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Abstract

This pape presents the study of a population of communicating agents living on hilly
landscapes. These simple language-leaning agents are utilised as the basis of investigation
of complex adaptive systems processes. Such agents are able to develop their own language
by interacting with each other while traversing their environments. The model can then be
used to examine phenomena of self-organisation of language and adaptation of agent
behaviour to the environment.

1 Introduction

The use of Artificial Life techniques to investigate language and communication
in Linguistics is concentrated on the experimentation with Artificial Languages (A-
Languages). A-Languages use computational approacdes to the problem of explaining
the origin and evolution of language. In the field of the origins of language Luc Steds
and the Origins of Language Group investigate linguistic phenomena [1, 2]. Mike
Oliphant, Simon Kirby and Jim Hurford have goplied mathematical and computational
modeling tedhniques to traditional issues in the evolution of communication and
language [3-7]. Ezequiel di Paolo has been studying the evolution of communication,
mainly through the processes of adion and social coordination and spatial organisation
[8]. Aude Billard and Kerstin Dautenhahn [9] have been reseaching gounding
communicaion in autonomous robots that use basic vocabularies. Daniel Livingstone
and Colin Fyfe have studied linguistic diversity [11] in models of distributed language
leaning. Epstein and Axtell [12] have been developing Sugarscape, a computational
system that synthesises agent technology and Cellular Automata (CAs) to study human
social phenomena.

This paper summarises a reseach projed in self-organisation of communicating
agents'. Within human languages, it is possible that groups of people speaing the same
language, such as nations, ill exhibit linguistic diversity in the form of dialeds.
Noticeably, the spatial segregation of dialeds follows the patterns of geographical
constraints of the environment. Using this as a source of inspiration, the investigation of
analogous phenomena in agent populations could help gain valuable insight into the
complexity of communicaing agents. The aent-based model is developed using the
SWARM simulation system [11].
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2 TheModel

The general aim of this reseach is to investigate mmplex adaptive systems
phenomena. In particular, the model concerns a population of 49 agents living on
different environments. The agents are @ntrolled by simple behaviour schemes and use
an internal model of human dialeds, in order to facilitate the study of divergence ad
convergence in communicating media. The mputational model visualises the
emerging effeds of dialed formation, as the ayents are mloured in acordance to their
individual representation of the internal language model (figure 1). It was quickly
noticed that the population achieves uniformity in their communicating medium, and the
model was used to explore the reasons why.

Figure 1. A screenshot from an agent population on a hilly landscape

2.1 The Environments

The aents live on discrete 22D environments (see figure 2) and are free to
communicae. These environments represent landscapes mapped onto a 2D grid of cells
that has the geometry of a torus. Five different landscgoes have been used: four with
different hills and valleys, whereas the fifth landscgpe is a cmpletely flat environment,
used as areferencein the analysis of the results.
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Figure 2. Thehilly landscape of figure 1 represents the above 3D landscape



The aents are freeto move aound anywhere in the world, but their motion is
somewhat restricted. If they choose to step to a destination cell with the same height as
their current position, they can do so in one simulation cycle. If the height of the
destination cell has a different height than their current position, then they can move to
the chosen destination in a number of cycles dependent on the height difference:

Cydesto moveto destinationcdl = height difference+ 1 (1)

Thus, the higher the dosen cell is, the longer it takes the agent to move there.
This gives a “climbing’ effect, which couples the motion of the agents with the
environment. When two agents find themselves in neighbouring cells, they interad.
Clearly, the number of the agents interadions is dictated by their motion, which is
heavily aff ected by the environment.

2.2 Agent behaviour

The aents have three happnessvariables that allow them to get some feedbadk
on their adions in the environment. These happiness values are used to control the
agents' behaviour. The social happinessis the average number of interadions per cycle
inthe last ten cycles. The mohility happinessis the arerage number of steps per cycle in
the last ten cycles. The generic happiness isthe average of the two.

