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Thesis Statement
Advancing science and engineering with deep learning-based emergent language requires
goal-oriented, environment-agnostic analytical algorithms.

Abstract
Emergent communication is the field of research which studies how human language-like
communication systems evolve from scratch in agent-based simulations. Such simulations have
been studied since the 1990s, yet in 2016, researchers introduced recent advancements in deep
neural networks, reinforcement learning, and natural language processing into the field. Deep
learning-based emergent communication, as a paradigm, has significant potential applications
from powering unprecedentedly detailed simulations of how humans invent, acquire, and use
language to providing rich, embodied language data for training and evaluating models free
of contamination or surveillance. Despite this potential, the field has yet to make progress
towards the more revolutionary applications because it lacks the methodological resources to
enable cumulative research. The design space of emergent language is dizzyingly large, and
the outputs of said environments are similarly difficult to interpret. As a result, analyses of
emergent languages, and consequently their findings, are often “one-off”, unable to build on
prior work or produce generalizable contributions.

This thesis, then, advances the field of emergent communication by developing the
resources necessary for a cumulative research paradigm, something that is critical to the
advancement of any area of science or engineering. Specifically, it introduces analytical
methods for deep learning-based emergent communication that enable measurable progress in
the field with a particular mind towards solving practical applications and improving scientific
understanding. I first review the particular ways in which emergent communication can solve
practical applications and improve scientific understanding. This is followed by introducing
emergent language data resources which enable empirical evaluation across a variety of
emergent languages. These resources are then used to develop (1) a deep transfer learning-
based evaluation metric for emergent communication to measure the practical applicability of
emergent language and (2) algorithms for discovering the morphology of emergent languages
as a foundation for further linguistic analysis.
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Prologue

The year is 2018. In the last couple years, AlphaGo defeated Lee Sedol, reigning Go world
champion (BBC, 2016). OpenAI has been making a name for itself as a reinforcement learning
lab with OpenAI Gym (Brockman et al., 2016) and OpenAI Five (OpenAI et al., 2019).
New deep algorithms are being introduced left and right: Deep Q-Network, Advantage Actor
Critic, Deep Deterministic Policy Gradient, Trust Region Policy Optimization, Proximal
Policy Optimization (Yuxi Li, 2018). And now, AlphaZero (Silver et al., 2017) has made its
predecessor, AlphaGo, obsolete by discarding human-generated training data and doubling
down on the power of deep reinforcement learning. Richard Sutton’s “Bitter Lesson” is only
a year way from this, all but declaring application-specific human expertise dead and done
for at the hands of scaling compute, parameters, and data. It is in this milieu that I began
to develop the ideas that would grow into this thesis.

Expert-designed systems reigned in games like chess, starting with Deep Blue’s 1997
victory over Garry Kasparov (IBM, n.d.), but AlphaZero, replacing domain knowledge with
deep learning-driven search, dealt a mighty blow to the paradigm’s dominance. It is here we
can draw an analogy with the subject matter of this thesis: The origins of human language
and its evolution had for decades been studied through expert-designed simulations based on
theoretically-motivated models (i.e., emergent language) (Kirby, 2002), but perhaps deep
reinforcement learning could revolutionize the study of language evolution like it had other
problems many a time before. Just as AlphaZero had re-derived many chess strategies based
only the rules of the game (as well as finding some new ones), maybe similar techniques
could rederive the communication strategies which characterize human language? Toward
this hope, papers such as Foerster et al. (2016), Lazaridou et al. (2016), and Havrylov et al.
(2017) took the first steps towards harnessing deep RL for emergent language.

One way to look at scientific exploration through simulation is searching for the “interesting”
interface between order and chaos much like the boundary region of the Mandelbrot set. Too
much order? Uninteresting. The simulation is so tightly defined that results are obvious from
the starting conditions. Too much chaos? Uninteresting. The simulation so unconstrained so
as to exhibit no discernible patterns or just collapse to a trivial outcome. While the classical
approaches to emergent language start with order and introduce chaos to find the interesting,
deep learning-based emergent language begins in the chaos: design the environment and let
multi-agent reinforcement learning work its magic, hopefully the order is there.

But if the order is not there, what are we to do?

Read this thesis.
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Chapter 1

Introduction

Large language models are good at mimicking human language. Some might even say they are
good at using human language, but this is either imprecise or inaccurate: LLMs’ production
of text is based the statistical likelihood of meaningless (so far as they are concerned) tokens,
fine-tuned to humans’ preferences. This is in contrast to humans’ use—and even more so
their acquisition—of language which is laden with meaning derived from the rich internal,
physical, and social context which permeates language use. The end result is that LLMs’
approximation of human language fails at a number of tasks but, more significantly, is limited
in providing insights into the nature of human language itself.

Emergent language (also known as emergent communication1) is an alternative paradigm
to developing language-capable models that does not train on human language data but rather
invents a communication system de novo. In its most basic form, emergent language comprises
a simulation using neural network-based agents which are trained to cooperatively complete
some task in a virtual environment. These agents are equipped with a communication channel
of discrete tokens with no a priori meaning—the meaning of the messages is established
through the optimization process encouraging communication which is advantageous to
completing the task, more analogous to humans’ use of communication.

Emergent language differs from the more “traditional” approach to modeling language
that LLMs use in that it does not try to mimic patterns in human language but instead
tries to rederive such patterns from functional pressures analogous to those hypothesized to
have guided human language’s own evolution. Since this process of language emerging is
far more analogous to how human language develops and is learned, it has a much greater
potential to contribute to the scientific understanding of human language. Furthermore,
certain practical tasks might lie beyond the reach of the mimicry approach LLMs employ due
to the often superficial “understanding” they have of language; these problems, too, can be
addressed by emergent language which models not only the surface features of language but
also its semantics and social context. Finally, generating language data through emergent
communication avoids many of the ethical issues that crop up with LLMs’ dependence on
human language data from amplifying toxicity from the Web to freely (ab)using copyrighted
and personal content (Weidinger et al., 2021; Carlini et al., 2021).

