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The workshop venue is 'Drift 21', room 'Sweelinckzaal', indicated on the map with the red arrow.

The other workshops and the opening ceremony take place in the 'Academiegebouw’, indicated at
the bottom right of the map. This is only a short walk away.

The central station is at the bottom left, also walking distance. Bus 11 to the university campus has
a stop at the 'Janskerkhof', a few steps from the workshop venue.



Models of Language Evolution:

Does the Math Add Up?

Bart de Boer
Willem Zuidema
{b.g.deboer, w.h.zuidema}@uva.nl

1 — Introduction

The last two decades have seen an explosion of interest in mathematical and computa-
tional models of language evolution. Formal modelling is seen by increasingly many in
the field as an approach that ensures internal consistency of evolutionary scenarios.
However, there has been little attention to the question of how well the many different
models fit together. Are they consistent with and complementary to each other? Is there
a series of models that really covers the evolutionary emergence of modern language
from a prelinguistic, ancestral state? Are the assumptions that go into a particular
model, if not (yet) supported by empirical findings, made plausible by results from other
models?

In this paper, we argue that these problems deserve much more attention than they
currently receive. For sustaining the success of modelling approaches in language evolu-
tion research, it is crucial that models start living up to their promise: modellers must
make explicit how their models fit in with other work in complete scenarios on the ori-
gins of language(s), and how their modelling results affect judgments of plausibility of
one scenario against another. Moreover, they must do so based on careful consideration
of other work, without overstating their results and misusing the prestige that comes
with mathematical approaches.

Our arguments are based on a particular view on the role of modelling in scientific
research in general, and in “historical” research fields with a paucity of direct evidence
in particular. In section 2, we will therefore start with some considerations about the
methodology of modelling in our field. To ground the discussion, however, we will
quickly move to concrete examples. In section 3 we will discuss the contributions and
shortcomings of models of the evolution of speech. In section 4 we will then draw some
general lessons from this case study, and sketch an agenda for future research in the
language evolution modelling field at large.

2 — Modelling methodology

From the great many distinctions one can make between different model studies, there
are three particularly useful ones that also allow us to establish some common terminol-
ogy and formulate the goals of this paper. The first is a distinction based on function,
between predictive models and explanatory models (Gilbert & Troitzsch, 2005). Predic-
tive models try to model a system as accurately as possible, and to make accurate predic-



tions about the real system’s behaviour, as in weather forecasts for example. Predictive
models can also be used to reconstruct behaviour in the past, and could for example be
used in reconstructing the spread of language families or of particular instances of lan-
guage change (e.g., Landsbergen, 2009). Explanatory models, in contrast, aim to increase
insight in a phenomenon. Explanatory models are generally much more abstract and
further removed from reality than predictive models. The phenomenon under study is
not modelled in all its detail, but instead only its essentials are modelled. Crucially, what
counts as ‘essential’ very much depends on the research question, and simplifications
that are appropriate for one question can be totally indefensible for another. Good ex-
planatory models, moreover, explain the phenomenon of interest in terms of lower-level
phenomena that can, at least in principle, be independently motivated (models that sim-
ply reproduce the phenomenon of interest without providing such an explanation are
sometimes called phenomenological models).

The second important distinction is one based on form, between mathematical and
computational models. The distinction is not always strict, but mathematical models
tend to be the most abstract and to strip down phenomena to their barest essentials.
Typically (but not exclusively), mathematical modelling papers provide both a formal-
ization of a phenomenon (e.g., using matrix algebra, logic, differential equations) and
proofs about properties of the formal system. Such proofs are, by definition, universally
valid and allow inferences about specific cases (deduction), although the simplifications
necessary to arrive at a proof often greatly limit the applicability.

Computational models tend to be much more concrete and complex. Phenomena are
formalized in a programming language, and the resulting programs studied experimen-
tally. From different runs with different parameter settings, the modeller tries to infer
general properties of the formal system (induction). The programs can be very complex,
allowing for models with fewer abstractions but often barring analytic proofs. In some
cases, computational models are used to investigate versions of a mathematical model
that are too complicated to study analytically (including numerical models, that are de-
fined algebraically but studied using numerical methods on the computer).

A third major distinction concerns the validation of models: we distinguish between
internal validation and external validation. Internal validation is about demonstrating
that the phenomenon of interest indeed follows from the stated assumptions, and
mathematical proof provides its most powerful form. This is much harder to achieve
with computer models, although extensive testing and systematic exploration of the pa-
rameter space of a computational model can lead to a great degree of confidence. Exter-
nal validation is about checking whether the stated and unstated assumptions are sup-
ported by empirical evidence, or by the outcome of other, independent models, and
whether the model’s predictions are confirmed in the real world. As computational
models are often formulated in more concrete terms, it tends to be easier to achieve ex-
ternal validation.

In this paper, we are mainly concerned with the external validation of explanatory
models, which in all cases requires an interpretative step: explanatory models have, by
definition, abstracted away many details of the phenomenon of interests, making it a
matter of judgment whether abstractly formulated assumptions and prediction are sup-
ported by concrete evidence. In historical research fields such as the origins of language
(and likewise, the origins of life or the universe), external validation is further compli-
cated by the fact that there is little direct evidence about which assumptions and predic-



tions are valid. External validation is thus only achievable by model sequencing: assump-
tions and prediction of any particular model are validated mainly by results from other
models, and only at various points in a string of models do empirical results come into
play.

Moreover, because this field deals with complicated phenomenon for which the ap-

propriate simplifications haven’t been established yet, modelling research should em-
ploy model parallelisation: for any particular phenomenon, researchers should develop
multiple formalisations, compare results and relate observed differences to explicit and
implicit assumptions embodied in these alternative models. Hence, modellers in lan-
guage origins research must - much more than is currently practiced - work out rela-
tions between different models, whether they stand in sequence or in parallel to each
other.
These observations may seem straightforward to many readers, but we find that much
modelling work suffers from lack of clarity on these conceptual foundations. In the fol-
lowing section we will further explore our methodological points in the context of mod-
els of the evolution of speech, which, whilst home to some great controversies, provides
a good case study as it has an abundance of easily interpretable data and a strong mod-
elling tradition.

3 — The evolution of speech and repertoires of phonemes

When studying the evolution of speech in relation to the evolution of language, the fo-
cus is usually on the differences between modern humans and the hypothetical latest
common ancestor (henceforth, LCA) of humans, chimpanzees and bonobos. The vocal
abilities of the LCA are inferred from the abilities that humans, chimpanzees and other
apes share or do not share. From such comparisons, it can be derived that the LCA had a
repertoire of calls for communicative purposes, and therefore a limited ability to modu-
late the vocal tract. However, it most likely had a vocal anatomy more comparable to
that of chimpanzees and vocal cords comparable to those of chimpanzees and gorillas.
The LCA did not, it seems, have modern human’s descended larynx, it had less volun-
tary control over breathing (MacLarnon & Hewitt, 1999) and probably did have supra-
laryngeal air sacs. As all modern apes only have limited voluntary control over their vo-
calizations, only learn their vocalizations to a very limited extent and lack internal (com-
binatorial) structure in their calls, it can be assumed that this was also the case for the
LCA.

Modern humans, on the other hand, do have a descended larynx, have voluntary
control over speech (but much less so over emotional utterances), and have a large
learned repertoire of linguistic utterances. Moreover, those utterances have complex in-
ternal structure that is used productively, and there are regularities in the repertoires of
speech sounds that humans use (the phonological universals). The challenge for research
of the evolution of speech is to give an account of how the modern phenotype evolved
from the LCA’s phenotype: i.e., how did the descended larynx, voluntary control, vocal
learning, combinatorial phonology and phonological universals evolve? A key issue
here is to what extent the evolutionary changes should be considered adaptations for
language, or to what extent they evolved for other reasons.



Computer models (and to some extent mathematical models) have been used for a
long time to investigate such issues - but in the existing literature (as reviewed in de
Boer, 2005; de Boer & Fitch, in press) there are some striking gaps in the range of topics
considered and some disturbing confusions about the role of various models. The most
studied topics are the evolution of the vocal tract (Lieberman & Crelin, 1971; Boé et al.,
2002; de Boer, 2009) and the emergence of phonological universals (de Boer, 2000b; Oud-
eyer, 2005; Zuidema & de Boer, 2009); the evolution of voluntary control, vocal learning
and combinatoriality have received much less attention in the modelling literature, and
the issue of how models of these different aspects fit together has been almost com-
pletely ignored.

Starting point for many models of how speech evolved are models of how speech
perception and production works in human adults. Surveying the literature, we quickly
find that many models that have been developed for the study of human speech are not
necessarily directly usable in the study of the evolution of speech. Illustrative examples
from modelling the acoustic production of speech are the 3-parameter model (Stevens &
House, 1955; Fant, 1960), the couple mass-spring model (Dudgeon, 1970; Ishizaka &
Flanagan, 1972) of the vocal cords and the source-filter model of speech production
(Fant, 1960). These are simplified, explanatory models of the human vocal tract, the hu-
man vocal cords and the (lack of) interaction between the human vocal cords and the
vocal tract, respectively.

These models are well established in phonetics, and provide valuable insights in the
process of speech production. However, researchers in the evolution of speech cannot
simply reuse these models to represent properties of vocal tracts of our evolutionary an-
cestors or of other species (see the discussion about Riede et al., 2005 in Lieberman,
2006); doing so is misunderstanding the explanatory nature of the existing models, that
involved simplifications which were very helpful for understanding speech production
but are specific to human adult vocal tracts. It is, in fact, unlikely that ape-like vocal
tracts can make the deformations of the vocal tract that are assumed by the 4-tube
model, and it is clear that the acoustic effects of supralaryngeal air sacs are not captured
by it. It is further unknown whether chimpanzee-like vocal cords work in the same way
as human vocal cords, and whether in chimpanzee-like vocalizations the vocal cords can
really be considered acoustically independent of the vocal tract. Simplifications made in
building these models must thus be re-evaluated in the light of what is known about ape
and fossil vocal anatomy.

