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Chapter 1

Introduction

Human language is not a static entity but a dynamic system undergoing con-
tinuous change and evolution. Its linguistic structure is shaped by mechanisms
operating across di�erent time-scales (Elman, 1995; Steels, 2000; Beckner et al.,
2009). On shorter time scales, interaction and communication facilitate the
negotiation of new meanings, while on longer time scales, processes such as
learning and transmission across generations give rise to emergent linguistic
patterns and enhance learnability (Smith, 2022).

While the languages of the world exhibit vast diversity, they also reveal uni-
versal common patterns (Greenberg, 1963). For instance, words with high
frequency are commonly short compared to low-frequency words with longer
word lengths. This statistical reverse relationship between word length and
usage frequency is generalized as Zipf’s law of abbreviation (Zipf, 1949). For
example, the most common words in English, such as the, a, and of, are typi-
cally very short, while rare, highly specific words like hemidemisemiquaver (i.e.
a sixty-fourth music note) or prestidigitation (i.e. the art of performing magic
tricks) are long and rare. Beyond this lexical pattern, universal tendencies also
manifest in syntactic and morphological structures.

It has been suggested that these shared linguistic features can be understood as
adaptations to the contexts in which language is used and transmitted (Chris-
tiansen and Chater, 2008; Kirby et al., 2015; Smith, 2022).
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1.1. Studying the Emergence of Language Universals

1.1 Studying the Emergence of Language Universals

To analyze these universal patterns, typological studies analyze language
data gathered from diverse time periods and geographical locations. Although
this approach has led to the discovery of numerous linguistic universals (Green-
berg, 1963; Croft, 2003), it does not reveal the underlying mechanisms involved
in the emergence of these patterns (Fedzechkina et al., 2016).

Experiments with human participants can address this shortcoming by
testing in the lab the precise mechanisms that may contribute to the emergence
of commonly observed linguistic features (Fedzechkina et al., 2016; Smith,
2022). Such experiments allow researchers to observe the emergence of novel
communication systems through social coordination when participants play
language games, or through cultural transmission via an artificial language

learning (ALL) paradigm. During these games, participants engage in con-
trolled language learning tasks that model various transmission dynamics like
cultural transmission over generations, or communicative interaction between
individuals. The language design in these experiments is typically guided by
specific hypotheses about certain linguistic features and how they may arise in
language as an adaptation to, for example, communicative needs or learning
constraints.These methods allow for a degree of experimental control and may
reveal causal relationships between certain mechanisms and the emergence of
common patterns.

Kirby et al. (2008), for example, simulated the emergence of compositionality
through cultural transmission, where initially unstructured artificial languages
were repeatedly learned and transmitted to the next participant, resulting in
more regular and learnable languages. Words that could not be remembered
easily by the participants were harder to reproduce during transmission to the
next generation, and therefore had a higher chance to undergo changes. Words
that survived after transmission over multiple generations tended to be more
compositional, as being more structured implied better learnability. Besides
such ‘vertical’ transmission, experimental ALL approaches have also been used
to simulate ‘horizontal’ transmission in which signals are transmitted through

2



Chapter 1. Introduction

communication within a group (Raviv et al., 2019; Smith, 2024). Raviv et al.
(2019), for example, investigated the e�ects of community size on language
structure, and found that languages developed in larger groups are more sys-
tematic than those developed in smaller groups.

Beyond compositionality, a wide range of linguistic aspects has been explored,
including syntactic patterns like word order or morphology (Christensen et al.,
2016; Saldana et al., 2021b; Motamedi et al., 2022), a tendency to reduce
dependency lengths (Fedzechkina et al., 2018; Saldana et al., 2021a), colexifi-
cation patterns and the role of iconicity or metaphor in the emergence of new
meanings (Verhoef et al., 2015, 2016; Tamariz et al., 2018; Karjus et al., 2021;
Verhoef et al., 2022), and combinatorial organisation of basic building blocks
(Roberts and Galantucci, 2012; Verhoef, 2012; Verhoef et al., 2014). Thus, this
well-established experimental approach has proven to be both convincing and
reliable, e�ectively filling the gap in providing direct causal inferences for the
emergence of language universals (see Fedzechkina et al. (2016) and Culbertson
(2023) for a detailed survey of this experimental ALL paradigm).

However, this approach has several shortcomings. First, the selection of par-
ticipants and their prior language knowledge is likely to influence the findings
obtained from these experiments (Culbertson, 2023). As most studies predom-
inantly recruit native English speakers, results may generalize poorly to partic-
ipants of other language backgrounds. Second, scaling up these experiments is
particularly challenging. Due to the nature of the lab training procedure, the
languages learned by participants are often quite small and do not match the
complexity of real human languages. In addition, time and budget constraints
limit the scope of ALL experiments to short-term learning, few rounds of in-
teractive communication, and small numbers of participants compared to real
linguistic communities.

The use of agent-based modeling techniques has been proposed as a suit-
able solution that enables direct causal inference and facilitates scalability. As
a productive approach to studying the emergence and evolution of linguis-
tic systems, agent-based modeling has a long-standing tradition in language
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1.2. Studying the Emergence of Language Universals

evolution research (Hurford, 1989; Hare and Elman, 1995; Steels, 1997). In
this context, agents are typically modeled as individual language users, with
their capabilities, linguistic knowledge, and interaction behaviors designed and
updated according to the specific research objectives. These agents typically
maintain an evolving lexicon and shared knowledge about the environment, up-
dating their understanding based on predefined interaction rules (see De Boer
(2006) for a survey of early models on vertical and horizontal transmission of
simple languages). Within this line of research, iterated learning, a well-known
paradigm introduced by Kirby (2001), is used to simulate language evolution
over generations on a longer timescale. In this paradigm, a child agent learns
from its parent agent in the same way the parent learned from its predecessor.
Similarly to its counterpart with human learners in the lab, this work demon-
strated that compositionality can also emerge from initially unstructured lan-
guages in populations of agents through the process of language learning and
transmission.

These traditional agent-based methods allow direct verification of the underly-
ing language feature emergence hypothesis, by modeling the language change
dynamics from reality to a high-level abstraction. Research with these models
was highly productive in the 1990’s and early 2000’s, and led to numerous im-
portant insights for the field of language evolution. However, these methods
were limited by computational resources available at that time and were often
criticized for lacking realism (Cangelosi and Parisi, 2002).

Recent advances in deep learning have significantly enhanced the capabilities
of these agent-based methods to deal with more complex, larger-scale com-
munication tasks. Moreover, the impressive linguistic abilities displayed by
deep-learning language models trained on the full complexity of natural lan-
guage corpora have led to a renewed interest in agent-based simulations of
emergent communication and language evolution.

4



Chapter 1. Introduction

1.2 Neural Network-Based Emergent Communica-

tion

The rapid advancements in deep learning have driven remarkable success in
modern large-scale natural language processing (NLP). These achievements un-
derscore the strong learning and generalization capabilities of neural networks.
This has triggered a renewed interest in adopting neural network-based agents
to simulate the emergence of novel linguistic protocols from scratch (Havrylov
and Titov, 2017; Kottur et al., 2017; Lazaridou et al., 2017; Lazaridou and
Baroni, 2020).

On the one hand, this line of work draws inspiration from the interactive na-
ture of human language to enhance AI systems (Mikolov et al., 2018). In this
context, emergent communication is used to facilitate interactions within an
environment of agents using more flexible, non hand-crafted task-solving pro-
tocols (Foerster et al., 2016; Taniguchi et al., 2024). Additionally, the use of
multi-agent communication techniques has been explored to improve the ability
of deep learning chatbots pre-trained on human language corpora to interact
with human users (Lazaridou et al., 2017; Das et al., 2017; Lazaridou et al.,
2020).

On the other hand, neural-agent emergent communication paradigms con-
tribute to advance the exploration of the underlying mechanisms of human
language evolution, which are the focus of this thesis. Within this line of re-
search, pairs of agents are often simulated to play language games, where a
speaking agent attempts to help a listening agent recover an intended meaning
by generating a message that the listener can interpret (Lazaridou et al., 2017).
These agents typically invent and negotiate their languages from scratch,
that is, starting from a set of random symbols with no pre-defined meaning
or structure. Studies in this domain typically investigate the relationship be-
tween the emergence of human-like language properties in these successfully
communicated agents’ languages, and the simulated factors hypothesized to
shape human languages.
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1.2. Neural Network-Based Emergent Communication

In this later context, compositionality has been by far the most widely stud-
ied language feature (Li and Bowling, 2019; Kottur et al., 2017; Ren et al.,
2020; Mordatch and Abbeel, 2018; Choi et al., 2018; Lazaridou et al., 2017;
Resnick et al., 2020). Specifically, the previously established influence of iter-
ated learning on the emergence of compositionality has been replicated with
these modern agent setups (Ren et al., 2020; Li and Bowling, 2019; Cogswell
et al., 2019; Zheng et al., 2024). Besides the process of language transmis-
sion over generations, constraints such as model capacity (Resnick et al., 2020)
and memory bottlenecks (Kottur et al., 2017) have also been shown to be key
factors in inducing compositionality in neural agent emergent communication.

Additionally, numerous studies explore other influencing factors, such as com-
munity level dynamics (Harding Graesser et al., 2019; Tieleman et al., 2019;
Kim and Oh, 2021; Michel et al., 2023) and multi-modal perception (Lazari-
dou et al., 2018; Choi et al., 2018). Some research has also examined various
syntactic and pragmatic linguistic features, including word-order preferences
(Chaabouni et al., 2019b; Kuribayashi et al., 2024) and communication e�-
ciency (Chaabouni et al., 2019a; Lowe et al., 2019; Kharitonov et al., 2020).
For a comprehensive overview of this domain, we refer to the survey of Lazari-
dou and Baroni (2020) and the more recent survey of Boldt and Mortensen
(2024).

Since the agents fully invent their own language from scratch in the typical
emergent communication setup, there is a key challenge in this line of research:
analyzing the emergent protocols developed by agents is inherently di�cult.
The languages they invent are only comprehensible to the agents involved in
the game. Therefore, the majority of current evaluations for the agents’ pro-
ductions still focus on very general high-level features like compositionality or
generalizability (Lazaridou et al., 2018; Chaabouni et al., 2020), with metrics
like topographic similarity (Brighton and Kirby, 2006) being often used. Thus,
a major obstacle lies in the need to decrypt the protocols and manually ground
them into understandable natural language or identifiable linguistic features —
a process constrained by the absence of a standardized methodology, making
systematic comparisons challenging (Boldt and Mortensen, 2022, 2024). A fur-
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Chapter 1. Introduction

ther limitation lies in the fact that the typical emergent communication setup
requires agents to negotiate a set of symbols to refer to a set of world entities,
akin to the emergence of a vocabulary. This makes the ‘from-scratch’ approach
unsuitable to study the emergence of more structured language properties, such
as in the realm of syntax.

To address this challenge and increase the applicability of neural-agent com-
munication techniques to study the origins of more language universals, this
thesis introduces a novel framework where neural network-based agents

learn to communicate using pre-defined artificial languages, directly
inspired by ALL experiments with human participants.

1.3 Neural-Agent Language Learning and Commu-

nication Framework (NeLLCom)

As the main contribution of this thesis, we develop a novel neural-agent frame-
work to study the emergence of language universals. In NeLLCom, agents
start from learning a pre-defined artificial language before interacting with
each other. This ALL paradigm is inspired by experimental research in human
language learning, where the design of the artificial languages focuses on spe-
cific linguistic properties of interest. For example, an artificial language may
be designed to convey simple actions involving two entities, with variants of
this language displaying di�erent word orders. We then model the interactive
nature of language systems by letting those agents participate in meaning re-
construction games. During the game, a listener is asked to reconstruct the
input meaning according to the speaker’s utterance which is the description of
that input meaning. As both listener and speaker are pre-trained, the commu-
nication protocol does not need to be built up from scratch. Instead, symbols
of the utterances already have a pre-defined mapping towards the world entity
they represent (in other words, the vocabulary has already been established),
but crucially an aspect of the language syntax (e.g. its word order) may be in
a suboptimal state of unpredictable ambiguity.

Consequently, our work examines how the structure of agent productions

7



1.4. Neural-Agent Language Learning and Communication

Framework (NeLLCom)

evolve during interaction under di�erent influencing factors, and starting
from slightly di�erent initial languages. The use of pre-defined artificial lan-
guages distinguishes our approach from models that initiate communication
from scratch or rely on pre-trained models with large-scale natural language
corpora. By closely simulating human experimental setups, the productions
of agents can be directly compared to those of the human participants, e�ec-
tively addressing the shortcomings of the prevailing emergent communication
paradigm. Simulating language learning and use under a unified framework
aligns with modern approaches to the study of language evolution, which cen-
ter on the strong interplay between processes of language acquisition and com-
municative need in shaping human languages Christiansen and Chater (2008);
Kirby et al. (2015); Smith (2022); Verhoef et al. (2022)

In this thesis, we first introduce a basic version of NeLLCom, where agents
have complementary roles, i.e., one always acts as speaker and the other al-
ways as listener (Chapter 3). To make the framework more scalable and
better resemble real human interaction, we then modify the agent design to
support role alternation, resulting in full-fledged agents which can both speak
and listen (Chapter 4). The resulting NeLLCom-X framework thus extends
its simulation scope to include group communication and interactions among
di�erent language learners.

By exploring various settings and language phenomena, this thesis will demon-
strate that NeLLCom agents replicate human-like linguistic patterns when sub-
ject to a communicative pressure. Additional experiments will show that our
simulations can be scaled up to larger-scale agent populations, and that the
framework is adaptable to study di�erent language phenomena, making NeLL-
Com a useful tool for language evolution researchers interested in scaling up
their ALL experiments and in refining their hypotheses before carrying out
costly human experiments.

8



Chapter 1. Introduction

1.4 Word Order and Case Marking

While NeLLCom simulates general language learning and communication pro-
cedures and can be adapted to study many other language phenomena, this
thesis focuses on the interplay between word order and case marking as a use
case. Specifically, we investigate the origins of two widely attested language
phenomena: (i) the trade-o� between word order flexibility and case marking,
and (ii) di�erential case marking.

Word order, as one of the essential syntactic features of languages, has long
been studied through linguistic typology and experimental research. Cross-
linguistic typological studies (Dryer, 2005) show that the large majority of
world languages have either Subject-Object-Verb (SOV) or Subject-Verb-Object
(SVO) as the dominant constituent order, yet most languages permit some de-
gree of word order variation. For example, both Russian and English use SVO
as their basic word order. However, Russian allows a much greater flexibility in
word order than English, accompanied by a richer morphological system (Gell-
Mann and Ruhlen, 2011). More specifically, case marking refers to the use of
morphological markers, such as su�xes, to indicate the grammatical function
of pronouns, nouns and their modifiers within a sentence.

While both word order and case marking can be key features of a language, each
describing di�erent aspects of its typological properties, they are largely redun-
dant strategies for conveying the syntactic roles of sentence constituents, lead-
ing to a well-known trade-o� (Sinnemäki, 2008; Futrell et al., 2015): flexible
order typically correlates with the presence of case marking (e.g. in languages
like Russian or Japanese), while fixed order is often observed in languages
with little or no case marking (e.g. English or Chinese). This is illustrated
by Example 1, where the order of two noun phrases in a Japanese sentence is
switched without a�ecting the meaning (‘Mary reads the book’), as the case
marker ’R’ indicates ’%’(book) is the object and case marker ’�’ indicates
’>J⌧’(Mary) is the subject. However, in English (Example 2) and Chinese
(Example 3), the subject ‘Mary’ can only be placed before the verb, while the
object (‘book’) can only be placed after it as the fixed Subject-Verb-Object

9



1.4. Word Order and Case Marking

order is the only strategy to assign semantic roles in these languages.

(1) a. >J⌧�
Mary

�.
the

%R
book

<S .
read.

‘Mary reads the book.’[X]

b. �.
the

%R
book

>J⌧�
Mary

<S .
read.

‘Mary reads the book.’[X]

(2) a. Mary reads the book. [X]

(3) a. õ=
Mary

˚Ü
read

Ÿ,
the

f
book.

‘Mary reads the book.’ [X]

An important aspect of variation among case marking languages concerns the
extent to which case markers can be omitted depending on semantic and
pragmatic features of the arguments, a phenomenon known as di�erential

case marking (De Hoop and Malchukov, 2008; Sinnemäki, 2014; Witzlack-
Makarevich and Serûant, 2018; Levshina, 2021). Example 4 below (adapted
from García (2018); Levshina (2021)) illustrates di�erential case marking in
Spanish. In this language, subjects (‘Pepe’) are not marked while objects are
only marked if referring to a human (or animate) entity (‘actriz’) but not if
referring to an inanimate entity (‘película’).

(4) a. Pepe
Pepe

ve
sees

la
the

película.
film.

‘Pepe sees the film.’

b. Pepe
Pepe

ve
sees

a
TO

la
the

actriz.
actress.

‘Pepe sees the actress.’

Beyond typological distributions, these two common phenomena have also been
extensively investigated through experiments based on artificial language learn-
ing (ALL) paradigms.
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Among these, Fedzechkina et al. (2017) focus on the trade-o� between word
order and case marking. In their study, two groups of participants learned
artificial languages with optional markers but di�erent word orders (fixed vs.
flexible). After training, learners of the fixed-order language reduced the case
marking proportion, whereas learners of the flexible-order language used case
marking more frequently and asymmetrically, favoring its use with less common
word orders, indicating the successful replication of this trade-o�.

Smith and Culbertson (2020) ran a large-scale experiment to study the emer-
gence of the di�erential case marking (DCM) phenomenon and focused on
the influence of learning and communication pressures on language univer-
sals. Building on prior work by Fedzechkina et al. (2012), they conducted
experiments where participants learned an artificial language with animate vs.
inanimate entities. An interaction phase was introduced after the final learning
session, where participants communicated with a chatbot. The results of the
experiment showed that DCM did not emerge during learning, but only during
the subsequent interaction phase, suggesting that learning alone is insu�cient
to explain the emergence of di�erential object marking; rather, communicative
interaction plays a crucial role in shaping an e�cient case-marking system.

In addition to these human experimental studies, a few studies have investi-
gated word order and case marking universals through agent-based modeling
approaches. Following a classical agent-based modeling approach, Lestrade
(2018) simulated the emergence of DCM by designing a computational model in
which relatively simple agents communicate with each other using words from
an initial lexicon, modeled as a list of randomly generated vectors. Marking
strategies, heuristics for interpreting messages and grammaticalization princi-
ples were explicitly built-in to examine their combined or separate impact on
the emergence of DCM. Their simulation shows that argument marking can
evolve gradually as languages adapt to usage.

In a shift towards deep learning approaches, Chaabouni et al. (2019b) inves-
tigated whether recurrent neural network-based agents have particular word
order biases, and whether these resemble the tendencies observed in natural
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languages. They implemented an iterated learning process (Kirby et al., 2014)
using neural agents trained on hand-designed artificial languages, and exam-
ined their productions over generations. The results were mixed, showing a
human-like tendency to avoid long-distance dependencies but no clear trend
towards trading o� between word order and case marking to avoid redundancy.

Our first study presented in Chapter 2 re-evaluates the findings of Chaabouni
et al. (2019b), in light of several key factors known to play important roles in
comparable experiments and simulations within the field of language evolution.
Focusing on the same word-order/case-marking trade-o�, Chapter 3 intro-
duces a novel artificial language training paradigm for neural agents (NeLL-
Com) that combines supervised and reinforcement learning, and successfully
replicates the trade-o� in a pairwise communication setup. Chapter 4 further
improves the agent architecture and investigates whether a similar trade-o�
also emerges at the group level within the extended framework, NeLLCom-X.
Finally, Chapter 5 validates the applicability of our framework to simulate a
related but di�erent phenomenon, namely di�erential case marking.

1.5 Thesis Overview and Research Questions

In this dissertation, we set out to answer the following research questions:

RQ-A Can the introduction of more realistic simulation factors

lead to the emergence of a word-order/case-marking trade-o�

in neural-agent iterated language learning?

Specifically, in Chapter 2, we re-assess the findings of an existing supervised
neural-agent iterated language learning framework (Chaabouni et al., 2019b),
which failed to replicate the emergence of a word-order/case-marking trade-
o�. We investigate the role of specific factors known to a�ect human language
evolution through the three following sub-questions:

RQ-A.1 How does a least-e�ort bias a�ect the emergence of the word-order/case-
marking trade-o�?

12
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An e�ciency-based account is widely accepted as a key factor in shaping natu-
ral languages (i Cancho and Solé, 2003; Kanwal et al., 2017; Fedzechkina et al.,
2017). However, neural network learners are known to be di�erent from hu-
mans in terms of biases. In this question, we investigate whether hard-coding
an utterance-length penalty into the agents as an explicit pressure to minimize
e�ort can lead to a human-like word-order/case-marking trade-o� in agent
simulations.

RQ-A.2 How can input variability impact the emergence of the word-order/case-
marking trade-o�?

We notice another possible discrepancy between human language evolution
processes and agent language learning in the previous simulations. In artifi-
cial language learning experiments involving human participants, unpredictable
variation is a common and crucial feature of the designed languages (for exam-
ple, case marking is optional in (Fedzechkina et al., 2017) or ambiguous with
two plural marker forms in (Smith and Wonnacott, 2010)). By contrast, in
the languages of Chaabouni et al. (2019b) both word order and case marking
systems are fully systematic, leaving little space for a neural network to make
changes or optimize this system. We introduce two levels of variability into
the languages and evaluate agent production preferences in response to these
unpredictable variations. We also test the combined e�ect of input variability
and least-e�ort bias.

RQ-A.3 How does a learning bottleneck influence the emergence of the word-
order/case-marking trade-o�?

The learning bottleneck has been proposed as a key pressure driving language
regularization (Smith et al., 2003; Brighton et al., 2005; Kirby et al., 2014).
In the original iterated learning framework (Kirby, 2001; Kirby et al., 2008),
this pressure is realized by transferring only partial utterances or incomplete
sets of signals from a generation to the next one. However, in the neural agent
training setup of Chaabouni et al. (2019b), the large majority of the meaning
space (80%) was used to train the next generation. We study the role of the
learning bottleneck by gradually reducing the proportion of meanings provided
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to the agents during training.

We find that all three tested factors have visible e�ects on the agent pro-
ductions. However, no factor or combination of factors lead the agents to
optimize their language for e�ciency without quickly incurring in a collapse of
the communication system, suggesting the existing framework is not suitable
to replicate the emergence of a human-like trade-o�.

RQ-A is based on the following published research article:

Yuchen Lian, Arianna Bisazza, and Tessa Verhoef. 2021. The e�ect of ef-
ficient messaging and input variability on neural-agent iterated language
learning. In Proceedings of the Conference on Empirical Methods in Nat-
ural Language Processing (EMNLP), pages 10121–10129. Association for
Computational Linguistics

Building on the previous chapter’s findings, we set out to design a new neural-
agent framework combining the classical supervised learning objective with a
communicative success objective. This leads to the next research question,
addressed in chapter Chapter 3:

RQ-B Does a human-like word-order/case-marking trade-o�

emerge in communicative neural agents?

