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Abstract

Recently there has been a growing interest in the properties
and formal analysis of multi-agent systems bootstrapping a
communication system (see e.g. .(Baronchelli et al., 2005)
and the contribution of (De Vylder and Tuyls, 2005), this
workshop.) Although very interesting and promising results
were obtained in these studies, major simplifications were
made. For example, although much larger populations are
considered than was the case in most earlier work, both the
cited works (1) assume the possibility of meaning transfer,
i.e. the hearer always exactly knows the speaker’s intended
meaning independent of whether he understands the speaker’s
utterance and (2) only consider single-word utterances.
In this draft we first consider what happens when relaxing the
meaning-transfer assumption, and propose a cross-situational
learning scheme that allows a population of agents to still
bootstrap a common lexicon under this condition. We empiri-
cally show the validity of the scheme and thereby improve on
the results reported in (Smith, 2003) and (Vogt and Coumans,
2003) in which no satisfactory solution was found. We then
continue to identify some problems that arise when abandon-
ing the single-word utterance simplification. However, no
solid solutions are proposed for the identified problems. It
is not our aim to reduce the importance of previous work, in-
stead we are excited by recent results and hope to stimulate
further research by pointing towards some new challenges.

Draft prepared for the Workshop on Semiotic Dynamics
of Language Games, Bagnovignoni (Siena - Italy) 8-11

November 2005

Introduction
The use of computer experiments and computational model-
ing has been a continuous source of interesting results in the
scientific fields of language evolution, acquisition and emer-
gence (see e.g. (Steels, 1995), (Cangelosi and Parisi, 2001).)
More recently, new technologies and web-applications that
support or exploit the self-organization of communication
systems are emerging and provide an additional field to
which these results and techniques can be applied. However,
most of these models lack a solid theoretical foundation, and
researchers are only recently taking up this challenge. For

example, although many experimental studies have shown
the successful emergence of a communication system in a
population of multiple autonomous agents in the absence
of any central control, only very recently a set of sufficient
convergence criteria was formulated supporting this finding
(see contribution of (De Vylder and Tuyls, 2005), this work-
shop.) And it was shown only by (Baronchelli et al., 2005)
that the emergence of a successful communication system
through self organization scales to large populations, clearly
a necessary property for large-scale web-applications.

However, both of these cited works make very strong sim-
plifications. More specifically, both consider only single-
word utterances and assume a meaning transfer: when a
speaker utters a word, the hearer knows what the intended
meaning is. These simplifications greatly reduce both the
complexity of the language emergence task and the difficulty
of analyzing and understanding the dynamics involved.

In the following we first consider the effects of removing
the meaning-transfer simplification. We propose a cross-
situational learning mechanism that enables the agents to
establish a successful and minimal communications system.
Although we could not formulate a formal proof, we support
this claim with some results obtained from an actual simula-
tion, and thereby improve on the results reported in (Smith,
2003) and (Vogt and Coumans, 2003) in which no satisfac-
tory solution was found.

We then go on to identify some problems that arise when
considering multiple-word utterances. It is not our aim to
reduce the importance of previous work, instead we are ex-
cited by recent results and hope to stimulate further research
by pointing towards some new challenges.

The Naming Game without Meaning Transfer

As is the case in the naming game as described in
(Baronchelli et al., 2005), the game we consider is played by
a population of N agents trying to bootstrap a common lexi-
con for some set O of objects. At each time-step t two play-
ers are randomly selected from the population. One of them
is the speaker, the other is the hearer. They are both pre-
sented with the current context Ct ⊂O, which contains a ran-



dom subset of at least two objects from O. The speaker ran-
domly selects one of the objects in Ct as the topic to which
he wants to draw the hearer’s attention to. He therefore cal-
culates a word referring to the object and transmits it to the
hearer. This may involve inventing a new word. In the fol-
lowing, unless otherwise stated, the object to which a word
refers will be called the meaning of that word. Likewise,
we will also refer to a set of meanings M, which uniquely
identify the objects in a one-to-one fashion. As usual, the
interaction is considered a success when the hearer succeeds
in identifying the topic chosen by the speaker.

As in the work described by (Baronchelli et al., 2005) or
by (De Vylder and Tuyls, 2005), the agents do not directly
use the information about the success of the game. In this
case, however, this implies that the hearer does not know
which object the speaker chose. Other assumptions remain
the same, i.e. all agents have an equal chance of interact-
ing and we assume a zero probability that the same word
is invented twice. Still, our relaxed assumptions imply the
possibility of homonymy and that the complete environment
has to be taken into account, i.e. it cannot be reduced to one
single object.

An agent will be characterized by its production and inter-
pretation behavior. The production behavior determines the
probability with which the agent produces a word for some
object. This also includes the mechanism that determines
when to introduce a new word. The interpretation behavior
determines how the topic is guessed given a context and a
word. However, whether the topic is guessed rightly or not
does not influence the agents since they do not receive feed-
back about the outcome of the game. Giving the agents such
feedback would again introduce meaning transfer, at least in
the case of a successful game.

Thus, each time step t, the only information transmitted
between a speaker and a hearer is the fact that the speaker
produced a particular word w for one of the objects in the
context Ct . This information is insufficient to determine the
intended meaning of the word w (the object it refers to) and
cross-situational learning is required. If the hearer was to
learn a stable language, he could wait until the word w is
observed again at time t ′ > t, concluding that the meaning
of w should be in Ct ∩Ct ′ , and continuing with this strat-
egy until it is exactly known. However, in a lexical emerge
task without meaning transfer in which new words are in-
troduced and in which the meaning of existing words may
change, this strategy may fail because of inconsistent obser-
vations that reduce Ct ∩Ct ′ to the empty set. Thus, a more
intelligent cross-situational learning scheme is required. In
the following section such a scheme is proposed.

Intelligent Cross-Situational Learning

In this section we propose a learning scheme that is capable
of estimating a word/meaning mapping that changes over
time from incomplete information. The information con-

sists of consecutive 〈w,Ct〉 pairs of a word w and a set of
objects Ct of which one is apparently referred to by w. Pre-
viously, (Smith, 2003) proposed a Bayesian learning mech-
anism that estimates the probability of some meaning m oc-
curring given the occurrence of a word w in a similar setting.
Basically, it consists of storing all co-occurrences of words
and meanings. However, such a mechanism on the one hand
neglects the possibility that the learning target may change
over time and on the other insufficiently uses available infor-
mation. For example, if an agent at time t observes a word
w1 with a context Ct = {m1,m2} and, at some later time step
t ′, observes the same word with context Ct ′ = {m1,m3}, it
seems logical to conclude that the meaning of w1 should
be m1. However, only taking co-occurrences into account
results in w1 referring to m1 with a probability of 0.5 and
either to m2 or m3 with a probability of 0.25.

The mechanism we propose works independent for differ-
ent words. Therefore, we will explain the learning scheme
for a given word w∗ given the subsequent contexts with
which it appears. If w∗ occurs first at time t with context Ct ,
the agent associates a probability distribution st : M → [0,1]
with it, such that

st(m) =

{ 1
|C| if m ∈C

0 otherwise

This implements the fact that all objects in Ct have an equal
probability of being the meaning of the word w∗, while all
other meanings have a zero probability.

Next, if w∗ is observed again at time t ′ in a context Ct ′ ,
the probability distribution st ′ is defined as follows. Let γ =
∑

m∈Ct
s(m) and δ = 1−γ. Furthermore, let γ′ = (1−α)γ+α

and δ′ = 1− γ′. Then

st ′(m) =

{

β(γ)st(m) γ′
γ +(1−β(γ)) γ′

|Ct |
if m ∈Ct

st(m) δ′
δ if m /∈Ct .

with β(γ) =
√

1− (1− γ)2, a definition which is motivated
further on.

In words, γ is the total probability of all meanings con-
sistent with the current observation (all objects in Ct ). At
time t ′, this probability is increased to γ′ ≥ γ according to
the parameter α. As such, α represents the strength with
which the new information at time t is validated more im-
portant then the information gathered before time t. Further-
more, this new probability γ′ should be distributed among
the consistent meanings such that if the new information is
in agreement with the current state (γ close to 1), then the
relative probabilities among the consistent meanings should
be more or less conserved (i.e. strong associations remain
strong and weak ones remain weak). Therefore we require
β(1) = 1. However, if the new information is not in agree-
ment with the current state (γ low), then we want γ′ to be
more or less distributed evenly among all meanings in Ct .



Therefore we also require β(0) = 0. Moreover, we want that
all scores of objects in Ct increase if γ < 1, because this guar-
antees convergence to a unique interpretation if the contexts
are random but always contain a certain object. It is easily
verified that a necessary condition for this is that

β(γ) >
γ
γ′

=
γ

(1−α)γ+α

for γ < 1. From this it follows that β′(1) ≤ α.1 In order for
the update mechanism to work for all values of α, we chose
β′(1) = 0. The specific definition of β given meets all of
these requirements.

In any case, the total probability δ of inconsistent associ-
ations is weakened to δ′ ≤ δ.

We will refer to this updating mechanism which trans-
formed st in st ′ as a function u such that

st ′ = u(st ,Ct).

To illustrate this estimation function, assume that α = 0.3
and that Ct = {m1,m2} and Ct ′ = {m1,m3}. Then initially
st(m1) = st(m2) = 0.5 and st(m3) = 0. After observing Ct ′

we have st ′(m1) ' 0.61, st ′(m2) ' 0.35 and st ′(m3) ' 0.04.

Agent Architecture
At time-step t, an agent can be described by a tuple
〈Wt ,σt ,φt〉. Wt is the set of words the agent has encoun-
tered until that moment. σt : Wt ×M → [0,1] is a function
which associates meanings with words, such that, σt(w,m)
gives the agent’s estimation of the probability that word w
means m. It might seem that the agents would have to know
all the possible meanings M in advance, but this is not the
case: as can be verified in the following, σt will always be
zero for meanings not yet encountered.

φt : Wt → [0,1] is a function which associates scores with
words, which will be used to dampen synonymy. Initially,
for each agent holds W0 = /0.

Before explaining the production and interpretation be-
havior of an agent and the way he updates his internal
state, we first define the interpretation function of an agent
〈Wt ,σt ,φt〉 as the function g : Wt → M with

g(w) = argmaxm∈Mσ(w,m).

If multiple meanings in M have a maximum value, one is
chosen at random. Therefore g(w) is possibly a stochastic
value.

Production Suppose that the speaker at time t is given
by 〈Wt ,σt ,φt〉, the context is C and the topic he will speak
about is m∗(∈ C). The production behavior of an agent
will not depend on the context. The speaker searches for
words W ′ ∈ Wt which according to him interpret as m∗:

1β′ is the derivative

W ′ = {w ∈Wt |g(w) = m∗}. As g(w) can be stochastic, also
can W ′. If W ′ = /0 (which is always the case if m is en-
countered for the first time) the speaker invents a new word
w∗(/∈ Wt). If W ′ 6= /0 then he chooses the word w∗ from W ′

with the highest score: w∗ = argmaxw∈W ′φt(w). Again, if
multiple words have a highest score, one is selected at ran-
dom.

Only if the speaker invented a new word he updates his
internal state. Obviously, Wt+1 = Wt ∪{w∗}. Furthermore,
the word-meaning scores of known words stays the same,
but additionally we have

σt+1(w
∗,m) =

{

1 if m = m∗

0 otherwise

Finally the new word gets score 1: φt+1(w∗) = 1 (scores for
other words are left unchanged.)

To summarize, the speaker has produced a word w∗ for
meaning m∗ in context C, thereby possibly changing its in-
ternal state. As will be described next however, the major
state change occurs at the hearer side.

Interpretation Suppose that the hearer at time t is given
by 〈Wt ,σt ,φt〉, the context is C and the word received is w∗.
If this word is unknown to him (w∗ /∈Wt) then we obviously
have Wt+1 = Wt ∪{w∗} and the word-meaning association
scores for w∗ are initialized as follows:

σt+1(w
∗,m) =

{ 1
|C| if m ∈C

0 otherwise

If w∗ ∈ Wt , the association scores involving w∗ are altered
according to the updating function u defined before:

σt+1(w
∗, · ) = u(σt(w

∗, · ),C).

We now describe the updating of the word-scores, using the
auxiliary definition φt(w∗) = 1 if w∗ /∈ Wt . First, the inter-
pretation m′ of w∗ is determined as m′ = g(w∗) (with g using
σt+1). Next, the set of synonyms S for w∗ is determined as
those words in Wt+1 \ {w∗} which also have interpretation
m′ (according to g). Finally, the score of w∗ is increased:
φt+1(w∗) = (1 − θ)φt(w∗) + θ, and the scores of the syn-
onyms are ‘lateraly inhibited’: φt+1(w) = (1− θ)φt(w) for
w ∈ S. The other scores remain the same.

Experiments
Measures
In order to get insight in the way the population of agents
comes to agreement about the emerging language, we de-
fine some measures on the population’s state. This pop-
ulation state can conceptually be summarized in a semi-
otic graph. Such a semiotic graph is a bipartite, directed
graph in which nodes represent meanings and words and in
which edges only go from meaning nodes to word nodes
or vice versa. An edge going from a meaning to a word



node represents a possible production and an edge going
from a word to a meaning node represents a possible in-
terpretation (without context.) Each edge is weighted with
the weights representing the probability to observe the as-
sociated production (resp. interpretation) when a randomly
chosen speaker (resp. hearer) produces (resp. interpret) the
meaning (resp. word) represented by the starting node of the
edge. The sum of the weights of the outgoing edges of a
node is at most one, but may be lower. This because there
is the possibility that an agent has not (yet) encountered a
certain object or word, in which case no production or inter-
pretation is done (only when building the semiotic graph, not
during a game). In figure 1 an example of a simple semiotic
graph is shown.

Figure 1: Example semiotic graph representing the state of
a population at some point in time. The nodes marked mi

represent a meaning, those marked wi represent words.

As a first measure we define the return of a graph as the
probability that, starting from a random meaning node, one
returns to that node after taking two steps (thus first going
to a word node and then back to a meaning node), with the
probability of taking an edge equal to the edge’s weight. For
example, in figure 1, the chance for returning to m1 starting
from it is 0.16, for m2 it is 0.8 and for m3 0.9. Thus the
return of this graph is the average 0.62. If a hearer would not
take into account the context to guess the meaning of a given
word, then the return equals the communicative success.

We will also define two other measures for the amount
of synonymy and homonymy present in the graph. For this
the notion of the effective out-degree of a node is needed,
which is related to the number of edges starting in the node,
but takes into account the weights of these edges. We as-
sume that the weights of the outgoing edges are normalized
such that their sum equals 1. If there are k edges each having

an equal probability 1/k, then the effective out-degree equals
k. If, however, the k edges have differing probabilities, then
the effective out-degree should be lower. Moreover, if one
of the edges has a probability close to one, the effective out-
degree should also be close to one (but still slightly higher).
Therefore we define the effective out-degree of a node as the
number of edges with equal probability needed for a hypo-
thetical node to have the same associated Shannon informa-
tion as the original node. More precisely, if a node has k
outgoing edges with weights xi,1 ≤ i ≤ k, its Shannon infor-
mation is given by

k
∑

i=1
−xi log(xi).

A node with k′ outgoing edges with equal probability 1/k′

thus has a Shannon information of log(k′). By definition this
information should be equal to the information associated
with the original node, from which it follows that

k′ = exp(

k
∑

i=1
−xi log(xi)).

The effective out-degree k′ is not necessarily integer. For
example, the effective out-degree of m1 in figure 1 is 2.97
and of w3 it is 1.38.

We now define the synonymy present in a semiotic graph
as the average effective out-degree of the meaning nodes.
The synonymy present in the graph in figure 1 is thus 1.87.

The homonymy present in a graph is defined as a
weighted average of the effective out-degrees of the word
nodes, where each node is weighed with its probability of
being the result of a production. This probability is pro-
portional to the sum of the node’s incoming edges. The
homonymy of the example graph is 1.26.

A final measure is the number of words present in the
graph. This measure gives an indication of the parsimony
of the language. Ideally, the number of words should equal
the number of meanings.

Results
We will now present some results of a simulation involving
N = 20 agents evolving a lexicon to communicate about 100
objects (|O| = |M| = 100). Each interaction the speaker and
the hearer are presented with a context containing 5 objects
(∀t ≥ 0 : |Ct | = 5.) The evolution over time of the return,
the number of words used by the agents in the population,
the homonymy and the synonymy are presented in figure
2. As can be seen, the agents eventually reach a coherent
successful language without synonyms or homonyms.

The return, which is related to the communicative suc-
cess (and necessarily equivalent with it when is 1), starts
at a small (chance level) value. As new words are intro-
duced and as their meanings starts to settle, the return grad-



ually increases until finally it becomes maximum at around
t = 105000.

