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Generative v. Discriminative .
classifiers — Intuition g
JE

PY = Spun
s WanttoLearn: hXs Y < (02,3, -k
X — features ‘|‘Ly
X AE

m Generati

L
Ry,

Estimate parameters of P(

Use Bayes rule to calculat

This is a ‘generative’ mode
= Indirect computation of P(Y|X) through Bayesrute
= But, can generate a sample of the data, P(X) = 2, P(y) P(X]y)

m Discriminative classifiers, e.g., Logistic Regression: Froadon i
Assume some functional form fo(P(Y|X) o dﬁlx; e
Estimate parameters of P(Y|X) directly from training data P

. P
This is the ‘discriminative’ model ansiwer PO (=)
= Directly learn

= But cannot obtain a sample of the d because P(X) is not available
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Logistic 1
function T

Logistic Regression | ersigmoiay 1+ -2

“ JEE _ I
m Learn P(Y|X) directly! i ,
Assume a particular functional form fo——

Sigmoid applied to a linear function __ /
of the data: \

e

// 1 O

(v = 1xy= :

1+ exp(wo + Yieq w; X;)

Features can be discrete or continuous! 3
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Understanding the sigmoid
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Logistic Regression —
a Linear classifier
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Very convenient! Ins=e
o 1

P(Y =1|X =< X1,..X =
—_ | 1 " ?V) 1 —|— emp(wo -I— Zz wZXZ)

implies, . (,@;\\“/\\W\

B B _exp(wo + X wiX;)
P(Y =0[X =< X1,..Xnp > = 1 + exp(wo + >; w; X;)

implies
MP'** P(Y =0|X)
\7 Y = 11X) = exp(wp + Z’win') .
¢ linear
classification
implies rule!

P(Y =0|X) .
|ﬂm—wo+z®:wz){z<o VA*A/‘A \/:‘
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What if we have continuous X; ?
"

Eg., character recognition: X; is i" pixel

P H
pire & eless =
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pixel {
Gaussian Naive Bayes (GNB): " high X low _(m_lr’;g&k
1 R
P(X;j=z|Y=y)=—"e e >k
Sometimes assume variance Vc"f"‘"‘f’
= isindependent of Y (i.e., ), Prdsy
= orindependent of X, (i.e., 5,) clesyl,

m or both (i.e., o)
—_—
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Example: GNB for classifying mental states

[Mitchell et al.]

~1 mm resolution

~2 images per sec.

15,000 voxels/image

non-invasive, safe

measures Blood
Oxygen Level

Dependent (BOLD) Typical
response impulse

response
8
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Learned Bayes Models — Means for

P(BrainActivity | WordCategory)
i} Mitchell et al.

Pairwise classification accuracy: 85%

People words 5% Animal words

Logistic regression v. Naive Bayes
"

m Consider learning f: X 2 Y, where
X is a vector of real-valued features, < X; ... X, >
Y is boolean

m Could use a Gaussian Naive Bayes classifier
assume all X are conditionally independentugi\_/en Y
model P(X; | Y =y,) as Gaussian N(y,o; m;&,;,[“x;
model P(Y) as Bernoulli(6,1-6) On pixal

st 6q C)[‘\S_s

m What does that imply about the form of P(Y|X)?
1

1+ exp(wo + ¥ wi X;)
Cool!!!! 0

P(Y =1|X =< X1,..Xn>) =




Derive Lcl)y[q] :f0£ P(Y|X% for c{ontlnggg:gs X
"
P vt

P(Y =1)P(X|Y =1)

PO =11X) = 5 =Py =D + P(Y = 0)P(X|Y = 0)

1
P(Y=0)P(X|Y=0)
1+ p(y=1)p(xly=1)
1

P(Y=0)P(X|Y=0)
1+ exp(In P(Y:l)P(XIY:l))

1
T 14 exp( (In1:0) 4[5, 1n EEXIY=0)
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Ratio of class- condltlonal probab|||t|es
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Derive form for P(Y|X) for continuous X

~ ~ P(Y = 1)P(X|Y =1)
n TS e S DRI = D + PO = 0)P(XTY = 0)
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Gaussian Naive Bayes v. Logistic Regression
" JE
'h"ﬁxf\,("é"»\ wh Qc\rc.m-hr‘.'zc‘_%),,\of

