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Abstract

There is a broad conscnsus today that the representations used
by a cognitive agent must be grounded in cexternal reality through
a scnsori-motor apparatus. These representations must also be suffi-
ciently similar to those used by other agents in the group to cnable
coordinated action and communication, and they must be acquired
autonomously by cach agent. This paper argucs that language plays
a crucial role in the learning of grounded representations because it
is a source of fcedback and constrains the degrees of freedom of the
representations used in the group. Evolutionary language games arc
introduced as framcework for concretising the structural coupling be-
tween concept formation and symbol acquisition and some cxample
cxperiments with physical robots arc discussed.

1 Defining the problem

(Given the terminological confusion in the cognitive sciences it is worthwhile
to define more precisely the problems we try to approach.

1. In computer science, a representation 1s a physical state of a machmme
(computer memory for example) which acts as a "stand in” for something
else. The physical state becomes thus a means to store information and
physical processes operating over the state can implement whatever repre-
sentational transformations we wish to enact. Thus a representation of a



number In a computer i1s a configuration of digital states. Calculation takes
place by changing these states. Objects, concepts, actions, etc. can likewise
be represented in an artificial agent by postulating internal states for each
of these. Cognitive processes like decision-making, language parsing, object
recognition, etc. can then be conceived as physical operations over these
internal states.

A representation (both the physical medium chosen and the convention
used to map information onto this medium) is arbitrary with respect to
what one wants to represent. The only requirement is that the mapping is
systematic and that processes operating over a representation are consistent
with respect to the mapping that has been adopted. Thus we can not only
use binary representations of numbers but also hexadecimal representations,
and make use of marks on a laser disk as well as electromagnetic states of an
electronic circuit as the state medium. Note that once we are at the level of
physical states and physical processes, no additional homunculus is involved
to "interpret” representations.

In neuroscience parlance, the equivalent of the computer science notion
of a representation is the notion of a neural correlate. This is a biological
state (for example the activation of a neuron or set of neurons) which stands
for something else, like a control signal for an arm, the recognition of a con-
cept, experience of the color red, etc. Neural processes operating over these
physical states, usually thought to take the form of the selective propagation
of signals through a network, are the neural correspondence of the physical
operations carried out over computational states.

So even if computational implementations are very different from bio-
logical implementations, the notion of representation is similar in Al and
(cognitive) neuroscience. Using representations and operations over repre-
sentations to explain cognitive functions seem now so natural and obvious
that it is difficult to follow philosophers who claim that cognition does not
involve representations. Perhaps they simply have not understood what rep-
resentations are or are using the notion of representation in another way.

2. We say that a representation is grounded when there is an autonomous
process that transforms sensations (1.e. data flowing from sensors or motors
into internal states) into internal representations and transforms internal rep-
resentations into motor activations. Through these grounding processes, the
agent can coordinate his activities with the world and other agents. The rep-
resentation need not be an exact, full, veridical representation of the world,



and it can be analog or categorial, but it needs to be sufliciently detailed and
faithful to support the agent’s interaction with the world and others.

Grounding 1s trivially achieved for devices like a calculator. The user
pushes buttons which directly activate internal representations. It is obvi-
ously much more complex for representations about the world. Sensors reflect
physical properties of the environment which are not necessarily those that
the agent needs to focus on. The information is hidden in the sensory-motor
data and requires complex processing to get out. Often there is not enough
information in the sensory data and so representations have to be hypothe-
sised 1n a top down fashion and mapped onto the sensory-motor data.

In a lot of (pre 1990) Al work the problem of grounding was (temporar-
ily) abstracted out by supplying the representations directly to the computer
and only focusing on the processing aspect. This was a useful strategy for a
while but it has been rightfully criticised because not all the representations
assumed by early Al programs can be grounded on a physically embodied
robot [5], [#4]. For example, it is far from obvious that abstract geometric
representations about the world, as envisioned by David Marr [22], can be
extracted from real world images given the available resources. This has
lead to a healthy move away to simpler representations and better exploita-
tion of bodily interaction [26]. We should nevertheless keep in mind that
many experiments which involve complex representations - even from the
very beginning of Al - have considered the problem of grounding these rep-
resentations. A typical example is the SRI Shakey robot [24] which was a
model of many subsequent robotics efforts. So there is nothing in the notion
of representation that makes them inherently not groundable. It is only that
the grounding of representations is a very non-trivial and difficult techni-
cal problem involving a whole arsenal of statistical and pattern recognition
techniques and that not every abstract representation can be grounded.

