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And the remaining parts of COLT theory� Someexamplesfor theVC dimension:

– VC(all possiblefunctions) ���
– VC(finite functionclass

�
) ���	��
��� � �

– VC(H � polynomialsin � with degreeatmost � ) �������
– VC(perceptronwith input dimension� ) �������� TheVC-dimensionallows to estimatethesizeof thefunctionclass:

for every probabilitymeasure� it holds
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Conversely, if VC �/� , thenwecanfind for everynumber0 aprobability
measure� with

���1�! "�2 � $ &43�0 .5 distribution independentPAC learnabilityandthedistribution indepen-
dentUCED propertyarebothequivalentto a finite VC-dimension.In this
case,every learningalgorithmwith smallerrorwill doand 6 VC examples
aresufficient for every learningalgorithmfor valid generalization.� SomemoreVC-dimensions:

– VC(perceptronnetworkswith 7 weights) ��8 � 7 �9��
:7 &
– onecanfind boundsfor the VC-dimensionsof neuralnetworks with

piecewisepolynomialactivationfunctions

– VC(sigmoidalnetworkswith
�

neuronsand 7 possiblysharedweights)��; � 7 � � � & and �=< � 7 � &
(. . . whoever solvesthegapwill becomefamous;-)� Finallyaparticularlyimportantalternativeestimationfor theVC-dimension

of perceptrons. . .



Note: theVC-dimensionof anSVM equalstheVC-dimensionof the(traina-
ble) perceptronin the featurespacewheredataareimplicitely mappedto
with the(fixed)nonlinearmapping.Thedimensionalityis usuallyhigh di-
mensional,possiblyinfinite dimensional.

Alternative: AssumeSVM hasa margin > and the points are absolutely
boundedby ? , then

VC � ? �> �@ theSVM triesto optimizethepossiblyhigh or infinite dimensionalVC
dimensionDURING trainingby maximizingthemargin!!!

(In technicalterms:’minimize �BAC � � ’ is thesameas’maximizethemargin’
which is thesameas’minimize theVC-dimension’for SVMs.)


