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Intelligent Computers

� We want intelligent,adaptive,robustbehaviour.

� Oftenhandprogrammingnot possible.

� Solution?Getthe computerto programitself,by showingit
examplesof the behaviourwe want!
This is machinelearning.

� Really, we write the structureof the programandthe computer
tunesmanyinternalparameters.

Applica tions

MachineLearningis mostusefulwhenthe structureof the taskis not
well understood but canbe characterizedby a datasetwith strongsta-
tistical regularity. ML is alsousefulin adaptiveor dyanmicsituations
whenthe task(or its parameters)are constantlychanging.

� Spam�ltering, frauddetection(e.g. creditcards,phonecalls)

� Search andrecommendation(e.g. google, amazon)

� Automaticspeechrecognition& speaker veri�cation

� Printedandhandwrittentext parsing

� Locating/tracking/identifyingobjectsin images& video(e.g. faces)

� Financialprediction,pricing,volatility analysis

� Medicaldiagnosis/imageanalysis(e.g. pneumonia,papsmears)

� Drivingcomputerplayersin games

� Scienti�canalysis/datavisualization(e.g. galaxyclassi�cation)

Core vs. Pr obabilistic AI

� KR: work with facts/assertions;developrulesof logicalinference

� Planning:work with applicability/e�ects of actions;develop
searchesfor actionswhichachievegoals/avertdisasters.

� Expert Systems:developby handa setof rulesfor examining
inputs,updatinginternalstatesandgeneratingoutputs

� BecauseML is concernedwith learningfromdataexamples,it
oftenusesa probabilisticapproach.

� ProbabilisticAI: emphasison noisymeasurements,approximationin
hard cases,learning,algorithmic issues.
logicalassertions) probability distributions
logicalinference) conditionalprobability distributions
logicaloperators ) probabilisticgenerativemodels



Other Names f or ML

� Datamining,appliedstatistics,adaptive/stochasticsignal
processing,probabilisticplanning/reasoningare all closelyrelatedto
machinelearning.

� Somedi�erences:

{ Dataminingalmostalwaysuseslargedatasets,
statisticsalmostalwayssmallones.

{ Datamining,planning,decisiontheory often
haveno internalparametersto be learned.

{ Statisticsoftenhasno algorithm to run!
{ ML algorithmsare rarelyonlineand

rarelyscaleto hugedata(changingnow).

Canonical Tasks

� SupervisedLearning: givenexamplesof inputsandcorresponding
desiredoutputs,predictoutputson futureinputs.
Ex: classi�cation,regression,time seriesprediction

� UnsupervisedLearning: givenonlyinputs,automaticallydiscover
representations,features,structure,etc.
Ex: clustering,outlierdetection,compression

� RuleLearning: givenmultiplemeasurements,discoververycommon
joint settingsof subsetsof measurements.

� ReinforcementLearning: givensequencesof inputs,actionsfroma
�xed set,andscalar rewards/punishments,learn to selectaction
sequencesin a way that maximizesexpectedreward.
[That's the lastyou will hear of this in this course.]

Super vised Learning

� Classi�cation: Outputsare categorical,
inputsare anything.Goalis to select
correctclassfor newinputs.

� Regression: outputsare continuous,inputs
are anything(but usuallycontinuous).
Goalis to predictoutputsaccuratelyfor
newinputs.

� Prediction: dataare time series.
Goalis to perform classi�cation/regression
on newinput sequencesvaluesat future
time pointsgiveninput valuesand
corespondingclasslabels/outputs
at someprevioustime points.
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Unsuper vised Learning

� Clustering: inputsare vector or categorical.
Goalis to groupdatacasesinto a �nite
number of clusterssothat within each
clusterall caseshaveverysimilar inputs.
...almostthe sameas:

� Compression/Vector Quantization: inputsare generallyvector.
Goalis to deliveranencoderanddecodersuchthat sizeof encoder
output is muchsmallerthanoriginalinput but compositionof
encoderfollowedby decoderis verysimilar to the originalinput.

� Outlierdetection: inputsare anything.
Goalis to selecthighlyunusualcasesfromnewandgivendata.

� RuleLearning: inputsare mixedcategoricalandvector.
Goalis to �nd rulesof the form:
(x1 < a) ^ (x2 > b) ^ : : : ^ (xk = c) ) (x0 = d)
whichare compact(few terms),highlyaccurate,andverycommon.



