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Applica tions

MachineLeaningis mostusefulwhenthe structureof the taskis not

well understod but canbe chaacterizedy a datasetwith strongsta-

tistical regulaity. ML is alsousefulin adaptiveor dyanmicsituations
whenthe task (or its paametersyre constantlychanging.

Spam ltering, frauddetection(e.g. creditcads, phonecalls)
Seach andrecommendatiofe.g. google, amazoi
Automaticspeechrecognitior& spealer veri cation
Printedandhandwrittertext pasing
Locating/tracking/identifyingbjectsn images video(e.g. faces)
Financiaprediction pricing, volatiliy analysis
Medicaldiagnosis/imaganalysige.g. pneumonigpapsmess)
Drivingcomputeplayersin games

Scienti canalysis/datavisualizatiorfe.g. galaxyclassi cation)

Intelligent Computers

We want intelligent,adaptive robustbehaviour.
Oftenhandprogrammingnot possible.

Solution?Getthe computeito programitself, by shavingit
examplesf the behavioume want!
Thisis machindeaning

Reallywe write the structureof the programandthe computer
tunesmanyinternalparameters.

Core vs. Pr obabilistic Al

KR: work with facts/assertionsjevelopulesof logicalinference

Planning:work with applicabilif/e ects of actionsdevelop
seachedfor actionswhichachievegoals/avertdisasters.

Expert Systemsdevelopoy handa setof rulesfor examining
inputs,updatinginternalstatesand generatingputputs

Becaus&/L is concerneavith leaningfrom dataexamplest
oftenusesa probabilistiappoach.

ProbabilistiAl: emphasisn noisymeasurementappoximationin
had casesleaning,algaithmicissues.

logicalassertion¥ probabiliy distributions

logicalinferencg conditionaprobabiliy distributions
logicaloperatas) probabilistigenerativenodels




Other Names for ML

Datamining,appliedstatistics adaptive/stahasticsignal
processingprobabilistiplanning/reasoningre all closelyrelatedto
machindeaning.

Somedi erences:

{ Dataminingalmostalways usedargedatasets,
statisticsalmostalways smallones.

{ Datamining,planningdecisiortheay often
haveno internalpaametergo be leaned.

{ Statisticsoftenhasno algaithm to run!

{ ML algaithmsare rarely onlineand
rarely scaleto hugedata(changinghow).

Supervised Learning

Classi cation Outputsare categaical,
inputsare anything.Goalis to select
carectclassfor newinputs.

Regressioroutputsare continuousinputs
are anything(but usuallycontinuous).
Goalis to predictoutputsaccuratelyfor
newinputs.

Prediction dataare time series.

Goalis to perfam classi cation/regression
on newinput sequencegluesat future
time pointsgiveninput valuesand
caesmndingclasdabels/outputs

at someprevioudime points.

Canonical Tasks

Supervised_eaning givenexamplesf inputsandcarespnding
desiredutputs,predictoutputson futureinputs.
Ex: classi cationyegressiortime seriegprediction

Unsuprvised_eaning givenonlyinputs,automaticallydiscover
repesentationdeaturesstructure etc.
Ex: clusteringputlierdetectioncompession

RuleLeaning givenmultiplemeasurementdjscovererycommon
joint settingsof subset®f measurements.

Reinfocement_eaning givensequencesf inputs,actionsfroma
xed set,andscala revards/punishmentdean to selectaction
sequencds a way that maximizegxpectedrevard.

[That's the lastyou will hea of this in this course.]

Unsuper vised Learning

Clusteringinputsare vecta or categaoical.

Goalisto groupdatacasesnto a nite @
numter of clusterssothat within each
clusterall casedhaveverysimila inputs. GEED

...almostthe sameas:

Compession/¥cta Quantizationinputsare generallyecta.
Goalis to deliveran encaleranddecaler suchthat sizeof encaler
outputis muchsmallethan originalinput but commsitionof
encaerfolloved by decaleris verysimila to the originalinput.
Outlierdetection inputsare anything.

Goalis to selecthighlyunusuatasegrom newandgivendata.
RuleLeaning inputsare mixedcategacal andvecta.

Goalisto nd rulesof the form:

(xi<a” (x2> B (xg=10)) (xo=d)

whichare compactfew terms),highlyaccurateandverycommon.




