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1. Abstract
In this paper, utilizing gradient (i.e. derivative) information to navigate through multiobjective optimization solutions is studied. Targets in multiobjective optimization are conflicting, and thus it is impossible
to satisfy all of them at the same time. Therefore, new ways to assist the solution process and navigation
through a Pareto-optimal front in multiobjective optimization are needed. When using gradient-based
multiobjective optimization methods, gradients are needed to be calculated for the optimization problem
solver. However, existing gradient information can be utilized thorougher: we present two different ways
to control and direct the optimization process interactively by utilizing gradient information. First, gradients can be used for approximating a Pareto-optimal front, and secondly, calculating trade-offs between
the optimization targets. Results from the numerical examples indicate that these approaches enable
more efficient search for the best possible solution because the approaches predict how the conflicting
objectives will behave and they indicate what changes to the current solution are productive to make
during the optimization process. This decreases the number of uninteresting solutions calculated, and
better solutions can be obtained by finding advantageous trade-offs.
2. Keywords: Nonlinear multiobjective optimization, Interactive methods, Gradient information,
Trade-off information, Decision Support.
3. Introduction
In multiobjective optimization, there are several conflicting targets that cannot reach their optima
simultaneously. Thus, finding the optimal solution is not trivial, and a comparison and decision making
between different compromise solutions, so-called Pareto-optimal solutions (forming a Pareto-optimal
front), is not an easy task for the human mind. Therefore, new ways to support decision making are
needed.
In this paper, gradient (i.e. derivative) information is used to assist solution processes and navigation
through a Pareto-optimal front in multiobjective optimization. When using gradient-based optimization
solvers (with scalarized multiobjective optimization problems), gradients are needed to be calculated
some way. However, existing gradient information can be utilized more carefully to assist the decision
making process. First, a computationally efficient meta-model for approximating a Pareto-optimal front
can be produced using the gradient information. With the approximated Pareto-optimal front, behavior
of the Pareto-optimal solutions can be predicted in a certain area, which can be useful information in
decision making. Similar ideas of approximating Pareto-optimal fronts have been presented also in the
literature [1, 2, 3, 4].
Second, gradient information can be employed during an interactive solution process to generate
so-called trade-off information. Here, a decision maker (a person who is supposed to have better insight
into the problem considered) utilizes the trade-off information to predict the most profitable direction
where to look for the best Pareto-optimal solution. That is, when one target is getting better, how
to maintain feasible levels of other targets. The concept of trade-off is used in the context of multiobjective optimization because the Pareto-optimal solutions of the conflicting targets are mathematically
incomparable and one has to sacrifice in some objective in order to gain in some other objective, and
this is called trading-off. In other words, this kind of trade-off information describes interdependencies
between objective functions and how their values change locally with respect to others. Furthermore, we
want to present the trade-off information to the decision maker as clearly as possible so that interpreting
and utilizing it becomes easier and the desired solution is easy to choose. The concept of trade-off have
been widely discussed in the literature, see e.g. [5, 6, 7, 8, 9, 10, 11, 12, 13], but here we concentrate on
supporting the decision making process with the trade-off information such as in [14].
Results from the numerical examples indicate that presenting an approximation of a Pareto-optimal
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front and the trade-off information to the decision maker makes the optimization process more intuitive.
Since decision makers are able to predict how the solutions may behave, directing the solution process
comes more efficient and he/she can learn about the interrelationships between the objectives. Thus, the
number of uninteresting solutions computed decreases. The support provided by gradient information
is extremely welcome especially when the evaluation of objectives requires solving of computationally
costly mathematical simulation models. That is the case in real world industrial problems, see e.g. [15],
in which it is important to reduce the number of trial-and-error experiments to be made.
Rest of the paper is organized as follows: Next, there is a section in which multiobjective optimization
is presented. After that, the utilization of gradient information is explained. In this section, both, an
approximation of a Pareto-optimal front and the use of trade-off information are described. Next section
contains two examples: An academic example with two conflicting objectives, and a real world example
having three conflicting targets. The final section is devoted for conclusions.
4. Multiobjective optimization approach
In general, a multiobjective optimization problem can be defined as follows [16]
minimize
subject to