Here is the problem: despite its potential, the field of emergent communication has not
1I will use these interchangeably.
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Chapter 1. Introduction

made measurable progress toward its more revolutionary applications to scientific under-
standing or practical problems. This thesis, then, introduces resources and algorithms for
emergent language that enable measurable progress in the field, enabling practitioners to
tackle its most significant applications through cumulative contributions. It accomplishes this
first by reviewing the particular ways in which emergent communication can solve practical
applications and improve scientific understanding. This is followed by introducing emergent
language data resources which permit empirical evaluation across a variety of emergent
languages. These resources are then used to develop environment-agnostic analytical algo-
rithms centering on the key applications of emergent communication. Namely, this thesis
introduces (1) a deep transfer learning-based evaluation metric for emergent communication
to measure the practical applicability of emergent language and (2) algorithms for discovering
morphology of emergent languages as a foundation for further linguistic analysis. Such tools
help to discern order among the often chaotic output of these simulations.

1.1 Background
Agent-based models of language evolution The origin of human language has been a
perennial question of human inquiry from ancient mythology to contemporary linguistics.
While much of the history of this question is relevant to this work, I will limit this discussion
to the most salient approach: namely that of computer simulations investigating the origin
and evolution of human language. This intersection between linguistics and computer science
gained momentum in the 1990s with the advances in computational power enabling the use
of agent-based modeling for simulations of communication systems (Steels, 1997). Agent
based models are simulations which model systems at the level of individuals and their
interactions in an environment; such models allow us to see how “global properties emerge
by local interactions” in order to better understand complex systems like language (Steels,
1997).

Employing agent-based models to study the origin and evolution of human language is
what is termed emergent language (or emergent communication) insofar as the phenomenon
of language (or at least some communication system) emerges from the features of the agents
and their environment. Such techniques have been applied to a number of closely related
topics including (Kirby, 2002): how genetically-defined communication systems (like animal
communication) might spontaneously emerge (MacLennan et al., 1993), how learned systems
(like human language) are transmitted (Smith, 2002), how semantic and syntax could emerge
in the context of language (Steels, 1999; Batali, 1998), and how language and language
acquisition could co-evolve (Kirby et al., 1997).

Deep learning vs. classical approaches The work mentioned above I term classical
emergent language (CEL) insofar as it uses more historically typical modeling techniques:
namely, the behavior of the agents and the environment is largely hardcoded into the
implementation as part of the design of the simulation. The learning behaviors employed
by the agents are relatively simple and constrained, drawing from classical AI and machine
learning techniques (e.g., symbolic methods, Bayesian learning). In short, CEL builds
computer models to test formal models.

8



Chapter 1. Introduction

Deep learning-based emergent language (DEL)—the body of literature in which this
thesis is most directly situated—it is the rebellious child of CEL and the deep reinforcement
learning boom of the late 2010s (cf. the Prologue). It applies the techniques of deep neural
networks and multi-agent reinforcement learning to the same questions presented by CEL.2

I say rebellious here because, rather than being a harmonious union of the two, (1) DEL
diverges from deep reinforcement learning by being more concerned with the byproducts of the
learning process (viz. the communication protocols) than with effectively solving the particular
tasks (communicative success), and (2) DEL diverges from CEL by a relative absence of
grounding in the broader body linguistics scholarship, often starting nearly from scratch in
the formulation of hypotheses and experimental approaches. Furthermore, translating any
such formal models from CEL into DEL is made difficult by the complexity of deep learning
approaches.

Nevertheless, the intention of applying deep learning to emergent language is founded
in improving the realism of the agent-based models which are key to the classical approach.
In fact, just as Simon Kirby argues for agent-based modeling3 approaches for studying the
evolution of language beyond “the classical alternative—analytic mathematical modeling—
[which] may require the kinds of idealization that will necessitate the removal of the very
network of interactions that give rise to the target of explanation” (Kirby, 2002), DEL takes
the next step on the path of removing such idealizations still present in CEL to further
extend the range of observable phenomena. Specifically, deep learning exhibits two features
towards this end: First, it has a greater representational capacity insofar as the complexity
and nuance of phenomena it can represent exceeds what is possible with classical approaches
(cf. the ubiquity of deep learning in contemporary computer vision and natural language
processing). Second, it also offers the prospect of introducing fewer inductive biases into the
model of language evolution (via its generally-applicable learning processes), leading to fewer
assumptions being built into the simulation. Finally, the shift to deep learning methods also
opens up further possible applications to engineering challenges such as creating realistic
synthetic language data at scale or developing robust multi-agent communication protocols.

Deep learning-based emergent language Turning our attention now fully to deep
learning-based emergent language, this subfield has its genesis in 2016 with seminal papers
such as “Learning to communicate with deep multi-agent reinforcement learning” (Foerster
et al., 2016) and “Multi-Agent Cooperation and the Emergence of (Natural) Language”
(Lazaridou et al., 2016). These were some of the first papers to applying deep multi-agent
reinforcement learning to developing discrete token-based communication systems de novo in
a way analogous to human language. With deep learning, agents could observe pixel-based
images with convolutional neural networks and produce the messages with recurrent neural
networks—two techniques which had made significant advances towards matching human
performance in image and language processing.

The prototypical emergent communication experiment consists two or more deep neural
network-based agents situated in some kind of environment or game where they must cooperate

2In theory, DEL is concerned with the same questions, but in practice, the bulk of investigation is limited
to the emergence of semantics and syntax, as mentioned above.

