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Abstract

This paper presents a divide-and-conquer approach that
aims at making QSIM simulation tractable. We consider
dynamical systems the structure of which can be repre-
sented by compartments. The system model is decom-
posed into sub-models tightly connected through shared
variables on the basis of the analysis of the causality
relations intrinsically captured by the compartmental
model structure. The sub-models are separately sim-
ulated but their behaviors are constrained by the infor-
mation on the shared variables generated from the simu-
lation. The partition of the complete model into smaller
ones prevents the construction of temporal correlations
between variables in different sub-models, and thus the
generation of a complete temporal ordering of all unre-
lated events that is one of the major causes of intractable
branching in qualitative simulation. The strategy we
propose is discussed through a case study in the field
of Plant Pathology, namely the germination process of
Plasmopara viticola oospores.

Introduction
The QSIM modeling formalism has a great potential to ex-
press incomplete knowledge and provides a language for the
formulation of Qualitative Differential Equations (QDE) that
qualitatively abstract the ODE model (Kuipers 1994). But,
its associated simulation algorithm has an intrinsic limita-
tion to scale-up to complex systems as it can produce an
extremely large and complex behavioral description mostly
useless to efficiently perform tasks. Although a great deal
of efforts have been done (Kuipers 1994; Clancy 1997;
Clancy & Kuipers 1997a; 1997b; 1998), efficiency and
tractability of qualitative simulation of complex real-world
systems are still far from being satisfactory.

This paper, inspired by concepts given in (Clancy 1997),
presents a divide-and-conquer strategy that aims at making
the QSIM simulation of complex systems tractable. In par-
ticular, we are interested in the biomedical domain, quite
rich of dynamical systems that present modeling problems
due to high incompleteness of their available knowledge.
Thus, we consider the compartmental modeling framework,
particularly suitable and frequently used to model dynami-
cal systems in the biomedical domain, conventionally rep-
resented by ODEs (Carson, Cobelli, & Finkenstein 1983;
Jacquez 1985). The compartmental structure from which

the model is built implicitly gives a “physical” definition of
causality. This is an interesting feature for our purposes as
it allows us to easily identify causal dependencies between
variables (Iwasaki & Simon 1986; 1994; Ironi & Stefanelli
1994; 1995), and then to hypothesize practicable splittings
of the system at hand into subsystems.

In DICOSIM, our version of QSIM enriched with the
divide-and-conquer strategy herein proposed, system split-
ting is the crucial step and it should be performed so that
the simulation produces the minimal behavior tree useful for
the task for which the model is built. The problem of opti-
mal automated splitting is quite difficult and not tackled in
this paper. In the current version, it is performed manually
on the basis of causal dependencies between variables: the
causality relations between compartments allow the modeler
to identify strongly related variables, possible subsystems,
and then the networks of connections between subsystems
through shared variables.

The strategy we propose will be discussed on a case study,
namely the dynamics of germination of the oospores of Plas-
mopara viticola (Guglielmann et al. 2002; Vercesi et al.
2010): the identification of such system revealed to be par-
ticularly problematic also in the FS-QM modeling frame-
work (Bellazzi et al. 2001; Guglielmann & Ironi 2005) due
to the absolute intractability of the simulated behavior tree
necessary to generate the fuzzy rule-base on which the input-
output model is built.

QSIM simulation and complex systems
Within QSIM, a dynamical system is modeled by a set of
variables xi ∈ X , i = 1, 2, . . . n, constrained by a QDE
model. The description of a system state at time t is given
by the qualitative state, QS(t) = {qval(xi, t), ∀xi ∈ X},
where qval(xi, t) is defined as in (Kuipers 1994). Given a
QSIM model and QS(t0), i.e. the qualitative description of
an initial state of the system, QSIM generates in one run the
entire range of possible qualitative behaviors consistent with
both the QDE and the initial state QS(t0); such behaviors
are represented through a tree rooted in QS(t0), and whose
branches correspond to distinct qualitative behaviors. The
generic behavior B is defined in Eq. (1) as a finite sequence
of qualitative states linked by successor relations:

B = QS(t0) → QS(t0, t1) → QS(t1) → . . . → QS(tm) (1)
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where each tk is generated during the simulation, and it
refers to a time-point where system variables show qualita-
tively significant changes. All the possible successors of a
state are inferred by applying basic mathematical theorems;
those states not consistent with the QDE model are elimi-
nated. Thus, the tree contains all the possible behaviors con-
sistent with the QDE model. However, the local nature of
the criteria used for determining state changes and the inad-
equacy of the adopted mathematical tools to compensate for
the lack of complete knowledge could lead to the prediction
of physically inadmissible behaviors, called spurious behav-
iors.

