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Human social networks are dynamic, yet the majority of comjnal models of language
evolution operate with either fixed or random interactiotigras between agents. This paper
presents a model of lexicon formation in which agents cansadheir social ties based on the
success of performed interactions. Simulation resultsvshat different levels of ‘friendship’
between agents co-evolve with a system of linguistic cotiwes, with the observed social
network formation processes largely resembling those afemohumans.

1. Introduction

In most computational models of language evolution, ageande represented as
vertices that are connected by predefined, and usually lgquaighted edges. In
some cases, these agents would be divided into two or moeedagups, whereby
the vertices in some groups, e.g. the ‘child’ agents woutdeaonnected among
themselves (see Gong, 2010, for a review of such models) eMethe common
trait of nearly all such models is that the social ties betwagents remain fixed
throughout the simulation, i.e. agents can neither becdriemdlier’ with some
agents, nor break off all contact with others. This lack afawic social networks
has been identified by Gong and Wang (2005) as one of the nsgoes with
the majority of computational models of language evolutiordate. In order
to address this, Gong and Wang (2005) and Bachwerk and V@g&Dj have
introduced varying inter- and intra-group communicatiates into their models
of syntax and lexicon formation, respectively. Allowingrdymics in interaction
patterns has proven to affect most aspects of the emergmmaoaication system.
However, even the introduction of more sophisticated s$atiactures into
models of language evolution is not sufficient as the tiesveeh (groups of)
agents in such models remain fixed from the start of a sinarativhereas it
has been observed by e.g. Panzarasa, Opsahl, and Carl&) (880 humans
constantly re-evaluate their relationships with theiertgcutors depending on the
obtained feedback and the partner’s reciprocity. In effggart from contributing



to the question of the emergence of langupgese a computational model with
dynamic ties between agents should also shed light on homtsigkecisions dur-
ing individual interactions influence the overall socialisture of the population,
i.e. how the very first language-induced friendships werderia human evolu-
tion. The following section 2 will provide a short overvieWthe model that was
employed for the presented experiment on dynamic socelrianguage evolu-
tion, the setup of which is described in section 3. We coreluidh a discussion
of obtained results in section 4 and suggestions for futunén section 5.

2. Model Overview

The experiments presented in this paper have been perfamttethe help of the
Language Evolution Workbench (LEW) (for a more detailedcdipsion of the
model see Bachwerk & Vogel, 2010). This workbench provides 80 adjustable
parameters and makes as fawpriori assumptions about the agents’ cognitive
skills and their awareness of the possibility of a converalized communication
system as possible. The few cognitive skills that are asdwas be considered
as relatively widely accepted (see Christiansen & Kirby)2dor a review) as the
minimal prerequisites for the emergence of language. Thedede the ability
to observe and individuate events, the ability to engagej@ina attention frame
fixed on an occurring event, and the ability to interact bystnreting words and
utterances from abstract symidolnd transmitting these to one’s interlocuftor.
Finally, the model assumes an infinite space of both mearangsutterances,
recursively formed from a finite set of events/entities aymiisols respectively.
The simulations of the LEW consist of consecutive roundsitdractions be-
tween pairs of agents, during which one of the agents is madithe intention to
comment on an observed event, while a second agent assuatekedttopic of
the utterance relates in some way to the event and attemgéstale the meaning
of the encountered symbols accordingly. The agents’ gadltiimately to agree
on a sufficiently broad and reliable lexicon that will enatllem to consistently
understand each other in the future. Importantly, thereisetepathy built into
the model, neither in the form of direct meaning-form traission, nor in the
form of explicit feedback (see Smith, 2005, for further dission). The lack of
a telepathic ability means that the agents need to resoitamative informa-
tion sources in order to learn the meaning-form mappingsatebeing utilized
by others. Here we make the assumption that if communicatiofved out of
the need for cooperation in certain tasks (see Bickerton &t8mary, 2011) then
successful communication would lead to clearly perce&alalyoffs during such

aWhile we usually refer to such symbols as ‘phonemes’, themoireason why these should not
be representative of gestural signs.

bThe hearers are not assumed to know the word boundaries afcairtered utterance. For
simulations with synchronized transmission the readezfirred to Vogel (2010).



cooperation. By making this assumption, we can define ailegstrategy for our
agents, according to which an agent’s propengityt) to utilize a lexical map-
pingmin an interaction at timeis updated for every lexical mappingemployed
in an interaction according to the following rule (cf. Bat® Zollman, 2009)¢

| gm(t)+x(t) if mappingmwas utilized
gm(t+1) = { gm(t) otherwise (0

Wherer (t) represents the payoff of the interaction performed betwseragents
at timet and is the difference between thetual communicative success of an
interactions(t) and the predefingével of minimum success,;,, (see also Bach-
werk & Vogel, 2011, for an alternative use of these paransgfer

m(t) = 5(t) = smin )

Communicative success of an interactign) is defined as the level of agree-
ment between the meanings that the agents were observeddodbaoted in
what was spoken and what was heard (independently of whigtbgisegmented
the sound stream identically). In particular, for commatiiee agreement to be
achieved, the agents need to agree on two things: whatesndite being spoken
about and what are the relations between these entitiegbkehe relations be-
tween the entities are considered to be understood if therioiglof the meanings
is sufficiently similar between the two agents. Note that samicative success
can be meaningfully measured without subscribing to onetiee: cooperative
tasks may be completed, for example, without knowing whighgpof which ex-
pressions were understood as intenéled.