3Referred to “artificial life” in the cited work.
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Chapter 1. Introduction

in order to succeed. The agents are equipped with a communication channel consisting of
discrete tokens with no a priori meaning; it is only through the reinforcement learning-based
optimization that messages passed between agents begin to take on meaning. The resulting
behavior, most especially the communication protocol, is typically the object of analysis,
addressing question such as: Did an effective communication protocol emerge at all? What
structural features characterize it? Do these features align at all with human language?
What can we infer about language formation more generally from the above?

In practice, much of the literature has focused on the signaling game and the emergence of
compositionality in communication (Havrylov et al., 2017; Mordatch et al., 2018; Chaabouni
et al., 2022). The signaling game itself was introduced in the context of game theory by
David Lewis (Lewis, 1969); it is one of the simplest possible environments for emergent
communication contributing, in large part, to its popularity. The game consists of only two
agents: a sender and a receiver. The sender makes on observation (e.g., an orange circle)
and sends a message to the receiver who must, based on the message alone, determine the
nature of the observation (e.g., it was an orange circle, not a blue circle). A visualization of
the signaling game is provided in Fig. 1.1. The question of compositionality arises when we
look at how the communication protocol encodes compound meanings like a red square: A
compositional protocol would encode “red” and “circle” with their own words which could be
reused to express meanings like a red circle or a blue square. On the other hand, holistic
communication sometimes emerges where a unique word refers to red square, bearing no
relation to the word(s) for red circle. Compositional communication, generally, is seen as
more desirable both for practical reasons (more efficient encoding of information) as well as
for its resemblance to how humans tend to encode meaning in language.

Other environments do appear in the literature such as navigation tasks or dialogue-based
games (Unger et al., 2020; Brandizzi et al., 2022a). In addition to compositionality, other
phenomena have been the subject of investigation such as pragmatics, transfer learning, and
the information theoretic properties of emergent language (Kang et al., 2020; Yao et al.,
2022; Tucker et al., 2021). For a general review of the emergent communication literature, I
recommend Lazaridou et al. (2020).

1.2 Motivation
Early on in the history of deep learning-based emergent language, papers such as “Natural
Language Does Not Emerge ‘Naturally’ in Multi-Agent Dialog” (Kottur et al., 2017) and
Bouchacourt et al. (2018) already argued the difficulty of finding informative patterns in
emergent languages, and such papers would prove to be harbinger of the decade to come:
there would be little measurable progress toward the farther-reaching applications of the
field. Many research papers end up employing ad hoc analyses tailored to the particular
phenomenon of interest without a clear way to unify the findings into a broader understanding.
While normal science (as Kuhn (1962) terms it) often proceeds by small, additive research
contributions, emergent communication has not developed research paradigm where the small
contributions can truly add together.

One can read much of the literature on emergent communication, learn of many different
trends that appear in particular environments, and still largely have little idea why emergent

10
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(b) Illustration of the technical architecture
of the signaling game.

Figure 1.1: An illustration of the discrimination variant of the signaling game, one of the
simplest and most common environments in emergent communication research.

languages look the way they do nor what they might look like in a new environment.
Furthermore, despite the potential for groundbreaking applications in natural language
processing and linguistics, emergent communication has not produced any broadly-applicable
contributions in either (Chapter 2). In contrast, classical emergent language research has
proved fruitful, yielding results such as the iterated learning model which are more easily
reincorporated into the broader field of linguistics (Kirby et al., 2014). Thus, the problems
mentioned above are most pertinent to the deep learning approach to emergent language.

I intend for this thesis, then, to make foundational contributions addressing the unique
structural issues in deep learning-based emergent language research that has resulted in this.
In a large part, I argue that this requires making the patterns and structures present in
emergent languages (if they are there) more easily observable. This is analogous to the broader
project of interpretability in deep learning specified for emergent language—although it proves
to play a more central role in emergent language insofar as interpretation is fundamental to
the field. The methods of classical emergent language, for the most part, assume that the
basic structures in the emergent languages (e.g., words) are already evident, meaning that
the project of finding structure in deep emergent languages is, in a way, trying to recover
some of what was lost in the classical-to-deep transition and better connect the two sides of
the broader field.

11



Chapter 1. Introduction

1.3 Approach
Thus, this thesis introduces goal-oriented (Section 1.3.1), environment-agnostic (Section 1.3.2)
analytical algorithms to support measurable progress towards both the engineering-centric
(Section 1.3.3) and scientific (Section 1.3.4) goals of emergent language.

1.3.1 Finding a lodestar

Chapter 2 provides a comprehensive review on the goals and applications of emergent language
research. This chapter is not a general review but review of the goals of this field of research
because it is imperative for any field of research to understand where it is going and why.
While many of the goals of deep learning-based emergent language overlap with those of
classical emergent language, others extend to the machine learning world. Beyond the general
clarity that articulating directions provides, this chapter performs two specific functions for
this thesis. First, by articulating the goals and, in many cases, the minimal progress towards
achieving them, it motivates the paradigmatic changes which this thesis proposes in later
chapters. Second, the articulated goals form the very basis of the analytical methods which
are introduced in later chapters. Using emergent language to pretrain language models?
Evaluate them against XferBench (Chapter 4). Trying to make claims about the morphology
of emergent languages? Induce a morpheme inventory with CSAR (Chapter 6). Thus this
chapter provides both the motivation and scaffold for the goal-oriented analytical algorithms
introduced the later chapters.