In case of models of complex dynamical systems, QSIM
simulation may become quite critical as (i) knowledge in-
completeness about the system could prevent from building
a strictly constrained model, and (ii) the intrinsic complex-
ity of the system at hand could require the formulation of a
model characterized by a considerable number of variables.
As a matter of fact, when the system is complex, the variable
set X in the QSIM model could contain not only physically
significant variables, but also auxiliary variables necessary
to write a constraint which is an expression usually involv-
ing 2 or 3-tuples of variables. Auxiliary variables are mostly
loosely constrained, and then the simulation algorithm could
be unable to adequately eliminate states which show irrele-
vant distinctions with respect to such variables. As a con-
sequence, given a qualitative state, the number of its succes-
sors grows exponentially, leading to an intractable branching
of the qualitative behavior tree.

A further cause of behavior tree intractability is given by
occurrence branching phenomena: all the admissible com-
binations of unrelated events are generated as the available
knowledge embedded in the model is not sufficient to glob-
ally constrain the variables, and to provide a total ordering
of the events. This leads to the generation of many redun-
dant branches which likely correspond to system behaviors
that do not capture actual dynamical distinctions.

A case study
To exemplify the concepts above, let us consider the germi-
nation process of Plasmopara viticola oospores, the causal
agent of grapevine downy mildew. Their germination causes
the occurrence of primary infections (Guglielmann et al.
2002; Vercesi et al. 2010). The germination process depends
on both exogenous factors, such as temperature and hu-
midity, and endogenous complex biochemical mechanisms.
As for internal processes, ad hoc experimental assays high-
lighted the crucial role played by cytosolic calcium in the
activation of the germination process. The compartmental
scheme of the system is given in Fig. 1 where complex bi-
ological phenomena underlying calcium dynamics are de-
scribed through functional relationships involving cytosolic
calcium (Cac) and calcium reserve (Car) concentrations.

The proper germination process, represented in Fig. 1
within box B, can be described as follows:

dOL

dt
= −fG(OL, Cac) − fL(OL) (2)

dOG

dt
= fG(OL, Cac) (3)
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Figure 1: Compartmental structure of the Plasmopara viti-
cola oospores germination process. A - calcium metabolism
subsystem. B - oospore germination subsystem. Solid lines
between compartments denote fluxes, whereas dotted lines
refer to control actions.

Function fG(OL, Cac) models the germination rate gov-
erning the dynamics of germinating oospores OG (Eq. (3)).
Under the assumption that the germination starts when the
concentration of cytosolic calcium goes over a given thresh-
old Ca∗, the function fG is equal to zero when Cac ≤ Ca∗,
and it is monotonically increasing with both OL and Cac

when Cac > Ca∗. More precisely, fG can be expressed
by the product of a monotonic function of latent oospores
(OL) and the function fc(Cac), that represents calcium re-
lease from cell responsible for the activation of the germina-
tion process. The dynamics of latent oospores OL is deter-
mined by two processes: the transformation into germinat-
ing oospores, modeled by −fG, and the physiological loss
of oospores described by fL.

Calcium metabolism, sketched in the box A in Fig. 1, is
characterized by a mechanism of uptake from and release
into internal reserves of calcium in response to an external
input Cae, corresponding to calcium absorption from the
environment; such a complex process can be described by
the following differential equations:
dCac

dt
= Cae+f12(Car, Cac)−f21(Cac)−fc(Cac)−fo(Cac)

(4)
dCar

dt
= f21(Cac) − f12(Car, Cac) (5)

where Eqs. (4) and (5) describe the dynamics of cytosolic
calcium and calcium reserves, respectively; Cae, fo and the
fluxes f12, f21 between the two compartments are nonlinear
functions of their arguments.

The QSIM model of the overall process consists of 17 vari-
ables, 3 of them auxiliary variables necessary to express the
control action by Cac on the calcium uptake from the re-
serves (f12), and the germination rate (fG). The simulation
of the model has been actually quite critical, also if we have
applied all the available filters (Clancy 1997). To get all pos-
sible complete dynamics, the simulation has not ended in
only one run but it has been repeated from the last not-final
calculated states. The final outcome is a tree with a num-
ber of behaviors of order of 106. It is clear that such a tree
is not tractable, and it can not be used to identify both real
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(1) (2)

Figure 2: Example of occurrence branching.

possible behaviors and those significantly different with re-
spect to the variables of interest. The tree explosion is due to
the high number of variables, and to the lack of global con-
straints. The irrelevant distinctions of the under-constrained
variables generated during simulation are all kept in the tree
and processed during the simulation. This leads to occur-
rence branching, and then to the tree exponential growth.
Figure 2 shows an example of occurrence branching. Both
behaviors (1) and (2) show the same dynamics as for Cac.
The amount of latent oospores gets a zero stable state before
calcium reserve concentration has reached its steady state in
behavior (1) whereas the temporal occurrence of these unre-
lated events is exchanged in behavior (2). Most of the time-
points of the shown dynamics are related to events irrelevant
for the dynamics of the variable OL.

