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What is machine learning

OLDER
INFORMAL IDEFINITION

The field of study that

gives computers the ability
to learn withoutbeing
explicitly programmed

Arthur Samuel

Cpormofftemr Instructions
Explicitly rogrammed whilepluggedin

thiscomputerhasbeen TO lookatthepixel360
proagryaemainedtoidentify

topixel368

ifthesearebrown
then return bear

EE














































































































What is machine learning

MOREMODERN DEFINITION

A computerprogramissaid
to learn fromexperienceE If

its performanceattacks1

withrespectto someclass
asmeasuredbyP

d taskstandperformancep
improveswithexperienceE

TomMitchell

Experience
Improved

than

wm
Learning fromexperience

010.70 i
oYex

A














































































































Example ComputerProgram
playingcheckers

F experience playingmanygames 4
ofcheckerscordataofgames

1 tasks taskofplayingcheckers

p performance probabilityofwinning














































































































Thiscoursecoverssuperviseddunsupervisedlearning

supervised Learning

wearegivendatawithinputsand
Data

correctoutputs Forexample size bedFooms pYriee
1000 I 81100K

housingdata houseprices woo 3 8800K
1500 2 700K

Thisdataisusedtocreatea model
use to predictnewdata in T T

these are output
new predicted inputs

model housingdata houseprice

say wewanted to predict
the price for size 8000 bedrooms_6

1 8000

moDEIf T














































































































two main flavorsEfah

supervised learning
1 I

linear
regression classification

predictresultsin acontinuousspace predictsresultsin adiscretespace
Example1 Example1
givenhousedata givenemaildata
predictshouseprice predicts spamor notspam
Example2
givenphotoof aperson Exampled

givenphotod tumor
predictsageofperson predictsmalignantorbenign

prediction

nine.f o
Iii c

out Essam
wa

data














































































































IT ART IN LIFE

HBO'sSiliconValley created
a real app called NotHotDog
They used atotal of 150,000
images 3,000hotdogimages
to train theirmodel to identify
all types of hot dogs

Imagepixels output
label

µ q
HOTDOG 4
HOTDOG this is agreatexample
HOTDOG oflogisticregression
NOTHOTDOG

where image is the inputm NOTHOTDOG
HOTDOG NOTHOTDOG isOUTPUT














































































































two main flavorsEfph

Unsupervised
Learning

outputsarenotin
ourprovideddata

I
not

clustering clustering
findclusters example CocktailPartyProblem

x
x I l

x
x x I

xxx D o

fEt gr a
Isaywearegivengenedata

locationlifespanrole that we
wouldliketogroup thiscomputercanlistenGroup

soundsandidentityid location lifespan role individualvoicesandmusic
Group2 fromameshotsounds

4
s I i Group's6














































































































Supervised Learning

we are given a set of data
made upofinputsand outputs Training

Setour goal is to learn a function
Iv

h y learning

HypothesisfunctionCh Algorithm

giveninputCx T

predicts output y
x hI y

fromslides

Note theheavylifting occurs in the learning
algorithm You can think of this as a lab or
factory that builds and refines the
hypothesis function

y

a
Ted I














































































































www.u.ua Training set.me EiEii EEi.iiiiEii

our data iscalled our training set ITrainingTset07
ftpf t u

qq.hn 00970N 9TH Learning
db Algorithm

T
x II y

Q whatmakesup our data anemaiaes

In supervisedlearning ourdatahas

inputs xci our features outputs yCi our labels
Forexample

the inputs are output is
Xi size oft house price.tt
Xz bedrooms f t

inputs output

i size bedrooms slfriee tahes.emouatffhtfffufru.se

Therecouldbe100s 000 I 1004 spacesoyoucanted

1000seven1,000,000s 2 2000 3 51800K thisdataisfitfor
81600K linearregression

ofinputvariables 3 1500 2

1
xcis.y.ci

classificationlogisticregression
wouldrequireclasses outputthispairrepesents m numberof

asingletraining trainingexamples ie canaffordleannotafford

examplewherethe i
representstheindex

NOTEinputs areeventually 01010110
convertedto numericinputs loonooo
evenimages 101100🐶

