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Language is our legacy. It is the main evolutionary contribution of humans, and perhaps the most interesting trait that has emerged
in the past 500 million years. Understanding how darwinian evolution gives rise to human language requires the integration of
formal language theory, learning theory and evolutionary dynamics. Formal language theory provides a mathematical description
of language and grammar. Learning theory formalizes the task of language acquisition—it can be shown that no procedure can
learn an unrestricted set of languages. Universal grammar specifies the restricted set of languages learnable by the human brain.
Evolutionary dynamics can be formulated to describe the cultural evolution of language and the biological evolution of universal

grammar.

iology uses generative systems. Genomes consist of an

alphabet of four nucleotides, which, together with

certain rules for how to produce proteins and organize

cells, generates an unlimited variety of living organisms.

For more than 3 billion years, evolution of life on Earth
was restricted to using this generative system. Only very recently
another generative system emerged, which led to a new mode of
evolution. This other system is human language. It enables us to
transfer unlimited non-genetic information among individuals, and
it gives rise to cultural evolution.

Currently there are many efforts to bring linguistic inquiry into
contact with several areas of biology including evolution'™", gen-
etics’>™*, neurobiology'>'® and animal behaviour'”°. The aim of
this Review is to formulate a synthesis of formal language theory*"**,
learning theory”>~* and evolutionary dynamics in a manner that is
useful for people from various disciplines. We will address the
following questions: What is language? What is grammar? What is
learning? How does a child learn language? What is the difference
between learning language and learning other generative systems?
In what sense is there a logical necessity for genetically determined
components of human language, such as ‘universal grammar’?
Finally, we will discuss how formal language theory and learning
theory can be extended to study language as a biological phenom-
enon, as a product of evolution.

Language is a mode of communication, a crucial part of human
behaviour and a cultural object defining our social identity. There is
also a fundamental aspect of human language that makes it amen-
able to formal analysis: linguistic structures consist of smaller units
that are grouped together according to certain rules.

The combinatorial sequencing of small units into bigger struc-
tures occurs at several different levels. Phonemes form syllables and
words. Words form phrases and sentences. The rules for such
groupings are not arbitrary. Any native English speaker recognizes
that the sentence ‘He ran from there with his money’ obeys the rules
of English, while ‘He his money with there from ran’ does not. In
Bengali the reverse is true.

Individual languages have specific rules. Certain word orders are
admissible in one language but not in another. In some languages,
word order is relatively free but case marking is pronounced. There
are always specific rules that generate valid or meaningful linguistic
structures. Much of modern linguistic theory proceeds from this
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insight. The area of mathematics and computer science called
formal language theory provides a mathematical machinery for
dealing with such phenomena.

An alphabet is a set containing a finite number of symbols. Possible
alphabets for natural languages are the set of all phonemes or the set
of all words of a language. For these two choices one obtains formal
languages on different levels, but the mathematical principles are
the same. Without loss of generality, we can consider the binary
alphabet, {0,1}, by enumerating the actual alphabet in binary code.

A sentence is defined as a string of symbols. The set of all
sentences over the binary alphabet is {0,1,00,01,10,11,000,...}.
There are infinitely many sentences, as many as integers; the set of
all sentences is ‘countable’.

A language is a set of sentences. Among all possible sentences

An alphabet is a set of symbols:

are strings of symbols:
0,1,00,01,10,1,...

A language is a set of sentences:

A is a finite list of rules
defining a language.

S —> 0A B—> 1B
A—> 1A B —> OF
A—> 0B F—>¢

Figure 1 The basic objects of formal language theory are alphabets, sentences,
languages and grammars. Grammars consist of rewrite rules: a particular string can be
rewritten as another string. Such rules contain symbols of the alphabet (here 0 and 1),
and so-called ‘non-terminals’ (here S, A, B and F), and a null-element, e. The grammar
in this figure works as follows: each sentence begins with the symbol S. S is rewritten
as 0A. Now there are two choices: A can be rewritten as 1A or 0B. B can be rewritten as
1B or OF. F always goes to e. This grammar generates sentences of the form 01”010,
which means that every sentence begins with 0, followed by a sequence of m 1s,
followed by a 0, followed by a sequence of n 1s, followed by 0.
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some are part of the language and some are not. A finite language
contains a finite number of sentences. An infinite language contains
an infinite number of sentences. There are infinitely many finite
languages, as many as integers. There are infinitely many infinite
languages, as many as real numbers; they are not countable. Hence,
the set of all languages is not countable.