1.3.2 Towards unity in a diverse landscape

Chapter 3 introduces the Emergent Language Corpus Collection (ELCC), a diverse collection
of emergent language corpora derived from free and open source implementations of emergent
language environments. As stated above, emergent language research is often organized into
little islands working with specific environments to test specific phenomena with considerably
less work spanning even a small subset of the wide variety of emergent language environments.
Introducing a collection of diverse emergent language corpora in a unified format (along
with ready-to-run versions of the corresponding codebases) makes a significant step towards
more comparative research yielding more environment-agnostic contributions. Furthermore,
making the corpora available in a simple JSON-based format (and obviating running the
environments in the first place) lowers the barrier of entry to studying emergent languages in
general, especially for those without a background in computing. The promise of analysis
across diverse languages is borne out within this very thesis as ELCC is employed both in
XferBench (Chapter 4) and CSAR (Chapter 6).

1.3.3 Seeing language like a neural network

Chapter 4 introduces XferBench, an evaluation metric for emergent language corpora based
on deep transfer learning. The intuition behind XferBench is that when a model is pretrained
on emergent language data, its downstream performance on human language-based natural
language processing tasks (e.g., language modeling, machine translation) correlates with its

12



Chapter 1. Introduction

similarity to human language, as far as a deep neural network is concerned. XferBench is
environment-agnostic insofar as it only requires an emergent language corpus as input, meaning
that it can be applied to most any environment, and compare differing environments on single
quantitative scale. XferBench is goal-oriented insofar as it is directly measuring how well
emergent languages function in place of human languages in deep learning settings, a major
component of the engineering goals of emergent language. Furthermore, the type of realism
which XferBench is measuring is complementary to the scientific goals of emergent language
which stand to benefit from more realistic simulations of linguistic phenomena. Chapter 5
demonstrates XferBench in action by using it as an objective function for hyperparameter
search over the hyperparameters of an emergent language environment, effectively finding
measurably more human-like emergent languages with minimal manual input.

1.3.4 Discovering order in the chaos

While the previously mentioned chapters employ black-box techniques to measure engineering-
centric progress in emergent language, Chapters 6 and 7 introduce good, old-fashioned
algorithms (no neural networks) for uncovering morphosyntactic structures in emergent
languages. This is motivated by the fact that the scientific goals of emergent language require
understanding the patterns and regularities present in emergent language despite the largely
cryptic output produced by the simulations in question. Specifically, Chapter 6 introduces
CSAR, an algorithm for inducing morphemes from emergent language corpora annotated
with the individual utterances meanings. This approach is motivated by the fact that simply
identifying the minimal units of meaning (i.e., morphemes) in emergent languages is non-
trivial and critical to understanding most higher-level linguistic structures (e.g., morphology,
syntax, pragmatics). Furthermore, CSAR makes very few prior assumptions about what kind
of structure is present in the emergent languages analyzed, making it suitable to handle the
wide variety of patterns which could possibly emerge. Chapter 7 puts the morphemes CSAR
induces to the test by measuring their effectiveness for synthesizing and analyzing emergent
language utterances produced by the neural network-based agents. The patterns observed in
synthesizing and analyzing emergent language at the morpheme-level present one of the most
principled investigations of the syntax of deep learning-based emergent languages to date.
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Chapter 2

Review of the Applications of Emergent
Language

Abstract

Emergent communication, or emergent language, is the field of research which studies
how human language-like communication systems emerge de novo in deep multi-agent
reinforcement learning environments. The possibilities of replicating the emergence of
a complex behavior like language have strong intuitive appeal, yet it is necessary to
complement this with clear notions of how such research can be applicable to other
fields of science, technology, and engineering. This paper comprehensively reviews
the applications of emergent communication research across machine learning, natural
language processing, linguistics, and cognitive science. Each application is illustrated
with a description of its scope, an explication of emergent communication’s unique role
in addressing it, a summary of the extant literature working towards the application,
and brief recommendations for near-term research directions.1

2.1 Introduction
Deep learning-based methods in natural language processing and multi-agent reinforcement
learning provide a powerful way simulate how human language-like communication systems
emerge de novo. This area of research is called emergent communication or emergent language.
Multi-agent reinforcement learning-based systems like AlphaZero (Silver et al., 2017) and
OpenAI’s hide-and-seek agents (B. Baker et al., 2020) have leveraged self-play to exhibit
convincing examples of complex behavior emerging from basic environment dynamics. Such
deep reinforcement learning techniques were applied to discrete communication systems
starting in 2016 and 2017 with papers like Foerster et al. (2016), Lazaridou et al. (2016),
Havrylov et al. (2017), and Mordatch et al. (2018). Although replicating as complex a
behavior as human language is intuitively important, it is necessary to complement such
notions with clear directives as to how it could apply to other areas of science, technology,
and engineering.

1Based on “A Review of the Applications of Deep Learning-Based Emergent Communication” appearing
in the Transactions on Machine Learning Research (Boldt et al., 2024a).
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Thus, this work is a review of the most salient goals and applications of deep learning-
based emergent communication research. We illustrate each of the applications by providing
a description of its scope, an explication of emergent communication’s unique role in ad-
dressing it, a summary of the extant literature working towards the application, and brief
recommendations for near-term research directions. This work has three primary goals. (1)
This work is meant to inspire future emergent communication research by compiling the most
salient areas of research into a single document with relevant work cited. (2) It illustrates
to practitioners outside of emergent communication the potential ways that emergent com-
munication can be used in an easily-referenced format. (3) It define the ultimate aims of
emergent communication, which is critical to guiding the field of research through practices
like establishing evaluation metrics and benchmarks. Evaluation metrics require explicitly
defining what a good or desirable emergent language is, and understanding what emergent
communication can be used for is a foundational step in their development.

