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Abstract. The complexity, variation, and change of languages make
evident the importance of representation and learning in the acquisi-
tion and evolution of language. For example, analytic studies of simple
languagein unstructured populations have shown complex dynamics, de-
pending on the ¯delit y of languagetransmission. In this study we extend
these analysis of evolutionary dynamics to include grammars inspired
by the principles and parameters paradigm. In particular, the spaceof
languagesis structured so that somepairs of languagesare more similar
than others, and mutations tend to change languages to nearby vari-
ants. We found that coherenceemergeswith lower learning ¯delit y than
predicted by earlier work with an unstructured language space.

1 In tro duction

The evolutionary dynamicsof languageprovides insight into the factors allowing
subpopulations to convergeon commonor similar languages.The problem hasa
more generalsigni¯cance for robotics and arti¯cial life asa clear and empirically
supported platform for the study of how coherent behavior can emerge in a
population of distributed adaptive agents.

Of particular interest from the perspective of evolutionary dynamics are in-
sights into the meansand value of conservinglinguistic diversity. The practical
importance of linguistic diversity has attracted someattention [23,21], though
perhaps not as much as biological diversity. Recent studies that have applied
a biological perspective to the evolution of linguistic convergenceand diversity
have shown promising results [7,8,22,17,11,20,15]. Most such studies that ap-
ply a biological perspective to languageevolution havebeenbasedon very simple
languagesarbitrarily related to each one another. We believe thesestudies may
be enriched by a more realistic description of language.

Languagemodels basedon the Chomskian paradigm [1,2] view languageas
an aspect of individual psychology. There hasbeensomedebateabout the extent
to which the underlying representation of languagesare inherited or learnedand
how language impacts ¯tness. Pinker and Bloom, for example, suggestthat a



languageinstinct constrained by universal grammar sets the stagefor language
acquisition which then contributes to individual ¯tness [19,18].Hauser,Chomsky
and Fitch argue more recently that while certain perceptual and articulatory
abilities may havebeenselectedfor, it remainsunclearhow the most fundamental
aspects of human languageemerged[9,6]. All parties agree that linguistically
relevant properties are to some extent learned through cultural transmission
and change through time. How this might occur has been the subject of many
analytic and simulation studies [15,16,20,11,22].

As an organism is determined in part by its genome,languageis determined
in part by a lexicon of generators which in turn determine its phonology, se-
mantics, morphology and syntax; theseproperties may evolve [10,13]. Both the
genomeand at least part of languageis inherited with variation, and therefore
potentially a target for natural selection. These similarities have lead somere-
searchers to adopt a quasi-speciesmodel [5,4] for describing the dynamics of
languageevolution [17,12]. In their model, grammars are mutationally equidis-
tant from each other with arbitrarily assignedsimilarit y. It seems,however, that
the kind of changeslanguageactually undergoesis much smaller than what this
model seemsto predict { the languageof a child is, more or less,the sameasthat
of its linguistic communit y. This suggestsan approach where the similarit y be-
tweenlanguagesis correlated with their distance from each other in mutational
space.

In this paper, we study how certain properties of the spaceof possiblelan-
guagesand learning mechanisms impact languagechange. We intro duce a reg-
ularit y in the languagespaceby viewing the locus of languagetransmission as
a seriesof learned parametersand calculating the similarit y between languages
as the proportion of parameters that agree.We explore the e®ectof this simple
regularity on the dynamics of languageevolution primarily through simulations.
Thesesimulations go beyond previous analytic studies of simple models,and we
¯nd that structure has a signi¯cant impact on stabilit y results.

2 Metho ds

Consider a fully-connected ¯nite population of N individuals, each of whom
possessesa languagewhich is encoded as a sequenceof l linguistic `components'

Symbol Parameters value(s)
N population size 500
f 0 base¯tness 10¡ 3

l Number of language parameters 1, 2, 3, or 6
d Number of values per each parameter 64, 8, 4, or 2
n Number of possible grammars 64(= dl )

Number of time steps 100,000

Table 1. Parameters used in the simulations.



or `parameters'.Each parameter can take only a limited number d of values.For
example,a languageL with 10 parameterseach taking 3 values(A,B,C) can be
represented by a linear sequencelike AABABCBABA. (This string is not an example
of a statement from the language,but rather a represents the languageitself.)
Such a representation is in the spirit of Chomsky's \principles and parameters"
approach to language[15].To allay a potential sourceof confusion: parameters,
aswe usethem here,correspond to whatever the relevant di®erencesare between
languageat the levelof description relevantto transmission. This will correspond
to parameters in the Chomskian sensejust in casethese latter parameters are
appropriately relevant to linguistic transmission. We are throughout assuming
that whatever is being transmitted can be usefully viewed (at least to a ¯rst
approximation) as a ¯nite sequenceof ¯nite-v alued parameters.

