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h
i
Observe: X1:n ∼ µ⊗n and Y1:n = Noise f ∗ (X1:n ) .
Goal: Given a new X ∼ µ, predict Y .
Regression: Approximate E[Y | X] with fˆ : X → Y.
Idea: Approximate f ∗ (Y | X) with fˆ : X → M(Y) = {densities on Y}
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Complexity of F
Well-specified is more reasonable for a complex F, but estimation will be harder.
What is the formal notion of complexity that determines the minimax rates?
Entropy measures how many functions are needed to discretely approximate F.
How should the notion of size be chosen?
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