— (R
Set of Gaussian Set of Logistic
Naive Bayes parameters Regression parameters

(feature variance

independent of class label)
/,sgaml Wi

% /[ w-
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m Representation equivalence
But only in a special case!!! (GNB with class-independent variances)

= Butwhat's the difference??? et Mo ASSume
m LR makes no assumptions abouf P(X|Y) in learning!!! Eﬂo(ﬂybskqu,
m Loss function!!! ASSApS- [y

Optimize different functions — Obtain different solutions F&, 4 Q] fX)
14
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Logistic regression for more

m Logistic regression in more general case, where
Y €{Y; ... Yg}: learn R-1 sets of weights « c{ass 334
wo 1 Z Wiy X, -
Pz, w) oL QWZO i
Py | 2, wa) o5 :

7
\

X, Wea) & <

i~\ —
pye L) =2 pOr=gi) <

pCye + ]

15

©Carlos Guestrin 2005-2007

Logistic regression more generally
" JEE

m Logistic regression in more general case, where Y &
{Y, ... Yg}: learn R-1 sets of weights

for k<R
B = gl X) = exp(wgo + iy WiiXe)

14 Zf;_ll exp(wjo + Y0 q wyiX;)

for k=R (normalization, so no weights for this class)
1

P(Y = yp|X) = —
1+ Zlel exp(wjg + X7 q w;; X;)

A=
/\tF];:z
Features can be discrete or continuoug “. chEag,
Y= 9™ 6 "
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Loss functions: Likelihood v. 57 e
Conditional Likelihood
SR

S xS Qd >,
m  Generative (Naive Bayes) Loss function: D <x ’(3 >J e M
Data likelihood

N

mP(D|w) = Y InP(d, ¢ | w)
"_’_’_) j=1 —_
N,
= In Pyl | x, w)+ VT In P(x | w)

o . c.[“)ﬁﬁk-k"\ for jLAQ.n- ,Uéaq)z
m Discriminative models cannot compute P(xi|w)! NOf imporinnty
= But, discriminative (logistic regression) loss function: for ClassFeahon

- N . d_'S S . .
Conditional Data Likelihood O riminadive lee (7L got

N . .
InP(Dy | Dx,w) = Y InP(y’ | x/,w)

j=1 ‘3':]_ '165?‘__

e 4&:—\;7@7

Doesn’t waste effort Iearnlng P(X) — focuses on P(Y|X) all that matters fof . , f1s
classification 7=
X2 lighe
werks
175k p-2}
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Expressing Conditional Log Likelihood

|
P(Y =0|X = 1
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Maximizing Conditional Log Likelihood

P(Y = 0|X, W) !

" S " e 5 )
PO = 11wy = 0+ X))
— exp{w, §wi X
e (W) = InJ] P |x7, w) pivo L
w ] \,«.au fan‘“

= Z yj(wo + Zwlpr) —1In(1 4+ exp(wg + szxg))
j i i

—

Good news: I(w) is concave function of w — no locally optimal
solutions

‘

Bad news: no closed-form solution to maximize l(w) g

Good news: .concave functions easy to optimize

19
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Optimizing concave function —
Gradient ascent [ (-5 &7
SR

m Conditional likelihood for Logistic Regression is concave — Find
optimum with gradient ascent

()
07 : Gradient: Vwl(w) = [8l(w) . A(w)

] /
Owg Own,

[/T"rtr $12€ ‘

. O.
Update rule: AW = nVwl(w) 0]

(t+1) (t) ol(w)
w; +n
ow;
m Gradient ascent is simplest of optimization approaches
e.g., Conjugate gradient ascent much better (see reading)

20
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PY =0|X,W) = 1+ exp(wg + 3 wiX;)

. o
Gradient ascenti ;2 Fenlio
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Gradient Descent for LR ,gw
" S s
Gradient ascent algorithm: iterate until change < ¢ 3R
("é) at
w(()t—i-l) (t) +772[yj p(yJ =1 xJ wmwm—)m
g J g1 x, , ’L)‘i/)
) .
Fori=1...n,
wl-(H_l) — wi(t) + ang[yj ]3(Yj =1 Xj &}]
J
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repeat gt
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