A grammar is a finite list of rules specifying a language. A grammar
is expressed in terms of ‘rewrite rules: a certain string can be
rewritten as another string. Strings contain elements of the alphabet
together with ‘non-terminals’, which are place holders. After iter-
ated application of the rewrite rules, the final string will only contain
symbols of the alphabet. Figures 1 and 2 give examples of grammars.

There are countably infinitely many grammars; any finite list of

Box 1
Statistical learning theory and other approaches

rewrite rules can be encoded by an integer. As there are uncountably
many languages, only a small subset of them can be described by a
grammar. These languages are called ‘computable’.

There is a correspondence between languages, grammars and
machines. ‘Regular’ languages are generated by finite-state gram-
mars, which are equivalent to finite-state automata. Finite-state
automata have a start, a finite number of intermediate states and a
finish. Whenever the machine jumps from one state to the next, it
emits an element of the alphabet. A particular run from start to
finish produces a sentence. There are many different runs from start
to finish, hence there are many different sentences. If a finite-state
machine contains at least one loop, then it can generate infinitely
many sentences. Finite-state automata accept all finite languages

Classical learning theory as formulated by Gold®® makes a number of
somewhat problematic assumptions: (1) the learner has to identify
the target language exactly; (2) the learner receives only positive
examples; (3) the learner has access to an arbitrarily large number of
examples; and (4) the learner is not limited by any consideration of
computational complexity. Assumptions (1) and (2) are restrictive:
relaxing these assumptions will enable particular learners to succeed
on larger sets of languages. Assumptions (3) and (4) are unrestrictive:
relaxing these assumptions will reduce the set of learnable
languages. In fact, each assumption has been removed in various
approaches to learning, but the essential conclusion remains the
same: no algorithm can learn an unrestricted set of languages.

Perhaps the most significant extension of the classical framework
is statistical learning theory®*2%. Here, the learner is required to
converge approximately to the right language with high probability.
Let us consider the following objects that play an important role in the
basic framework of statistical learning:

e | anguages and indicator functions. Let % be a set of languages.
Every language L of this set defines an indicator function 1,(s) that
takes the value 1 if a sentence s is in L and O otherwise.

e |inguistic examples. Linguistic examples are provided to the
learner according to some distribution P on the set of all sentences.
The learner receives both positive and negative examples.

e Distances between languages. The probability measure P has a
dual role. In addition to providing sentences, it also defines the
distance between two languages, d(L1,L2) = > ¢[11,(s) —

1L, (S)IP(S).

e | earnability. The criterion for learnability is specified as follows.
Assume some language L € % is the target language. The learner
receives a collection of positive and negative example sentences
according to the distribution P. On the basis of these empirical
data, the learner guesses a language Ly € & after N examples
have been received. The target L is said to be learnable if for all
e > 0the probability that the distance between L yand L is greater
than e convergesto0as N — co. As a consequence, there exists a
finite number of example sentences, such that the probability is
greater than 1 — & (where 6 is a small number) that the learner’s
current estimate is within an e-approximation of the target
language.

A deep result, originally due to Vapnik and Chervonenkis®* and
elaborated since, states that a set of languages is learnable if and
onlyifit has finite VC dimension. The VC dimension is a combinatorial
measure of the complexity of a set of languages. Thus if the set of
possible languages is completely arbitrary (and therefore has infinite
VC dimension), learning is not possible. It can be shown that the set
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of all regular languages (even the set of all finite languages) has
infinite VC dimension and hence cannot be learned by any
procedure in the framework of statistical learning theory. Subsets of
regular languages that are generated by finite-state automata with n
states, however, have finite VC dimension, and one can estimate
bounds on the number of sample sentences that are needed for
learning.

