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established between 1240 and 1520.

10 000 agrarian contracts from four seignories of South West of France
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10 000 agrarian contracts from four seignories of South West of France
established between 1240 and 1520.

Historian’s questions:
@ family or geographical social links ?
@ central people having a main social role ?
° ...
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Exploring a big historic database

Data

10 000 agrarian contracts from four seignories of South West of France
established between 1240 and 1520.

Historian’s questions:

@ family or geographical social links ?

@ central people having a main social role ?
° ...

= Data mining is required.
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Exploring a big historic database

10 000 agrarian contracts from four seignories of South West of France

Data
established between 1240 and 1520. ‘

Historian’s questions:
@ family or geographical social links ?
@ central people having a main social role ?
° ...

= Data mining is required.

Restriction to a part of this database: the Castelnau-Montratier Seignory

First step
before the Hundred Years’ War. ‘
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From the database, building a weighted graph :

@ with 226 vertices xi,

., Xp 1= peasants found in the contracts;
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A graph clustering problem

From the database, building a weighted graph :
@ with 226 vertices xi, ..., X, := peasants found in the contracts;

,,,,,

mentionned}.
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A graph clustering problem

From the database, building a weighted graph :
@ with 226 vertices xi, ..., X, := peasants found in the contracts;

,,,,,

mentionned}.

Clustering the vertices  to understand the social links between peasants.
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Previous work

In [Boulet & Jouve, 2007] , algebraic study of the non-weighted graph:

@ small world graph = small number of edges between two
vertices : diameter = 5 and 90% of the couples of vertices have less
than 3 edges between them;
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Previous work

In [Boulet & Jouve, 2007] , algebraic study of the non-weighted graph:

@ small world graph = small number of edges between two
vertices : diameter = 5 and 90% of the couples of vertices have less
than 3 edges between them;

@ classification into communities (cliques having the same neighbors)
and rich club (set of vertices having high degree and a high density):
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Dissimilarity SOM

[Kohohen & Somervuo, 1998] , [El Golli et al., 2006]: batch SOM for
data xi, ..., X, known through a dissimilarity measure 6:
@ Initialization : for all neurons of the grid, j = 1,..., M, select a
prototype (randomly), m; in the dataset;
@ Assignment : foralldatai=1,...,n, x is assigned to the neuron
f(x;) such that
f(x;) = arg m|n 6(x,,mj)

.....

© Representation : for all neuron j = 1,..., M, m; is re-computed:

m; = arg m|n Z h(f(x), )o(x;, x)

XEka

where h is a decreasing function of the distance between 2 neurons
of the grid.
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Dissimilarity SOM

[Kohohen & Somervuo, 1998] , [El Golli et al., 2006]: batch SOM for
data xi, ..., X, known through a dissimilarity measure ¢:
@ Initialization : for all neurons of the grid, j = 1,..., M, select a
prototype (randomly), m; in the dataset;
@ Assignment : foralldatai=1,...,n, x is assigned to the neuron
f(x;) such that
f(x;) = arg m|n 6(x,,mj)

.....

© Representation : for all neuron j = 1,..., M, m; is re-computed:

m; = arg m|n Z h(f(x), )o(x;, x)

XEka

where h is a decreasing function of the distance between 2 neurons
of the grid.

= Choosing an appropriate 6.
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For a graph with vertices V = {xi, ..., X} having positive weights
(W,',j),',jzl,m,n suchthat, foralli,j=1,...,n, w;; = wj; and d; = Z;-Ll Wij,
@ Laplacian : L = (Lj;)ij-1,..n Where

L= — Wi ifi¢j i
W\ g ifi=j
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Laplacian and diffusion kernel

Definitions

For a graph with vertices V = {xi, ..., X} having positive weights

= 21 Wi,

.....

L= —W;j ifiij.
M d; ifiZj ’

@ Regularization: the diffusion matrix  : for 8 > 0, K = e™#L.
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Laplacian and diffusion kernel

Definitions

For a graph with vertices V = {xi, ..., X} having positive weights

= 21 Wi,

.....

