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Abstract

In this paper, we propose an outline for linguistic research on language change,
as observed in the languages of the world, using neural agent-based models of
emergent communication. We describe how such models could be used to study
morphological simplification, using a case study of language contact in Eastern
Indonesia. A neural architecture is used to represent hypothesized cognitive mecha-
nisms of language change: a generalization mechanism, the procedural/declarative
model, and a phonological mechanism, the hyper & hypo articulation model, that
involves a theory of mind of the listener.

1 Introduction

What happens to language, when an established population of speakers of a language, comes into
contact with a community of strangers, who try to learn their language? Agent-based computer
simulations of interactions between speakers can be effective models to study this question [28]. In
this paper, we will outline how agent-based models with a neural model of production and perception
can be used to study linguistic questions about language change, based on real-world data from the
languages of the world. We will provide the desiderata a neural agent model should fulfill to be able to
study these questions, and give a sketch of a possible model, which we plan to implement in the future.
We want to infer general factors behind language change, by seeing how these general factors surface
in case studies on real languages. Central in this paper is a case study of language contact in Eastern
Indonesia. We will study the hypothesis that morphological simplification is caused by contact
between native speakers of a language (L1) and adult learners, who learn the language as a second
language (L2). We use neural networks as an architecture to implement two cognitive mechanisms that
could lead to morphological simplification: a generalization mechanism, the procedural/declarative
model, and a phonological mechanism for simplifying or clarifying utterances, the hyper & hypo
articulation model, that involves a theory of mind of the listener.

2 Previous work

Agent-based models are used in many areas describing social or cultural processes, for example
to describe social segregation or the spread of religion [12, 26]. Agent models have been used to
describe the evolution of language [7] and to describe concrete instances of language change, for
example change in word order in Dutch [2]. More abstract models from language evolution have
been used to study the influence of social factors (like population size and language contact) on
linguistic structure [6, 20, 25]. In addition to this work on agents for linguistic modelling, agent-based
approaches of emergent communication have been developed in the community of natural language
processing (NLP). Agents in these models use an abstract language to designate objects or images

34th Conference on Neural Information Processing Systems (NeurIPS 2020), Vancouver, Canada.



and have to agree on a name for a certain object [18]. In recent agent models from NLP, deep neural
networks are used as the comprehension and production model [5, 9, 16]. Interesting analyses can be
made about the language neural agents learn, such as the frequency distribution of symbols and word
order [3, 4]. [11] model contact between communities of deep neural agents, and the formation of a
creole language. Some of these models ultimately have the goal of constructing conversational agents
in mind. We will use the same types of neural models, but apply them to study linguistic questions
about how real languages change. [15] suggest that among others linguistics and cognitive science
could contribute to hypotheses to test experimentally in neural models of emergent communication.

3 Method

3.1 Data

As a case study, we consider the linguistic situation at the Alor and Pantar islands in Eastern Indonesia.
Alorese, an Austronesian language, is spoken on the coasts of the islands, while landward, Papuan
Alor-Pantar languages are spoken. Many L1 speakers of Alor-Pantar languages, learn Alorese as a
second language. Alorese lost all of its morphology, when compared to closely related Lewoingu
Lamaholot [23], which has not been in contact with Alor-Pantar languages. It is assumed Alorese
lost its morphology due to adult language contact [22].

Figure 1: Case study: morphological simplification in Alorese, spoken on the Alor & Pantar islands in Indonesia.