A divide-and-conquer strategy
The crucial step of the proposed strategy deals with the de-
composition of a complex system into subsystems, and is
grounded on causal dependency relationships between sys-
tem variables. In a compartmental framework the structure
explicitly defines the causal directions of both state vari-
ables and transfer functions. Thus, the structure itself di-
rectly represents the cause-effect relationships (Ironi & Ste-
fanelli 1995), and suggests a number of possible alternatives
for system splitting. For example, from the compartmental
scheme of oospore germination process, we can easily in-
fer that one of its possible decomposition deals with the two
subsystems A and B: the first one, related to the dynamics
of cytosolic calcium, influences B, more strictly concerned
with oospores germination processes. Even if a more frag-
mented decomposition is possible, and likely a little bit more
convenient relatively to the number of simulated behaviors,
this seems the most natural one with respect to the modeling
task dealing with the identification of an input-output model
of the dynamics of oospore germination. Thus, the splitting

of a complex system should result from a compromise be-
tween modeling tasks and simplicity, where by simplicity
we mean that each subsystem is characterized by a reason-
able number of tightly constrained variables.

System structure decomposition
The splitting of a complex system rests on the intuition that
all system variables are not correlated with each other with
equal strength. Thus, we introduce the following concept:
Definition 1 Two system variables xi, xj are said strongly
related if both of them directly influence the dynamics of the
same state variable.

Two variables not strongly related are said weakly related.
In terms of qualitative constraints, Definition 1 means that
xi and xj are correlated through one or more constraints.

Each subsystem is characterized by variables strongly
related with each other. As regards the P. viti-
cola oospore germination process, the set of model
variables can be partitioned into the sets XA =
{Cac,

dCac

dt
, Car,

dCar

dt
, Cae, f12, f21, fc, fo}, and XB =

{OL, dOL

dt
, OG, dOG

dt
, fG, fL}, each of them containing

strongly related variables only. Let us observe that variables
Cac and fc do not appear in XB , even though they are di-
rectly related to fG: they are in some sense special variables
for the subsystem B as they are the variables shared by both
models of A and B, and that exert the influence of the sub-
system A on B. Such variables are called linking variables.

Subsystems can be connected according to different
topologies. We say that a subsystem A is causally upstream
with respect to a subsystem B if and only if at least one
of the variables in A directly influences the dynamics of B.
According to this, a system can be decomposed as follows:
• cascade: subsystems are connected from upstream to

downstream, with no feedback;
• loop: subsystems are connected in a closed loop, i.e. the

last one is causally upstream with respect to the first one;
• chain: a sequence of subsystems where each one influ-

ences both one upstream and downstream component;
• mammillary: a central subsystem is influenced by and in-

fluences all the other subsystems.
The above structures can be combined to produce more and
more complex topologies.

QSIM model decomposition
The splitting of the system structure into N connected sub-
systems provided by the modeler defines both the partition
Pdico = {X1, X2, . . .XN} of the system variable set X ,
and the sets of linking variables between subsystems. Given
a QSIM model of the overall system and an initial qualitative
state QS(t0), for each set Xi ∈ Pdico, DICOSIM automati-
cally builds a component Ci and the corresponding sub-qde:
each component Ci models a subsystem, and it is defined by
the tuple 〈Xi,X

L
i ,Fi,X

R
i 〉, where:

• Xi is the i-th set of all variables strongly related with each
other, called internal.
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• XL
i ≡

⋃
k∈I

X̂k, where I = {k 6= i | Ck is causally
upstream for Ci}, and each X̂k ⊂ Xk is the nonempty
set of possible linking variables between Ck and Ci. The
elements of XL

i , the linking variables, model the connec-
tions between Ci and all of its upstream components.

• Fi is the maximum subset of all model constraints such
that V ar(Fi) ≡ Xi∪XL

i , where V ar(Fi) denotes the set
of variables appearing in the constraints Fi.
Fi contains (i) those model constraints involving only all
the variables in Xi; (ii) those constraints in which both
variables in XL

i and internal variables appear.
• XR

i ≡ Xi \ XA
i where XA

i ⊂ Xi contains the auxiliary
variables possibly introduced to model Ci.
In DICOSIM, intractability problems of the behavior tree

can be overcome because weakly related variables belong
to different subsystems, the models of which are simulated
separately, as detailed in the following section.

DICOSIM simulation algorithm
Given a QSIM model of the global system, an initial quali-
tative state QS(t0), and a partition Pdico, DICOSIM (i) au-
tomatically generates the components and their associated
sub-qdes, (ii) determines the order in which components are
simulated, (iii) simulates the entire tree of qualitative behav-
iors of each component, and (iv) builds the links between
behaviors of connected components.

To describe the core of the algorithm, we refer to a system
split into two cascaded components, A = 〈XA, ∅,FA, ∅〉

and B = 〈XB ,XL
B ,FB ,XR

B 〉, where XL
B ≡ X̂A ⊂ XA,

i.e. A influences B through the linking variables xl, and
XR

B ⊆ XB . Just to fix the ideas, we can think at the two
subsystems in Fig. 1 and the related subsets of variables.