The behaviour of the agents is determined by three behaviour rules. A rule is a
triplet of three situation — response pairs, {(S Ro), (S Ri), (S Rz)}. When the aent
detects a Situation S it is freeto choose between responses Ry, R; and R.. For situation
S, 1 0{0, 1, 2}, there is a probability that one of the responses R;, j U {0, 1, 2}, is
chosen. This probability is expressed by weight wi.

Ry
Wip
Wi

= Ry
Wig

Ry

Figure 3. The structure of the behaviour rules

The agents can find themselves to be either “too lonely” or “too immobile”, which
can be deteded by thresholding the values of the two respedive happiness values. When
in one of these two dtuations, the agent decides to move randomly, higher in the
landscepe, or lower. If the agent deddes to move to a higher/lower cell but cannot find
one aound its position, it says put. If the agent finds itself to be both “too lonely” and
“too immobile” then we have a onflict. The ayent chooses which situation to respond
to either randomly, or by seleding to satisfy itself feding either “too lonely” or “too
immobile”.



Threetypes of behaviour have been investigated: randam, fixed and dynamic. The
first type allows the agents to move aound completely randomly, irrespedive of what
situation they find themselves in. In the second type, the ajent chooses its responses
equiprobably and the behaviour weights do not change. In the final type, the behaviour
is dynamic, namely the probabilities are allowed to change acording to a smple
Reinforcement Leaning scheme. Here, the weight of the dhosen response is rewarded if
the response does not cause the generic happinessto deaease, and penalised if it does.

2.3 TheLanguage Neural Network

The agents use an Artificial Neural Network as a working model of a dialed. The
network comprises two layers, the internal state layer and the signal layer. The internal
state is modelled as a sparse bipolar vedor (1 a ead node, only one being set to +1
for any one state). This is fed forward through the ANN to determine an agent's signal
for that state, ead output being thresholded to a binary value. Signals are represented at
the language layer as arbitrary bipolar vedors:

M-1

Y = ;Xivvij (2

ThenY;=1if y; =0, Y;= 0if y; <0, where the vedor y is the signal generated
for internal state vedor X.

Language Layer

Internal Layer

Figure 4. The language aent neural network,
mapping each of 3 states to ane of possble 8 signals

During leaning, the output signal from a teader ANN is presented at the output
layer of the leaner ANN and fed back to produce an internal state (3). The eror
between the teater’'s internal state, x, and the leaner’s internal state, X', is used for
leaning by the learner agent, (4), with leaning only performed when the learner
misclassifies the signal.



Aw; =n(x —%")Y; (4)

This network has 3 output neurons and 3input neurons, thus we have 3 states and
2° = 8 possible signals. Using these values, the fad that there is a greder range of
signals available to the language agents than to be communicaed provides redundancy
in the signalling ability of the agents. Ead agent in the population retains a dialed, i.e.
a mapping of how the three states can be transmitted. In order to have asuitable visual
output, the dialects have been coded in groups of 8. Eadch such group is called a
language and it is represented with a single wlour.

2.4 Learning

Consider the cae when two agents med in two neighbouring cells. These agents
interad by teading each other their dialed. Two types of leaning can be used: We @an
have the leaning agent updating its language NN before it takes its turn in teading.
Thisis called asynchronaus learning (figure 53). It can also be the case that the leaning
agent stores the weight updates in a latch, then teades the other agent in a similar
fashion. Each agent updates its NN after the whole interadion has taken place This is
called synchronaus leaning (figure 5b).

(a) L)

Figure 5. Asynchronous (8) and synchronous leaning (b)

2.5 AnalysisTools

The model is observed by various graphs: a graph of the average interadions over
the population of agents, a graph of the average generic happinessand a histogram of
current languages. A history of the existing languages is also creaed by probing the
agents and colleding the languages that exist in the population, at eat cycle. For eat
cycle (x axis), a point is plotted a the eisting languages 1Ds (see figure 6). This
together with the languages histogram gives a mmplete view of the self-organisation of
the population’ s language.

