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omparation of dierent
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eed they have to learn the lo ations of food resour es

using the implemented spatial memory and an ability to
ea h others. Later the agents are evaluated a

ommuni ate with

ording to the level of hunger

throughout the simulation.
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ommuni-

Introdu tion
In the modern so iety, the amount of information is far behind what one
remember or even pro ess.

an

In understanding this, one realizes the integral

importan e of delegation of thinking and information pro essing in a group.
De ision making in groups and teams has been
some extent [3℄.

overed in the literature to

Supposing we have limited memory

required in de ision making has to be distributed and

apa ity, information
ommuni ated between

people e iently.
Our de isions

an be either

ons ious or subliminal, depending on our

needs or drives - whilst the former is

onne ted with human behaviour, the

latter is used for plausible agents. Just like in mi roe onomi s, we

an use

utility as a measure of relative satisfa tion [16℄ and see how one manages
to full their needs.

In satisfying these needs, the knowledge stored in our

memory and updated regularly is a key tool. With innite memory, problems
of information storage would be eliminated and with ne essary information
available at all times, provided it had on e been a quired.

Our memory,

however, is limited.
What we mean by saying that our memory is limited is that we are not able
to remember everything. Certain pie es of information are fading away with
time or as one is learning new fa ts. We set out to understand whether and
how intensive

ommuni ation

an substitute insu ient memory spa e at a

onstant level of utility. It is obvious that adding the ability of
improves the agents'

ommuni ation

han es to survive in the environment.

The goal of my work is to observe e ien y of the agents in their struggle
to fulll their needs using dierent implementations of spatial memory. Su h
agents will also be able to
improve their
This thesis

ommuni ate with ea h others and thus possibly

han es.

agent and
(Chapter 1).
h as growing

onsists of six parts. First, we will introdu e the

possible memory implementations based on spe i

examples

Then I will explain algorithms to be used in the program, su

neural gas (Chapter 2).

In

Chapter 3

agents, their memory and their

We will des ribe the simulation, the

ommuni ation.
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We will further des ribe

the

on rete implementation of the introdu ed algorithms in

experiments are about to be presented in
dis ussed in

Chapter 6.
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Chapter 5

Chapter 4.

All

and the out omes will be

Chapter 1
Related Work
We will use this

hapter to provide an insight into the world of

agents

and

spatial memory. We hope you will not be disappointed as you will not nd

007

in the following lines.

1.1

Agents

There are several ways to explain what or who an

agent is.

of agents used in philosophy or so iology, we

an see a rst modern use of

Apart from systems

agen y and agents in e onomy where e onomists have substituted a human
with a simpler agent.
order to

They intended to simplify their e onomi

models in

arry out general simulations. Buyers and sellers are typi al examples

of agents used in simplied market model in mi roe onomi s. In this
agents are entities in the model whi h
In the

an rea t to a given

ase of arti ial intelligen e, as Wooldridge

is no exa t denition of what an agent is [17℄.
denition of an agent found in [13℄. It

et al.

We

ontext,

ontext.
has

laried there

an, however, use the

ould not be simpler:

Denition 1 Agent is just something that a ts.
Of

ourse it is as general as it

ould be and for our purposes this is too

simple, so we will use another denition whi h meets better the

ontext of

this work.

Denition 2 Agent is something that senses the environment and ae ts it
using its a tuators.
Having dened an agent, we

an now begin to distinguish spe i

kinds

of agents. In this thesis I will use several slightly dierent terms in order to
refer to agents:

rational, autonomous, plausible and believable.
8

A

rational agent refers ba

k to e onomi s, where we

an nd a denition of

rational behaviour. Even though it is rather a hypotheti al model sin e people
are usually irrational in their de isions from the perspe tive of e onomi s, the
denition used in e onomi s suits our needs well. A rational agent is one that
a ts as if balan ing

osts against benets to arrive at a tion that maximizes

personal utility [6℄. In simple terms, the agent does what is or perhaps might
be the best for him based on his

urrent knowledge of the world.

Rational behaviour might, however, be understood in a
ent way.

Plausible agents are agents where the basi

ompletely dier-

approa h is to implement

human-like internal pro esses. A well-known example is that of neural networks, whi h

ould be used for a simulation of brain pro esses, although these

are usually used in a simplied way. Sin e it is really di ult to implement a
ompletely plausible agent, there are many resear h teams fo using on spe i
parts of the

omplex human nature.

Believable agents

ful properties of

are personality-ri h autonomous agents with the power-

hara ters from the arts [9℄.

The last type of agents is referred to as autonomous.

agents

are able to a

An

autonomous

omplish a useful task or are ee tive problem solvers.

One additional term should be dened in referen e to agents:

Belief-Desire-Intention (BDI) agen y model implements three parts:

belief, his desire and his intention. These three parts are
ing. A BDI agent is a parti ular part of a

agent's

ombined in reason-

bounded rational agent, whi

h

uses the three parts to separately prepare plans whi h are later exe uted.
What distinguishes BDI from a simple rea tive agent is that a rea tive agent
reates an immediate de ision based on the

urrent state of environment and

the inputs of his sensors. The BDI agent, on the hand, uses all three parts:

•

belief

represents the agent's informational state, for example sensory

inputs and information in his memory,

•

desire is the agent's motivational state, what he needs to approa

h, for

example he is hungry and he needs to nd appropriate food,

•

intention, on the other hand, is his immediate de

ision how he attaing

the goal he desires, in other words it is exe ution of plan, for example
next move.

1.2

Spatial Resour e-bounded Memory

A memory is something that
ability to learn. It

hanges a rea tive agent into an agent with an

an be used for learning

onsequen es of agent's a ts,

on-

ditional dependen ies in the agent's world implementing Bayesian networks
9

[12℄, or spatial information about the environment.

