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Abstract

In this paper, we modeled a virtual life (VL) that reacts to the user’s action according to its own behavioral
characteristics and grows itself. We established some conditions with which such a VL is designed. Genetic Algorithm
is used for the growth process that changes the VL's properties. In this process, the parameter values of the VL's
properties are encoded as one chromosome, and the GA operations change this chromosome. The VL’'s reaction to the
user's action is determined by these properties as well as the general expectation of each reaction. These properties
are evaluated through 5 fitness measures so as to deal with multi-objective criteria. Here, we present the simulation

of the growth process, and show some experimental results.
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1. Introduction

In these days, due to the vast internet infra and the
powerful computing speed, we easily experience the online
virtual environments, such as online games, avatar
chatting and 3D shopping malls from which many peoples
and companies induce some value-added profits.

The aims of our study are to make the virtual life (VL)
that sympathizes of human and behaves itself like a real
creature in the virtual environment. In this paper, we
design a virtual life that react to user’s action according to
it’'s own properties and grows itself as an artificial life
form. We choose a puppy-like artificial creature, a most
intimate friend with the human, for a candidate of a VL. A
user grows one’s own VL in the virtual environment. We
define some conditions, with which such a VL must
possess, and it is simulated according to those conditions.

First, the VL should act differently according to its own
properties. Second, the VL's properties are to be changed
interactively with a user. Such evolving properties grow the
VL. Finally, the VL's properties, converging to one direction,
must not be changed easily as a user provides other action
for it and leads the properties into another direction.

Among computational techniques of artificial intelligence,
we use Genetic Algorithm (GA) {11{2] for the growth
process of the Virtual Life due to its simplicity and
effectiveness.

GA was proposed by John Holland in early 1970s. It is a
search algorithm based on the mechanics of natural
selection and evolving genetics. GA has been found to be
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one of the most flexible, efficient and robust among all
search algorithms known to artificial intelligence. Because
of these properties, the method is now widely used to
solve a broad range of different optimization problems.

Interactive  Genetic ~ Algorithm  (IGA)[3] is an
optimization method that adopts GA among system
optimization based on the subjective human evaluation. It
is simple GA technique that fitness function is interactively
replaced or evaluated by a user. In most IGA systems, the
fitness value is assigned to each individual in the
population by the human subjective evaluation instead of
using the chosen fitness function, Then, GA optimizes the
target system to obtain the preferred output based on the
user’s evaluation.

2. The Growth Process of VL

In this section, we will explain the growth process of
the VL using GA. The VL grows under the influence of
user’'s action after it has been created. The VL's growth
is composed of variation of two special properties, the
personality and the body.

2.1 Chromosomes and Population

The VL's properties are composed of two behavioral
properties and three physical properties. These properties
are coded as the chromosomes, its parameters are shown
in Table 1.

Table 1. Chromosomes of Virtual Life

Phenotype (Properties) Genotype
Tendency Docility -63 ~ +64 | 7bit
Activity -63 ~ +64 | 7bit | 32 bit
Fatness -63 ~ +64 | 7bit | binary
Body Physical Strength | -63 ~ +64 | 7bit | string
Stature -7 ~+8 4bit
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Each property acts as the following roles. The docility
is the most mmportant property. It determines the VL’'s
behavior. If this value is high, the VL behaves obediently.
If this value is low, it shows a violent action.

The activity is the parameter of positiveness in reaction.
The VL behaves briskly if its value is greater or equal to
0 while it shows a negative action if its value is lower
than 0.

The fatness is relatively less effective than above 2
behavioral parameters but it has an effect on the external
form as the VL becomes embodiment in graphics. When
the value is 0, it has a general form; if the value is greater
than O, it is in a fat form; and if the value is low than 0,
it is in a skinny form. Its effect that gives in action is a
counterwork against the activeness but the effect is less
than that of the activeness.