In addition to the dove, when the behaviour of the agents is dynamic, we tradk
the dhanges in the three behaviour probabilities for al three situations. The graphs are
produced in the same way as the language histories are, and they can be used to study
the adaptation of the whole population to the environment (seefigure 7).



Ead simulation has been run long enough for the population to converge to a
single language, with an additional time margin after convergence to verify that the
population’s winning language does not change.
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Figure 7. History of behaviour probability wgo

3 Testing

This dudy uses two dfferent settings for the initial conditions of the agents
languages, two dfferent types of leaning, three different types of behaviour and 5
environments. The test vedors have the following structure:

<initial conditions>/<Ilearning>/ <behaviour>/<l andscape>



where e@h lradket is a placeholder for the string codes siown in table 4. For example,
a simulation using random language initialisation, asynchronous leaning, random
behaviour and aflat environment is represented by test vedor as/r/fl .

Initial conditions of languages String code
Random no string
“cake’: 4initial languages, with the c
same number of agents per language

L earning
Asynchronous as
Synchronous syn

Behaviour
Random r
fixed probabiliti es f
Dynamic d

Environment (landscape file)

Flat fl
complex landscape 1 1
complex landscape 2 2
complex landscape 3 3
complex landscape 4 4

Table 1. Test vedor notation
4 Resaults

The testing space is four-dimensional: (initial conditions, leaning, behaviour,

environment). The following table summarises slected runs of the tests:

Test vector Mean Cyclestoreach | Winning | Last competing | Cyclesto

happiness mean language language converge

happiness
Varying environments
aglr/fl 0.5386 9 54 46 3400
asr/l 0.50665 20 59 43 5650
adr/2 0.38148 10 67 51 2400 2800
(2500cycles)
asr/3 0.345 10 68 64 3000
adr/4 0.37371 11 51 50 4200
Varying type of behaviour, flat environment
aglr/fl 0.5386 9 54 46 3400
ad/f/il 0.20751 21 93 89 5800
ag/d/fl 0.51272 400 52 54 4300
Varying type of behaviour, hilly environment
asr/3 0.3425 10 68 64 3000
adf/3 0.29044 20 71 55 3800
add/3 0.3233 200 78 86 4100
Varying type of learning, flat environment

ag/r/fl 0.5386 9 54 46 3400
syn/r/fl 0.53838 30 63 47 3900

Varying type of initial language conditions, hilly environment
c/syn/d/3 0.32000 170 64 68 2200
syn/d/3 0.32238 100 83 81 4600

Table 2. Summary of selected test runs




5 Discussion

The most conspicuous phenomenon is the persistent convergence of the
population’s languages to a single one. In fad, the population converges at every single
simulation run caried out. This is independent of the initial distribution of agents
between languages, as this was disproved by carrying out runs with 4 initial languages,
each being wsed by 12 agents. As a general observation, the fewer the number of initial
languages, the faster the population converges. The model was also tested with one
initial language. Although a different language was generated, it became extinct after a
short period, and the winning language was the initial one.

Beaing in mind that a single language comprises a group of 8 different dialeds, it
is easy to seethat an interadion between agents of different dialects can cause either
one to change to a different language. Conversely, the uniformity of language an mean
uniformity of dialed. As a matter of fad, this is what actualy happens. Although it is
hidden under the visual output, after the agents converge to the same language, they
converge to the same dialed. It is at that point in the simulation when new languages of
short-life span can be generated. This only happens between a very small number of
agents and thus most of the time it is “absorbed” by the dominating language.

