
· Gradient Descent

· Linear Regression with GD

re51223

··Logistic Regression· HW2A ( released later) due 613today
· ROC wire I AUC geometrically feature d

·Perception w/GD or geometry.



f(it)=(xt-2)+ 1 GD : iteratively find
-

- win (or wax) of f(z)# =*24x+5

by moving It in director

↑ of gradient = differential ·

wantmin face) angwin-twinli qualatic Solution <min=2
=

(A2)+11 equality itin~ E gradient . Starta 7d= cms +o=3=2x- 4 L
=learning GD . Iterations :
How Har to ↑ · X1= Xo-x()

·JT = 3 - 1(2 . 3-4)5Cfmin = 2



· xz= X, -X (x) = 2 .5- 4(32 .5-4) 725
&

: Want (1 ,MX3--- -)-> Swin =2

-What if I sump totar on
the other side ? Xm< 2

(m) = 2:xm -40 negative

update Xm = Xm-C(m) increasing frt)Xu

its moring Xnext in right
direction.

O

·what if Hm= <twin ?

↳min) o update Xm+= xm(Xm)
GD stays there.

=SaveXm (*hange)



Non convex (all thetime) BUMPY

XI brate ·
asi⑨

or ·

CONCAVE Gradient AsoutI I <new= It+ ) -(x)If2x> convexity

- = trial and error .

- too low: many steps to converge
-too high : overshoot (other such) DIVERGE



RegressionW/GD .
Error=or = -(w) =-X-yi)

=way Xd

=(xw-y) =(xyXX
weand

zwd

comp #updateRule Water-wi x((xw-y)x&]
liferative

w - D((w-y)Xi)for all dened Wnew =w
-wone datapointXi vector restor

· batch : keep w= fixed (from prev itration)
=

more update Wnew= W- ((iw-yx] for alli =IN
super of GDbe=> Wnew =W --y)] updates for all

(preu) datapoints



·chastic: change w (current) with every datap update

faster for i = 1 : N

convergence Wnew = w
- x[(xiw-y:)Xi]

tehof[ w =Wnew -> before moning to next datapointit
Iba
size
I

= Wpractice batch of size#20 -

⑳-↓
batch(keep

w fixed for T datapoints
prev

update w =--
- dw

more to next batch with update
-
-&

TERMINATION ·2 close to zero ·WW very
- an I

how

-Ih& JoBS gooderous-> performance Cacc)
Crotfor repression) · good enough



Res +L regularization ((u) = tow-yi #IW/
*

Ridge
mu ↳ penalty :

E2 & ↳ how nuch

Ewd
=

-
-. -

(Xw -y)x
&
+ Lwa penalty .

GD update whew= wa-][(x-y)xi + zwa]
for datap ti
-

· highLy penalty= > 11will small (constrained
J(w) not nec opAnal

· low- penalty -> /(m) minimizeCop
Iw/ large possibly,



↳- regularization ((w)= 1-y + 4 ./ "Lasso'

wal
d= 1 ↑ Elastic

bothLith: ((w) =-yi)+ ↳(w)+ 1 WIR Net
&

derivation -res sparse
Y
Spread we over

ficat someadNo features

But tryLe-reg scikit-leanaon



LogisticRegression : deal with classification classes yotes↳
no

e, x . Spambase dataset
Lin

. Repression h(x) =XY=quantify label (ex-houseprice)
-

logistic map"g"
Z=Score= Xw

->·-I
-

Fo = g(z)(1-g(z))



· key property : overshooting does not penalize ors.

Lin Regression Y= 29 Logistic Regression
↓ ~ Y-

Want XY want
He-X
-

---
Y

XW very small--o
If XW0 : error (Xw -) 3 " Yeo
-

if XWD) 1 error (w-p2 xwverylapet
a



Logistic Regression uses log-likelihood Objective(not spen)
h(x) = g(xw) = Fin prob (Yi = 1) zclassesWan
i

Yi = &
2 Yes

-

P(yi=1) = h(xi) ⑪ filters O No

1- en(u) (e) P(Y()= h · (1-h
P(yi =e)

⑲ ol killers
correct pred

u(i) if ye=t
=h(xi) · (1-h(vi)⑭

↑

& 1-h(x) if yito
if yi = 1(yes) => want h(x] = high ; 1-hkxi) how
Yo-10 (nd -> went how ; 1-hi high

.
croduct of prob ofloplikelihood OBS(W),) correct prediction

"LL" lopt ↳ datapoints indep ofeach
want MX (L(m) other.



= lop) -uti

= op(h(
I O

= Eph lop (rh(x))
+

Y))I
=Nyilop (h()) + (-yi)(op(-Ucxi))]
-

2LL gradient
· sw

=

· GDupdate Whew =
W +J (w) (ascent