 














































































































HYPOTHSIS FUNCTION h

Q whatdoes the hypothesisfunctionCh look like
A Aildatainputs are eventuallyconverted ftrasining

to numbers and h is a function of F
Learning

these numbers Algorithm

T
x IhI y

nominees

inputs output

Example h for data with one input x
Ooo o I

hD O_O t Q X hix 0 1x

q p
501 I oo.io a Qimeishtifff

40 I hadco31

wewant tosolve for o O 30 002001 0
20 hcx7ioto

so that hCX fits well with io

our training set 1 l I i 110 20 3040 50 X

Remember our data can have one two three or even
hundreds or thousands of inputs
2 hit GotQiXi 102 2
3 but 00 0 X 102 2 83 3
i

100 he O_O tax 02 2 103 3404 4 05 5 06 6
05

1 thismanydimensions becomeshardtograph go.io

qoEzsome courseusually visualizes less features oflag














































































































fimsii.ieaiiiiimeiisiaEmiaimSiaT ho x says
it takes input X

Note depending on our domain knowledge about the data
and the problem we can create complex hypothesis
Example two inputs with a special relationship

tho fo t Q X t 02 1 2 t 03 2

Example two inputs and higher order relationships
he 00101Xi t 02 4 03 3

whicheverfunction we use will depend
on our knowledge about the data














































































































tco t function Mmmm
Q Howdo we evaluate our hypothesisfunction hex

TrasinetIT

HQFirst why do we have to evaluate h Iaffrith'm
A As we solve for O T

x IhI y
nomineeswe need to know newwrong

ooooour estimate for 0 is a nextaKx
so we know whether 50 t O f
or not to adjust 0

t µ wµwiF30 X
20 X

x x x Oo x x x 4I l l l 110 20 3040 50 X

A Rememberwith supervised learning ourdata
includes the correct outputs we can use this to
compare our hood outputs with the real outputs
There are differenttheoriesabout the best costfunction
but a common one usesaverage squared difference

wst i LinearRegressionCostFunction

I fha T.EEeE xoi tmEChan D2
afearggoifg Yumdifference SFuare

Notethisfunctionamplifieserrorswhere adiffof1is121 whilea diff of 5 is5225














































































































True Gradient Descent In
Q what is gradientdescent GD Itraining
A GD is an algorithm that allows us to F

Learning

find the octneta values that lead to
laboritml

The lowest JO cost notelaterwediscusslocalminima lI Y
anemaides

Thecostfunction for Notelinearregressionwill
linearregressioncould alwaysbeconvexand

doesnthave10calOptimalooksomethinglikethis J µ likethis

W
o

minimumcost

o
math0

QHOW 10 Remembercalculus

thederivategivesus
A The derivative of the costfunction inetangentline
informs us of the slope of the WV
tangent line With this we know redtangentline

greenlearningrate
whichdirection to descend

A learning rate we choose aol.LY5determines how large the step
sizes are minimumcost














































































































Gradient Descent Algorithm
one inputexample

Thisisthecondensedalgoforoneinputandtwotheta's

learning partial
rate Gderivative

repeat Iv
Oj Oj aFj JCOo Q
Tperaffrunfaneously forall I

Notetechnicalitywhentherearemoreparameters
weareusingthepartialderivative

Thisistheexpandedpartialderivativefromcalculus

J O MtECha x J y i x
i

Note this a generalversion of thepartial derivative

The finalversionof the algohabthisexpandedpartial
derivativeandsince isalways I we oftensee it
disappearin the formula