2.1.1 Scope

In order to effectively select papers for the review, we need to define particular scope of
“emergent communication” that we are dealing with. We are not claiming that work excluded
by these criteria is unimportant or unrelated to the included work, nor are we arguing that
these criteria should be viewed as normative. Rather, these criteria are merely intended to
be sufficient for conducting a complete, coherent review of a field of research. The scope of
this review specifically comprises the following criteria:

• Necessarily , the topic is an agent-based computer model, that is, the simulation of
individual computer agents in an environment.

– Typically , it uses reinforcement learning.

– Necessarily , it is not simply the result of training a model on human language
data (e.g., emergent properties of pre-trained language models do not qualify).

– Typically , the system contains multiple agents (e.g., an agent talking to itself could
still qualify).

• Necessarily , the agents have a communication channel.

– Necessarily , the communication is analogous to human language in some way.

– Typically , the communication channel is discrete symbols (i.e., analogous to words
or subword units).

– Sometimes, the communication channel may be continuous (e.g., analogous to
speech sounds), but the structure of the channel or the resulting protocol must be
of interest (i.e., an unconstrained, unstudied continuous channel does not count.)

• Necessarily , the exact nature of communication (e.g., the structure or content of the
protocol) is not determined ahead of time; it “emerges” from simpler characteristics of
the environments and agents.

• Necessarily , the approach uses deep learning methods.
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Figure 2.1: Structure of the applications discussed in this review.
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– Typically , methods use neural networks optimized by gradient descent.

– Typically , work is associated with the communities of ICLR2, NeurIPS3, and
ICML4 conferences and the EmeCom workshop5.

2.1.2 Related work

This section briefly discusses some closely related areas of research that fall outside of
the scope of this paper. Although the goals and applications of these research areas are
relevant to those discussed in this paper, we do not incorporate these into this paper in the
interests of length. While their applications are very similar to those of deep learning-based
emergent communication, the particular issues, methods, and possibilities which deep learning
techniques present are quite different from these related areas.

Emergent communication Lazaridou et al. (2020) offer a general review of emergent
communication research. It covers the same body of literature as this paper but with a
general scope. Readers unfamiliar with the field of emergent communication would benefit
greatly by reading this review first as it covers the essential elements of the field (background,
methods, results, related work, etc.). This paper, on the other hand, focuses specifically on
the goals and applications of emergent communication research.

A few other position papers have been published on emergent communication and share
this paper’s goal of guiding future work through a direct analysis and discussion of the
literature. LaCroix (2019), Moulin-Frier et al. (2020), and Galke et al. (2022) synthesize
linguistic research on the evolution of language with contemporary methods in emergent
communication, highlighting what aspects do not line up and how emergent communication
research might change its approach. Finally, Zubek et al. (2023) provide a more robust
critique of current methods in emergent communication from various linguistic perspectives.

NLP and multi-agent RL Some areas of natural language processing focus on learning
human language by leveraging deep multi-agent reinforcement learning in a way similar to
emergent communication. This includes approaches like Lee et al. (2019) and Cogswell et al.
(2020) which use multi-agent dialog grounded with visual referents or Lu et al. (2020) which
uses iterated learning framework for tuning dialog agents. Although the methods are similar,
these approaches typically do not care about communication systems that are emerging from
scratch and instead focus directly on improving performance with human languages.

Emergent language without deep learning Computer simulations of the emergence of
language are also possible without recourse to deep learning methods. Simulations along these
lines might use other forms of machine learning or simply mathematical models of agents and
environments. For example, Werner et al. (1991) simulate the emergence of a communication
system in a population of mating animals. Female animals guide the male animals towards

2https://iclr.cc/
3https://neurips.cc/
4https://icml.cc/
5https://sites.google.com/view/emecom2022
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them by emitting discrete messages. Each agent is implemented as a connectionist artificial
neural network which is optimized with a genetic algorithm. Another instance is Kirby (2000),
which verifies the possibility of compositional communication emerging without biological
evolution. Specifically, it presents a mathematical model of an agent population where new
members must learn to communicate from older members (who eventually die off). This is
implemented as a computer program which can empirically verify the hypothesis.

Although this research area has significant overlap in terms of goals, the methods have
significantly different challenges. In particular, methods not based on deep learning tend to
have strong inductive biases which constrain the range of languages that can emerge. In
contrast, one of the main challenges of deep learning-based emergent communication is trying
to find the environmental pressures and functional advantages which shape language in place
alongside the weaker inductive biases of deep neural networks.

Emergent communication with humans Research on the emergence of human language
also takes place outside the context of computer simulation altogether. Experimentally,
small-scale studies can be done with humans in the laboratory. For example, Kirby et al.
(2008) test the emergence of structure in language from language transmission dynamics
by having humans serve as the agents in a laboratory experiment. Observationally, there
are recorded instances of a full human language emerging as in the case of Nicaraguan Sign
Language, where deaf children with minimal prior linguistic knowledge developed language
when placed together in a school environment (Kegl et al., 1999). Despite the relevance of
this research to deep learning-based emergent communication, the challenges of human-base
studies diverge significantly from those based on machine learning.

Symbol emergence in robotics Taniguchi et al. (2015) survey a research area called
“symbol emergence in robotics” (SER). SER is concerned with developing autonomous robots
with the ability to discover meaning and communication skills from sensory-motor experiences
with humans and other robots. In this way, both SER and emergent communication study
“bottom-up” methods of autonomous agents acquiring the ability to use language in a deep,
embodied way. SER is more concerned with the development of robotic agents which can
dynamically learn to interact like humans through pragmatic and social facets of language.
In contrast, emergent communication is more concerned with observing the entire process of
language creation in virtual environments through agents interacting with other agents.

2.1.3 Structure of review

We divide the applications of emergent communication into three broad categories:

• Internal goals (Section 2.2) aim towards improving the technique in its own right. In a
sense, these goals are the “basic research” of emergent communication.