Let TA (TB) be the behavior tree generated during the
simulation of the component A (B). They respectively con-
tain the states QSA(t) = {qval(xi, t), ∀xi ∈ XA} and
QSB(t) = {qval(xi, t), ∀xi ∈ XB ∪XL

B}, consistent with
the constraints in FA and FB respectively. Let us denote by
T k

A (T k
B) the subtree of TA (TB) generated at time tk. At

each time tk, DICOSIM builds the connections between T k
A

and T k
B : all the significantly different states with respect to

the linking variables xl ∈ X̂A are extracted from T k
A, stored

into T k
bXA

, and, finally, exploited to generate the qualitative
states of component B at time tk.

In outline, the algorithm proceeds back and forth between
the following steps: (1) generation of the set newk

A =
{QSA(tk)} of states at time instant tk for the component
A; (2) mapping of the states generated at (1) into T k

bXA

; (3)
simulation of the downstream component B to generate the
set newk

B = {QSB(tk)} coherently with the states in T k
bXA

.
Then, the main algorithm consists of the instructions:

1: Input data: the initial state QS(t0) and the partition
Pdico

2: From QS(t0) extract the states:
new0

A ← QSA(t0) = {qval(xi, t0), ∀xi ∈ XA} ⊂
QS(t0)

new0
B ← QSB(t0) = {qval(xi, t0), ∀xi ∈ XB ∪

XL
B} ⊂ QS(t0)

3: Build QS bXA
(t0) = {qval(xl, t0), ∀xl ∈ XL

B}, i.e. the
root of T bXA

4: Build the link from QS bXA
(t0) to QSB(t0)

5: k = 0
6: while newk

A 6= ∅ OR newk
B 6= ∅ do

7: generate newk+1

A and map the set newk+1

A into T k+1

bXA

8: T bXA
= T bXA

∪ T k+1

bXA

9: generate newk+1

B and define the connections between
states in T bXA

and the set newk+1

B

10: k ← k + 1

The resulting T bXA
is the linking tree. The algorithm

above can be easily extended when three or more com-
ponents are connected in cascade. A slightly more com-
plex topology consists in two subsystems A and B which
influence each other: component A is given by the tuple
〈XA,XL

A ,FA,XR
A 〉, where the sets XL

A ≡ X̂B ⊂ XB

and XR
A are not empty. Within this topology, DICOSIM

generates two linking trees: T bXA
and T bXB

, which is the
projection of TB obtained according to the mapping Π bXB

.
The states in the tree TA are now defined by QSA(t) =
{qval(xi, t), xi ∈ XA ∪ XL

A}.
In the next two subsections we detail the algorithms that

implement the mapping of the upstream component behav-
ior tree into the linking tree (line 4, 7 above), and the gener-
ation of downstream component behaviors (line 9 above).

Generation of the linking tree
In the following two subsections, we will denote the generic
upstream behavior tree with Tup, and the linking tree with
TXL. At each step the generic qualitative state QSup(t)
in the upstream component tree, where t ∈ QTup

=
{t0, (t0, t1, ), t1, . . . tmup

}, is projected onto a state in TXL

according to the mapping defined in:
Definition 2 Let ΠXL : Tup → TXL be a surjective func-
tion which performs a projection of the tree Tup with re-
spect to all the linking variables in XL. QSXL(t̂) ∈ TXL

is the projection state of QSup(t) ∈ Tup, i.e. QSXL(t̂) =
ΠXL(QSup(t)) is equal to QSup(t) as for all the linking
variables in XL. Moreover, the following properties hold:

1. if QSup(t) is an initial state, then ΠXL(QSup(t)) is an
initial state of TXL;

2. each successor state of QSup(t) is mapped either into
one of the successor states of ΠXL(QSup(t)), or into
QSXL(t̂) when both the qualitative values of all the link-
ing variables do not change, and t is a time-interval or t̂
is a time-interval.

Figure 3 shows the way the mapping ΠXL works: at each
step, given the states in Tup and TXL generated from t0 to
tk, the set newk+1

up = Succ({QSup(tk)}) is projected onto
the subtree T k+1

XL . Such a portion of tree may contain both
new projection states and states already in the linking tree
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Figure 3: Projection of the state QSup(tk+1) = newk+1
up

in Tup onto T k+1

XL (• state at time-points, ◦ state at time-
intervals).

as highlighted in Fig. 3 where the projection of one of the
states in newk+1

up is already present in the linking tree. Let us
observe that ΠXL is not injective, because distinct states in
Tup can be equal with respect to all xl’s, and consequently
they are mapped into the same state in TXL , even though
they refer to different qualitative time instants.