Gradient Descent Algorithm one input
repeatuntilconvergence

Oo Oo aTnEICho Xi ycis

G o i a tm.IEChoCxc y cis

1updatesimultaneously














































































































week 2






































































































Ourdatamaycontain

a single multipleinputfeatures
orinputfeature heresize ofbedrooms floors age inyears

heresize X XZ X3 X4 Y
y size bedrooms floors agelyears price

000 1 1 60 flook
Ifofficoek x 12000 2 1 15 amok

3000 3 2 48 8300Kwoo 9200k

1
17

3000 8300K 31
2 Notation

renumber offeatures
size x ith trainingexample
bedrooms X ith trainingexamplesjthfeature
floors

D A age














































































































MultipleVariablehypothesis function
singlefeature four
hypothesisfunction hoCX Oo101 1 02 2103 3 04 4 effeatures

ho X 00 01X
or generally

he 00101 1 OnXn

Notewehavemoreframes thanXvalues whyisxot
because of the O_O bias value o o o

In ordertocreatea vectorizedrepresentationofHOG isjustaplaceholder
we canassume aw Xovalue whichisalwaysf andItimesanyvalue

isthatsamevalue
Now ourvectorsbothwavelength htt

In ordertomultiply two

4 iniminaisii
I 11

Multiplyingthesetwovectors
Transpose

he 00 011 onxn II
canberepresented as

It

Multiplefeature inrow uhypothesisfunction 1 1
ha fTX forexample

fT Oo O 02 On














































































































M Mr
Gradient Descentworkssimilargoing from
one feature tomultiplefeatures

n 1 singlefeature n 1 multiplefeatures
repeat repeat

ooi oo xtm.IMChok t y ooi oo xtm.IMChok t y t

a o xtm.EE hoCxciDylDxCi so i o xtmz7ChoCxciD yli7xfi

simultaneouslyupdate00,01

g Oz z dtm.F ho x YG x
i

moregenerally

Oji Oj dtm.IE hock y j














































































































I l l l l l l Il l l l l l l l l l l l l l Il featureSchltity l l l l l 1

GradientDescentin practice1

What makesure ourfeaturesare on a similar scale

why our goal is to make gradient descentrun muchfaster
as 0 will descend quickly on smaller ranges
and slowly on long ranges

To
o long range
grWrarge Tb3

Sayyouhavetwofeatures Featurescaling dividesinputvalues
size o 2000feet byitsrange

Xz ofbedrooms l 5 size z ofbedroomsXi
Thedifference inscalecreates 2000 z

a skewedcostcurvegraph whichchanges our costcurveto

TG Azn KO

Eight

superlong
0 s

01














































































































Two tricks are
featurescaling mean normalization

Feature scaling involves dividing our Noteeveryresearcherhastheir

feature value by Its range in an ownruleofthumbforthis

attempt to shrink its range to
rangeNgsuggests 3exe3

and 43EX E43arealso
I E X E I appropiateranges

Meannormalizationis anadditionaloption
that replaces thefeaturevalue with
featurevalueminus the mean so
the newmean is roughlyO

X SIZE I000Intheaboveexample if
2000

average size 1000

averagebedrooms Z X2 bedrooms 2
5

combined
oldfeaturevalue

mean

x c x

g.gr
rangenew

feature
value














































































































Video
GradientDescent in Practice11

DebuggingHow do you know gradientdescent
is working correctly

Sometimes GDnered converges
sometimes GD has a slow convergence

Methodliplottuecostfunction TCO
to its number of iterations

TO Use checkpoints here 10012001300,400
i ER

iterations to see if gradientdescent
isworking properly

I l l l Jco shoulddecrease witheveryiteration
100 200 300 400
iterations

Thismeanseachiterationis making
what if our graph

ourJCO costlargerThiscould
looked like this meantuatin ourconvexcurve

Solution oo

JO Useasmaller JH
learningrate c

alpha a

i i ii eisingierastewimneisminimii
100 2 andactuallyincreasingJATiterations














































































































Afterplotting our graph could go
also look like this NW
In thiscase try usinga t.l.dooi.IT
smaller learning rate alpha iterations

learning Rate alpha x

smalld

for sufficientlysmall d Jlot LARGER
shoulddecrease on every if alpha is too large HOTMay
iteration not decreaseonevery iteration
BUI if x is toosmall AND it may never converge
gradientdescentcanbe
slow to converge

