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Still someCOLT theory

� Someexamples:

– Example:Theclass
�������	��
����� ����
�������

equalsoneof the functi-
onsbelow

�
with the uniform distribution is not PAC learnable– the

functionshavepariwisedistance
����

, i.e.e learningalgorithmneedsto
preciselyidentify the underlyingfunction. Sincefor every (general)
set of points an infinite numberof functionsinterpolatesthe points,
this identificationis notpossible.

...

– Thefunctionclass
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for some-21435�
is not PAC learnable– a functionclasswith only oneparame-

ter!

– Networksof thefollowing form arenot PAC-learnable:
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specific sigmoidal activation

wheretheactivationfunctionis
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asigmoid-shapedfunction.Theoutputcanbecomputedas
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� The covering number of a functionclassN is the smallestO suchthat O
functionsin N cover theentirespace,i.e.P �RQ@
 N 
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Thismight beinfinite.

� N is PAC-learnableiff
P �RQ@
 N 
DSUTV" is finite for all

Q
. The minimum risk

algorithmwill do with jMk )�l P examples.Every algorithmneedsjMk )�l P
examplesfor valid generalization.

� N fulfills theUCED-property if f for all
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This meansthat theempiricalerror is representative for thegeneralization
error for every two functionsto becompared.In particular:every training
algorithmwith smalltrainingerrorwill do!

� UCED � PAC, but PAC is weaker thanUCED (only onegoodalgorithmn
exists,not everyalgorithmwith smallerroris ok for PAC).

� distribution independentPAC: ... thesameholdswith
+Lv�w T

distribution independentUCED: ... thesameholdswith
+0v�w T

This meansthatonedoesn’t have to takecareof therespective input distri-
bution for theexamples.

Therespective distribution independentnotationis strongerthanthedistri-
butiondependentone.

� N is distribution independentPAC ���
N is distribution independentUCED ���
theVC-dimensionof N is finite !!!!!!!!!!!!!!!!!!

j VC-dimensionexamplesarenecessaryandsufficient for training.
� TheVC-dimension of N is thelargestsizeof a setof pointswhich canbe

shattered.A set
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I.e. every functionon
�� #]L
*^,^,^;
L q � canbeimplementedwithin N . No ge-

neralizationcanbeexpectedon thesepointsonly!


