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Abstract. In this paper I bring together a number of insights in the field
of semiotic dynamics. Inspired by recent advances in the understanding
of the naming game and by previous attempts to define stages in the
formation of lexical languages, we define two classes of language game
problems called the single and multiple word guessing games. By being
more complex than naming games, but not as complex as language games
involving grammar, these problems form a next and tractable step in the
understanding of the emergence of language.

I show that a variety of previously proposed setups can be casted as
instances of the guessing game, particularly those that investigate cross-
situational learning from single word utterances. It is also shown how
the problem of solving a multiple word guessing game can effectively be
reduced to solving a single word guessing game. The effectiveness of the
proposed technique is verified on a large number of problems of varying
complexity. Insights gained from the conducted experiments are then
used for defining a learning algorithm that outperforms several other
algorithms as proposed in literature.

1 Introduction

The past years have brought tremendous progress in the field of semiotic dy-
namics [19, 12]. We have reached the point where first and previously seemingly
unrelated results can be brought together in a concise and foundational way.
For example, much of earlier research can be described as finding appropriate
problem definitions and possible accompanying solutions (see e.g. [13,20, 7, 24]).
Nowadays, the concept and methodology of language games have been picked
up by numerous researchers from a variety of disciplines, in particular from sta-
tistical physics, and complex systems [1,2,28,9,8] and to a lesser extent from
theoretical biology (see e.g. [11].) This has lead to an increased and profound un-
derstanding of what has become known as the naming game, a particular type of
language game. Not only is there now a broad consensus about what exactly the
naming game is, there also are numerous experimental and theoretical results
that have brought order into the previously incoherent amalgam of intuitions
about learning strategies for solving it.

So what’s next? Although there already is a noticeable interaction between
the frontiers of semiotic dynamics and linguistics (and in particular construction
grammar, cognitive linguistics and evolutionary linguistics, see e.g. [6,4,25, 3,



II

15]), the remaining road to the understanding of languages of the complexity of
human language is still long and remains to be demystified. In this paper, I aim
to take a next step by first defining the guessing game as a class of language
games slightly more complex than the naming game. I will show that a variety of
previously proposed setups can be casted as an instance of it, particularly those
that investigate cross-situational learning from single word utterances [17, 26, 27,
10,18, 5]. Next, I will introduce the multiple word guessing game and show how
the problem of solving it can be reduced to that of solving the simpler guessing
game. The approach will be verified by combining it with three different CsL
algorithms that have been proposed in the literature. Insights gained from this
will then be used to define a variation on one of the algorithms that outperforms
all three of them.

Most of the insights brought together in this paper were already present in
some form in previous works, and were the result of a fruitful interaction between
the fields of semiotic dynamics, statistical physics and complex adaptive systems.

2 The Multiple Word Guessing Game

Let me set the stage by describing a general language game [21]. It consists
of a population of agents bootstrapping a language from scratch by engaging in
repeated peer-to-peer interactions. We'll restrict ourselves to the mean field limit
and ignore issues of topology.! Both agents involved in an interaction observe
some scene. Then, one of them, the speaker agent, describes the scene to the
other, or possibly a part of it. The game succeeds if the hearer agent agrees or is
able to determine what was described. After an interaction, agents may change
their internal state to become better at the game.

Obviously, the nature of the scenes and how they are observed greatly de-
termines the complexity of the game, as well as the sort of linguistic constructs
the agents may use . In the naming game, scenes contain a number of uniquely
identifiable objects, like people, but unlike white cue billiard balls. And speaker
agents may utter only one (holistic) word per interaction, like a proper name.
Because all objects are uniquely identifiable, the speaker can reveal the object
being described, e.g. by pointing to it. Hence, there is no referential uncertainty,
and the dynamics of a naming game involving n objects reduces to the combi-
nation of n independent naming games about only 1 object[1]. This coincides
with what is called the first stage in lexical communication systems by Steels in
[23] and with the observational game in [26]. Currently there is a still growing
consensus to call it the naming game. It is already well understood.

Several paths can be taken to increase the complexity of the naming game
that all reduce to basically one type of game: the guessing game. In the guessing
game, pointing is not possible. Hence, the hearer can merely guess what the
speaker is naming and there is referential uncertainty. The same situation occurs
when utterances may refer to specific aspects of objects, like their color or size,

! In other words: at all times, all agents have equal chances of interacting.
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because then pointing does not reveal the aspect described. In both cases, a
game involving n objects or aspects cannot be reduced to n independent 1-object
games. What essentially happens is that some sort of cross-situational learning
(osL) is needed to learn the meaning of words. Several variations on the guessing
game have been proposed, like the guessing game and the selfish game in [26],
but all boil down to essentially the same game, merely differing in the amount
of referential uncertainty (sometimes called the degree of joint attention) that
is introduced (e.g. the number of objects per scene or the number of aspects
per object.) An additional increase in complexity arises when utterances may
consist of several words. This multiple word guessing game (MWGG) corresponds
to Steels’ third stage of lexical communication systems. No grammar is allowed,
the meaning of an utterance is the simple union of the meanings of its containing
words (e.g. there is no additional syntax like word order that adds meaning.)
We will formally define the MWGG in terms of some set C of abstract cate-
gories. These can be thought of as representing primitive parts of meaning. An
interaction at time ¢ involves a number of meanings called the game’s context
C;. Each meaning is described by a collection of categories from C. Because we
want to allow multiple occurrences of the same category in a single meaning,
meanings will be bags of categories rather sets.? Similarly, utterances will be
bags of words. Let us define B(.S) as the set of all bags containing elements from
the set S. Then meanings are elements of B(C) and, if W is the set of all possible
words, utterances are elements of B(W). For convenience, let M stand for B(C).
Crucial in the guessing game is how contexts and meanings are determined.
We'll assume that meanings are generated according to a probability distribu-
tion 0 : M — [0,1]>. Put differently: o(x) is the probability of generating the
meaning z. Furthermore, we’ll assume that the number of meanings in the con-
text at time ¢ is determined by a probability function s : Xg — [0, 1]. Finally,
we’ll define an agent at time ¢ as a tuple (Wy, Py, I, ...), with W; the set of words
encountered by the agent so far, P, : B(W)xW — B(W) the agent’s production
function and I; : B(W) x P(M) — M the agent’s interpretation function.?

2 A bag is like a set but may contain duplicate elements. In this paper, squared brackets
are used for denoting bags as in [1,2, 3].

The union of two bags Ui = [e11,...,u1x] and Uz = [e21, ..., uz] is again a bag
U=UUU; = [e11,..., Uik, €21, ..., €21]. In other words: even if for some ¢ and j,
e1; = e2j, they still are both part of the utterance’s meaning. In the following, when
the union of two bags is taken we mean the operation explained here. Hence we
always have |U| = |Ui| + |U2|.

The intersection, equality and difference of two bags are assumed to be defined in
a similar fashion (e.g. [1,1,2,2]N[1,2,2]] = [1,2,2].)

Furthermore, we’ll use the symbol ¢ to denote the function that transforms a
bag into a set (e.g. ¢([1,2,2,3]) = {1,2,3}.) For convenience, we’ll also define ¢ ™"
as a function that transforms a set into a bag: ¢~*({1,2,3}) = [1,2,3].) Finally,
# is a function that gives the number of occurrences of an element e in a bag B
(#(1,1,2,2,3]) = 1).

3 Here not the bag [0, 1] is meant but all real numbers between 0 and 1
* With P(S) the powerset of S is meant, i.e. the set of all subsets of S.
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The Multiple Word Guessing Game (MWGG). Every time step t, a speaker
agent s, = (W, Py, I ...) and a hearer agent hy = (W, Py, I, ...) are randomly
selected from a population of agents A. Let Cy be the current context containing
a number of meanings determined by s, with each meaning generated according
to o°. Let 7y be a random meaning from Cy (the topic meaning). The outcome oy
of the interaction is 1 if In(Ps(1¢, W), Ct) = 7 and 0 otherwise. The goal is to
maximize the outcome. After an interaction at time t, the speaker s; may update
his internal state by making use of Cy, 74, 0; and uy = Py(1e, Wy) (uy is called the
utterance of the game). The hearer hy my only use Cy,us and oy.

The above definition is still rather general and can serve as a template for
many types of games. A particular instance of a MWGG is fully specified by the
number of categories |C|, the number of words [WW|, the number of allowed words
per utterance, the population size |.4|, and the probability functions o and s.

If only single word utterances are allowed and the context never contains less
than three meanings, the MWGG reduces to a guessing game. If in this case the
context size is less than three, it reduces to a naming game. Other reductions
are also possible, for example if meanings always contain 1 category then the
problem again reduces to a single word guessing game etc. Figure 1 summarizes
some of the definitions in a diagrammatic fashion.

cicM 1 N
: gt € Cy
—_— Py(ri, W, Ut | I(u, Ct) —
el 1 - > |
o e, [
SPEAKER AGENT | HEARER AGENT

Fig. 1. Schematic representation of a language game at time ¢ (solid flow lines) and
learning (dashed flow lines). C} is the game’s context containing the topic meaning 7¢. It
is transformed to an utterance u; by the speaker’s production function Ps. The hearer’s
interpretation function Ij transforms the utterance back into one of the meanings g; in
the context. The game succeeds if this guess equals the topic. In this case the outcome
ot equals 1, otherwise it is 0. (see text for more details.)

5 Although it is assumed that no two meanings in the context are identical, otherwise
the game could fail even when the hearer correctly parsed the speaker’s utterance .



3 Problem analysis

In this section an analysis of the MWGG is performed that will allow the formu-
lation of production and interpretation functions based on scored word/meaning
mappings. The use of such scored mappings has almost become standard proce-
dure in the field of language emergence modelling, and the most well known
function of such scores is to introduce a preference mechanism through re-
enforcement and lateral-inhibition. For example, in the naming game, what es-
sentially happens is that several agents are proposing different names for naming
an object. All agents can of course simply remember all proposed names and that
would solve the problem. However, the resulting language would be very redun-
dant. Moreover, this strategy is not very efficient for optimizing the outcome. If
agents re-enforce successfully used names while inhibiting competing ones, the
probability of having a successful interaction increases more rapidly.

Therefore, we’ll further specify an agent as (Wi, Py, It, ¢4, ...), with ¢ : W —
[0,1] a function imposing a preference among the words in W;.

As explained, one crucial aspect of the naming game is the absence of refer-
ential uncertainty. This time however, we have to cope with it and next to prefer-
ence scores, additional probability scores are required reflecting the correctness
of a word/meaning mapping. A probability distribution oy : W x M — [0,1]
linking words to meanings can be used for this. Given such a distribution, the
meaning m:(w) of a word w can be defined as the one with the highest associated
probability score:®

my(w) = argmax,,o(w, m)

Hence, an agent’s state is now fully specified as (Wi, Py, It, ¢¢, 0¢). In the fol-
lowing we’ll assume that a specific agent is given, i.e. that the sets W; and the
functions oy and ¢; are known.

3.1 The Production Function

The production function P; transforms a meaning into an utterance. Every word
w in an utterance contributes a number of categories m;(w) with a certain
probability o (w, ms(w)).

Similarly, both words in a two-word utterance u = [wy, ws] contribute to the
meaning of the whole. We’ll extend the definition of the meaning function m; to
the domain of utterances by letting the meaning of an utterance be the union of
the meanings of its containing words:

my([wy, ..., wi]) = Umt(wz)

Thus, given a meaning m and a set of words Wy, the set of utterances partially
covering m is given by:

cp(m, W) = {u: (¢(u) € Wi) A (mu(u) C m)} (1)

5 If several meanings have equal probability then one is selected at random, making
m: a stochastic function.
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It contains all utterances u made of words from W; and with meaning a part of
m. The empty utterance [] is also assumed to be an element of ¢,(m, W,).
A score (u,m) € [0,1] can be given to each utterance u = [wy,...,wy] as

follows:
1

[m

B[wr, oo m) = = 3 o wgy ma(w,))p(ws) e (w;)] (2)
wi
Every word in the utterance contributes to this score. Words with higher confi-
dence and probability values contribute more, as well as those contributing more
meaning.