3. Representations are symbolised when there are external tokens (speech
sounds, gestures, scratches on a piece of paper, configurations on a display)
that are associated with the representation and used for external communi-
cation with another agent. The relationship is entirely conventional. Sender
and receiver must agree, but there are in principle endless possibilities. The
process of relating a representation to its symbolisation and vice-versa must
be carried out autonomously by each agent. We say that a symbol is grounded
iff its representation is grounded.

The relations considered so far are summarised in the semiotic square
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Figure 1: The semiotic square summarises the relation between world, sen-
sation, representation, and symbol.

depicted in figure 1. By sensation, I mean the perceptual or motor data
streams that directly connect the agent to the world. By representation I
mean a conceptual representation useful for decision making, language or
other cognitive tasks. The semiotic square is reminiscent of the semiotic tri-
angle familiar from the semiotic literature [11] which relates world, concept,
and symbol. The relation between a symbol and the world is the reference
relation. The relation between a symbol and a representation is the meaning
relation. In the philosophy of language literature, the reference relation and
the meaning relation are studied theoretically, independently of how this re-
lation 1is established by a cognitive agent. This kind of research in formal
semantics is of interest when one wants to investigate how a symbol system
can in principle be related to the world, but is a very different topic from the
one considered in this paper.

The problem of symbolisation is trivially solved by a calculator which
transforms the internal representation of a number into an external repre-
sentation on a display and which displays on the buttons the conventional
representations of numbers so that users know which button to push. It
is extraordinarily difficult in the case of natural language, because the con-
ventions are not universal, they are open-ended, and involve a non-trivial
multi-level mapping from representations to symbols.

Just for clarification, it is perhaps important to sharpen in this context
the notion of symbolic processing, as it has been used in Al Symbolic pro-
cessing means that a set of symbols, possibly without any relation to the
world, such as postulated in a logical calculus, is mapped onto internal rep-
resentations and the internal representations are processed conform to given
symbol manipulation rules, for example the rules of natural deduction of the



predicate calculus. The outcome of processing 1s then translated back into
symbols. A logic programming systems such as PROLOG or a functional
programming language like LISP support this kind of operation. They can
handle millions of symbols and their compilers optimise for fast symbolic
processing. This technology is of enormous value for building non-trivial
cognitive agents but does not address in itself grounding nor learning.

4. Learning grounded representations means that the agent allocates
states for certain representations but also - and more importantly - that
the agent learns to use the representation appropriately, more specifically
(1) the ability to relate the representation to the world through the sensori-
motor apparatus, and (2) the use of the representation for some purpose,
such as making a decision about the next action to take.

Learning a symbolisetion means to acquire the relation between represen-
tations and symbols as required for communication in a specific community.
The agent must acquire the ability to activate the intended internal repre-
sentations given a set of symbols or to select a set of symbols to externalise
a particular representation.

Learning a semiotic system means to acquire both grounded representa-
tions and their symbolisations, i.e. the relation between world, sensation,
representation, and symbol. This is the problem that the child faces when
growing up in a language community and the problem that concerns us fur-
ther in this paper. We take this problem to be equivalent to the symbol
grounding problem.

2 'Two approaches

The first approach to the symbol grounding problem is to follow a divide-
and-conquer strategy. It assumes that there is on the one hand a process
that learns grounded representations. Once the representations are in place,
it then postulates a second independent process that associates symbols with
the already acquired representations. It has been suggested that this is the
way symbol grounding happens in humans [14] and various experiments have
been done following this approach [10] [7].

