






-nearregression with multiple Input variables

2; = . jth feature
n = number of features
→ cig
= features of the ith training example

(i)
U = value of feature ; in i'm training example.

Model :

fwz (n) = w,well-When +b

_bet:WWWBy for : in range(0 ,) :

fúg( *] = πxtb ㅣ f = F+ w[i] * x[i]

f = f +b

^
ー

dot product

Vectorization

√f = ·Upoclot/wix) +6 Pruns faster than lossanduse#
numpy-ableto use I

Gradient Descent

Wi 2 wo -αwJlo , b) and b = b -α君 Jlis)

Wi - wi - α ” (frisliy-y) upl)

and b = 5 - α 前点(fois ( i ' )- yuis )



#NormalEquation (An alternative to gradient descent)
Good for:

* Only for1 near regression
* Solve for w, b without iterations .

Disadvantages :

Doesn'tgeneralizeo otherlearningalsorma , 00)

What we need to know :

* Normal equation method may be used in ML libraries that

Implement l , near regression.

* Gradient descent is the recommended method for finding
parameters W and b.

FeatureScaling

Different feature scale can slow down gradientdescent:
So we have to scace to similar ranges

,

to improve gradient
descent speed and model training efficiency.
How to scale ?

* Mean normalization

let My be the mean for the jth feature and adRilb -

ni→{器
* 2- score normalization

ns → µ?



We mostly want to aim for the range-ILU; 11 for each

feature 15 but others like-31Ui23 and -0 .3Milors
are completely okay as well.

okay, no rescalingO 스 u, ≤ 3
-21 U2[0 : 3 okay , no rescaling
- 1002 &3 - 150 too large -> > rescale

-0001244-0001 too small -> result

98 . 6 [USINS two large -> rescale

-heckinggradient descent for convergence

Objective : MinJ (wb

Plot J(u ,b) against the number of iterations

Slib) Iterations

ㅣainb) afteri Thiscurrecaud ulearnis
.

e

0 ‰ ‰o so
* If gradient descent is implement property , costJu ,b)

iteration ,should decrease after every
* If Jlib) should increase after one iteration ,

that

means either a is chosen poorly and It usually means

↓ is too large or there could be bug in the code .

* By the time we reach like 300 teratures, the cost is leveling
off and no longer decreasing much and by 400 Iterations,

It has flattened out and it means gradient descent has converged



We can also use an automatic convergence test.

Let & be 10 · If /lib) decreases by -E in one iteration
,

declare convergence · Choosing 3 is pretty difficult and so learning
curve is more reliable to observe unvergence

↳hosing learning rate

With small enough <, Jib) should decrease on every iteration

If a is too small , gradient descent takes a lot more iteration

to converge
0 . 1 1...We can try ! -- - 0 . 001 0 . 01

FeatureEngineering

f = W, K, + N2U2 + b

入个
frontage depte

we might have the Intuition that area = frontage X depth and
which is a better representation ofthe house and so create a

new feature Us = &22 and so :

f= wise + W2Rl2 + wslls th

Feature engineering is using intuition to design new

features by transforming or combining original features.



PolynomialRegression.
Suppose we want to fit polynomials to our dataset , we

can use feature engineering to create new features as powers
of our original features.

Elassification
In classification problems , we want to answer the question
Whether something belongs to a classicategory or not like

Whether an email is spam or not

Logistic Regression

Logistic regression is a classification algorithm that

predicts the probability of a binary outcome. Despite the

name regression ,
it is used for classification problems-like

predicting whether an email is spanc or not 10)

The cove idea is to take a linear combination of features , then

squash it through a function thatoutputs a number between
& and I

, which we interpret as probability
the model !