The production function P; transforming the topic meaning 7; into an utter-
ance u; can now be defined as follows. First the utterance uy; (partially) covering
7 and with the highest score is determined:

Uy (¢, W) = argmaxu@p(mwt)ipt(u, Tt).

*

Now if this utterance covers the entire topic (my(u;

Pt(Tt, Wt) = U;(Tt7 Wt)

Otherwise a new word w* is added contributing the uncovered categories
in the topic (uy = u} U [w*] with myqq(w*) = 7 \ my(u);).)" In both cases we
obviously have myy1(us) = 7.

To conclude this section we mention that finding the utterance with maximal
score can be casted as a general informed search problem (see e.g. [14]), allowing
it to be solved efficiently by a standard A* algorithm.

) = 7¢) then u; =

3.2 The Interpretation Function

The interpretation function I; needs to select one of a number of meanings from
a context C; based on the utterance ;.

This time, for every meaning m € C; at least as big as the utterance (|m| >
ug), the set of utterances made only of words from w; and partially covering m
can be determined:®

ci(myue) = {u: (u Cu) A(me(u) Cm)A(m(u) =mifu=uy)}  (3)
From these, let uf(m,u:) be the highest scoring utterance:
u; (m,ug) = argmaxueci(m%)wt(u, m).

uf(m,uy) is the part of u; that optimally describes the meaning m. The inter-
pretation function can now be defined as follows:

Ii(ug, Cy) = argmax,, ¢ o, Vi (ci(m, ug), m).

7 This amounts to the following speaker agent state updates: Wip1 = Wi U {w*},
ot4+1 = 03 except for ory1(w, 7¢ \me(uy)) = 1.0 and ¢s11 = ¢¢ except for ¢sq1(w™) =
1.0.

8 The difference between ¢, and ¢; lies in the fact that for ¢, : {(u) C W; while for ¢;
we have: © C ug.
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In words, it returns that meaning m from the context that is best described by
the utterance u; in the sense that the agent would be most confident about m
if it had to describe one of the meanings from the context itself but using only
words from wu;. If there is a complete parse in the sense that all words in u; can
be used for fully describing some meaning m then it will also be the value of I,.°

Note that again formulating the problem as a standard informed search prob-
lem allows for incremental parsing by considering the words in the same order
as they occur in the utterance. It could be made even more efficient by using a
chart (as in chart parsing), but we suspect that this would not lead to a great
increase in performance, something that needs to be analyzed further.

3.3 Preference Scores

In the previous sections, we have fully defined the production and interpretation
functions in terms of the set Wy of known words and the probability and prefer-
ence functions o; and ¢;. But we still need to define how these functions can be
initialized and how they are updated after an interaction.

From the naming game, we known how the preference function should be up-
dated: according to some enforcement plus lateral inhibition scheme [22]. Hence,
after every interaction, regardless of the outcome of the game, for the hearer
agent we have: Wi = W, U ((us) and

0+ (1 —0)p(w) if w € uy,
(1 —0)pi(w) if w ¢ uy but

me(w) = my(w*) for some w* € uy
Pr(w) otherwise,

Pr+1(w) =

with 6 € [0,1] a learning parameter.

Speaker agents do not obtain much information from an interaction: it is
not because some other agent understood you that he also would have produced
the same utterance. On the other hand, if the interaction fails, the speaker
can conclude that he did something wrong. In order to avoid suboptimal stable
states (e.g. no state changes even in case of continued failure), speakers do demote
preference scores of used words in this case. (see also [8] for a discussion on when
to update.) For the same reason that only hearer agents apply lateral inhibition,
only hearers update the probability function o;. How that can be done is dealt
with in the next section.