Statistical learning theory in the VC framework removes
assumption (1), (2) and (3) of the Gold framework: it does not ask for
convergence to exactly the right language, the learner receives
positive and negative examples, and the learning process has to end
after a certain number of examples. The theory provides bounds for
how many example sentences are needed to converge
approximately to the right language with high probability; this is the
concept of informational complexity.

Valiant?® also added considerations of computational complexity,
thereby removing assumption (4) of the Gold framework: the learner
is required to approximate the target grammar with high confidence
using an efficient algorithm. Consequently, there are sets of
languages that are learnable in principle (have finite VC dimension),
but no algorithm can do this in polynomial time. (Computer scientists
consider a problem ‘intractable’ if no algorithm can solve the
problem in polynomial time, which means in a number of time
steps that is proportional to the size of the input raised to some
power.)

Some other models of learning deserve mention. For example, in
one form of query-based learning, the learner is allowed to ask
whether a particular sentence is in the target language or not. In this
model, regular languages can be learned in polynomial time’?, but
context-free languages cannot”®. Other query-based models of
learning, with varying degrees of psychological plausibility, have
been considered, and none permit all languages to be learnable™.

Another model of learning follows the classical Gold framework
but only requires the learner to identify the target language on almost
all texts. Texts are assumed to be generated by a probabilistic
process, where sentences are drawn according to some measure p
on the target language. If the learner is to identify the target
grammar in a distribution free fashion (that is independent of p),
then the set of learnable languages is no larger than those that are
learnable in the classical Gold framework. If constraints are put on
the family of measures u then the set of learnable languages can
be enlarged. Such constraints act like a probabilistic form of
universal grammar.

In summary, all extensions of learning theory underline the
necessity of specific restrictions.
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and some infinite languages.

‘Context-free’ languages are generated by context-free grammars,
which can be implemented by push-down automata. These are
computers with a single memory stack: at any one time they have
only access to the top register of their memory.

‘Context-sensitive’ languages are generated by context-sensitive

Box 2
Language as mapping between sound and meaning

The mathematical formalism of language can be extended to
include aspects of communicative behaviour and performance. A
language can be seen as a (possibly infinite) matrix, L, that
specifies mappings between phonetic forms and semantic
forms that are ‘sound’ and ‘meaning’ insofar as they are
linguistically determined (see Box 2 figure). This matrix defines
linguistic competence. For evaluating communicative success,
we also need to describe linguistic performance. We assume
that the matrix, L, leads to a pair of matrices, P and Q,
determining speaking and hearing. The element p,f/- denotes the
probability for a speaker of L, to use sound j for encoding
meaning /. The element qu denotes the probability for a hearer to
decode soundj as meaning i. A language may not encode all
meanings and may not make use of all possible sounds.

Next, we introduce a measure, o, on the set of all meanings. Let
us denote by o, the probability that communication is about
meaning i. The measure, o, depends among other things on the
environment, behaviour and phenotype of the individuals. It also
defines which meanings are more relevant than others.

The probability that a speaker of L, generates a sound which is
understood by a hearer using L, is given by a, = 3 ;0i0;q;. The
communicative pay-off between L, and L, can be defined as
Fiy= %(au +ay). The intrinsic communicative pay-off of L, is
Fr=ay.

In this framework, communicative pay-off is a number between 0
and 1. A pay-off of less than 1 arises as a consequence of ambiguity
and poverty. Ambiguity, «, of language L, is the loss of
communicative capacity that arises if individual sounds are
linked to more than one meaning. Poverty, 8,, is the fraction of
meanings (measured by o) that are not part of L,. The
communicative capacity of L, can be written as Fj = (1 — o) X
1 —=8n.

Forlanguage acquisition we need a measure for the similarity, s,
between languages L, and L. A possibility is sy =
;010595 /301 denoting the probability that a sound
generated by a speaker of L is correctly interpreted by a hearer
using L. Inthis context, the similarity between L,and L ; declines
because of ambiguity, but not because of poverty. Ambiguity
implies that a learner holding the correct hypothesis might think
he is wrong and change his hypothesis. This has consequences
for the notion of consistent learning; a consistent learner does not
change his hypothesis if he already holds the correct hypothesis.