However a second approach is possible, as first suggested in Steels [30],
[32], in which there is a strong structural coupling between the two. This
means that learning representations and learning their symbolisation go hand



in hand and influence each other. A representation that has been learned
can be the subject of symbolisation but communication through symbols
provides important feedback to representational learning.

In my opinion the structural coupling approach is the only viable way
to explain the massive build up of representations and symbols that humans
use and it can be profitably used in artificial systems. This approach seems
paradoxical at first because instead of solving two difficult problems one by
one, we try to solve both of them at the same time, which intuitively seems
to be even more difficult. Here are the reasons why I nevertheless believe
that a structural coupling approach is better.

There are many ways to learn grounded representations, but broadly
speaking mechanisms fall into two classes: unsupervised or supervised learn-
ing. In the case of unsupervised learning, clustering techniques (possibly
implemented as neural networks such as the Kohonen network) extract from
a series of data invariances that are then associated with internal represen-
tations. However we note two things: (1) not all representations of interest
to a cognitive agent are reflected as invariants in sensori-motor data, and (2)
often there is more than one possible way to cluster the data depending on
the dimensions that are considered or the parameter settings of the clustering
algorithm.

This generates the problem that if different agents each independently de-
velop representations about the world, there is no guarantee that they arrive
at mutually compatible representations. Today the experimenter carefully
designs the features that are input to the learning system, carefully selects
appropriate example sets, and then tweaks parameters until an appropriate
clustering comes out. This is not quite the autonomous learning that we
would hope for. but using sensory data in their raw form, i.e. bitmaps cap-
tured by a camera, motor states, the audio signal directly coming from a
microphone, etc. does not leave any other choice.

In the case of supervised learning, the agent is given a series of cases as
well as feedback whether the representations being developed are appropriate
with respect to some task. Thus if the task is classification, the agent would
be given examples and counterexamples, if the task 1s action in the world,
the agent gets a feedback signal whether the action was successful (as in
reenforcement learning algorithms). Because the task can incorporate some
form of coordination with other agents, it is in principle possible to steer
the acquisition of representations in such a way that they are compatible



with those used by others, by incorporating in the feedback some element
that is related to representation sharing. But the critical question here is:
Where does the feedback come from? In real world circumstances, feedback is
never direct and obvious, specifically not concerning internal representations.
Feedback comes only through the use of a representation. If the designer
has to carefully determine feedback and prepare the example sets, then we
are missing something fundamental. By letting the use of a representation
generate feedback, the learning setup becomes self-supervised.

There are many users of representations. For example for planning ac-
tions, particularly at a microlevel (like for grasping an object), the agent
needs adequate categorisations of reality dedicated to that task. So action
execution can be a possible source of feedback. Language is another big user
of representations because before anything can be said the world must be
conceptualised in the way that has been lexicalised and grammaticalised in
the language (and this can differ substantially from one language to another
[27]). But language is not only useful because it provides representational
feedback, it also helps a community of agents to settle on similar represen-
tations.

The next thing we need is a good framework to study these issues con-
cretely. I claim that evolutionary language games are such framework. We
started to work on this around 1995 [?] and have since shown in an increasing
number of papers and experiments that the framework is a rich foundation for
studying both language formation and concept acquisition. The remainder
of this paper reports these developments in some more detail.

3 Evolutionary Language Games

Evolutionary games are now widely used to study issues in evolution [?] or
economics [|. They form part of the larger framework of game theory. A game
is an interaction between two agents according to certain rules and having a
certain outcome. Games can be adversary (like the Prisoner’s Dilemma [?])
or cooperative. A game is evolutionary if the players change their internal
states in order to be more successful in the future [7].

In the past few years, we have done several experiments exploring the
co-evolution of language and meaning. Although we have also studied multi-
word expressions and the emergence of syntax within the same experimental



context [?7], this paper only discusses single word utterances so that we can
focus completely on the issue of grounding meaning.