3.4 Probability Scores

Updating the probability function o; requires a set of meanings M} for learning
the meaning of w;. If the hearer’s guess g; = I;(u¢, C;) was correct (g = 7¢), he

9 Unless the problem is ill-defined and several meanings have a 1 value of 1, but we
excluded this possibility, see footnote 5.
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should of course use it (M, = {g;}). Otherwise, we propose to use the set of

second best meanings in C;:'0

M = argmaxmect\{lt(ut,ct)}ilft(ci(mvUt)vm)-

The optimal parse of u; for a meaning m; € M* is given by wy,: = uj(mj, uy)."!

Although, the parse might be optimal, it is not necessarily complete. Indeed, the
only things guaranteed are that um,: is a part of u; and that it is compatible
with mf (i.e. tpms C up and my(umr) C myf). But it could just as well be empty.

In case it is not empty but instead covers the entire utterance (w,: = ug),?
the agent can proceed with strengthening the word meaning associations between
the words w in u; and their meanings m.(w).

If however at least part of the utterance was left unused (|uy,:| < |u¢|) then
some of the words in wu; should still be mapped onto the part of m; not covered
by um; .

To formalize all this, we’ll define the assignment function w. Let w(B,n) be
the bag of partitions of n nonempty sub-bags of the bag B (with n < |B|). For
example:

W([17272]7 1) = [[[17272“]7
m([1,2,2],2) = [[[1, 2], [2]], [[1, 2], {21}, [[1], [2, 2]]],
m([1,2,2],3) = [[[1], [2], [2]]].

Furthermore, let

For example:

Then:

sl = { Eee] o e (1)
; (U )y |ue| — |um|) otherwise.

10 the argmaz function is supposed to return the set of all meanings maximizing its
body argument here.

' Tt might seem contradictory to call u}(m},us) a parse since it is an utterance itself.
It is an optimal parse however in the sense that it determines that part of the
utterance u; that can optimally be used to obtain m; while ‘parsing’ u.. It is as if
how an utterance u; is parsed depends on a target meaning m and the ‘parse’ of u
given m is mq(uj (m,us)) C m.

2 Then, necessarily also |M;| = 1 and mt(um:) = my, see last conjunct in equation

(3)
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Hence, for every meaning m; € M;" and utterance u;, the optimal parse u,,: =
uy (mjf,us) can be determined and from it for every word w a bag w(w, t,») most
probably containing the word’s meaning. This is done such that that known and
successful words are assigned their proper meaning only, while unknown and
unsuccessful words are assigned all possible word meanings left uncovered after
optimally parsing the utterance. This information can be used to update the
probability function o; by cross situational learning.

4 Cross Situational Learning

Cross situational learning has to do with learning the meaning of a word w*
from subsequent examples E; of possible meanings. In our case, the words are
given by the utterance u; and the examples by Ei = Up: ey w (W™, wms ).

CsL has been approached in a variety of ways in literature. Most approaches
belong to one of three categories, here dubbed the elimination approach (see
[18] and in some sense also [16]), the enumeration or Bayesian approach [26, 10,
17] and the adaptive approach [5]. T'll briefly discuss all three of them in the
following.

4.1 Elimination Algorithm

One straightforward CSL algorithm consists of simply eliminating all inconsistent
meanings across examples (situations) in the hope that in the end only one, the
‘correct’ one, will remain. It can be implemented by keeping an initially empty
set My(w*) of possible meanings for w*, removing elements from it not present
in the example Ej:

o _ § My C(Ey) if My C(Ey) # 0,
My (w )_{C(%t) t t othérwise.

Hence we have:

if m € Mi(w*),

1
w*.m) = [ Mg (w*)]
orso(w*,m) { 0 otherwise.

