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Reading:
Mitchell, Chapter 6.9 - 6.10
Duda, Hart & Stork, Pages 20-39

Discriminative Learning

¢ Modeling Step:
* Select classification rules H to consider
(hypothesis space)

e Training Principle:
e Given training sample (X1, ¥1), -, &n, ¥2)

¢ Find h from H with lowest training error
- Empirical Risk Minimization

¢ Argument: low training error leads to low
prediction error, if overfitting is controlled.

e Examples: SVM, decision trees, Perceptron

Discriminative Training of Linear Rules
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*  Soft-Margin SVM * Ridge Regression
- RW=jwxw — RW)=lwew
~ AG,y) = max(0,1 - yiy) - AGY) = i - )?
¢ Perceptron * Llasso
- Rw=0 - RW) =33l

= A@,y) = max(0, -y;y)
* Linear Regression

- Rw)=0
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* Regularized Logistic Regression /
Conditional Random Field

- R(w) =§w*w
~ A@Ly) =log(1 +e™)

Bayes Decision Rule

* Assumption:
— learning task P(X,Y)=P(Y|X) P(X) is known
* Question:

— Given instance x, how should it be classified to
minimize prediction error?

* Bayes Decision Rule:

hbayes()'c') = argmaxyGY[P(Y =ylX = 55)]

Generative vs. Discriminative Models

Bayes Theorem

* Itis possible to “switch” conditioning
according to the following rule

* Given any two random variables X and Y, it
holds that
PX =x|Y =y)P(Y =y)

PY=ylX=x)= P =2)

* Note that

P(X=2)= ) PX =xIY =y)P(Y =)
YEY




Naive Bayes’ Classifier
(Multivariate)
* Model for each class a0 ukes | flu?
m (v.r(f)h p(v.l:ﬂ
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PO =21y = +1) = [ [P0t = xly = +1) high

=1

N high no yes 1
P(X=J?IY:—1):HP(Xi:inY:—l) low yes no -1
i=1 low yes yes 1

high no yes 7

* Prior probabilities
P(Y = +1),P(Y = —1)

* Classification rule:

N
naive @) = argmax P(Y =) | [P0 = 1Y =)
yE{+1,-1} L

i=1

Estimating the Parameters of NB

flu?
Count frequencies in training data mmm‘
no 1

— n:number of training examples e S
— n,/n_: number of pos/neg examples

— #(X=x, y): number of times feature figh no DES 2
X; takes value x; for examples in class y low yes no -1
— |X;|: number of values attribute X; low yes yes 1
can take .
high no yes 7?7

Estimating P(Y)
— Fraction of positive / negative examples in training data

~ ny o n
PY=+41)=— PY=-1)=—
n n
Estimating P(X|Y)
— Maximum Likelihood Estimate

~ #X; = xy,
POt = xlY = y) = TH =2

y

— Smoothing with Laplace estimate

~ #Xi=x,y) +1
per =y =y = HEZ D

ny + |X;|