The latter is a kind of

memory we used for agents in our simulation.
A spatial memory is used when the agent needs to navigate usually in a
two or three dimensional spa e. In short, it is a
tells him where to go when he needs to
spe i

omponent of the agent whi h

olle t an item that is available only on

lo ations, or to perform an a tion that must be performed at

lo ations.

ertain

There are several dierent approa hes and several examples are

going to be

overed in this se tion. I am going to introdu e several existing

implementations of spatial memory. Mainly I will attempt to address whether
and how they have dealt with bounded resour es - either due to implementation restri tions, or when approa hing plausibility in their models.

1.2.1 Resour e-bounded Reasoning
Rational agents

annot be expe ted to be able to

ompute a load of data in a

reasonable time or in a time in whi h the environment doesn't
That is why we have to take into a
plausible or real agents.

We want to avoid

omputations of plan that take

a long period of time during whi h the environment
As noted by Bratman

et al.,

plan

hange mu h.

ount bounded resour es when simulating

omputation

hanges signi antly.

an be separated from plan

exe ution, whereby the plan is prepared over several exe utions [4℄. In this
ase we need either to be able to perfe tly predi t the future, or base our plan
on data, whi h does not

hange at all or remains

onstant for the given period

of time.

1.2.2 Short-term and Long-term Memories
Generally, when we talk about remembering something, two terms need to be
dened: a

long-term memory

of these des ribe a

(LTM) and a

apa ity for holding a

short-term memory

(STM). Both

ertain amount of information in

mind. Apart from the varying amount of information stored, the memories
dier in the availability of su h information and the period of time over whi h
these memories last.
In 1968 Ri hard Atkinson and Ri hard Shirin suggested a memory model
divided into three
(a)

omponents [1℄:

sensory register,

able to store only a relatively small amount of data for

a short period of time,
(b)

short-term store

with the ability to store also a limited amount of data,

but for a longer period of time,

10

Figure 1.1: Information ow in the memory system, adopted from Atkinson

et al.
( )

[2℄

long-term store

with a large

apa ity for a nearly unlimited amount of

time.
We use

short-term memory to store information for a relatively short

period of time. This

ould be se onds or minutes. A number of entites we

are able to hold in the STM was studied by George Miller in 1956 [14℄. The
out ome of his work was the magi al number
similarly small things we
A

7 ± 2,

an hold in STM.

long-term memory, on the other hand,

we do not think of

whi h is the number of

is used to store information

ons iously. The pie es of su h information are important

for the everyday life. The

apa ity of LTM memory is unknown, as there is

no way how to measure it.

1.2.3 Computational Memory Ar hite tures
Computational memory ar hite tures for autobiographi
omplex virtual environment suggested by Ho
term and long-term autobigraphi
agent's ability to survive in

et al.

agents intera ting in

work with both short-

memories, where they have studied the

omparison to a purely rea tive agen y model

[8℄. Moreover, they resear hed whether the narrative

ommuni ation amongst

agents somehow positively inuen e those agents. They have separately experimented with three types of agents: purely rea tive (PR), short-term memory (STM) and long-term memory (LTM). A purely rea tive agent walks ran-
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domly around the environment avoiding obsta les and sear hing for resour es
in order to to full his needs.
STM agents in further extend the model of purely rea tive agents and add
a tra k-ba k memory system in addition to the rea tive behaviour. Ea h time
an agent deals with an event (e.g.

ollision, or resour e obje t), he

onnes

this information into his memory. They refer to this as an event-based memory
entry making mode. These events are kept in a linear list of a nite size and the
oldest events are deleted. The memory is used when an internal variable, i.e.
his desire, is over threshold. That is the moment when agent sear hes in his
memory for an information about relevant resour e obje t. If he su

eeds and

nds what helps him to fulll his desire, he undoes ba kwards all memorized
states leading to the obje t he has found.
a tually puts into memory is his
he has per eived. In order to a

Therefore, what a STM agent

urrent state: where he has been and what
ount imperfe tion in retrieving information

from short-term memory, they introdu ed noise to alter the values.
LTM is mostly based on psy hologi al autobiographi

memory models.

There are three parts that are involved in the reasoning pro ess: Event Spe i
Knowledge (ESK), Event Re onstru tion Pro ess (ER) and Event Filtering
and Ranking Pro ess.
The

on lusion presented by Ho

onrmed that more

et al.

were not mu h suprisising as it

omplex memory implementation leads to better results.

However, there were several interesting out omes.
agents without

For example the LTM

ommuni ation were signi antly inuen ed by the presen e

of more agents and thereby dynami ally

hanging environment without their

endeavour. Su h a negative inuen e is restrained when the agents

ommu-

ni ate and share their knowledge. To sum up, the experimental studies has
shown that more

omplex LTM ar hite ture extends the lifespan of an agent

ompared to pure rea tive or STM ar hite ture and also that
helps the agents to

hallenge a dynami ally

ommuni ation

hanging environment.

1.2.4 How Pla e and Obje ts Combine?
Brom

et al.

mainly fo used on plausible behaviours while sear hing for things

in stru tured spa es su h as ats.[5℄ Unlike others who previously resear hed
the area of spatial memory for plausible agents, they suggested a model for
an agent whi h
that

ould su

essfully live in a dynami

environment with obje ts

ould be moved without the agent's involvement.