4 'The Talking Heads experiment

The main experiment that will be briefly described here is known as the
Talking Heads experiment. The robotic setup consists of a set of ‘Talking
Heads’ connected through the Internet. Each Talking Head features a Sony
EVI-D31 camera with controllable pan/tilt motors for horizontal and ver-
tical movement (figure 2), a computer for cognitive processing (perception,
categorisation, lexicon lookup, etc.), a screen on which the internal states of
the agent currently loaded in the body are shown, a TV-monitor showing
the scene as seen through the camera, and devices for audio in- and out-
put. Agents can load themselves in a physical Talking Head and teleport
themselves to another Head by travelling through the Internet. By design,
an agent can only interact with another one when it is physically instanti-
ated in a body located in a shared physical environment. The experimental
infrastructure also features a commentator which reports and comments on
dialogs, displays measures of the ontologies and languages of the agents and
game statistics, such as average communicative success, lexical coherence,
average ontology and lexicon size, etc.

For the experiments reported in this paper, the shared environment con-
sists of a magnetic white board on which various shapes are pasted: colored
triangles, circles, rectangles, etc. Although this may seem a strong restric-
tion, we have learned that the environment should be simple enough to be
able to follow and experimentally investigate the complex dynamics taken
place in the agent population.

4.1 Components

The guessing game

The interaction between the agents consists of a language game, called the
guessing game. The guessing game 1s played between two visually grounded
agents. One agent plays the role of speaker and the other one then plays the
role of hearer. Agents take turns playing games so all of them develop the



Figure 2: Two Talking Head cameras and associated monitors showing what cach
camera perecives.

capacity to be speaker or hearer. Agents are capable of segmenting the image
perceived through the camera into objects and of collecting various sensory
data about each object, such as the color (decomposed in RGB channels),
average gray-scale or position. The set of objects and their data constitute
a context. The speaker chooses one object from this context, further called
the topte. The other objects form the background. The speaker then gives a
linguistic hint to the hearer.

The linguistic hint is an utterance that identifies the topic with respect
to the objects in the background. For example, if the context contains [1] a
red square, [2] a blue triangle, and [3] a green circle, then the speaker may
say something like "the red one” to communicate that [1] is the topic. If
the context contains also a red triangle, he has to be more precise and say
something like "the red square”. Of course, the Talking Heads do not say
"the red square” but use their own language and concepts which are never
going to be the same as those used in English. For example, they may say
"malewina” to mean [UPPER EXTREME-LEFT LOW-REDNESS].

Based on the linguistic hint, the hearer tries to guess what topic the
speaker has chosen, and he communicates his choice to the speaker by point-
ing to the object. A robot points by transmitting in which direction he is
looking in his own agent-centered coordinates. The other robot is callibrated



in the beginning of the experiment to be able to convert these coordinates
into his own agent-centered coordinates. The game succeeds if the topic
guessed by the hearer 1s equal to the topic chosen by the speaker. The game
fails if the guess was wrong or if the speaker or the hearer failed at some
earlier point in the game. In case of a failure, the speaker gives an extra-
linguistic hint by pointing to the topic he had in mind, and both agents try
to repair their internal structures to be more successful in future games.

The architecture of the agents has two components: a conceptualisation
module responsible for categorising reality or for applying categories to find
back the referent in the perceptual image, and a verbalisation module re-
sponsible for verbalising a conceptualisation or for interpreting a form to
reconstruct its meaning. Agents start with no prior designer-supplied ontol-
ogy nor lexicon. A shared ontology and lexicon must emerge from scratch
in a self-organised process. The agents therefore not only play the game but
also expand or adapt their ontology or lexicon to be more successful in future
games.

The Conceptualisation Module

Meanings are categories that distinguish the topic from the other objects
in the context. The categories are organised in discrimination trees (figure 3)
where each node contains a discriminator able to filter the set of objects into
a subset that satisfies a category and another one that satisfies its opposition.
For example, there might be a discriminator based on the horizontal position
(HPOS) of the center of an object (scaled between 0.0 and 1.0) sorting the
objects in the context in a bin for the category ‘left’ when HPOS < 0.5,
(further labeled as [HP0OS-0.0,0.5]) and one for ‘right’ when HPOS > 0.5
(labeled as [HPOS-0.5,1.0]). Further subcategories are created by restricting
the region of each category. For example, the category ‘very left’ (or [HPOS-
0.0,0.25]) applies when an object’s HPOS value is in the region [0.0,0.25]. For
the experiments in this paper, the agents have only channels for horizontal
position (HPOS), vertical position (VPOS), color (RGB indicated as RED,
GREEN, BLUE), and grayscale (GRAY). The system is open to exploit any
channel with additional raw data, such as audio, or results from more complex
image processing.