The maximum number of words present in the population
is reached approximately at tmax ' 10000 and is equal to
1194, which is of the order of N |O|/2 = 1000 as would be
expected. The cross-situational learning mechanism as pro-
posed in the previous sections allows the agents to eliminate
homonyms, which partly explains why the number of words
decreases steadily after tmax.

In contrast to the findings in (Vogt and Coumans, 2003),
our agents do reach a complete coherent language, where
coherence is defined as the chance of two random speakers
producing the same word for the same meaning. The main
difference between Vogt’s agents and the ones defined in this
paper is the use of a synonymy-damping mechanism which
explains further why the number of words used by the agents
eventually drops to the number of objects |O|.

The Multi-Word Guessing Game
In this section we briefly touch on some aspects of the
syntax-free multi-word guessing game. In such a game,
agents are allowed to utter multiple words at once and the
meaning of an utterance is defined as the union of the mean-
ings of its constituent words. Obviously, the transmission of
multiple words is only a possibility when the meaning to be
expressed consists of multiple and independent parts.

In the previous sections we silently assumed that the
meaning of a word could be identified with the object in
the world (or context) referred to by the word. However,
in reality things are more complicated, as is also illustrated
by (Quine, 1960) in his famous ‘gavagai’ example: what ex-
actly would a speaker of an unknown language refer to when
uttering ‘gavagai’ while pointing to a fleeing rabbit? In other
words, what could be the meaning of the word gavagai?

More formally, assume that the observation of an object
or event in the world results in a collection of categories C,
for example containing the object’s color, size, position etc.
In this case, even if the world or the context presented to
a speaker and a hearer playing a naming game would only
contain a single object, still the hearer would not be able to
determine the meaning of a word describing it if any combi-
nation of the observational categories is a valid candidate.

If a speaker is only allowed to communicate one cate-
gory at a time and under the assumption that the speaker and
hearer both have access to the same set of categories, then
the game would be equivalent to the naming game without
meaning transfer as described in the previous sections.

However, if a speaker is allowed to select multiple cate-
gories from Ct to assemble the meaning he will communi-
cate, then the possibility for multiple word utterances arises.
To see why multiple categories might be needed, assume for
example that there are categories representing the color and
size of objects. Now if the current context contains three
objects of which the first is big and red, the second big and

blue and the third is small and red, then if the speaker wants
to draw a hearer’s attention to the big red object no single
category suffices and both the categories big and red need to
be communicated.

One strategy that could be adopted by the agents is to
always use single-word utterances. This would result in a
holistic language in which all possible meanings (i.e. com-
binations of categories) are expressed by a different word.
This is in contrast to a compositional language in which dif-
ferent fragments of meaning would be expressed by differ-
ent words. However, such a holistic strategy might have
a number of disadvantages like increased lexicon size, de-
creased learnability, less robust against the presence of noise
in transmission etc (see e.g. (Nowak and Krakauer, 1999;
Kirby, 2000; Brighton, 2002; Smith and Kirby, 2003) ). On
the other hand, it might be beneficial to express certain com-
binations that occur very often in a holistic fashion for the
same or other reasons. In any case, the possibility to at least
partially evolve a compositional language can be considered.

Thus, the information now transmitted between agents
are consecutive 〈Ut ,Ct〉 pairs of multi-word utterances Ut =
{w1, ...,wu} and sets of categories Ct = {c1, ...,cc}, with
u ≤ c. In the next sections we will briefly describe some
additional problems that arise in this setting compared to the
case when only single word utterances are considered.

The Meaning Assignment Problem

One of the difficulties that needed to be solved after relaxing
the meaning transfer assumption in the naming game was
how to determine the meaning of an utterance. This problem
persists in the case of the multi-word guessing game. In ad-
dition, a second problem now arises: even if the meaning of
an utterance is correctly determined, the meaning of its parts
(the individual words constituting the utterance) is still un-
known. For example, if the meaning of a particular utterance
U = {w1, ...,wn} is determined to be MU = {c1, ...,cn}, this
still leaves n! possible word/meaning associations or mean-
ing assignments.

