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Abstract— We propose two interactive evo-
lutionary computation (IEC) methods that al-
low users to actively participate in an EC
search. This is different from a conventional
IEC in which the search and evaluation are
performed by the EC and the user, respec-
tively. The first method is one in which in-
formation obtained from an IEC search is ex-
plicitly incorporated into the EC search for
the next generation using on-line knowledge
embedding. The second is a method that in-
troduces a 2-D visualization of an n-D search-
ing space. The acceleration of EC conver-
gence and the user interface were experimen-
tally evaluated for both methods.

1 INTRODUCTION

Evolutionary computation (EC) has been widely used
by researchers and engineers as an optimization tech-
nique. EC determines an optimal solution based
on multiple evaluation values calculated by a fitness
function.

It is difficult to design a fitness function for opti-
mization tasks whose evaluation criteria are prefer-
ential or subjective, such as artistic design support
in music, sound, or graphic creation. Although it is
easy for a human to evaluate the output of a target
system by observation, it is difficult to design a fit-
ness function that models the subjective evaluation
characteristics.

TEC is an optimization technology based on subjec-
tive human evaluation and is used for the aforemen-
tioned optimization tasks. It is an EC whose fitness
function is replaced by human evaluation. Since the
EC is a fitness-based search, it applies to a search
of a psychological space, such as a preference space.
In such a space, gradient information cannot be ob-
tained and, therefore, we cannot use gradient meth-
ods.

The TEC has been mainly applied to the fields
of art, engineering, education, and entertainment
[6, 7, 8]. Artistic applications create computer graph-
ics (CG), CG lighting, industrial design, music, and
synthesizer timbre. Engineering applications include
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speech and image processing, hearing aid fitting, vir-
tual reality, database retrieval, data mining, control,
Newer education and entertainment
applications include composition support, toy robot

and robotics.

control, games, and therapy-related applications.

Although TEC is widely used, a significant prob-
lem still remains TEC user fatigue. To address this
problem, various methods to reduce the fatigue have
been proposed [8]. Some IEC interface improvements
have included the implementation of the discrete fit-
ness value input method, the use of display methods
based on predicting human evaluation, the avoidance
of predictable non-musical melodies, the selection of
the best NV individuals from many individuals using
a prediction function for human evaluation, the ac-
celeration of GA (genetic algorithm) convergence for
an IGA (interactive GA), and the combination of an
IGA with a normal GA.

In this paper, we propose two methods that allow
an [EC user to actively participate in an EC search.
This is a different approach to reduce the human fa-
tigue from the previously-mentioned trials; One is
an on-line knowledge embedding method described
in section 2 and another is a 2-D visualization of an
n-D searching space proposed in section 3.

2  OnN-Live KNOWLEDGE EMBEDDING

2.1 Proposed method

When we have a priori knowledge of an IEC task,
we are able to limit the searching space before the
start of an IEC search. This reduces the searching
space and accelerates EC convergence. Similarly, it
is useful in an EC search if an IEC user’s extempo-
raneous searching ideas are incorporated during an
IEC operation.

The proposed knowledge embedding
method provides a mechanism for accepting such
searching ideas, hints, or intentions during the IEC
operation and allows the user to actively participate
in the EC search and, hopefully, improve its conver-
gence.

on-line

For example, when a user perceives that a certain
facial feature of an individual will improve a search,
we may be able to limit the searching space by fix-
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Figure 1: A face generated by combining six different
facial feature images.

ing the parameter that expresses that feature. In
our proposed method, applied to a montage system,
a user selects and fixes an image of a facial feature
during an IEC search as soon as they find an image
similar to their target image.

This method is not applicable to every IEC task. It
only applies when there is an intelligible relationship
between the parameters of the searching space and
their phenotype. For example, an IEC-based mon-
tage system whose phenotype and parameters have a
one-to-one correspondence is a task suitable for the
proposed method. However, an IEC-based filter de-
sign in which all filter coeflicients relate to a filtered
sound or image is not suitable.