{f1 (x ), f2 (x ), . . . , fk (x )}
x ∈ S,

(1)

where x is a vector of decision variables from the feasible set S ⊂ Rn defined by box, linear and
nonlinear constraints. We can denote a vector of objective function values or an objective vector f (x ) =
(f1 (x ), f2 (x ), . . . , fk (x ))T . We denote the image of the feasible set by f (S) = Z and call it as a feasible
objective set. If some objective function fi is to be maximized, it is equivalent to consider minimization
of −fi .
In multiobjective optimization, optimality is understood in the sense of Pareto-optimality [16]. A
decision vector x ∗ ∈ S is Pareto-optimal, if there does not exist another decision vector x ∈ S such that
fi (x ) ≤ fi (x ∗ ) for all i = 1, . . . , k and fj (x ) < fj (x ∗ ) for at least one index j. These Pareto-optimal
solutions constitute a Pareto-optimal front, i.e. a Pareto-optimal set. From a mathematical point of
view, all of these Pareto-optimal solutions are equally good and they can be regarded as equally valid
compromise solutions of the problem considered. Because vectors cannot be ordered completely, there
exists no trivial mathematical tool in order to find the most satisfactory solution in the Pareto-optimal
front.
Because all the solutions are equally good, an expert of the problem (from the application field)
known as a decision maker is typically needed in order to find the best or most satisfying solution to
be called the final one. The decision maker can participate in the solution process and in one way
or the other, determine which one of the Pareto-optimal solutions is the most desired to be the final
solution. It is often useful for the decision maker to know the ranges of objective function values in the
Pareto-optimal front. An ideal objective vector gives lower bounds for the objective functions in the
Pareto-optimal front and it is obtained by minimizing each objective function individually subject to the
constraints. A nadir objective vector giving upper bounds of objective functions in the Pareto-optimal
front is usually difficult to calculate, and, thus, its values are usually only approximated, for example,
by using pay-off tables, see for more [16].
Sometimes, the many methods developed for multiobjective optimization are divided into four classes
according to role of the decision maker [16]. First, there are methods where no decision maker is available
and where the final solution is some neutral compromise solution. The three other classes are a priori, a
posteriori and interactive methods, where the decision maker participates in the solution process before
it, after it or iteratively, respectively. We concentrate on the last-mentioned class in this paper. Interactive methods make possible the decision maker to control the solution process iteratively and learn
about the conflicting targets during optimization. This approach also provides shorter computing times,
because the decision maker directs the solution process the way he/she wants and only such solutions
he/she is interested in are generated. In this paper, by adding the potential offered by gradient information, the solution process can be made even more intuitive and easier to understand.
5. Utilization of gradient information
In this section, we discuss about two different ways how gradient information can be used in supporting
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the interactive decision making process. First, we approximate a Pareto-optimal front with help of Taylor’s polynomial in which gradient information is needed. Second, we discuss how trade-off information,
which has been computed with help of gradients, can be utilized when navigating through a Paretooptimal front during an interactive optimization process.
5.1. Approximating a Pareto-optimal front using gradient information
When using gradient-based optimization solvers (with scalarized multiobjective optimization problems),
gradient information is needed to be calculated. In addition, it can be used in different ways to assist
the decision maker. With the gradient information we are able to produce a computationally efficient
meta-model for approximating a Pareto-optimal front. With the approximation, behavior of the Paretooptimal solutions can be predicted in a certain area, which can be useful information in decision making.
In this study, we use Taylor’s formula to find a successive approximation to a Pareto-optimal front.
Taylor’s formula expresses a function as an infinite sum of terms calculated from the values of its
derivatives at a single point. Taylor’s formula (a polynomial approximation and an error (remainder)
term) can be written as
P (x ) =

p
X
1
1 l
d f (a; x − a) +
dp+1 f (ξ; x − a),
l!
(p + 1)!

(2)

l=0

where p ∈ N and dl denotes l order of derivatives. In Taylor’s formula, the first term (expressed as a
sum) gives a polynomial approximation of function f in the neighborhood of point a, and its accuracy
can be estimated with the second term even if the point ξ is unknown.
In Eq.(2), polynomial approximation of function f
P(x ) =

p
X
1 l
d f (a; x − a),
l!

x ∈ Rn

(3)

l=0

is a Taylor’s polynomial of a function f in point x . Using Eq.(3), an approximation of a Pareto-optimal
front can be formed (see, e.g. Figure 1). In the Figure 1, there are different order (p = 0, . . . , 3)
polynomial approximations of a Pareto-optimal front based on Taylor’s polynomial. Polynomial P(x )
describes a Pareto-optimal front better than other polynomial of degree p.
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Figure 1: Approximations of a Pareto-optimal front based on Taylor’s polynomial for a multiobjective
optimization problem formulated in [17].
If we have derivative information of degree p, we can find a good Taylor’s polynomial approximation
to a Pareto-optimal front. Nevertheless, in practice (in the real world problems), we usually have only
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first order of derivatives (p=1), and thus the approximation is not accurate but it gives information of
local changes. Then, the Taylor’s polynomial is of the form
P(x ) = f (a) + d1 f (a; x − a).

