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Preface

This volume is the collection of papers and abstracts of the Third Annual Inter-
national Workshop on the Emergence and Evolution of Linguistic Communica-
tion (EELCIII), held in Rome from September 30 to October 1, 2006. This work-
shop was the third in line after previous editions held in Kanazawa (Japan) in
2004 and in Hatfield (UK) in 2005. Although the previous events were published
as post-proceedings, this event was the first to have its proceedings published
at the workshop. Three types of papers were elicited: full papers, invited full
papers and invited abstracts. All full papers were peer-reviewed by the Interna-
tional Programme Committee.

The workshop’s focus was on the evolution and emergence of language. This is
a fast-growing interdisciplinary research area with researchers coming from dis-
ciplines such as anthropology, linguistics, psychology, primatology, neuroscience,
cognitive science and computer science. Although most papers focus on evolu-
tion, a number of papers focus more on language acquisition. This was highly
welcomed, since research on language acquisition (both from psychology and
artificial intelligence) is extremely important in gaining insights regarding lan-
guage evolution and, not least, regarding the theme of this workshop ‘Symbol
Grounding and Beyond.’

Despite the interdisciplinarity of the field and — in principle — of the EELC
series, most contributions stem from computer science (mainly artificial intelli-
gence and artificial life). This is not surprising, because this was also the case
in previous workshops and because this workshop was part of the ‘Simulation of
Adaptive Behavior’ conference (SAB 2006), a.k.a. ‘From Animals to Animats.’

We would like to thank those involved in the organisation of SAB 2006,
especially Stefano Nolfi, for their assistance in organising the workshop, the
members of the Programme Committee for their assistance in reviewing the
papers, the invited speakers (Peter Géardenfors, Naoto Iwahashi, Elena Lieven,
Deb Roy and Luc Steels) and, of course, all authors of the contributions in this
collection.

June 2006 Paul Vogt
Yuuya Sugita

Elio Tuci

Chrystopher Nehaniv
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A Hybrid Model for Learning Word-Meaning
Mappings*

Federico Divina! and Paul Vogt!?

! Induction of Linguistic Knowledge / Language and Information Science
Tilburg University, P.O. Box 90153, 5000 LE Tilburg, The Netherlands
? Language Evolution and Computation Research Unit, School of Philosophy,
Psychology and Language Sciences, University of Edinburgh, UK
{f.divinaQuvt.nl, paulv}@ling.ed.ac.uk

Abstract. In this paper we introduce a model for the simulation of lan-
guage evolution, which is incorporated in the New Ties project. The New
Ties project aims at evolving a cultural society by integrating evolution-
ary, individual and social learning in large scale multi-agent simulations.
The model presented here introduces a novel implementation of language
games, which allows agents to communicate in a more natural way than
with most other existing implementations of language games. In par-
ticular, we propose a hybrid mechanism that combines cross-situational
learning techniques with more informed feedback mechanisms. In our
study we focus our attention on dealing with referential indeterminacy
after joint attention has been established and on whether the current
model can deal with larger populations than previous studies involving
cross-situational learning. Simulations show that the proposed model can
indeed lead to coherent languages in a quasi realistic world environment
with larger populations.

1 Introduction

For language to evolve, the language has to be transmitted reliably among the
population, which is only possible if the individual agents can learn the language.
In human societies, children have to learn for instance the sounds, words and
grammar of the target language. In the current paper, we focus solely on the
evolution and acquisition of word-meaning mappings. The way children acquire
the meanings of words still remains an open question. Associating the correct
meaning to a word is extremely complicated, as a word may potentially have an
infinite number of meanings [1].

Different mechanisms that children may adopt when acquiring the meanings of
words have been suggested, see, e.g., [2] for an overview. For example, Tomasello
has proposed that joint attention is a primary mechanism [3]. According to this

* This research and the New Ties project is supported by an EC FET grant under
contract 003752. We thank all members the New Ties project for their invaluable
contributions. Opinions and errors in this manuscript are the authors’ responsibility,
they do not necessarily reflect those of the EC or other New Ties members.

