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e Bad estimators don’t exhibit U-shaped
bias-variance tradeoff, even in low-
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dimensions; why should we expect
that from OLS?
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 Why is complexity = # parameters in
overparameterized models?

REVISIT COMPLEXITY

1. Build on the normalized maximum
likelihood (NML) principle in MDL:
luckiness NML codes induced by
ridge estimators to account for
degeneracy in high-dimensions

2. Define MDL-COMP as optimal excess
codelength over the LNML codes

3. Find a measure that depends on
covariate design, and signal strength
and is not mere parameter count

RESULTS

MDL-Complexity can grow logarithmic with . MDL-COMP has a non-linear scaling

* |Informsin-sample generalization for

parameters for overparameterized models
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linear and kernel methods

* Provides competitive performance to

| cross-validation (CV) in out-of-sample
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MDL-COMP Expressions
* Linear models: Yy; = a:,LT 0 + N (0, 02)
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* Gaussian design: d,
fitted feats,n
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true feats, d =
samples; withd, = n

& Inform hyper-parameter tuning in limited-data

when d < n
when d > n.

settings, using just a single fold computation
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* Kernel ridge regression:
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* For linear model:

More experiments + theory @https://arxiv.org/abs/2006.10189
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