It has been proposed that more natural settings of agent language learning
and use might also lead to more human-like patterns (Mordatch and Abbeel,
2018; Lazaridou and Baroni, 2020; Kouwenhoven et al., 2022; Galke et al.,
2022). In line with this proposal, Chapter 3 introduces a novel Neural-agent
Language Learning and Communication framework (NeLLCom), which com-
bines the standard supervised learning objective with a communication learning
phase based on a meaning reconstruction game. To enable a direct comparison
with human production preferences, we adopt artificial languages that were
designed with inherent variability and used in previous human experiments on
the trade-o� by Fedzechkina et al. (2017). We then investigate the following
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sub-questions:

RQ-B.1 Does introducing communicative success lead to the regularization of
word order and case marking?

We first apply supervised learning to teach agents the meaning-to-utterance
mapping defined by a given artificial grammar. To introduce a communication
pressure, we further set up a meaning reconstruction game, where a speaking
agent tries to convey a given meaning to a listening agent via an utterance.
Both agents are rewarded based on task success, optimized through reinforce-
ment learning. By analyzing how agent productions change over the course of
communication learning, we uncover the agents’ intrinsic preferences towards
di�erent strategies to convey argument roles.

RQ-B.2 To what extent does the trade-o� observed in the productions of in-
dividual communicative agents resemble that observed in human participants?

Because our artificial languages are borrowed from Fedzechkina et al. (2017),
we can compare agent productions directly to the productions of their human
participants. Specifically, we look at word order and marker use preferences,
both at the level of speaker-listener pair and at the level of a population of
agent pairs.

As demonstrated by Fedzechkina et al. (2017), the specific strategy employed
by each human participant reveals considerable variation at the individual level.
A similar variation is found in the agents’ production. At the population level,
we find an inverse relationship between uncertainty and utterance length, which
aligns with human results and confirms the key role of communicative pressure
in replicating language universals.

RQ-B is based on the following published research article:

Yuchen Lian, Arianna Bisazza, and Tessa Verhoef. 2023. Communication
drives the emergence of language universals in neural agents: Evidence
from the word-order/case-marking trade-o�. Transactions of the Asso-
ciation for Computational Linguistics, 11:1033–1047
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While the basic NeLLCom framework succeeds at replicating the emergence of
a word-order/case-marking trade-o�, the agents are still relatively simple, and
only able to either speak or listen. By contrast, human language users are obvi-
ously able to act both as a speakers and listeners. In human ALL experiments,
participants also usually take turns being the speaker and listener (Roberts
and Galantucci, 2012; Verhoef et al., 2015; Kirby et al., 2015; Namboodiripad
et al., 2016; Verhoef et al., 2022). Additionally, interaction in NeLLCom can
only be simulated between pairs of agents, whereas human languages emerge
in much larger populations. By means of both typological studies and human
experiments, population size has been found to correlate with salient language
properties, such as morphological complexity (Raviv et al., 2019) and system-
aticity (Lupyan and Dale, 2010). The importance of studying interaction in
larger groups of role-alternating agents motivates our next research question:

RQ-C What are the necessary ingredients to scale up NeLL-

Com to larger populations?

We address this question in Chapter 4 by extending NeLLCom in two ways:
First, role alternation is achieved by parameter sharing between the speaker
and listener networks and by introducing a self-play procedure during com-
munication. Then, the resulting ‘full-fledged’ agents are made interact in
larger groups using a turn scheduling algorithm. The extended framework,
NeLLCom-X, enables us to investigate two new research questions:

RQ-C.1 Do the new full-fledged agents adapt to each other when they start
interacting after being trained on di�erent languages?

Role alternation in NeLLCom-X makes it possible to investigate communica-
tion between speakers of di�erent languages, i.e. agents that have been initially
trained on di�erent languages. We consider a number of pairwise communica-
tion scenarios where one agent is always trained on a neutral language, while
the other starts from languages with di�erent word-order and case-marking
properties. We expect the agent pairs to negotiate a mutually understandable
language, and the neutral language to drift in di�erent directions according to
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the interlocutor’s language.

RQ-C.2 How does group size a�ect the emergence of the word-order/case-
marking trade-o�?

Natural languages typically have more than two speakers, and the community
size is proposed as a factor that can shape the language structure. Typological
data indicate that languages in larger communities tend to be simpler than
those in smaller, isolated groups (Wray and Grace, 2007; Lupyan and Dale,
2010), a pattern also confirmed by human experiments (Raviv et al., 2019).
In this research question, we investigate whether the same can be seen in
populations of neural agents and whether the word-order/case-marking trade-
o� also emerges at the group level.

In the scenario of two agents initially trained on di�erent languages, we show
that agent pairs succeed in negotiating a mutually understandable language
whose properties largely depend on the language with stronger initial biases.
In larger group communication scenarios, where all agents are initially trained
on the same language, we see a larger entropy reduction in the languages used
by larger groups as compared to the languages used by pairs of agents. This
result aligns with experimental findings by Raviv et al. (2019), who found that
larger groups of participants use more systematic languages.

RQ-C is based on the following published research article:

Yuchen Lian, Tessa Verhoef, and Arianna Bisazza. 2024. NeLLCom-X:
A comprehensive neural-agent framework to simulate language learning
and group communication. In Proceedings of the Conference on Compu-
tational Natural Language Learning (CoNLL), pages 243–258. Associa-
tion for Computational Linguistics

So far, we demonstrated the success of NeLLCom and NeLLCom-X in repli-
cating the emergence of one particular language universal, using the word-
order/case-marking trade-o� as a case study. In the last research question
we explore the possibility of applying our framework to study a related but
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di�erent linguistic phenomenon.

RQ-D Can the NeLLCom-X framework be used to simulate the

emergence of another case marking universal?

In natural languages, marker use is influenced not only by word order but also
by the semantic and pragmatic properties of the arguments, a phenomenon
known as di�erential case marking (DCM). In Chapter 5, we use DCM as
another case study to validate the broader applicability of NeLLCom-X, and
investigate the following sub-questions:

RQ-D.1 To what extent does the DCM observed in communicative agents’
production resemble that of human participants?

The underlying mechanism of DCM remains debated. In human language
experiments, Fedzechkina et al. (2012) propose that DCM arises from learning.
However, Smith and Culbertson (2020) found di�erent results, suggesting that
DCM emerges in real communication rather than through learning. The two-
fold experimental design of Smith and Culbertson (2020), including a learning
phase followed by interaction, aligns well with the general idea of NeLLCom,
making the agent-human comparison particularly relevant in this context. We
follow their setup and adopt their artificial language, specifically one that is
designed to simulate real flexible-order languages, where one order is typically
dominant over the others.

RQ-D.2 How does the order distribution of the initial language a�ect the
emergence of DCM in neural agents?

We hypothesize that an initially uneven word order distribution, while typical
in natural languages, may constitute a confounder in the simulation of DCM.
Namely, neural agents may amplify input biases in general as a form of regular-
ization, and in turn this may complicate the interpretation of the results. To
disentangle input bias from the emergence of DCM, we also experiment with
a neutral-order language where SOV and OSV are evenly distributed.

Aligning with the claims of Smith and Culbertson (2020), we find that neural
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agents develop a human-like DCM pattern after interaction in both dominant-
order and neutral-order setups, highlighting the critical role of communication
in shaping DCM. Additionally, we observe that the initially neutral-order lan-
guage leads to a more pronounced di�erential marking of objects and subjects.

RQ-D is based on the following research article:

Yuchen Lian, Arianna Bisazza, and Tessa Verhoef. 2025. Simulating
the emergence of di�erential case marking with communicating neural-
network agents. In Proceedings of the Annual Meeting of the Cognitive
Science Society (CogSci)
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Chapter 2

Neural-Agent Iterated Language Learning:

Three Missing Factors

Natural languages commonly display a trade-o� among di�erent strategies to
convey constituent roles. A similar trade-o�, however, has not been observed
in recent simulations of iterated language learning with neural network based
agents (Chaabouni et al., 2019b). In this chapter, we investigate whether
introducing some essential human cognitive biases and common ALL design
principles inspired by human experiments can lead to the emergence of a word-
order/case-marking trade-o� in an existing supervised neural-agent iterated
language learning framework (Chaabouni et al., 2019b), which failed to find
such a trade-o� previously. Concretely, we ask:

RQ-A Can the introduction of more realistic simulation factors

lead to the emergence of a word-order/case-marking trade-o�

in neural-agent iterated language learning?

Specifically, we re-evaluate Chaabouni et al. (2019b)’s finding in light of three
factors known to play an important role in comparable experiments and simu-
lations from the Language Evolution field. We first introduce a least-e�ort bias
by hard-coding a short utterance selection algorithm to model the speaker bias
towards e�cient messaging. Then we introduce two levels of variability into
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the input language – originally fully systematic in Chaabouni et al. (2019b)
– to better simulate the unpredictable variation commonly present in human
ALL experiments. Finally, we simulate a learning bottleneck – a key pressure
driving language regularization (Smith et al., 2003; Brighton et al., 2005; Kirby
et al., 2014) – under the variable input languages learning setup. Our simu-
lations show that neural agents mainly strive to maintain the utterance type
distribution observed during learning, instead of developing a more e�cient or
systematic language.

Chapter adapted from:

Yuchen Lian, Arianna Bisazza, and Tessa Verhoef. 2021. The e�ect of ef-
ficient messaging and input variability on neural-agent iterated language
learning. In Proceedings of the Conference on Empirical Methods in Nat-
ural Language Processing (EMNLP), pages 10121–10129. Association for
Computational Linguistics

2.1 Introduction

The world’s languages show immense variety, but important universal tenden-
cies in linguistic patterns have also been identified (Greenberg, 1963). It has
been argued that these common design features are shaped by human cogni-
tive constraints and pressures during communication and transmission (Kirby
et al., 2014), such as the preference for e�cient messaging. An important and
well-known example of such universal tendencies is the trade-o� between case
marking and word order as redundant strategies to encode the role of sentence
constituents (Sinnemäki, 2008; Futrell et al., 2015): flexible order typically cor-
relates with the presence of case marking (e.g. in Russian, Tamil, Turkish) and,
vice versa, fixed order is observed in languages with little or no case marking
(e.g. in English or Chinese).

Researchers interested in the origins of human language and language uni-
versals have extensively used agent-based modeling techniques to study the
impact of social processes on the emergence of linguistic structures (de Boer,
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2006). Besides the horizontal transmission that is often modeled in the referen-
tial game setup, the process of iterated learning, where signals are transmitted
vertically from generation to generation, has been identified to shape language
(Kirby, 2001; Kirby et al., 2014).

Recently, the advent of deep learning based NLP has triggered a renewed inter-
est in agent-based simulations of language emergence and language evolution.
Most of the existing studies simulate the emergence of language by letting
neural network agents play referential games and studying the signals that are
used by these agents (Kottur et al., 2017; Havrylov and Titov, 2017; Lazari-
dou et al., 2018; Chaabouni et al., 2019a; Dagan et al., 2021). By contrast,
Chaabouni et al. (2019b) expose their agents to a pre-defined language, which
is then learned and reproduced iteratively by a chain of agents. Using this
framework, they analyzed how specific properties of the initial languages a�ect
learnability, and further investigated whether and how languages evolve across
generations according to the agents’ own biases. Among others, they studied
whether neural agents tend to avoid redundant coding strategies as natural
languages do. However, the word-order/case-marking trade-o� did not clearly
appear in their iterated learning experiments, as redundant languages (fixed-
order and case marking) were found to survive across multiple generations.

Language Type Utterance

Fix-order+Marker m1 up 2 m2 left 3 m3 down 1
Fix-order up 2 left 3 down 1

m1 up 2 m2 left 3 m3 down 1
m1 up 2 m3 down 1 m2 left 3

Free-order m2 left 3 m1 up 2 m3 down 1
+Marker m2 left 3 m3 down 1 m1 up 2

m3 down 1 m1 up 2 m2 left 3
m3 down 1 m2 left 3 m1 up 2

Table 2.1: Utterances corresponding to the trajectory ‘up up left left left
down’, in three basic languages.

In this work, we re-evaluate this finding in light of three factors known to play
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Figure 2.1: Schematic diagram of the trajectory ‘up up left left left down’

an important role in comparable experiments and simulations in the Language
Evolution field, namely: (i) the speaker bias towards e�cient messaging (i Can-
cho and Solé, 2003), (ii) the variable and unpredictable nature of the initial
languages (Smith and Wonnacott, 2010; Fedzechkina et al., 2017), and (iii) the
exposure of learners to a relatively small set of example utterances, also known
as ‘learning bottleneck’ (Kirby et al., 2014).

We follow the iterated learning setup of Chaabouni et al. (2019b) where neu-
ral network agents are trained to communicate about trajectories in a simple
gridworld, giving and receiving instructions in miniature languages (Table 2.1
and Figure 2.1).1

2.2 Miniature Languages

Word order and case marking are two di�erent mechanisms to convey sentence
constituent roles, both widely attested among world languages. In fact, cross-
linguistic studies have revealed that children are equally prepared to acquire
both fixed-order and inflectional languages (Slobin and Bever, 1982).

To model these mechanisms we use simple artificial languages based on Chaabouni
et al. (2019b). The meaning space is composed of trajectories defined by ran-
dom combinations of four oriented actions {left, right, up, down}. Each

1The original framework implementation is taken from https://github.com/
facebookresearch/brica. Our revised code and data are available at https:
//github.com/Yuchen-Lian/neural_agent_trade-off.
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utterance or sentence (S) consists of several phrases (P), which in turn are
composed of a command (C) and a quantifier (Q). Below is the basic grammar
of this miniature language:

S æ PiPjPk... (2.1)

Pi|Pj |Pk|... æ CQ (2.2)

C æ (left|right|up|down) (2.3)

Q æ (1|2|3) (2.4)

where left, right, up, down, 1, 2, 3 are spoken words which are atomic elements
of the language.

We consider three basic language types: Fixed-order with marker (redundant),
Fixed-order without marker (non-redundant), and Free-order with marker (non-
redundant). See examples in Table 2.1. Below we describe these language
variants in more detail.

2.2.1 Fixed-order vs. Free-order

This concerns Rule 2.1 of the grammar: In a fixed-order language, the order of
phrases is fixed and corresponds to the temporal order of instructions in the
trajectory.2 Free-order languages, instead, allow any permutation of phrases.
For instance, the example in Figure 2.1 has three phrases, corresponding to six
possible free-order utterances.

2.2.2 Case Marking

In a case-marking language, each phrase is preceded by a temporal marker
indicating its role. Thus, Rule 2.2 changes to: Pi æ mi C Q with the marker mi

indicating that CQ is the ith action segment. Note that a free-order language
without markers would be unintelligible, as the correct order of instructions
cannot be conveyed.

2This is the ‘forward-iconic’ language of Chaabouni et al. (2019b). We do not consider
other fixed orders in this work, as we are mostly interested in the contrast between redundant
and non-redundant languages.
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2.3 Neural-Agents Iterated Learning

We strictly follow the iterated learning setup of Chaabouni et al. (2019b) except
when explicitly noted. Below, we provide a short explanation of this framework.

2.3.1 Agent architecture

Agents are trained to communicate about trajectories, and are implemented as
one-layer attention-enhanced Seq2Seq (Sutskever et al., 2014; Bahdanau et al.,
2015) LSTM (Hochreiter and Schmidhuber, 1997) networks. Each agent acts
as both speaker and listener: As a speaker, it takes trajectories as input and
expresses them using utterances. As a listener, it receives utterances and try
to induce the corresponding trajectories. To jointly train an agent to speak
and listen, input and output vocabularies both contain all possible actions and
words. Furthermore, embeddings of the encoder input and decoder output are
tied (Press and Wolf, 2017).

2.3.2 Individual and iterated learning

Given trajectory-utterance pairs, agents are trained by teacher forcing (Good-
fellow et al., 2016) in both listening and speaking mode, using the same early-
stopping and optimizer settings as in Chaabouni et al. (2019b). In order to
handle one-to-many trajectory-to-utterance mappings in free-order languages,
Chaabouni et al. (2019b) used a modified training loss for the Speaker direc-
tion. Empirically, we find that sampling multiple free-order utterances in the
initial training corpus leads to very similar results, so we do not use the mod-
ified training loss. This makes it possible to support more complex languages
without major changes to the training procedure.

Iterated learning (Kirby, 2001) is achieved by letting a trained adult agent teach
a randomly initialized child agent, and repeating this process for a number of
iterations (i.e. ‘generations’). Specifically, at each generation, two steps are
performed: First, a trained adult agent receives a batch of trajectories and
generate its own utterances by sampling from its decoder outputs. Next, a
randomly initialized child agent is trained by these agent-specific trajectory-
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utterance pairs as training data. One exception is the data used to train the
generation-0 agent. As there is no ancestor for this first agent, it directly learns
from the training corpus generated by the given miniature language grammar.

2.3.3 Evaluation

In all experiments, agents are evaluated by sentence-level accuracy. During
each evaluation, we first ask the speaking or listening agent to generate an
output sequence by selecting the symbol with highest probability at each time
step (greedy decoding). The listener evaluation is similar to that of standard
Seq2Seq models as the true meaning of an utterance, i.e. the corresponding
trajectory, is unique. For speakers, instead, multiple utterances may be ac-
ceptable for a given trajectory, according to the language type. Therefore,
when evaluating the very first-generation speaker, we consider all correct ut-
terances according to the language grammar. When evaluating speakers in
later generations, we sample k utterances from the parent’s speaking network
and consider those as correct. k is set to i! where i is the maximum number
of phrases per trajectory. Thus, speaker accuracy reflects the extent to which
a child agent’s language departs from that of its parent. Validation for early
stopping is performed similarly to this evaluation procedure.

These evaluation procedures allow a child agent’s language to deviate from the
parent language according to its inherent biases, even while achieving perfect
accuracy. With our experiments, we study whether these patterns of language
change result in more human-like artificial languages.

For each experiment, we report speaking accuracy, listening accuracy, as well
as average utterance length across generations. To get more insight into how
the language is changing, we also analyze the utterances generated by the
adult speaking agent at each generation. Specifically, we count how often an
utterance belongs to one of the basic language types (fix, fix_marker, free,
free_marker), or how often markers are dropped for some of the phrases
(fix_drop, free_drop). Utterances that do not fall into any of these cate-
gories are labeled as ‘other’. The distribution of such utterance types across
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generations is plotted for each experiment. Example utterances at various
generations are provided in Table 2.4, where we let each agent generate six
utterances corresponding to the trajectory ‘right up up down right right
right’. As some of these utterances are identical, we remove the duplicates
and only list unique ones.

2.3.4 Training details

Following Chaabouni et al. (2019b) we limit the number of segments per tra-
jectory to 5 and at most 3 steps per phrase, resulting in a total of 89k possible
trajectories and k = 120. As an exception, for the drop-marker language (Sec-
tion 2.5.2) we limit the number of phrases to 4 instead of 5 due to the com-
putational cost of enumerating all correct utterances for a trajectory in this
language during validation (accordingly, k is reduced to 24). The trajectory-
utterance pairs are randomly split into training, validation and test sets with
a proportion of 80%, 10% and 10% respectively.

We fix the hidden layer size (20) and batch size (16) for all experiments. Similar
to Chaabouni et al. (2019b), we use the Amsgrad optimizer (Reddi et al., 2018).
For each generation, the maximum number of training epochs is set to 100 and
we stop the training if both speaking and listening accuracy on development set
have no improvement over 5 epochs. To ensure the reliability of our results, we
repeat each experiment with 3 di�erent random seeds and observe trends over
20 generations (unless trends are already very clear after 10, as in Figure 2.2).

2.4 E�ect of Least-E�ort Bias

A bias towards e�cient messaging, or least-e�ort bias, has been proposed as
explaining factor for several tendencies observed in natural languages (i Cancho
and Solé, 2003; Kanwal et al., 2017; Fedzechkina et al., 2017). Could the lack of
least-e�ort bias in neural networks explain the survival of redundant languages
across generations? To verify this, we design a simple mechanism to simulate
an agent’s preference to minimize utterance length, based on Chaabouni et al.
(2019b)’s framework.
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Algorithm 1 Shorter-sentence selection
Input: Trajectory t
Output: n sampled utterances {û}
for j = 1 : n do

if shorter_selection then

uttrs = Adult.speaker(t).sample(¸)
uttr_select = uttrs[0]
min_length = len(uttr_select)
for i = 1 : ¸ do

u = uttrs[i]
if len(u) Æ min_length then

uttr_select = u
min_length = len(u)

end

end

else

uttr_select = Adult.speaker(t).sample(1)
end

{û}.append(uttr_select)
end

At each generation of the iterated learning process, a sample of the parent
language is required to train the next generation agent. Specifically, given a
trajectory t, an adult agent generates n (possibly identical) utterances {û} =
{û1, û2, ...ûn} by sampling from its trained speaking network. Instead of mod-
ifying the training procedure, we take advantage of the diversity occurring
among the sampled utterances and hard-code a shorter-sentence selection bias
into this adult language generation. As shown in Algorithm 1, the sampling
function is called n times to generate the n samples. In turn, at each iter-
ation, we ask the adult speaker to generate ¸ sentences and select each time
the shortest one. Thus, we can control the pressure strength by varying the
number of generated samples (¸) in each of the n iterations. As ¸ increases,
the chances of sampling a shorter sentence increase, resulting in a stronger
pressure. When ¸ = 1, there is no pressure and the whole process is equivalent
to that of Chaabouni et al. (2019b).
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(a) Speaking accuracy (b) Listening accuracy

(c) Average utterance length (d) Utterance types (¸ = 3)

Figure 2.2: Iterated learning of the Fixed+Marker language with least-e�ort pres-
sure of varying strength (¸), over 10 generations. Results in (a,b,c) are averaged over
three random-seed initializations. (d) shows the distribution of utterance types of the
speaking adult agents with ¸ = 3 (one seed only).

We expect this least-e�ort bias will cause the redundant disambiguation mech-
anism to gradually disappear across generations. More specifically, we expect
the fixed-order strategy to become dominant as that always leads to shorter
utterances.

Results

Figure 2.2 shows the iterated learning results of the Fixed+Marker language
with various levels of least-e�ort bias, namely ¸ = {1, 3, 5, 8}, which represent
no pressure, low- , medium- and high-level pressure towards shorter utterances,
respectively. The experiment without least-e�ort pressure (¸ = 1) corresponds
to the setup of Chaabouni et al. (2019b), in which the redundant language was
found to remain stable across generations.

We find that, while speaking accuracy remains stable (Figure 2.2a), our least-
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e�ort pressure leads to a severe drop in listening accuracy (Figure 2.2b) and a
dramatic increase of uncategorizable (‘other’) utterances in the speaking adult
agent starting from the fifth generation (Figure 2.2d). Stronger levels of pres-
sure lead to a faster decrease of average utterance length (Figure 2.2c), which
was expected. However, manual inspection of the utterances (see examples in
Table 2.4 at the end of this chapter) reveals that the agents start dropping
entire phrases, thereby losing information, instead of either dropping markers
or changing the word order.

2.5 E�ect of Input Language Variability

Besides the lack of e�cient messaging pressure, we noticed another possible
reason why a trade-o� did not appear in Chaabouni et al. (2019b): In their
proposed languages, markers are either present and fully systematic, or not
present at all. If there is no marker example in the initial language, it is
unlikely an agent would suddenly invent it. Conversely, a fully systematic use
of markers may be perfectly learnable by the agent, and therefore unlikely to
change or disappear over generations.