The physical strength displays the condition of the VL's
health. It is relatively less effective than the 2 behavioral
parameters. However, if the physical strength is lower
than a regular value, the VL becomes dead in the end.
Therefore, it is one of the most important properties.

Finally, the stature is a parameter, which has no
influence on VL’s action, but is used graphically. The VL
grows up as time passes with a change of the stature
parameter. If the value is higher than 0, the VL is longer
than a standard stature, and if the value is lower than 0, it
becomes shorter.

These five properties represent the VL's status that
changes according to the user’s action. The Docility, the
activeness, the Fatness and the physical strength
determine the VL's reaction to the user’s action. On the
other hand, the stature is used to express the external
feature form.

Therefore, the genotypes of the four properties are
encoded by 7 bit binary numbers between -64 and +64.
Otherwise, the genotype of the stature is represented by 4
bit binary code between -8 and +8.

Therefore, the VL's properties are stored in a variable
of 4 bytes (32 bits) in this composition. With GA, a VL
has a total 100 chromosomes. Initially, 100 chromosomes
are generated by the uniform random numbers. Therefore,
a VL born at the first time shows a very unstable reaction
and it converges to a direction that corresponds with the
user’s action.

22 Fitness Evaluation Based on User's Action

Each chromosome gets the fitness value from the user’s
action, and the effect that user’s action gives in VL's
properties is shown in Table 2.

These numerical values are determined by experiments.
Embracing, stroking, neglecting, shouting, threatening and
hitting in Table 2 let the population evolve to the next
generation each time these happen. Feeding and exercising
give an effect to the VL at the end of a day. The number
of times of these actions in a day is counted, and then the
operations are performed. The fitness of each chromosome
is calculated by the next formula.
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£ :the fitness value of ith chromosome
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T4 population

F, :the last fitness value of ith chromosome
K :the selection pressure
V; : jth property value of chromosome

T . the proportional factor of Table 2's jth
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Table 2. The effect that user’s action gives in VL's

properties

User's azlﬁ];z Property Docility |Activity | Fatness ::y::;;: Stature
Embracing 5 3 0.3 3 0
Stroking 4 2 0.1 2 1
Neglecting 0.5 0.1 0.3 -0.7 0
Shouting -3 0.4 -1 -0.4 -1
Threatening -5 3 -5 -5 -1
Hitting _ -10 -1 -10 -7 -1
few -3 -7 -5 -10 -5
a few 0 -1 -3 -3 2
Feeding | middle 1 0.5 0 2 5
many 0 1 4 1 4
very many| -2 -7 9 -10 3
a few 0 -5 7 -3 0
Exercising| middle 1 2 -3 6 5
many -3 -2 -3 -3 -2

The greatest fitness value of the whole individuals
becomes K times of the smallest fitness value in this
formula, and we can keep the balance between the
variance of the population and the convergence speed by
controlling the selection pressure K. In the case of feeding,
when the user do not give food continually, it causes a
fatal effect, but the feeding is shown to be less effective
than other actions because it runs the operations just once
for the specified period of time. When the user does not
give food for the certain period, we can regulate the
reflection ratio by lowering the selection pressure of other
actions and by increasing the selection pressure of the
feeding, in order to solve the problem.

2.3 Crossovers and Mutations

The Simple GA operations such as crossovers and
mutations are used here. We select the chromosomes of 50
pairs through the roulette selection[4] according to the
fitness value calculated in Section 2.2, and these
chromosomes create a 100 offspring generation to replace
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the parent generation through the crossovers and
mutations.

The fitness value changes each time as the user’s action
differs. Therefore, we do not use the method that some
parent generation’s individuals are passed to the offspring
generation like the elite conservation. The number of the
crossover sites is set between 1 and 5 at random on each
pairs. The mutation is performed on a bit-by-bit basis with
probability and the mutation rate is 0.3~1.5%.

3. Reactions of the Virtual Life

The VL's reaction to a user’s action depends on the
general expectation value of all reactions (Table 3) and the
effect of VL's properties (Table 5).