Representing a language as a sequence,we de¯ne the language similarit y
between individual i and j , denoted aij , as the proportion of parameters on
which the two individuals agree.For example, the languagesimilarit y between
an individual i whoselanguageis represented asAAA and an individual j whose
languageis represented as ABA is 2=3 and aij = aj i .

The ¯tness of an individual has two parts: the base¯tness, denoted f 0, and
a linguistic merit proportional to the probabilit y that the individual is able to
successfullycommunicate with another, selectedat random from his neighbors.
The linguistic merit of an individual is proportional to the sum of language
similarit y betweenthe individual and others it is in linguistic contact with (which
is the entire population for this model). The overall ¯tness of an individual, f i ,
is described as the following, as in [16]:

f i = f 0 +
1
2

NX

j =1

(aij + aj i ) = f 0 +
NX

j =1

aij (1)

noting that aij = aj i according to our de¯nition of similarit y.
At each time step, an individual is chosen to reproduce randomly and in-

dependently with a probabilit y according to relative ¯tness. Reproduction can
be thought of either as the individual producing an o®springwhich inherits the
parent's languageand replacesanother in the population, or another individual
changing its languageto match the \teacher's" language.We will usethe former
terminology.

The o®spring learns the parent's language with a certain learning ¯delity ,
q. This learning ¯delit y is properly a function of the speci¯cs of the learning
method the child usesand the complexity of the language,often modeled with
a probabilit y distribution over the possibletransition from each languageL i to
each other (possiblydi®erent) L j . But in the present setting weusethe ¯rst order
approximation that the only incorrect/imp erfect learning is a single parameter
change per reproductive event. We refer to this constraint as gradual learning.
The rationale behind this approach is that learning errors do not typically result
in the learner acquiring a radically di®erent language. This single parameter
changeconstraint on incorrect/incomplete learning is analogousto only allowing
single point mutations to the linear sequencerepresentation of the language.As



such, it de¯nes the \sequence space"[4] through which the population moves
during the evolutionary process.

We study languagechange in an ideal population using a simulation, using
the following algorithm. Initially each individual in the population P starts with
a randomly chosenlanguagefrom set of all possiblelanguages.

for each individual i 2 P
compute ¯tness f i of i

end for
do until number of updates is met

select an individual i 2 P with a probabilit y proportional to ¯tness
select a secondrandom individual j from the population
replace individual j with an o®spring k of individual i

if the o®spring is mutant( mutation rate = ¹ )
change a random parameter of L k

else
Lk = L i

end if
update ¯tness of the individual j

end do

We measure the dominant language frequency directly at each time step
by counting the number of individuals speaking each language.The dominant
languageat any given time is simply the languagethat is most frequent at that
time, and will typically change over time unless the population has strongly
converged.

The linguistic coherenceof the population, denoted Á, is de¯ned as follows:

Á =
1
N

NX

i =1

NX

j =1

aij (2)

Counting the actual number of languagesthat exist in the population may
disguisethe degreeof variation when someof the languagesdisproportionately
dominate. Consequently , we usedan analogueto the e®ective number of alleles
in a population, which we will refer to as the e®ective number of languagesin
the population, ne [3]:

ne =

Ã
NX

i =1

p2
i

! ¡ 1

(3)

where pi is the frequencyof each language.
Table 1 shows the parameter settings for the experimental setup. We useda

population size N of 500, a base¯tness f 0 of 0.001, and we let the number of
di®erent possiblelanguagesn be 64. Each languagein a set can be represented
as a linear sequenceof length l with elements drawn from a set of d possible
values.For set A, the similarit y betweenlanguagesthat are not the sameis set
to a constant value a equal to 0.5. For all other sets,aij is the Hamming distance
divided by sequencelength asdescribed above. The reproduction cycle repeated



for 100,000times to make each run long enoughto reach an equilibrium. Twenty
replica runs, varying only the random number generatorseed,weredoneat each
q between0.5 and 1 at 0.02 intervals.