Let us discuss this point even further. Consider the cae where the whole
population bar very few agents (in fad, it could well be just one agent), has converged.
Chances are that the dominating language will prevail. However, here is where the
landscgpe geography comes into play. It is possible that an agent of the minority
language finds itself next to an agent of the majority language, and both of them are ait
off from the rest of the population. If the interadion does cause yet another language to
spring out, but instead the “rebel” agent converts the “conformist” agent. If this is
suitably repeaed, the postive feedbadk loop can lead to the minority language
dominating, as was indeed the cae with a number of simulation runs.

The agent happinessis a measure of how much the agents travel and interad with
each other and it is heavily dependent on the landscape. For all landscapes, the mean
happinessis lower when dynamic behaviour is used and even lower when the behaviour
probabilities are fixed.

Other observations include landscgpe-specific phenomena. In the flat landscape
(dynamic behaviour), the agents quickly adapt their behaviour so that situation “too
lonely” mostly leads to random notion (see figure 7). Namely, there exists a positive
feedbadk loop so that a the moment an agent chooses to modify its behaviour towards
randomness, this behaviour is reinforced. The next time it is more probable that the
response will be to chose arandom destination cell, and so on and so forth. The limiting
fador is that random motion cannot always guarantee more interadions, which explains
the drift at the top right part of the dorementioned graph.

The @ncentration of the agents in valleys is disproportionally higher than on
plains. The geography of the environments galls the agents in the valleys, creding a
“bottlened” effed. When the behaviour is dynamic, the aents on plains converge
much faster because they change their behaviour to random, which increases the
number of interadions. These ayents are dso generally happier.

In the landscape of figure 2, a temporary spatial segregation of two groups of
languages between the two degoest valleys was observed. However complicated its
geography is, it is the landscgpe in which the second fastest convergence is observed.
The cmplexity of this landscgpe kegps the happinessat low levels, which provides a
drive for motion and perpetual adaptation of behaviour.



The use of the different types of leaning affeds how long the population takes to
converge, with asynchronous leaning shortening the time nealed for convergence
Because it alters the way agents update their language network weights, it is quite
reasonable that the winning dialed should be different in each case. Finaly, it was
noticed that between the last two competing languages, there is always only one state
that is mapped differently.

6 Conclusions

Thisreseach uses a population of agents as a means of study of complex adaptive
systems. In particular, the study is focused on the identificaion of fadors that are
responsible for convergence of the cmmmunicaing medium in a population of agents, to
a ommon instantiation.

The model has revealed that there is a high degree of coupling between the
environment, agent behaviour and convergence to a particular language rather than
another. The aent behaviour determines the ajent’s trgectory. The environment
constrains the motion of the agent, which affeds its happiness When the model uses the
dynamic behaviour scheme, these effeds come in full swing, becaise the level of
happiness dictates how the behaviour changes. The new behaviour controls the agent
trgjedories in the next cycles and so on and so forth.

The fad that the population languages converge to a single one is comparable to
recet reseach by Arita & Koyama [13]. They discuss linguistic diversity and
convergence of a group of communicaing agents that use avocabulary table & a
language model. Their agents use genetic operations, whereas in this gudy the
mechanism of convergence of the ANN language model is Hebbian-like leaning. There
is also an analogy between the aforementioned results and the @nvergence of linguistic
mappings (interpretants) as discussed in Nehaniv [14]. In future work, the present study
can be extended to incorporate the agents using the @nverged language model to
communicae information about their environment, in hope that the results can be of
more pradical importancein the field of mobile robotics.

As a final remark, it was found that the self-organisation of the population’s
language is a result of the highly complex interadion between the model components.
Complex landscgpe geography is no odbstacle to language self-organisation, becaise
agents adapt to it, but the stegper the landscape, the slower the mnvergence If we were
to seled the most successful non-adaptable behaviour scheme, it would have to be one
based on random nwotion. However, it would be wrong to analyse the system by
separating it into independent dynamic processs. The synthetic approach of Artificial
Life isthe most valid method of investigation of such complex systems.
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