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Abstract

This paper reports on an internship at the department of theoretical biology at Utrecht University
between October 1998 and February 1999. Aim of the project was to implement and study the compu-
tational model of language evolution reported by Hashimoto & Ikegami (1996) and to reproduce their
results. The project was undertaken as a preparation for more original research for a master’s thesis, and
among other things to improve programming skills and to get more familiar with language evolution
and modeling methodology. This report consists of six sections, discussing the origin of language de-
bate, the Hashimoto - Tkegami model, the developed implementation, the main results with some hints
on subsequent work, conclusions and a short self-evaluation.

1 Introduction

1.1 the origins of language

The transition from short, finite communication systems found in many animal species, to the open end-
ed language system of humans, is considered to be one of the major transitions in evolution (Szathméry
& Maynard-Smith, 1995). There is large consensus that the qualitative difference is in the phrase struc-
ture of human language: grammatical rules provide constraints on the form of expressions, but at the
same time allow for a systematic production and interpretation of an astronomical number of different
messages.

The characteristics of the transition from animal to human communication, however, remain an in-
triguing, unsolved problem. In recent years the scientific debate on the origins and the nature of the
human language capabilities has been reopened by a paper by Pinker & Bloom (1990), that argues that
language origins can and should be studied from a Darwinian perspective. Following Noam Chomsky’s
famous line of arguments, Pinker & Bloom claim that underlying all human languages is an innate com-
putational system with a general structure called “universal grammar”; this universal grammar is con-
tained by a specialized “mental organ”. The language organ (or “instinct”), Pinker & Bloom add, is coded
for by specific language genes and thus its origins are to be explained by genetic evolution.

Evolutionary theorists Maynard-Smith & Szathmary (1995) in essence adopt the scenario of Pinker
& Bloom. They describe the emergence of human language as a major transition in evolution, in some
sense similar to the transition from single to multicellular organisms. All major transition, in their theory;,
share some characteristics: a new level of transmission of information is opened, and subsequently a new
level of selection.

The Pinker & Bloom scenario thus receives some important support in both biology and linguistics.
However, it remains very controversial in both fields. All steps of the scenario have been subject to crit-
icism. Opponents view human language as an emergent phenomenon, grounded in general cognitive
abilities which do not necessarily involve “symbol manipulation”; no innate language organ needs to be
postulated and neither do language genes. Transmission of language is cultural rather than genetic, lan-
guage universals arise from universal contexts rather than a universal grammar and the transition from
animal to human communication systems should be viewed gradual rather than principal (Steels, 1997a,
MacWhinney, 1999, Elman et al, 1998).

The most coherent of these alternative views, postulate cultural evolution as the main mechanism to
generate the grammatical complexity of human languages (see figure 1). Several studies have shown that,
ifin a population oflearners language elements are transmitted culturally, these elements themselves can
form units of selection and more powerful language capabilities can emerge (Steels, 1997a, Kirby, 1999a).
Interestingly, the view that language elements are the replicating entities and form a level of selection, is
nicely in accordance with the view of major transitions and multi-level evolution (Hogeweg, 1989, 1998).

1.2 computational modeling

Much of the “strong” empirical evidence has turned out to be non decisive, and the dynamical properties
of genetic transmission and cultural evolution, and their possible interactions are not well understood.
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Figure 1: Two scenarios for the origins of human language. I-language is the internal language system of
an individual; E-language is the external language shared by members of a group. The fact that there is
some genetic transfer of the ability to learn language (other primates cannot learn English) as well as some
cultural transfer of language particularities (Chinese babies learn perfect English if brought up in England)
is uncontroversial. The controversy lies in the nature of these transmissions and the source of innovations.

An intriguing approach, however, has been added to the existing ones: mathematical and computer mod-
eling of language origins, pioneered by Hurford (1989), Steels (1997a), Batali (1994), Hashimoto & Ikegami
(1996). An effort is made in this line of research to understand the dynamics of language evolution by
studying simple models (“minimal models”) of communicating agents.

The communication in these models resembles “real” communication only in an abstract sense. For
two reasons we think these models can play important roles in the theory formation on the origins of lan-
guage: i) the models relatively precise implementations of the underlying assumptions; ii) the models are
productive, i.e. they generates new hypotheses and concepts by showing unexpected, counter-intuitive
results. The models, therefore, help to generate new hypotheses, to evaluate how generic certain prop-
erties are, to tackle the supposed self-evidence of arguments and to find a minimal set of assumptions
sufficient to explain a phenomenon. This approach resembles the methodology in much of the research
in the field of artificial life.