3 Analytic Mo del

Given a uniform similarit y a between n di®erent languages,and the learning
¯delit y of q, three equilibrium solutions, X 0 and X § , for language frequency
werederived by Komarova et. al.[12] for a family of single-component languages:

X 0 = 1=n (4)

X § = ((a ¡ 1)(1 + (n ¡ 2)q) ¨
p

D)(2(a ¡ 1)(n ¡ 1))¡ 1 (5)

where

D = 4[1+ a(n ¡ 2) + f 0(n ¡ 1)](1 ¡ q)(n ¡ 1)(a ¡ 1) + (1 ¡ a)2[1 + (n ¡ 2)q]2

Below a certain learning ¯delit y of q1, only the symmetric solution X 0 exists
and no single language dominates. Solving for q when D = 0 determines the
critical leaning ¯delit y threshold q1, which corresponds to the error thresholdin
molecular evolution.

q1 =
1

(1 ¡ a)(n ¡ 2)2

h
4 + 2(n ¡ 1)

3
2

p
(1 + f 0) [1 + a(n ¡ 2) + f 0(n ¡ 1)]

¡ 2f 0(n ¡ 1)2 ¡ 3n ¡ a(2n2 ¡ 7n + 6)
¤ (6)

When q1 < q < q2 for a speci¯c q2, both the symmetric X § and asymmetric
X 0 solutions exist and are stable. For q > q2 however, only the asymmetric
solution where one languagedominates the population is stable. This q2 value
is the point where X 0 = X ¡ , giving:

q2 =
¡
n2(f 0 + a) + (n + 1)(1 ¡ a)

¢¡
n2(f 0 + a) + 2n(1 ¡ a)

¢¡ 1
(7)

Komarova et. al. provide much more detail and proofs[12].
By intro ducing a regularity in language,we e®ectively changethe transition

matrix of aij . To compare our ¯ndings with the analytical result, we use the
average language similarit y ¹a for calculating q1 and q2, where ¹a is calculated
using the equation below:

¹a =
1

n ¡ 1

Ã
l ¡ 1X

k=1

l ¡ k
l

(d ¡ 1)k
µ

n
k

¶ !

(8)

We consider4 settings A-D, varying in the \amount of structure." The four
casesare listed in Table 2 together with the calculated ¹a for each case.



4 Results

We plot the experimental and analytic results for comparison in Figure 1. The
empirical results for the uniform similarit y of a = 0:5 between two di®erent
languagesclosely follows the expectation from the analytic results arrived at by
Komarova et. al.[12] asshown in Figure 1 A, which we have previously described
in detail[14].

The results of the multi-component languages(Figure 1 B, C and D) do not
show the clear transition from symmetric to asymmetric solution. The trend
is considerably smoother, with nothing but an increasedvariance in results at
the point of the phasetransition for parameter sets C and D. Parameter set B
shows a region where both symmetric and asymmetric solutions appear stable
for q valuesbetween0.6 and 0.7, but it is notable that the empirical asymmetric
dominant abundanceis signi¯cantly below the analytical expectation for this set
as well as C and D.

Since the setup A and D have similar ¹a values ( ¹aA ' ¹aD ), they provide a
better example of what di®erencethe multi-parameter languagebrings to the
language evolution scenario. Figure 2 comparesthe number of languagesand
the e®ective number of languages(ne), calculated using the equation (3). In
the single-parameter language caseA, all the possible languagesexist in the
population in the region where q < q1A . On the other hand, the 6-parameter
caseD has only half of the all possiblelanguagesat q = q1D .

Figure 1 A shows that if the learning ¯delit y is greater than 0:9, onelanguage
dominates in the population. That trend is illustrated clearly by the average
e®ectivenumber of languagesin Figure 2 A. There arestill over half of all possible
languagesremaining in the population at q = 0:9. This number overestimates
the true variation in the population when some languagesdisproportionately
dominate while most are at very low frequency. Incomplete/incorrect learning
provides a constant in°ux of variants, but these variants do not propagate to
any appreciable frequency due to their inferior ¯tness. The e®ective number of
languagesne for the set A at q = 0:9 is closeto 1 (ne = 1:68), which indicates
that the population has converged to one language,and the rest of languages
exist a very low frequency .

Setting l d n(= dl ) ¹a q1 q2

A 1 64 64 0.500 0.830 0.985
B 2 8 64 0.111 0.516 0.902
C 3 4 64 0.238 0.662 0.955
D 6 2 64 0.492 0.826 0.985

Table 2. System settings, average language similarit y (¹a), q1 and q2 . When l = 1, we
use a = 0:5. A: one component with 64 options, B: two components with 8 options,
C: three components with 4 options, D: 6 components with 2 options. Each setup has
exactly the samenumber of possible languages.
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Fig. 1. The dominant( £ ) language frequency after 100,000 time steps overlaid with
symmetric (horizontal line) and asymmetric (curved line) solutions for a(or ¹a), n = 64,
f 0 = 0:001. Each point is an independent replica. dl shown at the top left corner of
each graph.