A second problem with existing models of the evolution of speech anatomy
concerns its relation to models of the biological and cultural evolution of communica-
tion, i.e., with external validation through model sequencing. Even if we could establish
a sequence of vocal tracts, leading from ape-like to human-like shapes in gradual steps,
that in itself, although an important step, would not provide an evolutionary explana-
tion. As we and others argued elsewhere (e.g., Parker & Maynard Smith, 1990; Zuidema
& de Boer, 2003, 2009), evolutionary explanations must provide a “path of ever increas-
ing fitness’, where every new variant provides a fitness advantage in a population
where the previous variant is still common. In the case of vocal tract evolution, it is un-
clear what the appropriate fitness function is. Existing models tend to assume that it is a
simple function of the size of the acoustic space allowed by a particular vocal tract con-
figuration. But fitness due to speech must be a function of how well an individual com-
municates with others in a population, which in turn depends on the communication



system the population uses. However, the relation between the repertoire of speech
sounds that emerges in a population and the anatomical and neurocognitive features of
individuals is far from trivial.

Models that study the emergence of such repertoires have focused on vowel inven-
tories, and on a role for self-organization in shaping them (Glotin, 1995; Berrah &
Laboissiére, 1999; de Boer, 2000a; Oudeyer, 2005), given constraints on the vowel space
formalised by existing models of vowel perception and production. This group of mod-
els is a good example of model parallelization: different models all show the emergence
of similar phenomena. They are not a good example of model sequencing, however: al-
though these models have yielded a beautiful connection between empirical data on
vowel systems and biophysical constraints, it is clear that they only scratch the surface of
the full set of phonological universals: they have, for instance, little to say about conso-
nants, syllable-structure or supra-segmental speech patterns.

Ultimately, the connection between phonology and anatomical and neurocognitive
features needs to become clear to allow us to evaluate particular scenarios of the evolu-
tion of speech. However, despite the progress in modelling vocal tract evolution and
vowel universals, we're still quite far from a model-based understanding of the evolu-
tion of speech. In the required sequence of explanatory models we still observe, for a va-
riety of reasons, many gaps.

One reason is that, when addressing these more complex issues, the limits of what is
at present possible with computer models are reached quickly. It is then tempting to use
high-level abstractions (such as distinctive features, constraints and rule-based phono-
logical explanations). However, making use of such abstractions, which have after all
been derived for description of modern human language, and are in general not based
on direct observation of neurocognitive mechanisms, incurs the risk of implicitly includ-
ing the phenomena to be explained in the model - and thus resorting to phenomenol-
ogical rather than explanatory modelling. For example, from typological studies it is
known which consonants are unusual (for example uvular plosive [q]) and which are
common (for example velar plosive [k]), but there is no language-independent biophysi-
cal and neurocognitive model that reliably predicts which articulations are more diffi-
cult to produce than others. Thus research into more complex aspects of speech is not
only hampered by the computational complexity of such models, but also by our lack of
knowledge about the underlying phenomena.

Likewise, we have no models of the evolution of the vocal cords. Although there are
many models for human vocal cords (Dudgeon, 1970; Ishizaka & Flanagan, 1972; Titze,
1973, 1974, 2008) and some models of the interaction between the vocal cords and the
vocal tract (Flanagan & Meinhart, 1964; Titze, 2002, 2008) as far as we are aware, no
models exist of either chimpanzee vocal cords or of hypothetical ancestral vocal cords.
This has undoubtedly to do with the lack of anatomical data (although some has re-
cently been presented Demolin & Delvaux, 2006) but also with the fact that vocal cords
(and their interaction with the vocal tract) are much more difficult to model than the
acoustics of the vocal tract itself.

Another reason is that in spite of much parallel modelling effort, in some domains
no consensus is reached. There is, for example strong controversy in the study of the ar-
ticulatory abilities of Neanderthals and the role of modern human vocal anatomy (with
its descended larynx). In this debate, Lieberman (Lieberman & Crelin, 1971) and Carré et
al. (Carré et al., 1995) propose that vocal anatomy has evolved for speech, while Boé et al.



(2002) propose that it has not evolved for speech, because (neural) control is more im-
portant. They reach opposite conclusions, even though they use very similar modelling
techniques. The debate has lead to a rather heated exchange (Boé et al., 2007; Lieberman,
2007).

Finally, some topics seem to be simply overlooked. For instance, important innova-
tions in the cognitive adaptations for using speech that occurred between the LCA and
modern humans have not been addressed by modelling. These include the ability to pro-
ductively use combinatorial structure of speech and the (related) ability to learn large
sets of complex utterances. Such models would be quite complex computationally, but
their results might be transferable to other aspects of language, most notably syntax. Af-
ter all, it has been proposed that the sequential processing and learning that are neces-
sary for using syntax are based on adaptations for the sequential processing and learn-
ing mechanisms that are necessary for using combinatorial utterances (Carstairs-
McCarthy, 1999).

Given these gaps in our understanding of the evolution of speech, the possibilities
for external validation are at present limited and we should guard against over-
interpreting modelling results. A case in point is the reception of Nowak et al. (1999),
who presented an information-theoretic model and a mathematical proof of the condi-
tions for combinatorial coding to have a fitness advantage. This proof is an elegant ex-
ample of internal validation. The model fits into a larger research program in which a
number of proofs of mathematical models related to the evolution of language have
been presented in high-profile publications (Nowak & Krakauer, 1999; Nowak et al.,
2001, 2002). These models have been interpreted by other researchers as having
“...demonstrated the evolvability of the most striking features of language...” (Pinker,
2000). However this confuses internal validation (the models are internally consistent)
with external validation (the models correspond to reality). The latter is unfortunately
far from established, given the many simplifying assumptions in Nowak et al.’s (Nowak
et al., 1999) model, as we have pointed out elsewhere (Zuidema & de Boer, 2009).

4 — Conclusions

There are a number of lessons we would like to be drawn from our analysis of the state-
of-the-art of language evolution modelling. First of all, it seems modellers should pay
more attention to how their models relate to other models, and how they fit into particu-
lar scenarios. Although most papers on modelling the evolution of language do a good
job at internal validation and at crediting other researchers” work, authors do not often
make explicit which scenario they feel their model fits in and in what way their model
provides external validation for other models or how other models provide it for theirs.
Second, we note that there is no lack of models and no lack of data, but there is a
rather uneven distribution of modelling effort over relevant questions. It is perhaps not
surprising that (as in other fields of scientific inquiry) the majority of papers are concen-
trated around the easiest questions. Understandable as this is, we have now reached a
stage where we should also attempt to tackle the more difficult questions, and consider
carefully whether a collection of models together constitute a convincing scenario.
Papers presenting ‘verbal’, complete scenarios can be very useful in structuring such
a research program — even if we agree that one should be careful with papers that pre-



sent scenarios of complex historical processes such as the evolution of language (it is all
too easy to resort to speculation and wishful thinking). Jackendoff (2002) is one of the
few authors who provides a rather detailed scenario that may provide a useful frame-
work; the research field would benefit if more authors would provide a sketch of such a
scenario with their work and describe how they feel their work and previous work fits
in the scenario. This may help to identify the areas of language evolution that are rela-
tively well-understood and well-studied and areas that are still terra incognita.

In Jackendoff’s theory, a number of major transitions occurred in the evolution of
language that correspond to major design features of natural language. He views,
among others, an open learned vocabulary, a combinatorial phonological system, a
compositional semantics, hierarchical phrase-structure and a system of syntactic catego-
ries to convey semantic relations as crucial innovations in the evolution of human lan-
guage from an ancestral primate communication system. Of those five, only combinato-
rial phonology and compositional semantics have been addressed by multiple, parallel
modelling studies.

Jackendoff’s scenario is not the final word on language evolution, of course. It lacks
attention for the communicative setting in which language evolved, for the possible se-
lective advantages it offered, and to whom, and for the question why languages are so
diverse and continue to change. Evolutionary biology offers many models of the evolu-
tion of altruistic traits and communication, but the relation between such models and
models of the evolution of other aspects of natural language have not received much at-
tention. Likewise, sociolinguistics and (formal) pragmatics offer many ideas about the
function of language and language variation, and about the question who benefits. Also
their relation to models of the evolution of language’s design features remain underex-
plored.

From these considerations and those presented earlier in this paper, we can compose
a list of key challenges for language evolution modelling that we hope will be addressed
in the next few years. We present such a list in table 1; if these challenges — on the evo-
lution of particular traits studied in the traditional subfields of linguistics and the rela-
tion to the human phenotype more broadly — are taken up by the field, we should have
in a few years several models for each issue in parallel, as well as a set of models that in
sequence really speak to the plausibility of a particular scenario. Only then are we ap-
proaching external validation of explanatory models of language evolution, and is the mod-
elling approach really proving its worth to the language evolution field at large.



Table 1: Key open challenges in language evolution modelling
Phonetics & phonology:

1. Modelling the evolution of the human vocal cords;

2. Modelling the evolution of human-like (combinatorial) phonology: conso-
nants, syllable structure, pitch/formant relation, intonation contours;

Semantics & pragmatics:

3. Modelling the transition from a closed to an open, learned repertoire of
signs;

4. Modelling the evolution of duality of patterning: combinatorial phonology
with compositional semantics in a unified model;

5. Modelling the evolution of human-like (compositional) semantics: quanti-
fiers, numerals, functional/contentive split, categoricity/vagueness rela-
tion, negation;

6. Modelling dialog: how can structured, repeated communicative interac-
tions evolve (as opposed to isolated signals);

Morphosyntax:

7. Modelling the evolution from “flat” utterances of hierarchical phrase-
structure, ;

8. Modelling the evolution of word order/rich morphology trade-off;

9. Modelling the evolution of syntactic categories over and above semantic
categories;

Language change & sociolinguistics:

10. Modelling the evolution of ongoing linguistic change - why are there no

‘sinks’ in language change?;
Relation to non-linguistic issues:

11. Language as a green beard - connection between evolution of language
and altruism;

12. Language as a mental tool - connection between language and other
uniquely human cognitive traits (music, consciousness, reasoning).
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A BRIEF REVIEW OF COMPUTATIONAL MODELING IN
EVOLUTIONARY LINGUISTICS

TAO GONG

Department of Linguistics, Max Planck Institute for Evolutionary Anthropology,
Deutscher Platz, 6, Leipzig, 04103, Germany

Evolutionary linguistics (EL, Hauser et al., 2007) aims to identify when, where,
and how a language emerges, changes, and dies out (Ke & Holland, 2006). Due
to the fact that linguistic behaviors are not easily retrievable from fossil records,
EL has a multi-disciplinary nature: knowledge, findings, and approaches from
other linguistic and nonlinguistic fields can all contribute to our understanding
of human language and its evolution. Computational modeling (CM) has been
recently adopted in evolutionary linguistics. CM in EL can be viewed as the
‘operational’ hypotheses or theories that are expressed in computer programs
and the simulation results of these programs can be viewed as the empirical
predictions derived from the incorporated hypotheses or theories (Parisi &
Mirolli, 2007). This abstract gives a brief review of this approach to help bridge
the disciplinary gap between linguists and modelers, and the future development
in CM relies greatly upon collaborations between linguists and scholars from a
number of relevant disciplines.

CM is necessary in EL. CM can assist empirical studies of language
evolution. Generally speaking, a model can show whether its assumptions are
internally coherent, whether under these assumptions it can produce the claimed
effects, and whether those assumptions are sufficient in principle to generate a
given phenomena. Although a model cannot provide if those assumptions are
empirically valid, it can test the available hypotheses, suggest new perspectives
and help to ask more focused questions (Jager et al., 2009). In addition, CM is
an efficient way to study language as a complex adaptive system (Steels, 2000)
and builds up a theoretical foundation for the study of language (Loreto &
Steels, 2007). Human language is adaptive, consisting of multiple interacting
entities that are constructed in a hierarchical way; personal experiences, social
interactions, and cognitive processes could all affect language evolution. CM



adopts a synthetic, bottom-up strategy, and builds up a foundation to implement
scenarios that involve multiple components and their complex interactions. By
isolating various components, CM can systematically analyze particular factors
and their effects on language evolution, and obtain both qualitative and
quantitative understanding on human language and its evolution. Such delicate
control over multiple conditions is necessary for studying human language, but
it is usually difficult in empirical studies. Finally, CM is validated in many
aspects. Many CM studies adopt plausible assumptions supported by studies
from linguistics and other fields, take objective mechanisms, and follow
traceable procedures to obtain some replicable results which can be traced in
linguistic data and experiments on humans (Christiansen & Kirby, 2003).

There are some problems in CM studies. Researchers may ‘over-interpret’
some simulation results or do not distinguish properly the ‘built-in’ aspects of
the model and its emergent properties. CM studies may also occasionally
investigate trivial matters not much relevant to the target question. Since a
certain degree of simplification and specification is inevitable in CM studies, we
should pay close attention not to commit these two mistakes in designing and
interpreting CM studies. Meanwhile, CM studies may accidently involve errors
(mismatches between what the developer believes a model is and what the
model actually is) and artefacts (significant phenomena caused by accessory
assumptions mistakenly considered non-significant) (Galan et al., 2009). To
avoid these, we need to adopt plausible choices and refer to techniques and
findings in relevant disciplines when developing a model, and conduct a
systematic analysis when evaluating a model.

Many contemporary models can be classified following different criteria.
For example, based on the purpose of different models (Holland, 2005), there
are data-driven models; existence-proof models; and exploratory models. Most
CM studies belong to the latter two types, which are sometimes correlated.
Based on the resolution of the artificial language adopted in models (Ke, 2004),
there are models in which language is a monolithic whole (these models usually
focus on cultural transmission, language contact patterns, and other language-
external factors); subsystems are independent whole (these models usually
simulate multiple linguistic components such as semantics, syntax, phonology,
and their interactions); language is embodied in use (these models tend to
address the symbol grounding problem); and meaning and/or form are
embodied (these models usually address the evolution of linguistic universals
such as compositionality and regularity). Based on whether language users are
situated in an environment and whether the communication activities use



unstructured tokens or structured utterances composed of multiple tokens
(Wagner et al., 2003), models at the third and fourth level of resolution can be
further classified as situated, structured models; situated, unstructured models;
nonsituated, structured models; and nonsituated, unstructured models. Finally,
based on the adopted methods to simulate linguistic communications, models
can be classified as behavioral (or computational) models that simulate the
actual individual behaviors in linguistic processing and mathematical models
that abstract these behaviors and communication into mathematical equations.
Mathematical and behavioral models are mutually beneficial; the former provide
the theoretical foundations for the latter that study similar phenomena, and the
latter exemplify the mechanisms leading to the dynamics predicted by the
former.

There are three stages in which abstract linguistic theories or hypotheses are
transformed into simulation scenarios or mechanisms via many latest techniques
from computer science, statistical physics, and artificial intelligence: 1) during
the setup of an artificial language, individual linguistic knowledge, and learning
mechanisms, some techniques and mechanisms, such as multi-agent system,
rule-based system, artificial neural network, meaning-utterance mapping,
probability matrices, strength-based competition, pattern extraction, sequential
learning, and so on, can be adopted in this stage; 2) during the implementation
of a communication scenario, many communication scenarios, such as iterated
learning (Kirby, 1999) and various forms of language games (Steels, 2003), are
implemented; and 3) during the analysis of the system performance, in which
the incorporated theories or hypotheses are evaluated based on either statistical
analysis and mathematical proofs, or direct or indirect comparison with the
available empirical data.

Based on these stages, we can summarize the general procedures to build
up a computational model to study language evolution: 1) set up an artificial
language; 2) define linguistic knowledge and learning mechanisms; 3)
implement a communication scenario; and 4) analyze the system performance.
When evaluating a CM study, we should examine each of these aspects to
obtain a clear picture of the model and a good understanding of the simulation
results and the target question. When designing a CM study, we should follow
these steps to clearly transform abstract theories or hypotheses into physical
mechanisms or simulation scenarios, and then, systematically evaluate the
incorporated theories based on the simulation results.
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FLUID CONSTRUCTION GRAMMAR AND ARTIFICIAL CHEMISTRY

JOACHIM DE BEULE
IRIDIA, Université Libre de Bruxelles

Language is the product of two distinct evolutionary processes: genetic evo-
Iution and cultural evolution. It is still largely unknown what specific genetic
mutations were responsible for the human capacity for language, or how these
contributed to our fitness. It is known however that once they occurred, cultural
evolution took over, because it works much faster (Dawkins, 1976; Kirby, 2007).

In recent years, it has become clear that the usage and learning of language
and its (cultural) evolution are intricately related. This makes it difficult to make
models of and understand the cultural evolution of language, because it not only
requires complete models of language users, i.e. an extensive cognitive architec-
ture including perception, conceptualization, parsing, production, learning, inno-
vation and interaction behaviors; at the same time we also need to understand
what happens when a number of such language users are put together in a popula-
tion (Steels, 2000; The Five Graces Groups, 2008). This is a formidable problem.
Currently, there are convincing computational models for the cultural evolution of
referential and lexical languages, but not of languages that involve complicated
conceptualizations and grammar.

The further advancement of this line of research will require at least the in-
clusion of complex, symbolic, computational conceptualization and grammar for-
malisms in our models of individual language users, as well as an understanding of
the statistical conventionalization mechanisms that govern the usage and evolution
of grammatical language in a language community. In this paper, we argue that
this can be achieved by formulating and studying Fluid Construction Grammar as
an Artificial Chemistry.

Fluid Construction Grammar (FCG) is a computational grammar formalism
that is primarily developed for investigating the emergence of grammatical lan-
guage in a community of robotic communicators. It has also become an estab-
lished formalism within the fields of construction grammar and cognitive linguis-
tics. Currently, there are FCG grammars for English, Dutch, German, French,
Spanish, Russian and Hungarian. The largest FCG grammar is for English and
was automatically extracted from FrameNet. It contains 10000 constructions,
and can both parse and produce complicated English sentences into and from



their FrameNet annotated meaning.? This shows that FCG is currently an ideal
component for building models of the cultural evolution of grammatical language
because (1) FCG is open ended, and not tailored towards any specific (type of)
language: it supports both dependency and phrase structure rules, and it does not
restrict the type nor the number of semantic categories etc. (2) FCG supports both
the automatic parsing and the generation of sentences with the same set of gram-
matical constructions and (3) FCG is in line with usage based theories of language
and semantic frameworks like FrameNet.

Nevertheless, FCG is only one component of a complete language user, and it
still needs to be embedded in a larger cognitive architecture. Another component
is the learning component, which is needed to acquire a language. It determines
how the behavior of a single language user will change in response to the behavior
of other language learners in the community. Only certain learning behaviors
support the evolution of a shared language. Currently however, such behaviors
are only understood for relatively simple, mostly lexical languages. Recently,
some advances in this respect were made by looking at language as a chemical
system. In this paper, we will show how FCG constructions indeed resemble
complex molecules in chemistry, and how the processing of language in FCG can
be described in terms of reactions between them. We will also show how this
can help to unravel the conventionalization mechanisms that govern the cultural
evolution of grammatical language.
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Experiments conducted with models of different social citrres (varying subgroup interac-
tions and the role of a dominant interlocutor) suggest tlaairty a dominant, interconnected
member of the group can be particularly advantageous foertergence of language.

1. Introduction

Johann Gottfried Herder, in thes!" century, won a prize for his “Treatise on
the Origin of Language” addressing the question of whettwendn-kind could
have invented language, arguing that to humans, as a speiaks, the invention
of a language was simply natural and at the same time, eakeMthile much
has changed in the scientific analysis of language evoldioce Herder, with
advances in biology, neuroscience, anthropology, amdmey afisciplines, slowly
beginning to provide an empirical basis, there remainsangtfollowing of the
notion that language must have evolved as a consequencenaftgociability.

One of the most prominent theories based on social traitsudf @umans is
the Social Brain Hypothesis, advocated by Dunbar (1997)fottumately, this
theory has been supported by only a limited amount of contiputa data, owing
to the complexity of building a proper model of all the so@ald environmental
interactions involved in the evolutionary process. Howgewdile it might be an
insurmountable task at this point to model any given thewiisientirety, one can
nevertheless start by producing highly abstracted, yetrpiatily insightful partial
models that can help guide the development of the undertjiegries and future
modelling approaches.

2. Modelling Approach

The experiments presented in this paper have been perfarsiregithe Language
Evolution Workbench (LEW, Vogel and Woods (2006)). This idmench provides
over 20 adjustable parameters and makes asfpriori assumptions as possible.



The nevertheless assumed cognitive and social abilitiagefits have been moti-
vated by several proposed solutions to the question of gegevolution and fit
well with a number of models, as described below.

To begin with, the agents in the LEW are equipped with thetgtid observe
and individuate events, i.e. an abstracted sensory meshaBiach agent individ-
uates events according to its own perspective, as likelyoaslistinct from that
of companions. In order to model the communication betwegmts, they are
assumed to be able to join in a shared attention frame arauodaurring event
and engage in an interaction, whereby one of the agentsignasisthe intention
to comment on the event and the other, listening agent utathels that the ob-
served utterance is the speaker’'s comment on the eventtentpds to decode the
meaning of the perceived symbols accordingly. These civgrikills of attention
sharing and intentionality perception have been markedtagiial to the origins
of language by the theory proposed by Tomasello (2003) aratiregs.

Three further assumptions are relevant to the symbol ptaxtuand percep-
tion during interactions between agents: that agents d&ed@produce discernible
symbols at all, that such phonemes can be combined to inesnsypmbols and
that the transmission of symbols and phonemes occurs witimise; however,
agents do not necessarily segment symbol sequences alntighile such sym-
bols are called phonemes in the simulation, there is no reasy these should
not be representative of gestural signs. The first two asgsangare made on
the grounds that language could not have possibly evolvétbwi some sort of
symbols being emitted. However, the physiological consitiens behind the
production of symbols is not a part of this model.

The LEW fits with the so called faculty of language in the narsense as pro-
posed by Hauser, Chomsky, and Fitch (2002) in that the ageatsquipped with
the sensory, intentional and concept-mapping skills atstag, and the simula-
tions attempt to provide an insight into how these could beltiaed to produce a
communication system with comparable properties to a hlargyuage. Further,
the LEW agents can be seen as having completed steps 1 anti& acdounts
presented by Jackendoff (1999) or Carstairs-McCarthy4)1,9%. autonomously
re-using and inventing new symbols from a generative umitpghoneme.

3. Experiment Design

The goal of the presented experiments was to observe that effdifferent hier-
archies and social structures on the overall speed andssioéeommunication
within a group of agents. This approach extends the LEW in ya tvat would
enable it to be used at least as a partial model for the treofi¢he origins of
language that are based on social interactions of early hsima particular, the
experiments should provide empirical data for the podsitof language emerg-
ing in differently organized social groups, building on tteenparative research by
Kudo and Dunbar (2001), and the effect of being organizeddemocratic’ or an



‘oligarchial’ power structure, as proposed by Garden{@893). A special case
of oligarchy—dictatorship—is approximated: there is mewsemantic arbiter
For the current experiments, all of the parameters of LEWeHa®en kept
fixed, except for two: the ratio of group sizes and the intéoacstrategies for the
particular groups. The selected settings represent diffesocial structures, with
the single agent usually being referred to as ‘male’, andatients of the larger
groups, as ‘females’. In total, five different settings hbeen selected, with 600
runs being executed for each of these and a total of 200 raefrid®interactions
within each such run. The observed group sizes and interastiategies were:

1. Nine females in one group, and

(a) all interactions among females within this group;
(b) one male outside the nine—20% of interactions incluéentiale;
(c) one male outside the nine—50% of interactions inclugentiale.

2. Nine females divided into three equal groups of three, and

(a) 80% of interactions are within-group, 10% each with otireups;

(b) one male outside any group—50% of female interactioasaathin-
group, 30% with the male, 10% with each of both other groups.

4. Results

The distributions of understanding success rates for 6@0atieach condition are
presented in Figure 1 and suggest that there is a strongediffe in the potential
of language evolving in a particular group depending on tloaig's hierarchical
and social structure. Setting (1a) is essentially the ctibraseline of the LEW as
all previously conducted experiments included a singlaigrand equal chances
of any agent interacting with any other agent within thisugroSettings (1b) and
(1c) appear to have a slightly negative effect on the comoativie success within
the population; it follows that the addition of a single imtennected agent, or
‘male’ is not necessarily advantageous for the whole grodpst plausibly, this
can be explained by the lack of opportunity for the agentsuitdka common
language as they are in effect too occupied with attemptrgpmmunicate with
the ‘male’. However, since the chances of the ‘male’ beingcded as the speaker
are equal to those of any other agent, he does not have safffice/er to actually
regulate and stabilize the language of other members wiitigiigroup.

The two remaining settings (2a) and (2b) suggest that hawihiggher num-
ber of small cliques within a group of agents has a strongtigeseffect on the
communicative success within the population. In the sgit®a), with no ‘male’
present, one observes not only a rise in the mean of the uaddmsg rate above
35%, but also a number of outliers nearing the 50% mark. Aglditmale’ to this
divided ‘harem’ has once again a distinctly negative effacthe communicative
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Figure 1. Distributions of understanding F1 for the five dation settings.

success of the group. We can thus conclude with the assénédthe multiple-
group scenario is evolutionary more beneficial for the emecg of language.

References

Carstairs-McCarthy, A. (1999)The Origins of Complex Language: An Inquiry
into the Evolutionary Beginnings of Sentences, Syllabled Truth.Oxford
University Press.

Dunbar, R. I. M. (1997). Grooming, Gossip and the Evolution of Language.
Harvard University Press.

Gardenfors, P. (1993). The Emergence of Meanlrigguistics and Philosophy
16(3), 285 — 309.

Hauser, M. D., Chomsky, N., & Fitch, W. T. (2002). The Facufyl anguage:
What Is It, Who Has It, and How Did It Evolve3cience (New York, N.Y.)
2985598), 1569-79.

Herder, J. G. (1772)Abhandlungiber den Ursprung der Sprache.

Jackendoff, R. (1999). Possible stages in the evolutiohefanguage capacity.
Trends in Cognitive Science®72—-279.

Kudo, H., & Dunbar, R. (2001). Neocortex size and social wekvsize in pri-
mates.Animal Behaviour62(4), 711-722.

Tomasello, M. (2003).Constructing a Language: A Usage-Based Theory of
Language AcquisitionHarvard University Press.

Vogel, C., & Woods, J. (2006). A Platform for Simulating Laregge Evolution.

In M. Bramer, F. Coenen, & A. Tuson (EdsResearch and development in
intelligent system@p. 360—373). London: Springer.



SIMULATING THE EVOLUTION OF COMBINATORIAL
PHONOLOGY

W. GARRETT MITCHENER

For the workshop Models of language evolution: Does the math add up? at
Evolang 2010.

1. Background and problem statement

The position paper by de Boer and Zuidema discusses how mathematical models
and simulations are being used to develop and test theories about how the human
language faculty evolved. They point out that there are significant gaps in the
research community’s work in this area. Primarily, there seems to be a need for
modeling of biological machinery at intermediate levels of abstraction, and con-
sequently, new simulation and modeling tools at those levels. I will discuss some
of my simulations designed to fill some of these gaps. This project is in its early
stages, but the preliminary results are promising.

As the position paper explains, certain parts of the overall research program
in language evolution have met with great success, assisted by simulations and
mathematical models. As a prime example, Nowak and his collaborators (Nowak,
Plotkin, & Jansen, 2000; Plotkin & Nowak, 2000; Nowak, Krakauer, & Dress,
1999) develop an information-theoretical constraint on the lexicon and on phonol-
ogy: In flat phonology, each signal requires a distinct phoneme. In combinatorial
phonology, each signal is represented by several phonemes in sequence, or si-
multaneous phonemes transmitted over parallel channels. If there are too many
topics, there may not be enough room in the space of phonemes to assign a single
phoneme to each topic without incurring excessive misunderstanding. Thus, there
is clear motivation for the transition from a flat phonology to an combinatorial
phonology as the number of topics of conversation increases. However, details of
the transition are unknown, such as what brain modifications are required to im-
plement combinatorial signaling and what genetic mutations are required to make
those modifications. This is a case where there are accurate and realistic models of
the physics of speech production, and abstract models of the evolutionary forces,
but I am not aware of any intermediate models that bridge the two.

It what follows, I describe a sequence of simulation of increasing complex-
ity that bridge some of the gaps between highly abstract mathematics, physical
models, and thought experiments.



2. Descriptions of simulations

Consider a problem of taking a set of Boolean inputs and producing outputs given
by a fixed function of those outputs. To state the problem biologically, consider
an organism that takes various actions in the presence of chemical or physical
signals in its environment, thereby gaining some benefit. Let us first consider
a virtual machine that represents a simplified simulation of a reaction network
of genes and proteins. Complex molecules are abstracted to bit patterns. Inputs
take the form of the presence or absence of specific bit patters, corresponding to
signaling molecules such as the neurotransmitters and ions released by a sense
organ. Outputs are given by high or low concentrations of other specific patterns.
Each gene can increase or decrease the activity level of a pattern, modeling protein
production, and a gene operates only when there is a sufficient amount of the
protein that matches its switch pattern. The virtual machine goes through many
steps in which active genes operate on pattern counts, thereby activating some
genes and deactivating others, and computes a final output.

As an initial experiment, each simulated genome is considered in isolation.
The genome is presented with a set of inputs, and given points for each correct
output, yielding its payoff. A selection-mutation loop then steers the population
toward genomes that correctly compute the desired function. To summarize the
initial runs of this simulation, certain operations, such as copying inputs from one
pattern to another, are easily evolved. Logical negation and compound operations
require more generations and larger genomes.

