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Recap: Supervised Learning in a Nutshell
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Building a Classifier
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On Discriminative vs. Generative
classifiers: A comparison of logistic
regression and naive Bayes

p(y = cl|z;0) =
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Bayes’ rule

p(H = h|Y = y) = PH =hpY =y|H = h)

p(Y =y)
prior distribution — what we know about possible values of H before we see any data

p(H)

observation distribution — possible outcomes Y we expect to see if H =h

p(Y|H = h)
likelihood — evaluate the observation distribution at a point corresponding to the actual observations, y
p(Y = y|H = h)

marginal likelihood

p(Y =y)= > p(H=HW)pY =yH=1)= )Y pH=NIY =y)
h!€H h'eH
posterior — our new belief state about the possible value of H

p(H = hlY =y)



Generative Classifier

ply =clxz;0) = p(zly = ¢;0)p(y = c; 0)
T Soplaly=ci0)ply =;6)

Why the word “generative”?
[t specifies a way to generate the features « for each class c, by sampling from p(x |y = c; 0)

A discriminative classifier directly models the class posterior p(y | x;0)



Generative Story

D = {(mn,yn) 71:7:1
training dataset

p(y = c|x;0) = p(xly = c;0)p(y = ¢; 6)
T Soplely =50y =¢;6)

class1 class?2 class3 class 4



Gaussian Discriminant Analysis

p(y = c|x;0) = p(xly = c;0)p(y = ¢; 6)
T Soplaly=ci0)ply =;6)

Conditional density: Multivariate Gaussians

p(mly — G, 0) — N(“’Wc, EC)

Gaussian discriminant analysis (GDA):

p(y — C|€B, 9) X WCN(fBWc, Ec) e = p(y



Decision Boundaries oL I,
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Petal width

Quadratic decision boundaries

p(y = c|z,0) & TN (@|pe, 5e)

1 1
logp(y = c|x,0) = logm, — 5 log |273.| — 5(:1: — )" @ — pe) + const

discriminant function

Linear decision boundaries

> c = Y. . diagonal LDA — if we further assume a shared diagonal covariance matrix

1
logp(y = c|x,0) = log T, — 5(:13 — )" 7 (@ — p.) + const

1 1
= logm. — = IZ_lpc +a' ¥ 'y, +const — —x' Tz
, 2 , Ne—— 2 ,
Ve Be K
— Ye + wT,BC + K T

This is independent of ¢, hence does not affect our decision!



Decision Boundaries
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o log p(y = c|lx,0) = logm,. — 5 log 27X, | — 5(:13 — )" (@ — pe) + const

logp(y = clz,8) =7+ B, +x



Model Fitting (Learmng)

Note: not every parameter has closed form solution



Nailve Bayes Classifier

p(y = clx; 0) = p(xly = c;0)p(y = ¢; 6)
| Zc’ p(m\y — C,; H)p(y — C’; 0)

In Gaussian discriminant analysis:

p(xly =c,0) = N(z|pc, )

In naive Bayes classifier:

p(zly = ¢, 0) =] | Ip(zaly = ¢, Oac)

This Is the naive part — the naive Bayes assumption




Generative Story

p(y = c|z;0) =

p(z|ly = c;0)p(y = ¢;0)
> o p(xly="c;0)p(y =c;0)

in naive bayes
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D = {(Zn,Yn) }n=1
training dataset
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Naive Bayes Classifier

L1 L2 T3 L4 Y
Rainy Hot High FALSE No
Rainy Hot High TRUE No

Overcast Hot High -ALSE Yes
Sunny Milc High ~ALSE Yes
Sunny Cool Normal -ALSE Yes
Sunny Cool Normal TRUE No

Overcast Cool Normal TRUE Yes
Rainy Milc High FALSE No
Rainy Cool Normal FALSE Yes
Sunny Mild Normal FALSE Yes
Rainy Mild Normal TRUE Yes

Overcast Mild High TRUE Yes

Overcast Hot Normal FALSE Yes
Sunny Mild High TRUE No




Nailve Bayes Classifier

p(y — C‘CB, 9) —

L1 L2 L3 L4
0 Rainy Hot High FALSE
1 Rainy Hot High TRUE
2 Overcast Hot High FALSE
3 Sunny Mild High FALSE
4 Sunny Cool Normal FALSE
5 Sunny Cool Normal TRUE
6 Overcast Cool Normal TRUE
/ Rainy Mild High FALSE
8 Rainy Cool Normal FALSE
9 Sunny Mild Normal FALSE
10 Rainy Mild Normal TRUE
11 Overcast Mild High TRUE
12 Overcast Hot Normal FALSE
13 Sunny Mild High TRUE

T e =

T ’<..7,;"

p(y = c | m)
How many parameters?
9
ply = yes) = —
5
p(y = no) = 14



Naive Bayes Classifier

p(Z‘d ‘ Yy = ¢C, Hdc)

How many parameters?
p(z1 | y)
Sunny 3/9 2/5
Overcast 4/9 0/5
Rainy 2/9 3/5

p(y = cla, 0) = ' s
> Py = ) Hd  p(zaly = ¢/, B4)

L1 L2 T3 L4 Y

Rainy Hot High FALSE No

Rainy Hot High TRUE No
Overcast Hot High FALSE Yes
Sunny Mild High FALSE Yes
Sunny Cool Normal FALSE Yes
Sunny Cool Normal TRUE No
Overcast Cool Normal TRUE Yes

Rainy Mild High FALSE No

Rainy Cool Normal FALSE Yes
Sunny Mild Normal FALSE Yes

Rainy Mild Normal TRUE Yes
Overcast Mild High TRUE Yes
Overcast Hot Normal FALSE Yes
Sunny Mild High TRUE No




Naive Bayes Classiﬁer

Humidity




Nailve Bayes Classifier

p(y = c|m) [Ty P(zaly = c, Oac)
Yo p(y =) [y P(zaly = ¢, 0ac)

p(y = cl|x,0) =

Overcast 4 0 4/9 0/5 Mild 4 2 4/9 2/5

Rainy 3 ) 3/9 2/5 Cool 3 1 3/9 1/5 Normal 6 1 6/9 1/5 TRUE 3 3 3/9 3/5 No 5 5/14




Naive Bayes Classifier (Learning)
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p(D|0) = H M(yn|m) | | P(Tnd|Yn, Oa)
n=1

d=1

N D C
H M yn‘ﬂ' H Hp xnd|6dc ]I(ynzc)

n=1 d=1 c=1

C C D
Z c) log 7. —I—ZZ Z log p(T,,4|04c)

c=1d=1 Ln:y,=c

log p(D|0) =

||M2

MLE 7. = NW

real-value features
discrete features
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