• Task-driven applications (Section 2.3) aim at solving a well-defined problem. These
goals generally correlate with goals in the domain of engineering such as those found in
NLP.
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• Knowledge-driven applications (Section 2.4) aim at increasing the knowledge of some
phenomenon. These goals generally correlate with the goals of sciences such as linguis-
tics.

We illustrate each application with four sections which each answer a question:

• “Description”: What exactly is the problem being solved?

• “Applicability”: How do the techniques of emergent communication (in practice or in
theory) uniquely address this problem?

• “Current state”: What progress has been made in the literature toward addressing this
problem?

• “Next steps”: What does the next important research paper towards this application
look like?

We give a brief of analysis of the trends we found in reviewing the literature in Section 2.5
before concluding in Section 2.6. Details of the review process are presented in Section A.1,
and a complete list of works surveyed is given in Section A.2.

2.2 Internal Goals
Internal goals are not what we would typically consider applications at all since they are
focused on issues internal to the field of emergent communication. Nevertheless, these applica-
tions are important because they are (1) prerequisites for applying emergent communication
to other areas and (2) the primary contributions of many papers that reference these goals.
While, in a sense, any contribution could be considered an internal goal, we choose to address
the internal goals which represent the clearest and most salient waypoints within emergent
communication research.

2.2.1 Rederiving human language

Description Aiming to create emergent communication that resembles human language
is a central characteristic of emergent communication and drives much of the research on
the topic. This resemblance can include everything from low-level traits like compositional
semantics and tree-like syntax to high-level traits like implicature (pragmatics) and sociolects
(sociolinguistics), although how exactly to define this resemblance is an open question within
linguistics. Aiming for resemblance does not necessitate exact replication of human language
(or even having an exact definition of it): within human language we see a large amount of
variation upon fundamental commonalities (e.g., distinguishing between nouns and verbs,
having distinct units of meaning which appear in many contexts). Rederiving human language,
then, is the process of developing the conditions (e.g., environment, agent architecture, games)
which produce emergent communication which resembles human language.

Rederiving human language distinct from, although related to, Origin of language (Sec-
tion 2.4.3) and Language acquisition (Section 2.4.5). Research into the origin and acquisition
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of language has a primary interest in the specific historical, environmental, and cognitive
contexts of humans and their use of language. In contrast, rederivation is only concerned
with these contexts for their instrumental value in developing emergent communication which
is similar to human language.

Applicability The resemblance of emergent communication to human language is the
nexus of most other goals in the field: other goals will either work toward resemblance in
some respect or derive their effectiveness from resemblance to human language (or both).
This resemblance to human language need not be perfect—even a partial rederivation of
human language could still support many important downstream applications.

Internal Goals (Section 2.2) primarily work toward the rederivation of human language,
while the task- and knowledge-based applications primarily derive their effectiveness from
the rederivation. In particular, Task-Driven Applications (Section 2.3) rely on emergent
communication having: structural similarities to human language (Synthetic language data
(Section 2.3.1)), generalizability to new situations (Multi-agent communication (Section 2.3.2)),
discourse structure (Interacting with humans (Section 2.3.3)), and the capacity to externally
represent internal states (Explainable machine learning models (Section 2.3.4)). Knowledge-
Driven Applications (Section 2.4), for example, rely on emergent communication resembling
human language in terms of: cognitive processes influencing linguistic behavior (Language,
cognition, and perception (Section 2.4.2)), macro-scale social processes (Origin of language
(Section 2.4.3) and Language change (Section 2.4.4)), mechanism of learning and acquisition
(Language acquisition (Section 2.4.5)), and general structure at every level (Linguistic variables
(Section 2.4.6)).

Current state No work in the current body of literature has explicitly pursued the
rederivation of human language. There are a large number of papers that study aspects
of making emergent communication more human language-like in isolation (almost any
paper in Linguistic variables (Section 2.4.6) does this in some capacity), but no papers have
made steps towards rederivation holistically. While studying just one aspect of emergent
communication at a time yields more tractable research questions, the risk is that isolating
individual aspects misses the ways in which emergent communication is truly an emergent
phenomenon within a complex system (Bar-Yam, 2002, Sec. 1.3). Complex systems are
characterized by non-obvious interactions among the many moving parts, and taking away
single elements of the system might change the behavior in significant, unpredictable ways.
To the extent to which this is true, studying isolated phenomena in simple environments has
limited potential.

For example, Ren et al. (2020) show, in line with established experiments with mathemat-
ical models (Kirby et al., 2007) and human subjects (Kirby et al., 2008), that the imperfect
transmission of language from generation to generation (i.e., iterated learning) can explain a
bias toward compositionality in communication system without further agent-internal biases.
Yet empirical investigation of compositionality in emergent communication literature often
uses fixed-population environments6. The fact that iterated learning has diverse support as

6I.e., environments where the set of agents remains constant throughout the training process. Contrast
this with dynamic populations where newly-initialized agents enter the population and older agents leave the
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an explanation for compositionality calls into the question the results of compositionality
research which does not take iterated learning into account, since iterated learning could be a
sufficient driver for compositionality in emergent communication, outweighing other potential
sources like model capacity (Resnick et al., 2020) or perception (Lazaridou et al., 2018).

