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Efficiency of training� For gradientdescentmethods:onecycleneeds� � �
time steps� For local optimawith first derivatives � anda positive definitematrix of

secondderivatives,convergenceto the local optimumis exponentiallyfast
if the learningrateis small enoughandonestartssufficiently closeat the
optimum.� In general,it is NP-completeto decidewhetherevenfor a singlesigmoidal
neuron,agiventrainingsetandanumber� , weightscanbefoundsuchthat
thequadraticerroris smallerthan � .� Thereexistsa bunchof NP-resultsmostlywith proofswhich arenot really
nice;)

Tricks to avoid thecomplexity andoverfitting� startwith largenetworksandappropriatelypreprocesseddatato avoid local
optima.� Early stopping:stopwhenerroronavalidationsetis minimum.� Pruning: iteratively drop leastimportantweight/neuronuntil the error se-
verlely insreases

– magpruning:dropsmallestweight

– sceletonization:dropneuronwith minimuminfluenceon theerror

– optimumbrain damage:drop weight with minimum influenceon the
error

Inter pretation of training:� rescalingof outputs/interpretationasaclassification� compareto simplemodels,known results,differentmethods



� in principle: errordividesinto thesystematicerrorwhich shouldbesmall
and the unsystematicerror dueto noisein the datawhich constitutesthe
lowerboundfor every trainingalgorithm

The training pipeline revisited:� Preprocessing– tediousandcrucial� architecture/modelselection,important:approximationcapability� trainingaserrorminimization,important:efficient trainingalgorithms� interpretationof learningresults,important:generalizationability

Alter native: Support Vector Machine (SVM)� Generalidea:

– fixed nonlinearpreprocessingof data followed by a trainablelinear
separation

– nonlinearpreprocessinggivenby kernelsfor efficiency

– linearseparationwith maximummargin for generalizationability� data ���	�
� ���
���������������� �!�!" areto belearned

fix a nonlinearpreprocessingvia #$�%�	&� with #$���	'�)( #$�*��+��, �-�%�	.� ���� for a
kernel �
typical kernels:
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U 
 correspondto measuresfor theimportanceof thepoints;only pointswith
minimummargin to theseparatinghyperplanehave nonzerodualvariablesU 
 ; thesearecalledsupport vectors; they determinetheclassification!� generalizationssuchthaterrorsaretolerated(soft margin) or functionscan
beapproximated( _ -tube)exist

Alter native: Prototype basedclassifiers� Learning Vector Quantization (LVQ):

Classificationof datain ��� is given by a setof labeledprototypes �J`
 , a
givendatapoint �	 is mappedto thelabelof therespectiveclosestprototype

Learning:

initialize theprototypes
Repeat

chooseadatapoint �	 

computetheclosestprototype �J W
adapt �J W 0Y, _*�%�	 
 � �J W � if theclassescoincideor

adapt �J W �2, _*�%�	�
a� �J W � if theclassesdo notcoincide� Dynamic LVQ:
Startwith oneprototypeper classandsuccessively addnew prototypesif
incorrectclassifcationsexist� RelevanceLVQ:
SubstitutetheEuclidianmetricby adiagonalmetric b��	c� �� b de , � T f 
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normalize �f� GeneralizedRLVQ:
gradientdescenton q
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where s u �%�	 
 � is the weightedEuclidian distancefrom the closestcorrect
prototypeand s > ���	 
 � is the weightedEuclidian distancefrom the closest
incorrectprototype.

YieldsHebbupdatesfor theweightsandrelevancefactorswith appropriate
scalingfactors.

Ruleextraction(decisiontrees)basedon GRLVQ-networks is approxima-
tely possible.