2.2 Experimental task and condition

We applied the on-line knowledge embedding method
to an IEC-based montage system to evaluate the pro-
posed method [9]. Montage face image retrieval is a
combinatorial optimization problem of facial feature
images as shown in the left half of Figure 1. Our sys-
tems combine the six different facial feature images of
30 student faces. The possible number of synthesized
faces is 30% = 729 millions.

Two montage systems are prepared for experimen-
tally evaluating our proposed on-line knowledge em-
bedding method and a conventional method without
the on-line function. The montage system with our
proposed method has six buttons assigned to each fa-
cial feature for each face window in order to embed
a searching hint into the EC search as shown in the
right half of Figure 1. For example, if an IEC user
thinks that the impression of the eyes was similar to
those in their memory, the user clicks the eye button
to use the selected eyes for subsequent search gener-
ations These eyes are used until the user pushes the
button to release the eyes. The conventional method
does not implement these six buttons.

The EC reduces the number of dimensions of the
searching space from six to five. This constraint con-
tributes to accelerating the searching convergence,
which is expected to reduce human fatigue. How-
ever, at the same time, it could increase the operat-

ing time and human fatigue because of the increased
number of button clicks or because of the increased
concentration on certain facial features, respectively.
We evaluate these effects in this section.

Subjects are required to generate a face that is sim-
ilar to a given target face using the two mountage sys-
tems by evaluating the 20 displayed faces in each gen-
eration. The evaluation criterion is how similar the
impression of a generated face is to the target face.
The operation time is also measured. The numbers
of subjects, EC generations to operate, and repeated
operations per system per subject in the subjective
test are 14, 15, and 1, respectively. GA is used as

one of the EC.

2.3 Result of evaluation

Table 1 shows the number of subjects who chose bet-
ter montage system. By applying the sign test, we
found the difference between 12 and 2 to be statisti-
cally significant.

Table 2 shows the number of subjects with their
preferred montage system. By applying the sign test,
we found the difference between 10 and 4 to be sta-
tistically insignificant.

Table 1: Subjective test result for the searching per-
formance of our proposed on-line knowledge embed-
ding method. The numbers of subjects who selected
the face generated by each montage system as similar
to the target face are listed.

proposed | conventional | sign test

system system
# of 12 2 significant
subjects (p < 0.05)

Table 2: Subjective test result for the operability of
our proposed on-line knowledge embedding method.
The numbers of subjects who selected either montage
system as easier to operate are listed.

proposed | conventional sign test
system system
# of 10 4 not significant
subjects (p > 0.05)

Table 3 shows the average numbers of 14 subjects
that both montage systems determined as exact facial
feature images in the 5th, 10th, and 15th generations.
Since both systems generated 20 faces in each gener-
ation, the total number of facial images are 120 = 6
facial feature images x 20 faces. The statistical test
has shown that the proposed method performs bet-
ter at determining the correct facial feature images
in three test generations.

Table 4 shows the average operating time of the
two systems. The test result showed that the pro-
posed method takes a significantly longer time per



Table 3: The average number of facial feature images
in a generation that are exactly the same as those of
the target face image. Since 20 faces are displayed in
each generation and each face has six facial feature
images, the number in table is out of 120.

counted # of correct part-images

5th | 10th | 15th
generation
proposed 12.5 14.1 17.7
system
conventional 4.71 5.64 6.35
system
test for significant | significant | significant
the averages | (p < 0.05) | (p < 0.05) | (p < 0.01)

Table 4: The average operation time until the 15th
generation.

proposed | conventional | sign test
system system
minutes 22.9 16.8 significant
(p <0.01)
generation.

From Table 4, we can say that the operation time
of the two systems becomes equivalent when the pro-
posed system converges in 70% of the generations
where the conventional system converges. Since Ta-
ble 3 shows that the matching degree of the proposed
system is three times that of the conventional system,
we can say that the convergence time of the proposed
system is faster than that of the conventional system.

From this discussion and the result in Table 1, we
can say that the searching performance of the pro-
posed method is quicker and more accurate.

Regarding operability, the statistical test shows
that the difference between 10 and 4 was not signifi-
cant. However, these numbers lead us to expect that
the difference might become significant if we increase
the number of subjects.

