
CS 378 Lecture 3

Classification 2 : Logistic Regressing
Optimization

Announcements - Al
- Videos /readings

Recap_ Linear binary classifier :W→flI)z?o

Bag -of- words featrrization :

I= the movie was great

f-(E) = [ 0 1 1 00
. .

.

I
. . - I ]

a the was of in movie great

Perception : dataset ¥1 , yci ) ) ) ?=,
init ñ=o



for 1- in range ( o, epochs)
for i in range co, D)

Ypres
← 1 if w→f(Ici

') >o

else -1

if Ypres =y(it
Tv ← + ✗ f-(Ili )) if y'¥+1

J - ✗ f- (Ili )) if y
'"=-1

Exairpe w-THI) > 0
if
-0=7-1

I : good y
: -11

not good y : - l

bad y : -1



① Write the feature vector for
each

② Execute 9- epoch of perception
feats

g
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ñ= [o o o ]

F-✗ 1 : ñt [
'

:] ⇒ 0 ①
← I + I [ I o o ] ⇒ [ I 00]

F-✗ 2 : [ I 00 ] (4) ⇒ I ④
J-T - 9- [ I 0 1) ⇒ [00-1]
Ex 3 : correct

,
no change



If we do ex 1 again :

[ I 0 - I] no more

tpda.te.SE/amp-kZ
+ ,

9
b n ng

good I 0 0 0

not good -1 I 0 1 A

bad
- I 0 I 0 0

not bad +1 O l l 0

[ I o
- I]
f- ' ⇒④ Ypred

• + I

get Hb



Logistic Regression
-

Discriminative probabilistic model

Ply II)
label features /instance

( generative : Pfx , y))
Naive Bayes

Tf (E)

P(y= -11 II ) =

,¥z- logistic ----¥#zfor



Ply = +1 II ) > 0.5

⇐ w-tf.si ) > 0

Ply =-11×-1=01 - PCy=-111×-1
iie¥⇐y

Learning Maximize the data

likelihood

likelihood :# P(y=yCi ' 1×-01)
-1=1

We want J= argmax data tire .
ñ



t
⇒ ATIF log data likelihood

aYI §
,
log Ply -- y

'" 1×-01)

kelik
argmin § - log Ply -- y " ' II '")
I

i4¥
loss (I lit

, y
lil ,w-)

SGD : ¥ loss (IC"
, ycil it)



AssuneyiH-t1@2w_togPly-tllx-1-E-iogl.E:¥¥-⇒
=¥ [- JTFLI ) + log ( (+ eñtflx) ))
{

Update :

y
"1=+1 : Ñ←w+f(I "Y( 1- My⇒ 11×-11)

y
' "
= -1 : J ← J - f 1×-01/11 -P(y= -11€



Update :

y
' "= -11 : I ←W_Ñf(I "Y( 1- P(y⇒1⇒
y
' "
= -1 : J ← J - f 1×-01/11 -P(y= -1K
I

y
lil = -11 :

what happens if P(y=+l IF)
on this ex . is 1 ?

w-Doesntchaxge.MY= -11 II ) is 0 ?
LR

never

← Ñ +✗ f- G- ciy
" converges

"

exactly

Ply = -111 I) is 0.7 ? +0.3 ✗HEY



Optimization

LCH "
, y

' "

,

ñ) loss

L(ñ) loss on the whole

dataset

(sew ,yH,F))

SGD : Jr ←w-g.tn#L-xli1,yci1,w)
step size loops

SGD : infinitely
w=

- ILH=ñ ¥Ew←w
- £22w=

- I

✗=L : w :-[ → +1¥L=2w
✗=o.5=w :-( → 0µg



How to choose step size ?

- Start with 1
,
decrease it

Yt t : epoch
(may decrease

too fast )

¥ , e-
+

is even faster

2nd deriv : Newton

quasi - Newton

Adagrad, Adam,
Adamu

approximate 2nd- order