A distinctive category set is found by filtering the objects in the context
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Figure 3: The discrimination trees of two agents.

from the top in each discrimination tree until there is a bin which only
contains the topic. This means that only the topic falls within the category
associated with that bin, and so this category uniquely filters out the topic
from all the other objects in the scene. Often more than one solution is
possible, but all solutions are passed on to the lexicon module.

The discrimination trees of each agent are formed using a growth and
pruning dynamics coupled to the environment, which creates an ecology of
distinctions. Discrimination trees grow randomly by the addition of new
categorisers splitting the region of existing categories. Categorisers compete
in each guessing game. The use and success of a categoriser is monitored
and categorisers that are irrelevant for the environments encountered by the
agent are pruned. More details about the discrimination game can be found

Verbalisation module

The lexicon of each agents consists of a two-way association between forms
(which are individual words) and meanings (which are single categories).
Each association has a score. Words are random combiations of syllables,
although any set of distinct word symbols could be used. When a speaker
needs to verbalise a category, he looks up all possible words associated with
that category, orders them and picks the one with the best score for trans-
mission to the hearer. When a hearer needs to interpret a word, he looks
up all possible meanings, tests which meanings are applicable in the present
context, i.e. which ones yield a possible single referent, and uses the remain-
ing meaning with the highest score as the winner. The topic guessed by the
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hearer 1s the referent of this meaning.

Based on feedback on the outcome of the guessing game, the speaker and
the hearer update the scores. When the game has succeeded, they increase
the score of the winning association and decrease the competitors, thus im-
plementing lateral inhibition. When the game has failed, they each decrease
the score of the association they used. Occasionally new associations are
stored. A speaker creates a new word when he does not have a word yet for
a meaning he wants to express. A hearer may encounter a new word he has
never heard before and then store a new association between this word and
the best guess of the possible meaning. This guess is based on first guessing
the topic using the extra-linguistic hint provided by the speaker, and on per-
forming categorisation using his own discrimination trees as developed thus
far. These lexicon bootstrapping mechanisms have been explained and val-
idated extensively in earlier papers [35] and are basically the same as those
reported by Oliphant [25].

The conceptualisation module proposes several solutions to the verbalisa-
tion module which prefers those that have already been lexicalised. Agents
monitor success of categories in the total game and use this to target growth
and pruning. The language therefore strongly influences the ontologies agents
retain. The two modules are structurally coupled and thus get coordinated
without a central coordinator.

Examples

Here is the simplest possible case of a language game. The speaker, al,
has picked a triangular object at the bottom of the scene as the topic. There
is only one other rectangular object in the scene, nearer to the top. Con-
sequently, the category [VPOS-0.0,0.5]a1, which is valid when the vertical
position VPOS <« 0.5, is applicable because it is valid for the triangle but
not for the rectangle. Assuming that al has an association in his lexicon
relating [VP0OS-0.0,0.5],; with the word "lu”, then al will retrieve this as-
sociation and transmits the word "1u” to the hearer, which is agent a2.

Now suppose that a2 has stored in his lexicon an association between
"lu” and [RED-0.0,0.5]a2. He therefore hypothesises that [RED-0.0,0.5]az
must be the meaning of "lu”. When he applies this category to the present
scene, In other words when he filters out the objects whose value for the
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redness channel (RED) do not fall in the region [0.0, 0.5], he obtains only one
remaining object, the triangle. Hence a2 concludes that this must be the
topic and points to it. The speaker recognises that the hearer has pointed to
the right object and so the game succeeds.