3. Experiment Design

The current experiment has been largely inspired by a mddshguage evolution
presented by Gong and Wang (2005), in which the agents emnisly updated
the strengths of their relationships, i.e. the probab#itf future interactions with
other agents based on the success of preceding communitatins. Further-
more, if the tie connecting a pair of agents exceeded a nemeight threshold,
the agents were considered as ‘friends’ (the labelling faddditional implica-
tions in the model). The results of experiments performetti #iis model have
exhibited friendships to be established between agemiglhas a certain amount
of clustering occurring throughout the population. Ingtiregly, the model intro-
duced no limit on how many ‘friends’ an agent may have and icened agents

In the LEW, q,,, values represent the weights and thus the usage proleshitifi competing
meaning-form mappings an an agent’s lexicon, whekghy0) is effectively equal to 0.

dAs defined, a negative value a{t) will result in a meaning-form mapping being punished.

€This approach agrees with Skyrms (2010) in saying that cetmpinderstanding is not a require-
ment for the emergence of conventionalized communicatieehanisms.



who were ‘friends’ with every other agent simply extremebtpplar. We believe
that the ability of an agent to become friends with every pgent as described
above is a severe limitation of the model by Gong and Wang5R0® does not
seem fitting that the definition of ‘friendship’ is local fovery pair of agents and
does not take into consideration the strengths of an agés'siith other agents.

In order to address the above issue, we have adjusted thé@tuél,2) to
perform updates of the strengths of agent relationshifts every agent,; €
{1,..,n} in a population of» = 10 agents based on the communicative success of
their interaction, with the level of minimum success;,, kept at 0.25, as follow8:

ri;i(t) +am(t) if agents andj were involved
ri(t+1) = { Tij' 8 " oth?erwise J (3)
Notably, when updating the connection strengths betweentagthe payoff value
is multiplied by a scaling parameterthat essentially defines the ratio between
the speed of social and lexical learning (cf. Santos, Paxt&tenaerts, 2006).
In the presented experiments, the value of the social updétey was varied
between 1, 0.5 and 0.1, i.e. the agents were always at leafficsnt in updating
their lexical mappings as they were in adjusting their dd@a.

The evaluation of experimental results was performed wittemphasis on
two particular aspects: the communicative properties efdholving language
and the emergent social structures within the populatienEhough the agents
in the LEW are not endowed with any telepathic abilitiess isiill possible for an
observer to quantify their communicative success, e.gobypuiting the precision
and recall rates between a speaker’s intended meaning aritetiver’s decoded
one. These two values can be then summarized with the helptafiatical mea-
sure that represents their harmonic mean, definefllas- 2 %Tm
In addition to the success measure, we also consider suddtisgaas lexicon use
and lexicon precision, which give an indication of respestii how broad and re-
liable are the lexicons of the agents. Finally, we can alsduate how some of
the more general properties of the emergent lexicons caatpahose of current
human languages by assessing lexicon synonymy and homdeygig"

The dynamic connection strengths between agents in themtessexperiment
have been introduced with the goal of observing what kindsagial ties will
evolve in a population which is not bound by a predefined negtwtructure, but
where its members are capable of becoming more familiar sdthe, and more

fAn agent who has a connection to every other agentawith 0.0001 is as likely to communicate
to any of these as an equally interconnected agent, butwits 1.0, making the latter agent’'s
‘friendship’ ties no different from the former agent's welids.

91f an agent’s connection strength with another agent reabhéhe former will avoid the latter in
all future interactions.

MModern languages seem to tolerate homonymy much more soghblexical synonymy.



distant with others. In order to be able to evaluate the tesul a per-agent basis,
we define three types of social connections that an agemght end up having
with a second agertbased on the connection’s relative weight = Z"iifm
i.e. the actual probability of selectingt as a partner in an interaction: an ac-
quaintance;; > 0.1), a friend ¢v;; > 0.25) and a best frienduf;; > 0.5).

In particular, we observed if and how many connections of gingn type were
established by the agents, given any particular valug, fith the goal of deter-
mining how the first language-induced friendships couldeiasen established in
human evolution.