In terms of qualitative time instants, the function ΠXL

generates the set QT
XL

defined as follows:

Definition 3 Let QT
XL

= {t̂0 ≡ t0, (t̂0, t̂1), t̂1, . . . , t̂ml
}

be the set containing the significant time-points of the linking
variables xl only; ml is the number of time-points where at
least one variable xl undergoes significant changes.

The generic time-interval (ti, ti+1) is always mapped into
an interval (t̂j , t̂j+1), whereas for time-point ti ∈ QTup

two
distinct situations may occur: if at ti a state transition of
one xl occurs, ti is mapped into a time-point t̂j ∈ QT

XL
;

otherwise, if at ti the changes involve no linking variables,
ti is mapped into a time-interval. Consequently, a time-point
in QT

XL
is necessarily the image of time-point(s) in QTup

.
Algorithm 1 details the steps that implement the genera-

tion of the generic successor set newk+1
up : within DICOSIM

each qualitative state is generated on the basis of QSIM algo-
rithm. Let us remark that the algorithm generates only suc-
cessors of globally consistent states, where the concept of
global consistency is in accordance with the definition given
in (Clancy 1997).

Algorithm 2 implements the mapping ΠXL . We denote
with Pred(QSup(t)) and Succ(QSup(t)) the predecessor
state and the set of successor states of the generic state
QSup(t), respectively; whereas the expression QS1 =XL

QS2 means that states QS1, QS2 are equal with respect to
all the variables in XL, i.e. QS1 6=XL QS2 means that
exists a linking variable xl whose qualitative value in QS1

changes with respect to that one in QS2.

Generation of downstream component behaviors
At each time instant, the states in T k

XL drive the simulation
of the downstream component sub-qde and determine which
states will belong to the downstream component tree, which
is referred to as Tdown. This aspect corresponds to the con-
quering phase of the method: “conquer” means that for a
state QSdown(t) ∈ Tdown it must exist a state in Tup whose

Algorithm 1 Generation of the set of successor states
1: Input data: newk, the set of generated states related to

the considered component (upstream or downstream) at
time instant tk

2: newk+1 = ∅
3: for all globally consistent state QS(tk) ∈ newk do
4: ñew ← Succ(QS(tk))
5: if ñew is empty then
6: QS(tk) is quiescent1 or no consistent successor

states exist
7: else
8: if ñew refers to upstream component states then
9: call Algorithm 2

10: newk+1 ← newk+1 ∪ ñew
11: if ñew refers to downstream component states

then
12: for j = 1 to s 2 do
13: call Algorithm 3 with X̂j the considered set

of linking variables
14: newk+1 ← newk+1 ∪ newk+1

down

1In a quiescent state all the variables are in the steady-state
condition.
2 s is the number of components influencing the component
described by states in ñew.

projection into TXL is equal to QSdown(t). Such a state
QSdown(t) is globally consistent.

At each step, DICOSIM algorithm simulates the sub-qde
related to the downstream component, and generates the set
newk+1

down = Succ(QSdown(tk)). Analogously to QSup(t0),
QSdown(t0) is a subset of QS(t0). For each globally con-
sistent state in newk+1

down, a connection with a proper state in
TXL is created, according to the link defined in:
Definition 4 Let the driving link be defined by the mapping
DXL : TXL → Tdown which holds the following properties:

1. ∀ QSdown(t) ∈ Tdown∃! QSXL(t̂) ∈ TXL such
that QSdown(t) =XL QSXL(t̂) and QSdown(t) =
DXL(QSxl

(t̂));

2. if QSXL(t̂0) is an initial state of TXL , then
QSdown(t0) = DXL(QXL(t̂0)) holds;

3. ∀ QSXL(t̂) ∈ TXL and QSdown(t) such that
QSdown(t) = DXL(QSXL(t̂)), where t 6= t0, and
∀ QS ∈ Succ(QSdown(t)) one of the following condi-
tions holds:
• QS = DXL(QSXL(t̂)) if ∃ x ∈ XR

down such that
QSdown(t) 6=x Pred(QSdown(t)) or if QSXL(t̂) is a
quiescent state;

• ∃ Ŝ ∈ Succ(QSXL(t̂)) such that QS = DXL(Ŝ);

• the state QS is eliminated because inconsistent.

Figure 4 illustrates the generation of the driving links be-
tween TXL and Tdown. In accordance with the definition
above, QSB(t0) = DXL(QS bXA

(t̂0)), where t̂0 ≡ t0.
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Algorithm 2 Generation of TXL through the mapping ΠXL

1: Input data: ñew, the available set of successor states for
the upstream component

2: for all QSup(t) ∈ ñew do
3: if QSup(t) =XL Pred(QSup(t)) AND (t is a time-

point OR ΠXL(Pred(QSup(t))) is a time-interval
state) then

4: ΠXL(QSup(t))← ΠXL(Pred(QSup(t)))
5: else if ∃ S′ ∈ TXL such that QSup(t) =XL S′ AND

S′ ∈ Succ(ΠXL(Pred(QSup(t)))) then
6: ΠXL(QSup(t))← S′

7: else
8: Create a new projection state QSXL(t̂) ←

ΠXL(QSup(t)) and add it to the set
Succ(ΠXL(Pred(QSup(t))))

9: Add a new time instant to the set QT
XL

10: Check if some of the pending states in Tdown are
driven by the new state QSXL(t̂)

downQS        (t   )k  QS       (t   )0down

k+1newdown

LX LX
QS    (t   )^

k  

LX

T
down

LX
T

�������
�

����

not globally consistent

D

0QS    (t  )^

Figure 4: Connections between TXL and Tdown. (• state at
time-points, ◦ state at time-intervals).