P. Vogt et al. (Eds.): EELC 2006, LNAI 4211, pp. 1-15, 2006.
© Springer-Verlag Berlin Heidelberg 2006



2 F. Divina and P. Vogt

mechanism, children are able to share their attention with adults on objects, e.g.,
through gaze following or pointing. Moreover, children can learn that adults have
control over their perceptions and that they can choose to attend to particular
objects or aspects of a given situation. This allows children to focus their atten-
tion on the same situation experienced by adults, thus reducing the number of
possible meanings of a word.

This mechanism, however, is not sufficient, because it is still uncertain whether
a word relates to the whole situation, to parts of the situation or even to a
completely different situation. This is known as the referential indeterminacy
problem illustrated by Quine [1] with the following example: Imagine an anthro-
pologist studying a native speaker of an unfamiliar language. As a rabbit crosses
their visual field, the native speaker says “gavagai” and the anthropologist infers
that “gavagai” means rabbit. However, the anthropologist cannot be completely
sure of his inference. In fact, the word “gavagai” can have an infinite number
of possible meanings, including undetached rabbit parts, large ears, it’s running,
good food or even it’s going to rain.

To overcome this problem, additional mechanisms have been proposed to re-
duce the referential indeterminacy. Among these is a representational bias known
as the whole object bias [4], according to which children tend to map novel words
to whole objects, rather then to parts of objects. Another mechanism that chil-
dren appear to use is the principle of contrast [5], which is based on the assump-
tion that if a meaning is already associated with a word, it is unlikely that it
can be associated with another word.

There is also evidence that children can acquire the meanings of words more
directly by reducing the number of potential meanings of words across different
situations [6,7]. This cross-situational learning can work statistically by main-
taining the co-occurrence frequencies of words with their possible meanings [8,9]
or simply by maintaining the intersection of all situations in which a word is
used [10,11]. Crucially, cross-situational learning depends on observing a suf-
ficient degree of one-to-one mappings between words and meanings. Although
theoretically, the level of uncertainty (i.e. the number of confounding — or back-
ground — meanings) in situations may be quite large, this may have a large
impact on the time required to learn a language [11].

Cross-situational learning yields poor results when the input language is less
consistent regarding the one-to-one mapping. This has been found in simulation
studies of language evolution with increased population sizes [9]. In such simula-
tions, different agents create many different words expressing the same meaning
when they have not yet communicated with each other. So, the more agents there
are, the more words can enter a language community during the early stages of
evolution. In models that use explicit meaning transfer, there are positive feed-
back loops that reduce the number of words sufficiently over time, allowing the
language to converge properly [12]. However, when there is no positive feedback
loop, as is the case with cross-situational learning, there appears to be no efficient
mechanism for reducing the number of words in the language. A possible solution
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to this problem could be to include an additional mechanism that imposes a bias
toward one-to-one mappings between words and meanings [13].

In this paper we propose a hybrid model for the evolution of language that
combines joint attention, cross-situational learning and the principle of contrast
as mechanisms for reducing the referential indeterminacy. In addition, a feedback
mechanism and related adaptations are used as a synonymy damping mechanism.
This model is used to investigate the effect that context size has on the develop-
ment of language, but more importantly it is used to investigate how this model
can deal with large populations. The model is embedded in the New Ties project!,
which aims at developing a benchmark platform for studying the evolution and
development of cultural societies in very large multi-agent systems [14].

The paper is organised as follows: in the next section, we provide a brief
description of the proposed model (for details, consult [14,15]). In Section 3 we
present some experiments, whose aims are to show that the proposed hybrid
model can lead to the evolution of a coherent lexicon in large population sizes
and with varying context sizes. The results are discussed in Section 4. Finally,
Section 5 concludes.

2 The Model

2.1 New Ties Agent Architecture

The New Ties project aims at developing a platform for studying the evolution
and development of cultural societies in a very large multi-agent system. In this
system, agents are inserted in an environment consisting of a grid world in which
each point is a location. The world, which is inspired by Epstein & Axtell’s [16]
sugar scape world, is set up with tokens, edible plants, building bricks, agents,
different terrains of varying roughness, etc. The aim for the agents is to evolve
and learn behavioural skills in order for the society to survive over extended
periods of time. As part of these skills, language and culture are to develop.

At each time step each agent receives as input a set of perceptual features
and messages, which constitute the context of an agent, and outputs an action
(see Fig. 1 for the basic agent architecture). These actions are collected by the
environment manager, and when all agents have been processed, the collected
actions are executed and the environment is updated.

