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ABSTRACT

1. INTRODUCTION

While in the past decades research on multi-objective evolutionary algorithms (MOEA) has aimed at ﬁnding the whole
set of Pareto optimal solutions, current approaches focus on
only those parts of the Pareto front which satisfy the preferences of the decision maker (DM). Therefore, they integrate
the DM early on in the optimization process instead of leaving him/her alone with the ﬁnal choice of one solution among
the whole Pareto optimal set. In this paper, we address an
aspect which has been neglected so far in the research on
integrating preferences: in most real-world problems, there
is not only one DM, but a group of DMs trying to ﬁnd one
consensus decision all participants are willed to agree to.
Therefore, our aim is to introduce methods which focus on
the part of the Pareto front which satisﬁes the preferences
of several DMs concurrently. We assume that the DMs have
some vague notion of their preferences a priori the search
in form of a reference point or goal. Thus, we present and
compare several reference point based approaches for group
decisions and evaluate them on three ZDT and two ﬂow shop
problems.

In many real-world optimization problems, several conﬂicting objectives have to be optimized simultaneously. In
business problems, for instance, there is usually a tradeoﬀ between the objectives time, cost, and quality. Since
no single optimal solution can be found when objectives
are conﬂicting, multi-objective optimization methods try to
ﬁnd a set of equivalent solutions. Solutions are considered
as equivalent when they are Pareto optimal. Evolutionary
algorithms (EA) have been applied successfully to multiobjective problems as the population based concept is particularly suitable for ﬁnding a set of solutions which approximate the Pareto front in a single run while ensuring
a certain diversity of solutions along this front. The advantage of approximating the whole Pareto front is that no
other information about the decision maker’s (DM) preference is needed prior to the search process [14, 5]. Therefore,
most multi-objective evolutionary algorithms (MOEA) work
with minimum information about preferences and postpone
the decision process after the search process (a posteriori
approach).
This a posteriori approach of ﬁrst computing the complete
Pareto front and then letting the DM chose the preferred
solution out of the Pareto optimal set has two main disadvantages. First of all, especially for problems with many
objectives, the set of solutions representing the Pareto front
becomes large, which impedes the choice for the DM. In
the MOEA literature, this a posteriori decision process is
usually not addressed (for one exception see [9]). Secondly,
in most cases the DM has some ideas about his/her preferences prior to the optimization process [3]. Consequently,
computing the whole Pareto front is a waste of resources
if an articulation of preferences a priori or during the optimization process can help to focus the search on relevant
parts of the Pareto front.
Recently, several approaches have been presented that use
preferences to focus on parts of the Pareto front early on in
the search process [6]. Although this recent development in
the research community is very promising, a crucial fact has
been ignored until now in MOEA research: many decisions
in real-world problems do not only depend on the preferences
of one single DM but on several DMs [26]. For instance, in
ﬂow shop problems, the DMs representing diﬀerent departments of a company attach a diﬀerent importance to each
objective like makespan, tardiness, etc. While the production division prefers to maximize their output and therefore
wants to minimize the makespan, the sales division aims at
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a high customer satisfaction and thus wants to minimize the
tardiness. Another example is the optimization of supply
chains, where the diﬀerent partners in the chain have diﬀerent conceptions of which performance criteria are more important. Although there is a lack of research in MOEA literature on group decisions, research on group decision support
systems has addressed this topic profoundly. However, this
research mostly assumes the following two points which do
not hold for many real-world problems. First, in many cases
it is assumed that there is only a small amount of possible
alternatives among which a group consensus must be found.
Optimization in a huge alternative space is less considered.
Second, usually the group is assumed to be homogeneous so
that the aggregation into one common preference function
is possible.
Against this background, the aim of this paper is to address the lack of research in MOEA for group decision problems. We suggest several techniques for integrating group
preferences into a MOEA, and show how they support the
group in ﬁnding a consensus. Thereby, we assume that the
group is heterogeneous and the group members have some
vague notion about their preferences in form of reference
points or goals. We focus the search on a small set of Pareto
optimal solutions which are preferred by the DMs and test
the proposed approaches on ZDT problems and ﬂow shop
problems. Besides our aim to present possible methods and
evaluate them in experiments, we hope to arouse the interest of other researchers in the ﬁeld of MOEAs to address
multi-objective group decision problems.
The following section provides a literature review on existing MOEA approaches for incorporating preferences of a
DM into a MOEA. Furthermore, section 3 discusses how and
when in the search process of a MOEA preferences of groups
can be incorporated. Thereafter, we propose four diﬀerent
ways of ﬁnding consensus decisions with a MOEA in a reference point based approach. In the experiments in section
5 we evaluate the proposed methods with diﬀerent reference
points and parameter settings on several test problems. The
paper closes with concluding remarks.