If a driving link between the tree TXL and QSdown(t) ∈
Tdown can not be established, i.e. QSdown(t) is not “con-
quered”, then QSdown(t) must be marked as globally in-
consistent and eliminated from Tdown (see Fig. 4).

Algorithm 3 illustrates the steps through which driving
links are created: we denote with D−1

XL the inverse of the
mapping DXL . To further control the growth of the gen-
erated behavior tree, we eliminate those states where only
auxiliary variables change with respect to their predecessor
(see instructions 11-17 in Algorithm 3).

Within DICOSIM, qualitative simulation works on reason-
ably small sets of variables, which are tightly constrained
with each other: a natural consequence is that the sets
newk+1

up and newk+1

down of possible successors of a state con-
tain only those states showing significant changes in the re-
spective internal variables, and in the linking ones with re-
gard to downstream component. Therefore the dimensions
of both Tup and Tdown turn out to be highly reduced with
respect to the case of a single behavior tree generated by
QSIM. The more complex is the system at study, the higher
is the gain obtained when splitting the system.

The algorithms proposed can be applied to complex
topologies, where a component Ci is influenced by s com-

ponents, s > 2. It must be noticed that the linking variable
set XL

i is given by the union of two or more subsets X̂j of
internal variables, where j 6= i, and j = 1, . . . s: then, s
linking trees T bXj

are built according to Algorithm 2 applied
to states in the trees TCj

. The driving links between each
T bXj

and TCi
are built by Algorithm 3, which is called for

each X̂j , j = 1, . . . , s (instructions 12-13 in Algorithm 1),
and the mappingDXL is performed with respect to the vari-
ables in the set X̂j .

Algorithm 3 Generation of driving links from TXL

1: Input data: ñew, the available set of successor states for
the downstream component

2: Output data: the “conquered” set of successors states,
newk+1

down

3: newk+1

down = ∅
4: for all QSdown(t) ∈ ñew do
5: Let S′ ← D−1

XL(Pred(QSdown(t)))
6: Let S ← Succ(S′)
7: if QSdown(t) =xl

Pred(QSdown(t)) then
8: if S′ is a final quiescent state then
9: QSdown(t) = DXL(S′)

10: newk+1

down ← newk+1

down ∪QSdown(t)
11: else if ∃ x ∈ XR

down such that QSdown(t) 6=x

Pred(QSdown(t)) then
12: QSdown(t) = DXL(S′)

13: newk+1

down ← newk+1

down ∪QSdown(t)
14: else if other upstream components influence

QSdown(t) then
15: Mark state QSdown(t) pending as other linking

variables may change
16: else
17: Filter state QSdown(t) because only auxiliary

variables undergo significant changes in the state
transition from Pred(QSdown(t))

18: else if ∃ S ∈ S | QSdown(t) =xl
S then

19: QSdown(t) = DXL(S)

20: newk+1

down ← newk+1

down ∪QSdown(t)

21: else if ∃ Ŝ ∈ TXL | Ŝ ≡ S′ then
22: S ← Succ(Ŝ)
23: goto 18
24: else
25: Mark state QSdown(t) pending as either it could

be inconsistent or the corresponding driving state
in TXL has not been generated yet

Results
In this section we summarize the advantages offered by DI-
COSIM, and illustrate its outperformance on QSIM simula-
tion of models of complex dynamical systems.
Tractable simulation: as exemplified at the beginning of
this paper, simulation of QSIM models of real-world sys-
tems generates intractable trees, that may show occurrence
branching phenomena. Within DICOSIM, branches show-
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ing irrelevant distinctions with respect to the variables in
Xi ⊂ X are mostly eliminated. This is due to the follow-
ing features of DICOSIM: (i) the simulation algorithm works
on subsets of both model constraints and the variable set,
and therefore each component tree TCi

contains behaviors
showing differences only in the dynamics of variables in Xi;
this aspect also favors a more efficient handling of the tem-
poral ordering of unrelated events involving variables which
belong to different components; (ii) the behavior tree related
to a downstream component is conquered, i.e. the generated
states are filtered on the basis of the behaviors of linking
variables. These two properties provides for a considerable
reduction of the total number of behaviors.