3  VISUALIZED INTERACTIVE EC
3.1 Proposed method

The proposed visualized IEC is one that provides
TEC users the distribution image of past individuals
mapped from a n-D searching space to a 2-D space
and allows the user to participate in an EC search.
Although the 2-D space does not have all the informa-
tion about the original n-D space, the visualization
of the landscape of the searching space helps our oh-
servation and estimation of the area where the global
optimum is located.

The visualized IEC is a searching method that
combines different advantages of EC and human

searching techniques. EC directly and systematically
searches the original n-D gene space based on EC op-
erators, which is better than human searching tech-
niques. However, humans have an excellent capacity
to grasp an entire distribution of individuals in the
2-D space at a macroscopic level which cannot be
interpreted by an EC.

In an IEC, the EC undertakes the searching role,
and the IEC user undertakes the of the evaluator.
In a conventional 2-D visualized-based search [2], the
user searches and evaluates. Unlike these previous
methods, in our visualized IEC, the human user and
EC cooperate with each other in the search.

There are several mapping methods for 2-D visu-
alization. Some are the principle component analysis
of linear mapping, Kohonen’s SOM (self-organizing
maps), NLM [5], Visor [1], TOPAS [2], and creating
nonlinear mapping functions using genetic program-
ming [10]. Some applications of 2-D visualization-
based human searching include a 3-D CG design sup-
port system [4] and a violin sound estimator to design
better violins [3].

3.2 Ezperimental evaluation

We evaluate human intervention in an EC search by
observing how well the 2-D map works for EC con-
vergence using a toy task, modified Schaffer’s second
function,

Since this task needs no human interactive evalua-
tion, we did not evaluate IEC vs. Visualized IEC,
but EC vs. Visualized EC, where we use a GA as
one of the EC. SOM is used to map individuals from
n-D space to 2-D space.

The convergence of three GAs are compared: GAs
with 20 and 100 individuals and a Visualized GA with
20 individuals. An experimental user of the Visual-
ized GA is allowed to select a maximum of three pos-
sible individuals in a 2-D space, and the best among
three individuals is selected as a new individual, re-
placing the one of 20 individuals generated by GA.
The GA parameters are: population sizes of 20 and
100, crossover rate of 0.9, mutation rate of 1/80, bit
length of 16 bits, and evaluation to the 10th genera-
tion.

Figure 2 shows the error between the smallest val-
ues of the modified Schaffer’s functions, which is zero,
and the best individuals in each generation. The con-
vergence curves in the figures are the average of three
trials of the Visualized GA and 10 trials of other 2
GAs.

The proposed method converges very well, while
the given 3-D and 5-D searching spaces are too com-
plex for the conventional GAs with 20 or 100 individ-
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(b) Task is a 5-D modified Schaffer’s functon.

Figure 2: Comparison of convergence of Visualized
GA and normal GAs for the modified Schaffer’s func-
ton Equ.(1) whose N is (a) N = 3 and (b) N = 5.

uals to handle. In general, IEC users can operate 10
or 20 generations at most before giving in to fatigue.
This experimental result implies that the proposed
Visualized TEC is expected to be a powerful tool even
for difficult IEC tasks.

We recognize that the number of subjects in this
experiment is not sufficient to apply statistical tests
to the obtained results, although visually, the differ-
ence of the result in Figure 2 is significant. We are
now continuing this evaluation with more subjects.

4 CONCLUSION

We proposed the on-line knowledge embedding
method and the Visualized IEC to let IEC users ac-
tively participate in EC searching and aim for a fast
EC convergence and less fatigue of the IEC users. We
also evaluated these methods with human subjects
and have found that they are useful in accelerating
the IEC operation time and reducing human fatigue.
Since there is nothing for the users of normal IEC to
do except evaluating EC individuals as a human fit-
ness function, these proposed methods are expected
to reduce long IEC operation times due to a smaller
population size of normal IEC and the fatigue prob-

lem of TEC users due to the slow searching.

This active intervention of IEC users may depend
on the astuteness of their observation of each phe-
notype expression and the individual distribution on
the mapped 2-D space. The next step of this research
should be to reduce the amount the performance de-
pends on humans and improve these proposed meth-
ods to show user-independent performance.
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