In this model, the environment

onsists of abstra t and spe i

as rooms and pie es of furniture. These areas are

areas su h

ombined into a tree stru -

ture used in the model where, for example, the at is a root node, the immediate

hild nodes are rooms and, nally, spe i

12

pie es of furniture are

hild nodes below room nodes. Four dierent
obje ts to ree t varying probabilities of

ategories have been

reated for

hanging obje t's lo ation whi h in

fa t simulates a presen e of another agent in the environment. The observed
agent therefore does not leave the at and it is there alone.
During their experiments, what is interesting for my work is the subsequently observed ability of the model to emerge the sear hing rules from
s rat h, to relearn the rules in the

ase a parti ular setting

hanges, and if

the merged rules meet with the human behaviour, i.e. they are believable.

1.2.5 Inspirations for Our Work
The suggested RTM and LTM models of agents as des ribed by Ho et al. are
of interest in my simulation [8℄. There has to be a

ouple of minor

though, as I am working with a simpler environment
used in the work des ribed above. The

hanges,

ompared to the one

hanges will inuen e the stru ture

of memory re ords in both RTM and LTM. Also the

ommuni ation proto ol

will be dierent and I am going to introdu e it later in this thesis. Although
it is not going to be part of this parti ular thesis,

omparing the memory

models might prove interesting.
In our proje t, the environment we want to use does not dierentiate the
area as the one assumed by Brom

et al., that means it is homogeneous [5℄.

For

the purpose of implementing an agent with a similar spatial "What-where"
memory model, I will use a dierent spatial organization, whi h
similarly stru tured into a grid.

ould be

The suggested model, however, is usable

for obje ts whi h are moved around the environment and I do not have su h
obje ts. Obje ts in my environment are generated around a distribution pla e
and lo ations of those pla es are something that
Where model.
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ould be learnt using What-

Chapter 2
Used Methods and Algorithms
In previous

hapter we have introdu ed several kinds of agents, how they

be used and also what a spatial memory is. This
used algorithms and

hapter is going to

an

over the

omputational methods I have studied and implemented

in my work.
The rst subse tion disse ts the implementations of agents' memory and
in detail des ribes its fundamental parts. Both the Growing Neural Gas and
the Grid are used as memory storage to handle spatial information about the
environment with bounded resour es.

2.1

Growing Neural Gas

A learning pro ess is something what we have been experien ing every day
sin e we were born. In this pro ess we usually know whether we have mastered a new skill by trying it and being rewarded.

Either at s hool, or at

work. Su h a pro edure, whereby someone is rewarded or punished after he
does something, is

alled a

reinfor ement learning

and it expe ts someone - a

supervisor - who gives the rewards. On the other hand, sometimes we need to
be able to learn without that supervisor. Growing Neural Gas (GNG) is an
example of an unsupervised learning method. GNG is a self-organizing map
used to nd a simpler data stru ture representation of its origin.

2.1.1 Topology Learning
Pro essing an enormous amount of spatial data about an environment is

om-

putationally demanding when, for example, we want to navigate in su h environment.

A topology learning or re ognition

sentation su h as a topologi al map, whi h

14

an help us

reate a repre-

an be viewed as a graph and

whi h makes reasoning in the environment mu h easier. Rather

omplex un-

derstanding of topology in an indoor spa e using Bayesian programming has
been shown. [15℄
Based on ompetitive Hebbian learning (CHL) method [11℄ and Neural Gas
(NG) [10℄, Bern Fritzke proposed Growing Neural Gas [7℄, an unsupervised
learning method for nding a topologi al stru ture whi h ree ts the topology
of the data distribution. Although the

ombination of both CHL and NG is

an ee tive method for topology learning, there are some aws in pra ti al
appli ation as it requires an initial set-up of number of nodes/ entres that are
used. This fa t prevents the method from adequately des ribing the topology
when a dierent number of nodes would work more ee tively.
Fritzke des ribed an algorithm that uses a set of nodes and edges that
onne ts the nodes. A simplied des ription of algorithm in the

ontext of

two-dimensional spa e follows [7℄:
1. Add two nodes at random position onto

anvas.

2. Generate input signal based on the data distribution (its probability
density).
3. Find the nearest node

n1

and se ond nearest node

4. In rement the age of all edges leading from node

n2

to the signal.

n2 .

5. Add the squared distan e between the input signal and the nearest unit
in input spa e to a lo al
6. Move node

n1

ounter variable

∆error(n1 ).

and its topologi al neighbors towards the signal (a

ing to parametres

epsilonwinner

and

ord-

epsilonneighbour ).

7. Remove all edges with an age larger than

amax .

8. Generate new nodes (see [7℄) using variable

alpha.

9. De rease all error variables by multiplying them with a

onstant

beta.

10. Go to 2.
For the purpose of this work I want to use this algorithm to learn a topology of data whi h dynami ally
the variables for this algorithm

hanges through time.

We have to set-up

alpha, beta, epsilonwinner , epsilonneighbour

and

maximal number of nodes. In the following se tion, I am going to introdu e
you to the experiments

arried out with this algorithm..
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pro edure

S ore ()

( px ,

py ,

p v a r ) <− G e t E s t i m a t e d G a u s s ( )

( rx ,

ry ,

r v a r ) <− G e t R e a l G a u s s ( )
e <− ( px

sqDistan

−

r x ) ∗ ( px

−

r x ) + ( py

−

r y ) ∗ ( py

−

ry )

s q S i z e <− ( p v a r + r v a r ) ∗ ( p v a r + r v a r )
s

o r e <− s q D i s t a n

return

end

s

e

/

sqSize

ore

Figure 2.1: The

SCORE

method

2.1.2 Experiments on Dynami Data
As I mentioned previously, I had to set-up the variables so as to be able to use
Growing Neural Gas method properly. To a hieve this, I have made a Java
program whi h tests various

ombinations of variables' values and nds the

best one. It has subsequently run the algorithm for a given number of steps
and measured the

s ore

(see 2.1 ). Throughout the experimental simulation

there are randomly generated GNG inputs following a Gaussian distribution.
The value of

s ore

measures the dieren e between the genuin distribution

and the estimated distribution whi h is
The result is a

omputed based on the GNG data.

ombination of the distan e between the distributions'

enters

and ratio of varian es.
A total number of possible
of these

ombinations is equal to 19712.