Most of these models use — implicitly or explicitly — the framework of language games (Steels, 1997b).
In these games agents participate in some sort of communication task, where agents that perform better
have more reproductive success, or language elements that are used frequently, have a higher probability
of being used again. The tasks may vary, but for these models to be informative, the tasks should be rather
simple.

The main contribution so far of language game models, is that they have shown that cultural evolution
can indeed play a major role in the development of languages. Steels and collaborators, e.g., showed that
cultural evolution can explain the emergence of a shared lexicon (De Jong, 1998), a shared vowel system
(De Boer & Vogt, 1999) and some primitive grammatical rules (Steels, 1997a). Kirby (1999a) shows in his
model, that agents with an innate ability to learn context free grammars, can develop a compositional
language through cultural evolution. Batali (1997) shows similar results with a population of agents that
learn to produce and interpret strings using recurrent neural networks. Kirby (1999b) also shows that,
with the proper semantic space, cultural evolution can account for the emergence of recursive grammars.

Fewer studies exist that model genetic transmission of language capabilities. This papers reports on
the model presented by Hashimoto & Ikegami (1996), that studies evolution of rewriting grammars. Batali
(1994) studied a system of agents with simple recurrent neural networks, in which evolution leads to
innate biases that enable agents to efficiently learn recursive languages. Nowak & Krakauer (1999) for-
mulated a mathematical model, that shows that compositionality can help overcome an error limit on



successful communication, and thus should be expected to be selectively advantageous.

1.3 genetic transmission

Proponents of the genetic transmission scenario, view evolution of language as the genetic adaptation
of the universal grammar. The fitness of this innate language system is evaluated with respect to the
particular grammar an individual uses to produce and understand language.

It is assumed that the particular grammar, is acquired via a rapid learning process in which the vocab-
ulary and the grammatical parameters that the innate universal grammar leaves unspecified, are set. If
we assume that individuals learn their language in a parental environment, individuals will end up with
alanguage system very similar to that of their parents.

Many arguments exists for why language capabilities have evolved to deal with rich, grammatical
structures. One of the most important of these is the “productivity argument”, stating that a fundamental
selective advantage of grammatical language is the fact that it is compositional and recursive, and thus
infinite and structured. Grammatical language thus solves the problem of obtaining unlimited expres-
siveness with limited means.

The model reported in this paper studies the dynamics of genetic transmission of language. It takes
an extreme position, as it ignores learning mechanisms and semantics, and models genetic adaptation
of particular grammars. Language capabilities are described with “context free grammars”, that make
compositional and recursive structures extremely easy to obtain. However, unlike some other studies of
genetic transmission (e.g. Batali (1994)), no static fitness function is defined; the grammars of all individ-
uals in a group determine the environment in which an agent must survive.

Under these simplified conditions, the interaction between evolutionary dynamics and group dynam-
ics is studied. The next sections will show that even under circumstances that don't allow learning and
cultural transmission, social patterns can influence the evolutionary dynamics. We observe that, even
though the mechanism of cultural transmission is excluded, rules in one agent’s grammar can influence
the persistence of other rules, because of these group effects.

1.4 some definitions
Before discussing the model specifics, it is useful to clarify some terminology:

context free grammar A context free grammar G is a quadruple (P, S, V,.;, V;.), where V,,; and V,, are dis-
joint finite alphabets, containing the set of nonterminal symbols and terminal symbols respectively.
S is the start symbol (S € V,,;) and P is the set of rules (productions). All rules from P are of the form
X — Y, with symbol X € V,,; and string Y € (V,,; N V;.)*. (Here, V,,; = {S, A4, B} and V. = {0, 1}).

derive language The language generated by G, Lg.,i»e(G), is defined to be the set of terminal strings that
are, given a specific derive algorithm, derivable from the start symbol.

parse language The language acceptable by G, L,....(G), is defined to be the set of terminal strings that
are parsable back to the start symbol, given a specific parse algorithm. (Here, strings are truncated
in derivation and there is a limit on the number of derivation and parsing steps. Therefore, usually

Lderive (G) ;é Lparse (G) )

group vocabulary The set of strings used in the communication by generation t, we call the (group) vo-
cabulary.

expressiveness Expressiveness (E) is the number of distinct strings a language consists of, or the number
of distinct strings a grammar can accept (or generate). (Here, we use size of Lpgrse).

