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Abstract. To satisfy a fluctuating demand and achieve a high level of
quality and service, companies must take into account several features
when designing new products in order to become or remain market lead-
ers. When a single company is unable to meet this objective alone, it
is appropriate for it to join its actions with other companies. The prod-
uct design consists of the complex task to select from various potential
actions that allowing the fulfilment of several requirements: functional,
technical, environmental, economic, security, etc. Furthermore, the task
is even more difficult when actions are related to distinct services or com-
panies that do not necessarily know the capacities of each others which
makes complex the coordination of joint actions. Interactions between
services may be affected by antagonist personal interests.
Based on a multiple criteria decision analysis (MCDA) framework and a
fuzzy model that links actions to the satisfaction of objectives, this paper
proposes to treat two extreme views related to the collective selection
of the necessary actions to design a product: 1) The first point of view
corresponds to an ideal situation where each service reveals its capacities
and the unique objective is to succeed in the realization of the common
goal ; 2) the second point of view corresponds to a more realistic situation
where only necessary information for the progress of collective action are
shared and where collective and personal goals coexist and are to be
taken into account. The first situation corresponds to a classical case
where a single decision maker (DM) has to express his preferences then
a classical optimization problem under constraints has to be solved in
order to efficiently select actions. In the second situation the services
do not share the same preferences and each service wants to maximize
its gain, in this case we propose to build a negotiated solution between
services.

Keywords:
MCDA · Fuzzy logic · Constraint programming · Debate modeling.

1 Introduction

When company designers/operators choose a new product or system, they have
to check whether the new system satisfy company’s strategic goals, customers
needs and technical specifications. Furthermore, these issues are obviously not
devoid of budgetary constraints.



MCDA is an interesting setting to evaluate and compare all alternatives for
the new system based on their satisfaction of the previous multiple requirements.
The MCDA setting provides approaches for rigorous multidimensional evalua-
tion. Indeed a set of non correlated attributes are carefully defined to measure
the characteristics of the candidate solutions. Then the measures are mixed up
with the subjectivity of the decision maker (DM) to deduce the degree of sat-
isfaction provided by each candidate solution. In MCDA we distinguish several
methods depending on the number of candidate solutions, number of attributes,
compensation hypothesis, etc (see [3] for more details). In this paper we focus on
Multi objective Optimisations methods. Let denote by: S = {s1, s2, ...} a set of
finite or infinite candidate solutions for the new system, {X1, X2, ..., Xn} a finite
set of attributes where Xi is the space of values taken by the ith characteristic,
N = {1, . . . , n} and X =

∏
i∈N

Xi. Each element of S can be represented by its

results obtained on the set of attributes, then sk ∈ S can be represented by the
vector (xk1 , . . . , x

k
n) where ∀i ∈ N , xki is the result of sk on the ith characteristic.

Thus, the satisfaction provided by the solution sk can be represented by a real
v(sk) where v is a bounded function (v : X → [0, 1]). Finally, the problem of
choosing the new system can be setted as follows:

max v(s)
s.t:{
s ∈ S
c(s) ≤ c0

(1)

where c : S →]0,+∞[ is the function associating to each candidate solution
its cost and c0 > 0 is the maximal cost allocated to the new system. When
functions c and v are known we are faced to a classical optimization problem
under constraints.

Usually in MCDA, a single DM holds the preferential information that allows
to build the function v. Particularly, in Multi Attribute Value Theory (MAVT
[6] [1]) the existence of a such value function is guaranteed when DM preference
relation over S denoted �, sk � sk′ means sk is at least as good as sk′ , is a weak
order. In this case, v represents the DM preferences over S and we have :

∀sk, sk′ ∈ S, sk � sk′ ⇔ v(sk) ≥ v(sk′ ). (2)

The easiest way to find v is to build it from the DM preference relation on each
attribute i ∈ N denoted �i and represented by a value function vi : Xi → [0, 1].
In [7] the conditions of a such construction are given. Furthermore, a single DM
who has a perfect knowledge about implementation actions of a solution can
estimate their costs. Thus, in this case of a single DM, c and v can be identified.