Using Variables to Represent the World

We will usemathematicaVariableso encale everythingve know
about the task: inputs,outputsandinternalstates.

Variablesmay be discrete/categtcal or continuous/vecto
Discretequantitiesake on oneof a xed setof values,
e.g.f0,1g, femail,spamg, fsunny,overcast,rainin gg.
Continuougjuantitiegake onrealvaluesg.g. 1.6632,
[3.3,-1.8,120.4]

Generalljhaverepeatedmeasurements samequantities.
Conventioni; j; ::: indexexommnents/vaables/dimensions;
n; m;::: indexesases/reaals.

x" is the valueof the i inputvaiableonthe n'" case

y™ is the valueof the | th outputvaiableonthe mh case

Xn isavecto of all inputsfor the nth case
X = fXq;::0;Xn; 110 XN 0 aeall the inputs

Loss Functions

We needto quantifywhatit meando dowell or poorly on a task.

We cando this by de ninga loss(erra) functionL(X;Y; )
(or justL(X; ) inunsuprvisectase).
Examples:

P

Classi cation$n(xn; ) is predictedclass. L= ph[¥n 6 yn]
=]

Regressiontn(xn; ) ispredictedoutput. L = kyn Pnk?

Clustering: ¢ is meanof all casesassignectbl:clusterc.
L = n minc an Ck2

Rules:Ry isthe k" rulg.
L= lsupmrt(Rg) > a][con dencéRy) > ]

Hypothesis Space and Parameters

Now that we knowv how to regresentour inputsandoutputs,how
shouldwe regresentour leaningmachines?
You guessed: asfunctions

Q: How do we constructthesefunctions?
(Consideringhereare an uncountablyn nite numter of them!)
A: We selecthemfrom a cacefullyspeci ed set,knovn asour
hypothesisspace

Generallyhis spacds indexeddy a setof paameters whichare
knobswe canturn to createdi erent machines:

H:ff(x;yj )9

The hadestpat of machindeaningis decidinghow to repesent
inputsandoutputsandhow to selectthe hypothesisspace.

After that, we haveto decidehow to setthe paameters...

Training vs. Testing

Trainingdata the X ;Y we are givennow.
Testingdata the X ;Y we will seein future.

Trainingerra: the valueof losson the trainingdata.
Testerra: the valueof losson the testdata.

Whatis our realgoal?
To dowell onthe trainingdata? On the testingdata? On both?
How do we decidewhichoneis mae important?

We oftenwant to perfam well on future unseerdata
Soideallywe wouldlike to minimizethe test erra.

Q: How canwe optimizefor this if we don't havethe test datayet?
A: Probabilistidramewark to the rescue!




Sampling Assumption

Imaginghe thereexistsa joint probabiliy distributionp(x;y),
whichwe don't know, overinputs&outputgor justinputs).

We are givena nite (possiblynoisy)trainingsample:

indeendentlyandidenticallydistributed(iid).

Lookingonlyat the trainingdata, we selecta paameter (possibly
by tryingto minimi'z:ahe loss). The resultinghypothesishassome
trainingerra (loss) ,L(Xn;Yn; ).

Now a newsamplas dravn from the samedistribution asthe
trainingsample We run our machineon the newsampleand
evaluatehe loss;this is the testerra.

Centralquestion:by lookingat the machinethe trainingdataand
the trainingerra, whatif anythingcanbe saidabout test erra?

(Caeful: with or withoutreplacemen?)

Capacity: Complexity of Hypothesis Space

Leaning== Seachin HypothesisSpace

Inductivel_eaning Hypothesis:Generalizatiois possible.
If a machingoerfamswell on mosttrainingdataandit is not too
complexit will probablydo well on simila test data.

Amazingact: in manycaseshis canacutallybe proven In other
words, if our hypothesisspacds not too complicated/ exibléhasa
low capacy in someformal sense)andif our trainingsetis large
enougltthenwe canboundthe probabiliy of perfamingmuch
worseon test datathan on trainingdata.

The abovestatementis caefullyformalizedn 20 yeas of reseech
in the areaof leaningtheay.