By contrast, in artificial language learning studies with human participants,
unpredictable variation is one of the common features for designing the lan-
guages. For example, both languages used by Fedzechkina et al. (2017) contain
optional case marking in combination with either fixed or free word order, while
the languages of Smith and Wonnacott (2010) have two plural markers with
di�erent distributions over all nouns.

Inspired by this body of work, we modify our initial languages by introducing
unpredictable variation in the use of markers. Specifically, we consider two
kinds of variability: (i) variability among utterances, where each utterance is
consistent with one of the basic language types chosen at random, and (ii)
variability within utterances, where the use of markers is also unpredictable
within the single utterance.
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Mix Mix_drop
m1 up 2 m2 left 3 m3 down 1 m1 up 2 left 3 down 1
m1 up 2 m2 left 3 m3 down 1 m1 up 2 m2 left 3 m3 down 1
up 2 left 3 down 1 up 2 m2 left 3 m3 down 1
up 2 left 3 down 1 m2 left 3 m1 up 2 down 1
m2 left 3 m1 up 2 m3 down 1 down 1 m2 left 3 m1 up 2
m3 down 1 m2 left 3 m1 up 2 left 3 down 1 up 2

Table 2.3: Example utterances corresponding to ‘up up left left left down’
in the Mix and Mix_drop language.

2.5.1 Variability Among Utterances

We design a mixed language containing utterances from the three basic lan-
guage types, as shown in Table 2.3. Specifically, for every trajectory in the
initial training set, an equal number of utterances (two) is generated for: (i)
the redundant Fixed-order+Marker, (ii) Fixed-order without markers and (iii)
Free-order+Marker. This means that the first child agent will be exposed to
case marking 2/3 of the times, and to fixed-order 2/3 of the times. Our goal
here is to find out whether the agents will tend to prefer any of the three
language types over generations, according to their inherent biases.

Results

The results for this input language (called ‘Mix’) are shown in Figures 2.3a,
2.3b and 2.3c (blue lines). The distribution of utterance types is shown in
2.3d. The overall high speaking accuracy suggests that the agents can learn to
imitate their parents’ language very well. We observe a slow, but steady, loss in
listening accuracy, which we attribute to the random sampling errors from the
parent speaker and the natural presence of errors in the neural network learning
process. Besides a steady increase of uncategorizable utterances (other) in
Fig. 2.3d, the distribution of the three language types remains relatively stable
even after 20 generations. We looked for sentences where only some of the
markers are dropped (free_drop/fix_drop) but found almost none. See also
example utterances in Table 2.4.
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These results show that presenting a mix of the three language types in the
initial training set is not su�cient to induce the loss of redundant encoding
predicted by e�cient coding theories (i Cancho and Solé, 2003; Kanwal et al.,
2017).

(a) Speaking accuracy* (b) Listening accuracy (c) Avg. utter length

(d) Mix (e) Mix+pressure

(f) Mix_drop (g) Bottleneck

Figure 2.3: Iterated learning of the mixed language without and with least-e�ort
pressure, drop-marker language without least-e�ort pressure, and mixed language with
learning bottleneck. Results in (a,b,c) are averaged over three random seeds. (d,e,f,g)
show the respective distributions of utterance types in the speaking adult agents (one
seed only). * The speaking accuracies for Mix+pressure, Drop and Mix+bottleneck
in (a) are not visible because they are very similar to the accuracy of Mix (blue line).
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Results with Least-E�ort Bias

According to our experiments so far, neither a hard-coded least-e�ort bias
nor the variability among utterances yield the expected patterns of language
change. We then experiment with the combination of this two factors (Mix
+ pressure) using a medium-level pressure (¸ = 3). Results are shown in
Figure 2.3.

Indeed, this setup leads to a more e�cient language in the course of the first
five generations, as shown by the initially stable speaking and listening ac-
curacy and a fast decrease of average length (green lines in 2.3a, 2.3b, 2.3c,
respectively). This phase corresponds to a rapid increase in the proportion
of fixed-order no-marker sentences and the disappearance of the other two
types of languages (2.3e). Already by the second generation, this language has
reached the shortest possible overall length while serving its communication
needs. After a few stable generations, however, child agents start to be ex-
posed to shorter but incorrect utterances, resulting in a rapid drop of listening
accuracy and, eventually, to a non-intelligible language.

2.5.2 Variability Within Utterances

While the language in Sect. 2.5.1 is a mix of three language types, each ut-
terance consistently uses only one strategy. To introduce more unpredictable
variation, we design another mixed language where the case marker of each
phrase is randomly dropped according to a given probability (10%). See ex-
amples in Table 2.3 (Mix_drop language). Half of the utterances are fixed-
and half are free-order. This language type is closely inspired by those used
by Fedzechkina et al. (2017). We expect the agents will either drop the use of
markers completely over generations, or start to use them more consistently.

Results

Despite the relatively small probability of dropping a marker, speaking and
listening accuracies are heavily a�ected (grey lines in 2.3a and 2.3b). Average
length is overall stable (2.3c). As shown by the fast increase of other utterance
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types (Fig. 2.3f), this language becomes unintelligible before any regularization
can be observed, once again challenging our expectations.

2.6 E�ect of Learning Bottleneck

Even though real languages support the production of enormously large sets
of utterances, human learners can master them after being exposed to only a
limited number of example utterances. This poverty of the stimuli is referred
to as the learning bottleneck, which acts as a pressure forcing language to gen-
eralize during cultural transmission (Smith et al., 2003; Brighton et al., 2005).
Human-based experiments and computational simulations have found that the
learning bottleneck can lead to increased structure in emerging language sys-
tems (Kirby et al., 2014), making it a key factor in the evolution of language.
We introduce such a learning bottleneck in our mixed language experiment
(Sect. 2.5.1) by randomly sub-sampling, at each iteration, only 50% of the
data used to train the next generation. Evaluation and other training details
are the same as in Sect. 2.5.1.

Results

Comparing the yellow line to the blue line in Fig. 2.3b, we see that training data
sub-sampling leads to a slightly steeper drop in listening accuracy. However,
the respective distributions of utterance types across generations (Fig. 2.3g vs.
2.3d) are very similar, which means this learning bottleneck does not result in
a more structured language.

2.7 Discussion and Conclusions

Neural-agent iterating learning is a promising framework to study the impact
of social processes on the emergence of linguistic structure and language univer-
sals, such as the trade-o� between case marking and word order as redundant
strategies to encode constituent roles. However, previous work with LSTM-
based agents (Chaabouni et al., 2019b) has failed to replicate this human-like
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pattern. We re-evaluated this finding by (i) hard-coding a least-e�ort bias into
our agents, (ii) designing more realistic input languages with di�erent levels of
variability, and (iii) introducing a learning bottleneck. In all cases, our agents
proved to be accurate learners, but the patterns of language change over gen-
erations did not match our expectations. Specifically, least-e�ort bias (§2.4)
and highly unpredictable input language (§2.5.2) lead to a collapse of the com-
munication system, whereas moderate input language variability (§2.5.1) and
learning bottleneck (§2.6) lead to a stable language distribution, confirming
previous observations on the survival of redundant coding strategies in neural-
agent iterated learning (Chaabouni et al., 2019b). Among all our experiments,
only the one where hard-coded least-e�ort bias was combined with moderate
language variability (§2.5.1) led to a temporary optimization of the language
in terms of both e�ciency and communicative success. However, after a few
stable generations, shorter but incorrect utterances became dominant causing
the communication system to collapse.

In real language use, a pressure for reducing e�ort is balanced with commu-
nicative needs (Kirby et al., 2015; Regier et al., 2015), and this would normally
not lead to a severe language degradation. Future work should therefore de-
sign more subtle least-e�ort biases, for instance by considering e�ciency at the
level of grammatical structures and cognitive e�ort besides shallow properties
of the language production like utterance length.

Additionally, our results with non fully systematic input languages show that
neural agents strive to preserve the initial distribution of utterance types. In
human learning, this is called probability matching: reproducing input vari-
ability in a way that the distribution of each type is matched. This behavior is
a�ected by task complexity, since more di�cult tasks tend to lead to regular-
ization or over-matching behavior instead (Kam and Newport, 2009; Ferdinand
et al., 2019), where the more frequent variant is chosen more often than it ap-
peared in the input. Even a very small amount of over-matching can, over
multiple generations, lead to significant changes in structure and to the emer-
gence of linguistic regularities (Smith and Wonnacott, 2010; Fedzechkina et al.,
2017). In artificial language experiments with human learners, this even led to
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the emergence of the balance in use of strategies to convey constituent roles
that is found in natural language (Fedzechkina et al., 2017).

We conclude that the current neural-agent iterated learning framework is not
yet ready to simulate language evolution processes in a human-like way. Be-
fore these human-like results can be replicated with neural agents, more natural
cognitive biases supporting e�ciency need to be modeled, while the speaker
training objective needs to be balanced with a measure of communicative suc-
cess, such as the likelihood of a message to be understood by the listener
(Goodman and Frank, 2016; Scontras et al., 2021).
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Fix+Marker with pressure (¸ = 3) Mix Mix with pressure (¸ = 3)
Input M1 right 1 M2 up 2 M3 down 1 M4 right 3 right 1 up 2 down 1 right 3 right 1 up 2 down 1 right 3

M1 right 1 M2 up 2 M3 down 1 M4 right 3 M1 right 1 M2 up 2 M3 down 1 M4 right 3
M1 right 1 M2 up 2 M4 right 3 M3 down 1 M2 up 2 M4 right 3 M3 down 1 M1 right 1
M3 down 1 M1 right 1 M4 right 3 M2 up 2 M4 right 3 M2 up 2 M3 down 1 M1 right 1

Iter_0 M1 right 1 M2 up 2 M3 down 1 M4 right 3 right 1 up 2 down 1 right 3 right 1 up 2 down 1 right 3
M1 right 1 M2 up 2 M3 down 1 M4 right 3 M1 right 1 M2 up 2 M3 down 1 M4 right 3
M1 right 1 M2 up 2 M4 right 3 M3 down 1 M1 right 1 M2 up 2 M4 right 3 M3 down 1

Iter_1 M1 right 1 M2 up 2 M3 down 1 M4 right 3 right 1 up 2 down 1 right 3 right 1 up 2 down 1 right 3
M1 right 1 M2 up 2 M3 down 1 M4 right 3 M1 right 1 M2 up 2 M3 down 1 M4 right 3
M2 up 2 M1 right 1 M4 right 3 M3 down 1 M3 down 1 M2 up 2 M4 right 3 M1 right 1
M3 down 1 M2 up 2 M4 right 3 M1 right 1

Iter_5 M1 right 1 M2 up 2 M3 down 1 M4 right 3 M5 right 3 M3 down 1 M4 right 3 M2 up 2 M1 right 1 right 1 up 2 down 1 right 3
M1 right 1 M2 up 2 M3 down 1 M4 right 3 M2 up 2 M3 down 1 M4 right 3 M1 right 1
M1 right 1 M2 up M3 down 1 M4 right 3 M5 3 right 1 up 2 down 1 right 3

M1 right 1 M4 right 3 M3 down 1 M2 up 2
M1 right 1 M2 up 2 M3 down 1 M4 right 3
M4 right 3 M3 down 1 M1 right 1 M2 up 2

Iter_10 M1 right 1 M2 up 2 M3 down 1 right 1 up 2 down 1 right 3 right 1 up 2 down 1 right 3
M1 right 1 M2 up 2 M2 up 2 M3 down 1 M4 right 3 M1 right 1 right 1 up 2
M1 right 1 M1 right 1 M3 down 1 M4 right 3 M2 up 2 right 1

M1 right 1 M3 down 1 M4 right 3 M2 up 2
right 1 up 2 down 1 right 3

Mix_drop Mix with learning bottleneck
Input M1 right 1 M2 up 2 M3 down 1 M4 right 3 right 1 up 2 down 1 right 3

M1 right 1 M2 up 2 down 1 M4 right 3 M1 right 1 M2 up 2 M3 down 1 M4 right 3
M2 up 2 right 1 M4 right 3 M3 down 1 M3 down 1 M1 right 1 M2 up 2 M4 right 3
down 1 M1 right 1 up 2 M4 right 3 M4 right 3 M2 up 2 M3 down 1 M1 right 1
M1 right 1 M4 right 3 M2 up 2 M3 down 1

Iter_0 right 3 M2 up 2 M3 down 1 M4 right 3 right 1 up 2 down 1 right 3
M1 right 1 up 1 M3 down 1 M2 up 2 M4 right 3 M3 down 1 M1 right 1 M2 up 2 M4 right 3
M1 right 1 M4 right 3 M3 down 1 M2 up 2 M1 right 1 M2 up 2 M3 down 1 M4 right 3
M1 right 1 M2 up 2 M3 down 1 M4 right 3
M3 down 1 M1 right 1 M4 right 3 M2 up 2

Iter_1 M3 down 1 M1 right 1 M2 up 2 M4 right 3 M3 down 1 M4 right 3 M2 up 2 M1 right 1
M2 up 2 M4 right 3 M1 right 1 M3 down 1 M4 right 3 M3 down 1 M2 up 2 M1 right 1
M2 up 2 M1 right 1 M3 down 1 M4 right 3 M4 right 3 M3 down 1 M1 right 1 M2 up 2
M1 right 1 M2 up 2 M3 down 1 M4 right 3 right 1 up 2 down 1 right 3

M1 right 1 M2 up 2 M3 down 1 M4 right 3
Iter_5 M3 down 1 right 3 M1 right 1 M2 up 2 M2 up 2 M4 right 3 M1 right 1 M5 right 3

M2 up 2 M1 right 1 M3 down 1 M4 right 3 M2 up 2 M3 down 1 M4 right 3 M1 right 1
right 2 M2 up 2 M3 down 1 M4 right 3 right 1 up 2 down 1 right 3
M1 right 1 M2 up 3 M3 down 1 M4 right 3 M1 right 1 M3 down 1 M4 right 3 M2 up 2
M1 right 1 M2 up 2 M3 down 1 M4 right 3
M3 down 1 right 3 M4 right 3 M1 right 1

Iter_10 M1 right 1 M3 down 1 M4 right 3 M1 right 1 M1 right 1 M2 up 2 M3 down 1 M4 right 3
M4 right 3 down 1 M1 right 1 M2 down 1 down 1
M4 right 3 M2 up 2 M4 right 3
M1 right 2 M2 up 3 M3 down 1 M4 right 3
M3 down 1 M1 right 2 M4 right 3 M2 up 1
M1 right 1 M3 down 2 M4 right 3 M3 down 1

Table 2.4: Utterances sampled from the agents’ speaking network given the trajec-
tory ‘right up up down right right right’ in Fix+Marker language learning with
pressure (§2.4), Mix language learning without and with pressure (§2.5.1), Mix_drop
language learning (§2.5.2) and Mix language with learning bottleneck (§2.6). For each
experiment and each generation, we show six randomly sampled utterances (duplicates
are omitted for clarity).

38



Chapter 3

A New Framework for Neural-Agent Artifi-

cial Language Learning and Communication:

NeLLCom

Artificial learners often behave di�erently from human learners in the context of
neural agent-based simulations of language emergence and change. A common
explanation is the lack of appropriate cognitive biases in these learners, which
we have explored in Chapter 2. Besides human-like cognitive biases, it has
also been proposed that more naturalistic settings of language learning and use
could lead to more human-like results (Mordatch and Abbeel, 2018; Lazaridou
and Baroni, 2020; Kouwenhoven et al., 2022; Galke et al., 2022). In this chapter
we will explore such settings. Concretely, we ask:

RQ-B Does a human-like word-order/case-marking trade-o�

emerge in communicative neural agents?

We continue our investigation with the same test case as in Chapter 2, namely
the word-order/case-marking trade-o�, a widely attested language universal
that has proven particularly hard to simulate. As shown in the previous chap-
ter, the three factors we initially introduced were not su�cient to consistently
lead to a human-like linguistic system exhibiting the trade-o�. These find-
ings suggested the training objective needs to be balanced with a measure of
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communicative success. To this end, we propose a new Neural-agent Lan-
guage Learning and Communication framework (NeLLCom), where the artifi-
cial language learning paradigm is adopted from human experiments. Within
the NeLLCom framework, pairs of speaking and listening agents first learn a
miniature language via supervised learning, and then optimize it for communi-
cation via reinforcement learning. We succeed in replicating the trade-o� with
the new framework without hard-coding specific biases in the agents.

Chapter adapted from:

Yuchen Lian, Arianna Bisazza, and Tessa Verhoef. 2023. Communication
drives the emergence of language universals in neural agents: Evidence
from the word-order/case-marking trade-o�. Transactions of the Asso-
ciation for Computational Linguistics, 11:1033–1047

3.1 Introduction

The success of deep learning methods for natural language processing has trig-
gered a renewed interest in agent-based computational modeling of language
emergence and evolution processes (Lazaridou and Baroni, 2020; Chaabouni
et al., 2022). An important challenge in this line of work, however, is that such
artificial learners often behave di�erently from human learners (Galke et al.,
2022; Rita et al., 2022; Chaabouni et al., 2019a).

One of the proposed explanations for these mismatches is the di�erence in
cognitive biases between human and neural-network (NN) based learners. For
instance, the neural-agent iterated learning simulations of Chaabouni et al.
(2019b) and Chapter 2 (Lian et al., 2021) did not succeed in replicating the
trade-o� between word-order and case marking, which is widely attested in
human languages (Sinnemäki, 2008; Futrell et al., 2015) and has also been
observed in miniature language learning experiments with human subjects
(Fedzechkina et al., 2017). Instead, those simulations resulted in the preserva-
tion of languages with redundant coding mechanisms, which the authors mainly
attributed to the lack of a human-like least-e�ort bias in the neural agents.
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Besides human-like cognitive biases, it has been proposed that more natural
settings of language learning and use could lead to more human-like patterns
of language emergence and change (Mordatch and Abbeel, 2018; Lazaridou
and Baroni, 2020; Kouwenhoven et al., 2022; Galke et al., 2022). In this work,
we follow up on this second account and investigate whether neural agents
that strive to be understood by other agents display more human-like language
preferences.

To achieve that, we design a Neural-agent Language Learning and Communi-
cation (NeLLCom) framework that combines Supervised Learning (SL) with
Reinforcement Learning (RL), inspired by Lazaridou et al. (2020) and Lowe
et al. (2020). Specifically, we use SL to teach our agents predefined languages
characterized by di�erent levels of word order freedom and case marking. Then,
we employ RL to let pairs of speaking and listening agents talk to each other
while optimizing communication success (also known as self-play in the emer-
gent communication literature).

We closely compare the results of our simulation to those of an experiment
with a very similar setup and miniature languages involving human learners
(Fedzechkina et al., 2017), and show that a human-like trade-o� can indeed
appear during neural-agent communication. Although some of our results dif-
fer from those of the human experiments, we make an important contribution
towards developing a neural-agent framework that can replicate language uni-
versals without the need to hard-code any ad-hoc bias in the agents. We release
the NeLLCom framework1 to facilitate future work simulating the emergence
of di�erent language universals.

3.2 Background

3.2.1 Word order vs. case marking trade-o�

A research focus of linguistic typology is to identify language universals (Green-
berg, 1963), i.e. patterns occurring systematically among the large diversity of

1All code and data are available at https://github.com/Yuchen-Lian/NeLLCom
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natural languages. The origins of such universals are object of long-standing
debates. The trade-o� between word order and case marking is an impor-
tant and well-known example of such a pattern that has been widely attested
(Comrie, 1989; Blake, 2001). Specifically, languages with more flexible con-
stituent order tend to have rich morphological case systems (e.g. Russian,
Tamil, Turkish), while languages with more fixed order tend to have little or
no case marking (e.g. English or Chinese). Additionally, quantitative mea-
sures also revealed that the functional use of word order has a statistically
significant inverse correlation with the presence of morphological cases based
on typological data (Sinnemäki, 2008; Futrell et al., 2015).

Various experiments with human participants (Fedzechkina et al., 2012, 2017;
Tal and Arnon, 2022) were conducted to reveal the underlying cause of this
correlation. In particular, Fedzechkina et al. (2017), who highly inspired this
work, applied a miniature language learning approach to study whether the
trade-o� could be explained by a human learning bias to reduce production
e�ort while remaining informative. In their experiment, two groups of 20
participants were asked to learn one of two predefined miniature languages.
Both languages contained optional markers but di�ered in terms of word or-
der (fixed vs. flexible). After three days of training, both groups reproduced
the initial word order distribution, however the flexible-order language learn-
ers used case marking significantly more often than the fixed-order language
learners. Moreover, an asymmetric marker-using strategy was found in the
flexible-order language learners, whereby markers tended to be used more of-
ten in combination with the less frequent language. Thus, most participants
displayed an inverse correlation between the use of constituent order and case
marking during language learning, which the authors attributed to a unify-
ing information-theoretic principle of balancing e�ort with robust information
transmission.

3.2.2 Agent-based simulations of language evolution

Computational models have been used widely to study the origins of language
structure (Kirby, 2001; Van Everbroeck, 2003; De Boer, 2006; Steels, 2016).
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In particular, Lupyan and Christiansen (2002) were able to mimic the human
acquisition patterns of four languages with very di�erent word order and case
marking properties, using a simple recurrent network (Elman, 1990).

Modern deep learning methods have also been used to simulate patterns of
language emergence and change (Chaabouni et al., 2019a,b, 2020, 2021; Lian
et al., 2021; Lazaridou et al., 2018; Ren et al., 2020). Despite several in-
teresting results, many report the emergence of languages and patterns that
significantly di�er from human ones. For example, Chaabouni et al. (2019a)
found an anti-e�cient encoding scheme that surprisingly opposes Zipf’s Law,
a fundamental feature of human language. Rita et al. (2020) obtained a more
e�cient encoding by explicitly imposing a length penalty on speakers and push-
ing listeners to guess the intended meaning as early as possible. Focusing on
the word-order/case-marking trade-o�, Chaabouni et al. (2019b) implemented
an iterated learning setup inspired by Kirby et al. (2014) where agents acquire
a language through SL, and then transmit it to a new learner, iterating over
multiple generations. The trade-o� did not appear in their simulations. Lian
et al. (2021) (Chapter 2) extended the study by introducing several crucial
factors from the language evolution field (e.g. input variability, learning bot-
tleneck), but no clear trade-o� was found. To our knowledge, no study with
neural agents has successfully replicated the emergence of this trade-o� so far.

3.3 NeLLCom: Language Learning and Communi-

cation Framework

This section introduces the Neural-agent Language Learning and Communi-
cation (NeLLCom) framework, which we make publicly available. Our goal
di�ers from that of most work in emergent communication, where language-
like protocols are expected to arise from sets of random symbols through
interaction (Havrylov and Titov, 2017; Bouchacourt and Baroni, 2018; Lazari-
dou et al., 2018; Chaabouni et al., 2019a, 2022). We are instead interested
in observing how a given language with specific properties changes as
the result of learning and use. Specifically, in this work, agents need to learn
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Figure 3.1: A high-level overview of the meaning reconstruction game.

miniature languages with varying word order distributions and case marking
rules. While this can be achieved by a standard SL procedure, we hypothesize
that human-like regularization patterns will only appear when our agents
strive to be understood by other agents. We simulate such a need via RL,
using a measure of communication success as the optimization objective.