4.2 Enumeration Algorithm

When acquiring an existing and stable language, the elimination algorithm suf-
fices. However, when bootstrapping a language, it is not expected to perform so
well because eliminating all inconsistent meanings quickly leads to empty mean-
ing sets and hence loss of information. Therefore, instead of throwing away all
inconsistent meanings, the enumeration algorithm keeps track of the number of
times a certain meaning has occurred. Frequently occurring meanings have a
higher chance of being correct, but less frequently occurring meanings also have
nonzero probability.



We can model this by letting M;(w*) be a bag instead of a set:
Mt+1(w*) = Mt @] Et

and
oy O(w* m) — #(m7Mt(w*))
o | M (w*)]

4.3 Adaptive Algorithm

One problem with the enumeration algorithm is that it looses its adaptivity as
time proceeds. In [5], an algorithm was proposed that solves this problem. If the
word w* is observed for the first time at time ¢, we have:

#(m,M{) . /
ory1(w*,m) = i Eme M,
0 otherwise.

If the word was already known then the total (posteriori) probability of all
meanings consistent with the example E, is increased while that of all inconsis-
tent meanings is decreased. So far, we could just as well have been describing
the enumeration algorithm. However, this time it is done as follows. Let v be
the total a-priori probability of all meanings in E; (v = Xpcc(m,)oc(w*, m)).
This will be increased to v/ = (1 — )y + o', but in such a way that if F; is
in accordance with the current state (i.e. v large) then the relative differences
between the probability scores of consistent meanings is kept. If however E; is
not in accordance with the current state (y small) than differences are flattened.
This is controlled by an interpolation factor 8(y) = /1 — (1 — 7)2. In sum this
amounts to, for all m € {(Ey):

/ /

* * Y g
o1 (w*,m) = B(y)og(w*,m)— + (1 — B(y
In the extreme cases one gets:
-y=1
orr1(w*,m) = op(w*, m)
-y=0:
it m e M,

1
X777
UtJrl(w 7m) { (1 _ Oé)O't('LU*7m> otherwise,

Note that if there is only one consistent meaning (i.e. ((F;) = {m*}) then we
have:

orp1(w*,m*) = (1 — a)o(w*, m*) + a,

o1 (w',m #m”) = (1 - a)o(w*,m).

13 & € 10,1] is a learning parameter
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The a-priori probability of inconsistent meanings is obviously given by § =
1 — 4. This needs to be decreased to 6’ =1 —~' (with m ¢ E):
6/
orr1(w*,m) = op(w”, m)g
In the next section, the performance of all three algorithms will be compared
on a number of multiple word guessing games.

5 Comparison of Algorithms

5.1 Problem Space and Presentation of Results

Before presenting results, it is first explained which particular set of problems
we used for testing. Recall that a MWGG is specified by the number of categories
|C|, the number of words |W)|, the number of allowed words per utterance, the
population size |A|, and the probability functions o and s.

In the following, we’ll assume that the number of words is infinite. Further-
more, the maximum number of allowed words per utterance is equal to the
number of categories in the topic, but may be less. The population size is taken
to be 5. We ran experiments for varying number of categories n. between 1
and 8. The meanings contained in the context were randomly selected from
{m:(m e B(C)) A(ljyin < Im| <lmax)} (but never drawing the same meaning
twice at the same time.) The context size s. as well as the parameters Imax and
lin Were kept fixed during the course of an experiment, but different experi-
ments were done for varying values of s, (ranging from 1 to n.), I, (from 1 to
ne — 1) and Imax (from I} );,, +1 to n.). Hence, in total 546 problems of varying
complexity were used for testing.

All three cSL algorithms were then used in combination with the proposed
general approach for tackling the MWGG to solve each problem for 32 times with
different random seed values, amounting to 17472 runs per strategy.

Every run, the evolution of the outcome o; was tracked as a running average
o, with averaging interval 100 time steps and initial value 0 (69 = 0 and 0441 =
0.990; + 0.010;. This value was checked every 10 interactions (at times ¢t =
0, 10,20, ...). Whenever it was equal or greater to 99%, the time was recorded.