indexicality Grammars that contain rules that rewrite the start symbol to a sequence of terminal sym-
bols, and the languages they generate, are called indexical. I.e. each string is generated by a unique
rule. Note that the meaning of a string in such a “protolanguage” can only be determined in a
storage-based manner because the order of symbols does not contain information (structure in-
sensitive).



compositionality Grammars that contain rules that can rewrite the right-hand side of other rules, and
the languages they generate, are called compositional. L.e. strings in a compositional language are
built up systematically from constituting elements (structure sensitive).

recursion Grammars that contain rules that can rewrite a string that is equal to its right-hand side or
can be derived by other rules from its right-hand side, and the languages they generate, are called
recursive. L.e. strings in a recursive language can contain elements of a certain type, that themselves
contain elements of the same type.

2 The Hashimoto - Ikegami model

2.1 model description

Hashimoto & Ikegami (1996) present a model in which a small set of agents communicate in a language
of short sequences of 0’'s and 1’s. Agents speak (“derive”) and understand (“parse”) these strings using a
Chomskyan rewriting grammar, which they inherited — with some random mutations (see table 1) — from
their parent.

mutation | probability effect

adding madd per grammar | add and modify a random rule from the population
to the grammar

deleting | mdel per grammar | delete a random rule from the grammar

replacing | mrep per grammar | modify a random rule from the grammar

Modify by replacing the left hand side symbol with a random non-terminal, by re-
placing a random symbol from the right hand side with a random symbol, or by
deleting a random symbol (if more than one) from rhs. Don’t perform mutations
that lead to rules with the same symbol on both left and right hand side.

Table 1: The evolution scheme. The adding mutation is, with the given probability, applied to agents with
an above average score. The deleting and replacing mutations are applied to all agents with the given
probabilities. Applying a mutation here means: replacing a random agent with a below average score
with a copy of the replicating agent and mutating the copy as described. Default parameters: madd=0.04,
mdel=0.04, mrep=0.04.

In each language game, all agents can speak once and try to understand each of the spoken strings.
Agents receive scores depending on their success in speaking longer and newer strings, understanding
longer strings and (not) being understood. After a number of language games, scores are evaluated and
offspring is produced. Successful agents have a higher chance of survival and reproduction. Hashimoto
and Ikegami thus assume a genetic coding and transmission of language, with genetic evolution as the
source of innovation.

The grammars of the agents are context free grammars: a list of rules of the form nonterminal —
string, where the nonterminal is an element of a small set specified by the non-terminal alphabet (V,,; =
{S, A, B}) and the string is any sequence of symbols from the nonterminals alphabet or the terminal
alphabet (V;. = {0,1}). As an extra restriction, the left-hand side symbol is not allowed on the right-hand
side of rules (see figure 4). At the start of most simulations, grammars are randomly initialized with either
S—=1lorS—0.

Derivation now is the process of applying these rules by substituting in some string the occurrences
of the left hand side of the rule with the right hand side of the rule. Derivation always starts with the start
symbol (the variable S), and applies iteratively random fitting rules for some maximum number of steps
(i.e. 60; failure), until no fitting rule exists (failure), or until a string of only terminal symbols is reached
(success).
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Figure 2: The basic model architecture. In one language game (the inner circle) all agents (P) speak one
string that all agents try to parse. Agents receive scores for speaking, understanding and being understood
according to some scoring scheme. Each generation a number of games (R) is played. Depending on the
scores, agents can reproduce, with some mutations, to the next generation. Default parameters: P=10,

R=10.
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Figure 3: An example of language processing using the rules from a grammar. Derivation consists of ap-
plying recursively a random fitting rule. Parsing consists of a complete search for a path back to the start
symbol S. Rules that leave a string unchanged are ignored. Strings are truncated after derivation after the
M’th symbol. Only a limited number of steps is allowed in the derivation (maxderive) and parsing (max-
parse) algorithms. Note that in the example, rule 3 is a recursive rule (of the type not allowed in most
simulations reported here, see figure 4). Default parameters: maxderive=60, maxparse=500, M=6.

Parsing is the process of applying to some received string the rules inversely, by substituting a fitting
right hand side with its corresponding left hand side. Rules are tried in the order they are stored, and
fitting rules are applied recursively until the maximum number of steps (i.e. 500) is reached (failure), no
other fitting rules exist to any intermediate string (failure), or the start symbol is reached (success). For
an example of derivation and parsing, see figure 3.