Basicallytwo maincamps:VC-dimensioand PAC.
Thereare alsolinksto MDL andBayesiantheay, Occam'sRazo.
(seeCSC2614Rrof. Toni Pitassi)

Generaliza tion and Overfitting

Crucialconceptsgeneralizatiqrcapaciyy, over tting.

What'sthe dangetin the abovesetup?
That we will do well on trainingdatabut poorly on test data.
Thisis calledover tting.

A hypothesisvhichachievesow trainingerra will not necessdy
achievdow testerra unlesst camefroma verysimpleclass
compaedto the amountof datausedto selectit.

Example:
{ memoizethe trainingdata
{ giverandomoutputson all futuredata

The ability to achievesmalllosson test datais generalization

Generalizatiois often (but not always thesedays) the goalof
machindeaning.

Inductive Bias is Needed

The conversef the InductiveLeaning Hypothesigs that
generalizationnly possibléf we male someassumptionsy
introducesomepriors. We needan InductiveBias

No FreeLunchTheaems:an unbiasedeanercannevergeneralize.

Consider:
Input X | Output Y |

000
001
010
011
100
101
110
111

OFRP VOO VEREk

arbitrarily wigglyfunctions unstructuredruth tables

(non-smoth distributions,..)




Pr obabilistic ~ Appr oach

Giventhe abovesetup,we canthink of leaningasestimatiorof

joint probabiliy densiy functionsgivensample$rom the functions.

Classi catiorand Regressiorconditionablensiy estimatiorp(yjx)
Unsugrvised_eaning: densiy estimatiorp(x)

Clustering/Rulé.eaning: nding smallregionswith highp(x).
(bumphunting)

The centralobjectof interestis the joint distributionover
inputs&outputsandthe maindi cult y is compactlyrepgesenting
it androbustlyleaningits sha@ givennoisysamples.

Ourinductivebiasexpessesur prior assumptionabout these
joint distributionsandwithoutit we cannotlean anything.

General Objective Functions

How shouldwe desigrthe objectivefunction?
Clealy, it shouldhavesomethingo do with the lossfunction!

The generaktructureof the objectivefunctionis:
(X5Yj)=LXY; )+ P()

are the paametersmve chose
(whichindexa memier of the hypothesisclass)
L isthelossfunction
P is a penaly functionwhichpenalizesnae complexnadels.

Thissaysthat it isgood to t the datawell (get low trainingloss)
but it is alsogood to biasourselvetowards simplemadels,
in orderto avoidover tting.

Formal Setup

Castmachindeaningtasksasnumericabptimizatiornproblems

Quantifyhow good a machinas by a scala objectivefunction
whichwe canevaluateon setsof inputs/outputs.

Repesentiveninputs/outputsasargumentgo this function.

Alsointroducea setof unknavn parameters whichare additional
argumentof the objectivefunction.
Goal:adjustunknavn paametergso minimizeobjectivefunction
giveninputs/outputs.

argmin ( X;Yj )

Theart of designing@ machindeaningsystemis to selectthe
numericatepesentatiorof the inputs/outputsandthe
mathematicalormulationof the taskasan objectivefunction.

The mechanicgwolveoptimizingthe objectivefunctiongiventhe
observedatato nd the bestpaameters(Oftenleadso art!)

Questions, Questions

Givena task,hov do we formulateit asfunctionappoximation?
How to chaose/lean repesentations?

How select/patition training/testingdata?

How muchtime/spacedo we need(computatiorcost)?

How muchtraininginput do we need(data cost)?

Canwe proveconvergencgermination)of our algaithms?
Canwe everbe assuredor almostassureddf success?

How to engineewhatwe knav about problemstructureand
incaporate prior/domain/exgert knovledge?




General Reading

ConferenceNIPS,UAI, ICML,AI-STATS
Journals:JMLR,NeuralComp. JAIR,MLJ, IEEEPAMI
Vision/GraphicsCVPR,ICCV,ECCV SIGGRAPH
Speech:EuroSpech ICSLRICASSP

Online:citeseergaoogle

Books:

{ Element®f StatisticalLeaning Hastie,TibshiraniFriedman
{ PatternRecognitiomndNeuralNetvorks Ripley

{ Introductionto GraphicaModels Jadanet. al (unpublished)
{ NeuralNetworksfor Pattern RecognitionBishop[dated]

{ MachineLeaning Mitchell[verydated]