L= —W;j ifiij.
M d; ifiZj ’

@ Regularization: the diffusion matrix  : for 8 > 0, K = e™#L.

=
K: VxV - R
(X x) — K

is the diffusion kernel (or heat kernel).
N. ViLLa (LSP, Toulouse - nvilla@cict. fr)
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@ Diffusion on the graph : k#(x;, Xj) = quantity of energy accumulated
in x; after a given time if energy is injected in x; at time 0 and if
diffusion is done along the edges.

B = intensity of diffusion;
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Properties

@ Diffusion on the graph : kP(x;, x;) ~ quantity of energy accumulated
in x; after a given time if energy is injected in x; at time 0 and if
diffusion is done along the edges.

B =~ intensity of diffusion;

@ Regularization operator : for u € R" ~ V, u’ Kfu is higher for vectors
u that vary a lot over “close” vertices of the graph.

B = intensity of regularization (for small g, direct neighbors are more
important);
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Properties

@ Diffusion on the graph : kP(x;, x;) ~ quantity of energy accumulated
in x; after a given time if energy is injected in x; at time 0 and if
diffusion is done along the edges.

B =~ intensity of diffusion;

@ Regularization operator : for u € R" ~ V, u’ Kfu is higher for vectors
u that vary a lot over “close” vertices of the graph.
B = intensity of regularization (for small g, direct neighbors are more
important);

© Norm of a Hilbert space : k? is symetric and positive = 3 Hilbert
space (H,{.,.)) and ¢ : V — H such that

KP(xi, X)) = (o(x3), d(x;)).
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Properties

@ Diffusion on the graph : kP(x;, x;) ~ quantity of energy accumulated
in x; after a given time if energy is injected in x; at time 0 and if
diffusion is done along the edges.

B =~ intensity of diffusion;

@ Regularization operator : for u € R" ~ V, u’ Kfu is higher for vectors
u that vary a lot over “close” vertices of the graph.

B = intensity of regularization (for small g, direct neighbors are more
important);

© Norm of a Hilbert space : k? is symetric and positive = 3 Hilbert
space (H,{.,.)) and ¢ : V — H such that

KP(xi, X)) = (o(x3), d(x;)).

= 6(xi, X)) = \/kﬁ(x,-, Xj) + kB(x;, X;) — 2kB(x;, x;) is a distance on H
dissimilarity between vertices of the graph.
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Methodology

©@ SOM: 3 x 3 rectangular grid;
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Methodology

©@ SOM: 3 x 3 rectangular grid;

@ Dissimilarity measure : g =0.05, 0.1, 0.2;
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Methodology

© SOM: 3 x 3 rectangular grid;

@ Dissimilarity measure : g =0.05, 0.1, 0.2;
© Initialization : for each g,

» 50 random initialization;
» algorithm ran until stabilization;
» best classification minimizes

M n
&= Z Z h(f(x), )o(xi, my).

=1 i=1
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Results
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Comparison with previous work

Class 6|

Class 3
Class 5Class 1

Similarities with historian’s prior knowledge

@ Class 1 & Class 2 : homogeneous geographical settings (Castrum de
Flaugnac & Castrum de La Grauliére);

@ But “Combelcau” family is not in Class 1 although part of them live in
Castrum de Flaugnac;

@ “Combelcau” family constitutes a large part of Class 2.

= Family links are more important than geographical ones.

N. ViLLa (LSP, Toulouse - nvilla@cict. fr) D-SOM & kernel 04/25/2007 14/17




Comparison with previous work

Class 6|

Class 3
Class 5Class 1

Similarities with algebraic work on the non-weighted graph
@ Each class corresponds to one or several connected communities;

@ Class 3 is a part of the “rich club” and “Combelcau” family plays a
great role both in Class 3 and in the rich club;

@ Star-shaped structure around class 3 is similar to star-shaped
structure around the rich club.
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Expected developments
@ Application to the whole database;
@ Find a criterium to select an optimal 5;

@ Find an automatic procedure to combine/compare several maps
obtained for different .
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