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1 Regression + Regularization
"

1) True
2) False

3) True
4) True

7

5) False
6) True

7) True

2) - As the points are nonlinear
, we must first extend our

points to a polynomial feature
.

In this case we will take

×?

With our sample data expanded using a polynomial feature
, we

can learn p .
stat with a random p , say at 0 's and

iterate as follows

p
" 't p' + ygrqdlllpl )

where y
is the learning rate

and system)=l¥¥ , -1¥)

After learning the training set through iterations we can

plot across a series of points ( which have been transformed into our

polynomial space ) and compute their predictions through

ylx ) = Postfix , -1 . . . -1 Bots



1 Regression + Regularization
2)

Pseudo code :

✗ = [ -3,2
, -2,0 ,

2
,
4.1

,
4.0 ]

1- = [ -12.8704 , -5.2 , 2 , -2.6 , 4.2663 , 2- 648

pi.it = np. zeros (( /edx ) , ) ) )

cnet.to = 0

Max ite = lap

poly = Polynomial feature (3)
✗ tilde = poly .

fit
-

transfer
- (X )

while current ite a mania :

curette -1=1

for i in ruse / Iacp ) ) :

PC:] + = di/dpc:]



f) Regression + Regularization

lp Ball for PCI

ii.
ii.
"

-7m.

ii.
'
. !

lp Ball for p > 2

i- - - -- ;

' ! ,

'

i-- - -- - !



2 Neural Network

1)

n False
21 False

31 Fuse

a) false

5) True

2)
• Randomly set initial weights
• forward propagate

- take ✗
' " and run through neural net

with initial weights
- gives us 2 !

"

,
a!
"
for all neurons

,
save

- Gives us ycx
"')

• Get fat by y( ✗
'is) - f " >

• Get all 8!
"
for all neurons in each layer

Nl
(e) ( e )by following

gie
- "

= [ 8 ; w; éca !
"" )

;=1

' • Gradient is then computed as
:
dw,

'" = f.
' e)

z.ie
-11

•

Update weights using gradient



2 Neural Network

3) I uowd build the neral network for the circular

data set as follows :

Use 2 hidden layers
Use activation find.info

'

output distance of point to origin

- use sigmoid to classify an output of first

r Nh
-6

a

i.
- .

'

÷:



3 tends

1) First define Kenai
1

Kii : exp ( -
" ✗ -✗

"

try
6

Then define Inta - stat with at zeros

learn Indus where for max iterations
'

← H+ 1¥14 - Kl )

-

17

Gives us ycx = { ii. e×p( -
" × : - ×"" )

it 6

Suede code :

k= np . zeros (( Ienldata )
,

/albata ) ))

Sigma : •
1

for i in range ( lenldata ) ) :

for j in range lied data ) ) :

Kfi
,
;] : np.ee/pll-norm(JJ-aE] - dataE) • • 2)/signa )

eta-o.at

Indu = npizensllacdata ) )
nuxiter : 100

current ite :O

↳



while currentite a maxito :

Indu = Indu + Ceta /lanata )) • targets - natnw.tk
,
Inda )

current ite += I

# Apply to points
prediction = Ia (points)
for 5 in raullal ☐its)) :

prediction [;] :O p
for i in rage ClercJahl ) :

prediction [:] + = predicting ]
. I

np . exp
(L - norm (points .[ I ] - data[i ] • • 2)/signa )



3 tends

2)

A Kemal is valid if synetriw and positive semidefinite

Is the following Kemal synetriw and positive semidefinite ?

KCX":X
':') = ( (✗ 'is)T( ✗ " 1) + C)

2

is syndic and semidefinite ?

É (( ✗ 'i')T(✗ 'il) + C) }

= { Ziti; 2;
ii.

= { 2:(Cxiiix:/ + c)Kixx +c) 2;
i.;

= { ( Elz:(✗" 'F) + C) § ( 2; ✗
'i' 2) + C

K i

= 20 ✓ posit .ie semidefinite + seniti

so valid Kenai



3 tends

3)

ycx ) = É A exp ( -
" K - x

"'M)
in o

r

t = [ 1
, I , 1 ; I

,
I
,

I , -1 , -1 ,
-1
,
- I ]

• =
. 5