Unfortunately, this hypothesis of the existence of a single decision maker who
knows the costs of actions and with whom we can build the utility function, is
not adapted to all companies configurations. Indeed, in many cases, these actions
are generally spread/distributed onto several services which are then in charge
of their own actions.



Classically in MCDA, the behavioural relationship between actions related
to a candidate solution and the results obtained on the system characteristics
are not considered. As mentioned previously, in this case, a candidate solution
is represented only by its results obtained on the set of attributes. In the case of
several services, the reference to the actions composing the candidate solution is
required. Indeed, it would be difficult to establish with certainty the consequences
of a set of actions on the attributes since actions are related to several services
and applied jointly. This is because no services has complete information about
all actions.

In this situation two models are envisaged, based on distinct hypothesis.
Either, services collaborate fully then they share their knowledge between each
others such that all services will have complete information. The problem to
resolve here is to select the subset of actions guaranteeing the ”best” satisfaction
of common goals at minimal cost (see [8] for more details). Or, services act
as autonomous agents but are cooperating: they make their possible to reach
collective objectives although they have also personal interests in the project.
The more actions are carried out in a service, the greater his budget. It is a
thorny problem because each service has only a partial information and don’t
necessarily know the capacities of other services. The problem to resolve here is
to build a solution by selecting a subset of actions from all services guaranteeing
the satisfaction of all services and respecting budget constraints.

The aim of this paper is to propose two different models for these two situa-
tions. In the first situation the decision process is stated in the form of an multi
objective optimisation problem under constraints and in the second situation,
the decision process is modelled as a debate.

The paper is structured as follows. First, section 2 establishes the model
of relationships between actions and objectives satisfaction. Sections 3 and 4
presents the formalization of the problem of defining joint actions composing
the solution satisfying all services and respecting cost constraints respectively
on the collaborative and cooperative situations.

2 Fuzzy Relationship Between Actions and the
Satisfaction of Objectives

We consider a group of services denoted D = {d1, ..., dl} that are in charge of
building a common solution for the design of a new product or system. Each
service d is in charge of a set of actions Ad. For instance, an action consists in a
person performing a task, a mechanical or software component, etc. Each service
proposes his actions to compose a candidate solution with other services. Thus
the set of candidate solutions S = {s1, s2, ...} is composed of all admissible joint
actions. These actions must guarantee a good performance of the new system.
We assume here that the performance of the new system induced by a set of
joint actions s ∈ S is measured by v(s) where the value function v is defined
in formula 2. The function v represents the overall satisfaction of the objectives
set for the new system. Here, v will be built on the basis of what the services



will provide as information about the effects of their actions on the satisfaction
of the objectives of the system. Moreover, we consider that the value function v
may be obtained through the partial value functions vi, i ∈ N representing the
satisfaction on each single objective using an appropriate aggregation operator.

The transformation that links actions in Ad and the ith objective, i ∈ N ,
is composed of two transformations: 1) The transformations Ti (i ∈ N) that
represents the behavioral relation between inputs (actions) and each of its out-
puts (characteristics); 2) the value functions vi expressing the satisfaction of the
service related to the achievement of the ith objective.

Most of the time, the transformation T = (T1, . . . , Tn) cannot be precisely
known in a complex system. In some cases, the acquisition of T requires com-
plex simulations or experiments, which are costly and time consuming (example
of military architecture, [?]). Hence transformation T generally needs to be ap-
proximated. We will use a fuzzy behavioral model. Indeed, as the gathered in-
formation originates from the experts or managers perception rather than being
factually measured, it is intrinsically imprecise [8].