We will specifically look at the verb morphology of Alorese: compared to Lamaholot, all verb suffixes,
signifying the subject of the sentence on the verb, have been lost. For example, the third person plural
for the verb lodo ‘to go down’ is lodo-ka (with the 3PL marker -ka) in Lewoingu Lamaholot, while
it is lodo (without person marker) in Alorese. In Alorese, only verb prefixes, on a small number
of vowel-initial verbs, have been retained. As initialization of our model, we use verb forms, and
their affixes from a grammar of Lewoingu Lamaholot [23], which can be seen as the starting state of
Alorese, before it underwent morphological simplification. We use 56 verbs, these are the only verbs
in the grammar explicitly classified as prefixing or suffixing: 17 prefixing and 39 suffixing verbs. As
this grammar is descriptive, there is no distributional data over forms: per verb concept, one verb form
and one prefix/suffix per grammatical person is available. We compare the outcome of the language
in the model to the current state of Alorese from a grammar of Alorese [14] and demographic data,
about the proportion of L2 speakers in Alorese communities [22]. For possible future research on the
lexicon, the digital dataset LexiRumah, which includes Alorese and Alor-Pantar languages, could be
used [13].

As data representation, we choose to stay close to the real language: agents communicate using real
word forms, prefixes and suffixes. Every phoneme in these forms and affixes, is represented as a string
of phonetic features. By staying close to the real language, language-specific factors which make the
case study interesting, such as the phonological vowel-initial retention of prefixes, can be included
in the study. However, we want to test the validity of our model to describe general mechanisms
of language change. Therefore, we plan to evaluate our model, with as much as possible the same
method and data representation, on other case studies of morphological simplification, such as
language contact between Scandinavian languages and Low German (possible dataset: NorthEuraLex
[8]).
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3.2 Task

The task for agents is to successfully communicate about concepts in the world, roughly inspired
by a Lewis signalling game [18] or naming game [29]. Every iteration, every agent in a population
speaks: it picks a concept, produces a form based on that concept and sends it to the listener. In
our case study, we look at verb morphology. We want to analyze the interaction between different
grammatical persons (e.g. 1st person singular, 1SG) in the verb paradigm, and we want to look at
transitivity (a verb having an object), because this determines the affixes being used. Therefore, a
concept consists of a combination of a lexical concept (e.g. verb to go), a person (e.g. 1SG) and a
transitivity (containing object or not) of the sentence. The listener tries to infer the concept from the
received form and points to this object. The speaker then points to the correct object. Based on this
feedback, either only the listener, or the speaker and the listener, update their internal model. We
create a simulation with both L1 and L2 agents. We initialize L1 agents with (train on) a concept-form
mapping from Lewoingu Lamaholot, a precursor of Alorese which has not undergone morphological
simplification. The L2 agents, with a neighboring Papuan language as first language, are initialized
with a random model. We do not initialize the agents with a Papuan language model, since the
literature presupposes no L1 effect on morphology, but rather a general effect of L2 learning at an
adult age [22]. By running a model with and without adult language contact, and comparing the
results to the current state of Alorese (where morphological simplification has taken place), we can
test the hypothesis that adult language contact was responsible for morphological simplification.

3.3 Investigating cognitive factors

In our model we will implement two cognitive mechanisms: Ullman’s declarative/procedural model
of language learning [31, 32], and a phonological component, Lindblom’s H&H model [19] (Figure
2).
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Figure 2: Cognitive mechanisms: the declarative/procedural model, used during comprehension and production,
and the H&H model, used during production, re-entering the produced utterance in the comprehension system.

A number of theories account for the differences between L1 and L2 language processing, leading
to morphological simplification during adult language contact, including: a critical threshold age
for learning languages [17], missing surface inflection [24] – which assumes that adult learners have
knowledge of inflection, but cannot realize it –, a noise channel-based approach (where L2 speakers
have less information to decode) [10], and the role of the L1 knowledge when learning L2 [1, 27].
We choose Ullman’s declarative/procedural model as cognitive mechanism of language learning and
generalization. According to the procedural/declarative model, grammar is produced by a procedural
cognitive system, while the lexicon is memorized in a declarative cognitive system. In L2 learners,
linguistic forms which are normally produced in the procedural system, such as morphology, are
memorized in the declarative system. We hypothesize this computationally heavy memorization
step in L2 speakers leads to simplification. According to the theory, based on age of acquisition and
experience, morphology may be produced more via the procedural system also in L2 speakers. We
do not claim that the declarative/procedural model is the only mechanism at play, for example, some
of the aforementioned mechanisms may play a role, but Ullman’s mechanism is the perspective we
will use to approach our problem.