(4)

Based on the presented first order linear Taylor’s polynomial approximation (4), new points (approximating Pareto-optimal points) can be generated to the neighborhood of the Pareto-optimal point
without solving the original problem. The main idea is that a nonlinear approximation of the Paretooptimal front between the Pareto-optimal points can be done based on the Pareto-optimal points and
the approximated Pareto-optimal points by using e.g. the least square method. In a two-objective case,
at least two Pareto-optimal points and two approximated Pareto-optimal points between these points
are needed, and, in three dimensions, at least three Pareto-optimal points and six approximated points
between these points are needed. Thus, an algorithm can be written:
Algorithm 1: Let us assume that we have k Pareto-optimal solutions forming a set denoted by PP. Let
AP be a set of approximated Pareto-optimal points.
1. Set AP = φ.
2. For each fi ∈ P P .
(a) Select k - 1 nearest points from PP \{fi } and denote them by fbj ∈ Pd
Pi , j = 1, . . . , k − 1.

(b) Put also fi in Pd
Pi and check that a similar set does not exist Pd
Pk , k = 1, . . . , i − 1. If there
is a similar set, then go to 1.
(c) Calculate using Taylor’s polynomial approximation new points as follows: For each fj in Pd
Pi

i. calculate k - 1 new approximated Pareto-optimal points (one toward each point in Pd
Pi
except fj ), and
ii. put the points in AP.
(d) Fit a proper approximation for a Pareto-optimal front using Pd
Pi ∪ AP .

3. Show the approximations obtained and ask if more accurate approximation of a Pareto-optimal
front is needed. If not, then exit.
4. Calculate a new Pareto-optimal solution with a multiobjective optimization solver and put it in PP.
Continue from 1.
Two examples of using this algorithm are presented in the Results section.
For nonlinear problems, first order Taylor’s polynomial is accurate approximation only in some finite
neighborhood of the current solution. In that sense, a fitted approximation of the Pareto-optimal front
based on only a few Pareto-optimal points (and a few approximated points) can be even misleading
in some cases; if the Pareto-optimal points are not closely-spaced, the approximation between these
points can be inaccurate. However, a skillful decision maker can obtain more information from the
approximation than only from the Pareto-optimal points, and naturally the piece-wise fitted nonlinear
approximation of the Pareto-optimal front comes more accurate when the number of Pareto-optimal
points calculated increases. In addition, when using this approach, the Pareto-optimal front should be
continuous.
5.2. Navigating through a Pareto-optimal front using trade-off information
Trade-off information has been traditionally used as a part of a multiobjective optimization method. In
our approach, we concentrate on utilizing the trade-off information as an aid which supports decisions, i.e.
our aim is to produce additional value to the used multiobjective optimization method which makes the
decision making easier. Trade-off information idea is possible to use in all classification-based methods
and reference point methods [14] (interactive methods), where preference information given by the
decision maker is needed in specifying a reference point or classifying the objective functions in different
classes. Our target is to support the decision maker in the selection of the next reference point or making
the next classification. Consequence of this, the number of iterations needed is reduced. Thus, the whole
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interactive solution process can be shortened which saves time of the decision maker and reduces the
number of Pareto-optimal solutions needed to be calculated.
Here, the concept of trade-off is presented based on [5]. The ratio of change between points x and
x ∗ involving objective functions fi and fj can be defined by
Tij (x , x ∗ ) =

fi (x ) − fi (x ∗ )
,
fj (x ) − fj (x ∗ )

x , x ∗ ∈ S,

(5)

where fj (x ) 6= fj (x ∗ ). If fl (x ) = fl (x ∗ ) for all l 6= i, j, is Tij called partial trade-off between vectors x
and x ∗ . If fl (x ) 6= fl (x ∗ ) for at least one l 6= i, j, then Tij is called total trade-off.
Using the ratio of change Tij (x , x ∗ ) we can define total trade-off rate at the point x ∈Rn to direction
d as a limit
Tij (x , d ) = lim Ti,j (x + αd , x ),