2.

PREFERENCES IN MOEA

Recently, several studies in the ﬁeld of MOEA have been
published which do not aim at approximating the whole
Pareto front. Instead, they restrict their search to those
Pareto optimal solutions which are preferred by the DM.
These approaches often combine methods to elicit preferences from multi-criteria decision making by integrating the
DM a priori or during the search process.
One of the ﬁrst attempts in MOEA allows the DM to interactively choose satisfactory and unsatisfactory solutions,
i.e. deﬁne goals as well as worst acceptable levels for each
objective [21, 22]. A goal or reference point is some kind
of preferred point in the solution space which deﬁnes an aspiration level for each objective. A similar approach was
presented at about the same time by Fonseca and Fleming
[14]. They propose a ranking scheme which gives a greater
importance to objectives which do not satisfy a goal. The
goal can be adjusted and reﬁned interactively by the DM
such that more and more solutions are excluded from the
search. An a priori MOEA motivated by goal programming
was proposed by Deb [8]. Deb takes the absolute deviations from solutions to the goal for each criteria as objective
functions and minimizes them with NSGA-II [11].

Other studies aim at estimating the DM’s preferences interactively, for example by presenting the DM regularly with
a number of solutions which he/she has to valuate [25]. This
information is then used for training an Artiﬁcal Neural Network (ANN) which approximates the utility function of the
DM. This approximation is used to select a subset of the
so-called Pareto population which guides the search process
towards the preferred regions of the search space. However,
the authors report that the ANN is not truly reﬂecting the
DM preferences due to early convergence of the ANN and
inconsistencies of the provided preference information. A
further idea in this direction was presented by Phelps and
Köksalan [16]. Several times in the course of the search,
promising solutions are presented to the DM for pairwise
comparison. This information is then used to estimate the
utility function by applying the middlemost weights technique [15]. The population is ranked using this estimated
function and selection is partially inﬂuenced by the ranking.
Other approaches explicitly redeﬁne the concept of Pareto
dominance. Branke et al. [4] construct a minimal/maximal
linear utility function by asking the DM about their minimal/maximal trade-oﬀs (”how many units of A would you at
least/most be willed to trade-oﬀ against one unit of B”). The
so retrieved information is integrated into a new, so-called
guided dominance principle where the slope of the borders
of the dominated area corresponds to the slope of the maximal/minimal utility function. As a consequence, solutions
dominate a larger set in the solution space compared to the
original deﬁnition of dominance and therefore exclude some
solutions from the original Pareto front. Since one disadvantage of the method is that in an m-objective space the DM
has to specify m2 − m trade-oﬀs, Cvetkovic and Parmee [7]
focus on the minimization of the cognitive overload for the
DM. They aim at minimizing the number of questions posed
to the DM while allowing him/her to express their preferences in a fuzzy manner. The weights interfered from the
fuzzy preferences are then used to deﬁne a weighted dominance relation. However, as [3] mention, the approach only
biases the search in a coarse manner since the new dominance scheme only considers whether a solution is better
than another one, and not by how much it is better.
In a paper by Branke and Deb [3], the guided dominance
principle is compared with the idea of biasing the crowding distance measure. The crowding distance is a concept
in NSGA-II which measures the distance between solutions
and thereby ensures the diversiﬁcation of solutions along the
Pareto front. The authors improve an approach suggested
earlier by Deb [9] where he biases the crowding distance with
a weight for each objective provided a priori by the DM.
While with that approach some regions of the Pareto front
cannot be focused, the improved version in [3] allows a better control of the location and the expansion of the preferred
region. The authors project the solutions of the Pareto optimal front onto a linear preference function. The new biased
crowding distance sets the distance of projected points (d )
in relation to their original distance on the Pareto front (d).
Solutions which are in a region on the Pareto front having
a similar slope to the utility function and therefore being
preferred by the DM, produce a d similar to d whereas for
solutions in regions with a large diﬀerence in slope d is much
smaller than d. Hence, regions out of interest are artiﬁcially
crowded and less solutions are allowed to be located there.
For a more detailed overview of incorporating preferences
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Figure 1: The two-stage Pareto ranking scheme by
Tan et al. (1999).
into MOEA, the reader is referred to [6].
In all presented studies, it is assumed that one single preference is given, for instance one linear function or one goal.
The question remains how to deal with preferences of several DM which all have to be satisﬁed at the same time.
Lately, there have been a few studies which at least mention that they easily can be extended to the speciﬁcation
of several preferences. However, they assume only one DM
and therefore do not deal with the problem of how to support several DMs in ﬁnding a consensus solution. Thiele
et al. [23] use a reference point method and combine this
information with the ﬁtness function in an indicator-based
evolutionary algorithm [32]. They mention that with minor
changes their method can be adapted to search in regions
belonging to several reference points. A similar remark is
made by [10] who point out that their proposed reference
direction method can be easily extended to handle multiple
reference directions simultaneously.
To our best knowledge, there are only two MOEAs which
explicitly deal with several preferences. The two-stage Pareto ranking scheme [20] considers both the case where a
consensus among goals must be found as well as the case
where all regions close to one goal are focused separately.
Although the authors do not address explicitly group decisions, their approach could be applied to that case. Yet, as
we will see in section 4, this approach is very coarse and
therefore fails to focus the search for certain combinations
of goals. In a recent paper, Deb and Sundar [12] present a
reference point based method which, however, does only ﬁnd
several subsets of Pareto optimal solutions close to each supplied reference point and no consensus. In section 4, we will
elaborate on both approaches in more detail. We will show
how the reference point based algorithm can be modiﬁed
and extended such that it meets our purpose, and we will
indicate the deﬁcits of the two-stage Pareto ranking scheme.

