1. X is the input space. 2. Y is the output space.

3. The target f is P (Y_F = y_F j x). 4. The hypothesis h is P (Y_H = y_H j x).

5. The training set d is a set of m pairs of x–y values. 6. The expected misclassification rate (cost) is E(C) = 1 � X y2Y P (y_H = y_F = y) .

We will drop the random variables in the rest of the talk.

E(C) = ∑ x P (x) ( bias^2_x + variance_x + σ^2_x ) (1) where bias^2_x ≡ 1 2 ∑ y2Y [P (Y_F = y | x) − P (Y_H = y | x)]^2 (2)

variance_x ≡ 1 2 1 − ∑ y2Y P (Y_H = y | x)^2 (3)

σ^2_x ≡ 1 2 1 − ∑ y2Y P (Y_F = y | x)^2 . (4) (5) f and m in the conditioning events are implicit.

This leads to a simple relation to quadratic loss: E [( ⃗YF �^⃗YH^{)2} j f, m, x^] = 2 P (yH 6= yF j f, m, x) (1)

= 2 E(C0-1 loss j f, m, x) . (2)

P (y_H j f, m, x) is an average over all possible datasets of size m: P (y_H j f, m, x) = ∑ d P (d j f, m, x)P (y_H j d, f, m, x) (1) = ∑ d P (d j f, m) probability of a dataset P (y_H j d, x) classifier’s prediction = y_H ?

.(2)

Proposition: Y_F and Y_H are conditionally independent given the target f

and and a test point x.

P (y_F , y_H j f, x) = P (y_F j y_H , f, x)P (y_H j f, x) (3) = P (y_F j f, x)P (y_H j f, x) . (4)

1. Let ⃗Y_F be an R^{jY j}-valued random variable restricted so that exactly one of its components equals 1 and all others equal 0. The single 1-valued component is the one with index y_F .

2. Define ⃗Y_H similarly in terms of Y_H .

3. ⃗Y_F and ⃗Y_H are real-valued so we can define quadratic loss:

( ⃗y_F � ⃗y_H )^2 = { 2 if y_F 6= y_H 0 if y_F = y_H 4. This leads to a simple relation to quadratic loss: E [( ⃗Y_F � ⃗Y_H )2 j f, m, x^] = 2 P (yH 6= yF j f, m, x) (1) = 2 E(C0-1 loss j f, m, x) . (2)