(6)

α→0

where d 6= 0 is a feasible direction. That is, there exists α0 > 0 such that x + αd ∈ S for all α ∈ [0, α0 ].
If d is a feasible direction such that there exists α > 0 satisfying fl (x + αd ) = fl (x ) for all l 6= i, j
and for all 0 ≤ α < α, then the corresponding tij is called a partial trade-off rate. In continuously
differentiable case, the total and partial trade-off rates can be formulated [16]
tij (x , d ) =

∇fi (x )T d
∇fj (x )T d

(7)

∂fi (x )
,
∂fj

(8)

and
tij (x ) =

respectively, where ∇fj (x )T d 6= 0 and ∂fj 6= 0.
Figure 2 shows the concept of trade-off in the two objective function case in objective space. In
the Figure 2, the set Z = f (S) denotes the image of the feasible set and its thicker boundary indicates
the Pareto-optimal objective vectors set z ∈ f (E), that is, the Pareto-optimal front. The rate-off rate
related to the objective vector z is shown by an arrow. This means that if we want to improve objective
f2 by amount ∆f2 we can approximate the impairment in objective f1 by ∆f1 . As it can be seen in
Figure 2, the rate-off rate in some point is only a linear approximation and, thus, can only be used in
some finite neighborhood of the point considered.
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Figure 2: An illustrated trade-off for two objectives.
In this paper, by trade-off information we mean trade-off rates. In addition, we are interested in tradeoff rates only at the Pareto-optimal points. Thus, in above presented trate-off definitions, a feasible set
S is replaced by a Pareto-optimal set E. At every point x ∈ E we can formulate the trade-off rate
matrix
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t11 (x , d ) . . .

..
..
M (x , d ) = 
.
.
t1k (x , d ) . . .


tk1 (x , d )

..
.
.
tkk (x , d )

(9)

The trade-off matrix (9) reflects sensitivies between objectives when we are moving to the direction d
from the point x . A similar matrix M (x ) can be defined also for partial trade-off rates. With partial
trade-off, we can study how one objective impairs if we want to improve one other objective by one unit,
and other objectives stay unchanged at the same time. In the case of total trade-off, we can consider how
all other objectives change if we improve one objective by one unit. When we have only two objectives,
are the total and partial trade-off rates naturally the same. Computing the trade-off rates is presented
in [14], for example.
Two different ways to present the trade-off information to the decision maker are suggested in this
paper. A straightforward approach is to show the numerical trade-off rate information from the tradeoff matrix (9). Another way to present the trade-off rates to the decision maker is to make some
simplifications to the numerical trade-off rate information presented. That is because sometimes it
might be enough for the decision maker just to know whether the trade-off between objectives is below,
equal or above neutral rate of change. In such a case, a so-called arrow matrix visualization can be used
[14], which is demonstrated in the next section.
For nonlinear problems such as in this paper, the trade-off rate matrix values are often enough accurate approximations only in some finite neighborhood of the current solution. The proper neighborhood
is problem specific and sometimes difficult to characterize. That is why the decision maker have to be
a skillful expert on his/her field to use the trade-off information.
6. Results
Similar ideas for presenting information and supporting the decision making process have been used only
with a reference point method [14]. Therefore, we tested these ideas with a classification based method.
In these examples (one academic and one real world), a classification-based interactive multiobjective
optimization method NIMBUS [18] was used.
6.1. Example 1: An academic example
Here, we used an example presented in [17] in which there were two conflicting objective functions
(f1 : R → R and f2 : R → R) to be minimized at the same time:
f1 (x) = x2

(10)

f2 (x) = (x − 2)2 .

(11)

and
Thus, the problem is as follows
minimize
subject to

{f1 (x), f2 (x)}
−105 ≤ x ≤ 105 .