Now consider the problem of transmitting information from one creature to
another. To model the evolution of combinatorial phonology, suppose that the
outputs of one virtual machine are transmitted across narrow channels to the in-
puts of another. That is, imagine that one set of inputs encodes a meaning to be
transmitted, the first machine’s outputs are something like motor control signals to
a vocal tract, and the other set of inputs represents recognition events from a sense
organ to be processed by the listening creature. We now present these creatures
with the problem of copying a set of input bits across the channel. If there are
few input bits, they can be transmitted directly, but if there are many, the creatures
will have to develop a code and spread the message over time. The initial runs of
this simulation show that this problem is distinctly harder for the artificial world
to solve, however, it is able to evolve creatures that can transmit four bits across a
two bit channel over time.

The next step is to first evolve creatures that must transmit few bits across a
channel wide enough to accommodate them all at once, then modify the virtual
world such that ever more bits must be transmitted over the same channel. This
should give insights into how combinatorial phonology develops out of a fixed-
size signaling system.

The overall complexity of the simulation can be increased in stages. In the



first stage, the sending and receiving creatures are identical, made from of the
same genome. In the second stage, creatures from genomes selected at random
are paired up for the communication task and share the payoff of success. In a
later stage, each creature will be allowed to overhear conversations between other
creatures to have the opportunity to learn the communal code. If at all possible,
that learning process should not be built into the simulation, but rather be left to
evolve. In a third stage, the channel can be based on physical models of speaking
and hearing, themselves parameterized by the genome. This will lead to a bridge
between Nowak et al’s abstract result, and anatomical phonetics.

Eventually, I would like to use a single genome to build creatures consisting of
networks of these virtual machines that each receive part of the input. Then they
act together to transmit it to a receiving creature, which uses its own network to in-
terpret the message. In this form, the virtual creatures will be complete assemblies
of communication devices and accompanying behavior, evolved together.

3. Why use this approach

Other researchers have studied similar simulations, notably Cangelosi and Parisi
(Parisi & Cangelosi, 2002; Cangelosi & Parisi, 1998). In their mushroom world
simulations, creatures are given tasks related to identifying and processing food.
Those creatures evolve the ability to complete their tasks based on signals from
other creatures as well as direct information about mushrooms. They evolve com-
positional processing in the sense of dimension reduction of semantics: Given
many bits of information about a mushroom, one speaking creature can transmit
a few bits to a hearer, thereby informing the hearer of the mushroom’s type. That
is, the creatures evolve a system for decomposing the set of possible mushrooms
into a direct product of a few features. To give another example, de Boer (Boer,
2002) describes a population evolving a discrete vowel system on historical time
scales, but the vowels are represented by static formants rather than signals over
time, and the main results are about how phonemes spread themselves out through
learning and population dynamics.

In contrast, my project approaches the evolution of compositionality from a
phonological direction. My simulation is concerned with transmitting many bits
given simultaneously in their entirety over a narrow channel. Instead of semantic
dimension reduction, its problem of is one of evolving the serialization and de-
serialization system to transmit and receive a message. The messages themselves
have no meaning at this stage other than that correct transmission leads to a payoff.

The traditional artificial neural networks (ANNSs) used in the mushroom world
do not operate with a sense of time, so my simulation must be based on a more
complicated virtual machine that does. Furthermore, my virtual machine is more
similar to a biological neuron, with capabilities such as pulse generation and syn-
chrony that are absent from traditional ANNS, so it might give greater insight into
what structures to look for in the human brain that might represent composition.



If the network part of the project can be made to work, it may assist biologists in
identifying how biological neurons assemble themselves as a creature grows.

My virtual machines are more time-consuming to simulate than a traditional
ANN, but a single workstation can compute thousands of generations of a popu-
lation of hundreds in a matter of hours or days. Thus, the increased complexity
does not render the simulation computationally unfeasible.

4. Simulations and the big picture

The virtual machine I described here is designed to be more like a biological cell
than is typical of such simulations. It is meant to be a tool for understanding the
kinds of variation relevant to language and mental computation that mutation can
discover.

Without some knowledge of the biochemistry of DNA and ontogeny, the vari-
ation available to the mutation process remains hidden, and it will be difficult to
put together a realistic sequence of incremental mutations that lead to the discov-
ery of language. Incorporating effects such as gene duplication, methylation, and
nucleosome binding into an artificial life simulation involves a lot of complexity
and guess work, but some attempts need to be made in this area to break the im-
passes discussed by de Boer and Zuidema. Likewise, the scientific community has
very limited knowledge of how the brain actually represents and performs com-
putations. It seems reasonable to simulate simplified brains of increasing realism
in an attempt to aid biologists in reverse-engineering those structures and their
history.
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PERFORMATIVE MEANING & CLAUSE-TYPE EVOLUTION

Basic clause-type distinctions are quasi-universal across languages, but little attention has been
paid so far to formally modelling the evolution of these. This paper suggests a possible combi-
nation of evolutionary models that may explain the conceptual distinction between declarative
and imperative clause-types. Part of this is achieved by composition of established models. But
in order to account for the evolution of performative meaning of imperative clauses, extension
of the standard modeling techniques seems required.

1. Declarative vs. Imperative Clause-Types in Language Evolution

Lewis (1969) already observed that the behaviorally emerging meaning of signals
in ESSs of relevant signaling games is, strictly speaking, underdetermined between
a declarative meaning and an imperative meaning. The meaning of a signal in an
ESS could be equated with the state(s) in which it is sent and/or the action(s) which
it triggers. This ambiguity is arguably adequate for primitive communication such
as animal alarm calls (cf Millikan, 1995). Still, a large majority of human lan-
guages has morpho-syntactically distinct imperative forms (van der Auwera et al.,
2005). These imperative forms are individuated across languages as realizing the
same (quasi-)universal clause type “imperative” which is distinct from that of a
“declarative” in its stereotypical function (Sadock & Zwicky, 1985). The question
I would like to ask here is whether there is a sequence or combination of evo-
lutionary game models to account for clause-type evolution, as distinguished by
stereotypical function.

The answer obviously depends on what we take the functional distinction of
clause-types to be. Lewis suggested to tell declarative and imperative meaning
apart by whether it is the sender and/or the receiver who deliberates (cf. Huttegger,
2007, for formal implementation). However, the linguist’s criterion is mainly
a semantico-functional one (cf. Portner, 2004). Intuitively speaking, whereas
declaratives describe states of affairs, imperatives prescribe actions.

There are two dimensions to this distinction, both of which should be dealt
with in a conceptual analysis of clause-type evolution. The first is the semantic
contrast between different denotations: states of affairs vs. actions. The challenge
is to construct a game model in which signals acquire a meaning whose denotation
differs relevantly in kind. Assuming imperfectly informed players, this is rather
straightforward as the model sketched in section 2 shows.

More challenging is the second dimension, the functional contrast between
description and prescription. Imperative clauses are typically associated with a



particular kind of performative, as opposed to descriptive, language use. The
stereotypical function of an imperative is to give an order or request, and not
merely to describe it. This poses a challenge to mathematical modelling because
we need to combine at least three crucial aspects of parallel or sequential de-
velopment: (i) behaviorally emerging meaning of signals, (ii) the possibility of
cooperation, (iii) the evolution of binding norms. While the first two aspects are
plausibly covered by merging or sequencing existing models, especially for the
latter aspect, it seems that we need to go beyond standard game models. One pos-
sibility which I suggest in section 3 is to draw on ideas from psychological game
theory (cf. Geanakoplos et al., 1989).

2. Individuation by Semantic Denotation

We can separate emerging clause-types by semantic denotation if look we at
models in which the sender may be partially uninformed about the world state,
and in which the receiver may have partial information as well. Take a set
W = {wy,wy} of world-states and a set A = {ay,as} of receiver actions and
a set M with four initially meaningless signals. Let 7 = W x A be the set
of states of the game. The idea is that a state fixes some binary worldly pa-
rameter (think: whether it is raining or not) and the mutually best action (think:
whether the receiver should go hunting or fishing). As for information allocated
to players, assume that the sender always knows at least the true world state or the
best action, and that the receiver has at most a piece of conditional information
(such as “if it is raining, it is best to go fishing”). For more perspicuous results
only, assume that the receiver also has a default action as. Payoffs are given by
Us,r({(w,as) ,m,ay) = 1ifi= j,.75if j = 3, and 0 otherwise.

It can then be shown that every ESS of this game gives rise to a unique infer-
pretation function [-] : M — P(T') such that, roughly speaking, the interpretation
of a messages [m] C T varies either only in the world component, or only in the
action component. Imperative and declarative clauses can thus be identified by
what is constant in different contexts of their use, and this may reasonably be
taken as their semantic denotation.

3. Performative Meaning of Imperatives

In order to tell imperatives and declaratives apart functionally, we would like to
devise a model in which some signals evolve to have a performative meaning.
Performative meaning is the potential, given appropriate pre-conditions, to change
the facts in relevant ways by mere utterance (Searle, 1969). Imperative clauses
stereotypically have such performative meaning: it is by their utterance that social
obligations change dynamically, and it is by an institution of social obligations
that hearers may occasionally even act against their own material interests.

To model the emergence of such performative meaning is to model how a par-
ticular normative effect can emerge from the use of certain signals in a population.



The normative effect itself is, arguably, a dynamic change in receiver payoffs. (For
a basic explanatory model, it is not essential whether these payoff changes come
about by a complicated secondary mechanism involving status, fear of retalia-
tion, or similar.) But then, to have performative meaning emerge, we would need
receiver payoffs to change in some manner under evolutionary dynamics. The
problem is that in standard models what adapts to evolutionary pressures is the
behavior of players, while their payoffs remain fixed. What is needed, therefore,
is a certain self-reflexive property of a model to make the receiver’s payoffs depend
on the meaning of a signal as it emerges from aggregate population behavior.

This self-reflexive property can be implemented by adopting ideas from psy-
chological game theory (cf. Geanakoplos et al., 1989), where agents’ payoffs
are analyzed as composed of the traditional material payoffs and psychological
payoffs which may vary according to the beliefs and intentions of players. These
psychological payoffs may depend on the gradually acquired meaning of signals,
for instance, by following Sugden (2000) who argues that mere expectations can
be normative, i.e., that we are biased towards compliance with the expectations
of others. If we assume that receivers have psychological payoffs susceptible to
sender expectations, and if we also assume that sender expectations are a func-
tion of current population behavior, then this yields a possible mechanism how
emerging behavioral patterns can impact the receiver’s payoffs for performative
meaning to emerge.

Suppose we have two receiver actions A = {ay,ap}. Take two sender types
and three receiver types, depending on which action is preferred: senders always
want exactly one action, receivers may be indifferent. With this, distinguish six
possible states: T = {tu, tan, tza, tss, ta?, ta? }, Where the first index gives the
sender type, the second the receiver type. Each player knows her own type but not
the opponent’s type. Material payoffs are defined as:

1 if X=27

0 otherwise

a fY=ZorY =?

Ug(txy, m, az) = {0 otherwise

Us(tx‘{, m, CLz) = {
Here, 0 < « < 1 is a parameter of the model that measures, inversely, how
costly performance of an undesirable action is. (If cooperativity prevails in a
population, as made plausible by a multiplicity of mechanisms (cf. Nowak, 2006),
this parameter will be small.) Finally, the receiver’s overall payoffs are a linear
combination of material and psychological payoffs F'(-):

U*R(tXYam,aafj = (]— - ﬁ) X UR(tX\hm;a) +ﬂ X F()

For psychological payoffs to implement the sender’s expectation of receiver be-
havior, define function F(m, a, ) as the proportion of a responses to m in the
current receiver population 7.

It can then be shown that for parameter values 3 > a(-)'f-l there are ESSs in
which signals are used imperatively to change the receiver’s payoffs and induce




the sender-optimal action even if that is not materially receiver-optimal. Further-
more, under somewhat stronger parameter conditions, § > ﬁ, the system
will evolve towards one of these from a neutral state in which receivers always
play their own materially preferred action. This simple model demonstrates how
performative meaning could arise: initially signals do not (significantly) impact
receiver payoffs, but they can evolve to do so.

Taken together, I suggest that the emergence of clause-types from functionally
ambiguous signaling can be plausibly explained by a combination of standard and
non-standard evolutionary models. The particular combination sketched here also
suggests a concrete evolutionary path: context-driven semantic distinctions can
emerge whenever agents acquire sufficient reasoning capabilities to accommodate
higher order uncertainty; in parallel or in sequence, performative meaning can
emerge against a background of by-and-large cooperative social practices when-
ever, for instance, hearer’s are interested to conform to speaker expectations about
population behavior.
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Bayesian models seem to hold many promises for understanding language evolution and
change, but it is not yet clear if and how they can deliver on these. They have several no-
table advantages, most important being a standardized and well-understood model of acquisi-
tion/learning, but also several issues and problematic assumptions, which I will briefly discuss.

1. Introduction

A quick review of the literature dedicated to modelling language change and evo-
lution reveals a bewildering diversity of approaches, some justified by the charac-
teristics of the problem to be addressed, some due to historical accidents boiling
down to their authors’ knowledge and preferences, while for some others no such
reasons are readily available.

It can be argued that “one-size-fits-all” approach to modelling such a complex
field is doomed to fail and thus, particular, “locally adequate” models addressing
only the relevant aspects of the problem at hand are more appropriate. But it can
as well be argued that such local models are ad-hoc, unprincipled, and thus hard
to justify and almost always under-investigated.

A very promising unifying proposal seems to be represented by the “Bayesian
paradigm”, where a powerful, standard and well-understood machinery is adapted
to the issues facing language evolution and change.

2. Bayesian Language Agents

Language learning/acquisition can be formulated in the very general framework of
Bayesian statistics (Press, 2003; Oaksford & Chater, 2007), as follows (Griffiths
& Kalish, 2007; Kirby, Dowman, & Griffiths, 2007; Smith & Kirby, 2008).

Let H be the universe of all possible languages (or hypotheses), h € H, de-
fined as appropriate for the phenomena under investigation (to simplify, we will
take it as discrete). A Bayesian agent, A, entertains at any moment a distribution
over this universe which associates a “subjective” probability (Press, 2003) to ev-
ery possible language, 0 < p(h) < 1,Vh € M, and ), .4, p(h) = 1. The agent



uses such a distribution to either comprehend or produce language (involving oth-
ers or even itself), using model-specific conventions.

Language learning/acquisition concerns the process of constructing a distri-
bution over H which allows the learner agent A to communicatively function in
the communicative context under consideration. A is exposed to the data, d, —
usually a set of utterances — which embody the learner’s experience with the lan-
guage(s)*. A then uses d to update its distribution across hypotheses, following
Bayes’ theorem (Griffiths & Kalish, 2007; Press, 2003):

_ pobs(d|h)p(h)
P = 5 e pons )

where p(h|d) is the posterior (updated) probability that hypothesis h holds after
exposure to d, pops(d|h) is the likelihood of observing d were h true, and the de-
nominator is required for normalization. p(h) is the prior probability of h before
A “saw” d and can represent the outcome (posterior probability) of a previous
learning round or the result of “innate” predispositions. However, there are a
number of assumptions and issues behind this approach.

The “initial” prior, po(h), before A sees any data, is usually taken to reflect
innate or genetic biases, produced by developmental processes, but there is no
necessary implication of language-specific genes (Griffiths & Kalish, 2007; Kirby
et al., 2007). However, there is no clear-cut difference between “genetic” and
“environmental”, “development” is not a discrete, encapsulated and teleological
phase in the life-cycle of an organism and “genes” are essential to all processes at
all times (Minelli, 2003; West-Eberhard, 2003; Odling-Smee, Laland, & Feldman,
2003), making such a neat dichotomy of before — given by the genes in the form of
biases — versus after — built on this basis by the environment/culture — untenable.

This identification of genetic biases with py(h) is also misleading as this is not
the only parameter — and maybe not even the most important — which can conceiv-
ably be affected by genes in such a Bayesian learner (e.g., the learning algorithm
or the likelihood function). For example, it is clear that the choice between sam-
pler and maximizer learning algorithms makes a crucial difference to the result-
ing dynamics of single-agent chain Iterated Learning Models (Griffiths & Kalish,
2007; Kirby et al., 2007), but this difference diminishes in more complex (and
realistic) scenarios (Dediu, 2009). This suggests that generalizations from such
cases are unwarranted and that the apparently obvious issue of “converting” the
posterior into actual utterances-producing machinery is far from trivial.

This model’s acquisitionist assumption® is instantiated by the (potential) dif-
ferences between the distribution used (whatever the mechanism) by an agent to

,VheH 6]

4H and d can — and should — refer to more than strictly linguistic information, including, for
example, aspects of the social and communicative context (Enfield & Levinson, 2006).

bThe acquirer is the locus of language change, by reinterpreting the linguistic data, leading to
differences between the target and learned languages (Kirby & Hurford, 2002).



produce data, p(.) ~ d, and the posterior distribution derived by the learner from
these (and, potentially, other agents’) data, p’(.|d). However, there is a wealth of
data suggesting that the acquirer is not the only (and probably not even the most
important) locus of language change (Croft, 2000; Enfield & Levinson, 2006;
Ostler, 2005) and a way of addressing this is by replacing the once-for-all “learn-
ing algorithm” with a dynamic selection of hypotheses from the posterior distri-
bution function of the communicative context and history.

Recently, Ferdinand and Zuidema (2009) have shown that if the prior is taken
as the learning biases, then the learner must be omniscient about the possible
sources of the data. They also touch on the general problem of what exactly is
Bayes’ theorem supposed to represent (Oaksford & Chater, 2007; Press, 2003): is
it a description of the actual computations going on in the learner’s head or is it an
idealized model which is approximated to various degrees by other mechanisms
and, if so, why, how, how well and what about the deviations?

The nature of the likelihood function also needs to be specified, as it seems
necessary that it somehow captures the actual production mechanisms in order to
result in meaningful posterior distributions. If so, how does a learner arrive at this
match?

There is also the considerable computational burden of updating the probabil-
ity distributions, especially when realistically large hypotheses spaces are consid-
ered, and we must face this head-on when running our computational models®.
Conjugate priors (Press, 2003) might help us, but they are limited to very simple
models and will inject a whole new set of assumptions and constraints, making it
harder to understand the causes of the results.

3. Conclusions and some suggestions

As de Boer and Zuidema (2009) outline in their manifesto, there seems to be a
deep dissatisfaction at several levels, and especially in what concerns the meaning
of, and articulation between, various models. This could be addressed by build-
ing a public database containing not only bibliographic information of relevant
publications®, but, most importantly, a fully searchable database of models with
detailed description, optional software/source code and typical results.

I have argued above, in line with other researchers, that the Bayesian approach
is probably not a general solution to our problems. But it can probably be used
“as appropriate” to model local processes where strong substantive arguments can
be made for the fit of a Bayesian description

To conclude, I think that, in order for the field to mature, we need an effort

°A Hierarchical Bayesian simple ILM chain inspired by (Dediu, 2009) using a Gibbs sampler

(JAGS, http://www-fis.iarc.fr/ "martyn/software/jags/) took on the order of days on a top-end machine.
dLike the National Center for Biotechnology Information’s portal, http://www.ncbi.nlm.nih.gov/.
¢As Jun Wang’s essential Language Evolution and Computation Bibliography.



of synthesis of various competing models and the issuing of (soft) “recommenda-
tions” concerning their properties, assumptions, levels of fit and inter-connections.
Of course, such an effort might seem less glamorous than creating new models
and will require the collaboration of the best modelling minds, but it holds the
promise that one day we would have a more coherent modelling landscape, the
way (apparently) population/evolutionary genetics has.
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1. Computational Models of Language in Tinbergen’s Framework

Language evolution is arguably one of the hardest problems in science and is
highly interdisciplinary in nature (Christiansen and Kirby, 2003). As evident
from the exponential growth in number of publications, this area of research, like
other scientific disciplines, has popularly adopted the use of mathematics and,
more recently, computational techniques. Nevertheless, modeling seems to be
quite a hard problem in language evolution and is still in its infancy (de Boer and
Zuidema, 2009). In order to understand the difficulties faced by this emerging
sub-discipline we advocate that one should not only look into the challenges and
issues within language evolution, but rather language itself as the topic of
research. In fact, by doing so, as we shall see, one can arrive at two important
conclusions — (a) knowledge sharing between different communities studying
language is currently limited even though cross-fertilization of ideas seems
extremely necessary for the progress of the field, and, (b) there is a need for data
creation and analysis before one jumps into modeling.