Depending on their success in deriving and parsing, and some other specifics of the process (string
length, number of steps, novelty of the string) agents receive scores. Hashimoto & Ikegami (1996) use
a very specific scoring scheme, with a score for speaking dependent on string length, and a score for
recognizing and not being recognized depending on string length and novelty of the string (see table 2).

Success Failure
- string length M
speaking R TSp x -
recognizing rrec * % —rrec * string length
. . rbrxstring length —rbrxstring length
being recognized —p= —p =

Table 2: The scoring scheme. The scores are updated after every derivation or parsing procedure. In the
reported simulations that results in 1 speaking update and 10 recognizing and being recognized updates
every language game. Frequency is the frequency of the spoken string in the last 10 generations only, in-
cluding the present communication. M is the maximum string length at which strings are truncated after
derivation. Steps is the number of steps the parsing algorithm needed to accept a string. P is the number of
agents in the population. Default parameters: rsp=30.0, rrec=1.0, rbr=-2.0.

The use of rewriting grammars in this model study is an extremely simple variant of the dominant way
to describe grammatical forms in natural language in linguistics. Arule S — NV for example states that
a correct sentence can be formed by rewriting the start symbol with the variables for noun and verb. The



N and V on their part can be rewritten to strings that can actually be pronounced (terminals) by rules like
N — theboy and V' — cries , producing the correct English sentence “the boy cries”.

2.2 main results
Hashimoto and Ikegami’s main results were that:
i. powerful (context free, recursive) grammars often quickly evolve;
ii. group effects in the population strongly interact with the evolutionary dynamics;
iii. the evolution shows punctuated equilibria in the total of exchanged information;

iv. and a weak score for not being recognized accelerates the evolution towards more powerful gram-
mars.

ad i Hashimoto & Ikegami define computational ability as the ratio of the number of strings a grammar
is able to parse and all possible strings in the domain (i.e. 126). The simulation results they report,
show an increase in this computational ability from L at initialization to around 0.5 after 600 time
steps. They report on two important stages in the evolution: module-type evolution (the emergence
of compositionality) and the emergence of a loop structure (recursiveness). They describe this de-
velopment as a climb in the Chomsky hierarchy from type 3 (regular grammars) to type 2 (context

free grammars).!

ad ii Frequently, however, they observe agents with high computational abilities that nevertheless can-
not persist in the population. Thus, computational ability is not (as one would expect from the
scoring scheme) a very good indicator of fitness, due to group effects. Hashimoto & Ikegami find
that even though those agents have more powerful grammars, they are not able to efficiently pro-
cess the dominant strings in the population. The group of agents that do process these strings are
called an Ensemble with a Common set of Words (ECW). The set of strings Hashimoto & Ikegami
call a “net-grammar”, which they describe as an upper structure that emerges from the behavior of
individuals, but in turn also restricts the behavior of individuals.

ad iii Hashimoto & Ikegami hypothesize that the ensembles hinder the development of more powerful
grammars, but only for a limited amount of time. They define a measure for the amount of infor-
mation exchanged in the population and show that this value develops stepwise over time. They
describe these dynamics as an alternation between periods of stasis, when competing ensembles
exist, and periods of “algorithmic evolution”, when one ensemble has taken over the whole popula-
tion and an increase in grammatical complexity can occur.

ad iv Hashimoto & Ikegami pay some special attention to the parameter that weights the being recog-
nized score (rbr). They find that both the variety in spoken strings and the information exchange
value reach high values when this parameter is small (between -3.0 and 2.0). They conclude that a
slight negative value accelerates the evolution of powerful grammars.

These results show that if all the necessary apparatus for dealing with grammar is provided, evolution
of rewriting grammars can indeed lead to more powerful structures. Furthermore, the results show that
the coevolution in a group is an important aspect of language evolution, because patterns on the level of
the group alter the fitness landscape significantly. Finally, the finding that selecting on not being recog-
nized speeds up evolution leads one to carefully reconsider the silent assumptions on what language is
for.

However, it is important to realize that with the chosen representation of rewriting grammars, context
free grammars (as defined in terms of the Chomsky hierarchy) are extremely easy to obtain, and even
efficient recursive grammars are always only a few mutations away. With all circumstances set up for

IThis is not quite correct, though, as regular grammars can be recursive and context free grammars are not necessarily so. A
classification in indexical, compositional and recursive grammars seems much more appropriate in cases like this (Zuidema, 1999a).



recursiveness, the fact that it develops seems not a very strong result. In section 4 we will discuss the
more surprising finding, that in very similar situations, recursiveness does nevertheless not develop.