Phonetic representation
—_—

|

| -

Semantic representation
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grammars. For each of these languages there exists a Turing
machine, which can decide for every sentence whether it is part of
the language or not. A Turing machine embodies the theoretical
concept of a digital computer with infinite memory.

Computable languages are described by ‘phrase structure’ gram-
mars that have unrestricted rewrite rules. For each computable
language, there exists a Turing machine that can identify every
sentence that is part of the language. If, however, the Turing
machine receives as input a sentence which does not belong to the
language, then it might compute forever. Hence, the Turing
machine cannot always decide whether a sentence is part of the
language or not.

Figure 3 shows the Chomsky hierarchy: finite-state grammars are
a subset of context-free grammars, which are a subset of context-
sensitive grammars, which are a subset of phrase-structure gram-
mars, which are Turing complete.

With the introduction of the Chomsky hierarchy, there was some
interest in placing natural languages within this scheme. Natural
languages are infinite: it is not possible to imagine a finite list that
contains all English sentences. Furthermore, finite-state grammars
are inadequate for natural languages. Such grammars are unable to
represent long-range dependencies of the form ‘if... then’. The
string of words between ‘if” and ‘then’ could be arbitrarily long,
and could itself contain more paired if-then constructions. Such
pairings relate to rules that generate strings of the form 01", which
require context-free grammars (Fig. 2). There is a continuing debate
whether context-free grammars are adequate for natural languages,
or whether more complex grammars need to be evoked**".

The fundamental structures of natural languages are trees. The
nodes represent phrases that can be composed of other phrases in a
recursive manner. A tree is a ‘derivation’ of a sentence within the
rule system of a particular grammar. The interpretation of a
sentence depends on the underlying tree structure. Ambiguity arises
if more than one tree can be associated with a given sentence. One
can also define grammars that directly specify which trees are
acceptable for a given language. Much of modern syntactic theory

Finite state Context free Context sensitive
S —» 0S S —» 0AS2
S —A S —» 012
A—> 1A - A0 —> 0A
A—>c¢ Al —> 11

L =0mn [B=1021222

Figure 2 Three grammars and their corresponding languages. Finite-state grammars
have rewrite rules of the form: a single non-terminal (on the left) is rewritten as a single
terminal possibly followed by a non-terminal (on the right). The finite-state grammar, in
this figure, generates the regular language 0™1"; a valid sentence is any sequence of
0s followed by any sequence of 1s. A context-free grammar admits rewrite rules of the
form: a single non-terminal is rewritten as an arbitrary string of terminals and non-
terminals. The context-free grammar in this figure generates the language 0"1": a valid
sentence is a sequence of Os followed by the same number of 1s. There is no finite-
state grammar that could generate this language. A context-sensitive grammar admits
rewrite rules of the form aAB — ay(. Here o, 8 and  are strings of terminals and
non-terminals. Although « and 3 may be empty, v must be non-empty. The important
restriction on rewrite rules of context-sensitive grammars is that the complete string on
the right must be at least as long as the complete string on the left. The context-
sensitive grammar, in this figure, generates the language 0"172". There is no context-
free grammar that could generate this language.
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deals with such grammars® >, which are, of course, also part of the

Chomsky hierarchy, and the results of learning theory, to be
discussed now, apply to them.

Learning is inductive inference. The learner is presented with data
and has to infer the rules that generate these data. The difference
between ‘learning’ and ‘memorization’ is the ability to generalize
beyond one’s own experience to novel circumstances. In the context
of language, the child will generalize to novel sentences never heard
before. Any person can produce and understand sentences that are
not part of his previous linguistic experience. Learning theory
describes the mathematics of learning with the aim of outlining
conditions for successful generalization.

Children learn their native language by hearing grammatical sen-
tences from their parents or others. From this ‘environmental input),
children construct an internal representation of the underlying
grammar. Children are not told the grammatical rules. Neither
children nor adults are ever aware of the grammatical rules that
specify their own language.

Chomsky pointed out that the environmental input available to
the child does not uniquely specify the grammatical rules®. This
phenomenon is known as ‘poverty of stimulus®®. “The paradox of
language acquisition’ is that children of the same speech community
reliably grow up to speak the same language®. The proposed
solution is that children learn the correct grammar by choosing
from a restricted set of candidate grammars. The ‘theory’ of this
restricted set is ‘universal grammar’ (UG). Formally, UG is not a
grammar, but a theory of a collection of grammars.

