
NeuronaleNetze(SS2002),8.7.

Self-organizing maps(contd.)� Standard SOM:

Neurons
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areadditionallyequippedwith a neighborhoodstruc-
ture ���� ����� .
Often: ���� ����� is givenby a lattice,distanceof neurons� and

�
in thelattice.

– Training:
init ����
repeat
choose��
computethewinner ���
adaptall neurons�����! #"%$�&('�) �+*,���� � ��� �.-�/102� ���� * ���� �"435 #"76 ,
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– Applicationareas:visualization,functionapproximation,initialization

of VQ/LVQ, robotics,web-mining,. . .

– SOM is not agradientdescent,but avariationthereofis:9
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(  minimizationof theoverall quantizationfor eachneuronaveraged
over theneighborhood)wherethewinneris theneuronwith minimum
averagedquantizationerror.

– Thereexist variousmeasuresfor topologypreservation: roughly, the
topologyof theweigthsin thedataspaceshouldcoincidewith theto-
pologyof theneuronsin thelattice.
Measured:via measuringtherelative distancesof weightsandindices
(problem: ‘Frankfurter Würstchen’),or the respective neighborhood
structuregivenby thereceptivefieldsandthelattice.� Growing SOM: startwith minimumlatticeandaddrowsor dimensionsof

thelatticeatappropriateplacesuntil thequantizationerroris smallenough.
Appropriateplaces:thedirectionwherethequantizationerroris maximum.



� Alter native lattices:

– Hexagonallattices(like honeycombs,they aremorestablefor small
neighborhoodrange)

– HyperbolicSOM - regular latticesin thehyperbolicspace,advantage:
expinentiallyincreasingnumberof neighbors� Neural gas: no prior lattice is given, in eachstep,neuronsare adapted

accordingto their distancefrom thedatapoint

Algorithm:
init �� �
repeat
choose��
computeIJ�� * �� � I for all �K �ML  numberof neuronscloserto �� than �� �
adapt: �� � �N #"O$�&	'H) �+*QP K � � ���� * �� � �
This is agradientdescenton thefunction9
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Posteriorlattice: neuronsareneighboredif they are the first andsecond
winnerfor adatapoint.

Oneself-organizingneuron:
neuronwith weight �� computesfor input �� theoutput U  ��WV ��
Hebbianlearning: ��8�! X" UY��� AssumeZ � �  [ , correlationmatrix Z\���� �� V � , this is positive semidefinite

andsymmetric,canbediagonalizedwith anorthonormalbaseof eigenvec-
tors,say ]�^ �������(� ](_ with eigenvaluesP�^a` ����� `#P�_ . Weassumefor simpli-
city that they arepairwisedifferent! Zb^ is the first principal component,] � the � th principalcomponent.Findingthesedirectionsis calledprincipal
componentanalysis.

Thefirst principalcomponentis thedirectionof maximuminformation,the
next componentsthedirectionsof maximuminformationin therespective
orthogonalspace.] � optimizesthefunction �� VJc �� where Id�� I  �

.



� Hebbianlearningexplodesinto thedirectionof ] ^ , it is a gradientdescent
of ���V c �� in themean.� Theupdate ��N �e��W" UY�� �.- If���" UY�� I convergesin themeanto thefirst principal
component.� Oja-rule: ��Q�! #" ��UY�� *gU 0 �� �
Ideabehindtherule: Taylor-expansionof normalizedHebb

Mean: Z\�ih �� �  j" � c �� * ���V c �� �� �
Fixedpoints:principalcomponents(via Z\�ih �� �  N[ )
Stablefixed point: first principal component(via negative definitenessof
Jacobian)� Yuille: hlk�]�m �! #" �e�� V �� �� *NIf�� I 0 �� �
Ideabehindtherule: meanis gradientascentfor

�n-po �� V�c �� * �n-dq If�� Isr
stablefixedpoint: t P ^ ] ^� Hassoun: hlk�]�m �! #" �1�� V �� �� *uPv� � * �n- Id�� I � �� �
Ideabehindtherule: meanis gradientascentfor

�n-wo �� V c �� *uP o �xIf�� If* �n� 0
stablefixedpoint: P - ��Py*zP ^ � ] ^ for P{`XP ^� Sanger: | neuronsfor | independentcomponentsh ��~}� #" �e�� V} �� ���� *z� } ��� ^ �� V� �� �� � �
Ideabehindthe rule: Oja � subtractingthepartsof the inputs �� which ly
into thedirectionsof alreadycomputedeigenvectors.

stablefixedpoints: ] � for neuronnumber�


