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Introduction

"Des données aux modèles"... quel genre de modèle?

Une modélisation continue?

Une modélisation complètement discrète?

Voyons sur un exemple :

Pseudomonas æruginosa
Pathogène nosocomial majeur, en particulier chez les patients atteints de mucoviscidose et dans

les services de réanimation. L’augmentation actuelle de l’incidence des souches multirésistantes

de P. æruginosa (PAMR) et les phénomènes épidémiques locaux qui en résultent sont donc

particulièrement inquiétants.
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Introduction

Objectifs de ce cours

Pour étudier la dynamique d’un système

Comment modéliser?

Introduire le temps dans le modèles : chronologie, chronométrie

 une modélisation hybride
�� ��MAIS ...

Affiner et abstraire : la convergence des approximations

 Des données aux modèles...
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Introduction

Objectifs de ce cours
(suite...)

transmettre quelques techniques plus ou moins classiques...

faire passer quelques idées plus ou moins nouvelles...
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Généralités ...

Généralités — sur la représentation du temps dans les modèles de la dynamique des système

Des propriétés intéressantes sur le fonctionnement du système :
Accessibilité
Points fixes
Attracteurs, bassins d’attraction, . . .
Bifurcations
Cut-sets
. . .
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Généralités ...

Introduire le temps :
Un autre exemple (Metazoan segmentation [P. Francois])
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exponential step (Figure 4B–E) decreasing from a constant
concentration to a concentration that is effectively 0 (i.e.
smaller than relevant binding affinities). This mimics forma-
tion of a signaling gradient upon exit from a growth zone,
similar to what happens in the PSM during somitogenesis.
Therefore, it is not necessary to model growth of the tail bud,
and for computational convenience, we just extend the
(constant) morphogen over all the posterior cells. The number
of boundaries in E is counted after the morphogen front has
run down the row of cells and is close to zero everywhere.

Results

Static gradient: in silico evolution produces
cascades of repressors

To test the relevance of themethod on a simplified example, we
first considered the in silico evolution of segmentation under
the control of a static morphogen gradient. Two typical
examples of simulations are displayed in Figure 3A–C and
D–G with the major stages of their evolutionary pathway.
Both evolutionary pathways begin in the same way: after

few generations, the gene E is put under the control of the
gradedmorphogen, and is transcriptionally activatedwhen the
morphogen G exceeds some level (Figure 3A and D).
A few generations later, the next event createsR1, a repressor

of E, only active in the region where the morphogen is highest.
As a result, this creates a second boundary (E from high to low)
in the region of R1 activity (Figure 3B and E).
The evolutionary processes then fork for the later genera-

tions. In the first case, a second repressor R2 is created, which
represses R1 in regions of yet higher concentration of the
morphogen. This creates a new region of E activity, where R2
lifts R1 repression (Figure 3C), so that E is expressed in two
broad domains.
In the second case, a second repressor R2 is created by

neutral evolution, at an intermediate concentration of the
morphogen G, and is repressed by R1 in regions of higher
concentration of G. Then, R2 represses E, which increases the
fitness by splitting the broad stripe of Figure 3E into two
smaller stripes, delimitated by the regions of high repressor
(Figure 3F). Later in the evolution, mutual repression between
repressors R2 and R1 is selected to sharpen the boundary of one
stripe (Figure 3G and Supplementary Figure S4).
Each stage in this evolutionary process creates new

boundaries by repressing or derepressing E. In the example
of Figure 3C, the evolutionary pathway creates a cascade of
repressors. Cascades were often found by the algorithm, since
cross-regulating repressors create adjacent regions of expres-
sion of E. Such networks, based on a cascade of repressors, are
suggestive of some part of the actual Drosophila gap-gene
regulation network as discussed below.

Dynamic gradient: spontaneous evolution of a
‘clock and wavefront’ mechanism

Since the algorithm succeeded in creating some simple
networks controlling localized expression of genes in a static
gradient, we allowed the gradient to sweep to create a dynamic
morphogenetic profile.

An example of a network with the corresponding evolu-
tionary pathway is displayed in Figure 4.
The first stage in the evolution of the sequential segmenta-

tion simulation (Figure 4) is always activation of E at some
intermediate level GE of the initial gradient and then positive
feedback of E onto itself so that high values are self sustaining
while low values decay to zero. This generates one step after
the morphogen gradient runs over the cells and G equals 0
everywhere (Figure 4B). Bistability is the first functionality to
evolve.
The next event is to create a repressor, R, of E that itself is

induced only for morphogen levels G greater than GE. This can
occur either by placing a pre-existing repressor of E under the
control of G or adding repressor function to some other gene
controlled by G.
Several conditions should be met for R to create a second

boundary of E expression without destroying the first one.
First, to preserve the boundary from low to high E expression:
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Figure 4 Stages in the evolution of sequential segmentation for a morphogen
gradient moving to the right. (A) Evolution of the best network fitness as a
function of the number of generations. (B–D) The letters correspond to the
network topologies and protein profiles in the three subsequent panels following
the conventions in Figure 3. (E) Final profile produced by network of (D) for twice
as long an embryo showing regular spacing of the stripes. See the text for details
and Supplementary Information for other examples.

Metazoan segmentation
P François et al

4 Molecular Systems Biology 2007 & 2007 EMBO and Nature Publishing Group
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exponential step (Figure 4B–E) decreasing from a constant
concentration to a concentration that is effectively 0 (i.e.
smaller than relevant binding affinities). This mimics forma-
tion of a signaling gradient upon exit from a growth zone,
similar to what happens in the PSM during somitogenesis.
Therefore, it is not necessary to model growth of the tail bud,
and for computational convenience, we just extend the
(constant) morphogen over all the posterior cells. The number
of boundaries in E is counted after the morphogen front has
run down the row of cells and is close to zero everywhere.

Results

Static gradient: in silico evolution produces
cascades of repressors

To test the relevance of themethod on a simplified example, we
first considered the in silico evolution of segmentation under
the control of a static morphogen gradient. Two typical
examples of simulations are displayed in Figure 3A–C and
D–G with the major stages of their evolutionary pathway.
Both evolutionary pathways begin in the same way: after

few generations, the gene E is put under the control of the
gradedmorphogen, and is transcriptionally activatedwhen the
morphogen G exceeds some level (Figure 3A and D).
A few generations later, the next event createsR1, a repressor

of E, only active in the region where the morphogen is highest.
As a result, this creates a second boundary (E from high to low)
in the region of R1 activity (Figure 3B and E).
The evolutionary processes then fork for the later genera-

tions. In the first case, a second repressor R2 is created, which
represses R1 in regions of yet higher concentration of the
morphogen. This creates a new region of E activity, where R2
lifts R1 repression (Figure 3C), so that E is expressed in two
broad domains.
In the second case, a second repressor R2 is created by

neutral evolution, at an intermediate concentration of the
morphogen G, and is repressed by R1 in regions of higher
concentration of G. Then, R2 represses E, which increases the
fitness by splitting the broad stripe of Figure 3E into two
smaller stripes, delimitated by the regions of high repressor
(Figure 3F). Later in the evolution, mutual repression between
repressors R2 and R1 is selected to sharpen the boundary of one
stripe (Figure 3G and Supplementary Figure S4).
Each stage in this evolutionary process creates new
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of Figure 3C, the evolutionary pathway creates a cascade of
repressors. Cascades were often found by the algorithm, since
cross-regulating repressors create adjacent regions of expres-
sion of E. Such networks, based on a cascade of repressors, are
suggestive of some part of the actual Drosophila gap-gene
regulation network as discussed below.

Dynamic gradient: spontaneous evolution of a
‘clock and wavefront’ mechanism

Since the algorithm succeeded in creating some simple
networks controlling localized expression of genes in a static
gradient, we allowed the gradient to sweep to create a dynamic
morphogenetic profile.

An example of a network with the corresponding evolu-
tionary pathway is displayed in Figure 4.
The first stage in the evolution of the sequential segmenta-

tion simulation (Figure 4) is always activation of E at some
intermediate level GE of the initial gradient and then positive
feedback of E onto itself so that high values are self sustaining
while low values decay to zero. This generates one step after
the morphogen gradient runs over the cells and G equals 0
everywhere (Figure 4B). Bistability is the first functionality to
evolve.
The next event is to create a repressor, R, of E that itself is

induced only for morphogen levels G greater than GE. This can
occur either by placing a pre-existing repressor of E under the
control of G or adding repressor function to some other gene
controlled by G.
Several conditions should be met for R to create a second

boundary of E expression without destroying the first one.
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Figure 4 Stages in the evolution of sequential segmentation for a morphogen
gradient moving to the right. (A) Evolution of the best network fitness as a
function of the number of generations. (B–D) The letters correspond to the
network topologies and protein profiles in the three subsequent panels following
the conventions in Figure 3. (E) Final profile produced by network of (D) for twice
as long an embryo showing regular spacing of the stripes. See the text for details
and Supplementary Information for other examples.
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exponential step (Figure 4B–E) decreasing from a constant
concentration to a concentration that is effectively 0 (i.e.
smaller than relevant binding affinities). This mimics forma-
tion of a signaling gradient upon exit from a growth zone,
similar to what happens in the PSM during somitogenesis.
Therefore, it is not necessary to model growth of the tail bud,
and for computational convenience, we just extend the
(constant) morphogen over all the posterior cells. The number
of boundaries in E is counted after the morphogen front has
run down the row of cells and is close to zero everywhere.

Results

Static gradient: in silico evolution produces
cascades of repressors

To test the relevance of themethod on a simplified example, we
first considered the in silico evolution of segmentation under
the control of a static morphogen gradient. Two typical
examples of simulations are displayed in Figure 3A–C and
D–G with the major stages of their evolutionary pathway.
Both evolutionary pathways begin in the same way: after

few generations, the gene E is put under the control of the
gradedmorphogen, and is transcriptionally activatedwhen the
morphogen G exceeds some level (Figure 3A and D).
A few generations later, the next event createsR1, a repressor

of E, only active in the region where the morphogen is highest.
As a result, this creates a second boundary (E from high to low)
in the region of R1 activity (Figure 3B and E).
The evolutionary processes then fork for the later genera-

tions. In the first case, a second repressor R2 is created, which
represses R1 in regions of yet higher concentration of the
morphogen. This creates a new region of E activity, where R2
lifts R1 repression (Figure 3C), so that E is expressed in two
broad domains.
In the second case, a second repressor R2 is created by

neutral evolution, at an intermediate concentration of the
morphogen G, and is repressed by R1 in regions of higher
concentration of G. Then, R2 represses E, which increases the
fitness by splitting the broad stripe of Figure 3E into two
smaller stripes, delimitated by the regions of high repressor
(Figure 3F). Later in the evolution, mutual repression between
repressors R2 and R1 is selected to sharpen the boundary of one
stripe (Figure 3G and Supplementary Figure S4).
Each stage in this evolutionary process creates new

boundaries by repressing or derepressing E. In the example
of Figure 3C, the evolutionary pathway creates a cascade of
repressors. Cascades were often found by the algorithm, since
cross-regulating repressors create adjacent regions of expres-
sion of E. Such networks, based on a cascade of repressors, are
suggestive of some part of the actual Drosophila gap-gene
regulation network as discussed below.

Dynamic gradient: spontaneous evolution of a
‘clock and wavefront’ mechanism

Since the algorithm succeeded in creating some simple
networks controlling localized expression of genes in a static
gradient, we allowed the gradient to sweep to create a dynamic
morphogenetic profile.

An example of a network with the corresponding evolu-
tionary pathway is displayed in Figure 4.
The first stage in the evolution of the sequential segmenta-

tion simulation (Figure 4) is always activation of E at some
intermediate level GE of the initial gradient and then positive
feedback of E onto itself so that high values are self sustaining
while low values decay to zero. This generates one step after
the morphogen gradient runs over the cells and G equals 0
everywhere (Figure 4B). Bistability is the first functionality to
evolve.
The next event is to create a repressor, R, of E that itself is

induced only for morphogen levels G greater than GE. This can
occur either by placing a pre-existing repressor of E under the
control of G or adding repressor function to some other gene
controlled by G.
Several conditions should be met for R to create a second

boundary of E expression without destroying the first one.
First, to preserve the boundary from low to high E expression:
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Figure 4 Stages in the evolution of sequential segmentation for a morphogen
gradient moving to the right. (A) Evolution of the best network fitness as a
function of the number of generations. (B–D) The letters correspond to the
network topologies and protein profiles in the three subsequent panels following
the conventions in Figure 3. (E) Final profile produced by network of (D) for twice
as long an embryo showing regular spacing of the stripes. See the text for details
and Supplementary Information for other examples.
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exponential step (Figure 4B–E) decreasing from a constant
concentration to a concentration that is effectively 0 (i.e.
smaller than relevant binding affinities). This mimics forma-
tion of a signaling gradient upon exit from a growth zone,
similar to what happens in the PSM during somitogenesis.
Therefore, it is not necessary to model growth of the tail bud,
and for computational convenience, we just extend the
(constant) morphogen over all the posterior cells. The number
of boundaries in E is counted after the morphogen front has
run down the row of cells and is close to zero everywhere.

Results

Static gradient: in silico evolution produces
cascades of repressors

To test the relevance of themethod on a simplified example, we
first considered the in silico evolution of segmentation under
the control of a static morphogen gradient. Two typical
examples of simulations are displayed in Figure 3A–C and
D–G with the major stages of their evolutionary pathway.
Both evolutionary pathways begin in the same way: after

few generations, the gene E is put under the control of the
gradedmorphogen, and is transcriptionally activatedwhen the
morphogen G exceeds some level (Figure 3A and D).
A few generations later, the next event createsR1, a repressor

of E, only active in the region where the morphogen is highest.
As a result, this creates a second boundary (E from high to low)
in the region of R1 activity (Figure 3B and E).
The evolutionary processes then fork for the later genera-

tions. In the first case, a second repressor R2 is created, which
represses R1 in regions of yet higher concentration of the
morphogen. This creates a new region of E activity, where R2
lifts R1 repression (Figure 3C), so that E is expressed in two
broad domains.
In the second case, a second repressor R2 is created by

neutral evolution, at an intermediate concentration of the
morphogen G, and is repressed by R1 in regions of higher
concentration of G. Then, R2 represses E, which increases the
fitness by splitting the broad stripe of Figure 3E into two
smaller stripes, delimitated by the regions of high repressor
(Figure 3F). Later in the evolution, mutual repression between
repressors R2 and R1 is selected to sharpen the boundary of one
stripe (Figure 3G and Supplementary Figure S4).
Each stage in this evolutionary process creates new

boundaries by repressing or derepressing E. In the example
of Figure 3C, the evolutionary pathway creates a cascade of
repressors. Cascades were often found by the algorithm, since
cross-regulating repressors create adjacent regions of expres-
sion of E. Such networks, based on a cascade of repressors, are
suggestive of some part of the actual Drosophila gap-gene
regulation network as discussed below.

Dynamic gradient: spontaneous evolution of a
‘clock and wavefront’ mechanism

Since the algorithm succeeded in creating some simple
networks controlling localized expression of genes in a static
gradient, we allowed the gradient to sweep to create a dynamic
morphogenetic profile.

An example of a network with the corresponding evolu-
tionary pathway is displayed in Figure 4.
The first stage in the evolution of the sequential segmenta-

tion simulation (Figure 4) is always activation of E at some
intermediate level GE of the initial gradient and then positive
feedback of E onto itself so that high values are self sustaining
while low values decay to zero. This generates one step after
the morphogen gradient runs over the cells and G equals 0
everywhere (Figure 4B). Bistability is the first functionality to
evolve.
The next event is to create a repressor, R, of E that itself is

induced only for morphogen levels G greater than GE. This can
occur either by placing a pre-existing repressor of E under the
control of G or adding repressor function to some other gene
controlled by G.
Several conditions should be met for R to create a second

boundary of E expression without destroying the first one.
First, to preserve the boundary from low to high E expression:
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Figure 4 Stages in the evolution of sequential segmentation for a morphogen
gradient moving to the right. (A) Evolution of the best network fitness as a
function of the number of generations. (B–D) The letters correspond to the
network topologies and protein profiles in the three subsequent panels following
the conventions in Figure 3. (E) Final profile produced by network of (D) for twice
as long an embryo showing regular spacing of the stripes. See the text for details
and Supplementary Information for other examples.
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exponential step (Figure 4B–E) decreasing from a constant
concentration to a concentration that is effectively 0 (i.e.
smaller than relevant binding affinities). This mimics forma-
tion of a signaling gradient upon exit from a growth zone,
similar to what happens in the PSM during somitogenesis.
Therefore, it is not necessary to model growth of the tail bud,
and for computational convenience, we just extend the
(constant) morphogen over all the posterior cells. The number
of boundaries in E is counted after the morphogen front has
run down the row of cells and is close to zero everywhere.

Results

Static gradient: in silico evolution produces
cascades of repressors

To test the relevance of themethod on a simplified example, we
first considered the in silico evolution of segmentation under
the control of a static morphogen gradient. Two typical
examples of simulations are displayed in Figure 3A–C and
D–G with the major stages of their evolutionary pathway.
Both evolutionary pathways begin in the same way: after

few generations, the gene E is put under the control of the
gradedmorphogen, and is transcriptionally activatedwhen the
morphogen G exceeds some level (Figure 3A and D).
A few generations later, the next event createsR1, a repressor

of E, only active in the region where the morphogen is highest.
As a result, this creates a second boundary (E from high to low)
in the region of R1 activity (Figure 3B and E).
The evolutionary processes then fork for the later genera-

tions. In the first case, a second repressor R2 is created, which
represses R1 in regions of yet higher concentration of the
morphogen. This creates a new region of E activity, where R2
lifts R1 repression (Figure 3C), so that E is expressed in two
broad domains.
In the second case, a second repressor R2 is created by

neutral evolution, at an intermediate concentration of the
morphogen G, and is repressed by R1 in regions of higher
concentration of G. Then, R2 represses E, which increases the
fitness by splitting the broad stripe of Figure 3E into two
smaller stripes, delimitated by the regions of high repressor
(Figure 3F). Later in the evolution, mutual repression between
repressors R2 and R1 is selected to sharpen the boundary of one
stripe (Figure 3G and Supplementary Figure S4).
Each stage in this evolutionary process creates new

boundaries by repressing or derepressing E. In the example
of Figure 3C, the evolutionary pathway creates a cascade of
repressors. Cascades were often found by the algorithm, since
cross-regulating repressors create adjacent regions of expres-
sion of E. Such networks, based on a cascade of repressors, are
suggestive of some part of the actual Drosophila gap-gene
regulation network as discussed below.

Dynamic gradient: spontaneous evolution of a
‘clock and wavefront’ mechanism

Since the algorithm succeeded in creating some simple
networks controlling localized expression of genes in a static
gradient, we allowed the gradient to sweep to create a dynamic
morphogenetic profile.

An example of a network with the corresponding evolu-
tionary pathway is displayed in Figure 4.
The first stage in the evolution of the sequential segmenta-

tion simulation (Figure 4) is always activation of E at some
intermediate level GE of the initial gradient and then positive
feedback of E onto itself so that high values are self sustaining
while low values decay to zero. This generates one step after
the morphogen gradient runs over the cells and G equals 0
everywhere (Figure 4B). Bistability is the first functionality to
evolve.
The next event is to create a repressor, R, of E that itself is

induced only for morphogen levels G greater than GE. This can
occur either by placing a pre-existing repressor of E under the
control of G or adding repressor function to some other gene
controlled by G.
Several conditions should be met for R to create a second

boundary of E expression without destroying the first one.
First, to preserve the boundary from low to high E expression:
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gradient moving to the right. (A) Evolution of the best network fitness as a
function of the number of generations. (B–D) The letters correspond to the
network topologies and protein profiles in the three subsequent panels following
the conventions in Figure 3. (E) Final profile produced by network of (D) for twice
as long an embryo showing regular spacing of the stripes. See the text for details
and Supplementary Information for other examples.
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exponential step (Figure 4B–E) decreasing from a constant
concentration to a concentration that is effectively 0 (i.e.
smaller than relevant binding affinities). This mimics forma-
tion of a signaling gradient upon exit from a growth zone,
similar to what happens in the PSM during somitogenesis.
Therefore, it is not necessary to model growth of the tail bud,
and for computational convenience, we just extend the
(constant) morphogen over all the posterior cells. The number
of boundaries in E is counted after the morphogen front has
run down the row of cells and is close to zero everywhere.

Results

Static gradient: in silico evolution produces
cascades of repressors

To test the relevance of themethod on a simplified example, we
first considered the in silico evolution of segmentation under
the control of a static morphogen gradient. Two typical
examples of simulations are displayed in Figure 3A–C and
D–G with the major stages of their evolutionary pathway.
Both evolutionary pathways begin in the same way: after

few generations, the gene E is put under the control of the
gradedmorphogen, and is transcriptionally activatedwhen the
morphogen G exceeds some level (Figure 3A and D).
A few generations later, the next event createsR1, a repressor

of E, only active in the region where the morphogen is highest.
As a result, this creates a second boundary (E from high to low)
in the region of R1 activity (Figure 3B and E).
The evolutionary processes then fork for the later genera-

tions. In the first case, a second repressor R2 is created, which
represses R1 in regions of yet higher concentration of the
morphogen. This creates a new region of E activity, where R2
lifts R1 repression (Figure 3C), so that E is expressed in two
broad domains.
In the second case, a second repressor R2 is created by

neutral evolution, at an intermediate concentration of the
morphogen G, and is repressed by R1 in regions of higher
concentration of G. Then, R2 represses E, which increases the
fitness by splitting the broad stripe of Figure 3E into two
smaller stripes, delimitated by the regions of high repressor
(Figure 3F). Later in the evolution, mutual repression between
repressors R2 and R1 is selected to sharpen the boundary of one
stripe (Figure 3G and Supplementary Figure S4).
Each stage in this evolutionary process creates new

boundaries by repressing or derepressing E. In the example
of Figure 3C, the evolutionary pathway creates a cascade of
repressors. Cascades were often found by the algorithm, since
cross-regulating repressors create adjacent regions of expres-
sion of E. Such networks, based on a cascade of repressors, are
suggestive of some part of the actual Drosophila gap-gene
regulation network as discussed below.

Dynamic gradient: spontaneous evolution of a
‘clock and wavefront’ mechanism

Since the algorithm succeeded in creating some simple
networks controlling localized expression of genes in a static
gradient, we allowed the gradient to sweep to create a dynamic
morphogenetic profile.

An example of a network with the corresponding evolu-
tionary pathway is displayed in Figure 4.
The first stage in the evolution of the sequential segmenta-

tion simulation (Figure 4) is always activation of E at some
intermediate level GE of the initial gradient and then positive
feedback of E onto itself so that high values are self sustaining
while low values decay to zero. This generates one step after
the morphogen gradient runs over the cells and G equals 0
everywhere (Figure 4B). Bistability is the first functionality to
evolve.
The next event is to create a repressor, R, of E that itself is

induced only for morphogen levels G greater than GE. This can
occur either by placing a pre-existing repressor of E under the
control of G or adding repressor function to some other gene
controlled by G.
Several conditions should be met for R to create a second

boundary of E expression without destroying the first one.
First, to preserve the boundary from low to high E expression:
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Figure 4 Stages in the evolution of sequential segmentation for a morphogen
gradient moving to the right. (A) Evolution of the best network fitness as a
function of the number of generations. (B–D) The letters correspond to the
network topologies and protein profiles in the three subsequent panels following
the conventions in Figure 3. (E) Final profile produced by network of (D) for twice
as long an embryo showing regular spacing of the stripes. See the text for details
and Supplementary Information for other examples.
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Généralités ...

Introduire le temps (suite)

Différents comportements (suivant les durées) :

a⇐ f ∧ ¬c et c ⇐ f

a

c

f

a

c

f
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Généralités (H) Modélisation hybride

(H) Modélisation hybride

Prise en compte du temps : les délais pour les changements de niveau
qui ne sont plus considérés comme instantanés

Figure 1 : Une sigmoïde (a), sa caricature logique (b) et sa
caricature linéaire par morceaux (c)

(a) (b) (c)
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Généralités (H) Modélisation hybride

Les valeurs relatives de délais et retards permettent
de discriminer les comportements

Figure 2 : Exemple de la bactérie Escherichia coli
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[Ropers et al.]
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Généralités (H) Modélisation hybride

Pour introduire le temps :
Deux approches... + une

pour la dualité continu / discret

I. Automates temporisés :
Une approche états-transitions introduisant des "horloges"
 model-checking temporisés.

I. Automates hybrides :
Une approche états-transitions prenant en compte les évolutions
temporelles de variables progressant avec différentes vitesses
 model-checking hybride.

I. L’approche des célérités ...
[J. Behaegel, J.-P. Comet, G. Bernot, E. Cornillon, F. Delaunay : "A HYBRID Model of Cell Cycle in Mammals", CSBIO 2015]
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Généralités (H) Modélisation hybride

...
et je ne parlerai pas non plus d’une autre approche : les Réseaux de Petri hybrides...

e.g.
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»»» PREMIERE PARTIE : Des modèles hybrides «««
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Model-checking temporisé

Related works
Automates temporisés
I. [M. Adélaïde and G. Sutre]. "Parametric Analysis and Abstraction of Genetic

Regulatory Networks". In Concurrent Models in Molecular Biology
(BioCONCUR’04), London, UK, Aug. 2004, Electronic Notes in Theor. Comp.
Sci., Elsevier, 2004

I. [H. Sieber and A. Bockmayr]∗. "Incorporating Time Delays into the Logical
Analysis of Gene Regulatory Networks". In Computational Methods in
Systems Biology, (CMSB 2006)

I. [O. Maler, G. Batt]. "Approximating Continuous Systems by Timed
Automata", In Formal Methods in Systems Biology, 2008

I. [A. David, K. Larsen, A. Legay, M. Mikucionis, D. Poulsen, et al.]. "Runtime
Verification of Biological Systems". In Leveraging Applications of Formal
Methods, Verification and Validation. Technologies for Mastering Change",
2012. LNCS 7609, pp.388-404

I. [S. Schivo, J. Scholma, B. Wanders, R. Urquidi Camacho, P. Van der Pol]
[Vet, M. Karperien, R. Langerak, J. Van de Pol, J. Post]. "Modeling biological
pathway dynamics with timed automata" In IEEE journal of biomedical and
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I. [R. Langerak, J. van de Pol, J. N. Post, and S. Schivo]. "Improving the Timed
Automata Approach to Biological Pathway Dynamics" In Models, Algorithms,
Logics and Tools. (LNCS, vol. 10460) pp. 96-111, 2017
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Model-checking temporisé Automates temporisés

Commençons par un exemple [une lampe à double allumage]

[D’après les supports du cours de Gérard Berry au Collège de France ]
"mes transparents sont mis à disposition et ils sont faits pour être volés"
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Commençons par un exemple [une lampe à double allumage]
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Model-checking temporisé Automates temporisés�� ��Définition : Automate temporisé voir la définition des automates hybrides

.

Transitions dans un automate temporisé :
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Model-checking temporisé Automates temporisés

Transitions et comportement temporel
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Model-checking temporisé Automates temporisés

Exemples de comportements temporels
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Model-checking temporisé Automates temporisés

Les automates temporisés : Un espace d’états infini ?
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Model-checking temporisé Automates temporisés

Les automates temporisés : Un espace d’états infini ?

Non,
car il existe des classes d’équivalence de beaucoup de ces états
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Model-checking temporisé Automates temporisés

Méthode pour la vérification (suite)

Décidabilité et complexité
Pour un automate donné, on n’a qu’un nombre fini de régions

Mais le nombre de régions est exponentiel dans le nombre d’horloges :
[Alur & Dill] pour n horloges x , borne sup = n!× 2n × Πx (2.cx + 2) a

a. où cx est la valeur maximale de contrainte de l’horloge x
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Model-checking temporisé Automates temporisés

Les automates temporisés : partitionnement fini de
l’espace des états en régions (classes d’équivalence)

Définition : R ≡ R′ ssi R et R′ satisfont exactement les mêmes condi-
tions de la forme xi ≤ n et xi − xj ≤ n où n ≤ max .
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Model-checking temporisé Introduction au logiciel UPPAAL

La logique temporelle de UPPAAL = CTL+
− ≡ TCTL−
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Model-checking temporisé Introduction au logiciel UPPAAL

Introduction au logiciel UPPAAL — CTL et TCTL

18 

35 

UPPAAL specification language 

36 

TCTL Quantifiers in UPPAAL 

•  E     - exists a path ( “E” in UPPAAL). 

•  A     - for all paths ( “A” in UPPAAL). 

•  G     - all states in a path ( “[]” in UPPAAL). 

•  F     - some state in a path ( “<>” in UPPAAL). 

You may write the following queries in UPPAAL:  

•   A[]p,  A<>p,  E<>p,  E[]p  and  p --> q 

AG p 

AF p EF p 
EG p 

p and q are ”local properties” 

Figure 3 :
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Model-checking temporisé Application en biologie

Model-checking temporisé

Retour sur la modélisation de Pseudomonas æruginosa...
avec les automates temporisés

I. quand y est au niveau 1, sous l’influence de x ≥ 1, il va décroître en moins de
dn1 unités de temps,

I. ...
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Model-checking temporisé Application en biologie

Model-checking temporisé
La représentation sous UPPAAL des comportements chez Pseudomonas æruginosa

Modélisation du gène y (2 états (0 et 1))
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Model-checking temporisé Application en biologie

Model-checking temporisé
La représentation sous UPPAAL des comportements chez Pseudomonas æruginosa

Modélisation du gène x (3 états)
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Model-checking temporisé Application en biologie

Model-checking temporisé
La représentation sous UPPAAL des comportements chez Pseudomonas æruginosa

Simulation du système synchronisant les deux gènes
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Model-checking temporisé Application en biologie

Model-checking temporisé
La représentation sous UPPAAL des comportements chez Pseudomonas æruginosa

Vérification de la propriété d’accessibilité de l’état pathogène en
fonction des valeurs différentes de délais

Quelle propriété ?

Quelles variables sont-elles déterminantes?

Quelles valeurs de ces variables pourront faire la différence?
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Quelles valeurs de ces variables pourront faire la différence?
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Model-checking temporisé
La représentation sous UPPAAL des comportements chez Pseudomonas æruginosa

Vérification de la propriété d’accessibilité de l’état pathogène en
fonction des valeurs différentes de délais dpx1 et dpy0

Figure 4 : dpy0 = 3 et { dpx1 = 7 ou dpx1 = 2}
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Les outils pratiques pour la vérification des automates
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I. ANIMO :
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Model-checking temporisé Application en biologie

Mais les automates temporisés ne permettent pas de bien prendre en
compte :

I. ni les différences de vitesses d’évolutions,
I. ni les suspensions des activités (avec reprises ultérieures),
I. ni les cumuls de ces évolutions successives.
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Model-checking hybride Modélisation par automates hybrides :

Modélisation par automates hybrides :
des horloges pour mesurer les délais de franchissement de seuil

Figure 5 : modélisation des délais par des “horloges”

−

discrete value of x

actual value of x

value of hx

hx = dx

discrete value of x

value of hx

actual value of x

hx = 0

hx = 0

hx = dx
+

Olivier Roux Des données aux modèles hybrides 34 / 81 (76/191)

http://www.ec-nantes.fr/


Model-checking hybride Modélisation par automates hybrides :

Related works (suite)
Automates hybrides :
I. [L. Bortolussi and A. Policriti]∗. "Hybrid Systems and Biology. Continuous and

Discrete Modeling for Systems Biology". In Formal Methods For
Computational System Biology (FMCSB), LNCS 5016, 2006. [BP06]

I. [P. Lincoln and A. Tiwari]. "Symbolic systems biology : Hybrid modeling and
analysis of biological networks". In Hybrid Systems : Computation and
Control (HSCC’04), LNCS 2993, 2004. [LT04]

I. [G. Batt, C. Belta and R. Weiss]. "Model checking liveness properties of
genetic regulatory networks". In Tools and algorithms for the construction and
analysis of systems (TACAS’07), LNCS, 2007. [BBW07b]

I. [G. Batt, C. Belta and R. Weiss]. "Model checking genetic regulatory
networks with parameter uncertainty". In Hybrid systems (HSCC’07), LNCS,
2007. [BBW07a]

I. [A. Aswani and C. Tomlin]. "Reachability algorithm for biological
piecewise-affine hybrid systems". In Hybrid systems (HSCC’07), LNCS,
2007. [AT07]

I. [ J. Ahmad, G. Bernot, J.-P. Comet, D. Lime and O. Roux]. "Hybrid modelling
and dynamical analysis of gene regulatory networks with delays".
ComPlexUs, 3(4) :231-251, 2006 (Cover Date : Nov. 2007)
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Model-checking hybride Modélisation par automates hybrides :
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Figure 6 :
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Model-checking hybride Modélisation par automates hybrides :

y =
Yp

Y0
> θ ∧ ω� = +1 ∧ Y �

P = YP ∧ Y �
0 = Y0 ∧

B�
P = BP ∧ B�

0 = B0 ∧ Z � = Z ∧ P � = P

y =
Yp

Y0
< θ ∧ ω� = −1 ∧ Y �

P = YP ∧ Y �
0 = Y0 ∧

B�
P = BP ∧ B�

0 = B0 ∧ Z � = Z ∧ P � = P

ω = −1

ẎP = kyP (Y0 − YP )− k−yZYP

ḂP = kbP (B0 −BP )− k−bBP

P = LT2p + LT3p + LT4p+

T2p + T3p + T4p

ω = +1

ẎP = kyP (Y0 − YP )− k−yZYP

ḂP = kbP (B0 −BP )− k−bBP

P = LT2p + LT3p + LT4p+

T2p + T3p + T4p

RUN [CCW] TUMBLE [CW]
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Model-checking hybride Modélisation par automates hybrides :

Automates hybrides (suite)

Une première forme de la définition
Un ensemble fini de localités l
Un ensemble fini de variables v dans IR
Un ensemble fini d’états initiaux (couples (l , v))
Un ensemble fini de transitions
Une fonction de flux, qui associe à chaque localité un prédicat sur v̇
Une fonction d’invariant, qui associe à chaque localité un prédicat sur
v
Une fonction de condition de saut, qui associe à chaque localité un
prédicat sur v
Une condition d’initialisation, qui associe à l’état initial un prédicat
Un ensemble fini d’étiquettes de synchronisation
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Model-checking hybride Modélisation par automates hybrides :

Automates hybrides linéaires [Hen96]

Les idées clefs
Les fonctions d’invariants, de flux et de saut sont des
combinaisons booléennes d’égalités linéaires.
À chaque localité est associé un ensemble d’équations
différentielles ordinaires

∑
ẋ ≤ k , où k ∈ IR, définissant

l’évolution des variables.

Figure extraite de : [Hen96]

Olivier Roux Des données aux modèles hybrides 39 / 81 (81/191)

http://www.ec-nantes.fr/


Model-checking hybride Modélisation par automates hybrides :

Introduction aux automates hybrides par un exemple en biologie :
évolution du niveau d’expression d’un gène qui subit deux influences opposées

inhibition toutes les 3 unités de temps jusqu’à ce qu’il atteigne le niveau basal
puis activation
localité 1 (en croissance) : à la vitesse 1
localité 2 (en décroissance) : à la vitesse 2

deux variables : x1 : le temps ; et x2 : le niveau d’expression

Automate hybride représentant le niveau d’expression du gène
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Model-checking hybride Modélisation par automates hybrides :

Activation
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Model-checking hybride Modélisation par automates hybrides :

Inhibition
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Model-checking hybride Modélisation par automates hybrides :�� ��Définition [ACH+95] : Rappel de la définition des automates temporisés

Automate hybride H : 7-uplet (Loc,Var ,T ,E ,Act , Inv ,Lo) où :
1 Loc : ensemble fini de localités,
2 Var : ensemble fini de variables réelles,
3 E : ensemble fini d’étiquettes,
4 T : ensemble fini de transitions discrètes (l ′, γ, e, α, l) ∈ T ,
5 Act : fonction associant à chaque localité l ∈ Loc un ensemble

d’activités Act(l)
6 Inv : fonction associant à chaque localité l ∈ Loc un invariant Inv(l).
7 Lo ⊂ Loc : ensemble des localités initiales,

I. Valuation v : v : Var → IR
x 7→ v(x)

V : ensemble des valuations
I. Région symbolique : domaine regroupant un ensemble de points, valua-

tions de toutes les variables.
I. Exécution : suite alternante de transitions continues et discrètes.
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Model-checking hybride Modélisation par automates hybrides :

Modélisation par automates hybrides : (suite)�� ��Semi-algorithmes d’accessibilité :

Problème d’accessibilité : déterminer si un domaine final F est
accessible à partir d’un domaine initial I.
Deux façons :

Considérer le domaine succ∗ des états qui peuvent être atteints à
partir du domaine initial I,
et vérifier si succ∗ ∩ F 6= ∅
(résolution « en avant »)
Considérer le domaine prec∗ des états à partir desquels les états
de F peuvent être atteints,
et vérifier si prec∗ ∩ I 6= ∅
(résolution « en arrière »).
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Model-checking hybride Modélisation par automates hybrides :

Modélisation par automates hybrides : (suite)

Semi-algorithme d’accessibilité « en avant »
Domaine succ∗ : union des domaines

⋃
k≥0 succk , succk définis

itérativement par :
succ0 =

⋃
l∈Loc(l, (I(l)↗ Act(l)) ∩ Inv(l)),

succi+1 =
⋃

l∈Loc(l,
⋃

(l′,γ,α,l)∈Tra((α(succi (l ′) ∩ γ)↗ Act(l)) ∩ Inv(l))).
succn =

⋃
k=0..n succk .

Semi-algorithme d’accessibilité « en arrière »
Domaine prec∗ : union des domaines

⋃
k≥0 preck , preck définis

itérativement par :
prec0 =

⋃
l∈Loc(l, (F (l)↙ Act(l)) ∩ Inv(l)),

preci+1 =
⋃

l∈Loc(l,
⋃

(l,γ,α,l′)∈Tra(((α−1(preci (l ′)) ∩ γ)↙ Act(l)) ∩ Inv(l))).
precn =

⋃
k=0..n preck .
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Model-checking hybride Modélisation par automates hybrides :

Modélisation par automates hybrides : (suite)

Terminaison des algorithmes :

soit lorsque succn+1 = succn ou precn+1 = precn (point fixe),
soit lorsque succn ∩ F 6= ∅ ou precn ∩ I 6= ∅
(réponse au problème : « oui, le domaine final F peut être atteint »).

 Cependant, rien ne permet d’affirmer que l’une au moins de ces
conditions sera vérifiée à une itération k : problème indécidable .

 c’est l’inconvénient des automates hybrides...
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Model-checking hybride Modélisation par automates hybrides :

Modélisation par automates hybrides : (suite)�� ��Retour sur l’exemple : recherche de trajectoire
I = x1 = x2 ∧ 1 ≤ x1 ≤ 3
F = x1 = x2 + 1 ∧ 1 ≤ x1 ≤ 3 en avant

1

1

1

-2

1

2 31

2

3

F

I

Extension 2

Ex
te

nsio
n 1

Ex
te

nsio
n 1

Extension 2

Intersection 1

Transformation

Transformation

Transformation

In
te

rse
c

tio
n

 1

Intersection 2

Vecteur d’extension 1

Vecteur d’extension 2

x1 = 3

Intersection 2

x2 = 0

Transformation

x1 := 0

(calcul de l’image)

Ex
te
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n 1

Figure 7 : F n’est pas accessible?
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Model-checking hybride Modélisation par automates hybrides :

Modélisation par automates hybrides : (suite)
I = x1 = x2 ∧ 1 ≤ x1 ≤ 3
F = x1 = x2 + 1 ∧ 1 ≤ x1 ≤ 3 en arrière
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Figure 8 : F n’est pas accessible !
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Model-checking hybride Modélisation par automates hybrides :

Modélisation par automates hybrides : (suite)�� ��Récapitulation
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Figure 9 : F n’est pas accessible
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Model-checking hybride Modélisation par automates hybrides :

Modélisation par automates hybrides : (suite et récapitulation)

Figure 10 : Activation et inhibition d’un gène

Région initiale : I = (activ , x1 = x2 ∧ x1 ≤ 3 ∧ x2 ≥ 0)
Région finale : F = (inhib, 1 ≤ x1 ≤ 3 ∧ x1 = x2 + 1)

en arrière :
prec∗ = (activé,1 ≤ x1 ≤ 3 ∧ x1 = x2 + 1) ∨ (inhibé, x1 + 2x2 = 2)
et prec∗ ∩ I = ∅
en avant :
succ2i = (activé, x1 = x2 + 1 + (−1)i+1

2i ∧ x1 ≤ 3) ∨ (inhibé, ∅)

succ2i+1 = (activé, ∅) ∨ (inhibé,2x1 + x2 = 2 + (−1)i

2i ∧ x2 ≥ 0)
→ non convergence
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Model-checking hybride Modélisation par automates hybrides :

Application de la modélisation hybride pour obtenir des résultats sur
l’évolution dans Pseudomonas. [BMC Syst Biol. 2010 ; 4 : 79]
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Model-checking hybride Modélisation par automates hybrides :

Les outils pratiques pour la vérification des automates
temporisés ou des automates hybrides (2)

I. HYTECH :
�� ��https://ptolemy.berkeley.edu/projects/embedded/research/hytech

I. SPACEEX :
�� ��http://www.spaceex.imag.fr/
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Abstraction et raffinement

Abstractions pour l’analyse d’accessibilité (par exemple)

Vérification d’une propriété d’accessibilité R (pour Reach) :

R ≡ « Depuis un état s0, est-il possible d’atteindre un état sn donné? »

Approximations : P et Q, construits de sorte que P ⇒ R ⇒ Q

Exact solutionExact solution
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Abstraction et raffinement

�� ��Abstractions

I. Calcul de zones englobantes (polygones englobants, enveloppe convexe, . . . )

... sur-approximation des états accessibles

... par exemple dans SPACEEX :
I. Maintien de la chronologie et abstraction de la chronométrie

