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Abstract—Social issues are complex, and solving them from a
single perspective has other negative effects. We set up various
Key Performance Indicators (KPIs), in which balanced measures
need to be implemented to achieve KPIs. However, it is not
easy for decision-makers to find measures for issues while
considering multiple perspectives. So, we develop an interactive
measure search method that simulates the impact of measures
on society through various KPIs, interacts with decision-makers,
and evaluates numerous measures to identify those aligned with
the decision-makers’ values. This method become a type of in-
teractive multi-objective optimization method using evolutionary
computation. To find the most preferred measure for decision-
makers, this method narrows the search area to the decision-
makers’ preference region within the Pareto Frontier (PF) while
interacting with decision-makers. However, in the early stages
of interaction, since only a few optimal solutions calculated by
evolutionary computation are available, the overall shape of the
PF is not well understood, making it difficult for decision-makers
to specify their preference region within the PF. Therefore, we
propose a method where we predict the PF from the optimal
solutions computed by evolutionary computation, present the
predicted PF to decision-makers. The proposed method reduces
the number of interactions with decision-makers, enabling faster
determination of preferred measures for them.

Index Terms—interactive multi-objective optimization, social
issues, optimum measures, predicted pareto frontier.

I. INTRODUCTION

Social issues are complex, and solving them from a single
perspective has other negative effects. We set up various Key
Performance Indicators (KPIs), in which balanced measures
need to be implemented to achieve KPIs. However, it is

not easy for decision-makers to find measures for issues
while considering multiple perspectives. So, we are developing
interactive measure search method that simulates the impact
of measures on society through various KPIs, interacts with
decision-makers, and evaluates numerous measures to identify
those aligned with the decision-makers’ values. We are also
developing a system equipped with our method, and think
this method will become a type of interactive multi-objective
optimization (IMO) method that finds the most preferred
measure for decision-makers.

IMO has been developing in two fields, the multiple criteria
decision making (MCDM) (cf. [1]) and the evolutionary mul-
tiobjective optimization (EMO) (cf. [2]), which is one of the
evolutionary computation. Also, MCDM and EMO have been
particularly interested in IMO recently. For MCDM, IMO uses
the mathematical programming methodology to find a single
preferred Pareto optimal solution. On the other hand, for EMO,
IMO uses evolutionary algorithms to obtain solutions for better
perspective of decision makers. Please refer to [3] on what
IMO methods exist for both MCDM and EMO and how IMO
has developed. Also, please refer to [4] for how each method
has been evaluated.

Since our method uses evolutionary computation, it can be
considered a type of EMO. Our method narrows the search
area of evolutionary computation to decision-makers’ prefer-
ence region within a Pareto Frontier (PF) while interacting
with decision-makers.

There are many methods [5]–[13] in EMO that use ref-



erence points or modified versions of them to establish the
target value that decision-makers consider ideal. Also, De-
cision Support for computationally Demanding Optimization
(DESDEO), a modular open-source framework incorporating
interactive multi-objective optimization for the first time, was
recently proposed in [14], and supports reference points.

However, decision-makers does not always know the ideal
target value from the outset; there are times when decision-
makers wish to set a reference point only after reviewing
several optimal solutions in the PF. Even if decision-makers
know the ideal target value from the outset, if there is no
optimal solution nearby, repeating the interaction will not yield
the desired optimal solution, thereby placing a psychological
burden on decision-makers.

If the entire PF can be presented to decision-makers from
the outset, they can use it as a reference to correctly set the
ideal target value. Furthermore, decision-makers can realize
that there is no optimal solution close to the ideal target value,
eliminating the need to repeat unnecessary interactions.

Therefore, our contributions are as follows: We propose
a method where we predict the PF from the optimal so-
lutions computed by evolutionary computation, present the
predicted PF to decision-makers. Unlike methods that cannot
present the predicted PF, the proposed method can reduce
the number of interactions with decision-makers by presenting
the overall shape of the PF to them using the predicted PF.
Therefore, decision-makers can more quickly determine the
measure which they prefer. Also, the method for presenting
the predicted PF is not found in [5]–[14].

The structure of this paper is as follows: This section is
the introduction and, in section II, we show the flow of
our proposed method. In section III, we describe how to
generate and update the predicted PF. In section IV, we show
the use case selected as a social issue and the performance
evaluation for the proposed method. Also, section IV has
subsections as follows: In subsection IV-A, we explain the use
case and simulator we select as a social issue. In subsection
IV-B, we explain the evolutionary computation we use. In
subsection IV-C, we conduct experiments on the number of
searches to evaluate the performance of the proposed method.
In subsection IV-D, we describe the experiment by humans.
Finally, in section V, we conclude our paper.