In contrast, Figure 2 D shows a gradual decline in number of languagesas
learning ¯delit y increases.For this set, the number of languagesin the population
starts decreasingnoticeably for q valuesabove 0.55, and the e®ective number of
languagesne decreasesover the entire range.However, at q valuesabove 0.9, set
D shows a higher ne value (3.75 at q = 0:9) than set A, indicating that there
are more relatively high abundancelanguagesin set D despite the fact that the
total number of languagesis lower.

In set A, all possiblelanguagesare a single step away in sequencespace;in
other words,all possiblelanguagesare reachableby a singleincorrect/incomplete
learning event. In set D, however, only a small subsetof possiblelanguagesare
producible assinglestep variants from the dominant language.Thesesingle-step
variants of the dominant account for the majorit y of non-dominant languagesin
the population. Additionally , thesevariants have a high ¯tness relative ¹a, and a
higher equilibrium frequency in mutation-selection balance.
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Fig. 2. The number of languages(£ ) and the averagee®ective number of languages(|).

5 Discussion

For the set of single-component languages,our empirical results closely match
the analytic results produced by Komarova et al. In an unstructured language
space,high ¯delit y learner-driven change,such as the sort exhibited by human
languages,can only occur just above the critical error threshold q1, near the
bifurcation point.

Thesesimulations show that substantial levels of linguistic coherencecan be
achieved with lower learning ¯delit y if structure is intro duced. All four settings
explored here have languagespacesof exactly the samesize,and yet the struc-
tured languagesetsallow fairly stable asymmetric solutions even with quite low
learning ¯delit y and show a much more gradual approach to coherence.

We conclude that a simple regularity combined with gradual learning can
dramatically reducethe number of languagesthat exist in the population, even
in regionswhere analytic results indicate that only symmetric solutions will be
stable. Gradual learning usedin this experiment seemsa more realistic approx-
imation to reality than the \memoryless" learning used in previous work. The
qualitativ ely di®erent dynamics with respect to the critical learning ¯delit y sug-
geststhat convergenceto a set of closelyrelated languagesis signi¯cantly easier
than previously thought.

Theseresults are in keepingwith the expectations of a quasi-speciesinterpre-
tation. Gradual learning maps the grammars into a sequencespacewhere some
grammarshave fewer mutational (incomplete/incorrect learning) stepsfrom oth-
ers.Calculating the similarit y betweengrammarswhich determines¯tness asone
minus Hamming distance divided by sequencelength ensuresthat grammars
that are closein the sequencespacehave similar ¯tness values.This producesa
smooth ¯tness landscape.

The upshot of this smooth ¯tness landscape is that selectionoperateson the
quasi-speciesformed by the dominant grammar and its closevariants. At learn-
ing ¯delit y values below q1, the population convergesnot to a single dominant



grammar with all other grammars equally represented, but instead to a family
of similar grammars.The ¯delit y of this family is higher than the nominal learn-
ing ¯delit y becausea sizableproportion of incomplete/incorrect learning events
amongmembersof the quasi-speciesresult in other membersof the quasi-species.
At still lower q values, that family of grammars (the quasi-species)spreadsfar-
ther out in sequencespace,until at somepoint it includesall possiblegrammars
and is identical to the symmetric analytical solution provided by Nowak and
Komarova's model [17,12].

For learning ¯delit y valueshigher than q1, wenote that a structured grammar
spaceweakensthe selectionagainst the minor variants of the dominant grammar
in comparisonto unstructured or singlecomponent grammar models.This e®ect
causesthe population to display a dominant abundance below the analytical
model's expectations becausethe closevariants of the dominant have a higher
equilibrium abundancein mutation-selection balance.

We conjecture natural languagescan be viewed as belonging to a highly
structured set at somelevel of description relevant to a theory of learning and
cultural transmission,even if this structure is not reducible to a simple sequence
representation. As such, the qualitativ ely di®erent dynamics explored here are
important to understanding how human languageevolves through time. Addi-
tionally , in technological applications where agents learn from each other and
it is desirable for the overall system to converge, these results may provide a
guide to designingproperties of the languageor state representation depending
on the degreeof convergencedesired. If it is su±cient that agents of the system
just mostly agree, i.e. converge to closevariants of a dominant grammar, then
a structured state spacemay provide a way to achieve faster convergenceat
higher mutation values. However, if absolute convergenceis required, the state
spacemust be designedsuch that minor variants are strongly selectedagainst,
producing a sharp ¯tness peak. This constraint also implies that a critical mu-
tation/learning ¯delit y threshold exists.
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