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m Let x~ be a poift (not necessarily a training example) fon the Minus plane.

m Let x* p€ a point on the Plus plane that is closest to x~.

n Thefi: M = ||x* — x~||, length of the vector from x~ to x*.
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Mutliple Classes

m One way to handle multiple (K) classes is to define K two-class problems, each separating
one class from all other classes combined.

m Let gi(x) denote w,” x + b; (Discriminant function)

m Classification rule:

y = argmaxgi(x)
!

Note: Not using sign(gj(x))
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The larger the constant C, the more we want to

minimize error, the more complex the decision EMM/
/ boundary.
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m Original problem equivalent to (Primal Problem):
minwyb‘g MaXa:q; >0,r:r; >0 ﬁ(wy b7£7 «, r)
m Dual Problem:
MaXq:q;>0,r:r; >0 minw,b{ E(Wv b, &, a, I’)
Solving the dual: minw’ug L(w, b, &, a,r)
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Dual Problem: /) 0{ =) (,J/
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maximize Za,- —5 Z Oz,‘oz_,-y,-ij;rxj b
i=1 ij=1
subjectto C >a; >0, i=1,...,N
N
> aiyi=0
i=1
Impact of C: 1
m Small C: wider-margin, more misclassified points minimize §||w||2+CZ £
i

m Large C: minimize misclassification errors, narrower margin
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m Mapping ¢ : R™ — H, x — ¢(x)
m R™: input space (attributes)
W 7H: feature space (features)

m Transform the data with the mapping

(leyl)w . '7(XN7yN) = (@(Xl),}’l), SRR (@(XN):}/N)
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Dual Problem on Features:

subjectto C >a; >0, i=1,...,N
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The trick:

P . . T .
B No need to explicitly calculate ¢ and_ the inner product (x;) " ¢(x;)
B Just need to specify the kernel function K(x;,x;)
B k is cheaper to calculate
m Allow one to use very high dimensional feature space.

Common Kernels

k(x,z) = (xTz)?, polynomial kernel

B Corresponding feature transformation when d = 2:
B(x1, %2, .-+, Xn) = (X1X1, X1X2, X1X3, - + - XnXn)

m Inhomogeneous polynomial: k(x,z) = (x"z 4 1)

B The corresponding feature transformation?

m Gaussian: k(x,z) = exp(—|x — z||?/202?)
B Radial basis functi F) network
B Corresponds to an infinite-dimensional feature space

Intuitively, K(x,z) represents our desired notion of similarity between data x and z and
this is from our prior knowledge

Classification with SVM

B %)

m Choose nonlinear transformation ¢ = (¢1, @2, ..., ¢p) (implicitly via KSx,zZ)
m Solve the dual optimization problem on features, get a
oot el L LSS

n "

m Calculate w and b from a. masirmize Sai- LY aiapyiienn)

m Classify future examples as follows: sbiectto € 20,20, i= 10N
D=0

Ns
sign (Z aiyiK(xi,x) + b)

i=1

Gaussian Kernel

Recall that the decision rule uses

Ns
sign(w $(x) + b) = sign( > cvyik(xi, %) + b)
i=1

m Gaussian kernel: k(x1,x2) = exp(—||x1 — x2||?/202)
-

m Amounts to putting bumps of various sizes on the training set

Small g: Narrow Gaussian bell curve, Each support vector affects only nearby points,
Decision boundary is cgm/plez and wiggly. Result: Low bias, high variance (overfitting risk)

m Large o: Wide Gaussian bell curve, Each support vector affects a large neighborhood,
Decision boundary is smooth and simple (near-linear). Result: High bias, low variance
(underfitting risk)

m Small C: Soft margin (wide margin allowed), Many points can be misclassified or inside
margin, Low penalty for training errors.
Result: Simpler model, underfitting possible

m Large C: Hard margin (narrow margin enforced), Few misclassifications tolerated, High
penalty for training errors. Result: Complex model, overfitting possible

When to use SVM instead of deep learning?

m Small datasets — SVM performs well with limited samples; deep learning needs large data.
~———

m When training time must be short — SVM trains faster than deep networks for
small/medium data.

m When interpretability matters — SVMs are simpler and easier to analyze than deep nets.
st

m When the decision boundaryjs_c_o_rm;]_ex but data is not huge — kernel tricks give SVM
strong nonlinear power.

m Risk of oxsrﬁ*@ng—is high — SVM’s margin maximization naturally controls overfitting
better on small data.



