
Supervised learning ⇒ data set and already know what the
correctoutput should look like ; there is a relationship between the
input and the output

× Classification problemas predict ir a discreta output
"

1 or O "

× Regresaron problemas predict within a continuars value
" 10005 of values

"

Unsupervised learning→ problemas with little or not idea what
the result should look like i can derive structure from data
where we don't necessarily know the effect of the variables .

× Clustering -o derive the data based con relalionships among the
variables in the data .

× Cocktail party → find structure in a chaotic environment

Model representaron (2A idea)
Training set

m→ number of Training example
•

has hypothesis ha =OotQ x

É} parameters Cto determine)
Learning algorithm

Pa

× • h • prdided y

Cost function
Is used to measure the accuracy of the hypothesis function .

Tabes an average difference of ale resultes of the hypothesis
with inputs from is and the actual output y's
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Parameter learning
Gradient descarta tahe the derivativa (the tangencial line to a function)
of the cost function
Gd algoñthm :

O-ji-O-j-xfq.JCO-o.fr)← repeat until convergence
x-D

" learning rate
"

⇒ size of each step { {III.
small step

large step
At each iterationj , One should simultaneously update the
parameterse ,

Oz .Updaling a specific parameterpriorto calculating
another One on the jcthsiteralion would yield to a wrong implementaron .

tempo :
-

- Oo - xfzdloo.at
temps : = Q-xfqdloo.at
Oo :-. tempo
⑦ : = temp1

At the specific case of linear regresión :

tempo : = Oo - x#SÉ lholxityi)
temp : = Q - x#SÉ lholxityilxi
Oo :-. tempo
⑦ : = temp1



Multivariante linear regresión

xj
"'
s value of feature j in the it' Training example

×
"
→ input (features) of the it training example

m → the member of training example
n → the number of features

Multivariante form of the hypothesisfunction :

hq =⑦
o tQXrtQXzt . . . tOnXn

Using matrix multiplication :

hace la Q . . .
oí = Ex

#Note that xd" = 1 for Cie 1 , . . . . m)

Gradientdescend algorithm : repeat until convergence
←

O-ji-O-j-xmi.SI/hoCxciY-yciDXjci'forj:=0...nFeaturescaling-odivide the input values by the range of the input
variable → -1 Excite1 Imax value- min value

Xi ¥
Mear normalizaron→ substraet the average value for an input
variable from the value for that input variable resulling in a new
average value for the input variable of just Zero→ - 0.se xciieos

Xi X¥
.

Si

1¥ average of
alt the value for feature Cil

range ofvalue (Max-Min) (or standard devialion)



Debvgging gradiente descend
JCO)

•

# Declare convergence
if SCOKE, whereE = 10

"

Ltots slow convergence

•

att → may not converge
iteralions

Linear regresión improvement -os combine multiple features into One
Xz=XrXa

Polynomial regresión → changa the behaviour of the Curve

hqlxt =Got ×

•HOCH =OotQxtqxz
^↳ hocxt =GotQXÍQVE

Normal equation ⇒ minimize J by explicitey taking its derivativas with
respect to the Qi ' s , and setting them to zero .

This allowsto find the qdimum
tetha without iteración

#Then is not need todo
⑦ =CXTXI" Xty feature scaling

Gradiente Descent Normal Equation

Needtochoosealphaoneedtochoosealpha
Needs many ileralions No need to iterate
Olkn" 0cm

,
need to calculatelxtxl"

workswellwhen n is large Slow if n is very large
n s 105 Malos

Usepinv rather than inv → this gires a value of 0 even if
XTX not invertible

Common XTX not invertible causes
Redundante features a remar the dependency
Toco many features cm en) → eq a features



Classification problem

Linear regresión doesnt work Nell , with the hypothesis
Oeholxl el ⇒ Ex can be expresed with the Sigmoid function
or Logistc function :

he =glotx)
2- = OTX

glzt = rttéz
1

µA
"

⇒ ÓXZO -Ay-1
os - ⑦x a0 →y =O

z

in this way hocxl gires the probability that the output is 1 .

hocx) =P(y-1140-1=1
-Ply-0 lx , )

Decision boundary -is the line that separatas the area where
y-0 and where y-1 created by the hypothesis function .

Cost function ⇒ it is not possible to use the same cost function
as linear regresión because the Logislic Function will cause
the output to be Navy , causing many local optima . Instead

,

the cost function for logistic regresión looks like :

JCOI = 1miEn cost lhelx"Y ,y
"Y

,
vulnere Costlholxcill , y

'") = ztlholxil -y it
Costlhotxl

, y) = - loglhocx)) if y-1
Cost Chow , y) =

- log H - hoCXD if y =O
JCOI • JCOI .

if y-1 if y-0

holx) holx)
O { O %



fminunc

Properties

Costlholxl
, y1=0 if hocxl = y < } & ¥ S Costo

Cost ( he
, y ) -so if y =O and ho → 1 yo , holxt -1 -Acosta

cost ( he
, y ) -so if y = 1 and ho →0 y = 1 , hola = O-Acosta

Simplified version of the cost function

fuera
.

Costlhotxty) = - yloglhocx)) -U-g) log H - ho
m

JCOI = fn EE yciloglhocx HA-y log (1- hocxcil)]E-1

where
,
a vectorized implementaron is :

h =GCXOI

Jlotfntytloglhl -U-yttloglt - htt
Gradient descent repeat unlil convergence

O-ji-O-j-xfni.SI/holxciY-yciDXjciEforj:=0...n
# in this case no x

where
,
a vectorized implementaron is :

⑦ = O -*XTGCXOI - y)

Advanced optimizaron :

Conjugar gradient , BFGS ,
L-BFGS more sophislicated and

faster ways to optimiza 0 .

To Compute this ,
then are two

Steps :

1) Provida a function that evaluates Slot and¥.

Slot

function Cjval , gradiente = cost Function Ctheta)
jval =L. . . Code to compute JCOI .is

gradiente. . . Code to Compute ¥401 . .?
end



2) Use function fmincll
Options = optimset (

'

6radObj
'

,

'

on
'

,

' MaxHer
'

,
100)

initialtheta = zeros (2. 1)
Copttheta , functionVal , exitflag] =

= fminuncl@costFunction.initialTheta.opHons)

Multiclass Classification : One- vs -all

Since y = {0,1 , . . . n} , me divide our problem into ntt binary
Classification problemas .

In each One
, we predict the probability

that y is a member of One of our classes .

y E {0,1 , .
. .
n}

ho
"

=P (y
-
-Olxjo)

÷:*:&: Finito?Ei:*com pared to the rest is
hócx) = 1

Overfitting→ eren though the fitted Curve passes though the
data perfectly ,

we would not expert this to be a very good
predictor

•
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• Es por

Underfitting It's right Overfitling"

high bias
"

" high vañance
"

Therminology for linear and logistic regresión .

Main options to adress the overfitling:
1) Reduce the number of features
*Manually select which features to heep
* Use a Model Selection algorithm

2) Regularizaron
* keepall the features ,

but reduce the magnitude of q
*Works nell whenthere area lat of slightly useful features .




