corpus with more than 6,000 transactions, 3 centuries, all related to Castelnau Montratier Individual Transaction q q q q q q q q q q q q q q q q q q q q q q q q q q q q q q q q q q Ratier Ratier (II) Castelnau Jean Laperarede

Bertrande Audoy

Formally, relational data are: Different relational data types are related to each others a kernel is equivalent to an Euclidean distance:

D(x, x ) := K(x, x) + K(x , x ) -2K(x, x )
from a dissimilarity, similarities can be computed: Different relational data types are related to each others a kernel is equivalent to an Euclidean distance:

S(x, x) := a(x) (arbitrary), S(x, x ) = 1 2 a(x) + a(x ) -D 2 (x,
D(x, x ) := K(x, x) + K(x , x ) -2K(x, x )
from a dissimilarity, similarities can be computed: ∃ two Euclidean spaces E + and E - and two mappings φ + and φ -st: Iterative learning (representation step): all prototypes in neighboring units are updated with a gradient descent like step:

S(x, x) := a(x) (arbitrary), S(x, x ) = 1 2 a(x) + a(x ) -D 2 (x,
D(x, x ) = φ + (x) -φ + (x ) 2 E + - φ -(x) -φ -(x ) 2
p t+1 u ←-p t u + µ(t)H t (d(f (x i ), u))(x i -p t u )
Nathalie Villa-Vialaneix | Learning from (dis)similarity data 16/35

Extension of SOM to data described by a kernel or a dissimilarity [Olteanu and Villa-Vialaneix, 2015a] Data: (x i ) i=1,...,n ∈ R d 1: Initialization: randomly set p 0 1 , ..., p 0 for all u = 1 → U do Representation 6:

U in R d 2: for t = 1 → T do 3: pick at random i ∈ {1, . . . ,
p t+1 u = p t u + µ(t)H t (d(f t (x i ), u)) x i -p t u 7:
end for 8: end for Extension of SOM to data described by a kernel or a dissimilarity [Olteanu and Villa-Vialaneix, 2015a] Data: (x i ) i=1,...,n ∈ X 1: Initialization: randomly set p 0 1 , ..., p 0 for all u = 1 → U do Representation 6:

U in R d 2: for t = 1 → T do 3: pick at random i ∈ {1, . . . ,
p t+1 u = p t u + µ(t)H t (d(f t (x i ), u)) x i -p t u 7:
end for 8: end for Extension of SOM to data described by a kernel or a dissimilarity [Olteanu and Villa-Vialaneix, 2015a] Data: (x i ) i=1,...,n ∈ X 1: Initialization: for all u = 1 → U do Representation 6:

p 0 u = n i=1 β 0 ui φ(x i ) (convex combination) 2: for t = 1 → T do 3: pick at random i ∈ {1, . . . ,
p t+1 u = p t u + µ(t)H t (d(f t (x i ), u)) x i -p t u 7:
end for 8: end for Extension of SOM to data described by a kernel or a dissimilarity [Olteanu and Villa-Vialaneix, 2015a] Data: (x i ) i=1,...,n ∈ X 1: Initialization:

p 0 u = n i=1 β 0 ui φ(x i ) (convex combination) 2: for t = 1 → T do 3: pick at random i ∈ {1, . . . , n} 4: Assignment f t (x i ) = arg min u=1,...,U φ(x i ) -p t u 2 H 5: for all u = 1 → U do Representation 6: p t+1 u = p t u + µ(t)H t (d(f t (x i ), u)) x i -p t u 7:
end for 8: end for Extension of SOM to data described by a kernel or a dissimilarity [Olteanu and Villa-Vialaneix, 2015a] Data: (x i ) i=1,...,n ∈ X 1: Initialization:

p 0 u = n i=1 β 0 ui φ(x i ) (convex combination) 2: for t = 1 → T do 3: pick at random i ∈ {1, . . . , n} 4: Assignment f t (x i ) = arg min u=1,...,U φ(x i ) -p t u 2 H 5: for all u = 1 → U do Representation 6: p t+1 u = p t u + µ(t)H t (d(f t (x i ), u)) φ(x i ) -p t u 7:
end for 8: end for Extension of SOM to data described by a kernel or a dissimilarity [Olteanu and Villa-Vialaneix, 2015a] Data: (x i ) i=1,...,n ∈ X 1: Initialization:

p 0 u = n i=1 β 0 ui φ(x i ) (convex combination) 2: for t = 1 → T do 3: pick at random i ∈ {1, . . . , n} 4: Assignment f t (x i ) = arg min u=1,...,U (β t u ) Kβ t u -2(β t u ) K(., x i ) 5:
for all u = 1 → U do Representation 6:

β t+1 u = β t u + µ(t)H t (d(f t (x i ), u)) 1 i -β t u 7:
end for 8: end for Extension of SOM to data described by a kernel or a dissimilarity [Olteanu and Villa-Vialaneix, 2015a] Data: (x i ) i=1,...,n ∈ X 1: Initialization:

p 0 u ∼ n i=1 β 0 ui x i (convex combination) 2: for t = 1 → T do 3: pick at random i ∈ {1, . . . , n} 4: Assignment f t (x i ) = arg min u=1,...,U D(p t u , x i ) 5:
for all u = 1 → U do Representation 6:

p t+1 u = p t u + µ(t)H t (d(f t (x i ), u)) ∼ x i -p t u 7:
end for 8: end for Extension of SOM to data described by a kernel or a dissimilarity [Olteanu and Villa-Vialaneix, 2015a] Data: for all u = 1 → U do Representation 6:

(x i ) i=1,...,n ∈ X 1: Initialization: p 0 u ∼ n i=1 β 0 ui x i (convex
β t+1 u = β t u + µ(t)H t (d(f t (x i ), u)) 1 i -β t u 7:
end for 8: end for SOMbrero [START_REF] Villa-Vialaneix | Stochastic self-organizing map variants with the R package SOMbrero[END_REF], https://cran.r-project.org/package=SOMbrero stochastic variants of SOM (standard, KORRESP and relational) with a large number of diagnostic plots specific functions to use with graphs and obtain simplified representations Similarities between kernels:

C mm = K m , K m F K m F K m F = Trace(K m K m ) Trace((K m ) 2 )Trace((K m ) 2 )
. Similarities between kernels:

(
C mm = K m , K m F K m F K m F = Trace(K m K m ) Trace((K m ) 2 )Trace((K m ) 2 )
.

(C mm is an extension of the RV-coefficient [START_REF] Robert | A unifying tool for linear multivariate statistical methods: the rv-coefficient[END_REF] to the kernel framework) 

∆ i (β) = φ * β (x i ),              φ * β (x 1 ) . . . φ * β (x n )              =              K * β (x i , x 1 ) . . . K * β (x i , x n )             

  Euclidean distances or (non Euclidean) dissimilarities between n entities: symmetric (n × n)-matrix D with positive entries and null diagonal kernels: a symmetric and positive definite (n × n)-matrix K that measures a "relation" between n entities in X (arbitrary space) K(x, x ) = φ(x), φ(x ) networks/graphs: groups of n entities (nodes/vertices) linked by a (potentially weighted) relation (edges) ⇒ symmetric (n × n)-matrix with positive entries and null diagonal W Nathalie Villa-Vialaneix | Learning from (dis)similarity data 8/35 Formally, relational data are: Euclidean distances or (non Euclidean) dissimilarities between n entities: symmetric (n × n)-matrix D with positive entries and null diagonal kernels: a symmetric and positive definite (n × n)-matrix K that measures a "relation" between n entities in X (arbitrary space) K(x, x ) = φ(x), φ(x ) networks/graphs: groups of n entities (nodes/vertices) linked by a (potentially weighted) relation (edges) ⇒ symmetric (n × n)-matrix with positive entries and null diagonal W Similarities between n entities: symmetric (n × n)-matrix S (with usually positive entries) but not necessarily definite positive Nathalie Villa-Vialaneix | Learning from (dis)similarity data 8/35

  x ) various kernels have been proposed for graphs (e.g., based on the graph Laplacian): [Kondor and Lafferty, 2002] Nathalie Villa-Vialaneix | Learning from (dis)similarity data 9/35

