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Motivation

classifiers are to train:
estimate p(x,y)

classifiers can achieve
: “directly” estimate p(y/x)

First reaction: buy a modern computer and
use discriminative classifiers

But, are there cases where generative
classifiers outperform discriminative ones ? (é‘z)




(W) There are two regimes
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Useful bounds
Sample averages are close to population means (Lemma 3)
Naive Bayes can learn with few training examples (Theorem 4)

Experimental results

Conclusions




Supervised classification problems

Example (X,y) is composed by instance x 0 O of
dimension d and label y 0 {1, 2, ..., K}, where K
is the number of classes

The training set {(x®,yM),..., (xM,y™m)} with m
iid examples is obtained from a joint distribution
D = p(x,y)

Task: given x, identify correct label

Goal: find classifier h that minimizes the
generalization error §(h) = Pry )-p[N(X) Z Y]
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4 4e0or Example: vowels classification
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Discriminative classifiers

Learners for designing discriminative classifiers:
neural network
decision tree (e.g. C4.5)
support vector machines
AdaBoost
logistic regression, etc.

U#™ Next slides: examples of decision regions for some of
these classifiers

C4.5 decision tree. Misclassification error: 27.83%
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o(y/x) = PX/YIR(Y)
p(X)

Ngen(X) =2arg max{ P(X/y)p(y)}

L) =log DAY = D Eriog BA 1
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Generative

Discriminative

Objective joint distribution p(x,y) | Conditional distribution
function p(y/x)
Parametric Class dengities Class boundaries
assumptions
Parameter "eay" "hard"
estimation
Advantages |Moreéefficient if model | Moreflexible, robust
corred, borrows strength | because of fewer
from priors assumptions
Disadvantages | Biasif model isincorrect |May also be biased.

Ignores information from
priors

Adapted from “Discriminative vs informative classifiers”
Y. Rubistein and T. Hastie, KDD'97
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P(X/y) =p(Xy/Y)P(X5 1 Y)..o(Xgq 1Y)

L gen(X) = Iog%%r %E

d o —
Lowl®)= 3 log B Y =D
1=1

p(x;/y=F

py =T)
Og%@(y =F E
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coun(x; =ally =D)

B(x. =aly=b) =
P(, y=b) coun{y =hb)

countx; =ally =b) +s
counfy =b)+2s

p(x; =aly=b)=
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p(y=T/x)
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E.(hDis) < E.(hDis,oo) +0
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P(A OB)=P(A)+P(B)-P(A n B) < P(A) + P(B)

asia
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|F3(Xi/Y=b)—p(xi/y:b)|551
By =b)-p(y =b)|<¢
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count(x; =aly =b)
count(y =b)

p(x;, =aly=b)=
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523, +2d3, > 8, +2d5,
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m (lower bound on training examples)
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g O -t

G(T) = Pry,y)-0 (M1 UMg)
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8 with orly continuous features

7 with ony discrete features

Potentially hurts logistic regresson
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