Using Variables to Represent the World

� We will usemathematicalvariablesto encodeeverythingwe know
about the task: inputs,outputsandinternalstates.

� Variablesmay be discrete/categoricalor continuous/vector.
Discretequantitiestake on oneof a �xed setof values,
e.g. f 0,1 g, f email,spamg, f sunny,overcast,rainin gg.
Continuousquantitiestake on realvalues,e.g. 1.6632,
[3.3,-1.8,120.4]

� Generallyhaverepeatedmeasurementsof samequantities.
Convention:i; j; : : : indexescomponents/variables/dimensions;
n; m; : : : indexescases/records.
xn

i is the valueof the i th input variableon the nth case
ym

j is the valueof the j th outputvariableon the mth case

xn is a vector of all inputsfor the nth case
X = f x1; : : : ; xn; : : : ; xN g are all the inputs

Hypothesis Space and Parameters

� Now that we know how to representour inputsandoutputs,how
shouldwe representour learningmachines?
You guessedit: asfunctions.

� Q: How do we constructthesefunctions?
(Consideringthereare anuncountablyin�nite number of them!)

A: We selectthemfroma carefullyspeci�ed set,known asour
hypothesisspace.

� Generallythis spaceis indexedby a setof parameters� whichare
knobswe canturn to createdi�erent machines:

H : f f (x; y j� )g

� Thehardestpart of machinelearningis decidinghow to represent
inputsandoutputsandhow to selectthe hypothesisspace.

� After that, we haveto decidehow to setthe parameters...

Loss Functions

� We needto quantifywhat it meansto do well or poorly on a task.

� We cando this by de�ninga loss(error) functionL(X ; Y ; � )
(or just L(X ; � ) in unsupervisedcase).

� Examples:

Classi�cation:̂yn(xn; � ) is predictedclass. L =
P

n[ŷn 6= yn]

Regression:̂yn(xn; � ) is predictedoutput. L =
P

n kyn � ŷnk2

Clustering:� c is meanof all casesassignedto clusterc.
L =

P
n minckxn � � ck2

Rules:Rk is the kth rule.
L =

P
k[support(Rk) > a][con�dence(Rk) > c]

Training vs. Testing

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

� Trainingerror: the valueof losson the trainingdata.
Testerror: the valueof losson the test data.

� What is our realgoal?
To do well on the trainingdata?On the testingdata?On both?
How do we decidewhichoneis more important?

� We oftenwant to perform well on futureunseendata.
Soideallywe wouldlike to minimizethe test error.

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



Sampling Assumption

� Imaginethe thereexistsa joint probability distributionp(x; y),
whichwe don't know, overinputs&outputs(or just inputs).

� We are givena �nite (possiblynoisy)trainingsample:
f x1; y1; : : : ; xn; yn; : : : ; xN yN g with membersn generated
independentlyandidenticallydistributed(iid).

� Lookingonlyat the trainingdata,we selecta parameter� (possibly
by trying to minimizethe loss).The resultinghypothesishassome
trainingerror (loss)

P
n L(xn; yn; � ).

� Now a newsampleis drawn fromthe samedistribution� asthe
trainingsample.We run our machineon the newsampleand
evaluatethe loss;this is the test error.

� Centralquestion:by lookingat the machine,the trainingdataand
the trainingerror, what if anythingcanbe saidabout test error?

� (Careful: with or without replacement?)

Generaliza tion and Overfitting

� Crucialconcepts:generalization, capacity, over�tting.

� What'sthe dangerin the abovesetup?
That we will do well on trainingdatabut poorly on test data.
This is calledover�tting.

A hypothesiswhichachieveslow trainingerror will not necessarily
achievelow test error unlessit camefroma verysimpleclass
comparedto the amountof datausedto selectit.

� Example:
{ memorizethe trainingdata
{ giverandomoutputson all futuredata

� Theability to achievesmalllosson test datais generalization.

� Generalizationis often(but not alwaysthesedays) the goalof
machinelearning.

Capacity: Complexity of Hypothesis Space

� Learning== Search in HypothesisSpace

� InductiveLearningHypothesis:Generalizationis possible.
If a machineperformswell on mosttrainingdataandit is not too
complex,it will probablydo well on similar test data.