(12)

In this case, we wanted to present useful information to the decision maker as much as possible
to support he/she in his/hers decisions with a minimal computational effort. Using the interactive
classification-based optimization method, after every classification a new Pareto-optimal solution was
computed and gradient information could be utilized.
Using the Algorithm 1 presented in the previous section, an approximation of a Pareto-optimal front
was generated during the iterative solution process. First, a decision maker calculated two Pareto-optimal
solutions with the interactive multiobjective optimization method. He wanted to obtain two different
kinds of solutions, and thus he made two different classifications: he firstly preferred objective function
f1 and secondly objective function f2 . Two different kind of solutions were obtained (Figure 3 on the
upper-left). Using Taylor’s polynomial with first order derivatives, a linear approximation of the Paretooptimal front in the neighborhood of the Pareto-optimal points was made. With this approximation,
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Figure 3: A piece-wise nonlinear approximation of a Pareto-optimal front based on gradient information
for two objectives.

two approximating Pareto-optimal points were calculated between the real Pareto-optimal points. Now,
the decision maker had four points (two real Pareto-optimal points and two approximated), and a
nonlinear second order polynomial approximation of the Pareto-optimal front could be made to these
four points using the least square method (Figure 3 on the upper-left). For comparison, there is a linear
approximation between these two Pareto-optimal points presented in the same figure. The optimization
process was iterative: now the decision maker could calculate a new Pareto-optimal point between
two existing points, and a new Taylor’s polynomial approximation of the Pareto-optimal front in the
neighborhood of this new point could be done. From this Taylor’s polynomial approximation, new
Pareto-optimal points were approximated. Now, the decision maker was able to generate two separate
second order polynomial approximations of the Pareto-optimal fronts using the least square method in
both sides of the new Pareto-optimal point (Figure 3 on the upper-right). In this way, he obtained
a piece-wise nonlinear approximation of the Pareto-optimal front which accuracy naturally increased
when the number on Pareto-optimal points increased (Figure 3 on the lower-left, with four Paretooptimal points). In this way, by following the Algorithm 1, the Pareto-optimal points and their gradient
information were utilized in forming a good approximation of the Pareto-optimal front with computing
less Pareto-optimal points with the computationally costly real model (which is the case in real world
industrial problems).
In addition, based on the gradients calculated, the trade-off matrix was formed. In Table 1, there
is an example of the trade-off information obtained in the Pareto-optimal point presented in the Figure
1. This information was shown to the decision maker after every iteration (i.e. in each Pareto-optimal
point). To avoid information burden to the decision maker, the information presented was reduced by
using an arrow matrix visualization as discussed in the previous section. In Figure 4, an example of
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Table 1: Matrix of total trade-off rates in the Pareto-optimal point presented in the Figure 1.
f1
f2
f1

f1
1
-2.414

f2
-0.414
1

f2

f2

f1
f1

Inf

Inf

2

2

1

1

1/2

1/2

0

0

−1/2

−1/2

−1

−1

−2

f2

−Inf

−2
f2

−Inf

f1

Figure 4: Visual rate of change arrows and visual compromise bars for two objectives.

arrow matrix visualization is presented. In this example, threshold values used in rate of change arrows
were the following: White color represented small change in objective values (rate of change was from
-0.5 to 0.5), and light gray meant neutral change (rate of change was from -2 to -0.5 or from 0.5 to 2).
In addition, significant change was expressed with black color (rate of change less than -2 or more than
2). If the arrow points up, the objective improves, and if the arrow points down, the objective impairs.
In this particular Pareto-optimal point, it can be seen that if both objectives are equally important to
the decision maker, it could be profitable to try to improve f1 because f2 impairs only a little at the
same time. Instead, if the decision maker tries to improve f2 , will f1 worsen significantly.
With this information presented to the decision maker, the optimization process could be made more
efficient and the decision maker could better understand the interrelationships between targets without
numerical burden. Therefore, less Pareto-optimal solution needed to be computed, and thus solving the
optimization problem came easier and faster.
6.2. Example 2: A real world example
In this example, a radiotherapy treatment planning case is studied. There are three objective functions:
f1 (x ) = ||DP T V − D(x̃ )||L∞ (P T V ) ,

(13)

f2 (x ) = ||D(x̃ )||L2 (OAR)