The concept of an innate, genetically determined UG was con-
troversial when introduced some 40 years ago and has remained so.
The mathematical approach of learning theory, however, can
explain in what sense UG is a logical necessity.

Context

sensitive .
Finite state

Universal
grammar )

Figure 3 The Chomsky hierarchy and the logical necessity of universal grammar.
Finite-state grammars are a subset of context-free grammars, which are a subset of
context-sensitive grammars, which are a subset of phrase-structure grammars, which
represent all possible grammars. Natural languages are considered to be more
powerful than regular languages. The crucial result of learning theory is that there
exists no procedure that could learn an unrestricted set of languages; in most
approaches, even the class of regular languages is not learnable. The human brain has
a procedure for learning language, but this procedure can only learn a restricted set of
languages. Universal grammar is the theory of this restricted set.
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Imagine a speaker—hearer pair. The speaker uses grammar, G, to
construct sentences of language L. The hearer receives sentences and
should after some time be able to use grammar G to construct other
sentences of L. Mathematically speaking, the hearer is described by
an algorithm (or more generally, a function), A, which takes a list of
sentences as input and generates a language as output.

Let us introduce the notion of a ‘text’ as a list of sentences.
Specifically, text T of language L is an infinite list of sentences of L
with each sentence of L occurring at least once. Text Ty contains the
first N sentences of T. We say that language L is learnable by
algorithm A if for each T of L there exists a number M such that
for all N > M we have A(Ty) = L. This means that, given enough
sentences as input, the algorithm will provide the correct language
as output.

Furthermore, a set of languages is learnable by an algorithm if
each language of this set is learnable. We are interested in what set of
languages, ¥ = {L,L,,..}, can be learned by a given algorithm.

A key result of learning theory, Gold’s theorem®, implies there
exists no algorithm that can learn the set of regular languages. As a
consequence, no algorithm can learn a set of languages that contains
the set of regular languages, such as the set of context-free languages,
context-sensitive languages or computable languages.

Gold’s theorem formally states there exists no algorithm that can
learn a set of ‘super-finite’ languages. Such a set includes all finite
languages and at least one infinite language. Intuitively, if the learner
infers that the target language is an infinite language, whereas the
actual target language is a finite language that is contained in the
infinite language, then the learner will not encounter any contra-
dicting evidence, and will never converge onto the correct language.
This result holds in greatest possible generality: ‘algorithm’ here
includes any function from text to language.

A common criticism of Gold’s framework is that the learner has to
identify exactly the right language. For practical purposes, it might
be sufficient that the learner acquires a grammar that is almost
correct. Box 1 explains various extensions of the Gold framework,
and in particular the approach of statistical learning theory. Here,
the crucial requirement is that the learner converges with high
probability to a language that is almost correct. Statistical learning
theory also shows there is no procedure that can learn the set of all
regular languages, thereby confirming the necessity of an innate UG.
Some learning theories provide more information for the learner
and thus allow larger classes of languages to be learnable, but no
learning theory admits an unrestricted search space.

Some readers might think that the arguments of learning theory rely
on subtle properties of infinite languages. Let us therefore consider
finite languages. In the context of statistical learning theory, the set
of all finite languages cannot be learned. In the Gold framework, the
set of all finite languages can be learned, but only by memorization:
the learner will identify the correct language only after having heard
all sentences of this language. A learner that considers the set of all
finite languages has no possibility for generalization: the learner can
never extrapolate beyond the sentences he has already encountered.
This is not the case for natural language acquisition: we can always
say new sentences.

Let us consider a finite set of finite languages. Suppose there are 3
sentences, S|, S, S3. Hence there are 8 possible languages. Suppose
learner A considers all 8 languages, while learner B considers only 2
languages, for example L, = {S}, S,} and L, = {Ss}. If learner A
receives sentence S, he has no information whether sentences S, or
S will be part of the target language or not. He can only identify the
target language after having heard all sentences. If learner B receives
sentence S| he knows that S, will be part of the language, whereas S;
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will not. He can extrapolate beyond his experience. The ability to
search for underlying rules requires a restricted search space.