Table 3. The general expectation value of an anticipated

reaction
User : ) ) ) ) o
VL Embracing | Stroking [Neglecting | Shouting | Threatering | Hitting
Jumping 9 8 5 3 4 5
Seducing 16 10 8 2 2 1
Sitting g 9 9 6 4 3
Stretching 7 8 9 6 4 2
Neglecting 5 7 10 7 8 3
Warning 5 B8 9 10 9 g
Barking 3 5 8 10 10 g
Escaping 2 5 5 8 10 10
Biting 1 3 2 9 g 10
Table 4. The effect that gives VL's property
roperty . . Physical
> Docility | Activity | Fatness
Reactionn Strength
Jumping B 4 -3 4
Seducing T 3 -1 5
Sitting 3 -2 2 0
Stretching 1 3 3 o |
Neglecting -2 -3 2 0
Warning —4 -1 1 -1
Barking —6 8] 3
E scaping -7 4 —2 4
Biting 8 2 -3 5

The wvalues of Table 3, 4 are
experiment.

We select one chromosome by the roulette selection to
decide VL's reaction and calculate the expectation value
that will be selected each reaction about all kinds of
reactions by the next formula.
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Then, the VL'’s reaction is decided by the roulette
selection according to the expectation values.

4. Experimental Results
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Fig 1. Block diagram of Simulation System

The block diagram of the simulation system is shown in
Fig.1.

The input of this simulation system is user’'s action. In
this simulation, it is assumed that the user gives 10
actions in a day and total 300 actions during 30 days to
the VL. Every time the user interacts with the VL, the
system executes the GA operation, but user’'s action is
feeding or exercising. When a input is feeding or
exercising, the system counts the number of such inputs
applied in a day, and then the system execute one GA
operation for these feeding or exercising inputs at the end
of a day.

In the experiments, the user's action is classified into 2
categories (Table 5.). One trains the VL to be gentle and
the other does it to be rebellious. In the similar context,
the reaction of the VL is classified into 2 categories (Table
6.). One is a gentle reaction, and the other is a violent
reaction,
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Table 5. Categories of the user’s action

Symboli  Action Category
a embracing Actions that make the VL docile
b stroking tendency
c neglecling
d shouting Actions that make the VL violent
e threatening tendency
i hitting
& feddtf]g Actions that give critical effect to VI,
h exercise

Table 6. Categories of the VL's reaction
Action
jumping
seducing
sitting
stretching
neglecting
warning
barking
escaping
biting

Symbol Category

>

Reactions of docile tendency

Reactions of violent tendency

—iTio|"™|E|g| 0|

We observe that the VL's properties and the reactions
have been changed by the ratio of 2 categories(Table 5) of
the user’s action during 300 generations. However, the ratio
of feeding and exercising tends to be fixed about 2 times and
1 time in a day, since they affect the survival of the VL.
Therefore, we use 210 inputs and the associated outputs, to
300 inputs and so on, in order to analyze the simulation
results. Next, we present the simulation results for two cases.

4.1 Simulation |

In the Simulation I, we assume that people breed a pet
in the general manner of the real world We choose
embracing and stroking to be most of the simulation inputs
for the user’s actions, so that the VL may evolve to be
docile. And we choose a few inputs as violent action, in
order to observe the change of the VL's reactions and
properties, as the user gives some violent action to it,
while it grows into a docile one. 70% of the inputs are the
user’s actions that make the VL docile and the remaining
30% are the actions that make the VL violent.
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Fig. 2. Change of VL's property mean values on time domain.
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In this case, the VL's property values are changed as
shown in Fig. 2. The graph shows the change of the mean
value of each property value by increasing the user’s action.
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Fig.3. A distribution of VL's reaction in time domain.

The thickest line in Fig. 2 represents the change of the
mean value of docility. This line confirms that the VL's
behavior converges into docile tendency as the user's
actions are on the increase. Fig. 3 displays a distribution of
VL's reaction with respect to the increase of user’s action.

