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- -r Motivation

g

Structural Pattern Recognition

X
v

Rich description of objects

Poor properties of graph’s space does not allow to readily
generalize/combine sets of graphs

5

Statistical Pattern Recognition

oo
~

Global description of objects
Numerical spaces with many mathematical properties (metric,
vector space, ... ).

&

Analyse large famillies of structural and numerical objects using a unified
framework based on pairwise similarity.
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Basics about Kernels
Graph Kernels

qf Kernels : Definition
b
@ A kernel k is a symmetric similarity measure on a set x

V(z,y) € X°, k(x,y) = k(y, z)

e k is said to be definite positive (d.p.) iff k is symmetric and iff:
V(l‘l, ce ,xn
V(Cl,...,Cn) e Rn }21221&0] l'ml'] >0
i=1j
o K = (k(xs,25)) @i )eq1,..,ny is the Gramm matrix of k. k is d.p. iff:

Ve e R" — {0}, ¢"'Kc >0
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qf Kernels and scalar products
L

g

Aronszajn 1950 :
A kernel k is d.p. on a space x
if and only if
it exists

e one Hilbert space H and
e a function ¢ : x = H
such that:

k(z,y) =< (), p(y) >
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Basics about Kernels

Graph Kernels

L g Outline

P |

Kernel and strutured data

The kernel trick provides an implicit embedding whose metric is defined from
our similarity criterion (the kernel).
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- .f Walk kernels

Walks: Let G = (V, ) W = (v1,...,v,) is a walk iff
(vi,vi41) € E\Vi € {1 ,n—1}

V oeo-o9o00isa walk

o Kernel between walks

sy if || # 1| and
T Kooy, ) I K (e e i) Ky (vig1,0},,) otherwize

\ Y @ ®
K| KoK, | K,
C2CI
o Walk kernels :

K(G,Go)= Y Y K(hh)Aa (B, (1)

heW(G1) ' eW(G2)
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qf Finite Bag kernels

b

Basics about Kernels
Graph Kernels

G — B(G)

& 0 pe) JEG.6) = KBE).5E)

Three independent step to design a graph kernel.

Graph Kernel

Bags of patterns
construction scheme

>t Bag of Pattern kernel Pattern kernel
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Graph Kernels

ﬂ.f Questions :

g

Which type of graph best capture object’s properties ?
Shape recognition:
@ Shape described by skeletons encoded by graphs G = (V, E, w).
o V:

e extremities/intersection of branches or
o abrupt changes of the radius along a
branch.

o branches of the skeleton.

o Each edge is weighted by a function w
encoding the length of the boundary
which contributed to the branch
[Torsello04].

Chemoinformatic: G = (V, E, u, v)
e V set of atoms, u atom’s type,
e E set of bounds, v bound’s type.
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Graph Kernels

q.f Questions :

g

o Which type of graph best capture object’s properties ?
@ Which pattern should we choose ?

o Paths,

e Sub trees,

e Sub graphs.

e Sub combinatorial maps,. ..

e How to build a bag which minimizes the loss of information ?

o All patterns up to a given size 7
o More relevant patterns ?

o Shape recognition: A priori information — covering problem
o Chemoinformatics: Multiple kernel learning with one kernel per pattern.

o How to define a kernel between bags
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Graph Kernels

f Bag of paths kernels

- shape recognition

Kmean(T17T2 Z Z Kpattern t t
|T1| T| 2| teTy teTs

More complex kernels

/ _ K(z,y)
K@y = rokes

K'(z,z) = ¢’ (@) = 1

Normalized kernel

(Desobry 2005)

Weighted mean kernel

Kweighted (Tlu TQ) = ‘% 2| ZtETl Zt/€T2 )\Tl( ))\Tg (tl)Kpattern(t7 tl)a
Az (t) = <o(t), pr, >*
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Graph Kernels

) Bag of paths kernels
;‘r‘ chemoinformatic

Kmean(GlyGQ) = Z K(ft(Gl)aft(Gz))a
teT(G1)NT(Gz)

Basic MKL

KpukL(G1, G2) = > deK(ft(G1), f:(G2)),

teT(G1)NT(G2)

Knxn(G1,G2) =Y > diw K(fi(Gh), fr(G2)),

teT t/eT t/<t

where T = T(Gl) U T(Gg)
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Pattern kernels

h. ‘ How to compare patterns

4

o Classical approach:

0 ifttt,
K 1assic (ta t/) = Zapelsom(t,t’) (lell K, (M(Ui)a QD(M(U;Z)))>
(M2} K. (vlen vie)

e Pb: Similar but not identical patterns are not comparable.
e Solutions :

e Shape recognition : Use rewrittings
o Chemoinformatics : Use edit distance.
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-t .f Conclusion

g

@ Our aim : Studdy properties of structure space and combine structural
pattern recognition and machine learning/optimisation methods.

Thank you for your attention !

Questions 7

L. Brun (GREYC) Graph Kernels



Basics about Kernels
Graph Kernels

ﬂf References

eﬁmte Kernels Feature Space Interpretation of SVM with Indefinite Kernels, Bernard Haasdonk,
PAMI 27(4) 2005
Kernels and Graph edit distance Bsridgining the Gap Between Graph Edit Distance and kernel
machines, Michel Neuhauss and Horst Bunke (Machine perception, A, vol. 68).
Convolution Kernel Convolution Kernels on Discrete Structures TR: UCSC-CRL-99-10, David Haussler
Diffusion kernels Diffusion Kernels on graphs and Other Discrete Structures, Risi Imre Kondor, John
Lafferty. ICML 2002

Kernels and infinite Bags

@ Graph kernels, Journal of Machine Learning Research 11(2010) 1201-1242, S.V.N.
Vishwanathan, Nicol N. Schraudolph, Risi Kondor, Karsten M. Borgwadt

@ Marginalized Kernels Between Labeled Graphs, H. Kashima, K. Tsuda and A.
Inokuchi, ICML-2003

@ Graph kernels based on tree patterns for molecules, Pierre Mahé and Jean-Philippe
Vert, Machine Learning 75(1) 3-35

Kernels and ﬁnite Bags @ Dupe, F. -X. & Brun, L.. Edition within a graph kernel framework for

shape recognition. In Graph Based Representation in Pattern Recognition 2009 , pages

11-21 2009 .

@ Next talk.




	Basics about Kernels
	Graph Kernels
	Kernels based on infinite Bags
	Kernels based on finite Bags