Language is a human behavior and therefore, it is reasonable to organize
language research within the framework of Tinbergen’s four questions
(Tinbergen, 1963). In Table 1, we lay out the areas of language research within
these four questions, and then list out the scope of mathematical and
computational modeling within each division. We also note the current
availability of data for each kind of research and ease of gathering more data.



Table 1. Understanding the interrelations between various disciplines that study “language” and its
computational models within the framework of Tinbergen’s four questions for ethology.

Tinbergen’ Research Areas Computational Availability of
S questions Models/Methods data
Causation | a) Neuropsychological a) Cognition aware models | Moderate to
processing of language of NLP (esp. parsing) high;
b) Physiology of speech b) Speech technology (esp. | Easy to gather
production and perception parametric models)
Ontogeny | a) Language acquisition a) Machine learning Little to
b) Development of other b) Models of human moderate;
communicative traits learning Moderately
easy to gather
Adaptation | a) Uniqueness of human a) Quantitative and High;
language statistical properties of Quite easy to
b) Language universals languages gather
and typological studies b) Findings from NLP
¢) Relevant biological might be of use
adaptations
Phylogeny | a) How have languages a) Models of language None to little;
evolved evolution & change: math Very hard or
b) How do languages and simulation based almost
change? b) Cladistics and impossible to
c) Evolution of brain and computational gather
speech apparatus phylogenetics

Computational Linguistics (CL) or Natural Language Processing (NLP) also
study and develop computational models of language. However, the focus is on
human language technology, e.g., machine translation and speech processing
(Jurafsky and Martin, 2009), and therefore, they do not fit into Tinbergen’s
framework. On the other hand, some of these research areas can really benefit
and get benefitted by the research in other areas of language (e.g., speech
technology and physiology of speech production and perception, machine
learning for NLP and language acquisition). We do not see, however, much
exchange of ideas between the language evolution or cognitive science
communities and the NLP community.

In general, a careful study of Table 1 reveals two important points — (a)
there is very little sharing of data and knowledge between the various
communities studying computational models of language; and (b) there is very
little data for directly modeling the problems within “phylogeny”. However,
other areas have access to large amount of data or at least possibility of gathering
data. We argue that these factors, along with the fact that there are not many
known or accepted ground truths to base the successful models of language
evolution constitute the major hurdles in the area of language evolution. In the
following three sections we discuss these issues briefly.



2. Lack of Knowledge Sharing

While there is a very vibrant and huge research community working on NLP,
there is very little sharing of knowledge between them and the language
evolution community. This is apparent from the facts that (a) there are hardly
any cross-citations between these communities, and (b) we hardly see works on
language evolution being published in ACL conferences. Fragmentation of the
community has not only ceased cross-fertilization of ideas, but also made the
communities very small. Any research area needs a critical mass of researchers
to prosper (Shneider, 2009). We believe that lack of critical mass is one of the
most detrimental factors in the area of language evolution. This also explains
some of the other issues raised in (de Boer and Zuidema, 2009), such as why
there has been a lot of modeling efforts only in few areas, even though there is
data in the other areas. Indeed, there are not enough researchers in the
community to work on many different data sets.

As an aside, it is interesting to note that in many other scientific disciplines,
for example physiology and medicine, there is a strong sharing of knowledge.
Physiological findings go into development of drugs and surgical procedures,
whereas clinical data feed into the models of physiology.

3. Lack of Data

There is a lot of linguistic (e.g., corpora, treebanks, phonological databases) and
psycholinguistic data (CHILDES, semantic relatedness of words) available for
research. In certain areas, where data is not available, it might not be hard to
gather more data using advanced techniques and sophisticated instruments.
Nevertheless, we have very little access to data for directly validating models of
language evolution and it is highly unlikely that we will ever be able to gather
large quantities of such data. Therefore, one has to be content with indirect
validation. Since insufficient data cannot distinguish between the good and the
bad models, limited access to data prevents direct validation of the models
leading to a loss of credibility.

4. Lack of Ground Truths and Accepted Frameworks

There is hardly any consensus on theories of language evolution; neither do we
have concrete theories of language acquisition and processing. In fact, the most
celebrated “Chomskyian” framework of principles and parameters is also
contested. Therefore, it is hard to come up with a set of constraints or a
framework which a model should follow. In absence of any such principles, the



space of possible models become infinite and lack of data for validation makes it
harder to make strong claims based on computational modeling.

Note that, let alone physical sciences, even biological sciences have well
accepted frameworks (Darwinian Theory), ground truths (central dogma of
molecular biology) and quantitative laws (Junck, 1997).

5. Conclusions

Every scientific discipline goes through several stages of evolution (Shneider,
2009), and we believe that language evolution and especially the modeling
approach is in the first stage, which is the time for spelling out the agenda,
defining the vocabulary and coming up with the basic principles. Therefore, this
area of research will benefit from some of the suggestions, such as identification
of relationship between models and gaps therein, put forward by de Boer and
Zuidema (2009). Nevertheless, we do feel that there is an urgent need for — (a)
knowledge sharing with related communities and especially the NLP community
which already has gathered lot of data and useful techniques; this can be
achieved through organization of conferences and popularizing the work in
various venues, (b) concentrating on creation and analysis of data, rather than
jumping into synthetic and explicatory models. There are numerous examples of
synthetic models in this area, which fall flat if the data is investigated a little
deeper, and, (c) laying out the principles of modeling, such as the constraints that
any model should satisfy, and the minimum needs for validation. The community
should be encouraged to report the failed models as well.
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MODELING LANGUAGE EVOLUTION:
A GENERAL FRAMEWORK WITH
THE MIRROR SYSTEM HYPOTHESIS AS A SPECIAL CASE

MICHAEL A ARBIB
University of Southern California, Los Angeles, USA

While stressing the importance of calibrating focused models of specific phenomena against each other and
available data, De Boer & Zudema (2009) also note the value of ‘verbal, complete scenarios for the
evolution of language, citing Jackendoff (2002) as providing one of the few such scenarios. De Boer &
Zudema concludes with a Table listing key open challenges in language evolution modeling. However, none of
the listed challenges are explicitly related to brain mechanisms. In response to this, | offer an altemative general
framework which makes explicit a range of choices which set the general nature of a model even before arange
of data is chosen for consideration (or, conversely, which reflects a strong restriction on the range of data to be
considered relevant). The paper then presents the specific choices made in a brain-centered research program
which has evolved [sic] from the Mirror System Hypothesis, seeking to calibrate a scenario for the
evolution of language against new approaches to neurolinguistics.

1. A Diversity of Divides in Devising System Models for Language Evolution

Chomsky (1956) showed that certain classes of grammars align with certain
classes of automata — most famously, the alignment between context-free
grammars and push-down automata. Over the years, Chomsky has moved on
from this highly formal framework to seek to characterize a class of grammars
broad enough to encompass the syntax of all human languages, with the
resultant framework changing quite drastically every decade or so. Chomsky’s
writings introduce another automaton, the Language Acquisition Device (LAD),
but this time without a precise formal framework. It is posited to be innately
specified, and present in (almost) every human infant.. Its task of is to accept
strings from a single language L as input and to infer a grammar G(L) which
generates all and only the strings of L. Most of Chomsky’s writing discounts the
notion that there can be a useful account of the evolution of language (see
Hauser et al. 2002, for an apparent exception -- but one that seems inconsistent
with much that has gone before). But for those who wish to study language
evolution in the Chomskian framework (e.g., Pinker & Bloom 1990), the study



of evolution reduces to breaking Universal Grammar into several components

that can be placed within an evolutionary succession. On this view, the available

data are simply well-formedness judgments for each language under study.

However, working backwards in time, we can see that different approaches to

language evolution may consider language in a broader sense of performance

that includes:

e Data on language use in communication and thought, including use in
conversation, including a whole range of speech acts.

o Data on language acquisition.

e Data from historical linguistics.

o Archeological data which seek to infer clues to the language of a culture
from the material traces of that culture.

¢ Animal communication systems in general, seeking commonalities with and
differences from language.

e Animal behavior in general, seeking commonalities with and differences
from communication systems.

o Data on brain function.

Our general concern, then, is: how did evolution equip Homo sapiens to enable

human societies to develop a range of languages; and an individual to acquire

the language of the community in which it is raised? The evolutionary challenge
is both biological and cultural and there are many divisions over what the nature
of this challenge might be:

Biological: How did biological evolution endow Homo sapiens with brains

and bodies that can acquire and use language?

e Modeling Divide 1: Our ancestors evolved a capability for protolanguage —
which had an open lexicon but little if any syntax — before they developed
language versus no intermediary was involved.

e Modeling Divide 2: Models must be speech-centered, equating speech with
language, versus we seek to understand the shared mechanisms that support
signed languages as well as spoken languages.

e In any case, the importance of spoken language asks us to understand the
evolution of the vocal apparatus which made it able to produce speech, and
the related mechanisms for perception, and for the neural control of
perception and production.

e Modeling Divide 3: Biological evolution of language must make crucial use
of data on the brain versus the primary data are those of linguistics alone.

Cultural: What aspects of language are innate, and what are the fruits of

historical change?

e Modeling Divide 4: Biological evolution endowed us with a Universal
Grammar versus it gave us mechanisms which made the eventual invention
of language possible.



o In either case, one needs to understand what the child learns during language
acquisition, and what biological evolution provided to make such learning
possible.

e In either case, one needs to understand what happens during historical
language change, and what biological evolution provided to make such
processes possible.