To choose an alpha try
different values

O OO l O 003 O O l O 03 O I O 3 l
7 is a

x 3 x 3 x 3 X 3














































































































FEATURES

Dependingonyourdomainknowledge
about the problem sometimesdefining Dnerd features mayleadtoabettermodel IN out

Given two features
x frontage
Xz depth

Based on your realestate
knowledgeyou know that
Igreparicisabetterpredictor area fronxtage

depthNowwecanuse.a
better

predicting single feature holx

taxhot Oo














































































































POLYNOMIAL
REGRESSION

we havebeenworking with
straight lines so far 2 xxxxx
no Oo 101 02 2 X X X

X x 1
no matterwhattnetais X X
this will represent a
straightfitting line x

through the data

Dependingonthedata wemay say x size
want to use a polynomialfunction

quadratic
e

x

f oio y00 01 02 2 103 3c
X or squareroot

0otQCSlZe tOzsize

Note thatfeaturescaling if size I 1000
becomesveryimportant size I 1,000,000
nowsincetheseranges size I 1.000,000,000
getexponentiallylarge














































































































Parting words

this maybe bewildering
Which features do I use
which equation for the
hypothesis function
Later in the course we

talk about algorithms
that will choose features
For now just know that you
can choose different features
and equations when your
data calls for it














































































































Lecture1 Normal Equation
we have beenusing gradient descent

ionianinatiinaitioneth me

meta analytically ur

Note this lecture does not prove why
the normal eq works just how to use it
and when to use it whereXis our inputsy is ouroutput

HOW

NormalEquation XTx XTy
where X inputs

Y outputs
M training examples
n features

where Xt x is the inverse of XTX














































































































HOW IN OCTAVE

pinvCX X X y

when should we use either

Gradient Normal
Descent Equation

Workswelleven Noneed to choose
Advantage when his large learning rates

Noneedto iterate

Need to choose Need to compute
learning rated TX 1

Disadvantage Needsmany Slowifnis
iterations very large














































































































Lecture2 NormalEquationand Noninvertibility
optional

Q what if XTX is non invertible
A this shouldhappen veryrarely
Butthismay be because
Redundant features
example you have one feature sizeCinfeet
and another feature sizeGnmeters
solution deleteone of these features
Too many features
solution A delete features
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week3 logisticRegression Classification

Classification binary Examples

EmailSpamnotspam
Onlinetransactionfraud Yesno
Tumormalignantbenign noteno isbinaryandcanbePhotohotdognothotdog interpretedas YesNo

SPAMNOTSPAM Xo
Moreconcisely OOrk HOTDOGNOTHOTDOG

GivenfeaturesX how 1,0

Looking at a linethroughdata theseareincorrectlyidentified
asOCbenignwiththisbest
fitlinefromlinearregression
1Hereweusethebestfit line malignant 9

fromlinearregreshion 1 X X X X X thislinewill
predictvalues

wemaybetemptedtointerpret as muchlarger
than 1how 0.5 1 andno 0.5 0 O XXX

Tumorbenign size

benign
malignant

malignant

wewant togofrom
1 XX X X X

bestfit to bestsplit 0.5

o xxx
Tumorbenign size














































































































Intuition
Thiswas our

Howevertorlogisticregression

linearregression hoadshouldoulyreturn Oil
hypothesisfunction soweosea sigmoid function g
ho x OTx otherwiseknown a logisticfunction

to take audhtittoan scurve

a
got

L o on

t
Number

III IbeeweenT
David'tc

Logistic Regression HypothesisFunction

ho x g oTX oneliner
I

where
gCz z

he He OH














































































































In logisticrergression we can think of ho
as the probability that 4 1
So if hocx 0.7 then there is a
probability of 70 that 4 1