In our interpretation, the model thus serves as a starting point for understanding the dynamics of
grammatical evolution, rather than as a validation of the genetic transmission scenario. Section 4 discuss-
es the partial reproduction of these results, and some interesting new observations for further research.

3 Implementation

3.1 design principles

The implementation was designed with some important principles in mind. First of all, an obvious but
not at all trivial requirement of any computer program is that it is a correct implementation of the cho-
sen algorithm. Furthermore, the implementation was aimed to be fast, memory efficient, reusable and
understandable.

Programming language C++ was chosen to implement the model, because it allows for object orient-
ed programming (which through its intuitive layout facilitates meeting the correctness, re-usability and
understandability criteria), because it is fast and can be very memory efficient and because of personal
experience and available resources and knowledge in the department.

Hashimoto & Ikegami’s original report (1996) does not give all details of their model implementation.
Some of their implementation choices remain unclear, most notably the moment of truncation of derived
strings and some details of the random walk in derivation, the complete search in parsing, the adding
mutation and the exclusion of certain types of rules. No effort is made, however, to make exact copies
of their implementation and results, since in the first place qualitative behaviors that are robust to small
changes in model details are interesting.

3.2 general layout

A full program listing can be found in appendix A. Here we will just describe the general lay-out and the
implemented algorithm. The program consists of a series of hierarchically ordered objects, which are
defined by five classes:

i. At the top level there is a class “population”, which has as main variables a variable length array of

agents and a vocabulary, and as main methods “playlanguagegame”, “communicate”, and “evolve”;
ii. “agent” forms another class. It has as main variables a grammar and a score, and as main methods
“updatescore” and interfaces to methods in “grammar” to apply or mutate rules;

iii. “vocabulary” has variables and methods to store, count and analyze strings that are used in com-
munication;

iv. “grammar” consists of a variable length array of rules, and methods to apply these rules (“derive”,

“parse”) or to change these rules (“deleterule”, “addnewrule”, “mutaterule”);
v. “alphabet” contains constants that define the terminal and non-terminal alphabet, and methods
that generate random symbols and classify given strings.

The “main” program simply declares a population and tells it iteratively to play language games, to
evolve and to save data to file. The file “functions” contains all sorts of general purpose functions that
deal with random numbers, randomizing arrays and manipulating and analyzing strings.

Although the classes described above are not completely designed according to the object oriented
programming ideals, the classes have proven to be independently usable. A follow-up project uses in a
very different set-up the classes grammar, vocabulary and alphabet without changes.



3.3 thealgorithm

repeat G generations
play M language games
for all agents in random order:
DERIVE(‘S’, 60)
DERIVE(string, maxsteps): recursively do
1 if maxsteps<l return ‘fail’
2 if string consists only of terminal symbols return string (success)
3 apply a random fitting rule to string; if none return ‘fail’
4 if not DERIVE(string, maxsteps-1)==‘fail’ return string (success)
update speaking score
for all agents PARSE(string, 500)
PARSE(string, maxsteps): recursively do
1 if string==‘S’ return 0 (success)
2 if string==‘fail’ or maxsteps<l return -1 (failure)
3 for all fitting rules in order of storage
3.1 apply rule to copy of string
3.2 steps=steps+1
3.3 nextsteps PARSE(copy, maxsteps-steps)
3.4 if nextsteps>=0 return steps+nextsteps (success)
3.5 else steps=steps-nextsteps
4 return -1l*steps (failure)
update recognizing and being recognized scores
evolve
for agents with above average score:
with probability madd
create copy of agent
add random modified rule from population to its grammar (at random or last position)
for all agents
with probability mrep
create copy of agent
modify a random rule from its grammar
with probability mdel
create copy of agent
delete a random rule from its grammar
remove as many below average scoring old agents as added

3.4 support programs

Apart from the main program, also a number of support programs and scripts were developed that allow,
among other things, for step by step analysis of communications with grammars read from file, analysis
of grammars and preparation of data for being plotted in several ways (see appendix B).

4 Results

4.1 powerful grammars evolve

The finding that more powerful grammars quickly evolve, is easily replicated. In many simulations we
observe an increase in expressiveness E, (the number of parsable strings, and thus “computational abil-
ity”) from 1 at initialization, to above 100 (out of 126) after 1000 - 2000 generations. Differences in the
language size between parent and offspring are often large, due to the nonlinear mapping from grammar
to language.