II. THE FLOW OF OUR PROPOSED METHOD

In this section, we explain the flow of our proposed method,
as shown in Fig. 1.

We take up the following case as an example to explain
the flow. We set up several e-stations for shared e-scooters on
an island and encourage the use of e-scooters instead of cars.
Consequently, we examine the effect on the amount of CO2,
convenience, and profit. As a measure, we consider the initial
number of e-scooters installed at each e-station in an early
morning and determine the optimal number of installations.

In step 1, several measure points in the measure parameter
space are determined for the next simulation evaluation. For
example, if there are two e-stations, the measure parameter

Fig. 1. The flow of our proposed method.

space becomes a two-dimensional space and each measure
parameter is the initial number of e-scooters installed at each
e-station.

In step 2, the simulation for each measure point is executed
and the evaluation values are calculated. As evaluation indexes
(EIs), which are the same as KPIs, the total amount of
CO2, the total time taken for travel and the profit of the
e-scooter company are set, and their evaluation values are
calculated. The evolutionary computation then determines a
number of measure points for the next simulation evaluation.
The simulations for these measure points are run to calculate
the evaluation values, which are repeated to calculating several
optimal solutions in the evaluation value space. After the
optimal solutions are obtained, the proposed method uses
linear interpolation to predict a PF and determine predicted
points on the predicted PF.

In step 3, the proposed method presents the optimal so-
lutions and predicted points obtained in step 2 on a parallel
coordinate plot (cf. [15]). Each vertical axis of the parallel
coordinate plot represents each evaluation index. Each red
or blue line segment represents an optimal solution or a
predicted point. Decision-makers view the results presented on
the parallel coordinate plot and use slider bars on each vertical
axis to narrow down their preference region. For example,
if decision-makers prioritize the profit, they can use sliders
on the axis of profit to narrow down to the higher-value
range. The proposed method selects prediction points within
the narrowed-down region and returns to step 1.

In step 1, it uses evolutionary computation to find the
optimal solution corresponding to each selected prediction
point. In step 2, the newly obtained optimal solutions are used
to update the predicted PF. In step 3, the obtained optimal



Fig. 2. A weight space and interval sampling.

solutions and the prediction points of the updated predicted PF
are presented on the parallel coordinate plot. Decision makers
view the results presented on the parallel coordinate plot and
use slider bars on each vertical axis to narrow down their
preference region. Alternatively, decision-makers determine
which measures to adopt from among the optimal solutions.
For example, if a more profitable measure is found, decision-
makers choose it.

III. THE METHOD TO GENERATE AND UPDATE THE
PREDICTED PF

In this section, we describe how to generate and update the
predicted PF.

Let X be an m-dimensional measure parameter space
and x = (x1, x2, · · · , xm) be a point on X . Let F
be an n-dimensional evaluation value space, and f(x) =
(f1(x), f2(x), · · · , fn(x)) ∈ F represents the evaluation result
after executing a simulation. For the value of each evaluation
index, we transform the value such that larger values are better.
For fi(x)(i = 1, · · · , n), if a smaller value of fi(x) is better,
we transform it to gi(x) = −fi(x). If a larger value of fi(x) is
better, we set gi(x) = fi(x). Next, we normalize gi(x) within
the range [−1, 1] and denote the normalized result as g̃i(x).

Let W be an n-dimensional weight space which becomes

{w = (w1, · · · , wn)|0 ≤ wi ≤ 1,

n∑
i=1

wi = 1}.

Then, we define the weighted sum g̃w(x) =
∑n

i=1 wig̃i(x).
We use an evolutionary computation with a single objective

function. When the value of the measure parameter space for
the optimal solution of g̃w(x) is denoted by xw, the optimal
solution is represented by ĝw = g̃w(xw).