Furthermore, we add a phonological component, because in the data of our Alorese case study,
morphological simplification is also phonologically conditioned. We use Lindblom’s hyper and
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hypo articulation theory: speakers produce a form more clearly or less clearly (e.g., drop an affix),
depending on their estimation of intelligibility by the listener. This requires the speaker to have a
theory of mind about the listener. One option is re-entrance [30]: the speaker interprets its utterance
using its own language comprehension system, as if it was the listener. Another option would be to
take the characteristics of the listener (e.g. L1 or L2) into account, but this assumes that these listener
characteristics are available to the speaker. The H&H articulation component turns the problem of
zero-shot learning upside down. Instead of burdening an L2 listener, who hears a form for the first
time, with the task to infer an concept, the speaker will try to adjust his pronunciation to the L2
listener.

3.4 Neural model

We want to implement the proposed cognitive mechanisms (section 3.3) in a neural network, which
serves as a language comprehension and production model of every agent in the simulation. It is a
challenging task to implement cognitive mechanisms in a neural model, since it is not trivial how a
certain cognitive trait (e.g. generalization versus no generalization) can be translated into a neural
network architecture. Therefore, we will propose some possible ideas, and draw from the literature
on neural emergent communication. We want to develop a model that is cognitively plausible: it
should consist of cognitive modules which can be postulated in humans, and the model should be
able to exhibit to some extent human language processing behaviour in an agent-based simulation.
At the same time, the implementation does not have to be neurally plausible: the structure of the
neural network does not have to mimic the structure of the brain. A deep neural network is merely a
powerful and robust model, to be able to implement our cognitive mechanisms. The network will
perform a reinforcement learning task, where the communicative success is the reward. As in [11],
we think a modular structure of the network can well represent our cognitive mechanisms. A specific
challenge is the relatively small amount of data in our setting, which may call for specific network
architectures or data augmentation.

We will implement a declarative and a procedural module, in both L1 and L2 agents. The procedural
system facilitates generalization over different concepts, grammatical persons and sentence transi-
tivities. The declarative system performs no generalization, but instead memorizes concept-form
mappings. It is an open question how this generalization versus no generalization can be implemented
in a neural network. A possible approach could be to model the procedural model using a smaller
number of nodes, and add dropout and regularization, forcing it to generalize over training examples.
The declarative system could consist of a larger number of nodes and layers, nudging it to overfit.
In L1 agents, there is a stronger bias towards using the procedural module, while L2 agents use the
declarative module more, but are able to shift to the procedural system after gaining more experience.
The weights which modulate procedural versus declarative system usage, should thus be initialized
differently for L1 and L2 agents, but be able to be change by experience.

The other cognitive mechanism, the H&H articulation model, could involve a step of re-entrance:
how would a speaker’s utterance be perceived if the speaker had to interpret it himself? This could
possibly be implemented using a game setting like self-play [21], where an agent plays against itself.
Based on the estimated intelligibility of the utterance, the utterance is produced clearer or sloppier.
This post-processing step of an utterance, can be performed in a separate module of the network.
This module will need to have knowledge of how exactly a word form can be pronounced clearer or
sloppier (e.g. dropping an ending), possibly by pre-training on language data.

4 Conclusion

We have described a dataset, task and model that show how neural models of language production
and comprehension can be used in an agent-based setting to study language change, using data from
languages of the world. We sketched how the declarative-procedural model, responsible for linguistic
generalization, and the hyper & hypo articulation model, which involves a theory of mind through
re-entrance, could be implemented in a neural model. Further research is needed to determine the
precise architectures to implement these mechanisms, specifically in a small data setting. We hope
the techniques proposed help to develop models that can better explain language change, and by
doing this, eventually shed light on human (pre)history.
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