3.

PREFERENCES IN GROUP DECISIONS

In analogy to scenarios with one DM, methods to integrate preferences of a whole group of DM can be classiﬁed
according to the time when the preferences are articulated
[27]: a priori, progressive, or a posteriori the search. In
contrast to problems with one single DM, in problems with
several DM there must be some kind of aggregation of preferences of all participants so that, ﬁnally, one solution can
be chosen. This diﬀerence has a huge impact on the time

of the preferences’ incorporation. In the a priori approach,
for instance, the decision maker could agree through discussion on one common preference function. That would be a
quite comfortable way from the viewpoint of the optimization process since all approaches considering only one DM
(see section 2) could be applied. Furthermore, many techniques for supporting this process of synthesizing individual
decisions have been established, like the nominal group technique, Delphi techniques, the dialectical approach, and the
analytic hierarchy process (AHP) [29]. Yet, the agreement
to one common preference function often is unrealistic. As
Zahir et al. [30] point out ”in an intermediate-sized group or
in a large group, this homogeneity can be neither guaranteed
nor achieved”.
The second approach of progressively integrating preferences demands a high involvement of the DM. Therefore, in
the case of a whole group of DMs, this approach is a very
demanding and time-consuming one for the participants. In
the a posteriori approach, the Pareto-front would be presented to the group which then has to ﬁnd a consensus again
in discussions or with the aid of one of the already mentioned
tools, like AHP etc.

4. FINDING CONSENSUS WITH MOEA
In this section, we propose four variations of the reference
point based approach by [12] which are able to ﬁnd a group
consensus. The presented approach focuses on relevant parts
of the Pareto front and still presents the DMs with a range
of several solutions at the end of the optimization process.
We think that this procedure addresses the topics discussed
in section 3 adequately. On the one hand, it supports the
group’s decision by improving only solutions which are of
interest for the group and, on the other hand, it leaves a
certain degree of autonomy and ﬂexibility to the group to
make the ﬁnal decision among several alternatives. This
ﬂexibility is important since we do not know whether all
preferences are of equal importance or whether one of the
DM has more power of decision than others.
Coello [5] points out that when addressing several DMs,
one must be aware that the aggregation of individual preferences into a group preference has several negative consequences due to Arrow’s Impossibility Theorem [1]. Arrow
speciﬁed several requirements of social voting systems which
should be satisﬁed when constructing a group solution, and
showed that no voting system can fulﬁll all those requirements at the same time. This theorem was originally stated
for ordinal preferences. Further works show that the impossibility results also hold for cardinal utility functions if these
functions are not interpersonally comparable [17]. Since we
propose a method where preferences are not aggregated into
one single preference function, we presume that the negative results of the impossibility theorem do not hold for our
approach. Nevertheless, this conjecture needs to be proved
in future work.
As pointed out in section 2, there are two existing approaches which consider several preferences, the two-stage
Pareto ranking scheme and the reference point based approach. We will now ﬁrst introduce both approaches, then
we indicate the deﬁcits of the two-stage ranking scheme and
ﬁnally we show how the reference point based algorithm can
be modiﬁed and extended such that it meets our purpose.