We generate and update the predicted PF as follows. By
interval or random sampling, we obtain p weight samples
wj(j = 1, · · · , p) as shown in Fig. 2. Fig. 3 shows the
method for genarating and updating a predicted PF, and Fig.
4 shows the flow of the method. In step 1 of Fig. 3, by using
evolutionary computation, we generate the optimal solutions
ĝ(1,0,··· ,0), ĝ(0,1,··· ,0), · · · , ĝ(0,0,··· ,1) corresponding to the ver-
tices of the PF. Next, by using the optimal solutions, we
generate the predicted points on the predicted PF using linear
interpolation as

g′wj = wj
1ĝ(1,0,··· ,0) + wj

2ĝ(0,1,··· ,0) + · · ·+ wj
nĝ(0,0,··· ,1),

Fig. 3. The method for genarating and updating a predicted PF.

Fig. 4. The flow of the method.

where j = 1, · · · , p. Also, we define the value of the measure
parameter space for wj as

x′
wj = wj

1x(1,0,··· ,0) + wj
2x(0,1,··· ,0) + · · ·+ wj

nx(0,0,··· ,1).

x′
wj is used as the initial value for evolutionary computation

when finding the optimal solution for g̃wj (x). In step 2,
after decision-makers narrow down their preference region,
we select predicted points within the narrowed-down region.
In step 3, we calculate the optimal solutions corresponding to
the predicted points. In step 4, we update the predicted points



Fig. 5. The installation of e-stations on an island in Europe.

on the predicted PF by using the optimal solutions as follows:
Let r or ϵ be a large or small positive real number. Let ĝwjk

(k = 1, · · · , q) be all optimal solutions already obtained. For
any j ∈ {1, · · · , p} \ {j1, · · · , jq}, we define the Euclidean
distance between wj and wjk as djk(w

j) = ∥wj−wjk∥. When
we put

vjk(w
j) = (djk(w

j) + ϵ)−r, ṽjk(w
j) =

vjk(w
j)

Σq
l=1vjl(w

j)
, (1)

we update g′wj to

g′wj +Σq
k=1ṽjk(w

j)(ĝwjk − g′wjk
), (2)

using the inverse distance weighting method, and denote this
updated value as g′wj .

IV. THE USE CASE SELECTED AS A SOCIAL ISSUE AND THE
PERFORMANCE EVALUATION FOR THE PROPOSED METHOD

A. The use case and simulator selected as a social issue

In this subsection, we explain the use case and simulator
we select as a social issue.

We take up the use case of shared e-scooters and set up
several e-stations on an island. We consider the measure about
the optimal initial number of e-scooters installed at each e-
station in an early morning to change the usage dynamics
of e-scooters. The number of e-stations is set to 100, the e-
stations are installed as shown in Fig. 5, and the nodes in Fig. 5
represent e-stations. The number of e-scooters at each e-station
is set between 0 and 5. Therefore, X is the 100-dimensional
measure parameter space and x = (x1, x2, · · · , x100) ∈ X
satisfies xi = 0, 1, · · · , 5 (i = 1, · · · , 100).

We use the traffic simulator of [16] in the use case of
shared e-scooters. This traffic simulator utilizes data of origin-
destination (OD) to determine user travel demand accord-
ing to human behavioural modelling [17], [18]. It simulates
travel modes including car travel, walking, and e-scooter
rental/return. The UI of this traffic simulator is shown in Fig.
6.

The simulation time is set from 6:00 to 7:00, and the number
of OD is set to 25380. Therefore, from 6:00 to 7:00, 25380
people move. As evaluation indexes, we set the following.

• f1: The total amount of CO2

• f2: The total time taken for all travels
• f3: The e-scooter usage rate

Fig. 6. The UI of the traffic simulator for shared e-scooters.

• f4: The revenue of an e-scooter company
• f5: The opportunity loss in e-scooter usage
• f6: The ratio of available e-stations
• f7: The total number of e-scooters

So, F is the 7-dimensional evaluation value space, and f(x) =
(f1(x), f2(x), · · · , f7(x)) ∈ F represents the value of the
above evaluation indexes.

We use the agent-based simulation library SOARS Toolkit
[19], [20] for this traffic simulator. It is a library based on the
role stage model, which is a kind of agent-based model, and
the simulation can be easily implemented.

B. The evolutionary computation

In this subsection, we explain the evolutionary computation
we use.

We use DX-NES-ICI [21] as the evolutionary computation,
which is used in [22]. DX-NES-ICI is a natural evolution
strategy for mixed-integer black box optimization with a single
objective function.

Next, we describe the values of parameters to be set in DX-
NES-ICI. We normalize x ∈ X within the range [−1, 1]. For
each evaluation value, we transform the value such that larger
values are better as follows:

gi(x) = fi(x)(i = 3, 4, 6),

gi(x) = −fi(x)(i = 1, 2, 5, 7).

