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RegularizationNetworks
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TheKernel—ASimilarityMeasure

Featuremap:�����
Hypothesis
linearin�
Kernel:���������$�������� ��&—similaritymeasure

Kernel�andregularizationoperator arerelated

Kernelmustbepositivedefinite,i.e.
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Correspondencebetweenkernelandoperator

Atypicalkernelon�����istheGaussianRBF
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Graphs
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Graphs
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Graphs

�Naturalgraphs:internet,web,socialcontacts,citations,
scientificcollaborations,etc.

�Objectswithgraph-likestructure:groups(permutations),
strings,etc.

�Objectswithunknownglobalstructure:setoforganic
molecules,interactingproteinsinacell

�Incorporatingunlabelleddata

Lookingforpositivedefinite�������,nowjustamatrix
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TryRandomWalks
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�symmetric�evenpowerspos.def.
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DiffusionKernels

Infinitenumberofininitesimalsteps:
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	otherwise

(Laplacian)
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Foranysymmetric�,�����ispositivedefinite.
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conversely,
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foranyinfinitelydivisible(orfinite)�.
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ExponentialKernels
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ExponentialKernels
��������� �����
���
���

�

�������#
������

�
����
����

(
(�
����������

13



Diffusionkernels:view2
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Stochasticfield

E�����	�� �	

Var����	�� ���

���	�indep.

redistribution:

���������
�������������������

14



evolutionoperator������
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covariance
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electricalanalogy
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Diffusionkernels:view3

�������

��
�����

��
���������

��
��� 	

�
��
����(heatequation)

������ �����
�
��#� 
�#�

17



Diffusionkernels:view4

Spectralgraphtheory

Eigenvectorsof�correspondto“normalmodes”ofgraph

approximatemin-cut,max.distancetyperesults
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Computingthediffusionkernel
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Diagonalization
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Completegraphs
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Closedchains
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Tensorproductkernels
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Hypercubes,etc.

Hypercube:
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k-regular-trees
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Applications
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Experiments

VotedPerceptronalgorithm(Freund
andSchapire,1999)

5standardcategoricaldatasets
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DiffusionkernelsinBioinformatics

Graph-drivenfeatureextractionfrommicroarraydatausing
diffusionkernelsandkernelCCA(J.-P.VertandM.Kanehisa,
NIPS2002)

Diffusionkernelonnetworkofchemicalpathways,genes
catalyzingthem.
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Amoregeneralframework
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LinearOperatorson���
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For�symmetric,positivedefinite,�isself-adjoint
(�%��%!���%�%!)andpositive(�%��%!�	).
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LinearOperatorson���
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(Girosi,JonesandPoggio,1995).
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Localityandinvariance

 issupposedtocaptureroughnessof
.Wanttomakeitalocal
differentialoperator.

Essentiallyuniquesecondorderdifferentialoperatorona(

dimensionallinearspaceormanifold�invariantunderisometries
istheLaplacian����� ������ ��
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Naturalbuildingblockfor andhence�.
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TheGaussianKernel
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DiffusionKernelsonManifolds

BelkinandNiyogi(NIPS2001,2002)
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onaRiemannianmanifoldfoundfromthedata

Natualwayofincorporatingunlabelleddata.
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DiffusionKernelsontheStatisticalManifold

InformationDiffusionKernels(LaffertyandLebanonNIPS2002)

parametricfamily�������givesrisetomanifoldwithFishermetric
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Fromcontinuoustodiscrete
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Otherlocallyinducedkernels

SmolaandKondor(underreview)
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�Diffusionkernel:������������

��-steprandomwalkkernel:
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�RegularizedLaplaciankernel:���
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Conclusions
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�Inducingakernelfromthelocal(differential)structureof�

makessensefromaregularizationtheorypointofview
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�Inducingakernelfromthelocal(differential)structureof�

makessensefromaregularizationtheorypointofview

�Aunifyingconcept:theLaplacian
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�Inducingakernelfromthelocal(differential)structureof�

makessensefromaregularizationtheorypointofview

�Aunifyingconcept:theLaplacian

�Diffusionkernelsphysicallymotivated,othersarepossible
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�Inducingakernelfromthelocal(differential)structureof�

makessensefromaregularizationtheorypointofview

�Aunifyingconcept:theLaplacian

�Diffusionkernelsphysicallymotivated,othersarepossible

�Thesekernelsarenotnecessarilyeasytocomputeinpractice
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