Review of Lecture 12 e Choosing a regularizer

e Regularization E.e(h) = Epn(h) + %Q(h)

constrained — unconstrained (A(h): heuristic — smooth, simple h

E,, = const. most used: weight decay

A: principled; validation

A = 0.0001 A= 1.0

Minimize Fau(W)= Ey(w) + 3Sw'™Ww z z
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e [ he validation set

e Model selection

e Cross validation
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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 (%?)
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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
O0 10‘00 20‘00 30‘00 40‘00 50‘00 60‘ 0 7(;00 80‘00 90‘00 10000

Epochs
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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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Outline

e [ he validation set

e Model selection

e Cross validation
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Using D,, more than once

M models Hy, ..., Huy Hy Ho | - [ My
Dirain i i i
Use Dipain to learn g for each model A _ : _
91 g gy
Evaluate g, using Dy, P i i i
Ey By - Ep
E,, = Val(g;l); m=1,...,. M pick the best
Pick model m = m™ with smallest E,, (Hmx: Eppx)
D

4——
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T he bias

We selected the model 'H,,* using D,

0.3}
E..1(g,+) is a biased estimate of Euu(g )
20.7
llustration: selecting between 2 models -
)
00.6}
(D)
O
hat
LL]
0.5t

5 . _15_ 25
Validation Set Size, K
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For M models: 'Hy, ..., Hy

©

How much bias

D, is used for ‘training’ on the finalists model:

7_(val — {91_792_7 R 791\_/[}

Back to Hoeftding and VCI

Eo(oos) < Funloo) + 0( 1 )

regularization A early-stopping 1T’
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Data contamination

Error estimates: Em, Etesta Eval

Contamination:

©

Optimistic (deceptive) bias in estimating [,

Training set: totally contaminated
Validation set: slightly contaminated

Test set: totally clean’
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Outline

e [ he validation set

e Model selection

e Cross validation
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The dilemma about K

The following chain of reasoning:

Eout(g)% OUt(g_)% val(g )
(small K) (large K)

highlights the dilemma in selecting K

Can we have K both small and large? ©
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| eave one out

N — 1 points for training, and 1 point for validation!
Dn — (X17 y1)7 SN (Xn—17 yn—1)7 e{n_ayﬁ%a (Xn—|-17 yn—H)a S (XN7 yN)

Final hypothesis learned from D,, is g,

e, = Ewlg,) =el(g,(Xn) Un)

N
L 1
cross validation error: FE,., = —Zen
N 1
mn=—
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Illustration of cross validation
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By

| =

(e1 + e2 + e3)

()

()

18/22



l_Inear:

Constant:
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Model selection using CV
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Cross validation in action

Digits classification task

Symmetry

Average Intensity

(17 L1, 372) . (]-7 L1, L2, QZ’%, L1X2, L
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2, :Ul, :Ul.fEQ, - o

Different errors

0.03

0.02f

0.01t

20

5

10 15
# Features Used
5 .4 3..2 .2..3 4 .5
.y X, T[T, XT3, TITs, T1Ty, Ts)
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without validation

Symmetry

~
A L

Average Intensity

En,=0% Eu=2.5%
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The result

with validation

Symmetry

Average Intensity

Ein — 08% Eout — 15%
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| eave more than one out

Leave one out: N training sessions on N — 1 points each

More points for validation?

D
Dy Dy D3 Dy Ds Dg Dy Dg Dy Do
train validate train

% training sessions on N — K points each

10-told cross validation: K = %
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