4. Resultsand Discussion

In total, 600 simulations runs were performed for each oftinee different values
of o, with 500 rounds of 10 interactions each within every suahusation. The
evolution of communicative success rates from these ictierss are summarized
in figure 1(a), which exhibits that a nearly equivalent antmfriearning occurs
for all four types of agents, regardless if they are dynahyiealjusting their ties

to others or not. The only significant exception are agents arie very efficient
at adjusting their social tiesy(= 1) who not only achieve higher understanding
levels overall (= 6.919, p< 0.0001), but also have significantly less synonymy in
their lexicons (&= -7.745, p< 0.0001), as can be seen from figure 1(b). However,
the difference between the various agent types is not eglselarge even for the
two observational values mentioned above, while it doeseath significance
levels at all for such properties as lexicon size, lexicog vs lexicon precision.
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Figure 1. Evolution of (a) understanding (F1 measure) ahddpbnt lexicon synonymy.

iGiven this definition, the analytical limit for any partiemlagent is to have 2 best friends, 4 friends
and 10 acquaintances, population size permitting.



Average degree (w=>0.1) Average degree (w = 0.25)

Interaction ratio update rate Interaction ratio update rate
8 | a=01 a=0.1
- a=05 3 - a=05
—— a=10 — a=10

0 0
o o o o o o o o o o o o o o o o o o o o
o o o o o o o o o o o o o o o o o o o o
n o n o n o 0 o n (=] n o n o Te] o n o n (=]
— — N N (3] ™ < < n — — ~N N (3] ™ < < wn
Interactions Interactions

Figure 2. Evolution of average number of agent social tigh ¢a)w > 0.1 and (b)w > 0.25.

Having observed that agents do not seem to perform too éiffgreven when
allowed to adjust their interaction preferences throughioeisimulations, we ask
ourselves if the social structure of the corresponding gsasi significantly evolv-
ing at all. The connection strengths between every pair ehtsg, j were set to
r;; = 1 at the beginning, i.e. every agent started out with nineasdieis whose
relative weightsw;; = 1/9, i.e. w;; > 0.1. From figure 2(a), one can see that
this does not remain the case for long as the average numlocenogctions per
agent withw > 0.1 steadily decreases throughout the course of the simutation
In particular, for higher values ef, one observes a radical drop in the number of
‘acquaintances’ from the initial 9 to 5 far = 0.5 and 4 fora = 1 by the end of
the first 500 interactions (i.e. after around 100 interangiper agent).

The shrinking number of ‘acquaintances’ observed for dll@aofa suggests
that the interaction weights are being redistributed meresdly between the more
popular communication partners of an agent, which leadfi¢oestablishment
of first ‘friendships’. Figure 2(b) confirms that this is thase for agents with
a > 0.5 who on average make at least 1 ‘friend’ by the end of the sitimra
runs. However, agents with = 0.1 do not achieve a connection weight> 0.25
with any of their conspecifics due to their ‘unwillingness’ give up on other
partners too hastily. In effect, the different social updedtes model different
human characters, ranging from patient pragmatics wholasgya cautious and
thus end up having very practical friendships, if any attalthe more impulsive
types who are ready to become friends with anyone quickiyalbj, figure 3(a)
shows that more than half the agents with= 1 end up having a ‘best friend’
by the end of the simulations, which is also the main reasoy thhbse agents
outperform other agents in terms of communicative success.

When comparing the social structures that emerge in ouratioos to empir-
ical studies of human networks, we have observed two sgigimilarities in their
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Figure 3. (a) Evolution of average number of agent social wih w > 0.5 and (b) frequency
distribution of edge weights fax = 1.

construction and organization. First of all, the two-stagecess of establishing
social relationships that was observed for agents with hdrigocial update rate

(in particular fora. = 1) has been also reported by Panzarasa et al. (2009) among

others, who observed that social relationships were eshedal at the very onset
of group formation and were then slowly reinforced aftemgarAdditionally, it
appears that for these agents, the frequency distribufiedge weights, i.e. the
connection strengths between agents, depicted in figu)el®b a distinct scale-
free character (with the exception of an increase is- 1 ties at the tail), which
Barabasi (2009) considers to be typical of most dynamiwoeks.

5. Conclusionsand Future Work

In summary, it appears that in order for a non-random sotiatture to emerge,
agents need to make their decisions in a decisive and resoiamner. In effect,
the fact that social dynamics of agents in our model so gfjasslemble those of
modern humans for certain parameter levels certainly stggleat, if our prede-
cessors were anything like us socially, it is likely that aleeninant characteristic
of early hominids was a quickness to bond based on successfuhunication.
However, one issue that arises with such individuals whoiecfriends’ with a
few of their conspecifics and mainly ignore the majority of ffopulation is that
it is hard to imagine how they could have agreed on a highlywentionalized
communal communication system such as language.

Future work should look further into the limits of lexiconrfoation in a pop-
ulation of socially aware agents, while making sure thagtteeip does not evolve
into pairs of exclusive ‘best friends’ who do not communécadth others. In par-
ticular, one should also investigate the possibility ofékiestence of either univer-
sally esteemed and popular agents or simply variably ‘Scmigents, as well as



the effects that the more influential agents could have oméuisions of others,
including both their friend-making and language learnitrgtegies.
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