Notationcheck

ply41x f
probability t 4 parameterized

output
yequals

9mmX bytheta

More aboutprobability algebra

There is a 100 probability DO DONOT I
That yet OR 4 0 SPAM NOTSPAM L
Therefore

ply 1 ply 03 1 Hoh notHIIa I
not Iota I Hook

Note once you know
ply D or ply 0 you
can derive the other through algebra














































































































Decision Boundary
Finding the boundary to bestsplit the data

000
i tilthe data

do the

get
gikjjsagi.ma.aei.e

Oo O

t d i Bio gypqq.fiMfa Ep EP

wtelemetry














































































































Q How does he represent a decision boundary
Saywehave

this hypothesisfunction and this data

HypothesisFn Data Charted Data
X1 X2 Y 2 n

ha OotQXi 102 2 o's 9 8 34 X X

i ist o zooI 3 I l O 0
03 025 to ooo 0 X

i 1 I
weneed to solve for 1 2 3 Xl
thetas that creates

the bestdecision boundary

welearnhow tosolve
fortnetainalaterlecture

Charted Data

Imagine we solved X2 n
for these Theta values 3 X X

Z o X XX
0 111 so

00 3 o xxI I l O O
02 1 oOo O fI l n l

HypothesisFn I 2 3 X1

hoa 3 141 1142 thisisthedecision
boundarysolvedandpredict4 1 byfindingThetaif holX 20














































































































SLOGISTIC REGRESSION CO T FUNCTION

Qcanwereusethe linearregressioncostfunction
as the logistic regression cost function

A NO
Q why not
Firstletslookat our linearregressioncostfunction

linear regression Jo thIE EchoXM y T

ASincewehave a higherorderGronlinearhypothesis function no e Ex

II weplugged it into thisfunction
our costgraphwill be nonconvex

NON CONVEX CONVEX
Thisshapemeansmany10cal ourgoal is togetthisprettylooking
optima gradientdescentwill convexshapethat gradient
struggle tofindThebestoption descent canhelp with

mum U














































































































a whatshouldtheshapeotourcostfunctionbe
or
weknowthat ourcost

f y O shouldgoupif yO
ourwstgraphforho.CH WNYo.duYIo4fggesuatoYwasdt
couldbe these

shapely no.µ
morethanhold0.75

weknowif weknowthatthiscostcurve

hot OandyO
SHAPEneedstobeconvex

wewautthewstto Soaradleutdescentcan

beverylowevenzero workitsmagic

A Thelogand 10g shapes are great shapes
Thisis the This is the
logfunction graph negative logfunctiongraph

log 10g

r l
wnyaretneseshapesgreat

Its convex now Fold
isincorrectcannavezerocost c'off

oowstnonu.in
wecanmodelwstto discorrect

approach infinity now














































































































logisticRegression Cost Function

TLDR 7 cost OCDy logChoXD if yet
log thou if ye0

Intuition
if y4 we want the
correct prediction to cost less than the incorrect
SO
hold4 to cost lessthanhow0