The complete dialog is reported by the commentator as follows:

Game 125.

al is the speaker. a2 is the hearer.

al segments the context inteo 2 objects

al categorises the topic as [VP0S-0.0,0.5]
al says: "lu"

a2 interprets "lu" as [RED-0.0,0.5]

a2 peints te the topic

al says: "OK"

This game illustrates a situation where the speaker and the hearer picks out
the same referent even though they use a different meaning. The speaker
uses vertical position and the hearer the degree of redness in RGB space.

Here is a second example, The speaker is again al and he uses the same
category and the same word "lu”. But the hearer, a3, interprets "lu” in
terms of horizontal position [HPOS-0.0,0.5]as (left of the scene). Because
there 1s more than one object satisfying this category in the scene the agents
look at, the hearer is confused. The speaker then points to the topic and the
hearer acquires a new association between "lu” and [VP0OS-0.0,0.5]a3, which
starts to compete with the one he already had. The commentator reports
this kind of interaction as follows:

Game 137.

al is the speaker. a3 is the hearer.

al segments the context inteo 2 objects

al categorises the topic as [VP0S-0.0,0.5]
al says: "lu"

a3 interprets "lu" as [HP0S-0.0,0.5]
There is mere than one such object

a3 says: "lu?"

al peints te the topic

a3 categorises the topic as [VP0S-0.0,0.5]
a3 stores "lu" as [VP0S5-0.0,0.5]

13



The table below shows part of a vocabulary of a single agent after 3,000
language games. The table shows also the score.

Form | Meaning Score | Form | Meaning Score
wovota | [RED-0.0,0.125] | 1.0 sogavo | [GREEN-0.5,1.0] | 0.0
tu [GRAY-0.25,0.5] | 0.0 naxesi | [GREEN-0.5,1.0] | 0.0
gorepe | [VPOS-0.0,0.5] | 0.3 ko [GREEN-0.5,1.0] | 0.0
zuga [VPOS-0.0,0.5] | 0.1 ve [GREEN-0.5,1.0] | 0.0
lora [VPOS-0.25,0.5] | 0.1 migine | [GREEN-0.5,1.0] | 0.0
wovota | [VPOS-0.25,0.5] | 0.2 zota [GREEN-0.5,1.0] | 0.9
di [VPOS-0.25,0.5] | 0.0 zafe [GREEN-0.5,1.0] | 0.1
zafe [VPOS-0.0,0.25] | 0.2 zulebo | [HPOS-0.0,1.0] | 0.0
wowore | [VP0OS-0.0,0.25] | 0.9 x1 [HPOS-0.0,1.0] 0.0

mifo HPOS-0.0,1.0] | 1.0

We see in this table that for some meanings (such as [RED-0.0,0.125]) a
single form "wovota” has firmly established itself. For other meanings, like
[GRAY-0.25,0.5], a word was known at some point but is now no longer in
use. For other meanings, like [VPOS-0.0,0.5], two words are still competing:
"gorepe” and "zuga”. There are words, like "zafe”, which have two possible

meanings [VP0S-0.0,0.25] and [GREEN-0.5,1.0].

5 Discussion

Natural languages are clearly not totally coherent even in the same language
community, and languages developed autonomously by physically embodied
agents will not be fully coherent either.

1. Different agents may prefer a different word for the same meaning.
These words are said to be synonyms of each other. An example is
"pavement” versus "sidewalk”. The situation arises because an agent
may construct a new word not knowing that one is already in existence.
Synonymy is often an intermediate stage for new meanings whose lex-
icalisation has not stabilised yet. Natural languages show a clear ten-
dency for the elimination of synonyms. Accidental synonyms tend to
speclalise, incorporating different shades of meaning from the context
or reflecting socio-linguistic and dialectal differences of speaker and
hearer.
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2. The same word may have different preferred meanings in the popula-
tion. These words thus become ambiguous. This situation may arise
completely accidentally, as in the case of "bank” which can mean river
bank and financial institution. These words are then called homonyms.
The situation may also arise whenever there is more than one possible
meaning compatible with the same situation. An agent on hearing an
unknown word may therefore incorrectly guess its meaning. Ambigu-
ity also arises because most words are polysemous: The original source
meaning has become extended by metaphor and metonymy to cover a
family of meanings [38]. Real ambiguity tends to survive in natural lan-
guages only when the contexts of each meaning is sufficiently different,
otherwise the hearer would be unable to derive the correct meaning.