Furthermore, each action considered must allow the satisfaction of at least
one objective but it is not excluded that this action may have a negative impact
on other objectives. Thus, the scale used for the evaluation of each objective must
be bivariate allowing positive and negative evaluation [2]. For instance, in the
automotive industry, the action of ”using modular platform” reduce the weight
of cars and then has a positive impact on the objective ”reducing the shock with
a pedestrian, animal or cyclist” but this action could impact the stability of the
vehicles then it has a negative impact on the objective ”safety of the driver”. In
our setting, we propose to use two linguistic variables to represents the impact
of actions on each objective: satisfaction and dissatisfaction variables.

In [4] [5] [8] a degree in ]0, 1] called the ”degree of belief” for positive or
negative impact of an action on an objective is introduced. The semantic of
this degree is unclear and then not easy to provide by experts. In addition, the
imprecision inherent to expert knowledge is not taken into account. In this paper
we propose to represent the impact of actions on objectives within the setting
of fuzzy logic. Thus several linguistic terms can be associated to each of the two
previous linguistic variables. For example, terms low, medium and strong can be
used.

Definition 1. Consider the iih objective, denoted Obji where i ∈ N , and an
action a ∈ A. Either, action a induce a satisfaction on Obji in a such case Sai
denote the associated linguistic term describing the degree of a such satisfaction.
Or, action a induce a dissatisfaction on Obji in a such case Da

i denote the
associated linguistic term describing the degree of a such dissatisfaction.

The bivariate fuzzy model described in Definition 1 can be represented through
a digraph between A and N , denoted Dig(A, N), such that (Fig. 1 shows an ex-
ample): the arc between a and Obji defined

Arc(a,Obji) =

{
+Sai in case of satisfaction
−Da

i in case of dissatisfaction
(3)
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Fig. 1. Digraph of actions-objectives relationships

As we can remark in the example given above of automotive industry, a
single action can not satisfy all the objectives. Thus several actions are required.
Let consider a subset of actions ap and an objective Obji. Several actions in
ap may induce satisfaction on Obji and several other actions in ap may induce
dissatisfaction on Obji. We denote by ASi (ap) (resp. ADi (ap)) the crisp subset of
actions in ap that induce satisfaction (resp. dissatisfaction) on Obji.

To obtain the overall satisfaction and dissatisfaction of the joint implemen-
tation of actions in ap, it is important to consider all the interactions and results
emerging from the joint implementation of some actions. The simplest solution
is to evaluate the impact of all possible combinations of actions. However, when
the set of actions is very large, this solution seems unrealistic. To simplify, we
consider again a soft model based on mathematical operator applied to fuzzy
subsets. In order to reduce the number of actions that do the same thing, we
consider that the satisfaction and dissatisfaction caused by the joint actions can
not be additive. Thus, based on cautious behaviour, we keep all the maximum
possibility degrees of satisfaction and dissatisfaction in the aggregated result by
using a conjunctive operator. Finally, we propose to synthesize the satisfaction
and dissatisfaction of ap on Obji as follows:

µSap
i

=
∨

a∈AS
i (ap)

µSa
i
; (4)

µDap
i

=
∨

a∈AD
i (ap)

µDa
i
. (5)

where µSa
i

(resp. µDa
i
) is the fuzzy subset associated to linguistic term Sai

(resp. Da
i ).

The next step is to verify if service is satisfied by the impact of actions in ap
on Obji. This is done here by comparing the center of area of the resulting two
fuzzy subsets µSap

i
and µDap

i
to two thresholds αi, βi ∈]0, 1] fixing the limits of

satisfaction and dissatisfaction degrees.

Definition 2. Let consider an action plan ap, an objective Obji and two thresh-
olds αi, βi ∈]0, 1] . We consider that ap satisfies Obji if:

1.

∫
y×µS

ap
i

(y)dy∫
µS

ap
i

(y)dy
≥ αi and



2.

∫
y×µD

ap
i

(y)dy∫
µD

ap
i

(y)dy
≤ βi.

Equations (4), (5) and definition 2 concerns a single objective but can be
extended to any subset of objectives.