A TALEOFTWO HYPOTHESIS PREDICTIONS
Y

E Ff t
n n
n Y

Foth off Ioux t
n n

GOOD GOOD y BAD BAD

cos t Ehw so
GOOD GOOD BAD BAD

In notation
cost0 if y4 how l
but as hoCX O Cho approacheszero

cost N cost approachesinfinity














































































































visualizing the cost
logisticRegression Cost Function

costchocx y logCho it yet
log thou if yeo

When y I 47
costa loghold

wheny O t.AE

ocostlogG hoCxD
cost N fofho.FI cost N fofho.at
a A

JO
Jo

into io to

IS IS
0 hotx I 0 hotx I

Note that tho flipsthe
graphbecause he will
be between 0and I














































































































EE Converting our costfunction to one line for JA

logisticRegression cost Function

costchocx y logChoxD it yet
log thou if ye0

costCho.CHD ChocxD t toga head

if 4 0 if y
thisportion 0 this portion D
rearrange f sign rearrange G sign

ylog hold u y tog l hotxD
i r t signfurther transitiveprop
one

extract

une IIlog hold u y toga hotxD
y

we usethis in JO to
measure averagecost

To tmz cost hocx D yaD

Jo Fn z y logholx t l y tlog l hot II














































































































Minimizing Cost Jot MEEEE
shrinkray

like always given parameters ThetaCO
wewant to minimizecost

min JLO
o

minimum
we have a convex shape Gunction
and we want to find the min value

welcome Back
GradientDescentE

Repeat

Oj Oj dFogJCO until convergence

If the gradientstep
were a boat

1
i i i i i

the gradientboat leads
us to the minimum cost Q














































































































Expanding Oj Oj dFoyJO tosomething usable

go.oiani.E.ao.TO

Note Oj is parameterized by j z
and we have the partial derivative 20J

The chain rule from calculus

iiD

SO

Gradient Descent formula
Oj Oj a hocx y

il xg.li

simulateously updateall Dj

If gradient descent
repoja.Eoj.si ChoCxciD yliixjTyem were a boat














































































































lecture Advanced optimization

gradientdescent alternatives

conjugate descent Advantages
BEGS no need to manuallypick
c BEGS a learning rate
thedetails of these thesealgo's will
three are outside the choosedforyou
scope of this course often faster than

gradient descent

Disadvantages

Recommendation
more complex

Do not writethese algos yourself
youcanuse these algo'swithoutfully
understanding the implementation














































































































How to use fMin un c in Octave

create a cost function
functionEjVal gradient I costFunctionCtheta
JVat E codeto calc cost7
gradient E codetocompute derivatives

Bseearadient
descent

end captain

choose fminUnc options
options optimsetCGradObj on MaxIter 100

initialize ameta vector to zeros

initialTheta Zeros 2,1

calculate

optTheta functional exltFIagI
fminuncC wstFunction.iinitialTheta options

optTheta c optimum value of Theta
functionVal this should return closeto 0

exitflag 2 I means this has convergence

fminUnc
costFunction L pointerto function defined instep1

initialTheta
options














































































































Multidass Classification

what is it
multipleclassesExamples

email work friends family
tagging 4 A 9 indicescanstart

y I 4 2 y 3 aty Ooryy

weather sunny cloudy snowy

comes

Insteadof binary classification

exampledecision

boundary

A we have many classes

iiiiiiiniiiisiiiiiiitiiiasiiiriiiem.EE
into manybinary class problems

K Iv





































































































f k ti
00 XX 00
O X O

o

hold P yOH D ha P y 1IxO ha P y21XO

QHow
A given htt classes yt Oil n
we solve a hypothesis

function for each class he x7PCyok D
he P y 1IxO
he P y21XO

how PlyNIXD
🤔

 given any new 
input example we 
can run it through 
all of our hypothesis 
functions and 
choose the y (class) 
with the highest 
probability  














































































































OLIER fitting
Qwhat is overfitting
A If wehave toomanyfeatures the learned hypothesis
may fit the training data sowed that it fails
to generalize to new example inputs

Giventhisdata xx
wecan fit a linear
quadratic even a
higherorder function

O_O101 102 4
00 01X fo 101 02 2 03 3 04 4

digression x
xM

T T A
underfit just pump overfit
highbias highvariance

riogietiisioniiEEEiooiiEEoE iiE.EEbron
T T A
underfit just pump overfit
highbias highvariance














































































































Addressing Overfitting

Its easy to plotdata with only a couplefeatures
but we will encounter data with many features

X size of house
Xz color ofhouse
X3 of bedrooms

XiOO cardinal direction of 2nd bedrooms 3rd window

options

reducenumber of features
manually remove features
choose a feature selection algo

regularization

TODO
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go.gg BguipoBsEaoBEg.gg Bgagg otgNCUrOUS Inthebrain go.EE EuoaeodBgnoggikuo BE.fi BBEaEBBgnog ikuo BE

M
Theneuronsthatmakeupourbrainhave w z
Dendrites receivers of input
AXONS broadcasters of output m