To further improve the simulation performance, we elim-
inate during the simulation all those branches showing dis-
tinctions only in the qualitative values of auxiliary variables.
During the “conquering” phase of a downstream component
Ci, the algorithm keeps only those states where at least one
variable inXL

i ∪X
R
i changes with respect to the predecessor

state. Such a filtering is particularly useful when DICOSIM
is applied to very complex and loosely constrained systems.
Behavioral description equivalence: the system dynamics
description generated by DICOSIM is given by the tractable
component trees TCi

, i = 1, . . . N . Such trees, connected
through the mappings ΠXL and DXL , provide a system
dynamics description which remains equivalent to that one
generated by QSIM. This property derives from soundness
and completeness, where here soundness and completeness
refer to QSIM simulation outcomes.

DICOSIM completeness can be proved by exploiting simi-
lar arguments given in (Clancy 1997). More precisely, given
a QSIM model and a decomposition into N components, for
each component behavior bi ∈ TCi

, there exists at least one
behavior B in the QSIM tree such that ΠXi

(B) = bi.
As regards soundness, let us observe that, when dealing

with complex systems, in the resulting QSIM tree we can
identify classes of behaviors that differ only in the dynamics
of auxiliary variables, and that are therefore equivalent with
respect to physically meaningful variables. Such variables
necessarily belong to the sets XR

i . On the basis of these
considerations, the concept of soundness given in (Clancy
1997) is slightly relaxed, and it implies the following:

Proposition 1: Let M be a QSIM model whose variable
set is partitioned into N subsets, and let B̂ denote the repre-
sentative behavior of a class B of QSIM behaviors equivalent
with respect to the dynamics of physically significant vari-
ables. For each behavior B ∈ B, it exists a set of component
behaviors {b1, b2, . . . bN} generated by DICOSIM such that
B̂ =XR

i
bi, ∀ i = 1, 2, . . .N .

Thus, from DICOSIM soundness and completeness we de-
rive that all and only the physically significant qualitative
behaviors generated by QSIM can be reproduced by sets of
component behaviors bi in TCi

properly combined in accor-
dance with the connection mappings.

DICOSIM outperformance on QSIM is highlighted in Ta-
ble 1 that compares the numbers of behaviors generated by
QSIM and by DICOSIM during the simulation of two complex
systems characterized by different compartmental topolo-

QSIM DICOSIM
P.Viticola ≈ 106 TA: 55; TB : 172
Thiamine intractable T1 : 363; T2 : 50; T3 : 570

Table 1: Comparison of simulation results: number of be-
haviors generated by QSIM and DICOSIM.

gies and by intractable simulation.
The application of DICOSIM to simulate the germination

dynamics of P. viticola oospores, given the system variable
partition as at pg. 3, produces tractable component trees (Ta-
ble 1). Figure 5 shows one of the behaviors in TB, namely
the dynamics of the linking variable Cac and of the variables
of interest for the identification of the dynamics of oospore
germination. The comparison of the behavior of the vari-
ables Cac and OL given in this figure with behavior (2) in
Fig. 2 shows that occurrence branching has been contained
as these variables do not inherit the time-points that are sig-
nificant for Car. All the behavior time-points refer to state
transitions of either the physically relevant variables or the
linking one only, and the more compact dynamics descrip-
tion in Fig. 5 derives from the separation of variables not
strongly related.

Figure 5: Germination process P. Viticola oospores: exam-
ple of qualitative behavior in TB.

To further illustrate DICOSIM performance, we consider
the intracellular thiamine kinetics in the intestine tissue the
structure of which has a loop topology (Fig. 6). Its QSIM
model consists of 21 variables, among those 6 auxiliary, and
its simulation is totally intractable. To get a manageable
tree (Bellazzi et al. 2001), we split the system into three
decoupled subsystems, related to the three chemical forms
of thiamine. For each subsystem a qualitative model is for-
mulated, and simulated separately. The link of each model
with the other ones is modeled as an input signal, whose evo-
lution over time is fixed on the basis of the experimental data
available for the three intracellular forms. This way of pro-
ceeding is quite heavy and leads to a model strictly related
to the experimental context. The DICOSIM decomposition
of the system into three components, each one related to one
chemical form of thiamine, has led to tractable trees.
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Figure 6: Compartmental scheme of Thiamine metabolism
within cells: Th, ThPP and ThMP represent the concentra-
tions of the three thiamine chemical forms; u1 and u2 are the
input signals representing plasmatic forms of Th and ThMP.

Conclusions and future work
The divide-and-conquer strategy herein proposed can be ex-
ploited to decompose and generate tractable trees of mod-
els of very complex dynamical systems. It is rather general
as it is applicable to all the possible compartmental struc-
ture topologies, ranging from the simplest two-component
cascade and loop schemes to the mammillary ones. It dif-
fers from the work proposed in DECSIM (Clancy 1997) in
the definition of the causal graph directly from the system
structure, and in a complete revision of the algorithm for the
generation of the behaviors of the downstream component
controlled by the upstream one, and consequently in the way
the conquering phase is implemented. The overall strategy
is sound and complete, in the sense that all the generated
behaviors are equivalent to all and none but the behaviors
in the QSIM simulation tree. But, unlike DECSIM, herein,
we consider equivalent those behaviors that do not exhibit
differences as for the physically meaningful variables only.
This results in a further reduction of occurrence branching
phenomena.

