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LINEAR CLASSIFICATION

Given: a set of observations D = {(z;,v:)}i—y, (zi,v:) € RY x {0,1}

Objective: find best linear separator f(x) =0, where f(x) = wo + Z?:l w;x;

X=RxR,Y=1{0,1}
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ACTIVATION FUNCTIONS
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THINKING ABOUT LOGISTIC REGRESSION

Can we model the (X,Y’) dependence using a linear combination? X ={1} xR4 Y =1{0,1}

PY =1|x) =w'x

How about the odds function? How about the log odds function?

P(Y =1]x) . P =1[x) T

= 1 =
1-P(Y =1x) = 1Py =1x = *

'
odds function



MAXIMIZING LIKELIHOOD

PY =1|x,w) = L

14e—wTx

Let’s express the probability mass function as:

Y
(He}wa) fory=1
p(y\x,w) = ( 1 >1—y "
- ory=20

Ie—wix

And make it more compact:

1 ) 1 1-y

X ={1} xR4 ¥ =1{0,1}



MAXIMIZING LIKELIHOOD
Given: a set of observations D = {(x;,v:)}—,, (i, y:) €EX XY X ={1} xR4 Y =1{0,1}

Let’s express the conditional likelihood as:

=1 w

I(w) = [ p(yilxi, w) — w" = arg max {Hp(yilxi, W)}

=1



UPDATE RULES TO MAXIMIZE LIKELIHOOD

w(9) = something

Maximum Likelihood:

w® = (XTX)" !XTy

Wt = w(® 4 <XTP<t> (I _ P(t)) X) g <y _ p(t)>

(P1,D2,- -+ Pn) P = diag {p} pi=PY; =1|x;,w) = — 71—

P= 14+e=W" %
Y = (Y1,Y25- -+ Yn) I = identity matrix



MINIMIZING SUM OF SQUARED ERRORS
Given: a set of observations D = {(x;,v:)}—,, (i, y:) €EX XY X ={1} xR4 Y =1{0,1}

Let’s express the sum of squared errors as:

n

E(W):Z(?Ji—pz‘fzzef pi = P(Y; = 1|x;,w) = L
i—1

Tfe—w';




UPDATE RULES TO MINIMIZE SUM OF SQUARED ERRORS

w(9) = something

Minimum Sum of Squared Errors:
W(O) — (XTX.)_ley

wttD) = w® 1y ( JOTF® L JOTE® 9p® _ I)X) T xTp® (I _ p(t>) (y _ p<t>)

P = (P1,p2;---,Pn) P = diag {p} e=(y1 —p1,Y2 — P2, Yn — Pn)
y =192, ,Yn) J=P(I-P)X E = diag {e} I = identity matrix



UPDATE RULES, BATCH MODE

w(®) = something

wtt) — w® L Aw(®)
Maximum Likelihood:
W(O) — (XTx)—ley
—1
wttD) — w® 4y <XTP<t> (1 _ P<t>> X) xT <y _ pm)
Minimum Sum of Squared Errors:
w® = (XTX)" !XTy

wttd) — w® 1y ( JOTF® L JOTE® op® _ I)X> I xTp® (I _ P(t)) (y _ p<t>>

P = (P1,p2;---,Pn) P = diag {p} e=(y1 —p1,Y2 — P2, Yn — Pn)
y =192, ,Yn) J=P(I-P)X E = diag {e} I = identity matrix



UPDATE RULES, BATCH MODE

W < something

W — w4+ Aw

Gradient Descent:

Aw = 7X"P (I-P)(y — p)

p1(1—py

pi(1—ps
Aw =1 - i

pi(l—p1

n
Aw = 772 eipi(1 — pi)xs,
i=1

L11
12

L1d

p2(1 —p2)xos
p2(1 — p2)xos

X1

pn(l - pn)xnl

pn(l - pn)xnd

€1
€2

€n



UPDATE RULES, STOCHASTIC MODE

W < something

W — w4+ Aw

Gradient Descent:

Aw = 772 eipi(1 — pi)X;

=1

Stochastic Gradient Descent:

Aw = ne;p;(1 — pi)x;



PREDICTION

Given: a predictor defined by w and a new data point x

P(Y =1pxw) = o

d
w0+2j=1 w; T,

— — distance from x to hyperplane
vV 2 =1 W3

P(Y =1[x) =

1
. d_ w2
1—|—e_r \/Zj=1 J