Axons
Tf

Dendrites Egging ptYBgq8
aeBB fo Bg

HM T8gpsotgg.phBBMgoD FB 0kgMgpff soso.oaagiagas E.bgNucleus a gigfoos
Dendrites dogged

Notethateachneuroncaveoutput tomanyotherneurons and serveas inputs to
nose receivingneurons

QHowdoneurons communicate
A Anelectricpulse is tired from oneneuronto the other
Note neuronsAre or theydont There is nopartialfiring

NOTFIRING FIRING

to ajooxmaf.nomnnfmViEr.E

a














































































































asimplemodelbased can besimplified to
on this neuron
input 0

q
innit d Adp 0 70 he

a
input O f

This is a neuron or an artificial neuron with
a sigmoid or logistic activation functioni

ON A
0 70 he 0 how O how

wirra

single Neuronmodel logisticunit

sometimesXois drawn but
sincethisbiasunitisalways1 thereis athetavalueforeveryinput
thisisn'tnecessary xcis Inneuralnetworksthese parameters

are alsoreferred to as weights
i
i i i

output

in.ws

o no 1 I
7 weights

where

holx 71



we can now expand our terminology
model to manyoutputs thefirstlayeriscalled
into layers of neurons the input layer

the lastlayer is8
ago go or the outputlayer
q mftqy.jo 1k AE All layers in between
r wit are hidden layersd
A 8
imaffi Yadydemr Maytime

gal notation

Ail activationunitof
x a'I now

onIII.inteiaTfs
goingfromlayerj

X3 ad tolayerj11
Xn inputsfromthedata

layer1 layer2

NoteTheta is now storedin a matrix oil
In thesingleneuronexamplelike logistic regression
weonly reached a vector of theta values
Thelayers of an NN calculate to manynodes and
require a matrix of theta values



Notation
theta from layer 1 to 2

Thisis asingle a
thetavalue 030
layer A for the Othnodeof the layerCD

for the 3rdnodeof the nextlayerto from
node node

a
af gc Xo104 Xi to of x3

Xi AA
g

ai gC0 Xo Old X t 0 72 2 043 37

Xz a'I haCx
a 3

g 0 oXo OH X t 0472 2 0273 3I l l l l

X3 at a CD g oXo O X t 0 72 2 0 X33 3 3 3 3

layer1 layer2

Qwhat arethedimensions of theta of a single layer
A If a network has k units layer j
and y units in layer j 1 then layerj layer

j t lt tOCD will be of dimension y x Kt 1 o o
Example O 0
if layer1 has 3 unitsand K 3 O 0 4 5
layer 2 has 5 units O 0
OCDwill have dimensions 5 4 OT T
dimensions are Yektfinayer YanyiberinpiumshbYastunit

oil



Lecture 2
Q How do we calculate the layers efficiently
A vectorized Implementation of Forward Propagation
Forward propagation vectorized tamplementation

a.czgCo9oXotO4xioYxziofxD
aimgcoioxoio.cix onuxzoi3xs

remember this I III 7 c io o x oe s
ftp.gcoioxoioiix.tozxzoi3xss

vets convert this into vectors

As a simplification 2 now representstheTheta.X linearcombination

at gCz
x Hal aah gCz

N
layer 2single Cz

linear ZZ

Xz a'I hoCX combination Tunearoombination

a 3
g zC3 ofthe2ndnode

y ca ca13 93 az g Zz vectorof layers
linear 3
combinations z

summary of layer

nodes at a gcz.co
loafer ad gazza's

as gCZ3C
T

This canberepresented by vector VC
where gCaisanelementwise sigmoidoperation



Say wehave input vector
otherwiseknown as layer1
or activation layer 1

I'tX
Goal find vector z and a

3
z.ca aus ai

sauron II I f
perform a weighted
linear combination I l l l
za D X

a geza's dignity Eggs

11 head vector
sigmoid o Z

vector 11
ACD v

d b dd
t

this process
Theinput layerAbu feedsforward
alsobecalled a x vector how into all further
activationlayer I f j layers