... ce qui se fait couramment

I. Abstraction de la chronologie et raffinement par la chronométrie
... une démarche originale qui peut éviter de construire le graphe complet...  réseaux

d’automates asynchrones ((PINT)

I. . . .
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Apprentissage des modèles Apprentissage des influences avec retard

Apprentissage des modèles
Diagnostic (diagnosis)

I. Du grec ancien dia ("à travers") et gnostique

I. A travers la connaissance

I. ce qu’on comprend souvent par "apprentis-
sage automatique" : reconnaître ce qui est

I. Applications à la reconnaissance d’image

Pronostic (prognosis)

I. Du grec ancien pro et gnostique

I. Qui précède la connaissance, qui est produit
avant.

I. ce que nous faisons en "apprentissage
automatique" : connaître ce qui sera

I. Applications à la compréhension du fonction-
nement
 anticipation des fonctionnements à venir

Les particularités que ceci induit (selon la modélisation du temps) :
discrétisation (du temps et des valeurs)
Synchronisme, asynchronisme, et indéterminisme
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Interprétation des données de séries temporelles

« S’il pleut à la Saint-Médard,
Il pleut quarante jours plus tard... »
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Interprétation des données de séries temporelles

« S’il pleut à la Saint-Médard,
Il pleut quarante jours plus tard... »

« à moins que Saint-Barnabé ne lui
coupe l’herbe sous le pied. »

T := St_Medard + 40

pluie(T ) :- pluie(T − 40)
¬pluie(T ) :- soleil(T − 37)
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Apprentissage des modèles Apprentissage des influences avec retard

Modeling gene interactions

Goal : understand biological dynamics, i.e. gene interactions.

Data : time series
discrete/regular time steps
continuous values

Model : Boolean network
discrete/regular time steps
discrete values

G1

G2 G4

G6

G7

G3

G8

G9
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�� ��https://www.frontiersin.org/articles/10.3389/fbioe.2014.00081/full

Learning delayed influences of biological systems

L’apprentissage des influences « retardées »
dans les systèmes biologiques
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Apprentissage des modèles Apprentissage des influences avec retard

Learning Dynamics of Systems from State Transitions

State Transitions Model
of the Dynamics

Learning
Algorithm

Our Contribution

Time Series Data
Abstraction

Prediction

Query
Answering

Decision
Making

Planning

...

Challenges
From time series data, get a relevant /efficient abstraction of the
system.

Goal
Automated modeling of systems dynamics from these data.
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Apprentissage des modèles LFIT Framework

Learning From Interpretation Transitions (LFIT) (Inoue et al. 2014)

A framework for learning system dynamics from state transitions.
Basic Idea :

Learn a logic program by observing the behavior of a system.
This logic program captures the dynamics of the system.

pqr pq p ε r

qr pr q

– Input : Behavior of the system –

p

q r

– Output : Dynamics of the system

p(t+1)← q(t).
q(t+1)← p(t) ∧ r(t).

r(t+1)← ¬p(t).

– Representation : Logic Progam

Olivier Roux Des données aux modèles hybrides 63 / 81 (129/191)

http://www.ec-nantes.fr/


Apprentissage des modèles LFIT Framework

Learning From Interpretation Transitions (LFIT) (Inoue et al. 2014)

A framework for learning system dynamics from state transitions.
Basic Idea :

Learn a logic program by observing the behavior of a system.
This logic program captures the dynamics of the system.

pqr pq p ε r

qr pr q

– What happens –

p

q r

– When does it happen

p(t+1)← q(t).
q(t+1)← p(t) ∧ r(t).

r(t+1)← ¬p(t).

– Representation : Logic Progam
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Apprentissage des modèles LFIT Framework

LFIT Algorithms

Three algorithms for three types of dynamics.

LF1T

Non-deterministic Systems

Memory-less
Systems

Markov(k) SystemsLFkT

LUST
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Apprentissage des modèles LF1T : core algorithm

Learning from 1-step transition (LF1T) (Inoue et al. MLJ 2013)

Input :
The variables of the systems (pqr)
A set E of state transitions (trace of executions)

Output :
A set of rules P which represents the dynamics of the system

State Transitions

pqr pq p ε r

qr pr q

LF1T Input

E = { (pqr , pq), (pq, p), (p, ∅), (∅, r), (r , r),
(qr , pr) (pr , q) (q, pr) }
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Apprentissage des modèles LF1T : core algorithm

Learning from 1 step transition (Inoue et al. MLJ 2013)

Let (I, J) ∈ E , for each A ∈ J we can infer a positive rule RI
A :

RI
A := (A←

∧
Bi∈I

Bi ∧
∧

Cj∈β\I

¬Cj )

Exemple
From the state transition (pqr, pq) we can infer 2 rules :

p ← p ∧ q ∧ r .
q ← p ∧ q ∧ r .
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Let (I, J) ∈ E , for each A ∈ J we can infer a positive rule RI
A :

RI
A := (A←

∧
Bi∈I

Bi ∧
∧

Cj∈β\I

¬Cj )

Exemple
From the next transition (pq, p) we can infer 1 logic rule :

p ← p ∧ q ∧ ¬r .
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Apprentissage des modèles LF1T : core algorithm

Generalization Techniques

Generalize knowledge to learn the real relationship.

p ← p ∧ q ∧ r .
p ← p ∧ q ∧ ¬r .

p ← p ∧ q.
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Apprentissage des modèles LF1T : core algorithm

Running Example

Input State Transitions

pqr pq p ε r

qr pr q

Learned Rules :
∅

Knowledge Base :
∅
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Apprentissage des modèles LF1T : core algorithm

Running Example

Input State Transitions

pqr pq p ε r

qr pr q

Learned Rules :
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Knowledge Base :
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q ← p ∧ ¬q ∧ r .

Knowledge Base :
p ← p ∧ q.
q ← p ∧ r .
r ← ¬p ∧ ¬q.
p ← q ∧ r .
r ← ¬p ∧ r .
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Apprentissage des modèles LF1T : core algorithm

LF1T with specialization

To guarantee to find minimal rules, LF1T starts with an initial program

PB0 = {p.|p ∈ B}

LF1T learns a program P by analyzing each transition (I, J) ∈ E . For each variable A
that does not appear in J, LF1T infers an anti-rule

RI
A := A←

∧
Bi∈I

Bi ∧
∧

Cj∈(B\I)

¬Cj

Exemple
From the state transition (bc, ac) we can learn 1 anti-rule : b ← ¬a ∧ b ∧ c.

If that rule is subsumed by P then P is not consistent with E .
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Apprentissage des modèles Extensions

LFIT Algorithms

Three algorithms to capture three type of dynamics.

LF1T

Non-deterministic Systems

Memory-less
Systems

Markov(k) SystemsLFkT

LUST
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Apprentissage des modèles Extensions

Learning Dynamics of Biological Systems

Time Series

Genes Expressions

State Transitions

Discretization

Model

G1=1 si G2=1
G1=0 si G3=0
G2=1 si G1=1 et G2=1
...

Learning
Algorithm

Predictions

...