Similar SL+RL paradigms have been used in the context of communicative AI
(Li et al., 2016; Strub et al., 2017; Das et al., 2017). In particular, Lazaridou
et al. (2020) and Lowe et al. (2020) explore di�erent ways of combining SL
and RL to teach agents to communicate with humans in natural language. A
well-known problem in that setup is that languages tend to drift away from
their original form as agents adapt to communication. In our context, we are
specifically interested in studying how this drift compares to human experi-
ments of artificial language learning. Our implementation is partly based on
the EGG toolkit2 (Kharitonov et al., 2019).

2https://github.com/facebookresearch/EGG
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3.3.1 The Task

NeLLCom agents communicate about a simplified world using pre-defined ar-
tificial languages (see Figure 3.1). Speaking agents convey a meaning m by
generating an utterance u, whereas listening agents try to map an utterance
u to its respective meaning m. The meaning space includes agent-patient-
action triplets, such as dog-cat-follow, dog-mouse-follow, defined as triplets
m = {A, a, p}, where A is an action, a the agent, and p the patient. Utter-
ances are variable-length sequences of symbols taken from a fixed-size vocab-
ulary: u = [w1, ..., wI ], wi œ V . Evaluation is conducted on meanings unseen
during training.

3.3.2 Agent Architectures

Both speaking and listening agents contain an encoder and a decoder, however
their architectures are mirrored as the meanings and sentences are represented
di�erently (see Fig. 3.2).

(a) Speaking Agent (b) Listening Agent

Figure 3.2: Agents architecture.
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Speaker: linear-to-sequence

In a speaker network (S), the encoder receives the hot-vector representations
of A, a, and p, and projects them to latent representations or embeddings. The
order of these three elements is irrelevant. The concatenation of the embed-
dings followed by a linear layer becomes the latent meaning representation,3

based on which the Recurrent Neural Network (RNN) decoder generates a
sequence of symbols.4

Listener: sequence-to-linear

The listener network (L) works in the reverse way: its RNN encoder takes an
utterance as input and sends its encoded representation to the decoder, which
tries to predict the corresponding meaning. Specifically, the final RNN cell is
fed to the decoder, which passes it through three parallel linear layers, for A,
a, and p, respectively. Finally, each of the three elements is generated by a
softmax layer.

Unlike the agents of Chaabouni et al. (2019b) and Chapter 2 (Lian et al.,
2021), our agents can only behave as either speaker or listener, but not both.
Chaabouni et al. (2019b) achieved this by tying input and output embeddings,
however they reported only a minor e�ect on the results. As another di�er-
ence, we represent meanings as unordered attribute-values instead of sequences,
which we find important to avoid any ordering bias in the meaning represen-
tation. We note that the framework is rather general: in future studies, it
could be adapted to di�erent meaning spaces and di�erent artificial languages,
as well as di�erent types of neural sequence encoders/decoders.

3We opted for simple architectural choices whenever possible. Adding a non-linearity to
the meaning encoder did not a�ect the results.

4We implement the speaker’s decoder and the listener’s encoder as one-layer Gated Re-
current Units (GRU) (Chung et al., 2014) following previous work on language emergence
(Chaabouni et al., 2020; Dessì et al., 2019). The latter paper, in particular, reports slower
convergence with LSTM than GRU, and a lack of success at adapting Transformers to their
setup.
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3.3.3 Supervised Language Learning

SL is a natural choice to teach agents a specific language. This procedure
requires a dataset D of meaning-utterance pairs Èm, uÍ where u is the gold-
standard generated for m by a predefined grammar (see grammar details in
Section. 3.4.1). The learning objectives di�er between speaker and listener
agents.

Speaker

Given D, speaker’s parameters ◊S are optimized by minimizing the cross-
entropy loss:

Losssup
(S) = ≠

Iÿ

i=1
log p◊S (wi|w<i, m) (3.1)

where wi is the ith word of the gold-standard utterance u. Notice that SL
implies a teacher forcing procedure (Goodfellow et al., 2016), meaning that at
each timestep the gold history w<i is used to predict the next word wi and
update the network weights accordingly.

Listener

Given D, listener’s parameters ◊L are optimized by minimizing the cross-
entropy loss:

Losssup
(L) = ≠(log p◊L(a|u) + log p◊L(p|u) + log p◊L(A|u)) (3.2)

3.3.4 Optimizing Communication Success

While SL may be su�cient to (perfectly) learn a given meaning-to-signal map-
ping and vice versa, we are interested in whether and how such language
changes as a result of repeated usage. Following a long-established practice
of simulating emergent communication with humans and computer agents in
language evolution (Steels, 1997, 2016; Selten and Warglien, 2007; Galantucci
and Garrod, 2011), and more recently also in the computational linguistics
literature (Bouchacourt and Baroni, 2018; Lazaridou et al., 2018, 2020; Lowe
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et al., 2020; Havrylov and Titov, 2017; Evtimova et al., 2018), we simulate
communication with a meaning reconstruction game where a speaker S learns
to convey meanings m to a listener L using utterances û in the language it
has learned by SL. The goal for both agents is to maximize a shared reward
evaluated by the listener’s prediction. For this phase, we adopt the classical
policy-based algorithm REINFORCE (Williams, 1992). Specifically, we opti-
mize:

Losscomm
(S,L) = ≠rL(m, û) ú

Iÿ

i=1
log p◊S (wi|w<i, m) (3.3)

where rL(m, û) is defined as the cross-entropy loss between input meaning m

and listener’s prediction:

rL(m, û) =
ÿ

e œ m={a,p,A}
log p◊L(e|û) (3.4)

3.3.5 Combining Supervision and Communication

We adopt the simplest possible way of combining SL and RL, which is to
first train the agents by SL until convergence and then continue training them
by RL to maximize the communicative reward.5 While more sophisticated
combination techniques were proposed recently (Lowe et al., 2020; Lazaridou
et al., 2020), we find this simple SL+RL sequence to work well in our context,
and leave an exploration of other techniques to future work.

Crucially, using communication success as task reward rather than forcing
agents to imitate given training pairs Èm, uÍ allows agents to depart from the
initially learnt grammar, as long as the new language remains understandable
by other agents. This principle is well studied in the framework of Rational
Speech Act (RSA) (Goodman and Frank, 2016) which implemented utterance
understanding from a social cognition aspect. If a language is suboptimal for an
agent, e.g. in terms of e�ciency or ambiguity, we expect it to change through-
out multiple communication rounds. Note that the listener’s role can also be

5This procedure corresponds to reward fine-tuning in Lazaridou et al. (2020) and to sup2sp
in Lowe et al. (2020).
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interpreted as that of a speaker-internal monitoring system that predicts the
chance of a message to be understood by a listener before uttering it (Ferreira,
2019).

3.3.6 Evaluation

Accuracy

During evaluation, both types of agents generate their predictions by greedy
decoding. Accuracy is computed at the whole utterance or meaning level.
Specifically, listening accuracy is 1 if all of A, a, and p are correct, otherwise
it is 0. Speaking accuracy is evaluated in two ways: (i) Regular speaking

accuracy is 1 only if the generated utterance is identical to the one in the
dataset. (ii) ‘Permissive’ speaking accuracy considers the fact that our
grammars admit multiple utterances for the same meaning: for each test sam-
ple, we generate all correct candidates (i.e., with or without marker; OSV and
SOV for the flexible-order language). Permissive accuracy is 1 if the generated
utterance matches any of the candidates. As long as the utterance is accept-
able, matching an arbitrary choice of order or marking for a given meaning
does not matter. Hence, the discussion in this section is based on permissive
speaking accuracy.

Utterance Length and Production Preferences

In principle, RNN can generate sequences of variable length. In practice, this
is achieved by fixing a maximum message length (10 words in our setup) and
truncating the sequence when the first symbol ÈeosÍ is generated. We noticed,
however, that during communication our speaking agents do not always end
their message with ÈeosÍ, but rather duplicate their final words to fill up the
maximum utterance length after generating a well-formed initial message. As
long as the first part of the utterance perfectly matches one of the structures
admitted by the grammar, we truncate the utterance at the last word before
duplication. On average, this a�ects 15% of the utterances by epoch 60.

Speaker-generated utterances for the unseen meanings (240 in total) are then
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classified into five types: SOV without marker, SOV with marker, OSV without
marker, OSV with marker and uncategorized (other). Computed properties:

%SOV = (SOVmk + SOVno_mk)/Total (3.5)

%OSV = (OSVmk + OSVno_mk)/Total (3.6)

%with_mk = (SOVmk + OSVmk)/Total (3.7)

%no_mk = (SOVno_mk + OSVno_mk)/Total (3.8)

Uncertainty Measure

This measure taken from Fedzechkina et al. (2017) captures the uncertainty
about the role of the two entities expressed in an utterance, which is experi-
enced by a listener with perfect knowledge of the grammar. It is formalized as
the conditional entropy of grammatical function assignment (GF) given sen-
tence form (s.form):

H(GF|s.form) = ≠
ÿ

GFs

ÿ

s.forms
p(s.form, GF) ú log2p(GF|s.form) (3.9)

According to the constraints of each grammar, possible sentence forms are

s.forms = {SOV, OSV}

and function assignments

GFs = {N1N2V, N1mkN2V, N1N2mkV}

Initial language uncertainties are as in Fedzechkina et al. (2017): 0 for fix+op
and 0.33 for flex+op.

3.4 Experimental Setup

We use NeLLCom to replicate the results of Fedzechkina et al. (2017), who
taught human subjects miniature languages with varying order distributions.
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language word order case marking candi. utterance

fix+op 100% SOV 66.7% on OBJ Tom Jerry chase
Tom Jerry mk chase

flex+op 66.7% on OBJ

Tom Jerry chase
50% SOV, Tom Jerry mk chase
50% OSV Jerry Tom chase

Jerry mk Tom chase

Table 3.1: The two miniature grammars used in this study, along with meaning-
utterance Èm, uÍ examples.

Subjects watched short videos of two actors performing simple transitive events
(e.g. a chef hugging a referee) accompanied by spoken descriptions in the novel
language.6 We adopt the same setup, with two notable di�erences: (i) our
agents do not take videos or images as input, but triplets of symbols represent-
ing agent, patient and action, respectively (see Section. 3.3); (ii) descriptions
are not spoken but written, and words are represented by dummy strings (such
as noun-1, verb-2, etc.) instead of English-like sounding nonce words. Thus,
we abstract away from the problem of (i) mapping visual input to structured
meaning representations and (ii) mapping continuous audio signals to discrete
word representations, respectively. Dealing with these interfaces is necessary
when working with humans, but not with neural agents. Moreover, none of
them are a core aspect of our investigation.

3.4.1 Miniature Languages

Following Fedzechkina et al. (2017), we consider two head-final languages: one
with fixed order and optional case markers (fix+op), and one with flexible
order and optional case markers (flex+op). Optional marking means that 2/3
of all objects are followed by a special mark (the token mk), whereas subjects
are never marked. Possible constituent orders are SOV and OSV: the fixed-
order language uses always SOV, while the flexible-order one uses both with a

6Sentence learning was preceded by a noun learning phase which we do not model in our
experiments. For more details on the human training process, see Fedzechkina et al. (2017).
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probability of 50-50%. The two languages are illustrated in Table 3.1.

In fix+op, order is informative and su�cient to disambiguate grammatical
functions. Case marking is therefore a redundant cue. In flex+op, order is
uninformative therefore marking –when present– is important to recover the
meaning. The hypothesis that language learning and use create biases towards
e�cient communication systems (Gibson et al., 2019; Fedzechkina et al., 2012)
yields two predictions: fix+op is expected to become less redundant (by a
decrease of case marking) whereas flex+op should become more predictable
(by an increase of marking or a more consistent order).

3.4.2 Meaning Space

The meaning space used by Fedzechkina et al. (2017) included 6 entities and
4 actions, resulting in a total of 6◊(6≠1)◊4=120 possible meanings (an entity
cannot be agent and patient at the same time). While suitable for human
learners, such a space is too small to train neural agents (Zhao et al., 2018;
Chaabouni et al., 2020). In preliminary experiments, we found that our learners
converge well with a meaning space size of 720 (10 performers and 8 actions in
our languages, resulting in a total of 10◊(10≠1)◊8=720 possible meanings ).

To test the agents’ ability to convey new meanings, we split our dataset into
66.7% training and 33.3% testing. We also ensure that each entity and action
of the meaning space appears at least once in the training set. To prevent
the agents from memorizing spurious correlations between a meaning and a
particular order or marking choice, we regenerate a new utterance per meaning
(according to the same grammar) after each epoch of SL.

3.4.3 Datasets

Each word in a language corresponds uniquely to an entity or an action in the
meaning space, leading to vocabulary size |V |= 8+10+1(marker) =19. After
the train/test split, we check that each entity and each action in the test set
appears at least once in the training. If that’s not the case, we randomly swap
the meaning-utterance pairs containing unseen entities with random ones from
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the training set. An end-of-sentence ÈeosÍ token is appended to each utterance
and padding is used to deal with variable utterance lengths.

3.4.4 Model training

Hyper-parameters were set in preliminary SL experiments: Speakers have 8-
dim. embeddings and a 128-dim. GRU layer. Listeners have 32-dim. em-
beddings and a 32-dim. GRU layer. A default Adam optimizer (Kingma and
Ba, 2015) in PyTorch (Paszke et al., 2017) is used for both SL and RL, with
learning rate 0.01 and batch size 32. Each training phase lasts 60 epochs and
we repeat each experiment with 20 di�erent random seeds.

3.5 Supervised Learning Results

We start by evaluating the agents’ ability to learn to speak or listen in a fully
supervised way, that is, using the generated meaning-utterance pairs from a
specific language as labeled data.

3.5.1 Accuracy

Fig. 3.3 shows accuracy results for both agent types, each averaged over 20
random initialization seeds. We find that our agents learn to speak and un-
derstand the fixed-order language with extremely high accuracies (Fig. 3.3a,
3.3c). By contrast, the flexible-order language reaches only 38.7% listening
accuracy (Fig. 3.3b) and 84.5% permissive speaking accuracy (Fig. 3.3d) on
average for the unseen test. Note this does not reflect a weakness of the
learners, but the ambiguity of the language itself: namely, subject and ob-
ject are not distinguishable when the marker is absent, which happens in a
third of the utterances.7 These results are consistent with the higher compre-
hension and production accuracy of human participants learning the fix+op
vs. flex+op language in Fedzechkina et al. (2017). Specifically, their flex+op

7The ability of RNNs to learn fixed-order languages equally well as their flexible-
order/case-marking has been demonstrated by previous studies (Lupyan and Christiansen,
2002; Chaabouni et al., 2019b; Bisazza et al., 2021), but only when case marking is consis-
tently present.
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(a) Lst Acc fix+op (b) Lst Acc flex+op

(c) Spk Acc fix+op (d) Spk Acc flex+op

(e) %Order fix+op (f) %Order flex+op

(g) %Case fix+op (h) %Case flex+op

Figure 3.3: Supervised learning results across training epochs for the fixed- (left)
and flexible-order (right) language: accuracy of listening (a,b) and speaking (c,d)
agents; distribution of word order (e,f) and markers (g,h) in speaker-generated utter-
ances. All results are averaged over 20 random seeds.
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group reached 96% comprehension accuracy with 6.2% grammatical mistakes,
while the fix+op group reached 99% accuracy with no grammatical mistakes
(see Section 3.1 in Fedzechkina et al. (2017)). Next, we inspect the properties
of the language generated by speaking agents during the learning process.

3.5.2 Production Preferences

Fig. 3.3e, 3.3f show the proportion of SOV vs. OSV test utterances gen-
erated by the speaking agents across training epochs. For both languages,
learners show a clear probability-matching behavior: in a few epochs, the
order distribution becomes the same as in the input language and remains
unchanged throughout the whole training. A similar pattern is visible for
marking (Fig. 3.3g, 3.3h). Looking closer at fix+op (Fig. 3.3g) we notice a
slightly higher production of cases than the initial 66.7%, which is even less
e�cient than the input language.

Taken together, these results show that our agents are good learners but do not
regularize the use of the two strategies in a human-like way after SL, which is
in line with the iterated supervised learning results of Chaabouni et al. (2019b)
and Chapter 2 (Lian et al., 2021). This leads us to the next phase: optimizing
agents for communicative success.

3.6 Communication Learning Results

We study the e�ect of communication learning on communication success and
language properties.

3.6.1 Communication Success

Once a pair of agents is trained to speak/listen, they start communicating with
each other to achieve a shared goal: the listener should understand the speaker,
i.e. reconstruct the intended meaning. Task success is evaluated by mean-

ing reconstruction accuracy, which corresponds to the listening accuracy
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(Section. 3.5.1) of a listener receiving a speaker-generated utterance as input.8

The results in Fig. 3.4a, 3.4b show that agents understand each other better
after several communication rounds. More specifically, the non-ambiguous lan-
guage (Fig. 3.4a) su�ers from an initial drop but recovers the initial accuracy
by epoch 20. The ambiguous language (Fig. 3.4b) starts from a lower com-
munication success rate as expected but becomes more and more informative
throughout communication. In particular, around epoch 40, agents recover the
communication success they had achieved at the end of SL on known meanings
(85.2%) while even exceeding it for new meanings (61.5% vs. 38.7%). These
results strongly suggest the language becomes less ambiguous by interaction.

Additionally, we report a noticeable drop in average performance towards the
last epochs. The individual seed results reveal that most agent pairs su�er
from a collapse of their communication protocol in the final stages of RL.
We attribute this issue to a known limitation of the REINFORCE algorithm
related to its high gradient variance (Lu et al., 2020). Having assessed that
our NeLLCom agents are able to learn a language and use it for conveying
meanings, we now inspect how their language changes during communication.

3.6.2 Production Preferences

The proportions of word order and case markers generated by the speaking
agents are shown respectively in Fig. 3.4c, 3.4d and Fig. 3.4e, 3.4f. We can
see that these properties change considerably during communication learning,
which was not the case during SL. The increase of communication success
observed in both languages already indicates that languages tend to become
more informative. The key question is whether informativity is being balanced
with e�ciency, in a similar way as observed in human experiments (Fedzechkina
et al., 2017).

8Greedy decoding is used for both speaker and listener during the evaluation of commu-
nication success.
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(a) Comm.acc. fix+op (b) Comm.acc. flex+op

(c) %Order fix+op (d) %Order flex+op

(e) %Marking fix+op (f) %Marking flex+op

(g) Cond.mark fix+op (h) Cond.mark flex+op

Figure 3.4: Communication learning results across training epochs for the fixed-
(left) and flexible-order (right) language: meaning reconstruction accuracy (a,b); dis-
tribution of order (c,d) and markers (e,f) in speaker-generated utterances; marking
conditioned on di�erent orders (g,h). Dashed lines indicate marking in the initial
dataset (66.7%). All results averaged over 20 random seeds.
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Fix+op

This language is redundant as it uses both fixed order (SOV) and marking
to convey argument roles. As shown in Fig. 3.4c, agents keep using SOV
throughout the communication process.9 Similarly, human experiments of lan-
guage emergence have shown that participants hardly ever create innovations
in languages that are already systematic (St. Clair et al., 2009; Tily et al.,
2011; Fedzechkina et al., 2017). Importantly, Fig. 3.4e reveals a clear prefer-
ence towards dropping markers, as evidenced by a steady increase of no_mk
utterances (light color). This aligns with the finding in Fedzechkina et al.
(2017), whereby human learners of the fixed-order language significantly re-
duced the use of marking over three days of training.10 The tendency to drop
case markers is often explained by a human preference for reducing redundancy
and increasing e�ciency. Notably, the agents in our framework did not have
any manually coded e�ciency bias. The maximum allowed message length
was much longer than the utterances needed to get the message across and the
agents were not incentivized in any way to produce shorter sentences. Thus,
we explain the observed pattern as a tendency of the neural agents to make
the language more systematic as long as this does not harm communicative
success.

Flex+op

Recall this language is originally as e�cient as fix+op (i.e. same average utter-
ance length) but less informative due to the presence of ambiguous utterances.
We can think of at least two ways in which human or human-like learners could
improve it, namely: (i) keep using both orders interchangeably but use markers
more systematically, or (ii) choose one order as dominant and keep using mark-
ers optionally (or not at all). Note that di�erent pairs of speaking/listening
agents may opt for di�erent, though equally optimal strategies.

9The slight drop of SOV in the last epochs is due to the increase of non-classifiable (other)
utterances, in turn related to the final communication collapse mentioned in Section. 3.6.1.

10For detailed case marking results in human production, see Section 3.3 and Fig.4 in
Fedzechkina et al. (2017).
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We find that NeLLCom agents increasingly produce OSV utterances (Fig. 3.4d),
reaching a situation where OSV is twice as common as SOV when communi-
cation success is at its highest (epoch ≥50). At the same time, marker use
fluctuates initially and then stabilizes around 55%, that is still the majority of
cases but less than the initial rate (66.7%). This strongly suggests that agents
are making the language more informative while reducing e�ort, according to
strategy (ii). These results do not fully match those of Fedzechkina et al.
(2017), where most subjects instead adopted strategy (i).11 Nonetheless, our
findings provide important evidence that the word-order/case-marking trade-
o� can emerge in neural learners without hard-coded biases.

Conditional case marking

Besides how many markers are used, it is important to understand how they
are used. As Fedzechkina et al. (2017) point out, learners of a flexible-order
language could reduce uncertainty by conditioning their marker use on word
order (asymmetric case marking). For instance, using object marking only
in SOV utterances could minimize uncertainty while maximizing e�ciency.
As discussed above, NeLLCom agents using flex+op tend to prefer an order
over the other, however they are far from using one exclusively. Could our
agents also be using markers conditionally? Fig. 3.4h shows the proportion of
OSV utterances having a marker out of all OSV’s (OSVmk/OSVall) and the
same for SOV’s.12 Indeed, agents use marking decreasingly when producing
SOV utterances but maintain the marker percentage in OSV utterances, which
matches unexpectedly well the human tendency observed by Fedzechkina et al.
(2017), Section 3.4. Whether this is due to a coincidence or to a bias (e.g.
towards marking the first entity appearing in an utterance) remains for now
unexplained.

11For detailed word order results in human production, see Section 3.2 and Fig.3 in
Fedzechkina et al. (2017).

12For completeness, Fig. 3.4g shows conditional case marking results for fixed+op, however
this is less interesting as word order is a su�cient disambiguation cue in this language.
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3.7 Individual Learners’ Trajectories

All results so far were averaged over multiple randomly initialized agents. Here,
we look at possible variations among pairs of speaking-listening agents. We fo-
cus only on the flexible-order language, as it is more likely to undergo di�erent
optimization strategies. Fig. 3.5 shows 20 production distributions, each cor-
responding to a di�erent random seed. Most agents (no. 1 to 14) regularize
their productions towards the OSV order, as anticipated by the average results
in Fig. 3.4. However, we also find two agent pairs that take the opposite path
and produce more SOV (no. 19 and 20). The remaining four agents show no
clear order preferences (no. 15, 16, 17 and 18). As for case marking, a clear
preference to drop the marker from SOV utterances can be found in 15/20 pairs
(no. 4, 5, 9, 10 16 are exceptions), which reflects the average trend of condi-
tional case marking shown in Fig. 3.4h. This high degree of between-agents
variability matches human results (Fedzechkina et al., 2012, 2017; Culbert-
son et al., 2012; Hudson Kam and Newport, 2005) where learners often adopt
di�erent strategies to reach a common optimization objective.