(a) the Hashimoto-lkegami rule (b) our alternative rule scheme (c) no restrictions rule scheme
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Figure 4: Three possible rule schemes for context free grammars with V,,, = {S, A, B}. An edge between
nodes represents the possibility to have a rule in the grammar that rewrites from the non-terminal corre-
sponding to the first node, to a string that contains the non-terminal of the second node. Note, that one rule
can thus be represented by multiple edges.

These results are explained with the intuitive observation that, given a random population of agents,
larger expressiveness gives agents a higher expected score for speaking (derived strings are more likely to
be infrequent), for recognizing (a random string is more likely to be part of L,,,,.), and for being recog-
nized (a derived string is less likely to be understood). So, even though fitness is not explicitly evaluated
on E, we expect it to be implicitly so and the growth in E comes as no surprise.

However, we also did simulations with a different rule-scheme from Hashimoto & Ikegami’s. In this
scheme rules that rewrite nonterminal X to a string that contains X are allowed; however, the start-symbol
’S’ is not allowed at right-hand side (see figure 4 (b))?. Surprisingly, we find, that in a significant fraction
of the simulations with this scheme no large increase in expressiveness takes place (see figure 5). Of these
grammars, all (or almost all) rules used in parsing are of the type S +— terminal. We call this dynamical
regime the “indexical regime”.

This phenomenon was not reported by Hashimoto & Ikegami. However, the same phenomenon oc-
curs also with their rule-scheme, if agents are initialized with a more extended indexical grammar. We
believe these simulations are at least as interesting. The chosen representation (rewriting grammars)
makes the use of compositionality and recursiveness very easy; the fact that such solutions are never-
theless sometimes not used is intriguing. Zuidema (1999b) discusses a detailed explanation for this phe-
nomenon, identifying a “context effect” (rules of a certain type are more successful in a context of rules
of the same type), and a “group effect” (agents that use grammar of a certain type are more successful in
a group of agents that use primarily grammars of the same type).

4.2 group effects

As Hashimoto & Ikegami describe, we frequently observe agents in the simulation with significantly larg-
er E, which are nevertheless not able to persist in the population. Figure 6(a) shows an example of such a
situation; figure 6(b) shows an example language game with the grammars at the point indicated with an
arrow, and the score each agent gathers per string. Although agent 586 and 602 have the highest expres-
siveness (30), they gather a below average score in the language game.

Two mechanisms can explain this phenomenon: i) stochasticity and ii) group effects. Both effects

20ther settings that deviate from default are: the mdeian evolution scheme is used (only below-median scoring agents can be
replaced, above median scoring agents can have the adding mutation), newly added rules are taken randomly from the population
and placed at the end of the grammar.

10
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Figure 5: Three typical runs in a space of expressiveness vs. generations (upper graph) and grammar size vs.
expressiveness (lower graph). The grammars in these runs, are almost completely recursive, primarily com-
positional, and almost completely indexical (from the upper curve to the lower curve in the upper graph).
The line x = y in the lower graph, in fact serves as a separatrix between syntactical and non-syntactical
grammars, because indexical grammars can never generate more strings than they have rules, while com-
positional and recursive grammars generally generate much more strings.
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Figure 6: (a) An example run, in which agents with above average expressiveness, are nevertheless not able
to persist in the population, due to stochastic or group effects. (b) An example language game, played by
the population at the time indicated by the arrow in (a). Four agents gather above average scores, including
agent 599 that has the lowest expressiveness in the population. Both agents with the highest expressiveness
(30) have below average scores. In this example, these are stochastic effects; if many more language games
are played, these latter agents do receive the highest cumulative scores.

depend on the population size. Stochasticity decreases with population size, because language games
consist of more communications, which averages out stochastic variation. Group effects increase with
population size, as innovations have lower relative frequency and innovative agents will have more trou-
ble receiving enough scores. A simple test can distinguish between these two effects: if a large number of
language games is played with the same population, the stochastic effect disappears. In fact, in the given
example, agent 602 en 586 have the highest cumulative scores after 500 language games. Therefore, it is
stochasticity that explain their low performance in figure 6.