Next steps The rederivation of human language in full is a massively complex task which
may be impossible in practice or even in principle. Yet even if it is possible only to a limited
degree, emergent communication can still fulfill many of its applications. The first step
toward rederiving human language is laying down the theoretical foundations: identifying
the most salient properties of human language and using these to develop a concrete problem
definition of “rederiving human language”. The field of linguistics will be especially important
for formulating precise notions of “rederiving human language”. Such formulations will provide
the groundwork for identifying the technical issues with rederiving human language through
emergent communication techniques. For example, we speculate that: language will need
to be processed by larger neural networks with parameter counts in the billions; agents will
also need to have realistic cognitive constraints on producing and understanding language;
populations of agents will have to number in the hundreds to mimic even the smallest human
language communities; environments will need to be scaled up in terms of both sensory input
(e.g., 3-dimensional environments, embodiment) as well as task complexity (e.g., involving
multi-step planning); and many advanced techniques from deep reinforcement learning will
need to incorporated into the optimization process in order to learn from richer environments
(e.g., efficiently learning representations, planning, multi-agent cooperation).

2.2.2 Metrics for emergent communication

Description A metric, for our purposes, is a well-defined method for quantifying a property
of or notion about an emergent communication system. Some properties in emergent
communication are fairly concrete and are naturally quantitative such as vocabulary size or
task success rate. Other properties are more abstract and there is not single, obvious way to
quantify them (i.e., they are underspecified in some capacity). For example, compositionality
often refers to the idea that “the meaning of a composite message is a function of the meanings
of individual parts”, but this definition is underspecified. It does not specify if “meaning”
rests in the interpretation of the speaker, listener, or both, nor does it specify what limits
might exist on functions used to combine meaning—each interpretation would be quantified
differently and may be useful in different contexts. Finally, evaluation metrics are even more
abstract as they try to directly measure how good, useful, or desirable something is in a
general sense. For example, F-score is an evaluation metric for classifiers; that is, a better
classifier should have a higher F-score (insofar as F-score is an effective evaluation metric),
and generally speaking, a classifier with higher F-score will be more useful than one with a
lower F-score.

Thus, developing metrics within emergent communication comprises a number of dif-
ferent tasks, including: designing precise formulations of abstract properties, developing

population.
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practical computational methods for implementing these formulations, and demonstrating
mathematically and empirically that they accurately quantify the particular property.

Applicability Metrics, in general, are a ubiquitous part of research in most any area
of science or engineering. They are integral to formulating testable hypotheses since they
delineate precisely what is being considered empirically (or theoretically). They are also what
enables effective summarization and statistical analysis of the results of experiments beyond
mere qualitative analysis. Together, these two factors make principled comparison with prior
work possible. Evaluation metrics, in particular, help identify approaches to a given problem
are most effective. These are especially important for the long-term development of a field as
they help gauge overall progress and direct efforts towards the most promising approaches.

Current state (compositionality) Metrics for compositionality and generalizability
comprise the lion’s share of literature on this goal while only a few have been developed for
other properties. This corresponds with the most common goals of emergent communication
papers which are to develop emergent communication which has compositional semantics
and generalizes beyond the scenarios seen during training.

Compositionality (or compositional semantics) refers to the general principal that utter-
ances with complex meaning derive their meaning from a combination of the meaning of the
components of the utterance (e.g., a “red car” is a car that is red). This is in contrast to
“holistic” communication where there is no relationship between the meaning of an utterance
and its components.7 The most popular metric for compositionality is topographic similarity
(Brighton et al., 2006; Lazaridou et al., 2018), which quantifies compositionality as the degree
of correlation between distances in the referent feature space and distances in the message
space (illustrated in Figure 2.2). Specifically, Lazaridou et al. (2018) use the Spearman’s
rank correlation coefficient (ρ) on the pairwise distances between objects in the feature
space (quantified with cosine similarity) and their corresponding messages (quantified with
Levenshtein distance). In this sense, toposim is more of a family of metrics since the precise
methods of computing correlation and distance in the object and message spaces have a
number of concrete realizations.

Representation similarity analysis (Kriegeskorte et al., 2008; Rodríguez Luna et al.,
2020) takes a similar approach to quantifying compositionality but measures the correlation
in the feature space and agents’ internal representations. A handful of other metrics fall
under the umbrella of disentanglement, where components of the message specify single
attributes and do so independent of context. Such metrics include positional and bag-of-words
disentanglement (Chaabouni et al., 2020), context independence (Bogin et al., 2018), and
conflict count (Kuciński et al., 2020). Tree reconstruction error takes a deeper look at the
compositionality of language by measuring how closely an explicitly compositional model
of semantics can approximate what the emergent communication agents produce (Andreas,
2019).

In response to the amount of research into measuring compositionality, some papers have
provided deeper analyses of metrics of compositionality. Korbak et al. (2020) provide a

7For example, a “black swan” can refer (idiomatically) to a rare event—something that is neither black
nor a swan.
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Figure 2.2: Illustration of two spaces with different topographic similarities (toposims). O
and M represent embedding spaces for the observations and messages, respectively. A high
toposim means that distances between any two points in the observation space correlates
well with distances between corresponding points in the message space.

meta-analysis of the above compositionality metrics, showing that while many are sensitive
to basic types of compositionality, most fail to recognize more sophisticated methods of
composition. Kharitonov et al. (2020a) and Chaabouni et al. (2020) provide evidence against
the claims that standard measures of compositionality are also measuring the ability of the
language to generalize to describing novel objects.

Current state (other) Generalizability, as in other areas of machine learning, generally
refers to the ability to perform well outside of the training conditions. Generalizability
is most often operationalized as agents successfully describing objects previously unseen
combinations of attributes (i.e., generalizing from training data to test data) (Korbak et al.,
2019; Chaabouni et al., 2020; Denamganaï et al., 2020a; Kharitonov et al., 2020a; Resnick
et al., 2020; Perkins, 2021a). Apart from this type of generalization, other work has looked at
generalizing to new communication partners (Bullard et al., 2021), generalizing over different
environments (S. Guo et al., 2021; J. Mu et al., 2021), and generalizing across linguistic
structures (e.g., disentangled syntax and semantics) (Baroni, 2020).