4.1 Two-stage Pareto ranking scheme
Tan et al. [20] suggest the following two-stage Pareto ranking scheme computed for each of the m goals Gk , k = 1, ..., m
speciﬁed by the DM. A goal is equivalent to a reference
point and deﬁnes (aspiration) levels for each objective the
DM would like to achieve. In the ﬁrst stage, only solutions
satisfying Gk get allocated a Pareto rank. That is, all nondominated solutions get rank 1 and all others get the rank
according to the number of solutions in the population dominating them plus 1. In the second stage, all solutions not
satisfying Gk in at least one criteria are ranked. Let Fax and
Fbx denote the components of vector Fa and Fb respectively
in which Fa does not meet the goal Gk . Then Fa dominates
Fb :
Fa ≺Gk Fb if and only if Fax ≺ Fbx or |Fa − Gk | ≺ |Fb − Gk |
The rank value in this second stage starts from the maximum
rank of the ﬁrst stage plus 1. Using the diﬀerence |Fa − Gk |

can be interpreted as moving a solution xp to xp as shown
in ﬁgure 1. There, all solutions which are not located in
the left bottom quadrant do not satisfy the goal G and are
therefore transformed in the second ranking stage into the
right upper quadrant. Tan et al. propose the following two
approaches in case of several goals. They concatenate the
ranks of all goals Gk to a solution F (rank(F, Gk )) with
boolean operations OR or AND,
OR : mink=1,...,m {rank(F, Gk )}
AN D : maxk=1,...,m {rank(F, Gk )}.

(1)
(2)

While the OR operation evolves the population toward either of the goals, the AND operation tries to minimize the
deviation from all goals concurrently and therefore attempts
to ﬁnd a consensus.

4.2 Reference point based method
The reference point based method proposed by Deb and
Sundar [12] seizes the suggestion of the OR operation. It
rests upon achievement scalarizing functions proposed in
[28]. In its simplest version, the achievement scalarizing
function minimizes the maximal weighted distance of solutions f (x) towards the reference point r and therefore turns
the d-objective problem into a single-objective one.
Minimize

maxi=1...d [wi (fi (x) − ri )].

(3)

Based on this approach, two MOEAs were suggested, an
interactive [23] and an a priori [12] approach. Due to the
arguments pointed out in section 3 we will focus on the a
priori approach [12]. In this approach a new way of calculating the crowding distance in NSGA-II and still preserving
diversiﬁcation along the front is proposed. The crowding distance is taken to diﬀerentiate between solutions belonging
to the same front (the same non-domination rank). In this
case, a tournament selection selects the individual with a low
crowding distance dc .1 The following three steps describe
the modiﬁcations which are necessary to adopt NSGA-II to
the reference point method [12]:
1
In the original NSGA-II crowding distances of higher value
are preferred while in the reference point based approach
crowding distances of lower value are favored.

1. Ranking For each reference point, a list of the normalized Euclidean distances di to each solution of the current front is sorted in an ascending manner and then
ranked.