The Credit Assignment Problem

Assume that some interaction involving a set A =
{〈wi,mi〉 , i = 1..n > 1} of used (in the case of a speaker)
or inferred (in the case of a hearer) word/meaning associ-
ations was found to be unsuccessful, for example because
the utterance did not have the intended effect on the hearer.
The agent’s now face the problem of determining what ele-
ments of A were responsible for the failure. If they would
neglect this problem and for example simply punish all as-
sociations used, also the successful ones would be punished.
This could prohibit the agents to evolve a successful com-
munication system, as even successful elements of language
are demoted and thus might not have a chance to become
part of the emerging language.



Deciding when to use compositionality
Assume that a speaker wants to express some meaning M =
{c1, ...,cn}. Assume further that he did not encounter any of
the categories in M before. He thus should invent at least one
new word, namely one covering the entire meaning M. How-
ever, subsequent interactions with the environment could re-
veal that it would be beneficial to have several words, indi-
vidually covering only subsets of M but together covering it
completely.

Another strategy could be to always introduce different
words for all separate categories. However, this would rule
out the possibility to have specialized (holistic) words for
frequently occurring structured meanings. In addition, this
presupposes that all agents are able to independently divide
their observational spaces in some shared and hence univer-
sal set of atomic categories. Third, this strategy would prob-
ably not exhibit the fastest possible convergence rate since
many new elements of language (words) are introduced and
thereby also many uncertainties that need to be resolved.
Finally, the meaning of newly acquired words by children
seems to be holistic initially and only later become more
specialized (i.e. more re-usable), which makes this strategy
less interesting from a cognitive modeling point of view.

In any case, in a multi-word guessing game it needs to be
spelled out how to fragmentize some previously unencoun-
tered meaning. This problem even persists when the entire
meaning to be expressed is covered since it could always be
that the wrong choice was made or that another agent made
another choice.

How to reach a minimal language
In the naming game without meaning transfer a sort of lat-
eral inhibition was introduced in order to achieve a com-
petition between synonyms (the purpose of the function φ
in section ‘Agent Architecture’.) This is needed to reach
coherence in the population, i.e. to enforce that all agents
eventually speak the same language instead of a set of lan-
guages.

However, in a multi-word guessing game an additional
type of competition is needed: namely between holistic and
compositional ways to express the same structured mean-
ing. If this is neglected then the resulting language could be
highly redundant in a comparable way as a language con-
taining many synonyms is.

A possible strategy might be to demote all applicable but
unused verbalizations: much in the same way that synonyms
compete for the same meaning, so could any two verbaliza-
tions expressing the same meaning be considered competing
for that meaning.

Conclusion
We have identified three problems that arise when relaxing
the meaning transfer assumption in a naming game. First,
since during a single game a hearer can no longer determine

the meaning of a word, a cross situational learning mech-
anism is required. We have proposed such a mechanism
that is capable of estimating a word/meaning mapping that
changes over time. Second, the conditions that determine
when a speaker needs to invent a new word need to be ex-
tended beyond the obvious case of uncovered meaning: also
when he does not know a word which he himself would in-
terpret as the target meaning should he invent a new one.
Third, for a coherent language to emerge some synonymy-
damping mechanism is needed implementing a kind of lat-
eral inhibition between competing synonyms.

We have presented the results of a simulation of the pro-
posed mechanisms and which empirically illustrates the va-
lidity of the scheme. We have thereby improved on the
results reported in (Smith, 2003) and (Vogt and Coumans,
2003) in which no satisfactory solution was found.

We have also identified four problems that additionally
arise when multiple word utterances are allowed: (1) The
meaning assignment problem, i.e. the problem of deciding
which words cover what parts of an utterance’s meaning;
(2) The credit assignment problem, i.e. how to separate suc-
cessful from unsuccessful elements of language in a globally
unsuccessful communication attempt; (3) The need to spell
out a mechanism that determines how to fragmentize mean-
ing; and (4) The need for a more general damping mech-
anism that not only dampens synonyms but also possibly
otherwise competing verbalizations. Although no solid so-
lutions to these problems were proposed, we hope that we
succeeded in providing a set of interesting challenges.
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Figure 2: Evolution over time of the return, the number
words used by the agents in the population, the homonymy
and the synonymy as defined in the text. The graphs were
obtained for N = 20 agents, |O| = |M| = 100 objects and
context sizes |Ct |= 5, t ≥ 0. The forgetting parameter α was
set to 0.2 and the synonymy inhibition parameter θ was 0.3.