For ea h

ombinations, I ran 10000 steps of the GNG learning sequen e and

measured the average s ore. The entire experiment was

omputed in a parallel

fashion using 30 threads.
The best results with an average

SCORE < 10−11

are shown in table

2.1.2.
The

on lusion is that the values we have been given from this experiment

and whi h are presented in 2.1.2 were proved to be quite unsu

essful in the

main simulation. The values

ould not have been used, be ause of the bad

results the GNG agents had.

Therefore we have been slowly altering the

values to see the immediate result in the simulation and through this way we
ome up with values 2.4 whi h works quite well.

16

Figure 2.2:
values.

S reenshot showing the pro ess of sear hing optimal variable

The visualization has been made for testing purposes in the rst

pla e, but it ni ely shows what had been lately paralelly

omputed. The bot-

tom part of the pi ture shows the SCORE value throughout the simulation.

( Red

olor means

SCORE > 0.05,

orange is

SCORE <= 0.001)
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SCORE > 0.001

and green is

• alpha ∈ {0.0, 0.2, 0.4, 0.5, 0.6, 0.8, 1.0}
• beta ∈ {0.0, 0.00001, 0.00005, 0.0001, 0.001, 0.005, 0.01, 0.5, 0.1, 0.5, 1.0}
• epsilonwinner ∈ {0.0, 0.001, 0.005, 0.01, 0.1, 0.2, 0.5, 1.0}
• epsilonneighbour ∈ {0.0, 0.0001, 0.0006, 0.001, 0.005, 0.05, 0.1, 0.2}
• maxNodes ∈ {4, 8, 16, 32}
Figure 2.3: Domains of variables for the experimental learning of best values.

alpha

beta

epsilonwinner

epsilonneighbour

numNodes

0.0

1.0

0.0050

0.0

16

0.5

0.0

0.01

1.0E-4

8

0.5

0.0010

0.1

0.0010

8

0.5

1.0

0.0

1.0E-4

8

0.8

1.0E-5

0.0010

1.0E-4

32

0.8

1.0E-5

0.0050

6.0E-4

8

SCORE
3.8 ∗ 10−12
5.1 ∗ 10−12
8.8 ∗ 10−12
3.1 ∗ 10−12
7.4 ∗ 10−12
4.3 ∗ 10−12

Table 2.1: Variable values with best average SCOREs

α = 0.8f
β = 1.0E − 5f
epsilon = 5.0E − 4f
epsilonneighbour = 6.0E − 4f
numNodes = 5
Figure 2.4: Variable values with best average SCOREs
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2.2

Grid

The idea for this data stru ture representing resour e-bounded memory is
based on Brom

et al.

[5℄.

What diers in my work from their observed

environment is that agents in my simulation a t in a homogeneous spa e
whi h

annot be dierentiated in a way the mentioned simulation does. To

solve this issue I have simply dierentiated the environment into grid of 4x4,
where ea h
Ea h

ell works as the pla e in 1.2.4.

ell is given two variables

positive

and

negative,

both of whi h are

set to zero and in reased throughout the simulation. When an agent sees at
least half of that area determined by the
in reases the

positive

ell, provided he sees any food, he

variable. If the agent sear hes for food and he

see any, he in reases the

negative

annot

variable.

Later when one wants to as ertain from the grid whether there is food
at spe i

ell, it answers a

ording to this method with parameter

a

to be

found:

ANSW ER = α × positive − negative

(2.1)

Similarly, I will use this stru ture to keep the spatial information about
the environment in the simulation.
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Chapter 3
Simulation and Used Memory
Ar hite tures
In this

hapter we will des ribe the simulation, environment and agent's rea-

soning and

3.1
The

ommuni ation how it is used in later experiments.

Simulation

simulation

of food. A

onsists of a set of agents, a set of generators and a set of pie es

ording to given settings it subsequently pro esses a number of

steps, ea h of whi h invokes agents' life step and eventually generating new
food.

There are six kinds of food, ea h of whi h has its food generator at

given position in the environment. The food generator regurarly drops new
pie e of food randomly using Gaussian distribution around the generator's
position. An agent task is to sear h for the food, as he is getting more hungry
every step of the simulation. There is a separate need for ea h food, i.e. the
agent has to nd all six food resour es.
Ea h agent is able to per ieve the environment, but they had limited
per eption restri ted by their sight, ex ept for the pure rea tive agent whi h
sees all the enviroment. Agents also

an

ommuni ate with ea h others and

there two kinds of agents whi h has a spatial memory - GNG agent and grid
agent.
The simulation

an also

environment or agents.

ontain a

ouple of monitors whi h observe the

Their purpose is to write the

urrent state of the

simulation into the le so as to be able to reate graphs and ompute statisti al
values. Other kind of environment observer is the visualiser, whi h allows us
to see what ea h agent sees and believes.
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3.2

Environment

The environment is a two-dimensional spa e whi h
Agents

ontains agents and food.

an move around and eat the food whi h is randomly distributed using

the food generators.

