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reh=o(zx)=4+landx ¢ h=o(x) = —1.
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Force h through Origin

1: Map p € R to p’ € R4 as p’ = (p1, po, ..
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(1) kernels
(2) penalize it
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Loss Functions
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fx(w) =) L(w,z) + prior(w)
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Loss Functions

Set up penalty for misclassified points

fx(w) = Z l(w,x) +

re X

prior(w)

loss ¢; = {(w, x;) = (%)

with z; = o(x;)(w, ;)
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Coresets for Optimization
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Solve for w* = argmin,, fx(w) ... gradient descent —

Subgradient Descent ~ Frank-Wolfe

Move towards most he

Ipful point

O(C/<?) steps to = mean for ||z| < 1.

Stochastic gradient descent (SGD)

For large X, most common

Randomly chooses x € X, and step towards —V f,.(w).
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Assume: data X is drawn iid from . -
Build: classifier g : R — {—1,+1} so E,,[1(g9(z) = o(x))}.

how much accuracy is preserved under random sampling? l e

Range space (X, XR), where R is family of subsets. Lo~ X

VC-dimension v: largest Y C X so all Z C Y can be o L

defined so Z =Y N R for some R € R. S fu

<> sublinear range searching, approximate hitting sets

An e-sample is a subset S C X so ( Geom ML
XNR SNR i

max ‘ ’ | ’ <e. R ranges classifiers

Re®R | |X| S X | ground set samples

An e-net is a subset S C X such that

each R € R so |R|m| > cthen SNR+#0.

O(Z%) | e-sample ey | agnostic learning
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e Approximate Maximum D|sagreement Problem X, 5 L
Find halfspace h maximizes Ax (h) = |X| D wex Hh(z) =0o(w

Find h € H so Ax(h*) — Ax(h) <e
in O((1/e%1/3)polylog(1/€)) time. matheny+ 15

e Sublevel-Set Range Space (X,Ry) defined for R, , € Rq as . |
Ry = {xre X |d(p,x) <71} ) o ,,
General KDE: Kq(z,p) = exp(—d(z,p)?) and KDEx (p) = 17 >_pex K (2, D)
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e Approximate Maximum D|sagreement Problem X, 5 L
Find halfspace h maximizes Ax (h) = |X| D wex Hh(z) =0o(w

Find h € H so Ax(h*) — Ax(h) <e
in O((1/e%1/3)polylog(1/€)) time. matheny+ 15

e Sublevel-Set Range Space (X,Ry) defined for R, , € Rq as . |
Ry = {xre X |d(p,x) <71} ) L .,,.
General KDE: Kq(z,p) = exp(—d(z,p)?) and KDEx (p) = 17 >_pex K (2, D)

If VC-dimension of (X, Ry) is v4 then S ~ X of size O(vq/e?)
haS HKDEX — KDESHOO S E [Komaraju etal '11]
approximates margin =£e.
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Many, many types of classifier

o7

o7

e KNN: voting based on k nearest neighbors
e decision trees: kd-tree until uniform nodes
e random forests: mixtures of decision trees

e deep neural networks: many layers of per
piecewise-linear classifiers
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Many, many types of classifiers +

e KNN: voting based on k nearest neighbors ‘e non-convex function fx (w)
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Many, many types of classifiers «

e KNN: voting based on k nearest neighbors

e decision trees: kd-tree until uniform nodes
D1 = D7

e random forests: mixtures of decision trees = P3

ap P2

e deep neural networks: many layers of perceptrons
piecewise-linear classifiers

= (4
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e (implicit) regularization:
what it means, when it occurs

e geometry of data ... e.g., adversarial data

e bias In data, algorithms
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