Modeling Divide 5: Initially, much of protolanguage was holophrastic (with a
protoword describing a frequently occurring or significant situation) versus
protolanguage started with words akin in scope to modern words (such as
nouns and verbs)
Modeling Divide 6: Language evolution is to be understood solely in terms of
adaptive pressures for communication or thought versus language evolution
rests in part on the exaptation of adaptations that are not directly related to
communication.
These six modeling divides (and, of course, there are others) define 64 overall
approaches to language evolution. Thus any general framework must justify (at
least) which side of each of the six divides it lies on. By contrast, more focused
models may ignore many of these issues to address the possible evolution of
mechanisms responsible for some specific set of data, such as how the human
speech apparatus can produce the observed sounds of human languages, though
even here assumptions from some general framework may play a crucial role.

Returning to our general discussion, then, our choice of behavioral data

determines whether we look at Performance Systems, Developmental Systems,

Historical Systems, and Evolutionary Systems. The full talk will outline the

different modeling challenges these pose, and how each relates to the later

types.

2. The choices made in developing the Mirror System Hypothesis

The Mirror System Hypothesis (Arbib 2005, Arbib & Rizzolatti 1997, Rizzolatti
& Arbib 1998) offers an approach to language evolution rooted in the data of
primatology, comparative neurobiology, and neurolinguistics. In terms of the six
Modeling Divides (MDs) presented in the previous section, the Mirror System
Hypothesis makes the following choices:

e MD1: Our ancestors evolved a capability for protolanguage before they
developed language.

e MD2: Models must seek to understand the shared mechanisms that
support signed languages as well as spoken languages.

e The importance of spoken language asks us to understand the evolution
of the vocal apparatus which made it able to produce speech, and the
related mechanisms for perception, and for the neural control of
perception and production.



e MD3: Biological evolution of language must make crucial use of data
on the brain.

e MD4: Biological evolution gave us mechanisms which made the
eventual invention of language possible.

e One needs to understand what the child learns during language
acquisition, and what biological evolution provided to make such
learning possible.

e One needs to understand what happens during historical language
change, and what biological evolution provided to make it possible.

o MDS5: Initially, much of protolanguage was holophrastic.

e MD6: Language evolution rests in part on the exaptation of adaptations
that are not directly related to communication.

e What is the social structure that brings the child into the community
using a specific language, and what neural capabilities are needed in the
brains of the child and its caregivers to support this process?

The full paper will summarize where the Mirror System Hypothesis has offered
a computational model or a conceptual model for a subtopic within the
framework, outlining the modeling approach used and what data have been
addressed in each case. It will also summarize where models from other groups
serve to fill in gaps in our own research within this general framework. It will
then suggest the strategies this implies for comparing the various models with
those that fall on the other side of one or more divides.
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COMPARING MODELS OF LANGUAGE EVOLUTION WITH
THE BRAIN OPERATION DATABASE (BODB)

MICHAEL A ARBIB
University of Southern California, Los Angeles, USA

Models related to language evolution may address very different topics (e.g., speech perception versus neural
localization of syntax). It thus becomes infeasible to provide an a priori set of benchmarks for modeling. As a
result, many modelers will simply choose a limited set of data (which may be imagined rather than empirical)
and offer a model which conforms, more or less, with those data, with little if any assessment of how the model
compares to other models. A similar situation (though perhaps less severe) holds in systems and cognitive
neuroscience. The present paper introduces the Brain Operation DataBase (BODB, pronounced “Beau D-B”)
which was designed to facilitate the calibration of focused neuroscience models of specific phenomena against
each other and available data. The full talk will suggest how the tools it offers may be extended to serve models
of language evolution, and then will invites readers to join in using BODB to document and compare models in
the language evolution domain.

1. Introducing the Brain Operation Database (BODB)

We explain how BODB supports the documentation and comparison of
neuroscience models of specific phenomena against each other and available
data. The key point (see figure below) is that BODB supports automatic
benchmarking — once a set of models is chosen, BODB automatically generates
a set of benchmarks against which the models can be compared. This is
important in a field as heterogeneous as neuroscience (or language evolution) in
which no global set of benchmarks applies across the diversity of the models.

BODB provides a Model Entry Form which enables one to enter all details
pertinent to a model which is being documented. One can then search the
database for relevant entries that need not exist but can simply be linked. Each
model must be given a Title as well as a Brief description. The Architecture is
given first by a Diagram (or Diagrams): Since the model may be hierarchical,
one may choose to use several diagrams with at least one to present the overall
structure of the Model. In some cases, a diagram will explicitly show not only
the immediate submodules but also the further decomposition of some of these.



A Tour of diagram briefly mentions all the modules and makes explicit
how the interactions between them contribute to the function of the model.

The Narrative reviews how the model works and what it does, in relation
to Summaries of Experimental Data (SEDs) and Simulation Results (SSRs)
presented and their relationships.

Summaries of Experimental Data (SEDs) — in the neuroscience domain —
summarize data gathered by neurophysiologists, psychologists, anatomists, brain
imagers, etc., about the actual behavior or brain function and structure of real
animals and humans. An SED should be detailed enough to explain aspects of
the design of the model (Support) or test the model (Explanation or
Contradiction) by explicit comparison with Summaries of Simulation Results
(SSRs) which (no surprise) summarize the results obtained by running the
model with one or more protocols. (In some cases, the SSR will summarize
results of mathematical investigation of the model, rather than simulations.) A
BODB entry must make explicit the relation of the SED to the model as follows:

scene setting: Some data are not actually used either in defining or testing
the model but may strengthen the Model Entry by “setting the scene.”

support: SEDs that support some aspect of model design. Documenting the
relevance forces one to sharpen the presentation of the SED since it has to
contain enough information to constrain model design.

explanation: For SEDs that are explained by one or more SSRs, one has to
document at what level the SSR and SED match. Does the SSR yield a
qualitative or quantitative fit for the data?

contradiction: the case where SSRs contradict the SED. This situation is
subtle, but these subtleties are outside the scope of the abstract.

Another class of entries is that of predictions. Some SSRs may not link to
SEDs in the literature yet be so interesting that one wishes to recast the result as
an empirical Prediction in the hope of encouraging someone to conduct the
necessary investigation.

BODB also allows entries for explicit comparison with Related Models.

For brain modeling, BODB provides two ontologies, a “functional
ontology” for the Model by listing related Brain Operating Principles (BOPs),
and a “structural ontology” in the form of a list of related brain regions. In
extending the use of BODB to models of language evolution, new ontologies
would be needed, extending the general framework for modeling language
evolution described in the companion paper (Arbib 2010).

Clearly, documenting a model in BODB is a non-trivial task. There are
three payoffs: (i) The obvious payoff is that researchers will be able to find an



analytic account of your model to complement published papers. (ii) A second
payoff is the automatic benchmarking feature of BODB which allows one to
search for related models, then to automatically construct a table of the kind
shown below:

Models

SEDs FARS (Fagg - Arbib) Mirror Neuron System Mirror Neuran System 2
(MNS) (Oztop - Arbib) (MNS2) (Bonaiuto -
Rosta - Arbib)

AIP grasp selectivity

AIP praojection to F5

cIPS projection to AIP

Fd reach selectivity

F5 canonical visual
properties

F3 grasp phase
selectivity

F5 grasp selectivity

F35 mirrer praperties

PIP object selectivity

Separation of dorsal and
ventral visual streams

VIP location selectivity

VIP projection to F4

7b projection to F5

Area 7 is reciprocally
connected with STS

Area 7b connection te
visual areas

Area 7b connection with
AIP

cIPS projection to 7a

F5 mirror - broadly
congruenit

F5 mirrer - strictly
congrueni

F5 mirror - transitive
action selectivity

LIP prajection to 7a

MIP projection to 7a

The table lists all the SEDs referred to in the documentation of at least one of
the models. It then provides a column for each model showing the relation
between the model and the SED. This allows one to rapidly compare the models
(the full table for the above comparison indicates that MNS2 explains a number
of SEDs not explained by MNS). (iii) This sets the stage for our current work on
extending BODB functionality (as distinct from documenting more models).



BODB will become an environment for developing new models. The idea is that
one uses a table such as the above (a) to decide whether to extend an existing
model or develop a new one, and (b) to choose a set of the SEDs in the table to
be used to support the model, or which model development will seek to explain.
Thus BODB entry ceases to be an additional chore for model reporting, but
becomes a checklist that grows as modeling proceeds, so that a successful
BODB entry marks successful completion of the current model.

2. Applying BODB to Models of Language Evolution

The full talk will offer a first pass on new ontologies for indexing models of
language evolution, complementing the ontologies of BOPs and Brain Regions
currently used to document brain models. Just as one example, we may expect
models of Performance Systems, Developmental Systems, Historical Systems,
and Evolutionary Systems to have their own specific ontologies, but the
extended BODB must also support the careful analysis of integration across
categories, e.g., in showing how choosing an operating principle for
developmental systems (e.g., based on Universal Grammar or not) influences
the models of historical systems and evolutionary systems.

3. An Invitation

The previous version of BODB is described in a user’s manual which is
available on-line (Plangprasopchok et al. 2006). During February of 2010, a
new release of BODB (based on a major effort by James Bonaiuto) will go live.
The talk will include the URL of the new version and outline how researchers
on language evolution may begin to enter models into the new BODB.

Acknowledgement: The present research was supported in part by the National
Science Foundation Program in Perception, Action, and Cognition under Grant
BCS-0924674 (Michael A. Arbib, Principal Investigator).

References

Arbib, M. A. (2010) Modeling language evolution: A general framework with the mirror system hypothesis as a
special case. Workshop on Models of Language Evolution, 8th International conference on the
Evolution of Language (Evolang8), Utrecht, The Netherlands, submitted.

Plangprasopchok, A., Tinroongroj, N., Bonaiuto, J. B. & Arbib, M. A. (2006) User’s Manual for the Brain
Operation Database: BODB (Version 3 ). http://nsl.usc.edu/BODB/BODB_Manual__09_05_.pdf.



http://nsl.usc.edu/BODB/BODB_Manual__09_05_.pdf