The VL's reactions are uniformly distributed over 'A’
to 'I" before the properties converge to a docile tendency.
The VL's reactions are inclined toward a docile tendency
after the properties converge to a docile tendency as
shown in Fig. 2~3. As a result, we can see that the VL's
reaction is influenced by the VL's properties, which
converges to a particular tendency. we can confirm this
result more definitely in Fig. 4~5.

Fig. 4 shows the histograms of the user’s action and
the VL’s reactions for all the users, while Fig. 5 shows
the histograms of the 100 repeated experiments under the
same conditions.
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< User's Action > < Reaction of Virtuaf Life >

Fig. 4. Histograms of the user’s action and the VL's reaction.
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Fig. 5. Histograms of the user’s action and the VL's
reaction for the 100 repeated experiments.
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Table. 7. Ratios of results in Fig. 5 and Fig. 6
Fig. 5 | Fig. 6
to make the VL docile | 68.6% | 69.7%
10 make the VL violent| 31.4% | 30.3%
85.3% | 88.6%
14.7% | 11.4%

user’'s

action

VL's
reaction

a docile tendency

a violent tendency

The ratio of the VL's reaction of violent tendency in the
total reaction is less than half of the user’s action that
makes the VL violent as shown in Table. 7,

4.2 Simulation 1l

In the Simulation II, we apply the opposite input pattern
in order to compare with the Simulation I. 7096 of the
inputs are the user’s actions that make the VL violent and
the other 309 of inputs are the actions that make the VL
docile. In this case, the VL's property values have changed
as in Fig. 6.
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Fig. 6. Change of VL's property mean values on time domain.
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Fig. 7. A distribution of VL's reaction in time domain

The thickest line in Fig. 6 represents the change of the
mean value of docility. This line also confirms that the VL
converges to a violent tendency as user’s actions are on
the increase.

The VL's reactions are uniformly distributed over ‘A’
to ‘I’ before the properties converge to a violent tendency.
The VL'’s reactions are inclined toward a violent tendency
after the properties converge to a violent tendency as
shown in Fig. 6~7 and Fig. 8~9.
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Fig. 8 Histograms of the user’s action and the VL's reaction.
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Fig. 9. Histograms of the user’s action and the VL's
reaction for the 100 repeated experiments.

Table. 8. Ratios of results in Fig. 8 and Fig. 9

Fig. 8 Fig. 9

user’s |to make the VL docile| 27.1% 20.2%
action |to make the VL violent| 72.9% 70.8%

VL's a docile tendency 4.8% 8.5%

reaction| a violent tendency 95.2% 91.5%

Similarly, the ratio of the VL’s reaction of violent
tendency in the total reaction is less than half of the
user’s action that makes the VL violent in Table. §,

As demonstrated in the Simulations I'Il, the growth
process of the VL is influenced by the user’s action, which
results in a higher ratio of the total actions. Moreover,
when the VL's properties converge to a particular
tendency, they give a dominant affect to the VL's reaction.
Finally, when the VL's properties have converged to a
particular tendency, they don’t change easily as the user
gives some actions leading them to another direction. It
means that 'what is a VL' have a tendency to maintain
the present status, like the homeostasis.

5. Conclusion and Future Work

Important and difficult questions are how to catch the
rules of the real life’s behaviors and how to model the
Virtual Life efficiently on these rules. In our opinion, the
most important matters to make the Virtual Life that
interacts with the users are the methods to determine the
reaction and to change the properties of the Virtual Life.
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In this paper, we modeled, through Genetic Algorithms,
the Virtual Life that grows itself and reacts to the user’s
action according to its own properties. In order to embody
this VL in the online virtual space, much consideration is
needed, for example, the interaction with the virtual
environment and other VLs.

We are encouraged to find the method that changes
dynamically and adaptively some parameters or numerical
values that are determined intuitively through experiments.
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