� Amazingfact: in manycasesthis canacutallybe proven. In other
words,if ourhypothesisspaceis not too complicated/
exible(hasa
low capacity in someformalsense),andif our trainingset is large
enoughthenwe canboundthe probability of performingmuch
worseon test datathanon trainingdata.

� Theabovestatementis carefullyformalizedin 20 years of research
in the areaof learningtheory.

� Basicallytwo maincamps:VC-dimensionandPAC.
Thereare alsolinksto MDL andBayesiantheory, Occam'sRazor.
(seeCSC2614,Prof. Toni Pitassi)

Inductive Bias is Needed

� Theconverseof the InductiveLearningHypothesisis that
generalizationonlypossibleif we make someassumptions,or
introducesomepriors. We needan InductiveBias.

� No FreeLunchTheorems:anunbiasedlearnercannevergeneralize.

� Consider:
Input X Output Y

000 1
001 1
010 ?
011 0
100 0
101 ?
110 1
111 0

arbitrarily wigglyfunctions unstructuredtruth tables
(non-smooth distributions,...)



Pr obabilistic Appr oach

� Giventhe abovesetup,we canthink of learningasestimationof
joint probability density functionsgivensamplesfromthe functions.

� Classi�cationandRegression:conditionaldensity estimationp(y jx)

� UnsupervisedLearning: density estimationp(x)

� Clustering/RuleLearning: �nding smallregionswith highp(x).
(bumphunting)

Thecentralobjectof interestis the joint distributionover
inputs&outputsandthe maindi�cult y is compactlyrepresenting
it androbustlylearningits shape givennoisysamples.

Our inductivebiasexpressesourprior assumptionsabout these
joint distributionsandwithout it we cannotlearn anything.

Formal Setup

� Castmachinelearningtasksasnumericaloptimizationproblems.

� Quantifyhow good a machineis by a scalar objectivefunction�
whichwe canevaluateon setsof inputs/outputs.

� Representgiveninputs/outputsasargumentsto this function.

� Alsointroducea setof unknown parameters� whichare additional
argumentsof the objectivefunction.

� Goal:adjustunknown parametersto minimizeobjectivefunction
giveninputs/outputs.

argmin
�

�( X ; Y j� )

� Theart of designinga machinelearningsystemis to selectthe
numericalrepresentationof the inputs/outputsandthe
mathematicalformulationof the taskasanobjectivefunction.

� Themechanicsinvolveoptimizingthe objectivefunctiongiventhe
observeddatato �nd the bestparameters.(Often leadsto art!)

General Objective Functions

� How shouldwe designthe objectivefunction?
Clearly, it shouldhavesomethingto do with the lossfunction!

� Thegeneralstructureof the objectivefunctionis:

�( X ; Y j� ) = L(X ; Y ; � )) + P(� )

� � are the parameterswe chose
(whichindexa member of the hypothesisclass)
L is the lossfunction
P is a penalty functionwhichpenalizesmore complexmodels.

� Thissaysthat it is good to �t the datawell (get low trainingloss)
but it is alsogood to biasourselvestowardssimplermodels,
in orderto avoidover�tting.

Questions, Questions

� Givena task,how do we formulateit asfunctionapproximation?

� How to choose/learn representations?

� How select/partition training/testingdata?

� How muchtime/spacedo we need(computationcost)?

� How muchtraininginput do we need(datacost)?

� Canwe proveconvergence(termination)of our algorithms?

� Canwe everbe assured(or almostassured)of success?

� How to engineerwhatwe know about problemstructureand
incorporateprior/domain/expert knowledge?



General Reading

� Conferences:NIPS,UAI, ICML,AI-STATS

� Journals:JMLR,NeuralComp.,JAIR,MLJ, IEEEPAMI

� Vision/Graphics:CVPR,ICCV,ECCV,SIGGRAPH

� Speech:EuroSpeech,ICSLP, ICASSP

� Online:citeseer,google

� Books:

{ Elementsof StatisticalLearning, Hastie,Tibshirani,Friedman
{ PatternRecognitionandNeuralNetworks, Ripley
{ Introductionto GraphicalModels, Jordanet. al (unpublished)
{ NeuralNetworks for PatternRecognition, Bishop[dated]
{ MachineLearning, Mitchell[verydated]


