation function!

ReLU NTK RKHS
d+1
equivalent to H +(Sd).

Corollary: Inconsistency of
overfitting (deep) ReLU
NNGPs and NTKs

t Not only over bounded, open }

| subsets of R? but also over S? §  (chen ana xu, 2021)
B 1 (Bietti and Bach, 2021)

| Var(y|x) > o> for all x|

assump.,w.hp. the min-norm interpol. g, in the RKHS is inconsistent.

| Assume f}, in the RKHS fulfills:
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Simon et al (2022): “Every dot-product kernel on S? Vd € N is the NNGP
kernel/NTK of a 2-layer network with an appropriate activation function.”
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Add high-freq. components
In Hermite series
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Bonus: Disentangle signal
from spike component
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Conclusion

e Harmful overfitting is a generic phenomenon in fixed dimension,
e But can be fixed with spiky-smooth estimators and activation functions

Future work: How can we design activation functions for complex
architectures and datasets?
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