If a weforgot tomention the Bias Unit

Thebias unit is always L so we dont
have to calculate it directly but
we have to include it in calculations

4
vector Hae hocx

ACD
X3 d b

QHow do wecalculate the output layer al
A same as all other layers
step 1 add a bias unit aol271
step2 weighted linear combination

z 3
2
a
2

Step3 element wise sigmoid function
a gCz

3

ko x a 3



TheNeural Network is learning its own features

Think back to logistic regression

10 how
E hofX couldonly operate on the giveninputs

As weaddhidden layers our neural network
is generating new inputs1features for the next layer
and eventually generating its own inputs for ho

EIE.EEfEIo shocxs
Note we can choose different architectures
with a different number of layers and nodes

hocx shocx

x i

this allows for more complex hypothesis outputs
than the raw features alone a simplehigher
order polynomial hocx



Neural Network Examples and Intuitions

NN'sallow us to model complex relationships
that cannot be easily modeled as linear combinations

Two complex logical functions are
XOR exclusive OR
XNOR the inverse of XOR

What is XOR exclusive or

Ken XOR returns true x K y
O X if OR Xz are true 0 o 0

but not if I 0 I
O X AND Xz are true I

Xt l l 0

What is XNOR
note the inverse

Xj XNOR returns true Xz y
0 If Xi AND Xz are true 0 O 1

or if ANDXz are false 1 O O
O X 7 0 I 0

Xl I 1 I

Imagine the r y OXj if Xg 4difficulty in o y Y OR it l 0 Keno i yadrawinga T Xor 1
it to 7 o Idecisionboundary e i x L 1 Xi



i in
we can usesimpler AND

o0 logicalfunctions i anic an
0 OR NOT
µ to buildXOR J e it I

s ANDornotasbuildingblocks
IANDI

TruthTable
use y X AND Xz Xi X2 Y
y is true if borth

O O O O
X and Xz are true o o y

I 0 o
l X 0 I O

l l l

TruthTable

Use y X OR Xz Xy Xl XL Y
yistrue if either it o o O

I 0 I
or Xzaretrue o x 0 Ilol Xt l l l

INOTT TruthTable
use y N0TX X Y
yistrueifxis false ox 0 z

O l

y is falseifxistrue I 0

Building XOR with AND OR and NOT
a

XOR't Xl OR I Xz AND't NOT X AND Xzx I e I
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Introducing backpropation and why
Through the feed forward mechanism
eventually our NN creates an outputlayer

0 O O
o oEEO o 0

Thisoutput canbedirectly compared to
theactual label values from the training set

error
1

D
O D

vectorized m

u

error of layeractivation training error ofnodesof data
outputlayer yvalues outputlayer L

Q Now that weknow the error
how can we use this info
to update our neural network

error of layer

L insiderof aoh
activations and weights
feed forwardby layerThis inputlayerdoes

notgenerate errors errors propagate backwards
b e



n g g
inbackpropbecause by layer
we dontchangethis

error of errorofwe areperfect layer layer

a
o
Q fth doTue
backproptoeachuode

µ
Insight the layers are built
byfeedforwardas a function

O
µ of Theta and activation values

how much to propagate
go.inaM 7fIofcanboafunaimof themeta values and the

activation values

calculating error for layers
outputlayererror _output layer labels

gCk a y
hidden layer errorisa function off and values

fCM Ocn TgCnt g zen



error
I

0 0 0 H D
0 Ha
O o_0 He

a au ah
i

gC3 aC3 y

i 80 005183 gl zC
i g t t terror dot

theta of next product activation
usedto layer layer
compute values
next layer

i remember ab gCz
inputlayer error is not calculated



If this is difficult you are not alone

Ive actually used backpropagation
pretty successfully for many years
and even today I still dontsometimes
feel like I have a very good sense
of just what it's doing or sort of
intuition about what backpropagation
is doing Andrew Ng