3.3

Agent

As mentioned previously, an agent is an entity in the environment whi h
moves and intera t with the world around. The intera tion is done through
eating food whi h is a part of the environment and through
with other agents. The latter one a tually

ommuni ation

hanges agents' beliefs about the

environment. He moves dis retely ea h step of simulation. There is an order
in whi h the agents are sequently pro essed; we did not want to handi ap
anyone, so we tried to emulate parallel pro essing by spliting agents' step
phases into groups su h as per ieving the environment, a tions and dying.
Ea h agent has his needs whi h inuen e his de isions as fullling his needs
keeps him alive. When his internal variables of needs is higher than a treshold
he starts sear hing for the appropriate food resour e. He uses his sight whi h
allows him to per ieve the spa e around him in the set distan e. If he does
not see anything and is allowed to

ommuni ate, he

an ask the agents around

him, but again only in the distan e of audition.
There are four types of agents ea h of whi h is dierent in the way they
de ide about next step. If one is hungry and sees food (i.e. there is a pie e of
food in the sight distan e) then they

hoose to go after this food. If there is

no desired food around they go sear hing for it and that is when the agents'
a tions dier.

•

random agent

•

pure rea tive agent

moves randomly around the environment,
sees the whole environment, i.e. they always sees a

desired pie e of food,

•

grid agent

implements a memory based on

lustering the spa e into a

grid,

•

3.4

GNG agent

implements a memory based on growing neural gas.

Communi ation

Apart from what agent sees, there is another way how the agents gather information about the environment. They
21

ommuni ate. It is a quite simple

Figure 3.1: Simple

way of sharing information.
muni ation, I had to

ommuni ation proto ol

When suggesting an implementation for

reate a unied proto ol whi h

throughout all types of agents. I tried to keep this

om-

ould have been used

ommuni ation proto ol

as simple as possible.
Moreover, although all agents have a knowledge of a sort about the environment, they are not able to answer easily when asked about a spe i
lo ation. Sin e the food appears in environment a
distribution, it is not

food

ording to given normal

lear what should be an answer to su h question. Several

possible kinds of answers follow.
First and the simplest answer might be the exa t X,Y

oordinates of the

food lo ation as it is stored in agent's mind. Additionally, there would be a
noise added to su h answer, keeping in mind that the answer should not be
perfe t and there is always a distortion and imperfe tion in our answers based
on how a person is

ertain about his answer.

Another way, and perhaps a more plausible one, might be answering with
a dire tion (an angle) with an approximate distan e. What both the X, Y
answer and the latter information have in ommon is that the answers are hard
to

ombine with the learning method used in GNG memory. GNG works with

samples of data whi h subsequently inuen e the neural network. Both kinds
of answers

ould be used if agents would ask more often or the agent's answer

would be a sample of points straight away.
So I have implemented a
swer

ommuni ation model (see 3.2) whereby an an-

onsists of a small set of points. Ea h point is generated a

ording to

agent's knowledge. When an agent is asked, rst he uses his either GNG memory, or grid memory to estimate the Gaussian distribution of the food resour e
and then randomly generates the points using the estimated distribution.

3.5

De ision Making

While sear hing for food, ea h type of the agent makes the de ision where to
go next. This pro ess is either done randomly or following one's knowledge
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Figure 3.2: How the agent de ides what to do next

of the environment. A simple diagram of de ision making follows.
The diagram 3.2 shows how an agents de ides what to do. In fa t it is
ommon for all types of agents des ribed in this thesis, although the rst step
"Put known food lo ation into memory" is omitted in

agents.

ase of

random and PR

First an agent puts into his memory known food lo ations.

These are

lo ations whi h he either sees, or remembers from the last simulation step.
After that he

he ks his internal variables to see whether he is hungry or not.

If he is hungry, he tries to de ide where his desired food resour e is. He uses
his memory, sight and eventually

ommuni ation with other agents.

The output of this pro ess is a group of possible lo ations from whi h he
hooses the

losest one and head towards it.

If he o

ures at the position

where the desired food also is, he eats it. Throught the de ision ow there are
two moments, when the agent does not know what to do and then he moves
randomly: when he does not need to eat anything and when he

annot nd

the the path to the food resour e.

3.6

Memories

There are two types of memory whi h should allow agents to improve their
lifespan ompared to a random agent. Those are memories based on a growing
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Figure 3.3: A visualization of an grid agent's memory and the situation in the
environment. The

oloured bars on the left side show

hunger. Coloured squares display grid

urrent levels of agent's

ell values.

neural gas and a spatial grid.
The

GNG memory

uses a self-tea hing neural network whi h has been

des ribed in 2.1. The neural network allows the agent to learn the approximate
lo ation where the food is distributed.

Ea h kind of food is given a single

neural network whi h tries to learn the distribution ree ting the data inputs.
The

grid memory

divides the environment into a grid in order to simplify

the spa e and to restri t the total size of the data stru ture used to des ribe
the spa e.

There are 16

ells, ea h of whi h has six

of variables as there are six kinds of food.
the environment and sees the food the

positive/negative

pairs

When an agent moves around

positive

value of an appropriate

ell is

in reased, it is the same when an agent re ieve information about the food
position. On the other hand, when an agent rea hes the
no food, the

negative

value is in reased.
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ell and sees there is

Figure 3.4: A visualization of an GNG agent's memory and the situation in
the environment. Conne ted

oloured

ir les represent growing neural gas for

ea h food kind.
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Chapter 4
Implementation
4.1

Memories

Ea h memory implementation implements following IMemory interfa e:
interfa

}

{
Learn ( i n t e g e r foodKind , Point [ ℄ l o a t i o n s ) ;
Point [ ℄ GetSample ( i n t e g e r foodkind ) ;
( Point , i n t e g e r ) GetExpe tedGauss ( i n t foodkind ) ;

e

IMemory

Through the Learn method the memory gets new inputs and thus it learns.
GetSample method returns a sample of food lo ations a ording to the agent's
believes, it means that based on the information in memory it tries to gen-

GetExpe tedGauss method

erate several samples.

returns expe ted Gaussian

distribution (x,y lo ation and varian e) for the food kind given as a parameter.
The expe ted Gaussian distribution is not

Expe tedGauss method

is

al ulated every time the

Get-

alled, but it pre al ulated after the new inputs are

pro essed.