 M1  f f (x)−−f r  ,
M

d=

i=1

i
max
i

i
min
i

2

where fi (x) is the i-th objective value of the current
solution and fimax and fimin are the population maximum and minimum values of the i-th objective. The
solution closest to the reference point is assigned rank
one. Each solution has therefore several rank values,
each corresponding to a diﬀerent reference point.
2. Min The minimum of the ranks assigned to a solution is
taken as its crowding distance dc = mink=1,...,m [rankk ]
where m is the number of reference points. Therefore,
a solution closest to one of the reference points is assigned the lowest crowding distance of one.
3. Grouping To achieve a diversiﬁcation of solutions, all
solutions having a sum of normalized diﬀerence in objective values of  or less between them are grouped.
To allow only one random solution of each group to be
kept in the next generation, all others are penalized
with a high crowding distance.
From our viewpoint, the two-stage Pareto ranking and the
reference point based method incorporate concepts which
are valuable when a group consensus must be found. Using
the max rank in the AND operation helps to ﬁnd solutions
which are acceptable to all group members and should therefore be tested further. However, there are constellations of
reference points (goals) where the two-step ranking fails to
focus the search on the relevant parts of the search space.
Such an example is shown in ﬁg. 2(a) on a slightly modiﬁed version ZDT1* of the ZDT1 problem (see section 5.1).
The two reference points are set to [0.1, 0.5] and [0.5, 0.1].
All solutions of the Pareto front are assigned the same rank,
therefore no part of the front is focused. That is because
there is no diﬀerentiation between solutions which are closer
to the reference points. Instead, a pure Pareto dominance
concept is used as method for assigning rankings. We think
that the Euclidean distances to the reference points should
have an eﬀect on the evaluation of solutions as they represent
a point in the solutions space where the DM wants solutions
to be located. Furthermore, ﬁner graduations of ranks or
crowding distances are needed to control the focus on the
Pareto front better. Concerning the reference point based
method, we will see later that it is easily adoptable to the
task of consensus ﬁnding. However, in the current version it
focuses on each reference point separately (see ﬁgure 2(b))
and therefore does not ﬁnd a set of consensus solutions.

4.3 Proposed Consensus Finding Approaches
We propose four diﬀerent variations on how the reference
point based method as suggested in [12] is applied to group
consensus ﬁnding. In the ranking based approach, only the
second step of the reference point method must be adopted,
while for the distance based approach the ﬁrst and second
step are modiﬁed.

Ranking based approach.
In the ranking based approach, the second step (Min) (see
section 4.2) can be changed in two diﬀerent ways. First,
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Figure 2: Comparison between ”AND” operator of two-stage ranking, reference point based method by
Deb and Sundar 2006, and the four newly proposed consensus ﬁnding methods with diﬀerent  values for a
modiﬁed version of ZDT1.
instead of the minimum of the ranks, the maximum of the
ranks is taken as crowding distance (in reference to the AND
operation). Since in contrast to the original NSGA-II, the
crowding distance is supposed to be minimized, we call this
approach the MinMaxRanking. The second idea is to assign
the average rank as crowding distance (AvgRanking). For
example, if one solutions has the ranks 1,4,10 to each of the
three reference points, respectively, the crowding distance
after step 2 would be 5.

Distance based approach.
In the distance based approach, the ﬁrst step (Ranking) is
simpliﬁed because the ranking is skipped and only the normalized Euclidean distances are used as crowding distances.
Then, in the second step, the same changes are made as
in the ranking based approach. We consider all solutions
and assign as crowding distance either the maximal normalized Euclidean distance they have to a reference point
(MinMaxDistance) or the average distance (AvgDistance).
Since for the ranking and the distance based approach, the
grouping step is unchanged, the  parameter can control the
diversiﬁcation of the Pareto front.

5.

EXPERIMENTS

We present experiments for all four variations (AvgRanking, MinMaxRanking, MinMaxDistance, AvgDistance) of
the proposed approach on three ZDT test problems and two
test problems of the ﬂow shop problem. In the ZDT experiments, we show how the proposed approaches perform for
diﬀerent numbers of reference points, diﬀerent locations of
reference points, and diﬀerent settings of the grouping parameter . Afterwards, on the basis of the ﬂow shop problem,

we explain how the method can be applied to a realistic
problem setting. Since the visualization of the results is important for the evaluation of the proposed consensus ﬁnding
method, we limit ourselves to two-dimensional test problems.

5.1 ZDT Problems
For the experiments with the three 30-variable ZDT problems, we use the parameters proposed for the reference point
based method [12]. The distribution index is 10 for the simulated binary crossover (SBX) and 20 for the polynomial
1
mutation operator. The mutation probability is set to 30
(1/length of genotype) and the crossover probability to 0.9.
Furthermore, the population size is set to 100, and each run
is stopped after 50,000 evaluations. The results of each experiment are based on 10 independent runs.