The perceptual features an agent receives represent both objects and actions
that occur in its visual field. These features are processed with a categorisation
mechanism based on the discrimination game [17] (a detailed description of this
mechanism is given in [14,18]). Basically, each object is mapped onto a set of cat-
egories, where each category corresponds to a feature. So, if an object is described
by n features, it will be categorised into n categories. Messages are processed with
a language interpretation module, described in Section 2.2, and also yield a set of
categories. All these categories are stored in the short-term memory (STM), which
can be accessed by the control module, as well as all other modules.

! New Ties stands for New Emerging World models Through Individual, Evolutionary
and Social learning. See http://www.new-ties.org
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Fig. 1. The basic architecture of a New Ties agent. Perceptual features of objects and
actions are processed by the categorisation module, while messages are interpreted
with the language interpretation module. The control module outputs actions and the
language production module produces outgoing messages. Various sources of knowledge
are stored in the short- and long-term memories.

Once the perceptual features and messages have been processed, the controller
is used to determine the action to perform. This controller is represented by a
decision Q-tree (DQT), which is a decision tree that can change during an agent’s
lifetime using reinforcement learning [14]. The possible actions include, among
others, move, turn left, turn right, mate, talk, shout, ... In case the output of
the DQT is either the talk or shout action, the agent must produce a message,
which is done by the language production module, described below. Each action
performed costs a certain amount of energy, and when an agent’s energy level
decreases to zero or below, it dies. Energy levels can be increased by eating
plants. Agents also die when they reach a predefined age.

Agents start their life with a small initial DQT, which, as mentioned above,
can be changed by reinforcement learning. This initial DQT is the result of
evolution. When two agents reproduce, they produce an offspring who inherits
its genome from its parents, subject to cross-over and mutations. This genome
carries the code for producing the initial DQT and other biases, which regulate,
for instance, the ‘socialness’ of the agent. This socialness gene is a bias for
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Fig. 2. A simplified illustration of the lexicon. The lexicon consists of two matrices
that associate meanings m; with words w;. The left matrix stores association scores
o;; and the right matrix stores co-occurrence probabilities P;;.

an agent to be social; the more social an agent is, the more frequently it will
communicate and the more likely it is to provide more information regarding the
meaning of a message. Unlike standard evolutionary algorithms, reproduction is
not processed cyclical, but acyclical, i.e., two agents can reproduce when they
decide to, but only if they are of different sex and in nearby locations.

2.2 Communication and Learning Word-Meaning Mappings

The language evolves in the society by agents’ interacting through language games.
While doing so, each individual constructs its own lexicon, which is represented in
the long-term memory (LTM) by two association matrices (Fig. 2). Each matrix
associates words w; with meanings m;. The first matrix stores association scores
0, while the second stores co-occurrence probabilities P;;. The former is updated
based on feedback the agents may receive regarding the effectiveness (or success)
of their interaction. However, as this feedback is not always available, the agents
also maintain the co-occurrence frequencies of words and the potential meanings
as they co-occur in a given situation (or context). The two matrices are coupled
via the association strength, strL;;, which is calculated as:

St’I'Lij = 045 + (1 — O'ij)ljij. (1)

This coupling allows the agents to infer the right word-meaning mappings
across different situations using the co-occurrence probabilities when there has
been little feedback. However, when there has been sufficient feedback on the
language use of the agents, the association score 0i; may become high enough
to overrule the co-occurrence probabilities.

Both matrices are updated after each language game. If a language game is
considered successful based on the feedback mechanism, the association score
o;j of the used association is increased by

Oij =10y +1—n, (2)

where n = 0.9 is a constant learning parameter. In addition, the scores of com-
peting associations are laterally inhibited by

Tij =1+ Tij. (3)
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An association ay,, is competing if either the word is the same (n = i) or the
meaning (m = j), but not both. If the game has failed according to the feedback
mechanism, ;5 is also decreased this way. The association score is unchanged if
no feedback is processed.

In each game, irrespective of its outcome, the co-occurrence frequencies f;; of
words with potential meanings in that situation are increased, thus affecting the
co-occurrence probabilities:

> fis

The reason for adopting this dual representation is that earlier studies have
indicated that using the mechanism for updating the association scores (Eqs. 2
and 3) work much better than for updating the co-occurrence probabilities (Eq.
4) if there is feedback, while the opposite is true for cross-situational learning [19].