We can now state in what sense there has to be an innate UG. The
human brain is equipped with a learning algorithm, Ay, which
enables us to learn certain languages. This algorithm can learn each
of the existing 6,000 human languages and presumably many more,
but it is impossible that A could learn every computable language.
Hence, there is a restricted set of languages that can be learned by
Ay. UG is the theory of this restricted set.

Learning theory suggests that a restricted search space has to exist
before data. By ‘data’ we mean linguistic or other information the
child uses to learn language or modify its language acquisition
procedure. Therefore, in our terminology, ‘before data’ is equivalent
to ‘innate’. In this sense, learning theory shows there must be an
innate UG, which is a consequence of the particular learning
algorithm, Ay, used by humans. Discovering properties of Ay
requires the empirical study of neurobiological and cognitive
functions of the human brain involved in language acquisition.
Some aspects of UG, however, might be unveiled by studying
common features of existing human languages. This has been a
major goal of linguistic research during the past decades. A
particular approach is the ‘principles and parameters theory),
which assumes that the child comes equipped with innate principles
and has to set parameters that are specific for individual
languages®™*. Another approach is ‘optimality theory’, where learn-
ing a specific language is ordering innate constraints*’.

There is some discourse as to whether the learning mechanism,
Ay, is language specific or general purpose*'. Ultimately this is a
question about the particular architecture of the brain and which
neurons participate in which computations, but one cannot deny
that there is a learning mechanism, Ay, that operates on linguistic
input and enables the child to learn the rules of human language.
This mechanism can learn a restricted set of languages; the theory of
this set is UG. The continuing debate around an innate UG should
not be whether there is one, but what form it takes***. One can
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Figure 4 Linguistic coherence evolves if universal grammar (UG) is sufficiently specific.
The figure shows equilibrium solutions of the language dynamical equation. Linguistic
coherence, ¢, is the probability that one individual says a sentence that is understood
by another individual. UG specifies n candidate grammars. The similarity between any
two candidate grammars, s ;, is a random number from a uniform distribution on [0, 1].
The language acquisition device is a memoryless learner receiving N = 100 example
sentences. For n > 30, all candidate grammars are represented in the population with
similar frequencies; the linguistic coherence, ¢, is about 1/2, which means complete
randomness. For n < 30 the equilibrium is dominated by a single grammar. For each
value of n there can be multiple equilibria dominated by different grammars. The
equilibrium that is reached depends on the initial condition. Coherence is required for
adaptation of language and selection of UG for linguistic function.
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dispute individual linguistic universals***, but one cannot generally
deny their existence.

Neural networks are an important tool for modelling the neural
mechanisms of language acquisition. The results of learning theory
also apply to neural networks: no neural network can learn an
unrestricted set of languages*.

Sometimes it is claimed that the logical arguments for an innate
UG rest on particular mathematical assumptions of generative
grammars that deal only with syntax and not with semantics.
Cognitive*”*® and functional linguistics* are not based on formal
language theory, but use psychological objects such as symbols,
categories, schemas and images. This does not remove the necessity
of innate restrictions. The results of learning theory apply to any
learning process, where a ‘rule’ has to be learned from some
examples. Generalization is an inherent feature of any model of
language acquisition, and applies to semantics, syntax and pho-
netics. Any procedure for successful generalization has to choose
from a restricted range of hypotheses.

The results of learning theory also apply to learning mappings
between linguistic form and meaning. If meaning is to be explicitly
considered, then a language is not a set of sentences, but a set of
sentence-meaning pairs (Box 2). The task of language acquisition is
then to learn grammars that generate sentence-meaning pairs. Such
grammars are also part of the Chomsky hierarchy, and there exists
no learning procedure that can succeed on an unrestricted set of
such languages.