The principle extension of Zadeh allows aggregating satisfactions and dissat-
isfactions as follows:

µSap
N

(y) =
∨

(y1,...,yn)
φS(y1,...,yn)=y

∧
i∈N

µSap
i

(yi). (6)

where φS is an aggregation operator representing the DM trade-off on the satis-
faction of objectives.

µDap
N

(y) =
∨

(y1,...,yn)
φD(y1,...,yn)=y

∧
i∈N

µDap
i

(yi). (7)

where φD is an aggregation operator representing the DM trade-off on the dis-
satisfaction of objectives.

Note that φS and φD are two operators applied to a vector of real values
from [0, 1]n to [0, 1]. They can be a classical operators like min, max or weighted
average operator or more sophisticated operators like Choquet integral or Sugeno
integral.

We can also define the satisfaction and dissatisfactions of ap on a subset of
objectives I ⊂ N by fixing the results of ap on the remaining objectives, i.e.,
N \ I, at given values:

µSap
I

(y) =
∨
yI

φS(yI ,y
0
N\I)=y

∧
i∈I

µSap
i

(yi). (8)

µDap
I

(y) =
∨
yI

φD(yI ,z
0
N\I)=y

∧
i∈I

µDap
i

(yi). (9)

where the notation yI represents the components of the vector (y1, . . . , yn) for
the indices in I and the notation (yI , y

0
N\I) represents the vector z where zi = yi

if i ∈ I and zi = y0i if i ∈ N \ I.
In the similar way as in definition 2, we verify if ap satisfy the subset of

objectives I.

Definition 3. Let consider an action plan ap, a subset of objectives I ⊆ N and
two thresholds αI , βI ∈]0, 1] . We consider that ap satisfies objectives in I if:

1. sI(ap) =

∫
y×µS

ap
I

(y)dy∫
µS

ap
I

(y)dy
≥ αI and

2. dI(ap) =

∫
y×µD

ap
I

(y)dy∫
µD

ap
I

(y)dy
≤ βI .

If the two previous conditions are satisfied, sI(ap) is considered as the degree
of satisfaction of objectives on I by ap, otherwise sI(ap) = 0.



Note that the dissatisfaction degree will be less mentioned than the satisfac-
tion degree in the following. Indeed, the satisfaction the degree is the aggregated
sI(ap) result of ap, including dissatisfaction degree, and if sI(ap) = 0 it means
that dI(ap) ≤ βI .

3 Selecting Joint Actions from Collaborative Services

An operational cost c(ap) is associated with each action plan ap. We assume for

any action a, c({a}) > 0 and: c(ap) =
∑
a∈ap

c({a}).

In most instances, a cost constraint is applicable to the new system such
that the cost of an action plan cannot exceed a predetermined budget denoted
b0 ∈]0,∞]. In addition, the new system may require a degree of satisfaction
higher than a predetermined threshold α0 ∈]0, 1]. Nevertheless, services of course
prefer the solution with the highest satisfaction degree when the cost is the same;
inversely, they prefer the cheapest solutions when the satisfaction degree is the
same.

Let us define the Pareto order ≺Pareto over action plans:

(sN (ap),−c(ap)) ≺Pareto (sN (ap′),−c(ap′))
⇔ [(sN (ap) < sN (ap′)) and (c(ap) ≥ c(ap′))]

or [(sN (ap) ≤ sN (ap′)) and (c(ap) > c(ap′))]

(10)

Action plan ap is dominated by action plan ap′ if (sN (ap),−c(ap)) ≺Pareto

(sN (ap′),−c(ap′)).

In collaborative approach where service share all their knowledge of the sys-
tem before collective action, the complete digraph Dig(A, N) is known and the
multi-objective optimization problem of formula (1) is adapted for our fuzzy
model as follows:

max (sN (ap),−c(ap))
s.t:
ap ⊆ A =

⋃
d∈D
Ad

sN (ap) ≥ α0

c(ap) ≤ b0

(11)

When the number of actions is very large the resolution of this optimization
problem clearly raises a combinatorial problem.

