CS540 Machine learning

Lecture 3




Review

* Probability models: Gaussian, Binomial,
Multinomial, linear regression, logistic regression

e MLE of Gaussian, Binomial, Multinomial



e Basic concepts
— Loss functions
— Estimation vs inference
— Decision boundaries
— Overfitting
— Regularization
— Model selection
— Structural error vs approximation error



L oss functions

e Squared error, 0-1 loss

L(y, ) = (y—19)°
L(y,9) = I(y#9)

 Minimize risk (expected loss, empirical loss)

R(f) = Bx,L(f(x),f(x))
R(f) = %ZL<%7JE<XZ'))



Loss functions for density estimation

e Suppose output is \hat{p}(.|x), truth is p(.|x)
 Use KL (Kullback Leibler) loss

p(y|x)
p(y|x)

L(p(y|x), p(ylx)) = K L(p(y|x), p(y|x)) Zp y|x) log =

* Risk Is expected negative log Ilkellhood

R(p) = —Ex Y _p(ylx)logp(y|x) = —Exy log p(ylx)
Yy



Estimation vs Inference

Learning as optimization (frequentist): Given D,
Choose f to approximate f as closely as possible,
so as to minimize (future) expected loss

Usually compute parameter estimate g

Learning as inference (Bayesian): given D,
compute posterior over functions p(f|D)

Or posterior over parameters
p(D|0)p(0)

p(0|D) = (D)

In the decision theory chapter, we show that one of
the best ways to minimize frequentist risk is to be
Bayesian



MAP estimation

* One possible point estimate derived from the
posterior Is the posterior mode or Maximum A
Posterior value

A

0 = arg mgxp(0|D) = arg mgx log p(D|0) + log p(0)

e Equivalent to penalized maximum likelihood
e Computing MAP Is optimization problem (fast)

* Not strictly Bayesian, since It is a point estimate,
not a probabillity distribution

 We will study Bayesian methods later



Uncertainty in parameter estimates

e Uncertainty in p(6]|D) induces uncertainty in p(y|x,0)

e Ignoring uncertainty in parameters can cause over
confidence

py =1z, w) = o(w![1,z]) = o(wo + wix)




e Basic concepts
— Loss functions
— Estimation vs inference
— Decision boundaries
— Overfitting
— Regularization
— Model selection
— Structural error vs approximation error



Decision boundaries

e Logistic regression in 2D

p(y — 1|X7 W)

= o(
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Decision boundaries

e Decision region and boundary

Ry = {X:p(y:O|X,W)>p(y:].|X,W)}
B = {x:p(y=1|x,w)=p(y=0|x,w)=0.5}
p(y:1|X,W) T
B = {x:lo =w ¢(x)=0
b0y = opw) P
: = 1|x,w) e’ 1+ e
Log odds ratio p(y ’ — ] —1 m—
Oy =Oew)  ETre 1 BT
e 2D Input
B ={x:wy+ wirs +wexes =0}
e 1D Input
B:{x:wo—l—wlx:O}:{aﬁ:x:_wo:w*}
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Linearly separable data
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Reqgularization

 Minimize penalized negative log likelihood

—b(w) + Al[wll3

« Weight decay, shrinkage, L2 regularization, ridge
regression



Reqgularizat

cegres 13, lamnca 0 Argres 2L ambyd= 1 0000 A-00S

Azgree ~ £ ambd= 1 000000 A=Y ~
FTi. poly degree 14, ntrain 21
14r

e frain
test

A=1073




Why it works

e Coefficients if A=0 (MLE)

-0. 18, 10.57, -110.28, -245.63, 1664.41, 2647.81, -96¢
27669. 94, 19319. 66, -41625. 65, -16626.90, 31483. 81, 5¢

Coefficients if A=103

-1.54, 5.52, 3.66, 17.04, -2.63, -23.06, -0.37, -8.4¢
7.92, 5.40, 8.29, 7.75 1.78, 2.03, -8.42,

Small weights mean the curve Iis almost linear
(same is true for sigmoid function)



Model selection

e Cannot use test set to pick D or A
« Partition training into train and validation
 If training set is small, use cross validation

]

mn 3

mn 5




Cross validation

o CV estimate of risk (expected loss)
TO) = 3L (i fi, Doy, V)
1=1

IO = =SS L fwi Doy, K))

b=1 i€b

e Leave one out (LOOCYV)
TO) = — 3" L, flai, Diy V)

1=1



Standard errors

 CV score Is an estimate of the expected loss
L = Ly f(Xi, D_p(), K))

_ 1<

J) = L=— ;L

e Uncertainty in the mean can be guantified using the
standard error

1 — _

~9 2
= — L, — L

o n;:l( )

g 62
vo Voo | |
 From a Bayesian viewpoint, we can think of this as

Se€ =

L = Ep(J(N)|D), se=/Varp(J(A)D)



CV with se

pody degree 14, mtrain 21

log(lambda)



One standard error rule
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Penalized likelihood methods

CV can be slow: have to fit B models
Instead pick A to minimize

J(A) = —logp(DIB(N)) + C(B(N))

Eg BIC, AIC — see later
Or use Empirical Bayes — see later

J(V) = p(DA) = / p(D|6)p(6]1)d0

CV estimate J(A) requires grid search over A; other
methods can use gradient-based optimization
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Structural error vs approximation error

truth=degree 2, model = degree 1
22 - truth=degree 2, model = degree 2
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