Validation versus regularization

In one form or another,  FE,(h) = Ei,(h) + overfit penalty

Regularization:

Eou(h) = Eiy(h) + overfit penalty

regularization estimates this quantity

Validation:

FEoui(h) = FEin(h) + overfit penalty

validation estimates this quantity
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Analyzing the estimate

On out-of-sample point (x, %), the error is e(h(x),y)

Squared error:  (h(x) — y)2

Binary error: [h(x) # y]

D [e(h(x), Z‘/)} = Eou(h)

var [e(h(X), y)}: o’
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From a point to a set

On a validation set (x1,41), - , (XK, YK ), the error is Eyi(h) = = Ze(h(xk)7 Yr:)

K
1
k=1

5 [Ba(h)] = o S E [e(h(x). )] = Bu(h)

= %

var [Eval(h)} = 70 Zvar [e(h(xk),yk)} —

K
1
k=1

Eua(h) = Eou(h) + O (%?)

© 5/22



K is taken out of V

Given the data set D = (x1,91), - , (XN, YN)

K points — validation NN — K points — training
T —D/_/
val train

O(L) Small K == bad estimate

\/F E out

Expected Error

Large K =— 7

~ B

Number of Data Points, N — K
— K
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K is put back into NV

D — Dtrain U Dval
D
! Lol SO
N N — K K
Dtrain
(N — K)
D — g Dtrain — g
oy
Eva = FEu(g97) Large K — bad estimatel! . Dot
(K)
Rule of Thumb:
K = E \/ \/
O g Ea1(9)
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Why ‘validation’

35

D, is used to make learning choices

[t an estimate of E,,; affects learning:

Error

the set is no longer a test set!

It becomes a validation set ' Early stopping Eout
051
E.
N
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What's the difference?

Test set is unbiased; validation set has optimistic bias

Two hypotheses  hy and hy  with  Ey(h1) = Eoy(he) = 0.5
Error estimates ey and e;  uniform on [0, 1]
Pick h € {hy,he} with e = min(eq,es)

E(e) < 0.5 optimistic bias
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