3. The same meaning may denote different referents for different agents in
the same context. This 1s the case when the application of a category is
strongly situated, for example ‘left’ for the speaker may be ‘right’ for the
hearer. Deictic terms like "this” and "that” are even clearer examples
from natural language. In natural languages, this multi-referentialily is
counter-acted by verbalising more information about the context or by
avolding words with multi-referential meanings when they may cause
confusion.

4. It is possible and very common with a richer categorial repertoire, that
a particular referent in a particular context can be conceptualised in
more than one way. For example, an object may be to the left of all the
others, and much higher positioned than all the others. In the same
situation different agents may therefore use different meanings. Agents
only get feedback about whether they guessed the object the speaker
had in mind, not whether they used the same meaning as the speaker.
This indeterminacy of categories is a cause ambiguity. A speaker may
mean ‘left’ by "bovubo”, but a hearer may have inferred that "bovubo”
meant ‘upper’.

So, although circumstances cause agents to mtroduce incoherence in the lan-
guage system, there are at the same time opposing tendencies, attempting
to restore coherence. Synonyms tend to disappear and ambiguity is avoided.
In the remainder of this paper, we want to show that the dynamics of the
guessing game, particularly when it is played by situated embodied robotic
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agents, leads unavoidably to incoherence, but that there are tendencies to-
wards coherence as well. Both tendencies are emergent properties of the
dynamics. There is no central controlling agency that weeds out synonyms
or eliminates ambiguity, rather they get pushed out as a side effect of the
collective dynamics of the game. Let us examine some of the dynamics that
came out of the experiments.

First it can be shown that agents indeed construct and acquire conven-
tions in a group given the behaviors outlined above (see [31]). Moreover if
agents take turn being speaker and hearer and a speaker is allowed to in-
vent a new symbol occasionally when he does not have an association yet to
symbolise a particular representation, a set of conventions can establish it-
self from scratch in the population (figure 5). This is due to a self-organising
positive feedback loop. Associations that are successful become even more so
because their score goes up, so that they become used even more frequently
and hence propagate in the rest of the population. The dynamics is similar to
that of ant societies self-organising a path or to increasing returns as studied
in non-equilibrium economics.

The tight integration between meaning and language is illustrated by an
experiment with the guessing game where a categorial repertoire for color was
evolved first with and then without coupling to language [3]. The results are
shown in figure 77. The top

6 Conclusions

This paper advocates a tight structural coupling between processes for learn-
ing grounded representations and learning symbolisations of them. Both con-
strain each others’ degrees of freedom and enable the learner to get feedback
about the adequacy of a representation. Qur experiments in simulation and
on real robots have sufficiently demonstrated that applications can be con-
structed in a straightforward way using these principles. At the moment we
are specifically targeting research on language games for humanoid robots.
This work raises many additional interesting issues. For example, there
has been a longstanding debate between nativists who claim that language
learning amounts to learning labels for existing categories and relativists such
as Whorf who claim that each language implies a different categorisation of
reality. The structural coupling of concept formation and language acqui-
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Figure 4: A meaning-form diagram which graphs for a specific meaning all

the possible forms and their score.

A winner-take-all situation is clearly

observed. X-axis shows language games and y-axis the score of forms. There
is a steadily growing population reaching 1500 agents towards the end
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sition advocated in this paper explains how a relativistic view is not only
possible but unavoidable. If language enables and influences the learning of
representations then it is easy to see how representations can become lan-
guage specific. Of course representations are still strongly constrained by the
world and tasks carried out in the world as well - they are not completely
conventional or arbitrary. But they need not be innate to explain how they
can become shared.
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