

































































































Curse of Dimensionality

Assume Nieto i.e the ol dimensional unithypercube
All data is drawn uniformly at random
Let K 10

F
Let l betheedgelength ofthesmallest
hypercube thatcontains all k nearestneighbors
of a testpointx

jeCEEn EGIL o f sn
Yumi Totalvolumeofhypercubetopot is101

I diet.iriiiatiniiiiitti
Almosttheent

It n 1000 howbig is l off t.ggslf.gg spaceisneeded
to fit I nearest
neighbors

Thismeans nearestneighbors are notsimilar violatingtheK Nn assumption

Howmany points wouldwe need for l to be smallFix 1 0 I

e In n k k grows exponentwith ol

Rescue tothe curse
Data coin have structure
Data can lie on 1
dimensionalsubspaces EthanFolds
Datacan beclustered very non uniform




































































































Unsupervised Learning

Given Unlabeleddata D a penElk Nolabels y
Unsupervised learningattemptstofind hidden structureinyourdata

Clustering KMeans

Assumptions weknowthereare kclusters

a
t if.fi

Iii
Letdataindicesbe l n Letcell in be allpointsthatfall intothe l thcluster
Everypointfallsexactlyintoonecluster Cucav uca l n
Khustersaremutuallyexclusive CenCes O tee

Lossfunction LK Ca II Ice mill o tcp.in inkite
center

Eatyouweretorepresenteach itwithitscorrespondinginsteadthiswouldbetheorgsquarederror

MinimizeLifCi Caarefined Meougginkki ca My fee
AssignMinimal

Foreachmethecontributiontothelossis Eakimet parabola

MinimizeLifMi Maonefined
Assign cnn.ca

e ithin bargainHaime.li
p

Allpointsthatareclosesttome
Foreach ai youcancontribute Gtil or letnil or dkna
Foreachaipickthesmallestone tominimizeL

Kmeans algorithm Dinitialize it it somehow
akaLloyd'salgorithm e.g randompoints orheuristic

2 AssignCi Causing
3Assign it Mausing
Repeatuntilconvergence

Easy toshow L canneverincrease

Initialization Canbeunlucky Performmultipleruns picksolutionwithlowest L
hmean t Arthuretal2007 pickm randomly fromD

Forettok
trieddefinediminGimet Avoidsclustercenter

pileMerandomlyfromDproportionaltodi e
thatareveryclose




































































































Howtofind k if it is unknown

Run kmeans for k 1,2 monitorthelossL
Foreachkyouhavetoaverage overmultiplerunsduetothe randomnes ofthe
initialization

increasing Kwillday decrease thebestachievablehButgainsare biggeruntilyou discovered thetrue k
L I Afterthatyou will only splitclustersintotwo

i
Strength Limitations

Easy toimplement sensitivetooutliers
fastforsmall k slowforlargeK
easilyparallelizable assumesallclustersarespherical

makesonlyhardclusterassignments

Generalization GaussianMixtureModel Gm

Iggy

I

Eachcluster becomes a Gaussian NMeIe
Almostthesame as kmeans but eachpointhas a
distribution over clustersjeepCelli

pay
plicikelpkel

FPhilaeprey
BayerRace

MetFg IVe weighted average expectedcenterof cluster l

E Ere I rietimilemet
moreflexiblethankme

I fisimerelite
strength

probabilitiestellyouhowwell

g step
i
IePMiiMeite Te asamplefitsintoclusters

Weaknesses

EStep slowerthan kmeans
Estimation cansufferfromsingularities

singlepointclusters

11 If Io GMM becomes Kmeans as 040
p

spherical
A

hardassignments