We normalize gi(x) within the range [−1, 1] and denote the
normalized result as g̃i(x).

Next, by the following interval sampling, we obtain 3003
weight samples wj (j = 1, · · · , 3003):

{w = (w1, · · · , w7) ∈ W |wi ∈ {0, 1
8
,
1

4
,
1

2
, 1}, i = 1, · · · 7}.

The initial mean of the multivariate normal distribution of
DX-NES-ICI is set as (0, · · · , 0) for wj = (1, · · · , 0), · · · ,
(0, · · · , 1) corresponding to the vertices of the PF. The initial
mean is set as x′

wj for a weight wj other than the vertex. We
set the initial standard deviation of the multivariate normal
distribution of DX-NES-ICI to 0.5, the number of generations
to 10, and the population size per generation to 10.



Fig. 7. Searches by the random weight method.

C. The experiment on the number of searches and the perfor-
mance evaluation

In this subsection, we conduct experiments on the number of
searches to evaluate the performance of the proposed method.
In particular, we conduct a comparative experiment between
the method with the predicted PF and the method without
it, and show that the method with it reduces the number of
searches.

When the same person repeats the same experiment, the
burden increases, and fatigue may prevent accurate evaluation.
Therefore, we introduce an evaluation system to replace the
judgment by the person. First, for each evaluation index
g̃i(x) (i = 1, · · · , 7), the evaluation system sets and fixes
a minimum value mini and a maximum value maxi . The
evaluation system randomly set a target value

t = (t1, · · · , t7) ∈ [min1,max1]× · · · × [min7,max7].

If any of the optimal solutions identified through the proposed
method or a comparative method exceeds the target value,
the evaluation system terminates the search. Otherwise, the
evaluation system reset the target value to a lower value as
follows:

t = (t1−0.01(max1−min1), · · · , t7−0.01(max7−min7)).

And, the evaluation system continues the search using the
proposed method or the comparative method. We evaluate how
much the proposed method can reduce the number of searches
compared to the comparative method.

As the comparative method, we introduce a random weight
method that selects weights at random and presents the optimal
solutions for those weights. We show the search by the random
weight method in Fig, 7. In step 1, the evaluation system
randomly set a target value. In step 2, the random weight
method selects a weight at random and presents the optimal
solution for the weight. If the optimal solution exceeds the
target value, the evaluation system terminates the search.
Otherwise, in step 3, the evaluation system resets the target
value lower. In step 4, the random weight method selects

Fig. 8. Searches by the proposed method.

another weight at random and presents the optimal solution
for the weight. And, the evaluation system evaluates whether
any of the optimal solutions exceeds the target value.

Next, we show the search by the proposed method in Fig,
8. In step 1, the evaluation system randomly set a target
value. In step 2, the proposed method generates optimal
solutions and predicted points by using the optimal solutions.
If any of the optimal solutions exceeds the target value, the
evaluation system terminates the search. Otherwise, in step
3, the evaluation system resets the target value lower. And,
the evaluation system selects the predicted point closest to
the target point. In step 4, the proposed method generates
the optimal solution corresponding to the selected predicted
point, and updates the predicted points by using the optimal
solutions. Then, the evaluation system evaluates whether any
of the optimal solutions exceeds the target value.

In this experiment, we randomly generate 100 target val-
ues. Each target value is set in the evaluation system, and
evaluations are performed for both the proposed method and
the random weight method. For each target value, the random
weight method is tested 10 times while changing the seed
value.

We show the experimental results in Fig. 9 and Fig. 10.
Fig. 9 and Fig. 10 are the results by probability values and
cumulative probability values, respectively. The horizontal
axis represents the number of searches performed, while the
vertical axis in Fig. 9 represents the probability of occurrence
per 100 trials. Also, the vertical axis in Fig. 10 represents
the cumulative probability of occurrence per 100 trials. The
red and blue lines are the proposed method and the random
weight method, respectively. Each blue line in Fig. 9 represents
the average of 10 trials, and the error bar for the blue line
represents the standard deviation.

As shown in step 1 of Fig. 3, the 7 optimal solutions
corresponding to the vertices of the PF and the predicted points
are presented during the first iteration of the proposed method.
However, to align the evaluation criteria, we assume the 7



Fig. 9. The result indicated by probability values.

