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Kernel	Machines	
�  Discriminant-based:	No	need	to	esFmate	densiFes	first	
�  Define	the	discriminant	in	terms	of	support	vectors	
�  The	use	of	kernel	funcFons,	applicaFon-specific	measures	of	
similarity	

�  No	need	to	represent	instances	as	vectors	
�  Convex	opFmizaFon	problems	with	a	unique	soluFon	

�  #	google	scholar	results	with	“support	vector	machine”	
�  39800,	26700,	26400	in	2014,	2013,	2012	respecFvely	
� MLP/neural	network	17200,16600,16700	
�  Bayesian	network:	7500,	9050,	9250	
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OpFmal	SeparaFng	Hyperplane	

(Cortes	and	Vapnik,	1995;	Vapnik,	1995)	

X = xt, rt{ }t  where rt =
+1 if xt ∈C1

−1 if xt ∈C2

#
$
%

&%

find w and w0  such that
wTxt +w0 ≥ +1 for rt = +1
wTxt +w0 ≤ −1 for rt = −1
which can be rewritten as

rt wTxt +w0( ) ≥ +1
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Review:	Lagrange	MulFpliers	
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Review:	Karush-Kuhn-Tucker	CondiFons	
(needed	when	we	have	inequality	constraints)	
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Margin	
� Distance	from	the	discriminant	to	the	closest	instances	on	
either	side	

� Distance	of	x	to	the	hyperplane	is	

� We	require	

�  For	a	unique	sol’n,	fix	ρ||w||=1,	and	to	max	margin	
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Margin	
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Solve	using	quadraFc	programming	
Most	αt	are	0	and	only	a	small	number	have	αt	>0;	they	are	
the	support	vectors	
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Som	Margin	Hyperplane	

� Not	linearly	separable	

�  Som	error	

� New	primal	is	
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Hinge	Loss	
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ν-SVM	
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ν	controls	the	frac=on	of	support	vectors		
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Sparse	SVM	
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the	l1	term	drives	small	coefficients	to	zero	
http://cvxr.com/tfocs/demos/sparsesvm/	
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Kernel	Trick	

�  Preprocess	input	x	by	basis	funcFons	
	 	z	=	φ(x) 	 	g(z)=wTz			
	 	 	 	 	g(x)=wT	φ(x)	

�  The	SVM	soluFon		
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Vectorial	Kernels	

�  Polynomials	of	degree	q:	
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Vectorial	Kernels	

�  Radial-basis	funcFons:	
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Defining	kernels	
�  Kernel	“engineering”	
� Defining	good	measures	of	similarity	
�  String	kernels,	graph	kernels,	image	kernels,	...	
�  Empirical	kernel	map:	Define	a	set	of	templates	mi	and	
score	funcFon	s(x,mi)	
		φ(xt)=[s(xt,m1),	s(xt,m2),...,	s(xt,mM)]	
	and		
	K(x,xt)=φ (x)T	φ (xt)	
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�  Fixed	kernel	combinaFon	

	
� AdapFve	kernel	combinaFon	

�  Localized	kernel	combinaFon	

MulFple	Kernel	Learning	
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Learn	α	s	and		
kernel	weights	η	
from	data		



MulFclass	Kernel	Machines	
�  1-vs-all	
�  Pairwise	separaFon	
�  Error-CorrecFng	Output	Codes	(secFon	17.5)	
�  Single	mulFclass	opFmizaFon	
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SVM	for	Regression	

� Use	a	linear	model	(possibly	kernelized)	
	 	 	f(x)=wTx+w0	

� Use	the	є-sensiFve	error	funcFon	

�  		
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Kernel	Regression	

�  Polynomial	kernel	 � Gaussian	kernel	
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One-Class	Kernel	Machines	
�  Consider	a	sphere	with	center	a	and	radius	R	
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Kernel	Dimensionality	ReducFon	

�  Kernel	PCA	does	
PCA	on	the	kernel	
matrix	(equal	to	
canonical	PCA	with	
a	linear	kernel)	

�  Kernel	LDA	
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