ZDT1*.
ZDT1* is a slightly modiﬁed version of ZDT, in which
a constant value of 0.5 is added to each of the two objectives of ZDT1. This transformation was necessary to better
demonstrate the eﬀects of certain reference points in the two
stage Pareto ranking. ZDT1* forms a convex Pareto front
([31]). Figures 2(c)-(f) show the results for all four variations of the consensus approach for diﬀerent values of  for
the 10 independent runs. We assume the same two reference
points as in ﬁgures 2(a) and 2(b). For a better visualization
of  = 0.005 and  = 0.01, we plot the two Pareto fronts with
a parallel translation of plus 0.1 and 0.2 respectively in each
dimension. The parameter  controls the focus of the NSGAII. For higher  (0.01 and above) the front is as diverse as the
one for the two-stage Pareto ranking because a high  prevents all solutions except one in a quite large neighborhood
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Figure 3: Runs for all three ZDT problems for diﬀerent combinations of reference points.
from being selected (crowding distance penalty).
We see that while MinMaxRanking, AvgRanking and AvgDistance succeed in focusing on parts of the Pareto front
which satisfy the preferences of both DMs (both reference
points), MinMaxDistance focuses on the right part of the
front favoring the reference point [0.5, 0.1]. The same tendency can be observed with AvgDistance. However, taking the average instead of the maximum of the normalized
Euclidean distances produces less extreme values.
Figures 3(a) and 3(b) explain the behavior of the MinMax
approach (the average approach behaves equivalently). We
plot all denominators fimax −fimin of the normalized Euclidean distance over all evaluations. For both, MinMaxDistance and MinMaxRanking the range of f2 is higher in the
ﬁrst 10000 evaluations. Then, in case of MinMaxDistance
f2 constantly falls below f1 , while in MinMaxRanking f1
and f2 are more or less equal. In other words, in both cases
in the ﬁrst 10000 evaluations, the denominator for the normalization of f2 is much higher than for f1 . Consequently
changes in the f2 value of a solution have less eﬀect on the
crowding distance than changes in f1 . The EA focuses on
minimizing f1 and the population is pushed to the left side
of the Pareto front. From the 10000th evaluation on only
for MinMaxDistance the behavior is the other way around.
From now on, the EA focuses on minimizing f2 . This behavior is displayed in ﬁgure 3(c) for the whole search process.
After 2000 evaluations the EA focuses on the left upper part
and moves to the right part from the 10000th evaluation on.
In the ranking approaches there is no such bias after the
10000th evaluation.
Due to this high inﬂuence of the diﬀerent ranges of the
objective functions for the distance based approach, the following experiments focus on the ranking based approaches.

ZDT2.
ZDT2 has a non-convex Pareto front. The results for
a combination of one feasible ([0.2, 1.5]) and one infeasible reference point ([0.6, 0.2]) for the two distance based
approaches are presented in ﬁgure 3(d) with an epsilon of
0.003. Here again, the Pareto front is drawn with a parallel
translation of plus 0.1 in each dimension. Both the nonconvexity of the front as well as the feasibility/infeasibility
of reference points do not cause any problems for the methods. They easily focus on the part between the reference
points on the true Pareto front. More tests were done with
diﬀerent numbers and locations of reference points. All runs
show the desired behavior. For an example with three reference points see ﬁgure 3(e).

ZDT3.
The ZDT3 problem has a non-convex and discontinuous
Pareto front. Both variations behave very similarly on a
case with four reference points (see ﬁgure 3(f)). The concentration on the upper left parts of the front result from
the concentration of three out of the four reference points
in this same corner. Here again, the proposed approach has
no diﬃculties with the form of the Pareto front or diﬀerent
reference points.

Conclusion.
The experiments revealed that the rank based consensus
approaches work well with diﬀerent combinations of reference points and for diﬀerent shapes of the Pareto front. The
grouping parameter  controls nicely the extension of the
focused front but must be adopted separately for each test
problem and each method. It is interesting to note that
with the grouping parameter the DMs can decide a priori
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Figure 4: Comparison of AvgRanking approach and
NSGA-II for a PFSP problem with 50 jobs and 20
machines.