To test whether group effects are responsible for the difference in dynamics between grammatical
and indexical regimes, we analyzed an example of such a run. We restarted the simulations at several
points with the same parameters, but different “seeds” for the random generator. Figure 7 shows that the
dynamics are only fixed to this “indexical regime” after around 700 generations. Apparently, at this point
the vocabulary of the group using only a indexical strategy is too large for any compositional or recursive
mutation to compensate for the big drawback of losing some power to efficiently process the dominant
strings.

Indeed, simulations with a variety of initial indexical grammars confirm that there is a rather abrupt
change in the probability of developing powerful grammars. Especially the string length seems important
for this bifurcation, as all initial grammars that contain a rule with a right-hand side of length 6 (the
maximum) lead to an indexical regime. This suggests that especially the property of generating longer
strings gives compositional and recursive rules a selective advantage.

The group effect, context effect and stochasticity (see section 4.1) explain the phenomena of the un-
timely death of powerful agents and the different dynamical regimes. The group effect is adequately
described by Hashimoto & Ikegami’s concept of “net-grammar”: the group language that emerges from
individual behaviors and itself restricts the the evolutionary dynamics of individuals. We find their con-
cept of “ensemble” less useful. It suggests a clearer separation between members and non-members than
seems to exist, and is unnecessary for the explanation of these phenomena.
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4.3 punctuated equilibria

Hashimoto and Tkegami describe the dynamics of the model as an alternation between periods of stasis
and periods of “algorithmic evolution”. They explain the stasis by competition between ECW'’s (ensembles
with a common set of words). They don't provide a formal definition of an ECW or quantitative results of
how they develop over time. The alternation is illustrated with a table of communications and a graph
showing “punctuated equilibria” in the amounts of exchanged information.

We have not been able to replicate a graph as convincing as Hashimoto and Ikegami’s. Nor have we
found evidence that ECW’s are separate, definable patterns in our simulations. It is, however, clear that
the power of grammars develops stepwise over time and that group effects alter the dynamics significant-
ly.

Punctuated equilibria in this context refers to periods of relative stasis in the evolution of phenotypic
traits within a species (not to the long periods of little innovation between species, as Gould originally
used the term). In theoretical studies of evolution, several alternative explanations for this phenomenon
have appeared. Most important of these, are explanations that involve a local fitness-peak or, alternative-
ly, neutral networks (Van Nimwegen et al,, 1999).

Both types of explanations, however, involve fixed fitness landscapes, i.e.: the fitness of agents is a
unique function of their genotype, regardless of environmental circumstances or population structure.
Clearly, this assumption does not hold in the model studied in this paper. In short, we are left with three
unsatisfactory explanations for the epochal nature of the evolutionary dynamics that need further study:

i. In the periods of relative stasis the population is stuck on some sort of local maximum of fitness.
Only when a rare sequence of mutations occurs, a new fitness-peak is discovered, innovation occurs
and a new “epoch” starts.

ii. Alternatively, the population floats randomly through a “near-neutral network”, a network of con-
nected genotypes that have the same fitness value. Only when by chance a “portal” is discovered to
anew fitness-level, innovation occurs and a new “epoch” starts.

iii. In the periods of stasis, innovation is suppressed by specific group structures (a conflict between
ECW’s); only when the population dynamics have changed this group structure (one ECW has tak-
en over the whole population) the “algorithmic evolution” can continue. In some sense, this expla-
nation relates to explanation i, because it assumes the specific group structures make the present
genotypic situation temporarily a local maximum.

The consequences of these explanations still have to be evaluated and tested to reach a satisfacto-
ry explanation. For this, the theoretical results on fixed fitness landscapes, have to be made useful for
the fluctuating landscape that arises due to the coevolutionary settings. An important measure will be
the rate of genotypic change: how many mutations are accumulated during an epoch in the grammars.
Explanation i and iii predict large change between epochs, and little change during epochs (random fluc-
tuations around the local peak)® Explanation ii predicts large change during epochs, because of (more or
less) random drift through a near-neutral network.

Preliminary results suggest that neutral mutations — mutations that have no effect on the immediate
fitness of individuals - are in fact frequent in our simulations. E.g. rules which contain on both left hand
side and right hand side a variable that is not present in other rules, do not play any role in either the
derivation or the parsing procedure. Random drift of these rules can, however, suddenly lead to a large
change in processing power. E.g. when a rule with S as left hand side mutates to have that variable at its
right-hand side.