Our current main interest in qualitative simulation out-
comes deals with their use within FS-QM method (Bellazzi et
al. 2001), and more precisely with their analysis in view of
the generation of the fuzzy rule base (Guglielmann & Ironi
2007) upon which a fuzzy identifier is built. The bigger is
the behavior tree, the more complex and inefficient is the
procedure of extraction of those behaviors significantly dis-
tinct with respect to the variables of interest, and then the
embedment of sound a priori knowledge into the fuzzy rule
base (Wang 1994). Actually, in the case of real-world sys-
tems as those considered in the paper, this step turns out to
be quite critical and even impossible to carry out in a stan-
dard QSIM context. The elimination or a significant reduc-
tion of intractable branching can make feasible and more
efficient the preprocessing phase of the behavior tree within
FS-QM, and, consequently, the extraction of the pieces of
system dynamics, i.e. antecedents and consequent, neces-
sary to represent the system dynamics by fuzzy rules.

References
Bellazzi, R.; Guglielmann, R.; Ironi, L.; and Patrini, C.
2001. A hybrid input-output approach to model metabolic
systems: an application to intracellular thiamine kinetics.
Journal of Biomedical Informatics 34:221–248.

Carson, E.; Cobelli, C.; and Finkenstein, L. 1983. The
Mathematical Modeling of Metabolic and Endocrine Sys-
tems. New York: Wiley.
Clancy, D., and Kuipers, B. 1997a. Model decomposition
and simulation: A component based qualitative simulation
algorithm. In Proc. of the 14th National Conference on
Artificial Intelligence (AAAI-97). AAAI/MIT Press.
Clancy, D., and Kuipers, B. 1997b. Static and dynamic
abstraction solves the problem of chatter in qualitative sim-
ulation. In Proc. of the 14th National Conference on Arti-
ficial Intelligence (AAAI-97). AAAI/MIT Press.
Clancy, D., and Kuipers, B. 1998. Qualitative simulation
as a temporally-extended constraint satisfaction problem.
In Proc. of the 15th National Conference on Artificial In-
telligence (AAAI-98). AAAI/MIT Press.
Clancy, D. J. 1997. Solving Complexity and Ambigu-
ity Problems within Qualitative Simulation (Ph.D. Thesis).
Austin: University of Texas at Austin.
Guglielmann, R., and Ironi, L. 2005. Generating fuzzy
models from deep knowledge: Robustness and inter-
pretability issues. Lecture Notes in Artificial Intelligence
3571:600–612.
Guglielmann, R., and Ironi, L. 2007. Qualitative-fuzzy sys-
tem identification of complex dynamical systems. In Proc.
of the IEEE International Conference on Fuzzy Systems,
716–721.
Guglielmann, R.; L.Ironi; Liberati, D.; and Vercesi, A.
2002. A fuzzy-neural model of the germination of plas-
mopara viticola oospores. Notiziario sulla protezione delle
piante 15:309–314.
Ironi, L., and Stefanelli, M. 1994. A framework for
building and simulating qualitative models of compartmen-
tal systems. Computational Methods and Programs in
Biomedicine 42:233–254.
Ironi, L., and Stefanelli, M. 1995. Generating explana-
tions of pathophysiological system behaviors from qualita-
tive simulation of compartmental models. In Barahona, P.;
Stefanelli, M.; and Wyatt, J., eds., Artificial Intelligence in
Medicine, 115–126. Springer.
Iwasaki, Y., and Simon, H. 1986. Causality in device be-
havior. Artificial Intelligence 29:3–32.
Iwasaki, Y., and Simon, H. 1994. Causality and model
abstraction. Artificial Intelligence 67:143–194.
Jacquez, J. A. 1985. Compartmental Analysis in Biology
and Medicine. Michigan: Ann Arbor, The University of
Michigan Press.
Kuipers, B. J. 1994. Qualitative Reasoning: modeling and
simulation with incomplete knowledge. Cambridge MA:
MIT Press.
Vercesi, A.; Toffolatti, S.; Zocchi, G.; Guglielmann, R.;
and Ironi, L. 2010. A new approach to modelling the dy-
namics of oospore germination in Plasmopara viticola. Eur
J Plant Pathol DOI: 10.1007/s10658-010-9635-8.
Wang, L. X. 1994. Adaptive Fuzzy Systems and Con-
trol: design and stability analysis. Englewood Cliff,
NJ:Prentice-Hall.

17

QR2010: 24th International Workshop on Qualitative Reasoning




