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Regression with Uncertainty

Observe: Xi., ~ u®" and Yi.,, = Noise [f*(Xlzn)]
Goal: Given a new X ~ u, predict Y.
Regression: Approximate E[Y | X| with frx =y

This curve works for lots of data...
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Regression with Uncertainty

Observe: X;., ~ pu®" and Y;., = Noise [f*(Xlzn)]
Goal: Given a new X ~ u, predict Y.
Regression: Approximate E[Y | X| with frx =y

Idea: Approximate f*(Y | X) with f : X — M(Y) = {densities on J'}
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Measuring Performance

For regression we could use square / absolute / classification loss...
...but now we want to capture the quality of our predictions in the tails.

We use log loss to achieve this:
((f.x7)) = —10g (v | X))

This is just the negative log-likelihood of your predictive density.
Being confidently wrong is worse than being ambivalent (once in a while).

Consider the simple case of estimating the probability of rain, p:

© — Log (y=1)
- Square (y=1)

loss(p,y)
4
!
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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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