Uncertainty/e�ciency trade-o�

We explore whether the observed trajectories can be explained by a single prin-
ciple: a trade-o� between uncertainty and e�ciency. Following Fedzechkina
et al. (2017), we quantify production e�ort as the average number of words
per generated utterance.13 To quantify uncertainty, we use their “condi-
tional entropy over grammatical function assignment” (H), which captures the
uncertainty over the intended meaning experienced by a listener with perfect
knowledge of the initial grammar. Fig. 3.6 presents uncertainty versus produc-
tion e�ort at three time points: the initial language defined by the grammar,
production after SL, and production after communication. For comparison,
the human results of Fedzechkina et al. (2017) are reported in Fig. 3.6c.

In Fig. 3.6a, the tight distribution of data points (empty circles) around the

13Fedzechkina et al. (2017) used the number of syllables, but that correlated perfectly with
the number of words.
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Figure 3.5: Individual production distributions (flex+op language). Utterances
are categorized into 5 types, namely SOV without marker, SOV with marker, OSV
without marker, OSV with marker and uncategorized (other). Color denotes word
order (blue: SOV, red: OSV), shading denotes marking (dark: with marker, light:
without). Subplots are manually arranged to highlight clusters of similar trajectories.
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(a) Supervision Results (b) Communication Results (c) Human Results

Figure 3.6: Uncertainty (H) versus production e�ort: NellCom agents’ results after
supervised (a) and communication learning (b); human results on last day of training
(c), reproduced with permission from Fedzechkina et al. (2017). Solid diamonds mark
the initial uncertainty-e�ort value for each language. Empty circles represent the
individual 20 agent pairs. Solid circles are the average of all agent pairs.

initial state (diamonds) reconfirms that SL alone does not lead to meaningful
regularization. In fact, the only noticeable drift happens for fix+op in the
counter-intuitive direction of increasing e�ort in the absence of uncertainty,
as also anticipated by Fig. 3.3g. Communication results (Fig. 3.6b) show a
very di�erent picture: for both languages, average e�ort appears to decrease
without noticeably increasing uncertainty. Variability among agents is also
wide, as already noticed in the qualitative analysis of Section. 3.7. In fix+op,
17/20 agents produce shorter sentences. Fedzechkina et al. (2017) report e�ort
reductions in 14/20 participants. In flex+op, the average uncertainty/e�ort
values do not deviate much from the initial state, but individual data points
reveal an unmistakable pattern, namely an inverse linear correlation between
e�ort and uncertainty (empty blue circles in Fig. 3.6b). We closely inspect
three instances: (i) The top-left data point (H=0.08, E=3.91) corresponds to
agent pair no. 1 in Fig. 3.5 whose language becomes fixed-order (OSV) and
fully marked, i.e. unambiguous but ine�cient. (ii) The bottom-right data
point (H=0.77, E=3.19) corresponds to no .19 in Fig. 3.5 where most markers
are dropped (5% for OSV and 24% for SOV) but no order strongly dominates,
resulting in high ambiguity. (iii) Finally, the data point at (U=0.09, E=3.43)
represents the only clear outlier from the linear correlation. This agent pair,
corresponding to no. 20 in Fig. 3.5, succeeds at minimizing both e�ort and
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uncertainty by using SOV predominantly (76%) and reserving most markers to
the less common order OSV (highly asymmetric case marking). Interestingly,
no outliers are found on the other side of the line: i.e. none of the 20 agents
pairs appears to increase both e�ort and uncertainty, just like in the human
results (Fig. 3.6c).

3.8 Discussion and Conclusion

We studied the conditions in which the word-order/case-marking trade-o�, a
well established language universal example, could emerge in a small population
of neural-network learners. We hypothesized that more naturalistic settings of
language learning and use could lead to more human-like results, without the
need to hard-code specific biases, such as least e�ort, into the agents. We
then proposed a new Neural-agent Language Learning and Communication
framework (NeLLCom) where pairs of speaking and listening agents learn a
given language through supervised learning, and then use it to communicate
with each other, optimizing a shared reward via reinforcement learning.

We used NeLLCom to replicate the experiments of Fedzechkina et al. (2017),
where two groups of human participants were asked to learn a fixed- and a
flexible-order miniature language, respectively, and to use it productively after
training. Our results with RNN-based meaning-to-sequence and sequence-to-
meaning networks confirm that SL is su�cient for perfectly learning the lan-
guages, but does not lead to any human-like regularization, in line with recent
simulations of iterated learning (Chaabouni et al., 2019b; Lian et al., 2021). By
contrast, communication learning leads agents to modify their production in
interesting ways: Firstly, optional markers are dropped more frequently in the
redundant fixed-order language than in the ambiguous flexible-order language,
which matches human learning results. Moreover, one of the two equally prob-
able word orders in the flexible-order language becomes clearly dominant and
case marking starts to be used consistently more often in combination with
one order than with the other. This conditional use of marking also matches
human results. Some interesting di�erences were also observed: for instance,
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NeLLCom agents showed, on average, a slightly stronger tendency to reduce
e�ort rather than uncertainty. As another di�erence, several human subjects
managed to ‘break’ the linear correlation by making the language more e�-
cient and less uncertain, whereas this happened only in one of our agent pairs.
Despite these di�erences, agents’ productions show a clear correlation between
e�ort and uncertainty, which strongly matches the core finding of Fedzechkina
et al. (2017). We conclude that the word-order/case-marking trade-o� as a
specific realization of the e�ciency/informativity trade-o� can, in fact, emerge
in neural network learners equipped with a need to be understood.

We made an important step towards developing a neural-agent framework that
replicates patterns of human language change without the need to hard-code
ad-hoc biases. Future work includes extending the current framework with
iterated learning, which might lead agents to further optimize the ambiguous
language and improve communication success over generations. We also plan to
experiment with di�erent neural network architectures to study the impact of
architecture-specific structural biases, and with di�erent word order universals.
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Chapter 4

Modeling Group Communication with the

Extended Framework NeLLCom-X

Recent advances in computational linguistics include simulating the emergence
of human-like languages with interacting neural network agents, starting from
sets of random symbols. The NeLLCom framework introduced in Chapter 3

(Lian et al., 2023) allows agents to first learn an artificial language and then
use it to communicate, with the aim of studying the emergence of specific
linguistics properties. However, in vanilla NeLLCom, agents are designed to
fulfill separate, complementary roles (either speaker or listener) and the sim-
ulated scenario is limited to pairwise communication, which di�ers from real
human language communication. In this chapter we explore the possibilities of
extending our previous findings to group communication settings. Concretely,
we ask:

RQ-C What are the necessary ingredients to scale up NeLL-

Com to larger populations?

NeLLCom-X is an extended version of the original framework in which agents
can now take both the speaker and listener role. This new design introduces
two mechanisms, namely embedding parameter sharing and self-play, to allow
communicating participants to take turns being the speaker and listener in
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interactions with others, and practice speaking on their own. We further vali-
date NeLLCom-X by replicating key findings from Chapter 3, simulating the
emergence of a word-order/case-marking trade-o�. We additionally simulate
interactions between agents that have been initially trained on di�erent lan-
guages and investigate how interaction a�ects linguistic convergence. We also
implement NeLLCom-X with di�erent group sizes and investigate whether the
word-order/case-marking trade-o� also emerges at the group level, and whether
larger groups develop more optimized languages, a pattern previously found
using human experiments (Raviv et al., 2019).

Chapter adapted from:

Yuchen Lian, Tessa Verhoef, and Arianna Bisazza. 2024. NeLLCom-X:
A comprehensive neural-agent framework to simulate language learning
and group communication. In Proceedings of the Conference on Compu-
tational Natural Language Learning (CoNLL), pages 243–258. Associa-
tion for Computational Linguistics

4.1 Introduction

Human language can be viewed as a complex adaptive dynamical system
(Fitch, 2007; Steels, 2000; Beckner et al., 2009), in which individual behaviours
of language users drive linguistic emergence and change at the population
level. Languages are shaped by the brains of individuals who are learning them
(Christiansen and Chater, 2008; Kirby et al., 2014) and novel conventions and
meanings are negotiated during interaction and language use (Fusaroli and
Tylén, 2012; Namboodiripad et al., 2016; Garrod et al., 2007). The e�ect of
these mechanisms on linguistic patterns has been studied extensively, and it
is recognized that language systems do not spring from the mind of a single
individual, but are the result of constant reinterpretation and filtering through
populations of human minds. As such, language users are not mere passive
learners, but unconsciously and gradually contribute to language change.

Recently, this interactive and dynamic property of human language was recog-
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nized as a key factor to improve AI (Mikolov et al., 2018), leading to a large in-
terest in simulating the emergence of human-like languages with neural network
agents (Havrylov and Titov, 2017; Kottur et al., 2017; Lazaridou et al., 2017;
Lazaridou and Baroni, 2020). Typically, a pair of agents is simulated where a
speaking agent tries to help a listener recover an intended meaning by generat-
ing a message the listener can interpret. Early frameworks have been progres-
sively expanded to display important aspects of human language and communi-
cation, like generational transmission (Li and Bowling, 2019; Chaabouni et al.,
2019b; Lian et al., 2021; Chaabouni et al., 2022), group interaction (Tieleman
et al., 2019; Chaabouni et al., 2022; Rita et al., 2022; Michel et al., 2023; Kim
and Oh, 2021) and other aspects (Galke and Raviv, 2025). Within this body
of work, most studies start from sets of random symbols, with a strong focus
on tracking the emergence of human-like language properties such as compo-
sitionality (Chaabouni et al., 2020, 2022; Li and Bowling, 2019; Conklin and
Smith, 2022) or principles of lexical organization like Zipf’s law of abbreviation
(Rita et al., 2020).

However, neural agent emergent communication frameworks could also be a
valuable tool to simulate the evolution of more specific aspects of language.
Studies with human participants have addressed many other aspects such as
specific syntactic patterns like word order or morphology (Saldana et al., 2021b;
Culbertson et al., 2012; Christensen et al., 2016; Motamedi et al., 2022), a ten-
dency to reduce dependency lengths (Fedzechkina et al., 2018; Saldana et al.,
2021a), colexification patterns and the role of iconicity or metaphor in the emer-
gence of new meanings (Karjus et al., 2021; Verhoef et al., 2015, 2016, 2022;
Tamariz et al., 2018), and combinatorial organisation of basic building blocks
(Roberts and Galantucci, 2012; Verhoef, 2012; Verhoef et al., 2014). What
most of these studies have in common is that participants are asked to learn
and/or interact with pre-defined artificial languages specifically designed by the
experimenters to study the linguistic property of interest. However, the exist-
ing neural-agent communication frameworks (often based on EGG (Kharitonov
et al., 2019)), do not enable training agents on pre-defined languages. A dif-
ferent body of work has studied the learnability by neural networks of various

67



4.1. Introduction

Figure 4.1: Overview of the NeLLCom-X framework.

types of artificial languages (Lupyan and Christiansen, 2002; Wang and Eisner,
2016; Bisazza et al., 2021; White and Cotterell, 2021; Hopkins, 2022; Kallini
et al., 2024). This paradigm has led to important insights, revealing inductive
biases of neural models, but is limited to studying learnability in a passive su-
pervised learning setting, unlike the dynamic and interactive setting in which
human language has evolved.

A framework combining agent communication with the ability to learn pre-
defined artificial languages was recently introduced by Lian et al. (2023), as
presented in Chapter 3. In NeLLCom (Neural agent Language Learning
and Communication), agents are first trained on an initial language through
Supervised Learning, followed by a communication phase in which a speaking
and listening agent continue learning together through Reinforcement Learning
by optimizing a shared communicative reward.

In this chapter, we extend NeLLCom with group interaction with the aim of
studying the interplay between learnability of specific pre-defined languages,
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communication pressures, and group size e�ects under the same framework. To
this end, we first extend the vanilla NeLLCom agent to act as both listener and
speaker (i.e. role alteration, cf. Fig. 4.1), which was identified as an important
gap in the emergent communication literature by Galke et al. (2022). Then, we
design a procedure to let such ‘full-fledged’ agents interact in pairs with either
similar or di�erent initial language exposure, or in groups of various sizes.
With the extended framework, NeLLCom-X, we replicate the key findings of
Chapter 3 (Lian et al., 2023) and additionally show that (i) pairs of agents
trained on di�erent initial languages quickly adapt their utterances towards
a mutually understandable language, (ii) languages used by agents in larger
groups become more optimized and less redundant, and (iii) a word-order/case-
marking trade-o� emerges not only in individual speakers, but also at the group
level.

We release NeLLCom-X to promote simulations of other language aspects
where interaction and group dynamics are expected to play a key role.1

4.2 Related Work

Role-alternating agents

Initially, most work on emergent communication modeled agents to fulfill sep-
arate, complimentary roles (i.e. one agent always speaks, the other always
listens). Human language users are, of course, able to take both roles. When
listing a set of "design features" of human language, Hockett (1960) refered to
interchangeability as the ability of language speakers to reproduce any linguistic
message they can understand. In experiments with humans communicating via
artificial languages, participants also usually take turns being the speaker and
listener (Kirby et al., 2015; Namboodiripad et al., 2016; Roberts and Galan-
tucci, 2012; Verhoef et al., 2015, 2022). Therefore, Galke et al. (2022) named
role-alternation as a missing key ingredient to close the gap between outcomes
of simulations and findings from human language evolution data.

1https://github.com/Yuchen-Lian/NeLLCom-X
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Exceptions to this trend include the role-alternating architectures of Kottur
et al. (2017), Harding Graesser et al. (2019), and Taillandier et al. (2023). Re-
cently, Michel et al. (2023) propose a method to couple a speaker and listener
among a group of speaking and listening agents. By what they call "partition-
ing", the listener-part is only trained to adapt to its associated speaker, while
the listener parameters are frozen during communication with other speakers.
Hence, the speaking and listening parts of an agent are tied softly, i.e. no "phys-
ical" link via shared modules. While being workable, this partitioning seems
less realistic in terms of cognitive plausibility and communication, as human
listeners continually refine their understanding during all kinds of interactions
(speaking as well as listening). What all these studies have in common is their
focus on protocols emerging from scratch, i.e. starting from random symbols,
which does not allow for simulations with pre-defined languages. Closer to our
goal, Chaabouni et al. (2019b) train agents on artificial languages and observe
them drift in a simple iterated learning setup that does not model commu-
nication success. They use sequence-to-sequence networks that can function
both as speaker and listener by representing both utterances and meanings
as sequences and merging meaning and word embeddings into a single weight
matrix, tied between input and output.

We combine elements of the above techniques to design agents that can learn
artificial languages and use them to interact in a realistic manner.

Group communication

Natural languages typically have more than two speakers, and language struc-
ture is shaped by properties of the population. According to the Linguistic
Niche hypothesis, for example, languages used by larger communities tend to
be simpler than those used in smaller, more isolated groups (Wray and Grace,
2007; Lupyan and Dale, 2010). Similarly, experiments with human participants
have shown that interactions in larger groups can result in more systematic lan-
guages (Raviv et al., 2019). Various emergent communication simulations have
been designed to investigate group e�ects, revealing the emergence of natural
language phenomena. Tieleman et al. (2019), for example, found that repre-
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sentations emerging in groups are less idiosyncratic and more symbolic. They
model a population of community-autoencoders and since the identities of the
encoder and decoder are not revealed within a pair, the emerging represen-
tations develop in such way that all decoders can use them to successfully
reconstruct the input, resulting in a more simple language as also found in
humans. Michel et al. (2023) found that larger agent groups develop more
compositional languages. Harding Graesser et al. (2019) investigated various
language contact scenarios with populations of agents that have first developed
distinct languages within their own groups, and could observe the emergence of
simpler ’creole’ languages, resembling findings from human language contact.
Kim and Oh (2021) vary the connectivities between agents in groups, and find
the spontaneous emergence of linguistic dialects in large groups with over a
hundred agents having only local interactions. Again, none of these frame-
works support training agents on pre-defined languages, limiting the extent to
which they can be applied to specific human-like linguistic features.

In this work, we showcase how NeLLCom-X agents can interact in groups using
artificial languages that were specifically designed to study the emergence of
word-order/case-marking patterns.

4.3 NeLLCom-X

We summarize the original NeLLCom framework (Lian et al., 2023) and then
explain how we extend it with role alternation and group communication.

4.3.1 Original Framework

NeLLCom agents exchange simple meanings using pre-defined artificial lan-
guages. To achieve this, the framework combines: (i) a supervised learning
(SL) phase, during which agents are taught a language with specific proper-
ties, and (ii) a reinforcement learning (RL) phase, during which agent pairs
interact via a meaning reconstruction game.

Meanings are triplets m = {A, a, p} representing simple scenes with an ac-
tion, agent, and patient, respectively (e.g. praise, fox, crow). An artificial
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language defines a mapping between any given meaning m and utterance u

which is a variable-length sequence of symbols from a fixed-size vocabulary
(e.g. ‘Fox praises crow’). According to the language design, the same meaning
may be expressed by di�erent utterances, and vice versa, the same utterance
may signal di�erent meanings.

Speaker and Listener Architectures

The speaking function S : m ‘æ u is implemented by a linear-to-RNN network,
whereas the listening function L : u ‘æ m is implemented by a symmetric
RNN-to-linear network.2 The sequential components are implemented as a
single-layer Gated Recurrent Unit (Chung et al., 2014). In both directions,
meanings are represented by unordered tuples instead of sequences to avoid
any ordering bias, di�erently from Chaabouni et al. (2019b) who also represent
meanings as sequences. Both speaking and listening networks have a single 16-
dim GRU layer. The maximum utterance length for the speaking decoder is
set to 10 words.

Artificial language learning and communication

During SL phase, the speaker learns the mapping from the meaning inputs to
utterances and vice versa for the listener. Dataset D is composed of meaning-
utterance pairs (m, u) where u is the gold-standard generated for m by a pre-
defined grammar. Given training sample (m, u), speaker’s parameters ◊S and
listener’s parameters ◊L are optimized by minimizing the cross-entropy loss of
the predicted words and the predicted meaning tuples respectively:

Losssup
(S) = ≠

Iÿ

i=1
log p◊S (wi|w<i, m) (4.1)

Losssup
(L) = ≠(log p◊L(A|u) + log p◊L(a|u) + log p◊L(p|u)) (4.2)

2To make the two networks fully symmetric, we slightly modify the original listener archi-
tecture in Chapter 3 (Lian et al., 2023) by adding a meaning embedding layer before the
final softmax. Preliminary experiments show no visible e�ect on the results.
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where wi...wI are the words composing utterance u, whereas A, a, p are respec-
tively the action, agent and patient of meaning m.

During RL phase, communication is implemented by a meaning reconstruc-
tion game following common practice in the artificial agent communication
literature (e.g. Steels, 1997; Lazaridou et al., 2018). The speaker generates an
utterance û given a meaning m, and the listener needs to reconstruct meaning
m given û. The policy-based algorithm REINFORCE (Williams, 1992) is used
to maximize a shared reward rL(m, û), defined as the log likelihood of m given
û according to the listener’s model:

rL(m, û) =
ÿ

e œ m={A,a,p}
log p◊L(e|û) (4.3)

Thus, the communication loss becomes:

Losscomm
(S,L) = ≠rL(m, û) ú

Iÿ

i=1
log p◊S (wi|w<i, m) (4.4)

Crucially, each agent in the original NeLLCom can either function as listener
(utterance-to-meaning) or as speaker (meaning-to-utterance), but not as both,
see Fig. 4.1. While this minimal setup was su�cient to simulate the emergence
of the word-order/case-marking trade-o� (Lian et al., 2023), it does not allow
for role alternation –a missing key ingredient for realistic simulations of emer-
gent communication (Galke et al., 2022) and a necessary condition to simulate
group communication.

4.3.2 Full-fledged Agent

To realize a full-fledged agent (–) that can speak and listen while interacting
with other agents, we pair two networks –i = (NS

i , NL
i ) using two strategies:

parameter sharing and self-play (Fig. 4.1).
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Parameter sharing

A common practice in NLP is tying the weights of the embedding (input)
and softmax (output) layers to maximize performance and reduce the number
of parameters in large language models (Press and Wolf, 2017). Chaabouni
et al. (2019b) applied this technique to their sequence-to-sequence utterance ¡
meaning architecture.

However in our setup, listening and speaking are implemented by two separate,
symmetric networks. We then tie the input embedding of the speaking network
to the output embedding of the listening network X(NS

i ) = O(NL
i ) (both

representing meanings). Likewise, we tie the input embedding of the listener
to the output embedding of the speaker X(NL

i ) = O(NS
i ) (both representing

words). The shared meaning embeddings have 8-dim and the shared word
embeddings have 16-dim. Because of these shared parameters, the speaker
training process will also a�ect the listener, and vice versa. To balance listener
and speaker optimization during supervised learning, we alternate between the
two after each epoch.3

Self-play

Even when word and meaning representations are shared, the rest of the speak-
ing and listening networks remain disjoint, potentially causing the speaking and
listening abilities to drift in di�erent directions. As discussed in Section 4.2,
a realistic full-fledged agent should be able to understand itself at any mo-
ment. To ensure this, we let the agent’s speaking network send messages to
its own listening network while optimizing the shared communicative reward
r, a procedure known as self-play in emergent communication literature (Lowe
et al., 2020; Lazaridou et al., 2020). In Section 4.6.2, we show empirically that
self-play is indeed necessary to preserve the agents’ self-understanding while
their language evolves in interaction.

3As verified in preliminary experiments, results are similar whether the last epoch is a
listening or speaking one.
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4.3.3 Interactive Communication

Given the new full-fledged agent definition, communication becomes possible
between two or more role-alternating agents. We introduce the notion of turn
to denote a minimal communication session where RL weight updates take
place between an agent’s speaker and either its own listener or another agent’s
listener:

self_turn(–i) = RL(NS
i , NL

i ) (4.5)

inter_turn(–i, –j) = RL(NS
i , NL

j ) (4.6)

For example, in our experiments, a turn corresponds to 10 batches of 32 mean-
ings. Note that interaction can involve agents that were trained on the same
language, or on di�erent initial languages, as we will show in Section 4.6.

Algorithm 2 Group Communication
Input: set of SL-trained agents: Agents,

edges in the connectivity graph: G,
n_rounds, ‡

for r = 1 : n_rounds do

comm_turns = shu�e(G)
for turni œ comm_turns do

ispk, ilst = turni

–spk = Agents[ispk], –lst = Agents[ilst]
inter_turn(–spk, –lst)
for – = {–spk, –lst} do

–.activation += 1
if –.activation >= ‡ then

self_turn(–)
–.activation = 0

end

end

end

end
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Turn scheduling

During group communication, a connectivity graph G is used to define which
agents can communicate with another, and which cannot. Within G, a node i

represents an agent and a directed edge (i, j) represents a connection whereby
–i can speak to –j , but not necessarily vice versa. Turn scheduling then pro-
ceeds as shown in Algorithm 2: Before each turn, an edge (i, j) is sampled
without replacement from G. Then –i and –j perform an inter_turn of mean-
ing reconstruction game, with –i acting as the speaker and –j as the listener.
Interactive turns are interleaved with self-play turns at fixed intervals, i.e. ev-
ery time an agent has participated in ‡ ◊ inter_turn, it performs one self_turn.
Once all edges in G have been sampled, a communication round is complete.
In this work, we only consider a setup where all agents can interact with all
other agents (G is a complete directed graph). We leave an exploration of more
complex configurations such as those studied by Harding Graesser et al. (2019);
Kim and Oh (2021); Michel et al. (2023) to future work. We set ‡ = 10 in all
interactive experiments, unless di�erently specified. Interaction between two
agents follows the same procedure as group communication.