4.2

Growing Neural Gas as a Memory

Growing neural gas has been explained previously in 2.1. In this se tion I will
explain how that algorithm was used to learn positions of food sour es. For
this purpose the GNG uses ve nodes.
For ea h kind of food there is a separate GNG engine whi h learns the
believed lo ation of su h food.

pro edure

Learn (

integer

foodkind ,

Points [ ℄

lo

g n g E n g i n e <− GetEngineByFoodKind ( f o o d k i n d )
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ations )

gngEngine . S e t D e s

reteSignals ( lo

end
SetDes reteSignals method

ations )

assigns known food lo ations (array of x,y

points) to the neural network so as to be later pro essed using the GNG
algorithm des ribed in 2.1.

At the end of day, i.e.

end of ea h simulation

step, the learnt information is pro essed by the GNG.
When the memory is asked about expe ted Gauss distribution, it uses the
ve nodes in the GNG to

ompute it. It simply

omputes an avarage point

from those nodes and also varian e.

4.3

Grid as a Memory

As in GNG memory implementation, the grid memory uses
update

Learn method

to

urrent state.

pro edure

Learn (

integer

foodkind ,

Points [ ℄

lo

ations )

g r i d <− GetGridByFoodKind ( f o o d k i n d )
h a s I n p u t <− C r e a t e E m p t y M a t r i x (

for ( x ,
begin

y)

( gridX ,

end

in

lo

j)

in

grid

hasInput [ i ,
e ll . In

else
if
end

do

node

y)

g r i d Y ℄++;

e l l <− g r i d [ i ,

if

rows )

g r i d Y ) <− G e t G r i d C o o r d s ( x ,

g r i d [ gridX ,

for ( i ,
begin

ations

ols ,

do
j ℄

then

j ℄ > 0

Positive ()
is

in

sight

distan

e

then

e l l . In Negative ()

end

An a tuall value of the

ell is

omputed using following formula:

value = positive − negative/α
if (value < 0)value = 0
27

(4.1)

α

is set to 2.

The gaussian distribution is

•

x, y position is

omputed as a weighted mean of

P

•

varian e is

omputed following way:
ells:

CellV aluei × (xi , yi )
P
CellV aluei

(4.2)

omputed as normalized sum of weighted distan es:

P

DistanceT oCenteri × CellV aluei
α × NumP ositiveCells × MaxCellV alue

28

(4.3)

Chapter 5
Experiments
5.1

Experimental Settings and Methodology

All following experiments are run using a default setup as it is des ribed in
this se tion. Ea h of the experiments is run on a quad ore

2,4 GHz and 6 GB RAM.

Intel Core i5 with

128 x 128 dimension. All
There are six kinds of food

Environment is set to be a square matrix with
agents start in the middle of the environment.

whi h are randomly positioned in the environment and whi h generate a pie e
of food ea h

50 steps.

Sin e an environment

ontains six food kinds, an agent has six internal

variables for ea h su h food kind (see 5.1). By default they are set to 0 and
are in reased by

0.001 ea h step

in simulation. When they are equal to 1 (or

higher), the agent dies.

The statisti al values (mean, median, min and max) in the tables for ea h
experiment are al ulated from dataset without rst 17000 simulation steps.
This is be ause we wanted to have values des ribing the overall trend without
being distra ted by the rst initial steps.
5.2

Homogeneus Agent Set Comparision with
Communi ation

In this experiment I will
whi h

ompare avarage life span and e ien y of groups

ontains of agents with only single type of memory. Thereby you

an

see whi h of the used memory implementation works better in memory homogeneus environment.
What I assume is the

random agents
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are about to expire almost imme-

0.6

0.5

Hunger

0.4

0.3

0.2

0.1

0

200

400

600

800

Simulation step

Figure 5.1: An example of agent's rst 1000 steps showing the needs for ea h
kind of food.

diately as they had no

han e to nd all the food.

While the

PR agents

should approa h their goals easily, thereby they will stay alive. Both results
of

GNG agent

and

grid agent

are matters of the experiment and I

expe t them not to be worse than

PR agent.

random agent
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an only

and not to be better than

5.2.1 Random agent
The rst experiment is a simulation in whi h there are only random agents.
I have added random agents into this work so as to see a worst- ase example.
They should not survive without

ommuni ation and even with the

ommu-

ni ation they should pass away qui kly.
As we assumed, the random agents were not able to survive without

om-

muni ation (see 5.2(b) ). On the other hand, when I allowed them to

om-

muni ate with ea h others, they improved their

han es. Although they will

not last through the entire simulation (see 5.7(a)), the result was surprising.
See 5.3 for detail of an agent's start.
Agent kind
Random agents with

ommuni ation

Random agents without

ommuni ation

median

mean

min

max

1

0.875

0.406

1

1

1

1

1

Figure 5.2: Compare random agents with and without
they were allowed to

ommuni ation. When

ommuni at, they managed to survive several thousands

step. On the other hand, they died immediately without the

ommuni ation,

as we assumed. The graphs show the mean of hunger for ea h of 12 agents in
the simulation.
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1.0

0.8

Hunger

0.6

0.4

0.2

0

1000

2000

3000

4000

Simulation step

Figure 5.3: A beginning of life of a random agent with
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ommuni ation.

5.2.2 PR Agent
This experiment serves as a
agent has a

ontrast to the previous one.

A pure rea tive

omplete per eption of the environment and thus he should be

one hundred per ent su

essful no matter if he

ommuni ates or not.