Usually when we learn the grammar of generative systems, such as
chess or arithmetic, somebody tells us the rules. We do not have to
guess the moves of chess by looking at chess games. In contrast, the
process of language acquisition occurs without being instructed
about rules; neither teachers nor learners are aware of the rules. This
is an important difference: if the learner is told the grammar of a
language, then the set of all computable languages is learnable by an
algorithm that memorizes the rules.

a Time_

UG,
/
— o, — [ —

/‘\

b Time

Figure 5 Two aspects of language evolution. a, There is a biological evolution of
universal grammar (UG) via genetic modifications that affect the architecture of the
human brain and the class of languages it can learn. UG can change as a consequence
of (1) random variation (neutral evolution), (2) as a by-product of selection for other
cognitive function or (3) under selection for language acquisition and communication. At
some point in the evolutionary history of humans, a UG arose that allowed languages
with infinite expressibility. b, On a faster timescale, there is cultural evolution of
language constrained by a constant UG. Languages change by (1) random variation, (2)
by contact with other languages (red arrow), (3) by hitch-hiking on other cultural
inventions, or (4) by selection for increased learnability and communication. Although
many language changes in historical linguistics might be neutral, a global picture of
language evolution must include selection.
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Humans and chimpanzees separated some 5 million years ago.
Chimpanzees have a complex system of conceptual understanding
and rich social interactions, but they do not have communication
comparable to human language. The central question of the origin
of human language is which genetic modifications led to changes in
brain structures that were decisive for human language. Given the
enormous complexity of this trait, we should expect several incre-
mental steps guided by natural selection. In this process, evolution
will have reused cognitive features that evolved long ago and for
other purposes.

Understanding language evolution requires a theoretical frame-
work explaining how darwinian dynamics lead to fundamental
properties of human language such as arbitrary signs, lexicons,
syntax and grammar®*®>. Here we outline a minimalist program
combining formal language theory, learning theory and evolution-
ary theory.

The basic approach is similar to evolutionary game theory. There
is a population of individuals. Each individual uses a particular
language. Individuals talk to each other. Successful communication
results in a pay-off that contributes to fitness. Offspring inherit—
subject to mutations—a mechanism to learn language and a UG.
They use this mechanism to learn—subject to mistakes—the
language of their parents or others.

From a biological perspective, language is not the property of an
individual, but the extended phenotype of a population. Let us
consider a population where all individuals have the same UG, and
let us assume that UG does not change from one generation to the
next. Suppose that (in accordance with principles and parameters
theory or optimality theory) UG specifies a finite number of
languages L;,..L,. Each individual in the population will speak
one of those n languages.

We need a model of language that allows us to calculate the
communicative pay-off, F;, for an individual using L, talking to an
individual using L;. Box 2 outlines a fairly general approach, based
on the assumption that a language can be seen as an infinite binary
matrix linking phonetic forms to semantic forms. The languages, L,
can differ in their intrinsic communicative pay-off, F;, which
depends on ambiguity and expressive power. Some languages
could be finite, others infinite.

Denote by x; the relative abundance of speakers of L;. The fitness
of L; is given by f; = >_" x;F;. Individuals leave offspring pro-
portional to their pay-off.l The probability that a child will develop
L; if the parent uses L; is given by Q;;. The ‘learning matrix, Q,
depends on the learning algorithm and UG. The language dynami-
cal equation® is given by:

dyy ¢

ST fo<x>o,jxi — ¢y j=1,.,n M
pn

The term —¢(x)x; ensures that > ix;=1. The variable

@é(x) =Y _.fi(x)x; denotes the average fitness of the population,

and is a measure for linguistic coherence. The dynamics can also

be interpreted in a purely cultural sense: individuals that commu-

nicate successfully are more likely to influence language acquisition

of others. Equation (1) describes selection of languages for increased

communicative function, F;, and increased learnability, Q;;.

For low accuracy of language acquisition, when Q is far from the
identity matrix, there is no predominating language in the popu-
lation, and the linguistic coherence is low. As the accuracy of
language acquisition increases, and Q gets closer to the identity
matrix, equilibrium solutions arise where a particular language is
more abundant than others. The population has achieved linguistic
coherence. The ‘coherence threshold’ specifies the minimum speci-
ficity of UG that is required for linguistic coherence (Fig. 4).
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For certain learning mechanisms we can calculate the coherence
threshold. The ‘memoryless learner’ starts with a randomly chosen
language and stays with it as long as the input sentences are
compatible with this language. If a sentence arrives that is not
compatible, then the learner picks at random another language. The
learner does not memorize which languages have already been
rejected. The process stops after N sentences. Another mechanism
is the ‘batch learner’, which memorizes N sentences, and at the end
chooses the language that is most compatible with all N sentences.

