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Sample of n people.
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Compute Euclidean distance squared.
Cluster using threshold.
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Maximize ¥(x - v)? (zero center the points)
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Nets

“60 - Net”.
Set 2 of directions
where all others, v, are close to x € 2.
xX-v>1-96.

o- Net:
[---,i6/d,---]integers i € [-d/§,dd].

o(d
Total of N o (%) @ vectors in net.

Signal >> Noise times logN = O(dlog %) to isolate direction.
log N is due to union bound over vectors in net.

Signal (exp. projection): o nde?.
Noise (std dev.): v/nc?.

nd >> (c*/e*)logd and d >> 62 /&2 works.
Nearest neighbor works with very high d > o#/&%.

PCA can reduce d to “knowing centers” case, with reasonable
number of sample points.
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PCA calculation.

Matrix A where rows are points.
First eigenvector of B = AT A is maximum variance direction.

Av are projections onto v.
vBv = (VA)T(Av) is Yy (x - V)2,

First eigenvector, v, of B maximizes xTBx.

Bv = Av for maximum A.
— vBv = A for unit v.

Eigenvectors form orthonormal basis.

Any other vector av+x, x-v=0
x is composed of possibly smaller eigenvalue vectors.

— vBv > (av + x)B(av + x) for unit v, av + x.
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Computing eigenvalues.

Power method:
Choose random x.
Repeat: Let x = Bx. Scale x to unit vector.

X=aVit+aVo+---
Xi o< Bix = a1/l1’v1 +32)L2tV2 +---
Mostly v after a while since A{ >> AL.

Cluster Algorithm:
Choose random partition.
Repeat: Compute means of partition. Project, cluster.

Choose random +1/ — 1 vector. Multiply by AT (direction between
means), multiply by A (project points), cluster (round to +1/-1 vector.)

Sort of repeatedly multiplying by AAT. Power method.
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Sum up.

Clustering mixture of gaussians.

Near Neighbor works with sufficient data.

Projection onto subspace of means is better.

Principal compent analysis can find subspace of means.
Power method computes principal component.

Generic clustering algorithm is rounded version of power method.



See you on Tuesday.