The hypothesis of collaboration leading to the optimisation problem of for-
mula (11) means that the services involved in the process of designing the new
system share their partial knowledge on the fuzzy model of relationship between
action and objectives so that all services have full knowledge of the model before
committing collective action. This assumption is not always valid; service heads
are not always willing to share knowledge of their own design service. However,
they are willing to cooperate to build a common solution. Thus collaborative



approach is not often feasible in practice. It seems more natural to consider that
the teams will cooperate more than collaborate. In the following section, we
address the problem of selecting joint actions from cooperative services.

4 Selecting Joint Actions from Cooperative Services to
Achieve Common Goals

In the case of cooperating services, the model is constructed gradually: each ser-
vice contributes when it is required, there is no a priori planning. The collective
choice of action plan is thus modelled as a debate. Services exchange knowledge
and negotiate the way actions will be distributed. The more actions are carried
out in a service the greater his budget.

We consider that no service is able to possess the action plan satisfying all
the objectives. Thus, each service needs actions from others to build joint action
plan.

4.1 General Principle for Debate Structure

Let consider a service d ∈ D. Actions in Ad induce impacts only on a subset
Id = {id1, . . . , id|Id|} ⊆ N . The partial digraph Dig(Ad, Id) of service d is presented
in figure 2.
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Fig. 2. Partial digraph of actions-objectives relationships

For simplification purpose and to limit the information required from the
experts, we consider that the thresholds of satisfaction and dissatisfaction for
subsets of objectives can be deduced from those of single objective as follows:
∀I ⊆ N , αI = min

i∈I
αi, and βI = max

i∈I
βi. It comes α0 = min

i∈N
αi. This is an opti-

mistic way of considering aggregated satisfaction and dissatisfaction thresholds.
Services would propose their actions in order to increase their budget, then

we need to manage the turn of propositions. This is done by selecting the service
having the best offer for the common objective at the current stage. Then services
have to learn from the previous propositions in order to make adequate next
proposition.



Indeed, at the beginning, the services do not know the impacts induced by
the actions of others services. At this stage, the information shared between
the services are: the set of objectives to be satisfied N , the constraints αi, βi,
∀i ∈ N and the constraint concerning the cost of the proposed actions that
should not exceed the budget b0. However, each service d start with a fictive
complete digraph by introducing fictive actions that are supposed to be owned
by other services and satisfying objectives that are not satisfied by d.

When a proposal is made, the service reveals required information on the
proposed actions. Each service has to take advantage from this information and
complete his partial digraph to make successful propositions.

Let us introduce time variable t explicitly in the notations. Let apt be the
common action plan build at time t and It the subset of objectives satisfied, i.e.,
sIt(apt) ≥ α0, by apt. The debate organization is broken down into the following
steps:

– At t = 0, ap0 = ∅ and I0 = ∅.
– At t ≥ 1, the current action plan is apt−1 and the satisfied objectives are in
It−1.
1. Each service propose an action plan to complete apt−1. The new proposal

should satisfy new objectives in N \ It−1 and should guarantee sI(t) > 0.
He adopts a suitable strategy to make a proposal that maximizes his
earnings (see subsection (4.2)). The algorithm solving the optimisation
problem (11) is used locally by the service to select actions forming his
proposal;

2. A selection is made for the next action plan to add to apt−1 (see subsec-
tion 4.3);

3. Action plan apt satisfying It is built by adding new actions to apt;
4. Each service updates his information about the proposed actions (see

subsection 4.4). Thus the partial digraph of a service is time depending,
denoted Dig(Ad(t), Id(t)).

– When at t ≥ 1 no proposal can be made by services because of cost con-
straint, the debate starts from the beginning, i.e. the resulting common
action plan is emptied, and services update their information.

– The debate ends when It+1 = N and cost constraint is respected.

Note that when a joint action plan satisfying all the objectives is found all other
remaining actions are no longer receivable.