[

  ) (time) and O(n 2 ) (space) adjclust: O(nh + n log n) (time) and O(nh) (space) with h the non sparse band around the diagonal Icing on the cake: wrappers for Hi-C datasets and LD datasets model selection methods (broken stick and slope heuristic) corrected dendrogram to avoid reversals [Grimm, 1987] ... and other nice plots to compare data with clustering Nathalie Villa-Vialaneix | Learning from (dis)similarity data 13/35 Application to Hi-C data with data from [Dixon et al., 2012] ) i=1,...,n ⊂ R d are affected to a unit f (x i ) ∈ {1, . . . , U} the grid is equipped with a "distance" between units: d(u, u ) and observations affected to close units are close in R d every unit u corresponds to a prototype, p u (x) in R d Iterative learning (assignment step): x i is picked at random within (x k ) k and affected to best matching unit: f t (x i ) = arg min

  n}

  n}

[

  Olteanu and Villa-Vialaneix, 2015b] Nathalie Villa-Vialaneix | Learning from (dis)similarity data SOMbrero [Villa-Vialaneix, 2017], https://cran.r-project.org/package=SOMbrero stochastic variants of SOM (standard, KORRESP and relational) with a large number of diagnostic plots specific functions to use with graphs and obtain simplified representations [Olteanu and Villa-Vialaneix, 2015b] contains comprehensive vignettes illustrated on 3 datasets corresponding to the three algorithms (iris, presidentielles2002 and lesmis, a graph from "Les Misérables") Nathalie Villa-Vialaneix | Learning from (dis)similarity data 18/35 SOMbrero [Villa-Vialaneix, 2017], https://cran.r-project.org/package=SOMbrero stochastic variants of SOM (standard, KORRESP and relational) with a large number of diagnostic plots specific functions to use with graphs and obtain simplified representations [Olteanu and Villa-Vialaneix, 2015b] contains comprehensive vignettes illustrated on 3 datasets corresponding to the three algorithms (iris, presidentielles2002 and lesmis, a graph from "Les Misérables") Web User Interface (made with shiny) with sombreroGUI() Tested on and approved by an historian! STATIS like framework [L'Hermier des Plantes, 1976, Lavit et al., 1994]

  m and v ∈ R M such that v 2 = 1. feature space. m I {A m k >0} or W = m A m k Nathalie Villa-Vialaneix | Learning from (dis)similarity data 27/35 A kernel preserving the original topology of the data I Similarly to [Lin et al., 2010], preserve the local geometry of the data in the feature spacem I {A m k >0} or W = m A m k Feature space geometry measured by

  

  

  

  

  

  

  

[Kondor and Lafferty, 2002]
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x ) various kernels have been proposed for graphs (e.g., based on the graph Laplacian):

[START_REF] Goldfarb | A unified approach to pattern recognition[END_REF] 

Hermier des Plantes, 1976, Lavit et al., 1994]

  

C mm is an extension of the RV-coefficient [Robert and Escoufier, 1976] to the kernel framework) Nathalie Villa-Vialaneix | Learning from (dis)similarity data 26/35 STATIS like framework [L'
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Principles for learning from relational data Euclidean case (kernel K)
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[L'Hermier des Plantes, 1976,[START_REF] Lavit | The ACT (STATIS method)[END_REF] 

Similarly to[START_REF] Lin | Multiple kernel learning for dimensionality reduction[END_REF], preserve the local geometry of the data in the feature space.Nathalie Villa-Vialaneix | Learning from (dis)similarity data

Similarly to[START_REF] Lin | Multiple kernel learning for dimensionality reduction[END_REF], preserve the local geometry of the data in the

Nathalie Villa-Vialaneix | Learning from (dis)similarity data 35/35

Note on drawbacks of RSOM Two main drawbacks:

For T ∼ γn iterations, complexity of RSOM is O(γn 3 U) (compared to O(γUdn) for numeric) [START_REF] Rossi | How many dissimilarity/kernel self organizing map variants do we need?[END_REF] Exact solution proposed in [START_REF] Mariette | Accelerating stochastic kernel som[END_REF] RSOM for mining a medieval social network with the heat kernel Individual Transaction q q q q q q q q q q q q q q q q q q q q q q q q q q q q q q q q q q Ratier Ratier (II) Castelnau Multi-kernel/distances integration How to "optimally" combine several relational datasets in an unsupervised setting?

for kernels K 1 , . . . , K M obtained on the same n objects, search: 

.

(C mm is an extension of the RV-coefficient [START_REF] Robert | A unifying tool for linear multivariate statistical methods: the rv-coefficient[END_REF] to the kernel framework)

A kernel preserving the original topology of the data II