Next, per problem and per strategy, the average was taken over all 32 runs.
Finally, only those results were kept that had a non-zero standard deviation.
The remaining times are the ones that will be presented in the next sections as
‘convergence times’ (y-axes of graphs.)

Because different problems are of different complexity, they generate different
values for the convergence time. In order to allow transparent presentation of
all results at once, we defined the complexity of a problem defined by n., [
lmax and s. as:

min’

223.67 + 17.17n,, + 37.32s, + 10.700 5, + 24.71lmax.

This equation was obtained from a multi-variate linear regression of the conver-
gence times of the adaptive strategy. In other words, using this as x-value when
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plotting convergence times for different problems results in that the time needed
for the adaptive strategy to solve a problem will be optimally (according to the
least square error) and linearly correlated with the problem’s complexity and
hence this value serves as a measure for the complexity of the problem.

5.2 Results

Figure 2 shows differences in convergence times for the three different algo-
rithms. The adaptive and elimination strategies managed to solve all problems,

16000
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L X -
4000 Elimination  + x

Enumeration  x X X X x

Convergence Time Difference

2000

2000 1 1 1 1 1 1
300 400 500 600 700 800 900 1000

Problem Complexity

Fig. 2. Differences in convergence times of the elimination and enumeration strategies
compared to the adaptive strategy. A positive value means that the strategy requires
more iterations than the adaptive one, a negative value means less that iterations are
needed.

the enumeration algorithm sometimes failed to solve more complex problems.
The adaptive strategy clearly performs best.'*

The differences between the different strategies can be understood in terms
of flexibility. As explained, the elimination strategy remains extremely flexible
independent of the learning history and new information may sometimes even
result in the complete forgetting of possibly still useful information. On the other

4 1t should be mentioned that the elimination strategy is mostly applied for learning a
stable and existing language rather then for bootstrapping a language from scratch.
In this case all three algorithms manage to solve all problems but the enumeration
algorithm still performs significantly worse while the elimination algorithm performs
slightly better than the adaptive algorithm.
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side of the spectrum lies the enumeration algorithm which becomes less and less
flexible as time proceeds. Although this needn’t per se be a bad strategy (think
of simulated annealing or other mechanisms that initially promote exploration
while gradually preferring consolidation), the way in which the enumeration
algorithm does it clearly is not optimal.

These insights can be used to devise yet a better algorithm from the adap-
tive one by letting the agents vary their learning parameter « according to an
estimate of the current communicative success. As can be seen in Figure 3, this
indeed leads to the best performance.

1600 T T T T T T

1400 | . -

-410+1.7x (r=0.93) T
1200 ?\

oo | -0.02+x (r=0.94)

BOO |- Elimination -+

Adaptive  x »
Flexible =

600

-248+0.48x (r=0.97)

400
300 400 500 600 700 800 a00 1a00

Prodlem Complexity

Fig. 3. Convergence times for problems of different complexity for the elimination, the
adaptive and a flexible cross-situational learning strategy together with linear regres-
sion lines approximating the available data quite well (see text for more details.)

6 Conclusion

In this paper we have attempted to bring together a number of insights in the
field of semiotic dynamics. Inspired by recent advances in the understanding of
the naming game and by previous attempts to define stages in the formation of
lexical languages, we have defined two classes of language game problems called
the single and multiple word guessing games. The fundamental differences with
the naming game are that there is referential uncertainty (which is why they are
called guessing games) and, in case of the MWGG, that utterances may contain
several words. By being more complex than naming games, but not being as
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complex as language games involving grammar, they form a next and tractable
step in the understanding of the emergence of language.

It was shown that a variety of previously proposed setups can be casted as in-
stances of the guessing game, particularly those that investigate cross-situational
learning from single word utterances. It was also shown how the problem of solv-
ing a multiple word guessing game can effectively be reduced to solving a single
word guessing game. The effectiveness of the proposed technique was verified by
combining it with three different CSL algorithms that have been proposed in the
literature. Insights gained from the conducted experiments were then used to
define a variation on one of the algorithms that outperforms all three of them.
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