PR

agents are added to this work as a best- ase example.
The result is, as we
same. A tally it
to

an see in 5.4(a) and 5.4(b), that the results are the

ould have ended dierently as a PR agent does not even try

ommuni ate. He knows everything.
Agent kind
PR agents with

ommuni ation

PR agents without

ommuni ation

median

mean

min

max

0.510

0.512

0.382

0.695

0.510

0.512

0.382

0.695

Figure 5.4: Compare pure rea tive agents with and without

ommuni ation.

There is no dieren e between the simulations with and without
ation.

ommuni-

The graphs show the mean of hunger for ea h of 12 agents in the

simulation.

33

5.2.3 GNG Agent
GNG agents need more information to be able to learn and to survive that is
why I do not expe t them to deal with it well. In

ase of a simulation without

ommuni ation they might end up similarly to random agents, they should
do better if they

ommuni ate.

The results have shown that GNG agents were not su
ould not

essful when they

ommuni ate and they ended up simirarly to random agents. This

shows that the implemented memory using GNG was not able to learn that
qui kly.

On the other hand, when GNG agents

strange improvement when we

ommuni ation there is a

ompare the result with PR agents. To under-

stand this, look at the progress of the two simulations and espe ially on the
waves. We
nized and in

an see that in

ase of GNG agents the waves are more syn hro-

ase of PR agents they

omplement ea h other. Our assumption

is that the perfe tion of PR agents also brings a little drawba k as they eat
all food and thus they have to travel farther.
Agent kind
GNG agents with

ommuni ation

GNG agents without

ommuni ation

median

mean

min

max

0.507

0.508

0.353

0.676

1

1

1

1

Figure 5.5: Compare GNG agents with and without
have not managed to survive without

ommuni ation. They

ommuni ation just like random agents,

on the other hand they had slightly better results than PR agents. The graphs
show the mean of hunger for ea h of 12 agents in the simulation.
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5.2.4 Grid Agent
I assumed grid agents will be similar to GNG agents, i.e. they fail to survive
without

ommuni ation. Grid agents are able to learn qui kly the environ-

ment just by moving around randomly and there is the
of them survive. They also should do well when they

han e that a

ouple

ommuni ate.

The results are that grid agents learn qui kly and thus they were able
to survive without

ommuni ation. It is not

lear what the probability is as

there were only few of them. I have run 20 simulations with grid agents to
verify the probability of grid agent's learning the environment. Like in the
standard experiments there were 12 agents and the following values shows the
result of the tests:

mean =5.56, median =5.5, min =1, max =12.

Unexpe tedly in the simulation with
not mu h better than without

ommuni ation the grid agents were

ommuni ation. The range of measured values

is larger and there also were agents that did not survive. All this might be
be ause of the overload of information that
Grid agents have set the
and

negative

α

omes with the

ommuni ation.

value to balan e the importan e between

positive

variables and thus it also balan es whether the learnt positions

of food are of higher importan e or the learning empty grid

ells (see 4.3 ).

With too mu h positive information a grid agent be omes perplexed.
Agent kind
Grid agents with

ommuni ation

Grid agents without

ommuni ation
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median

mean

min

max

0.610

0.663

0.393

1

0.495

0.680

0.338

1

Figure 5.6: Compare grid agents with and without
managed to survive without

ommuni ation.

ommuni ation, although when

They

ommuni ating

they be ame perplexed and some of them died. The graphs show the mean
of hunger for ea h of 12 agents in the simulation.
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5.3

Mixed Environment

Se ond part of the experiments are about environment where dierent kinds
of agents are trying to fulll their needs. I will observer whether some kind of
agents prosper from a presen e of other agents or if they are not that su

essful

as they were in a homogeneous environment in previous experiments.

5.3.1 GNG+Grid+PR+Random Agents
First I will start with

ombination of all kinds of agents, whereby sin e there

are those PR agents the others have an advantage of the perfe t sour e of
information. So I do not expe t them to fail. Without

ommuni ation the

result should not dier from those results of simulations with single kind of
agent, although sin e there are dierent agents around the environment, those
agents whi h were worse than others should be now even mu h worse.
The results show that all agents survived in this environment when they
were allowed to

ommuni ate. What is more, the grid agents improved their

statisti s possibly owing to the various

ompany. On the other hand, without

ommuni ation again only grid and PR agents survived.
Results of a simulation with
Agent kind
GNG agents

ommuni ation follow:
median

mean

min

max

0.517

0.520

0.402

0.705

Grid agents

0.517

0.519

0.376

0.664

PR agents

0.513

0.513

0.380

0.644

Random agents

0.522

0.525

0.407

0.683

All agents

0.517

0.519

0.376

0.705

Results of a simulation without
Agent kind

ommuni ation follow:

median

mean

min

max

GNG agents

1

1

1

1

Grid agents

0.458

0.622

0.329

1

PR agents

0.427

0.428

0.320

0.545

Random agents

1

1

1

1

All agents

1

0.762

0.320

1
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Figure 5.7: Compare the results of GNG, grid, PR and random agents all
together with and without
aged su

ommuni ation. With

ommuni ation they man-

essfully surived, on the other hand, without

ommuni ation only

grid agent stayed alive. The graphs show the mean of hunger in four separate
boxes ea h of whi h

ontains results of one agents' kind.
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5.3.2 GNG+Grid+Random Agents
In this experiment I have omitted pure rea tive agents and thus left others on
their own. For better
in the

omparision I have added the dieren e between values

urrent experiment and the previous one (GNG+Grid+PR+Random).