If the similarity coefficients between languages, s; (Box 2), are
constant, s; =s and s; = 1, then the memoryless learner has a
coherence threshold N > C,n, whereas the batch learner has a
coherence threshold N > C,logn. If the s;; values are taken from
a uniform random distribution on the interval [0, 1] and if s;; = 1,
then the memoryless learner has a coherence threshold
N > Csnlogn, whereas the batch learner has a coherence threshold
N > Cyn (refs 63, 64). C,; to C4 are some constants. These
conditions provide boundaries for the actual learning mechanism
used by humans, which is arguably better than the memoryless
learner and worse than the batch learner. The coherence threshold
relates a life-history parameter of humans, N, to the maximum size
of the search space, n, of UG.

Evolution of UG requires variation of UG. (UG is in fact neither a
grammar nor universal.) Imagine a population of individuals using
UGs U, to Uy. Each U; admits a subset of n grammars and
determines a particular learning matrix Q”. U; mutates genetically
to U; with probability Wp;. Deterministic population dynamics are
given by:

de; & : .
E:;WI];fIiQ{jxﬂ_d)xﬁ j=L.n J=1L..M ()

This equation describes mutation and selection among M differ-
ent universal grammars. The relative abundance of individuals with
UG U, speaking language L;is given by x j;. At present little is known
about the behaviour of this system. In the limit of no mutation
among UGs, Wj; = 1, we find that the selective dynamics often lead
to the elimination of all but one UG, but sometimes coexistence of
different UGs can be observed. Equation (2) describes two processes
on different timescales: the biological evolution of UG and the
cultural evolution of language (Fig. 5).

The ability to induce a coherent language is a major selective
criterion for UG. A UG that induces linguistic coherence allows
language adaptation and can be selected for linguistic function.
There is also a trade-off between learnability and adaptability: a
small search space (small 7) is more likely to lead to linguistic
coherence, but might exclude languages with high communicative
pay-off.

Because the necessity of a restricted search space applies to any
learning task, we can use an extended concept of UG for animal
communication. During primate evolution, there was a succession
of UGs that finally led to the UG of currently living humans. At
some point a UG emerged that allowed languages of unlimited
expressibility. Such evolutionary dynamics are described by
equation (2).

The language dynamical equation (1) can be used to study language
change in the context of historical linguistics®>**. Languages change
because the transmission from one generation to the next is not
perfect. UG limits the type of variation that can occur. In the context
of the principles-and-parameters theory, changes in syntax arise
because children acquire different parameter settings®. Grammati-
calization® is the process where lexical items take on grammatical
function. Creolization is the formation of a new language by
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children receiving mixed input’®’'. All such language changes can be
studied mathematically. Many language changes are selectively
neutral. Hence, we can use a neutral version of our approach
possibly in conjunction with small population sizes and stochastic
and spatial population dynamics. These are open problems.

We have reviewed mathematical descriptions of language on three
different levels: formal language theory, learning theory and evol-
ution. These approaches need to be combined: ideas of language
should be discussed in the context of acquisition, and ideas of
acquisition in the context of evolution.

Some theoretical questions are: what is the interplay between the
biological evolution of UG and the cultural evolution of language?
What is the mechanism for adaptation among the various languages
generated by a given UG? In terms of the principles-and-parameters
theory, can we estimate the maximum number of parameters
compatible with the coherence threshold? Some empirical questions
are: what is the actual language learning algorithm used by humans?
What are the restrictions imposed by UG? Can we identify genes
that are crucial for linguistic or other cognitive functions? What can
we say about the evolution of those genes?

The study of language as a biological phenomenon will bring
together people from many disciplines including linguistics, cogni-
tive science, psychology, genetics, animal behaviour, evolutionary
biology, neurobiology and computer science. Fortunately we have
language to talk to each other. O

doi:10.1038/nature00771.
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