4.4 notbeingrecognized

Hashimoto & Tkegami report that the speed of evolution is highest, with the being recognized-parameter
(rbr) between -3.0 and 2.0, with an optimal at a slightly negative value. We have not replicated this result,

30f course, population dynamics may cause changes in the average genotype.
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obtained with the complicated scoring scheme of table 2. In stead, we studied the impact of each of the
three scoring dimensions by designing several very simple scoring schemes (Zuidema, 1999b). Most strik-
ing result from this study, is the finding that just a score for recognizing leads to powerful grammars, while
with a score for both recognizing and being recognized, language capacity remains extremely limited (see
figure 8).

As Hashimoto & Ikegami report, we find that the development of complex grammars is hindered by a
positive score for being recognized. However, in our simulation we also observe that, if no score is given
for being recognized, agents develop grammars that make it more likely to fail in derivation and thus to
hold one’s tongue. With the benefit for language being only at the side of the receiver, a classic altruism
problem arises because agents no longer benefit from speaking. Zuidema (1999b) discusses this “paradox
of selfish language” and some possible solutions.
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5 Conclusions

5.1 discussion

The main finding in the model study of Hashimoto & Ikegami (1996), is that group dynamics in the evo-
lution of language can show patterns that restrict the evolutionary dynamics in an unexpected manner.
This can, as Hashimoto and Ikegami report, explain why frequently agents with more expressive language
capabilities, can nevertheless not persist in the population. In addition, we find that there exist distinct
dynamical regimes, that lead to qualitatively different grammars, and that group effects can explain their
existence.

Hashimoto and Ikegami describe these group patterns as “ensembles”: groups of agents that share a
common vocabulary. We argue that “ensemble” is a problematic concept here, and that it is unneces-
sary for explaining group effects. In stead, we consider their concept of “net-grammar”: the vocabulary
of the group, that restricts the success of expressions. Unlike the “productive grammars” that generate
individual languages, this group vocabulary constitutes in some sense a “restrictive grammar”.

A second finding of Hashimoto and Ikegami is that there indeed exists — as is often assumed, but
seldom shown — an evolutionary route from simple, indexical grammars, to complicated, compositional
and recursive grammars. However, we find that in the model, this route disappears if the initial indexical
grammar is too powerful. Interestingly, the model ignores learning and meaning, but nevertheless shows
complicated and rich dynamics.

These findings are in several ways suggestive for the evolution of language. It shows that higher ex-
pressiveness cannot be equated with selective advantage. Theories on evolution of language must thus
explain how subsequent steps can be selectively advantageous in an group that shows social patterns.
Furthermore, the model suggests that language evolution shows rich, inherent dynamics, even in this
simplified context.

Where other work has focussed on the potential of social effects to generate complex languages, this
study shows that in a system where language is transmitted genetically, social effects emerge and can
both facilitate and hinder the development of such languages.

5.2 future work

We conclude that the work of Hashimoto and Ikegami forms a good starting point for studying the dy-
namics of language evolution using a computational modeling approach. We point out several issues for
improvement and further study.

First, as a technical point, we find the implementation choices often rather arbitrary and less elegant
than one would prefer. E.g. the adding mutation follows a discontinuous step function that arbitrarily
differs from the deleting and replacing mutations. The scoring and evolution scheme can be replaced by
more elegant schemes, that contain smoother functions, mutation probabilities per rule rather than per
grammar, and more meaningful scores (Zuidema, 1999b).

Second, by focusing on genetic transmission and group dynamics, the model ignores many aspects
that should be expected to play major roles in the development of complicated languages, like learning
and meaning. These are obviously important issues for further study.

Third, some interesting behaviors of the model are not well understood:

i. the exact circumstances under which an indexical, compositional or recursive regime develops and
the precise way in which context and group effects interact to sustain these;

ii. the epochs (“punctuated equilibria”) in the evolution of language and the way to explain these;

iii. the types of group patterns that arise from different simple scoring schemes and the way to charac-
terize and understand them.

These issues are, in part, studied in Zuidema (1999b).
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6 Evaluation

The goals of this project were both educative and scientific. Educative goals were to improve program-
ming skills, to get more familiar with scientific research in general and modeling methodology in partic-
ular. Scientific goals were to re-evaluate this particular model of language evolution and to prepare for
a follow-up study with a similar model. These goals were met with reasonable satisfaction, although the
project has taken much longer than previously expected.

The implementation was not completely optimized with respect to design principles listed above.
It does however run simulations in reasonable time, and it has proven to be easily extendable to other
model details. The project has been an interesting introduction to scientific research and the model and
implementation described here, have indeed proven to be good starting points for a subsequent research
project.
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