Unlike standard implementations, such as [17,18], a language game is initiated
by an agent when its controller decides to talk or shout?, or otherwise with a
certain probability proportional to socialness gene. This agent (the speaker) then
selects an arbitrary object from its context as a target object® and decides on
how many words it will use to describe the object. This number, expressed in the
task complezity T, is determined by generating a random number between 1 and
5 following a Gaussian distribution with the average age of the target audience
in tens of ‘New Ties years’ (NTYrs)? as its mean and a standard deviation of
0.75. This way, the agent will tend to produce shorter messages when addressing
a young audience and longer messages when addressing an older audience.

Depending on this task complexity, the agent selects arbitrarily 7T, different
categories that represent the object. Recall that each category relates to one
perceptual feature of an object, such as the object’s colour, shape, distance or
weight. For each category, the speaker then searches its lexicon for associations
that have the highest strength strL;;. If no such association is found, a new
word is invented as an arbitrary string and added to the lexicon. Each word
thus found is then appended to the message which is distributed to the agent(s)
in the speaker’s vicinity.

On certain occasions, for instance, when the hearer had signalled that it did not
understand the speaker, the speaker may accompany the message with a pointing
gesture to draw the attention to the target (such a gesture is only produced with a
probability proportional to the socialness gene mentioned earlier). This way, the
agents establish joint attention, but still the hearer does not necessarily know ex-
actly what feature of the object is signalled (cf. Quine’s problem).

Py = (4)

2 The ‘talk’ action is directed to only one visible agent, while ‘shout’ is directed to all
agents in the audible vicinity of the initiator.

3 In later studies we intend to make this selection depending on the decision making
mechanism determined by the DQT, so the communication will be more functional
with respect to the agent’s behaviour.

* In the current paper, a year in ‘New Ties time’ equals to an unrealistic 365 time
steps.
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When an agent receives a message, its language interpretation module tries to
interpret each word in the message by searching its lexicon for associations with
the highest strength strL;;. If the association score o;; of this element exceeds
a certain threshold (i.e., o;; > @, where © = 0.8), then the hearer assumes the
interpretation to be correct. If not, the hearer may — with a certain probability
proportional to the socialness gene — consider the interpretation to be incorrect
and signal a ‘did not understand’ message, thus soliciting a pointing gesture;
otherwise, the hearer will assume the interpretation was correct.

In case the interpretation was correct, the hearer may — again with a probabil-
ity proportional to its socialness gene — signal the speaker that it understood the
message, thus providing feedback so that both agents increase the association
score of used lexical entries and inhibit competing elements as explained above.
In all cases, the co-occurrence probability P;; is increased for all categories in the
context that have an association with the expressed words. In case the speaker
had pointed to the object, this context is reduced to the perceptual features of
this object. Otherwise, the context contains all categories of all visible objects,
which may differ from those the speaker sees — including the target object. All
interpretations are added to the STM, which the controller uses to decide on the
agent’s next action.

When no interpretation could be found in the lexicon, the agent adds the novel
word to its lexicon in association with all categories valid in the current context
(i-e., either all objects and events perceived or the object that was pointed to).
The frequency counters of these associations are set to 1 and the association
scores oy ; are initialised with:

on; =(1— m?x(aij))ao, (5)

where max;(o;;) is the maximum association score that meaning m; has with
other words w;, 09 = 0.1 is a constant, and 7 # N. This way, if the agent has
already associated the meaning (or category) m; with another word w;, the agent
is biased to prefer another meaning with this novel word. Hence, this implements
a notion of the principle of contrast [5]. Note again that the hearer may not have
seen the target object and thus may fail to acquire the proper meaning.

3 Experiments

In the experiments we test the effectiveness of the model described in the pre-
vious section. In particular, we are interested to see whether reasonable levels
of communicative accuracy can be reached with relatively large populations. In
addition, we investigate the influence of considering a different number of percep-
tual features that agents have at their disposal for inferring word-meaning map-
pings. In order to focus on these questions, the evolutionary and reinforcement
learning mechanisms were switched off. So, although agents could reproduce,
each agent has exactly the same hand-crafted controller that did not change
during their lifetimes. As a result, in the simulations reported here, agents only