Figure 5: Comparison of AvgRanking approach and
NSGA-II for a PFSP problem with 100 jobs and 10
machines.

whether they would like to have a small concentrated set of
solutions for the ﬁnal choice or whether they want a more
varied set which also includes more extreme solutions which
are more in favor of only one of the DMs. That is, the lower
the grouping parameter is chosen, the more equal the balance of power between the DM should be distributed. If,
on the other hand, the preferences of one or several DM are
more important than others, then the grouping parameter
should be assigned a higher value.

ferent reference points for each problem are set according to
the preferences of every division described above (production rp , sales rs , and controlling rc ). In the experiments
we use OX crossover and shift mutation. The population
size is 100, the crossover probability 0.9 and the mutation
probability 0.05.
Figure 4 displays the non-dominated solutions for the ﬁrst
problem after 10 runs with diﬀerent seeds, each with 50,000
evaluations. We can see that the AvgRanking approach ﬁnds
more and better solutions than the NSGA-II in the region
which represents a consensus between all reference points.
The NSGA-II produced only good results for rp . The convergence of NSGA-II is slower since it aims at approximating
the whole Pareto front.
In ﬁgure 5 one can see the development of the non-dominated individuals for the AvgRanking approach and the
standard NSGA-II considering diﬀerent numbers of evaluations for the second problem. Again the AvgRanking approach shows considerably better results than the standard
NSGA-II. Due to the concentration on the region of interest
for the three DMs, it achieves better solutions while performing less evaluation steps than the standard NSGA-II.

5.2 Permutation Flow Shop Scheduling Problem (PFSP)
The PFSP considers the task of scheduling n jobs, denoted
by J1 , ..., Jn , on a set of m machines, where one machine can
only process one job at a time. All jobs are available at time
zero and have the same processing route (M1 , M2 , ..., Mm ).
For each job Ji and each machine Mj a processing time
is given by pij describing the time Ji needs on machine
Mj . For a feasible schedule σ, the completion time of Ji
is denoted by Ci (σ). In the single-objective case of the
PFSP, the objective is usually to minimize the makespan
Cmax (σ) = maxi=1...n [Ci (σ)]. In this paper we consider not
only the minimization of the makespan, but also the minimization of the total tardiness of the jobs. A job is tardy
if it is completed after its due date di . The total tardiness
is therefore deﬁned as T (σ) =
i=1...n max[Ci (σ) − di , 0].
Both problems, minimizing the makespan as well as minimizing the tardiness, are NP-hard [24].
In a real-world ﬂow shop problem, usually several divisions
are involved in the scheduling decision [2]. The production
division, for instance, wants to achieve output maximization
and would therefore be interested mostly in minimizing the
makespan. In contrast to that, the sales division mostly
wants to achieve customer satisfaction and therefore aims
at minimizing the tardiness. The controlling has to ensure
proﬁt maximization and therefore should be interested in
optimizing both objectives concurrently.
We test the AvgRanking consensus ﬁnding approach on
two ﬂow shop benchmark problems of diﬀerent complexity.
The ﬁrst problem is one with 50 jobs and 20 machines taken
from the literature [13]. The second problem from Taillard
is more complex with 100 jobs and 10 machines [18]. It was
previously extended to the bi-objective case [19]. Three dif-



6. CONCLUSION
Some of the latest approaches in multi-objective evolutionary algorithms (MOEA) do not attempt to approximate
the whole Pareto optimal set of solutions but instead focus
on those solutions which are preferred by the decision maker
(DM). Therefore, it is assumed that the DM has at least
some vague notion about his/her preferences which can help
to focus the search process on only the relevant parts of the
search space. Although this new research on integrating user
preferences into a MOEA makes MOEAs more attractive for
real-world scenarios, a crucial aspect relevant in many realworld scenarios misses: usually, it is a heterogenous group
of DMs which decides for one ﬁnal solution. In this paper, we have addressed this topic and propose a reference
point based MOEA which ﬁnds a set of consensus decisions
among the Pareto optimal set. We have shown that when
normalized distances from solutions to the reference points
are minimized in the algorithm, diﬀerence in the ranges of
the objectives causes strong biases. These biases prevent the
search from focusing on the consensus solutions. However,

when an additional ranking scheme is assigned according to
the normalized distances, this bias vanishes after some evaluations and the approach succeeds in ﬁnding solutions in
the parts which are preferred by all decision makers. Experiments with three artiﬁcial test problems with diﬀerent
Pareto fronts and with two realistic ﬂow shop problems have
validated the proposed approach. In future work, more studies should be done supporting multi-criteria group decision
problems with MOEAs as we think that such approaches are
very relevant for real-world scenarios.

7.
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[15] M. Köksalan, M. Karwan, and S. Zionts. An improved
method for solving multiple criteria problems involving
discrete alternatives. IEEE Transactions on Systems, Man,
and Cybernetics, 14:24–34, 1984.
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