I used red

olour for a de rease and green

olour for an in rease, although it

is an improvement if they values are lower. We expe t them to generally be
worse than in the previous experiment, sin e the PR agents are missing.
As we

an see in the table below the only agent that is worse than before

is the grid agent. Both GNG and random agent have improved their performan e. Without

ommuni ation the only one to survive was again the grid

agent.
Results of a simulation with
Agent kind
GNG agents
Grid agents
Random agents
All agents

ommuni ation follow:

median

mean

min

max

0.514

0.515

0.367

0.681

-0.003

-0.005

-0.035

-0.024

0.519

0.521

0.380

0.703

+0.002

+0.003

+0.004

+0.037

0.521

0.523

0.399

0.690

-0.001

-0.002

-0.008

-0.007

0.518

0.520

0.366

0.703

+0.001

+0.001

-0.001

-0.002

Results of a simulation without
Agent kind

ommuni ation follow:

median

mean

min

max

GNG agents

1

1

1

1

Grid agents

1

0.684

0.284

1

+0.542

+0.062

-0.045

Random agents

1

1

1

1

All agents

1

0.895

0.284

1

+0.133

-0.036
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Figure 5.8: Compare the results of GNG, grid and random agents all together
with and without

ommuni ation. They managed to survive without

ni ation, although when

ommu-

ommuni ating they be ame perplexed and some of

them died. The graphs show the mean of hunger in three separate boxes ea h
of whi h

ontains results of one agents' kind
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5.3.3 GNG+Grid Agents
This experiment

ompare tho memory agents together in a simulation. We

will see whether su h
tage. Again you

ompanionship is an improvement or just disadvan-

an see highlighted dieren es between new values from this

experiment and the values from the previous one (GNG+Grid+Random).
The results of simulation without

ommuni ation should not be any sur-

prise, there is again a group of grid agents survived. As for the simulation
with

ommuni ation, we

an

ompare the values with the results of single-kind

simulations and then we see that this environment improved the grif agent'
performan e, on the other hand, it worsen the results of GNG agents.
Results of a simulation with
Agent kind
GNG agents
Grid agents
All agents

ommuni ation follow:

median

min

max

0.531

0.533

0.369

0.699

+0.017

+0.018

+0.002

+0.018

0.537

0.538

0.392

0.698

+0.018

+0.017

+0.012

-0.005

0.534

0.535

0.369

0.699

+0.016

+0.015

+0.003

-0.004

Results of a simulation without
Agent kind

mean

ommuni ation follow:

median

mean

min

max

GNG agents

1

1

1

1

Grid agents

1

0.690

0.282

1

+0.006

-0.002

All agents

1

0.845

0.282

-0.05

-0.002
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1

Figure 5.9: Compare the results of GNG and grid agents together in simulations with and without

ommuni ation. With

ommuni ation the grid agent

improved his results, but the results were worse for GNG agent

ompared

to the single-kind simulations. The graphs show the mean of hunger in two
separate boxes ea h of whi h

ontains results of one agents' kind.
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Chapter 6
Dis ussion
In previous
I have

hapter you have seen experimental runs of the simulation where

ompared the level of overall hunger of agents throughout the simu-

lation's steps. Now I am going to sum up those results and dis uss possible
out omes.
Simulation settings (size of the environment, number and distribution of
resour es) allowed random agents to survive few steps when they
muni ate with ea h others. Thereby the

ould

om-

ommuni ation was strong tool for

agents how to improve their results.
The

ommuni ation was not always an improvement as you

an see in

5.6 where the grid agents were less e ient when they were allowed to share
information about the environment. The

ommuni ation brings more in ome

information and thus in reases the ration between positive and negative variables (see 2.2) and disorients agents.

Owing to

ommuni atio it is hard to

de ide whi h of gng and grid agent was better.
As I have already

laried the grid agent has perfe t results without using

ommuni ation as soon as he survives rst thousand steps.
hand, he obviously fails to use

On the other

ommuni ation as an improving fa tor. That

is something where the gng agents win.
Se ond part of experiments is about
of agents at on e. Thereby I

omparing simulation with more kinds

ould observe how they

ompete against ea h

others. So I have observed GNG+Grid+PR+Random, GNG+Grid+Random
and GNG+Grid.

Apart experiments with

ommuni ation, I have also run

simulation whereby the agents were not able to
su h

onditions the result

ommuni ation, although in

ould not be dierent from single-kind setups.

Sin e there are pure rea tive agents in the rst experiment (with GNG,
grid, PR and random agents) the agents have a perfe t sour e of information
and thus easily su

eeded. Having omitted PR agents I

ould have observed

that gng agents have bettered and, on the other hand, the grid agent be ome
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worse. Furthermore, when you look at results of GNG+Grid simulation where
the random agents are missing, you

an see that both grid and gng agents

be ome worse, although the random agents should be mu h helpfull.
What is dierent between random agents and memory agents is the random agent answers only

orre t positions, when he is asked, and the memory

agent usually answers using his believes.
There were minor problems I had to deal with, for example I had to
setup variables for the GNG algorithm.
the algorithm is expe ted to slowly

What I have learnt from that is

onverge to the learnt topology. On the

other hand, I have used it for unn ertain dynami ly hanging data whi h were
mostly based on other agents' believes. That is probably why mu h simpler
memory stru ture used for grid agents has better results.

44

Chapter 7
Con lusions
I have

reated a multi-agent simulation with four dierent kinds of agents ea h

of whi h diers in their approa h to fulll their needs. What they had to su eed in was they were put inside a two dimensional environment whereby they
had to learn positions of six food resour e so as to be able to survive. They
were pure rea tive agent, random agent, GNG agent and grid agent. Latter
two had a memory to learn those positions. GNG agent used implemantion
of growing neural gas, an unsupervised neural network, and grid agent used
data stru ture inspired by [5℄.
In the experiments I have

ompared those agents in their e ien y. First

I have set up environments in whi h was only a single kind of agent and
after that I have

ombined dierent kinds of agents together. The results of

their e ien y measured by the overall hunger were presented in graphs and
statisti al variables su h as mean, median, maximal and minimal value.
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