* We get the linear combination (same as linear regression) :

2 = N
, m + Wck2 + --- + Witn + b = wx +b

* Squashthrough thsymoid
functiona



* The full model :

fws(u) = 41wn+s)=ocum+s

The output is between O and I , interpreted as Ply = 1/n)

Once we have a probability output
If fwib(y)0: 5

* - & otherwise

5 .S is the default threshold . But we can adjust depending on whether

we care more about false positives or false negatives-

flu) 0.5 is equivalent to 200, which is equivalent to wats, 0.

so decision boundaryIsthe line (or hyperplane) where with = 0

Loss function
The squared error doesn't work well for logistic repression,

Instead we use the binary cross entropy (also called logloss) :

L (uis) = 売☆
[

y' loglni ))tlr -yei
'} logl 1 - fin

”リ]

This looks ugly but it is actually elegant

If y = 1 , the loss is -logfful). If flus ->I
, loss-> 0, Iffulto,

loss ->c

If yz0, the loss is - logli - fin) . If flu} soc 1 oss →Oc if fen) -→ 1 , loss 2∞

So confident wrong predictions gets punished extremely heavily , and
confident right predictions gets rewarded



Why this loss specifically ?

* It comes from MLE under the Bernoulli assumption . If we assume eachy
is drawn from a Bernoulli distribution with parameter flu) , the

Likelihood is :

Plyla) = f(u)S 11-fir))"
-Y

taking negative log gives cross entropy . So minimizing cross

entropy is maximum likelihood estimate for logistic regression

* It makes the optimization landscape convex. Squared error with a

Sigmoid gives a nm-convex loss with a local minima . Cross entropy with

sigmoid gives a unvex loss with a single global minima : Gradient

descent unverges faster.

Calculating gradients

Ef(ut) - y(i))u

= 高 ( fLnリ-yiリ

Regularized logistic regression
We can add11 o L2 regularization

* L2 (Ridge logisti regressions

Lreg(w,b) = (wib) + Im [wi



L ( Lasso logistic regression) :

Lreg lwob) = L (w , b) 十告在 { ωji

Multi-classextensions

Logistic regression isbinary by default. For multi-class

13+ classes) , we have two approaches :

* One UsRest (OVR) :

Train me binary logistic regressio per class (Class "K" vs

everything else). At prediction time , pick the class with the highest

probability.

* Softmax regression (Mutinomial logistic regression)!
GeneralizeSigmoid to softmax :

Ply =kn )=
xwintsi

Steps foo softmax

* Iumpute k linear scrss :

For an input X with n features , compute me score per class

2k = Wall tbe fro k = 1 , 2, . . . , K
We end up with K numbers , one per class . There are called logits

* Convert logits to probabilities
We need to turn these K logits into K probabilities that :

↑ Are all between o and I

2 Sum to exactly I



-mefoftmax
funlPly=klu )

:

tiom do

earthis
:

NumericalStability : If logits are large (e.g = = 1000) then evs

overflows to infinity/ Same as Naive Bayes underflow in the

opposite direction. The fix is to subtract the max logits before

exponentiating

How softmax generalizes sigmoid : Softmax for K= 2 classes is

mathematically equivalent to sigmoid

PCY = 1 )ににとにぐ r」
let z = 2, -22 and we have sigmoid (12)

Cross entropy loss for softmax

L=一臨y 'lgPly = kIai
” )

In practice y is me-not encoded - a vector of zeros Witha I in the

position of the correct class. So for a single example with class

2 as thetrue label (in a 3-class problem (

* Y : [OL ,
Oコ

* The loss reduces to :·log(P(class())



Gradients of the softmax

PK = 紫ci
Categorical cross entropy for a single sample with me not labely:

L =
一 YalogPk

Lets compute 21/22j

The softmax for class depends on every logit 2j (because every
2 appears in the denominator) . We have two cases :

CaseA When i = K (differentiating P2 with respect to its own losit 2)
e
라

Pc = eyletS =Ʃ jezi , p = 5

撒工
K」 に 愕 s=PelU -PK)

caseB When it (differentiating RK wirt a different class's logit2i)

PK = な
Now e2 doesn't depend on Zi

,
so thenumerato is constant wr-t

Zi · Only denominator has 2:

こと 。 書( )赤 eュ紫崎“-PePi



combining both using Kronecker delta :

붉
,

= Pe ( Sk.
- P. )

Where Si = 1 If i=K and o Otherwise

に一飛yclogPk

装。 =一 ☆み KP8ki - P: )敢= 臨 Yw(sxi-Pi)
= 一焉 yaδki + 蛋 KPi

But 在Yafki Yi , fxi = l of k = i and o othenoise

Also E= Since y is me-not

装 = -

Yi + Pi = Pi -Yi