4.2 Individual Action Plan Choice Strategies

At each step t, all the services with available actions must adopt an appropriate
strategy to propose the most relevant actions. The stake is twofold: i) the actions
proposed by a service must be chosen at time t and, 2) the common action plan
must be successful.

Let APd(t) the Pareto front of solutions for the optimisation problem (11) for
the digraph Dig(Ad(t− 1), Id(t− 1)). The following criteria may be introduced
to select a solution sapd(t) from APd(t) depending on the debate stage:



- sapd(t) may maximize the number of satisfied objectives, i.e., there is no
cost conflict;

- sapd(t) may maximize the satisfaction degree;
- sapd(t) has minimal cost.

4.3 Fair Resources Sharing

Let denote props(t) the set containing the next propositions of the services (each
service propose a single sub action plan).

Let consider the following notations:

– Gmaxd =
∑
a∈Ad

c(a) the maximal expected gain for service d,

– Gd(apt) =
∑

a∈apt∩Ad

c(a) the individual gain of service d from the common

action plan apt.

To quantify the loss of earnings for service d with respect to apt we can use
the following formula: Gmaxd − Gd(apt). However, for homogeneity reasons, the
formula (12) is preferred.

ρ(d, apt) = (Gmaxd −Gd(apt))/Gmaxd . (12)

We assume that each service have at least an action with strictly positive cost.
We consider in our approach that the group tries to avoid an unfair sharing

of the allocated budget by minimizing the loss of earnings of the worst paid
service. The worst paid service with respect to to common action plan apt is
defined as follow:

d(apt) = argmax
d∈D

[ρ(d, apt)]. (13)

It comes that the new proposition sap(t) should verify:

sap(t) = arg min
sap∈props(t)

max
d∈D

[ρ(d, sap ∪ apt−1)]. (14)

The new common action is apt = sap(t) ∪ apt−1.

4.4 Digraphs Updating

Let d(t) the service owner of the proposal sap(t) ⊆ Ad(t). Service d ∈ D\{d(t)} a
priori don’t know satisfactions and dissatisfactions induced by actions in sap(t).
The service d(t) must give the necessary information about his actions so that
the other services can complete their digraph and make the next proposals. d(t)
should reveal the following information:

– the new satisfied objectives Isd(t);

– the new dissatisfied objectives Idd(t);

– the maximum dissatisfaction degree induced on Idd(t);



– the cost of actions in sap(t);
– the new satisfaction degree.

From those information and from the fact that new actions should guarantee
sI(t) > 0, services in D\{d(t)} have a quantity of helpful information to continue
the construction of their complete digraph.

5 Conclusion

This article offers an aid to the evaluation of the degree of satisfaction of a
new product or system to a set of expected objectives when various candidate
solution are possible and several teams are involved in the project. The evaluation
focuses on the actions leading to the implementation of new product or system.
We have shown the link between this problem and a classical decision-making
process based on MCDA approach and we have distinguished two configurations
of services in a company: collaborative services and cooperative services. In the
first configuration a multi-objective optimisation problem is stated to resolve the
problem of selecting the optimal set of actions with regard to cost and satisfaction
degree constraints. In the second configuration, the problem is stated as a debate
between services where the objective is to build a common action plan satisfying
a set of objectives under the same previous constraints. The debate modelling is
better suited to practical situations where each service controls his own know-
how, and only shares the part of his knowledge which is required achieving the
global objective, defending his own interests and not necessarily revealing his
weaknesses. The debate model can be also seen as a decision-support system
used by a service (or a group of services) during the real debate to optimize his
own interest. In the two cases fuzzy logic and MCDA tools are used to represent
the relationship between actions and objectives satisfaction.

This is a preliminary work. In order to complete our debate modelling, sev-
eral points in our approach deserve to be deepened in the future works. For
instance, we are currently working on refining and finalizing the knowledge up-
dating phase. In addition, we are working to provide an illustrative example of
the approach. Furthermore, we will work to establish links between this work
and existing approach dealing with debate modelling as the fields of game theory
and theory of argumentation.
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