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TopicforWeek 12 B LeastSquaresand GradientDescent

At us make anotherconnectionto theElementsof linearAlgebraclassfromlastsemester

There inWeek 12B we considered theGastSquareproblem
Givenan mxn matrix A with mon anda vector beRM find ER thatminimizes

11Ax 611

In linear Algebra weusedtheQR decompositiontosolvethis

Now letus useCalculus to solve thisproblem

let us define fix 11Ax b12whithhasthesameminimum as IAx b11
Wehave f AxbitAx b TATbt Axbl
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Theminimum occurs when ATAX Atb whichis an non systemof linear equations
thatstillneedstobesolved

NoteHereour functionwas verysimplehence wecoulddotheminimizationexactly

B t in manyapplicationsespecially in Machine learning wecannotfindminimaexactly
Hence weneednumericalalgorithms

At us briefly discusstheimportantmethodof gradientdescentThegoalistonumerically
findminima of f 112 IR

Westartfromour observation that of points inthedirectionofthestrongest
increase Hencewe could usethefollowing

Algorithm

Choose an initialpoint do ER
Thoose a stepsize y 0 andgo astep y in

thedirectionof Of steepestdescent

9 do yDf19

Repeat anti an y Df an

Stopwhen Df laullke forsome tolerance Σ



Note InthecontextofMachinelearningthestepsize y is called learningrate

Applicationsandimplementations ofthismethod arediscussed in otherclasses Hereletus
disiss somepotentialproblemsand generalizations

Potentialproblems

Learningrate If y is
chosentoolarge wemightnotfindtheminimum or thealgorithmmight

even diverge

overshooting

If y is
chosentoosmall theconvergencemightbeveryslow

local vs globalminima Thealgorithmmightgetstuckin alocalminimuminsteadof aglobal
minimumespeciallyifthelearningrateis chosentoosmall

Gelatin
ask.la

globalminimm

Relatedunhak situations
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Generalizations

Makingthelearningraten dependent Forexample decreasingthelearningratewithincreasing
numberofiterationsmitigatestheriskof overshootingtheminimum Eg y

Stochasticgradient
descent Often fix Ii fill withN large so evaluating Df is

computationally expensive Hereinsteadofusingtheiteration am an y ETlofillant

we choose one i randomly ineachstepandperformtheiteration any an yfflant
Advantages comptationally cheap or wecouldtakeanavera overa

smallsubsetM 11 N EmPfillant
mightbeabletoescape localminima

Disadvantages might
needmorestepstoreachminimum

might jumparound nearanactualminimum