Fig. 10. The result indicated by cumulative probability values.

optimal solutions are found during the seventh search. And,
the result for the probability of occurrence is plotted in the
seventh search in Figures 9 or 10.

As shown in Fig. 10, we can confirm that after the seventh
search, the proposed method reduces the number of searches
required to achieve the same cumulative probability value
compared to the random weight method. We can also confirm
that the reduced number of searches averages 2.7. In practice,
the 7 optimal solutions are presented on the first iteration, so
we believe we can reduce the number of search by 8.7.

As shown in Fig. 9, the probability of occurrence is ex-
tremely high on the seventh search. This result shows that it
is important to first present each of the 7 optimal solutions,
which is the result of optimizing each evaluation index. Also,
it is important to present predicted points. If no predicted
point is indicated on the seventh search, decision-makers will
be unable to make any choice. And, further search becomes
impossible. In this time, we confirm that the proposed method
can be executed until the cumulative probability reaches 1
without the search failing at any intermediate stage.

D. The experiment by humans

In this subsection, we describe the experiment by 3 persons.
As shown in step 1 of Fig. 3, the 7 optimal solutions

corresponding to the vertices of the PF and the predicted points

Fig. 11. The optimal solution obtained by the first person.

are presented to each person during the first iteration. The
person views the result and terminate the search if the person
finds an optimal solution that suits the person’s preference. If
the person cannot find it, the person selects one predicted point
that suits the person’s preference. The proposed method then
generates the optimal solution corresponding to the prediction
point and updates the prediction points as shown in step 4 of
Fig. 3. In addition to the previously obtained optimal solutions,
the newly obtained optimal solution and updated prediction
points are presented to the person. The person views the result
and terminate the search if the person finds an optimal solution
that suits the person’s preference. If the person cannot find it,
the person selects one predicted point that suits the person’s
preference, and the search continues. We evaluate how many
iterations it takes to find the optimal solution that suits the
person’s preferences, and what kind of optimal solution is
obtained.

We assume that each of the persons emphasizes the fol-
lowing: One mainly emphasizes the revenue of an e-scooter
company (f4), the second mainly emphasizes the ratio of
available e-stations (f6) from the perspective for the placement
of e-stations, and the third emphasizes balancing the revenue
of the e-scooter company (f4) and the ratio of available e-
stations (f6).

Fig. 11, 12, and 13 show the optimal solutions obtained by
the first, second, and third persons, respectively. The yellow
line segment represents the obtained optimal solution. The first
and second persons can find the optimal solutions during the
first iteration. The optimal solution selected for the first person
has the highest revenue, and the optimal solution selected
for the second person has the highest ratio of available e-
stations. The third person can find the optimal solution during
the second iteration. After the third person selects a predicted
point that balances the revenue and the ratio of available e-
stations during the first iteration, the third person obtains the
optimal solution during the second iteration. As shown in Fig.
13, the optimal solution is obtained that balances the revenue
and the ratio of available e-stations.

Through these experimental results, we confirm that it is
possible to select the optimal solution that suits the person’s
preferences with fewer iterations. By showing the persons the
prediction points, they can understand the correlations between
evaluation indexes and what values they take. This is important
for reducing the number of iterations.



Fig. 12. The optimal solution obtained by the second person.

Fig. 13. The optimal solution obtained by the third person.

V. CONCLUSIONS

In this paper, we proposed the method to narrow the search
area to decision-makers’ preference region within the PF while
interacting with decision-makers. Especially, we proposed the
method where we predict the PF using the optimal solutions
and linear interpolation, present the predicted PF to decision-
makers, and have them specify the decision-makers’ prefer-
ence region from the predicted PF.

We confirmed that the proposed method reduced the number
of searches by the evaluation system. Also, from the experi-
ment by persons, we confirmed that it was possible to select
the optimal solution that suits the person’s preferences with
fewer iterations. However, since the number of persons was 3
this time, we plan to increase the number of persons in the
near future.

In the use case of shared e-scooters, we believe the pre-
diction using linear interpolation worked well because the
nonlinearity of the PF was weak. We will verify whether
predicting the PF using linear interpolation will also work
for other use cases. If the nonlinearity of the PF is strong,
we believe it is necessary to generate several other optimal
solutions in addition to the vertices and then perform linear
interpolation.

Also, we are currently developing a system that incorporates
the proposed method, and we plan to apply it to mobility and
many other use cases. We intend to have actual stakeholders
and decision-makers use the system and refine it based on their
feedback.
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