4.4 Experimental Setup

As our use case, we adopt the same artificial languages as in Chapter 3 (Lian
et al., 2023). These simple verb-final languages vary in their use of word order
and/or case marking to denote subject and object, and were originally proposed
by Fedzechkina et al. (2017) to study the existence of an e�ort-informativeness
trade-o� in human learners.

4.4.1 Artificial languages

The meaning space includes 10 entities and 8 actions, resulting in a total of
10◊(10≠1)◊8=720 possible meanings. Utterances can be either SOV or OSV.
The order profile of a language is defined by the proportion of SOV, e.g. 100%
fixed, 80% dominant, 50% maximally flexible-order. Objects are optionally
followed by a special token ‘mk’ while subjects are never marked. To simplify
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the vocabulary learning problem, each meaning item correspond to exactly one
word, leading to a vocabulary size of 10+8+1=19. Two example languages are
shown in Table 4.1.

language properties possible utterances

100s+0m 100% sov; 0% marker Tom Jerry chase

100s+50m 100% sov; Tom Jerry chase
50% marker Tom Jerry mk chase

80s+100m 80/20% sov/osv Tom Jerry mk chase
100% marker Jerry mk Tom chase

Table 4.1: Three example languages with varying order and marking proportions,
and corresponding utterances for the meaning m={A: chase, a: tom, p: jerry}.

4.4.2 Evaluation

Following Chapter 3 (Lian et al., 2023), agents are evaluated on a held-out
set of meanings unseen during any training phase. The SL phase is evaluated
by listening/speaking accuracy computed against gold dataset D, while the
RL phase is evaluated by meaning reconstruction accuracy, or communication
success. In NeLLCom-X, communication success denotes two di�erent aspects:
self-understanding when measured between the same agent’s speaker and lis-
tener network, or interactive communication success when measured between
a speaking agent and a di�erent listener agent:

accself (m, –i) = acc(m, L–i(S–i(m)) (4.7)

accinter(m, –i, –j) = acc(m, L–j (S–i(m)) (4.8)

where acc(m, m̂) is 1 i� the entire meaning is matched. Interactive success is
not symmetric.

4.4.3 Production preferences

Besides accuracy, our main goal is to observe how the properties of a given
language evolve throughout communication. This is done by recording the
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proportion of markers and di�erent orders in a set of utterances generated by
an agent for a held-out meaning set, after filtering out utterances that are
not recognized by the initial grammar. When the focus is on the trade-o�,
rather than on a specific word order, we measure order entropy. Production
preferences can be aggregated over an individual agent, a group, or the entire
population.

4.5 Replicating the Trade-o� with Full-fledged Agents

Before moving to interactive communication, we validate the new NeLLCom-X
framework through a replication of the main findings of Chapter 3 (Lian et al.,
2023). The simple speaker-listener communication setup of NeLLCom could
be seen as a speaker-internal monitoring mechanism predicting the utterance
understandability (Ferreira, 2019). Thus, we compare NeLLCom results to
those of NeLLCom-X full-fledged agents only engaging in self-play. We conduct
two sets of experiments covering four languages in total. In the first set, agents
are trained on the exact same languages as in Chapter 3 (Lian et al., 2023),
respectively: 100s+67m for fixed-order and 50s+67m for flexible-order. In the
second set, we modify the initial case marking proportion of both languages
from 67% to 50%, i.e., 100s+50m and 50s+50m.

4.5.1 Training details for the replication

For this replication, we make the training configuration as consistent as pos-
sible with Chapter 3 (Lian et al., 2023). Specifically, we split the data into
66.7/20% training/testing. The testing proportion is di�erent from the 33.3%
used in NeLLCom as we would like to match the test set size we use for in-
teractive communication in this work. All entities and actions are required to
appear at least once in the training set. The default Adam optimizer is applied
with a learning rate of 0.01. Both SL and self_turn iterate 60 times.4 Each
replication setup is repeated with 50 random seeds.

4As the 66.7% trainset results in 480 samples, which equals 15 batches of 32 samples per
turn. This is slightly di�erent than 10 batches per turn during interactive communication.
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Figure 4.2: Replicating the results from Chapter 3 (Lian et al., 2023) with
NeLLCom-X full-fledged self-communicating agents with fixed-order (a) and flexible
order (c) languages. Comparing the original results with a new, more neutral, initial
languages with 50% markers in (b) and (d).

4.5.2 67% marking in initial languages

Here we compare NeLLCom results to those of NeLLCom-X full-fledged agents
on the same initial languages (Fig. 4.2 Row (a) and (c)).

After SL, our agents have successfully learnt both 100s+67m and 50s+67m but
no regularization happens, as expected. By contrast, the results of self-play
averaged over each 50-agent set indicate the production preferences drift.

Fixed-order self-communication

Starting from the initial marker proportion (66.7%), 100s+67m learners start
to drop the marker (50% at round 60) during self-communication while main-
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(a) NeLLCom-X
self-communication

(b) NeLLCom
communication

(c) Humans Results
(Fedzechkina et al., 2017)

(d) flex-mk67: Individual production patterns during self-communication.

Figure 4.3: Replicating the results of Chapter 3 (Lian et al., 2023): Supervised
learning followed by Self-communication with NeLLCom-X full-fledged agents. All
results are averaged over 50 random seeds.

taining high understandability (95%) (Fig. 4.2 (a1) and (a4)). The fixed-order
language also loses markers faster than the flexible one, where markers are
often necessary for agent/patient disambiguation (Fig. 4.2 (a4) versus Fig. 4.2
(c4)). This aligns with the results of Chapter 3 (Lian et al., 2023).

Flexible-order self-communication

The self-communication accuracy in the flexible-order language (Fig. 4.2 (c1))
starts from a relatively low success rate as expected, but increases with more
communication rounds. In particular, agents exceed the communication suc-
cess they had achieved at the end of SL on new meanings and finally reach
a much higher accuracy on new meanings at the end of self-communication
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(around 75%) comparing to the communication success they had achieved at
the end of SL.

The average ordering and marking proportions also show that flexible-order
language self-communication results in a very similar pattern as was found in
Chapter 3 (Lian et al., 2023): (i) The average word order production (Fig. 4.2
(c2)) shows a strong preference for OSV, (ii) Although the overall marking
system ends with a similar marker proportion as the initial condition (Fig. 4.2
(c4)), i.e., the proportion of with-marker utterances is twice the proportion of
no-marker utterances, we can see a clear shift to conditional marking (Fig. 4.2
(c3)) with an asymmetric use of markers: at round 60, the marker proportion
on utterances with OSV order (70%) remains similar to the initial proportion
(66.7%), while the proportion of markers use with SOV drops to 35%. This
order preference and asymmetric marking system align with the flexible-order
language results of Chapter 3 (Lian et al., 2023).

Fig. 4.3d shows the production preferences of individual agents where the dis-
tributions of utterance type usage diverge over time, similar to the independent
speaker and listener communication results in Chapter 3 (Lian et al., 2023).

Uncertainty vs. E�ort

Lian et al. (2023) (Chapter 3) found that agents balanced uncertainty and
e�ort in a similar way to human participants in an artificial language learning
task (Fedzechkina et al., 2017). To evaluate whether a similar uncertainty-e�ort
trade-o� is found with our full-fledged agents, we apply the same measurement
on both fixed and flexible languages in Fig. 4.3a. Besides the results from our
new framework, we also reproduce the independent listener-speaker communi-
cation result from Chapter 3 (Lian et al., 2023)(Fig. 4.3b) and human results
from Fedzechkina et al. (2017) (Fig. 4.3c) for comparison.

For the fixed-order language, the obvious drop of the averaged e�ort fits both
Chapter 3 (Lian et al., 2023) and Fedzechkina et al. (2017). Among 50 agents,
only one agent significantly increases the use of markers and ends at around
3.8 words per utterance. Others reduce the marker, and two agents even end
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50s+67m 50s+50m

Figure 4.4: Production preferences for two populations of 50 agents engaging in
self-play (no interaction) after having learned two flexible-order, optional-marker lan-
guages: one with 67%, the other with 50% marking. Solid diamonds mark the initial
language; each empty circle denotes a full-fledged agent at the end of self-play; solid
circles are the average of all agents, with error bars showing standard deviation.

with 3.0 and 3.05 words per utterance which means almost no markers are
produced. For the flexible-order language, uncertainty is reduced slightly less
strongly as in the human results, which was also the case in Chapter 3 (Lian
et al., 2023).

4.5.3 Initial marking proportion

We reconsider here a language design choice that originates from Chapter 3

(Lian et al., 2023) which was, in turn, inherited from the human study of
Fedzechkina et al. (2017). It was recently found that human learners exposed
to a fixed-order language with 75% marking tend to regularize by increasing
marker use even though this would make the language less e�cient (Tal et al.,
2022). Similarly, the dominant proportion (67%) of marking utterances in our
initial languages may push the agents to prefer marking even when it may be
a redundant strategy.

Hence, we propose that a more balanced distribution of 50% markers may be
a better choice to reveal the intrinsic preferences of the learners, if there are
any, without biasing them to regularize markers.
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In the fixed-order languages, markers are dropped more rapidly in the fixed-
order 50% marker language than in the 67% marker language (Fig. 4.2 (a3)
versus Fig. 4.2 (b3)) as expected.

In the flexible-order languages, results show that 50s+50m has overall lower
communicative success than 50s+67m, as expected given the higher amount
of ambiguous sentences (Fig. 4.2 (d1) versus Fig. 4.2 (c1)). Agents trained
on the 67% marker language mostly kept using the marker, even though they
also developed a clear preference for one word order, resulting in redundant
strategies. With 50% markers in the initial language, however, agents drop the
marker when they develop a word order preference despite being trained on a
flexible word order language (Fig. 4.2 (c3) versus Fig. 4.2 (d3)).

We further visualize the individual-level marker proportions and order entropy
at the end of self-play for flexible languages with di�erent initial marking pro-
portions (50s+67m and 50s+50m) in Fig. 4.4 (right column). For 50s+67m,
production preference after self-play reveals an overall decrease in order entropy
with marking proportion remaining almost the same on average (solid circle).
For 50s+50m, production preferences reveal a larger variability in solutions
including those with more fixed order and less markers.

In sum, self-play in NeLLCom-X results in very similar trends as the simple
NeLLCom setup, confirming the emergence of a human-like word-order/case-
marking trade-o� (Fedzechkina et al., 2017). Self-understanding increases
through RL leading to a much more informative language, while production
preferences reveal that this spans from an overall decrease in order entropy
with marking proportion remaining almost the same on average.

Learners of the language with a more balanced distribution of 50% markers and
50/50% word order show overall lower communicative success as expected.
However, success increases substantially during interaction while production
preferences reveal a larger variability in solutions including those with more
fixed order and less markers. We use this more neutral combination as the
default language in all remaining experiments.
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4.6 Interactive Communication

This section presents our main results: in Section 4.6.2 we focus on pairwise
interaction and show how NeLLCom-X can be used to simulate communication
between speakers of di�erent languages, which was not possible in the original
framework; in Section 4.6.3 we move to group communication and study the
e�ect of group dynamics on communication success and production preferences.

4.6.1 Training Details for Interactive Communication

We explain here the detailed setup for the main experiments discussed in Sec-
tion 4.6.2 and Section 4.6.3. This setup was determined based on preliminary
experiments to yield optimal results in terms of learning accuracy (during SL)
and communication success (during RL).

Data splits

We first split the data into 80/20% training/test. The test split is used though-
out the whole training. We resample 66.7% meanings out of the first train set
(resulting in 480 meaning-utterance pairs) for the SL training phase. All enti-
ties and actions are required to appear at least once in the training set.

Then, for each communication turn, 50% meanings are sampled from the first
train set (resulting in 320 meanings) and used as the training samples for this
RL turn. Because interactive communication is always preceded by SL, agents
have already learnt the mapping between words and entities and actions in the
meaning space. Thus we do not enforce the all-seen-entities/actions rule in RL
sampling.

Communication turns and rounds

During interactive communication, the RL learning rate is set to 0.005. For
each communication turn, 1 epoch is applied corresponding to 10 batches of 32
meanings. We fix the total number of inter_turn per agent to (approximately)
200 (both speaking and listening are considered). The total round is then

84



Chapter 4. NeLLCom-X

computed as:
comm_rounds =

9 200 ú group_size

2 ú |commu_edges|

:
,

or to simplify the equation in fully connected communication graphs:

comm_rounds =
9 100

group_size ≠ 1

:
.

For a group of 2, a communication round includes 2 communication edges to
be sampled: Gg2 = {–0 æ –1, –1 æ –0}. For a group of 4, a communication
round includes 12 = 4 ◊ (4 ≠ 1) communication edges Gg4 = {A0 æ A1, A0 æ
A2, A0 æ A3, A1 æ A0, A1 æ A2, A1 æ A3, A2 æ A0, A2 æ A1, A2 æ
A3, A3 æ A0, A3 æ A1, A3 æ A2}. Similarly, |Gg8| = 8 ◊ (8 ≠ 1) = 56
and |Gg20| = 20 ◊ (20 ≠ 1) = 380. As for self-play, each agent performs 200/‡

self-play turns in total during interaction, that is 200/10=20 in the standard
case where ‡ = 10.

Number of random seeds

In Section 4.6.2 we repeat each language combination experiment with 50 pairs
of agents (i.e. 100 random seeds). In Section 4.6.3, we set the total number of
trained agents to 200 in each setup, (i.e. number of groups = 200/group_size).
The details of rounds and repeated groups are listed in Table 4.2.

group

size

communication

edges

communication

rounds

repeated

groups

2 2 = 2 ú (2 ≠ 1) 100 = Á100/(2 ≠ 1)Ë 100 = 200/2
4 12 = 4 ú (4 ≠ 1) 34 = Á100/(4 ≠ 1)Ë 50 = 200/4
8 56 = 8 ú (8 ≠ 1) 15 = Á100/(8 ≠ 1)Ë 25 = 200/8
20 380 = 20 ú (20 ≠ 1) 6 = Á100/(20 ≠ 1)Ë 10 = 200/20

Table 4.2: Number of communication edges, number of rounds, and number of
repeated groups for each group-size setting. These settings were selected to ensure a
fair comparison (i.e. similar amount of computation) across di�erent group sizes.
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4.6.2 Speakers of Di�erent Languages

We study a simple setup with two full-fledged agents interacting with each
other in both ways –base¡–other. The first (–b for base) is always trained
on the neutral language 50s+50m, while the second (–o for other) is trained
on one of four languages with di�erent properties. If interaction works, we
expect (i) agent pairs to negotiate a mutually understandable language and
(ii) –b’s language to drift in di�erent directions according to its interlocutor.
For production preferences, we are interested here in the specific word order of
the evolving languages so we plot proportion of markers against proportion of
SOV instead of order entropy.

The communication success plots in Fig. 4.5 (left column) show a faster con-
vergence and higher final accuracy when –o has a stronger order preference. As
for production preferences (Fig. 4.5, right column), in the control setting where
two neutral agents interact with each other, most agents move towards either
side of the plot, representing order regularization. A larger portion of agents
regularize towards OSV rather than SOV, which was also observed in Chap-

ter 3 (Lian et al., 2023) and might be due to OSV being the order where
the disambiguating marker appears earlier. Marking decreases only slightly
on average. The next two settings involve initial languages with few markers
and di�erent order preferences but equally low order entropy (20s+20m and
80s+20m). As shown by the highly symmetric trends, these pairs strongly con-
verge by regularizing towards the dominant order of –o and further reducing
markers. The fourth setting involves a language where marking is widespread
and informative due to high order entropy (50s+80m). Here, –b shows on av-
erage a similar order regularization as in the control setting –b¡–b, but with
a marking increase instead of decrease. Finally, when involving a dominant-
order language with no clear marking preference (80s+50m), agents strongly
regularize the dominant order, with a majority of them reducing marker use.

Taken together, these results demonstrate that (i) pairs of di�erent-language
agents succeed in negotiating a mutually understandable language in most
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Figure 4.5: Interactive communication between di�erent language speakers. The
first agent is always trained on 50s+50m (–b). Each experiment is repeated with 50
agent pairs.

87



4.6. Interactive Communication

cases, and (ii) the evolution of an agent’s language strongly depends on whom
they interact with, thereby matching the expectations for a realistic simulation
of interactive communication.

Impact of self-play during interactions

As explained in Section 4.3.3, each agent performs a turn of self-play after
completing ‡ = 10 turns of interactive communication, based on preliminary
experiments. We compare this to a setup where no self-play is performed
during interaction (‡ = inf), in the case where two agents start from a state
of poor mutual understanding due to limited marking and strongly diverging
order preferences (80s+20m vs. 20s+20m). As shown in Fig. 4.6, disabling
self-play leads to extremely low self-understanding even though communica-
tion between the two agents is successful. To explain this result, we inspect the
production preferences of individual agent pairs and find that many regularize
their language in opposite directions (e.g. dominant SOV vs. dominant OSV,
both with no markers), indicating a total decoupling of the speaking and lis-
tening ability. Thus, we confirm that embedding tying alone does not allow for
a realistic interaction simulation, making self-play necessary in our framework.

with self-play (‡=10) without self-play (‡=inf)

Figure 4.6: Impact of self-play during interaction in pairs of agents speaking
80s+20m and 20s+20m respectively. Each experiment is repeated with 20 agent pairs,
and the average communication per turn is shown.
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4.6.3 E�ect of Group Size

Here we move back to a setup where all agents are trained on the same neutral
and unstable initial language (50s+50m), but this time they interact in groups
of di�erent sizes (2, 4, 8, 20) using the standard self-play frequency (‡ = 10).
To make results comparable, we ensure the total number of interactive turns
per agent is the same (¥200) in all setups, by setting comm_round to 100,
34, 15, and 6 respectively. A total of 200 agents are trained in each group size
setting.5

Fig. 4.7 (left column) shows similar learning curves for all group sizes, demon-
strating that communication is successful even in larger groups. In all cases,
interactive and self-communication test accuracy start low (25%), but agents
collaborate and end up between 60% ≥ 80% success at inter_turn = 100.

For production preferences, we plot proportion of marking by order entropy as
we are again interested in order flexibility rather than the specific order chosen
by the agents (Fig. 4.7, right column). Here, each circle denotes the average
production preferences of an entire group, as opposed to those of a single
agent. When comparing results across di�erent group sizes, we see that the
variability observed in self-playing agents (Section 4.5) including less optimal
and redundant strategies, gets smaller as group size increases. The average
entropy in groups of 8 and 20 is also lower than in groups of 4 or 2. In the
group setting, an agent’s choice to use a marker does not only depend on its
own order entropy but on that of the entire group. As a measure of the word-
order/case-marking trade-o� at group level, we therefore calculate Spearman’s
correlation (fl) between order entropy and marker use, both computed over
all (categorizable) utterances produced by all agents in a group. As shown
in Fig. 4.7, fl steadily increases with group size from relatively weak (0.32) in
pairs to strong (0.73) in groups of 20. This confirms that pairs, like self-playing
agents, still often settle on redundant strategies, while larger groups develop

5100 runs of group of 2, 50 of 4, 25 of 8, and 10 of 20. See all group-specific training details
in Section 4.6.1. In this paper, we only consider fully connected communication graphs and
fix the total amount of trained agents to enable comparison. We leave an exploration of other
group communication factors, such as density and connectivity, to future work.
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more optimized languages in which stronger order consistency at the group
level leads to a drop in marker use, confirming the emergence of the trade-o�
also at the group level.

Communicative success
per turn

Marker use
by order entropy
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Figure 4.7: Interactive communication in groups of same-language speakers
(50s+50m). Right column: Group-level production preferences (each point is a group)
and Spearman’s correlation fl between marker use and order entropy.
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Additional Group Experimennts

Fig. 4.8 shows the e�ect of longer training on the production preferences of
pairs of same-language speakers (50s+50m). Production preferences (right
column) do not change much after 100 additional turns (bottom row), and the
correlation fl increases only marginally from 0.32 to 0.33 (200 rounds). This set
of experiments shows that, even when trained for much longer, the results of
pairs remain similar, suggesting they indeed settle on less optimized solutions
which is not overcome simply by more interactions.

Communicative success
per turn

Marker use
by order entropy
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un
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20
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un
ds

Figure 4.8: Interactive communication in pairs of same-language speakers
(50s+50m): Production preferences (right column) do not change much when training
for 200 rounds (bottom row) instead of 100 (top).

4.7 Discussion and conclusion

We introduced NeLLCom-X, a framework for simulating neural agent language
learning and communication in groups, starting from pre-defined languages.
Agents in this framework display the cognitively plausible property of inter-
changeability (Hockett, 1960), by which anything they can understand, they
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can say and vice versa, while also having the ability to align to other individ-
uals. We replicated an earlier finding presented in Chapter 3 (Lian et al.,
2023) and showed that a word-order/case-marking trade-o� still appears with
the adjusted full-fledged agent architecture. Subsequently, we simulated inter-
actions between agents trained on di�erent languages. We found that pairs
quickly adapt their utterances towards a mutually understandable language
and that the neutral language drifts in di�erent directions depending on the
preferences of the other agent. Moreover, agents converge on a shared language
faster, and reach higher accuracy in cases where one of the two agents has a
stronger word order preference. We then assessed the e�ect of performing self-
play during interactive communication and found it necessary to ensure our
full-fledged agents continue to understand themselves, while also realistically
adapting to other individuals. Lastly, we studied group dynamics and found
that NeLLCom-X agents manage to establish a successful communication sys-
tem even in larger groups (up to size 20). Moreover, we generally see a larger
entropy reduction in the languages developed by larger groups as compared to
the languages used by pairs of agents. This finding aligns with previous work
on group-level emergent communication, where it was shown that groups de-
veloped less idiosyncratic languages than pairs (Tieleman et al., 2019) as well
as with human experiments which demonstrated more systematic languages
to emerge in larger groups (Raviv et al., 2019). In our simulations, pairs and
smaller groups sometimes settle on less optimized and partly still redundant
solutions, while large groups end up with more e�cient communication sys-
tems.

In the future, NeLLCom-X can be used to study the influence of learning and
group dynamics on many other language universals. We plan to keep refining
the framework to allow studying di�erent connectivities between the agents,
multilingual populations and generational transmission of emerged languages
to new agents.
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Limitations

Although the use of miniature artificial languages in our work allows for easily
interpretable results due to abstractions and simplifications that are hard to
achieve with natural human languages, the languages used currently are very
small. This may limit the possibility of drawing conclusions beyond proof-of-
concept demonstrations. Future work should increase the size and complexity
of the languages to see if results hold on a larger scale and compare to patterns
found in real human languages, such as those reported by Levshina et al. (2023).

The meanings in our simulations are also strongly abstracted away from reality.
While our design is well suited for an investigation of the word-order/case-
marking trade-o�, future simulations may need a less constrained meaning
space, possibly using images to represent meanings.

All experiments conducted so far with NeLLCom-X use the same neural agent
architecture (GRU), but we know that di�erent architectures exhibit di�erent
inductive biases (Kuribayashi et al., 2024) or memory constraints and these
factors may influence the findings. Di�erent types of neural learners, however,
can be easily plugged into NeLLCom-X.