Qualitative Values Logic Program

Process :
Input : Time series of gene expressions

Discretization : qualitative state transitions
Learning : model of the dynamics as logic rules
Usage : prediction of non-observed gene expressions
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Extension hybride : du discret ... aux intervalles
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Extension hybride : du discret ... aux intervalles Discretization choice

Abstraction : From Time Series Data to State Transitions

Time series data can be abstracted in many ways. It depends of what we know and
what we want to learn about the system.

Time series data of gene expression (Nakajima and Akutsu 2014).
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Extension hybride : du discret ... aux intervalles Discretization choice

Abstraction : From Time Series Data to State Transitions

Time series data can be abstracted in many ways. It depends of what we know and
what we want to learn about the system.

011

We can set thresholds to discretize the level of expression of genes.
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Extension hybride : du discret ... aux intervalles Discretization choice

Abstraction : From Time Series Data to State Transitions

Time series data can be abstracted in many ways. It depends of what we know and
what we want to learn about the system.

001

We can consider the concentration behavior (increase/decrease).
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Extension hybride : du discret ... aux intervalles Discretization choice

Abstraction : From Time Series Data to State Transitions

Time series data can be abstracted in many ways. It depends of what we know and
what we want to learn about the system.

001 100 001 010 101 010 100 011 010110 100

Transitions can be time-based : a state for each time unit.
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Extension hybride : du discret ... aux intervalles Discretization choice

Abstraction : From Time Series Data to State Transitions

Time series data can be abstracted in many ways. It depends of what we know and
what we want to learn about the system.

001 100 000010 ...010

Transitions can be event-based : a state for each change.
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Extension hybride : du discret ... aux intervalles New Algorithm

LUST/ACEDIA interval

INPUT generation

A dynamic system

Generate curves (∈ [−1,1])

Sampling

INPUT : a set of time series S,
d = 2, P = ∅
1) Discretize S according to d ,
into a set of traces E

2) Complete P with
LUST/ACEDIA(P,E)

3) Double d , go to 1)
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Extension hybride : du discret ... aux intervalles New Algorithm

LUST/ACEDIA interval

INPUT generation

A dynamic system

Generate curves (∈ [−1,1])

Sampling

INPUT : a set of time series S,
d = 2, P = ∅
1) Discretize S according to d ,
into a set of traces E
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coarse : 2 levels
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Extension hybride : du discret ... aux intervalles New Algorithm

LUST/ACEDIA interval

INPUT generation

A dynamic system

Generate curves (∈ [−1,1])

Sampling

INPUT : a set of time series S,
d = 2, P = ∅
1) Discretize S according to d ,
into a set of traces E

2) Complete P with
LUST/ACEDIA(P,E)

3) Double d , go to 1)

0 2 4 6 8 10 12 14 16 18 20

-1

0

1

coarse : 2 levels

a([0, 1],T ) : :10/12 :- a([0, 1],T − 1)
a([0, 1],T ) : :2/7 :- a([−1, 0],T − 1)
a([−1, 0],T ) : :2/12 :- a([0, 1],T − 1)
a([−1, 0],T ) : :5/7 :- a([−1, 0],T − 1)
. . .
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Extension hybride : du discret ... aux intervalles New Algorithm

LUST/ACEDIA interval

INPUT generation

A dynamic system

Generate curves (∈ [−1,1])

Sampling

INPUT : a set of time series S,
d = 2, P = ∅
1) Discretize S according to d ,
into a set of traces E

2) Complete P with
LUST/ACEDIA(P,E)

3) Double d , go to 1)

0 2 4 6 8 10 12 14 16 18 20

-1

-0,5

0

0,5

1

refined : 4 levels

a([0.5, 1],T ) : :1/3 :- a([0.5, 1],T − 1)
a([0.5, 1],T ) : :2/11 :- a([0, 0.5],T − 1)
a([0, 0.5],T ) : :2/3 :- a([0.5, 1],T − 1)
a([0, 0.5],T ) : :6/11 :- a([0, 0.5],T − 1)
a([0, 0.5],T ) : :2/4 :- a([−0.5, 0],T − 1)
. . .
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Extension hybride : du discret ... aux intervalles New Algorithm

LUST/ACEDIA interval

INPUT generation

A dynamic system

Generate curves (∈ [−1,1])

Sampling

INPUT : a set of time series S,
d = 2, P = ∅
1) Discretize S according to d ,
into a set of traces E

2) Complete P with
LUST/ACEDIA(P,E)

3) Double d , go to 1)

0 2 4 6 8 10 12 14 16 18 20

-1

-0,75

-0,5

-0,25

0

0,25

0,5

0,75

1

refined : 8 levels

a([0.5, 0.75],T ) : :1/3 :- a([0.5, 0.75],T − 1)
a([0.5, 0.75],T ) : :1/3 :- a([0.25, 0.5],T − 1)
a([0.25, 0.5],T ) : :1/3 :- a([0.5, 0.75],T − 1)
a([0.25, 0.5],T ) : :1/3 :- a([0.25, 0.5],T − 1)
a([0, 0.25],T ) : :1/3 :- a([0.5, 0.75],T − 1)
a([0, 0.25],T ) : :1/3 :- a([0.5, 0.75],T − 1)
a([0, 0.25],T ) : :3/6 :- a([0.25, 0.5],T − 1)
a([0, 0.25],T ) : :1/3 :- a([−0.25, 0],T − 1)
. . .
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Extension hybride : du discret ... aux intervalles New Algorithm

LUST/ACEDIA interval
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. . .
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Extension hybride : du discret ... aux intervalles Postprocessing : Interval Fusion

LUST/ACEDIA interval postprocessing

Rules can be combined on both conclusion and conditions.

Exemple (Head fusion)
a([0.25, 0.5],T ) : :1/3 :- b([0.5, 0.75],T − 1)
a([0.5, 0.75],T ) : :2/3 :- b([0.5, 0.75],T − 1)

Exemple (Body fusion)
a([0.25, 0.75],T ) : :1/3 :- b([0.5, 0.75],T − 1)
a([0.25, 0.75],T ) : :2/3 :- b([0.25, 0.5],T − 1)
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Extension hybride : du discret ... aux intervalles Postprocessing : Interval Fusion

Interval fusion outcomes

Interval fusions give expression levels !

Exemple (Body fusion)
a([0.25,0.75],T ) : :1/3 :- b([0.5,0.75],T − 1)
a([0.25,0.75],T ) : :2/3 :- b([0.25,0.5],T − 1)

a([0.25,0.75],T ) : :3/3 :- b([0.25,0.75],T − 1)
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Conclusion Sur notre démarche hybride
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Conclusion Sur notre démarche hybride

Sur notre démarche hybride

Nous avons vu :
I. l’introduction du temps dans la modélisation et le model-checking

temporisé et hybride
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Sur notre démarche hybride

Nous avons vu :
I. l’introduction du temps dans la modélisation et le model-checking

temporisé et hybride
I. l’apprentissage à partir de données de séries temporelles

Ce qu’on peut retenir :
I. de l’importance de l’abstraction et du raffinement
I. la fusion des intervalles donne les niveaux d’expression
I. le temps est une donnée comme les autres... et les intervalles de

temps donneront les délais
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