(14)

f3 (x ) = ||D(x̃ )||L2 (N T ) ,

(15)

and
where L∞ is L∞ -norm and L2 is L2 -norm. The objective function f1 describes the maximum dose
deviation from a desired dose DP T V in the tumor (PTV) and we want to minimize it. The objective
functions f2 and f3 are the averaged doses in the organ at risk (OAR) and in normal tissue (NT),
respectively, to be minimized, too. The desired dose DP T V was scaled to 100%. As one can easily
understand, the targets are conflicting, so all the treatment planning targets cannot reach their minima
at the same time. Achieving the desired dose DP T V in the PTV is not possible without affecting some
other regions because the radiation must travel through NT to reach the PTV, for example (see, Figure
7. In Figure 7, dark grey area is the PTV, light grey area is the OAR, and these areas are surronded by
NT (white). Therefore, the problem is as follows
minimize
subject to

{f1 (x ), f2 (x ), f3 (x )}
0 ≤ x ≤ 1.
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(16)

In this example, the Algorithm 1 was used to generate an approximation of a Pareto-optimal front
such as in the first example. By following the Algorithm 1, Pareto-optimal points and their gradient
information was utilized in forming a nonlinear three dimensional approximation of the Pareto-optimal
front with computing less Pareto-optimal points with the computationally costly real model. By studying the approximation (Figure 5), the decision maker could obtain a clear picture on his mind how the
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Figure 5: A nonlinear three dimensional approximation of a Pareto-optimal front based on gradient
information. Three Pareto-optimal points calculated are marked with △.
conflicting objectives would behave, and what are the interesting regions of the Pareto-optimal front.
However, in Figure 5, there could be seen that the approximation is accurate only in some finite neighborhood of the Pareto-optimal solutions: the farthermost parts of the approximated Pareto-optimal
front represent unrealistic good solutions (in lower-left corner, for example). Thus, the decision maker
should be a skillful expert from his/hers field to interpret the approximated Pareto-optimal front.
In addition to the approximated Pareto-optimal front, trade-off information was shown to the decision
maker during the interactive optimization process after every iteration. For example, in Figure 6 (and
in Table 2), there is presented the total trade-off information after one iteration. The total trade-off was
Table 2: Matrix of total trade-off rates.
f1
f2
f3

f1
1
-0.093
-0.286

f2
-5.161
1
1.673

f3
-1.999
0.211
1

used because the decision maker felt that it described better his preferences than partial trade-off: he
wanted to see what happens to the other objectives if he improves one of the objectives by one unit.
As can be seen in the figure, it would be profitable to try to improve objective f3 . If objective f3 was
improved by one unit, the objective f2 would also improve and the objective f1 would impair only a
little, for example. For comparison, if he wanted to improve the objective f1 by one unit, would both f2
and f3 impair a lot at the same time. Threshold values used in the rate of change matrix arrows were
the same than in Example 1.
With this information presented to the decision maker, he was able to steer the solution process in
an efficient way and better treatment plans could be obtained by finding advantageous trade-offs. In
addition, less Pareto-optimal solutions was needed to be computed because the decision maker had a
clear picture on his mind of the conflicting targets and their behavior and trade-offs. That is why solving
the optimization problem came easier and faster. In Figure 7, there is the final solution (treatment plan)
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Figure 6: Visual rate of change arrows and visual compromise bars for three conflicting objectives.
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Figure 7: Optimized radiotherapy treatment plan. Left, isodose map and right, dose volume histogram.

presented.
7. Conclusions
In multiobjective optimization, there are several conflicting targets that cannot reach their optima at
the same time. Thus, finding the optimal solution is not trivial, and decision making between different
compromise solutions is not an easy task. Hence, new tools to support the decision making are needed.
In this paper, gradient information is used to assist the navigation though a Pareto-optimal front
in multiobjective optimization. When using gradient-based optimization solvers (with scalarized multiobjective optimization problems), gradients are needed to be calculated. In addition, this gradient
information can be used in different ways to assist the decision maker. First, with the gradient information, we are able to produce a computationally efficient meta-model for approximating a Pareto-optimal
front. With this model, behavior of the Pareto-optimal front can be predicted in a certain area. Second,
gradient information can be used to generate trade-off information. Here, the point is that a decision maker utilizes the trade-off information to predict the most profitable direction where to steer the
optimization process between the conflicting targets.
Presenting the gradient information to the decision maker in different ways makes the optimization
process more intuitive, and it decreases the number of uninteresting solutions computed because decision makers are able to predict how the solutions may behave and thus, direct to solution process more
efficiently and learn about the interrelationships between the objectives. This kind of aid is extremely
welcome especially when simulation models used are computationally costly which is the case usually in
real world industrial optimization problems.
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