Interaction between individuals in groups is not the only population factor
that shapes language, but linguistic structure is shaped by both interaction
and learning (Kirby et al., 2015). Especially when languages are learned and
transmitted to subsequent generations repeatedly, even small inductive biases
may have a large e�ect on emerging properties (Thompson et al., 2016). We
therefore plan to augment NeLLCom-X with iterated learning so that new
agents learn from the utterances of others and become teachers to agents in
the next generation.

Finally, our agents are interacting in groups with multiple individuals, but they
currently do not have any awareness of agent identities. A more realistic simu-
lation should take into account that individuals know who they are interacting
with, which becomes even more important when di�erent network structures
and connectivities will be explored.
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Chapter 5

Simulating the Emergence of Di�erential Case

Marking with NeLLCom-X

Multi-agent reinforcement learning frameworks based on neural networks have
gained significant interest to simulate the emergence of human-like linguis-
tic phenomena. NeLLCom(-X) is a framework proposed in Chapter 3 and
Chapter 4, in which agents first acquire an artificial language before en-
gaging in communicative interactions, enabling direct comparisons to human
result. NeLLCom(-X) implements neural-network learners that have no prior
experience with language or semantic preferences, and the framework uses a
very generic communication optimization algorithm to model interactions be-
tween language learners. Previous chapters have demonstrated the success
of NeLLCom(-X) in replicating the emergence of language universals, using
the word-order/case-marking trade-o� as a case study. This chapter demon-
strates the adaptability of NeLLCom(-X) to another linguistic phenomenon.
Concretely, we ask:

RQ-D Can the NeLLCom-X framework be used to simulate the

emergence of another case marking universal?

In natural language, marker use is influenced not only by word order but also
by semantic and pragmatic properties of arguments, a phenomenon known as
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di�erential case marking (DCM). The emergence of DCM has been studied in
artificial language learning experiments with human participants, which were
specifically aimed at disentangling the e�ects of learning from those of commu-
nication (Smith and Culbertson, 2020). In this chapter, we use DCM as another
case study to further evaluate NeLLCom(-X). We follow the language design
of (Fedzechkina et al., 2012) and (Smith and Culbertson, 2020). Specifically,
we use individual agent supervised learning to simulate the human learning
phase, and let agents play language games to simulate the human interaction
phase. With NeLLCom(-X), we succeed in replicating the emergence of DCM
after agents communication, supporting Smith and Culbertson (2020)’s find-
ings highlighting the critical role of communication in shaping DCM.

Chapter adapted from:

Yuchen Lian, Arianna Bisazza, and Tessa Verhoef. 2025. Simulating
the emergence of di�erential case marking with communicating neural-
network agents. In Proceedings of the Annual Meeting of the Cognitive
Science Society (CogSci)

5.1 Introduction

Human language is not a static entity but a dynamic system undergoing con-
tinuous change and evolution. The development of agent-based models is a
productive approach to studying the emergence and change of linguistic sys-
tems, which has a long-standing tradition in the study of language evolution
(Hurford, 1989; Hare and Elman, 1995; Steels, 1997; De Boer, 2006). Recent
advancements in computational linguistics and deep learning have reinvigo-
rated interest in such simulations, providing the opportunity to model increas-
ingly realistic phenomena (Chaabouni et al., 2021; Lian et al., 2021, 2023).
These models simulate the spontaneous development of communication sys-
tems through repeated interactions among individual neural-network agents
(Lazaridou et al., 2017; Havrylov and Titov, 2017; Chaabouni et al., 2020;
Boldt and Mortensen, 2024). A key challenge in this area is that the languages
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developed by these agents, when initialized from scratch, often lack human-like
characteristics (Chaabouni et al., 2019a; Lian et al., 2021; Galke et al., 2022).
An alternative approach is employed in the Neural agent Language Learning
and Communication (NeLLCom) framework promoted in Chapter 3 (Lian
et al., 2023), where agents first learn a predefined miniature artificial language
and then use it for communication, with the goal of studying the emergence of
specific linguistic properties.

For instance, NeLLCom has been used to investigate the emergence of a trade-
o� between case-marking and word-order strategies (shown as in Chapter 3

(Lian et al., 2023) and Chapter 4 (Lian et al., 2024)), a phenomenon com-
monly observed in natural languages. Case marking and word order are both
strategies to indicate who does what to whom in a sentence and languages
often rely more heavily on one strategy than the other. This trade-o� had
previously been found to emerge in artificial language learning (ALL) exper-
iments with humans (Fedzechkina et al., 2017), where participants dropped
the use of markers more often if they were learning artificial languages with
fixed word order than in the case of flexible word order. Having adapted the
experimental design and artificial languages of Fedzechkina et al. (2017) to
train neural network agents, Lian et al. (2023)(Chapter 3) found human-like
patterns of language change only when agents actively attempted to be un-
derstood by a communication partner. Communication provided a pressure
for the language to develop towards a form that makes it maximally e�cient
without losing communicative success. Simplifying the language by dropping
the markers was possible when word order provided enough cues to derive the
meaning correctly.

In naturally occurring human languages, word order is not the only factor that
may influence the e�cient use of markers. Even in languages with flexible word
order, case-marking is frequently employed selectively rather than universally
(De Hoop and Malchukov, 2008; Sinnemäki, 2014; Witzlack-Makarevich and
Serûant, 2018; Levshina, 2021). This paper focuses on Di�erential Case Mark-
ing (DCM), a widespread phenomenon observed across many languages, where
the morphological marking of a grammatical case varies depending on seman-

97



5.2. Di�erential Case Marking

tic, pragmatic or other factors. For example, in many languages, animate
objects are explicitly marked to clarify their role in a sentence (García, 2018;
Levshina, 2021) since animate entities typically appear in the subject instead
of the object role (e.g. in an event involving eating, cake and Alice, we typi-
cally assume Alice to be doing the eating). The emergence of this phenomenon
has been explored through various ALL experiments with human participants
(Smith and Culbertson (2020), henceforth S&C; Fedzechkina et al. (2012),
henceforth FJN), particularly in relation to the roles of learning and commu-
nication which S&C explicitly sought to disentangle. This makes the DCM
phenomenon highly suitable for investigation using the NeLLCom framework,
where e�ects of communication and learning can be simulated with a generic
communication protocol and linguistically naïve learners, while closely replicat-
ing the experimental setups and language design of FJN and S&C. Our results
provide additional evidence supporting S&C’s proposal that communication
plays a crucial role in shaping the emergence of DCM.

5.2 Di�erential Case Marking

Di�erential case marking, or di�erential argument marking, refers to a
widespread cross-linguistic phenomenon in which the formal marking strategy
for an argument di�ers according to its semantic, pragmatic, or other prop-
erties (De Hoop and Malchukov, 2008; Sinnemäki, 2014; Witzlack-Makarevich
and Serûant, 2018; Levshina, 2021). More specific instances of DCM are Dif-
ferential Object Marking (DOM) and Di�erential Subject Marking (DSM). An
example (adapted from García (2018); Levshina (2021)) of DOM is the marking
of human objects in Spanish:

(1) a. Pepe
Pepe

ve
sees

la
the

película.
film.

‘Pepe sees the film.’

b. Pepe
Pepe

ve
sees

a
TO

la
the

actriz.
actress.

‘Pepe sees the actress.’
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where the atypical animate/human object in (b) is marked using ‘a’. Similarly,
in DSM, typical subjects can remain unmarked while atypical subjects are more
likely to be marked.

There is a long-standing debate about the mechanisms that cause this phe-
nomenon to develop. Typological studies (Aissen, 2003; Croft, 2003; Levshina,
2021), artificial language experiments (Fedzechkina et al., 2012; Smith and
Culbertson, 2020; Tal et al., 2022), and computational simulations (Lestrade,
2018) have been conducted to explore potential explanations. Levshina (2021)
broadly contrasts two explanations for the emergence of DCM, which have been
previously discussed in the literature. The first considers this phenomenon to
be a result of e�cient communication strategies, where markers are used more
in cases where the probability to be misunderstood without them is higher.
The second invokes markedness theory, where unmarked linguistic forms (the
default or neutral forms that are more frequent and simpler in a given context)
tend to be used for typical events, while (more atypical and complex) marked
forms are iconically associated with atypical events. Corpus-based quantitative
analyses suggest that the first (e�cient communication) is a better predictor of
cross-linguistic patterns observed in DCM (Levshina, 2021). Lestrade (2018)
simulated the emergence of DCM with relatively simple interacting agents in a
model where (in contrast to our work) marking strategies and grammaticaliza-
tion principles were explicitly built-in to see what their combined or separate
impact was. Their results suggested that argument marking can evolve grad-
ually as languages adapt to usage.

In a laboratory setting, FJN conducted a set of ALL experiments, where human
participants watched computer-generated videos and heard their descriptions
in a novel artificial language. After 4 days of learning, researchers found that
the learners’ productions deviated from their input language towards more ef-
ficient case-marking systems (using markers more often for atypical arguments
like animate objects or inanimate subjects, than in typical situations). The
authors therefore conclude that language learners restructure their linguistic
input so that it increasingly facilitates e�cient communication. As pointed out
by S&C, this interpretation is surprising, since it is more typically assumed that
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language use, and not learning, drives its evolution towards communicative ef-
ficiency (Kirby et al., 2015; Kemp et al., 2018; Gibson et al., 2019). Perhaps
even more surprising, the language design by FJN was such that in the 10 an-
imate nouns in the lexicon of the object marking language for example, 5 only
occur as subjects and the other 5 as objects. The meaning was therefore poten-
tially unambiguous regardless of the presence of a marker, which conflicts with
the e�ciency account (where disambiguation for a listener is assumed to drive
the e�ect). Notably, these results were also consistent with an explanation
based on markedness theory and iconicity instead of e�cient communication
(S&C). S&C adapted and extended the experiments of FJN, in a large-scale
study (n > 300), and introduced an interaction phase after the last day of
learning where participants use the language to communicate with a simulated
interlocutor implemented as a simple chatbot. Their findings do not replicate
those of FJN. Instead, they suggest that learning alone cannot reliably explain
the emergence of DOM, but actual communicative interaction is key to the
emergence of a communicatively-e�cient case marking system. Complement-
ing these findings, we simulate neural-agent learning and communication with
agents that do not have any iconic preference, linguistic knowledge or sense of
animacy. This allows us to investigate whether typicality alone can lead to a
DCM e�ect, and whether communicative pressures are a necessary factor for
the emergence of DCM in neural learners, like in humans.

5.3 NeLLCom Framework

Artificial language learning has been widely used in experiments with humans
(Fedzechkina et al., 2016; Culbertson, 2023), as it provides a means to iso-
late specific linguistic phenomena and study cause-and-e�ect relationships in
a controlled setting. These human-based studies can serve as valuable inspira-
tion for the design of emergent communication simulations, allowing for direct
comparisons between human and agent behaviors. The NeLLCom framework
(Chapter 3 (Lian et al., 2023) and Chapter 4 (Lian et al., 2024)) is a multi-
agent communication framework designed to simulate ALL experiments for
the study of language change and evolution. After being trained on an initial
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artificial language through supervised learning, agents in this framework start
interacting via meaning reconstruction games in which they optimize a shared
communicative reward through reinforcement learning.

NeLLCom (Chapter 3) enables researchers to scale ALL experiments in ways
that are di�cult to achieve with human participants. While Fedzechkina et al.
(2017) focused solely on individual learning by human participants, Chapter 4

(Lian et al., 2024) expanded it on the word-order/case-marking trade-o� using
NeLLCom-X, incorporating more realistic role-alternating agents and group
communication. This extension demonstrated that the trade-o� also emerges
in populations of communicating individuals, which is something that would
be rather di�cult and expensive to achieve with human participants in a lab.
Here we use the most recent version of the framework, NeLLCom-X.

The Task In NeLLCom-X, meanings describe simple scenes using triplets
m = {Action, agent, patient} (e.g., eat, alice, cake). An artificial lan-

guage is defined by a set of grammatical rules generating utterances u from
a fixed-size vocabulary to convey meaning m. Utterances can be of variable
length and multiple u candidates can be valid for the same m. In the meaning
reconstruction game, a speaker conveys a meaning m by generating an utter-
ance û, which the listener then maps to meaning m̂. The game is successful if
m = m̂.

Agent Architecture

The structures of listening and speaking networks are symmetric with mean-
ings represented by unordered tuples while utterances are generated/pro-
cessed sequentially. This results in a linear-to-RNN (Recurrent Neural Net-
work) speaking network S : m ‘æ u and a RNN-to-linear listening network
L : u ‘æ m. An agent then includes two sets of parameters –i = (NS

i , NL
i ) tied

together through parameter sharing of their meaning and word embeddings.
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Training

Before communication, each agent is first trained by Supervised Learning (SL).
Using a set of reference meaning-utterance pairs D = (m, u) and teacher forc-
ing, this phase minimizes the cross-entropy loss between u and the words gen-
erated by the speaker given m. Conversely, for the listener, SL minimizes
the loss between m and the meaning tuple generated by the listener given u.
Then, two (or more1) trained agents –0 and –1 learn to communicate with each
other via Reinforcement Learning (RL). During this phase, agents maximize a
shared communication reward r(m, û) which captures how close the listener’s
prediction L(û) given the speaker-generated utterance û = S(m) is to m. See
more details in Chapter 4 (Lian et al., 2024).2

5.4 Experimental Setup

We use NeLLCom-X to simulate the emergence of DCM in neural agents,
following the language design of FJN and S&C as explained in this section.

Meaning Space

As previously mentioned, DCM implies that marker production can di�er de-
pending on the typicality of the entities in a sentence. Mirroring human lan-
guages where animate agents (e.g. Alice) and inanimate patients (e.g. cake)
are more typical, the Object-Marking condition in FJN and S&C defines a
meaning space where agents are always animate entities, while patients can
be either animate or inanimate. Conversely, in the Subject-Marking con-
dition, patients are always inanimate, while agents can be either animate or
inanimate. Note that, in the human experiments, animacy referred to a prop-
erty of the entities depicted in the stimuli, which were concepts previously

1We only consider two-agent communication in this work. However NeLLCom-X can
model group communication with more than two individuals by iteratively sampling pairs of
two agents from the group to proceed with an interaction.

2In each interaction turn, each agent is assigned to a role (speaker or listener) with equal
probability. To ensure self-understanding is maintained, rounds of interaction between dif-
ferent agents are interleaved at regular intervals with rounds of self-communication where an
agent’s speaking network sends messages to its own listening network.
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known to the participants (e.g. animate artist, baker, etc. versus inanimate
ball, cake, etc.). By contrast, neural networks are trained from scratch and
have no previous world knowledge. In our setup, all entities are encoded in the
same way (as entries of the meaning embedding table, all randomly initialized),
and the typicality of an entity’s role is inferred from the statistical properties
of the observed meaning space (e.g. ‘entity-3’ occurring half of the times as
agent and the other half as patient, versus ‘entity-5’ occurring always as pa-
tient). Working with neural agents therefore allows us to tease apart the e�ect
of typicality as a purely statistical property from prior animacy associations,
which was not possible in the setup of S&C’s or FJN’s human experiments.
We call Amb (ambiguous) the subset of entities that can have two roles, and
¬Amb (unambiguous) the subset of entities that can only occur in one role.
Thus, possible meaning structures are {A, aAmb, p¬Amb} and {A, aAmb, pAmb}
in the Object-Marking language; {A, a¬Amb, pAmb} and {A, aAmb, pAmb} in the
Subject-Marking language.3

In each language condition, 20 entities (10 ambiguous and 10 unambiguous)
and 8 actions are included, resulting in a total of 10 ú (10 + (10 ≠ 1)) ú 8 = 1520
possible meanings. This expanded meaning space results in a better model
convergence in preliminary experiments (Zhao et al., 2018; Chaabouni et al.,
2020), compared to the relatively small space used in human experiments (10
entities and 4 verbs).

Artificial Languages

Following FJN and S&C, we adopt verb-final languages allowing SOV or OSV
orders in varying proportions. The token ‘mk’ serves as a case marker and is
optionally assigned to either the subject or object based on the language type.
For example, given the meaning m={A: eat, a: alice, p: cake}, flexible-
order object-marking languages admit four utterances: ‘Alice cake eat’, ‘Alice
cake mk eat’, ‘cake Alice eat’, and ‘cake mk Alice eat’.

A specific language is defined by four factors: whether it is object- or subject-
3Note this setup corresponds to the ‘Subjects Can Be Objects’ condition introduced by

S&C.
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Table 5.1: The miniature languages used in this study.

language mark sov mk|sov mk|osv
dominant-order obj 60% 67% 50%(S&C, exp.1)

neutral-order obj 50% 67% 67%
subj 50% 67% 67%

marking, its order profile p(SOV ), marking proportion in the SOV order
p(mk|SOV ), and marking proportion in the OSV order p(mk|OSV ). We con-
sider two types of languages. The first dominant order language replicates
one of S&C’s target languages, which was in turn designed following FJN. This
is an object-marking language with p(SOV ) = 60%, p(mk|SOV ) = 67%, and
p(mk|OSV ) = 50%, resulting in an overall 60% marking proportion. This lan-
guage was designed by FJN to simulate real flexible-order languages, where one
order is typically dominant. However, a limitation of this design is that neural
agents may amplify the initial bias towards using more SOV order and mark-
ing SOV utterances more often than OSV ones, driven by a generic pressure
to regularize their input. We thus expect agents to drift towards a strongly
SOV and strongly SOV-marking solution, just because those were the most
frequently observed patterns in the training data.

To disentangle input bias amplification from the actual agents’ preferences to-
wards di�erent DCM strategies, we also experiment with a neutral order

language, where SOV and OSV are evenly distributed, and marking propor-
tion is 67%.4 We implement both an object-marking and a subject-marking
version of this language. Table 5.1 summarizes the three languages used in our
experiments.

Following the previous Chapter 4 (Lian et al., 2024), each entity corresponds
to a word, resulting in the fixed-size vocabulary = 20 + 8 + 1 = 29.

4In preliminary experiments starting from 50% case marking, we observed a strong ten-
dency of the agents to drop markers altogether, making it impossible to explore the DCM
e�ect.
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5.4.1 Evaluation

Accuracy and production preference evaluation are adopted from the previous
Chapter 3 and Chapter 4. All evaluations are based on an unseen meaning
set Mtest. In the SL phase, performance is measured by listening and speaking
accuracy against the reference dataset. In the RL phase, communication suc-
cess is evaluated by meaning reconstruction accuracy, where acc(m, m̂) equals
1 i� the entire meaning is matched. Production preferences are visualized as
the proportion of markers and di�erent orders in a set of utterances generated
by an agent for Mtest, after discarding utterances that are not well-formed ac-
cording to the language grammar.5 Furthermore, we split Mtest into ambiguous
Mtest, Amb and unambiguous Mtest,¬Amb meanings, and evaluate the two sets
separately.

We use generalized linear mixed-e�ects models (GLMMs) in the lme4 package
version 1.1-35 (Bates et al., 2015) with R Version 4.4.2 (R Core Team, 2024) to
evaluate how the marking proportion and word order preferences are influenced
by ambiguity after communication and whether marking use is conditioned on
word order.

5.4.2 Model Configuration and Training Details

We apply the same configuration as the previous Chapter 4 (Lian et al.,
2024). The sequential layer in speaking and listening networks consists of 16-
dimensional Gated Recurrent Units (Chung et al., 2014). The shared meaning
embeddings and shared word embeddings have 8 and 16 dimensions, respec-
tively. Utterance length for the speaker is limited to 10 words.

We first split the dataset D into 80/20% training/test samples. The test
split (304 meanings) is used throughout the whole evaluation. During SL,
we resample 66.7% meanings out of the first train set following the all-seen-
entities/actions rule as in Chapter 3 (Lian et al., 2023). SL iterates 60 times

5In our experiments, the ratio of non well-formed utterances averaged over seeds is around
10% before RL and 21-25% (depending on the initial language) after RL, which is overall
comparable to the results in Chapter 4 (Lian et al., 2024).
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with a 0.01 learning rate using the default Adam optimizer. During RL, 320
meanings are sampled from the first train set and used as the training samples
for each communication turn. RL iterates 200 inter_turns with a 0.005 learn-
ing rate using the reinforce algorithm (Williams, 1992). Batch size is set to
32 in both SL and RL training. We repeat each language setup with 50 pairs
of agents (i.e. 100 random seeds).

5.5 Results

5.5.1 Dominant Order Language

Results for the language adopted from S&C are presented in the Figure 5.1a
and first row of Figure 5.2. Before the start of RL, communication accu-
racy is already around 60% (Figure 5.1a) reflecting a relatively high speaking
and listening accuracy acquired by the agents at the end of SL (81% and
78% respectively; results not shown in the plots). When analyzing agent’s
performance conditioned on meaning ambiguity, we find that communication
accuracy before RL is much higher for Mtest,¬Amb than for Mtest, Amb, which
was expected and matches the human results of S&C. Additionally, production
preferences before RL (columns 2 and 3, pink cluster around the solid diamond)
closely align with the original proportions of the artificial language, reflecting
the typical post-SL probability-matching behavior observed in previous work
(Chaabouni et al., 2019b; Lian et al., 2023).

(a) dominant-order (b) neutral (obj) (c) neutral (subj)

Figure 5.1: Meaning reconstruction accuracy across communication rounds, com-
puted on the whole test set (orange line), as well as split by non-ambiguous (green)
and non-ambiguous (blue) meanings. Each experiment is repeated with 50 agent pairs.
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E�ects of communication The increase in overall communication accuracy
(orange line) indicates that agents optimize their language during interaction.
This is confirmed by the clear shift in production preferences shown in columns
1 and 2 (first row). More specifically, the average preferences after interaction
(solid purple circle), indicate a decrease in marker proportion alongside a sig-
nificant shift towards fully using SOV order.

We further analyze changes in production preferences conditioned on ambi-
guity. For Mtest,¬Amb, column 1 reveals a general decrease in marker usage
and an increase in the preference for the SOV order. Additionally, we ob-
serve a linear relationship between marker proportion and SOV proportion:
the more frequently the SOV order is used, the more markers are generated
(b = 3.62, SE = 0.31, p < 0.001). This could be due to the fact that the input
language also has more markers in SOV utterances than for OSV.

For the remaining meanings, Mtest, Amb, an even stronger preference for the
SOV order is observed, together with a decrease in marker usage, as shown in
column 2. This suggests that, after communication, agents resolve ambiguity
by regularizing the word order to SOV, instead of increasing marker proportion,
which in turn may reflect a general tendency to amplify biases in the original
language.

To investigate whether a DOM e�ect emerges in the productions of neural
agents, we visualize the individual-level production di�erences between am-
biguous and unambiguous patients (column 3). On average, we observe only
a small, but significant, di�erence in marker usage. While there is a general
decrease in marker use, agents retain more markers (b = 0.25, SE = 0.08, p <

0.01) for Mtest, Amb. A more noticeable di�erence in word order preference
is observed: after communication, agents regularize more towards SOV (b =
3.43, SE = 0.22, p < 0.001) on Mtest, Amb as compared to Mtest,¬Amb. Typi-
cality therefore has significant e�ects on both case marking and word order.
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Comparison to human results

While human participants in S&C tend to increase the use of markers during
communication, we observe a general decrease in marker use in our agent in-
teractions. Instead of producing more markers, the agents tend to regularize
towards one consistent word order to disambiguate the meanings. Even though
human learners in S&C also frequently started over-producing one order versus
the other, they still introduced more markers in communication to increase the
chance of being correctly understood. Despite these di�erences, we do see a
human-like DOM e�ect appear during agent interactions, where markers are
used significantly more frequently for Mtest, Amb, just like the increased marker
usage of human participants for animate objects in S&C.

Another notable di�erence concerns whether marker use is conditioned on word
order. In the language design we adopted from S&C, the initial case marking
proportion is higher for SOV than OSV sentences. Human participants did
not maintain these di�erences while learning the 60%-SOV with 60% marking
language, but as shown above our agents keep conditioning marker use on word
order even during communication. Since the agents seem to be more sensitive
to existing patterns present in the initial language, we continue our analyses
with the two languages with neutral word order and no conditioning of marker
use on word order.

5.5.2 Neutral Order Languages

Results for the languages with initial 50/50% SOV/OSV order are shown in the
Figure 5.1 ((b) and (c)), and second and third rows of Figure 5.2 (object-
marking and subject-marking version, respectively). Before the start of

RL, communication accuracies for both languages are very similar to those
of the dominant order language, and so are the production preferences, again
reflecting probability matching behavior.
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Figure 5.2: Production preferences (PP) in terms of order proportions and marker
use. Specifically, Col. 1 and 2 show PP for non-ambiguous and ambiguous meanings
respectively, before and after communication, and Col. 3 shows the di�erence in PP
between Mtest,¬Amb and Mtest, Amb after communication. Solid diamonds mark the
initial language. Each empty circle is an agent and solid circles are the average of all
agents, with error bars showing standard deviation. Each experiment is repeated with
50 agent pairs.

E�ects of communication

Starting with the object-marking language (second row), we again find a drop
in the marking proportion, which is present for both ambiguous and unam-
biguous meanings (columns 1 and 2), but again markers are retained more
for Mtest, Amb (b = 0.49, SE = 0.10, p < 0.001). The development of word
order is very di�erent from what was observed for the dominant order object-
marking language. Instead of amplifying the already present majority of SOV
in the dominant language, agents exposed to the neutral object-marking lan-
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guage develop a clear preference for OSV, which is significantly stronger for
Mtest,¬Amb (b = 2.75, SE = 0.17, p < 0.001) as compared to Mtest, Amb.
In sum, we again see that typicality has a significant e�ect on both order
and case marking. A linear relation between word order and marker use ap-
pears for Mtest, Amb, where less markers are used when SOV is more frequent
(b = ≠1.98, SE = 0.15, p < 0.001).

As expected, results for the subject-marking language (third row) show a sym-
metric trend where, again, markers persist significantly more for Mtest, Amb

(b = 0.70, SE = 0.10, p < 0.001), but the order preference is reversed, where
SOV is used for Mtest,¬Amb significantly more (b = 3.05, SE = 0.25, p < 0.001)
than for Mtest, Amb. These contrasting order preferences between the neutral
object-marking and subject-marking languages seem to indicate an agent pref-
erence to put the marked entity first. In addition, the relation between word
order and marker use for Mtest, Amb is reversed for the subject-marking lan-
guage, with more markers used when SOV is more frequent (b = 1.72, SE =
0.17, p < 0.001). Interestingly, FJN similarly found that markers were used
more frequently with SOV in their subject-marking language in the early stages
of learning, while this was the case for OSV in the object-marking language.
Since there is no order-conditioned case marking in the neutral input languages
for our agents, these linear relationships could suggest that generating an ut-
terance for Mtest, Amb in the majority order creates a need for an added marker
to be reliably understood, while using the other order serves, in itself, as a way
to disambiguate.

5.6 Discussion and Conclusion

We used NeLLCom-X to study the emergence of Di�erential Case Marking,
employing previous experimental set-ups of human studies by FJN and S&C.
Neural agents do not have the same biases in learning and signal production as
humans, so di�erences in preferences between agents and humans after learn-
ing and communication are expected. Indeed, we saw that our agents were
more sensitive to specific patterns in the input language than humans, and
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had a greater tendency to drop markers and disambiguate meanings using
word order. While our agents learned about typicality of entities solely based
on statistical properties in the artificial language, human participants in FJN
and S&C already had knowledge about animacy in addition to this. Moreover,
human participants have existing preferences to iconically relate marked forms
with atypical events (Aissen, 2003; Haspelmath, 2008), while agents have no
such bias. Finally, humans have a preference to place human and animate en-
tities before inanimates in a sentence (Aissen, 2003), while our agents are not
aware of these distinctions. The interacting e�ects of all these biases can make
it di�cult to tease apart causal mechanisms contributing to the emergence of
DCM when working with human participants. As discussed in the introduc-
tion, FJN and S&C indeed found conflicting results when looking at the role
of learning. Complementing these previous findings, and supporting S&C’s
conclusions, our simulations demonstrate that DCM does not arise as the re-
sult of learning, but does emerge when agents start communicating in pairs.
Importantly, our agent set-up allowed to study these factors in the absence of
prior language experience and sense of animacy or iconicity in the learners.

Beyond replicating human artificial language learning results with linguistically
naïve neural learners, employing NeLLCom also o�ers advantages in scalability.
Using neural agents, we can conduct numerous iterations and explore diverse
language conditions, which would be costly and time-consuming in human
laboratory experiments. For example, studying real communication between
two or more interacting participants would have been hard to coordinate with
the large number of (online) participants included in S&C’s study, which may
explain their use of a chatbot. In our setup, we could easily model pairs of in-
teracting agents, and this can just as easily be extended to groups. Additional
directions for future work include experimenting with a less clear-cut distinc-
tion between entity-role distributions (e.g. 55/45% and 5%/95%, rather than
50/50% and 0/100%), which would more closely resemble real-language distri-
butions. Another way to possibly achieve more human-like patterns would be
to endow agents with a notion of animacy by initializing them with meaning
embeddings pre-trained on large text corpora.
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To conclude, NeLLCom-X can be used to complement experimental research
on language evolution, allowing us to precisely control and compare various
aspects of language systems and population dynamics while at the same time
revealing ways in which neural agent learning and language use di�ers from
that of humans.
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Conclusions

As a complex adaptive dynamical system, human language is constantly evolv-
ing, with the individual behaviors of language users driving linguistic emer-
gence and change at the population level. Inspired by the interactive and
dynamic nature of human language, the development of AI has increasingly
focused on simulating the emergence of human-like languages with neural net-
work agents (Mikolov et al., 2018; Galke and Raviv, 2025; Rita et al., 2024).
Early frameworks have been progressively expanded to display important as-
pects of human language and communication. Within this body of work, most
studies initialize their agents on sets of random symbols, which makes it intrin-
sically di�cult to analyze the emergent agent protocols and to compare them
to human preferences at the level of specific language properties.

This thesis extended this line of work by introducing the NeLLCom framework,
designed to study the emergence of specific language universals. Specifically,
our agents start by learning a pre-defined artificial language, inspired by ex-
perimental research in artificial language learning (ALL) with human partici-
pants. The interactive nature of language systems is modeled by letting agents
participate in meaning reconstruction games while optimizing a shared com-
munication success reward. The use of pre-defined artificial languages makes
the communication learning process interpretable and directly comparable to
human experimental results. Using the word-order/case-marking trade-o� and
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di�erential case marking as our use cases, we examined how language pro-
ductions of neural agents evolve during learning and repeated communication.
Specifically, we answered four progressive research questions:

RQ-A Can the introduction of more realistic simulation factors lead

to the emergence of a word-order/case-marking trade-o� in neural-

agent iterated language learning?

Natural languages commonly display a trade-o�, using either word order or
case marking to convey constituent roles. A similar trade-o�, however, had
not been observed in previous simulations of iterated language learning with
neural network based agents (Chaabouni et al., 2019b). In Chapter 2, we
re-evaluated Chaabouni et al. (2019b)’s findings in light of three factors known
to play an important role in comparable experiments and simulations from the
language evolution field, namely: (i) the speaker bias towards e�cient messag-
ing (RQ-A.1), (ii) the variable and unpredictable nature of input languages
(RQ-A.2), and (iii) the learning bottleneck (RQ-A.3).

Our simulations showed, under di�erent conditions, that neural agents tend
to maintain the distribution of utterance types observed during learning in-
stead of displaying behaviours we see in similar experiments with humans,
like introducing structure or making the language more systematic. Specifi-
cally, introducing the least-e�ort bias (§2.4) and exposing the agents to highly
unpredictable input languages (§2.5.2) resulted in the collapse of the commu-
nication system, whereas moderate input language variability (§2.5.1) and the
presence of a learning bottleneck (§2.6) led to a stable maintenance of variable
strategies, matching the input distribution, instead of a gradual regularization
of marker usage or word order. This aligns with prior findings by Chaabouni
et al. (2019b) whereby redundant coding strategies persist in the neural-agent
iterated learning framework. Only combining least-e�ort bias with moderate
language variability (§2.5.1) led to a temporary optimization of the language,
but that was again followed by communication failure due to the continued
influence of the hard-coded least-e�ort bias, causing utterances to become dra-
matically shorter over time.
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In summary, we found that the existing neural-agent iterated learning frame-
work is inappropriate to simulate the emergence human-like language univer-
sals. Simply hard-coding cognitive biases is insu�cient to yield human-like
results in this framework. In natural language use, the pressure to commu-
nicate e�ciently must be balanced against the need to maintain a stable and
expressive communication system —a key insight that motivates our next re-
search question.

RQ-B Does a human-like word-order/case-marking trade-o� emerge

in communicative neural agents?

As reviewed by Chaabouni et al. (2019a); Galke et al. (2022); Rita et al. (2022),
and confirmed in Chapter 2, artificial learners often behave di�erently from
human learners in the context of neural agent-based simulations of language
emergence and change. We proposed that more naturalistic settings of lan-
guage learning and use could lead to more human-like results. Specifically,
we studied the e�ect of combining the standard supervised learning objective
with a measure of communicative success. To this end, we introduced a new
Neural-agent Language Learning and Communication framework (NeLLCom),
where pairs of speaking and listening agents learn a given artificial language
through supervised learning, and then use it to communicate with each other,
optimizing a shared reward via reinforcement learning.

We used NeLLCom to replicate the experiments of Fedzechkina et al. (2017),
where two groups of human participants were asked to learn a fixed- and a
flexible-order artificial language, respectively, and tested after training. Our re-
sults confirmed previous findings in neural agent studies and showed that SL is
su�cient for perfectly learning the languages, but does not lead to any human-
like regularization. By contrast, communication learning leads agents to modify
their production in a human-like way (RQ-B.1): Firstly, optional markers are
dropped more frequently in the redundant fixed-order language than in the
ambiguous flexible-order language. Moreover, in the flexible-order language
one of the two word orders becomes clearly dominant and an asymmetric case
marking strategy arises. Agent productions after communication showed a
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clear correlation between e�ort and uncertainty, which strongly matches the
core finding of Fedzechkina et al. (2017) (RQ-B.2). Besides the similarity,
some interesting di�erences compared to human results were also observed.
For instance, NeLLCom agents showed a slightly stronger tendency to reduce
e�ort rather than uncertainty.

In summary, we found that the word-order/case-marking trade-o�, as a specific
realization of the e�ciency/informativity trade-o�, can indeed emerge in neural
network learners when these are equipped with a need to be understood.

RQ-C What are the necessary ingredients to scale up NeLLCom to

larger populations?

The previous Chapter 3 introduced the NeLLCom framework, allowing agents
to first learn an artificial language and then use it to communicate. However,
the way agents were modeled to fulfill separate, complementary roles (i.e. one
agent always speaks, the other always listens) restricted the scenarios where
NeLLCom could be applied. To scale this up, in the following Chapter 4,
we extended the vanilla NeLLCom agent to act as both listener and speaker
(i.e. role alternation) using parameter sharing and a self-play procedure. This
enabled us to simulate group communication via a turn scheduling algorithm.

Within this extended framework, NeLLCom-X, we experimented with a novel
setup where pairs of agents interact after having been exposed to di�erent
initial languages. We showed that agents with di�erent languages realistically
adapt their utterances to each other to increase communicative success (RQ-

C.1). Focusing on the e�ect of group size (RQ-C.2), we successfully extended
our key findings from Chapter 3 and demonstrated that a word-order/case-
marking trade-o� emerges not only in individual agents but also at the group
level. Additionally, languages used by agents in larger groups become more
optimized and less redundant, which is in line with previous hypotheses on the
e�ect of population size on language structure (Lupyan and Dale, 2010; Raviv
et al., 2019). Importantly, an experiment at this scale could not easily be done
with human participants in the lab.
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In summary, we successfully extended the original NeLLCom to support more
realistic groups of role-alternating agents, and showed that group size has an
important role on the emergence of our studied language universal.

RQ-D Can the NeLLCom-X framework be used to simulate the

emergence of another case marking universal?

Chapter 3 and Chapter 4 demonstrated the success of NeLLCom(-X) in
replicating the emergence of the word-order/case-marking trade-o�. In this
research question, we use another case study to further evaluate our newly de-
veloped framework, namely di�erential case marking (DCM). DCM refers to a
natural language phenomenon where marker use is influenced not only by word
order but also by semantic and pragmatic properties of arguments. Once again,
our experimental setup and language design draw direct inspiration from hu-
man experiments previously conducted by Fedzechkina et al. (2012) and Smith
and Culbertson (2020). Specifically, focusing on an object-marking condition,
Smith and Culbertson (2020) found that human participants exhibited a DCM
e�ect (i.e., using markers more often for animate than inanimate objects) after
communicating with a chatbot.

In our neural-agent simulations, we did see a human-like DCM e�ect appear
during agent interactions. However, agents were more sensitive to specific pat-
terns in the input language than humans, and had a greater tendency to drop
markers and disambiguate meanings using word order (RQ-D.1). Agents were
also more sensitive to, and often tended to amplify, the initial language biases.
Thus, the original artificial language designed by Fedzechkina et al. (2012),
with its uneven word order distribution (60%SOV-40%OSV) and case mark-
ing conditioned on word order (67% on SOV, 50% on OSV), likely influenced
the agents’ production regularization. To control for language input bias, we
further experimented with a neutral-order language where SOV and OSV are
evenly distributed with a unified case marking proportion (67%). In this set-
ting, we observed a more pronounced di�erential case marking phenomena
(RQ-D.2).
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Taken together, these results support Smith and Culbertson (2020)’s findings
highlighting the critical role of communication in shaping DCM and showcase
the potential of neural-agent models to complement experimental research on
language evolution. We take this as an encouraging indication that NeLLCom
can be used to study di�erent language phenomena that have already been
explored with human artificial language learning experiments.

We publicly released our framework1 to foster future research on the emergence
of di�erent language universals in communicative neural agents.

Limitations and Future work

This thesis represents an important step towards developing a neural-agent
framework that replicates patterns of human language change without the need
to hard-code ad-hoc biases. We are also aware of several limitations, which we
discuss here along with possible solutions as future work.

First, the current artificial languages are overly simplistic, with a small lan-
guage scale, low structural complexity, and a meaning space that is strongly
abstracted from reality. For the next steps, more complex languages with larger
vocabularies, more realistic (e.g. Zipfian) lexical distributions, as well as less
constrained meaning spaces (e.g. pixel-level image input) could enhance the
generality of our current findings.

Second, all experiments with NeLLCom(-X) in this thesis used a layer of Gated
Recurrent Units to model input and output sequences. However, di�erent neu-
ral network architectures exhibit distinct inductive biases (Kuribayashi et al.,
2024) and generalization abilities (Shiri et al., 2024; Fukushima and Tani,
2023). Replicating our experiments with other architectures would therefore be
an important step to assess the possible impact of architecture-specific struc-
tural biases.

Third, the language transmission dynamics explored so far within NeLLCom(-
X) can be expanded. In the horizontal dimension, we have only considered

1https://github.com/Yuchen-Lian/NeLLCom-X
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a fully-connected group scenario, while a more realistic simulation could in-
clude di�erent community structures and connectivities, with agents’ identity
awareness. Regarding communication between speakers of di�erent languages,
future work could also expand from pair-wise to group-wise, to investigate the
emergence of dialect during language contact between isolated communities
(Harding Graesser et al., 2019). In the vertical dimension, transmission over
generations may amplify the small inductive biases of individual agents (Kirby
et al., 2015; Thompson et al., 2016). Therefore, augmenting NeLLCom(-X)
with iterated learning presents another promising research direction.

Lastly, while the experiments in this thesis focused on the interplay between
word order and case marking as their use case, our proposed framework sim-
ulates general language learning and communication processes, and can be
adapted to study many other language phenomena. Since the writing of this
thesis, NeLLCom has been successfully adapted by Zhang et al. (2024) to
study dependency length minimization, i.e. the widely observed tendency of
natural languages to reduce the overall linear distance between syntactically
related words. Other linguistic aspects previously explored in Artificial Lan-
guage Learning experiments with human participants —such as colexification
and the role of iconicity or metaphor in the emergence of new meanings (Ver-
hoef et al., 2015, 2016; Tamariz et al., 2018; Karjus et al., 2021; Verhoef et al.,
2022), or the combinatorial organisation of basic building blocks (Roberts and
Galantucci, 2012; Verhoef, 2012; Verhoef et al., 2014)— could also be suitable
candidates for investigation within NeLLCom.

Concluding remarks

In this thesis, we introduced a novel neural-agent language learning and com-
munication framework combining language learning and transmission processes,
both of which have been proven to play an important role in the evolution of
human language. We see NeLLCom as a useful approach to complement ex-
perimental research on language evolution, allowing us to precisely control and
compare various aspects of language systems and population dynamics while at
the same time revealing ways in which neural-agent language learning and use
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di�er from those of humans. We hope our work will facilitate future simulations
of language evolution with the end goal of explaining why human languages
look the way they do.
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Summary

Human language is constantly evolving with its linguistic structure being shaped
by language users at both individual and population levels. Recent develop-
ments of powerful neural learners in AI have drawn renewed interest in sim-
ulating language evolution with agent-based modeling, which is a powerful
methodology for simulating the dynamic nature of human language.

A recent, but rich body of work known as ‘emergent communication’ has fo-
cused on letting neural network-based agents interact and develop novel com-
munication protocols that allow them to successfully exchange information
about simplified worlds. A key research focus in this area involves comparing
the emergent language protocols with high-level properties of human languages
to investigate whether communicative pressures can lead to human like linguis-
tic patterns like compositional syntax. However, these protocols are initialized
by sets of random symbols, and the agents develop their own ‘closed codes’,
which makes it intrinsically di�cult to analyze their languages and compare
them against human productions at the level of specific language phenomena.

To address some of the challenges surrounding the standard emergent com-
munication setup, this thesis proposed a Neural-agent Language Learning and
Communication framework (NeLLCom). A crucial innovation includes training
the agents first on a pre-defined artificial language, matching methods used in
lab experiments with human participants. Specifically, NeLLCom agents first
learn these artificial languages individually through supervised learning, and
then interact in pairs or groups through a meaning reconstruction game, where
they dynamically learn from these interactions through reinforcement learning.
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Thus, NeLLCom provides a general language learning and communication pro-
cedure that can be used to study many language phenomena.

In this thesis, we focused on two widely attested language phenomena: (i) the
trade-o� between word order flexibility and case marking, and (ii) di�erential
case marking. In both cases, we strictly followed the artificial language design
as previously studied in human experiments. Our results show that neural
agents can successfully replicate both phenomena in a human-like way through
communication. Moreover, our new framework allows to extend prior results
with humans to a larger scale, and we were able to show that a word-order/case-
marking trade-o� also emerges at the group level.

Consequently, focusing on the interplay between processes of language acquisi-
tion and communicative need in shaping human languages, this thesis provided
a unified framework aligning with modern approaches in computational linguis-
tics to simulate language learning and use. This framework can be used for
conducting controlled experiments, complementing experimental research with
humans on language evolution, to facilitate exploring the end goal of explaining
why human languages look the way they do.
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Samenvatting

Menselijke taal is voortdurend in ontwikkeling, waarbij taalkundige struc-
tuur wordt gevormd door taalgebruikers, zowel op individueel als op popu-
latieniveau. De recente ontwikkeling van krachtige, neurale leersystemen in de
AI heeft geleid tot een hernieuwde interesse in het simuleren van taalevolutie
met agent-gebaseerde modellen—een krachtige methodologie om de dynami-
sche aard van menselijke taal te simuleren.

Een recentelijk, maar rijk onderzoeksdomein, bekend als ‘emergent communi-
cation’, richt zich op interacties tussen agents die nieuwe communicatiepro-
tocollen ontwikkelen waarmee zij succesvol informatie kunnen uitwisselen over
vereenvoudigde werelden. Een belangrijk onderzoeksgebied in dit domein is het
vergelijken van de ontstane taalprotocollen met abstracte structurele eigen-
schappen van menselijke talen om te onderzoeken of communicatieve stu-
ring kan leiden tot menselijke taalkenmerken zoals compositionele grammatica.
Echter, deze protocollen worden geïnitieerd met willekeurige symbolen, en de
agents ontwikkelen hun eigen ‘gesloten codes’, wat het intrinsiek moeilijk maakt
om hun talen te analyseren en te vergelijken met menselijke producties op het
niveau van specifieke taalfenomenen.

Om enkele van de uitdagingen rond de standaardopzet van emergent communi-
cation aan te pakken, introduceert dit proefschrift het Neural-agent Language
Learning and Communication framework (NeLLCom). Een belangrijke inno-
vatie hierin is dat de agents eerst worden getraind in een vooraf gedefinieerde
kunstmatige taal, wat aansluit bij de methoden die gebruikt worden in labora-
toriumexperimenten met menselijke deelnemers. Concreet leren de NeLLCom-
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agents deze kunstmatige talen eerst individueel via supervised learning, om
vervolgens in paren of groepen te interacteren via een taalspel, waarbij ze dy-
namisch leren van deze interacties door reinforcement learning. Op deze manier
biedt NeLLCom een algemene procedure voor taalverwerving en communicatie
die kan worden gebruikt om veel taalfenomenen te bestuderen.

In dit proefschrift richten we ons op twee veelvoorkomende taalfenomenen:
(i) de afweging tussen flexibiliteit van woordvolgorde en gebruik van naam-
vallen, en (ii) di�erentieel gebruik van naamvallen. In beide gevallen hebben
we de kunstmatige taal zorgvuldig ontworpen naar voorbeelden van eerder
bestudeerde systemen in experimenten met mensen. Onze resultaten tonen
aan dat neurale agents beide fenomenen op een mensachtige manier kunnen
repliceren via communicatie. Bovendien stelt ons nieuwe framework ons in
staat de eerdere resultaten met mensen op grotere schaal uit te breiden; we
hebben kunnen aantonen dat een trade-o� tussen woordvolgorde en gebruik
van naamvallen ook op groepsniveau ontstaat in de simulaties.

Door de wisselwerking te belichten tussen taalverwervingsprocessen en com-
municatieve behoeften in de vorming van menselijke taal, biedt dit proef-
schrift een integrerend framework dat aansluit bij moderne benaderingen in
de computationele linguïstiek om taalverwerving en gebruik te simuleren. Dit
framework kan worden gebruikt voor het uitvoeren van gecontroleerde expe-
rimenten, waarmee experimenteel onderzoek bij mensen over taalontwikkeling
kan worden aangevuld, om zo het uiteindelijke doel te bereiken van het ver-
klaren waarom menselijke talen zijn zoals ze zijn.
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