Yao et al. (2022) introduce an evaluation metric, that is, one which measures the overall
quality of an emergent language using data-driven methods. The metric equates the quality
of an emergent language with the quality of machine translation from the emergent language
to human language. The underlying intuition here is that the more human-like an emergent
language is, the more effective substituting it for human language will be in machine learning
tasks (i.e., using it as synthetic data, see Section 2.3.1).

Next steps With regard to metrics of phenomena like compositionality, it is critical to
incorporate knowledge from linguistics as to how similar notions apply to human language.
For example, with compositionality, emergent communication research often use to simple
notions of compositionality, focusing individual units of meaning combining arbitrarily to form
composite meanings. On the other hand, human language’s relationship with compositionality
is far more complicated, sometimes exhibiting it while sometimes being non-compositional
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(e.g., idioms, irregular word forms, grammatical rules limiting “acceptable” sentences). While
this cross-disciplinary approach more difficult to incorporate into the research process, it is
critical to the long-term trajectory of emergent communication research.

Evaluation metrics, on the other hand, are mostly absent in the emergent communication
literature despite their importance to other fields of machine learning like reinforcement
learning and natural language processing. Thus, it would be fruitful to develop true evaluation
metrics which can determine what emergent languages are “best” or “most human language-
like”. As these notions are more abstract than “compositionality” or “generalizability”, there
is more theoretical groundwork that must go with the motivation of evaluation metrics in
addition to the engineering efforts in actually designing and implementing them.

2.2.3 Theoretical models

Description A theoretical model of emergent communication is a mathematical or formal
system which describes the behavior of an emergent communication system. Generally
speaking, a theoretical model will describe a relationship between two or more variables in
an emergent communication system. Theoretical models are developed in conjunction with
empirical work and represent a refinement and systematization of the knowledge gained from
these experiments. Most importantly, their formal representation allows rigorously reasoning
about the behavior of a systems without needing to directly run experiments.

Applicability Theoretical models benefit emergent communication research primarily in
two ways: they clarify research methods and can predict a system’s behavior in compute-
intensive situations. For research methods, using a theoretical model to phrase a research
question results in a hypothesis which is clear and testable. As a result, the empirical
evaluation has a clear relationship with the assumptions and structure of the model, allowing
subsequent research to more easily build on previous work. In the absence of theoretical
models and their hypotheses, papers must often rely on qualitative hypotheses which are
difficult to empirically verify or result in merely pointing out “interesting” observations
from the experiments. For this reason, employing theoretical models can move emergent
communication research towards systematically scientific investigation instead of less organized
trial-and-error.

Second, theoretical models provide a way to predict the behavior of emergent communica-
tion systems in situations where directly running the system is computationally expensive.
The applicability of theoretical models on this front is discussed in the context of GPT-4
(OpenAI, 2023) and its scaling laws where the extreme computational cost of training the
model made it critical that the designers could predict the behavior of the full-scale model
ahead of time. In particular, they fit a mathematical equation predicting the loss based on
computational input using smaller models. This gave the developers a way to accurately pre-
dict the final loss of the full-scale model at a fraction of the computational cost. As emergent
communication environments get more complex with more design choices, hyperparameters,
and computational cost, it will also be important to be able to predict the behavior of the
system without having to run the full environment in every situation.

8τ is the Kendall correlation coefficient of the points.
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Figure 2.3: Plots of lexicon entropy (y-axis) versus time steps and lexicon size (x-axes)
comparing a theoretical model against empirical measurements on navigation game with
emergent communication (from Boldt et al. (2022b)).8 Theoretical models can help predict
the outcomes of emergent communication games much more efficiently than simply running
the environment while also providing a conceptual understanding the environment’s behavior.

Current state Only a handful of papers in the literature use theoretical models, and these
models are usually not employed in any subsequent papers. Khomtchouk et al. (2018) study
the transition between two degenerate “phases” of language: single-symbol systems and full
one-to-one systems, with the synonymy and ambiguity found in human language lying in the
middle. This model is then tested with a pair of simple reinforcement learning-based agents.
Ren et al. (2020) apply the iterated learning model (Smith et al., 2003) to deep learning-based
emergent communication; they use a formal probabilistic model of an iterated learning
algorithm to express hypotheses which are empirically tested. Boldt et al. (2022b) formulate
a stochastic process which describes the entropy of an emergent language’s lexicon based on
a handful of hyperparameters of the agent’s neural network; the predictions of this model
are also empirically tested in four simple emergent communication environments. Rita et al.
(2022b) analyze emergent communication environments based on the Lewis signaling game
by providing a mathematical decomposition of the loss function. This decomposition explains
the different overfitting pressures hidden in the loss function; from this, they suggest measures
to counteract such pressures which result in more compositional emergent communication.

Finally, the model presented in Resnick et al. (2020) is a good representative of theoretical
models in emergent communication and their attendant difficulties. The model describes the
relationship between the capacity of an agent’s neural networks and the compositionality
of the learned emergent language: if the capacity is too low to capture the regularities in
the language (i.e., grammatical rules) the agents “underfit”, and if the capacity is too high,
the agents “overfit” by simply memorizing individual utterances in the language. The model
predicts the compositionality to be low in both the under- and overfitting regimes and higher
between them where the neural network learns regularities without memorizing individual
examples. The model could then be formalized as follows

Capacity(MX) ∈ [CL, CU) ∧ Capacity(MY ) ̸∈ [CL, CU) ⇒ Comp(MX) > Comp(MY ) (2.1)

where MX and MY are the agents’ underlying models, Capacity(·) quantifies a model’s

25



Chapter 2. Review of the Applications of Emergent Language

capacity, CL and CU are the under- and overfitting thresholds respectively, and Comp(·)
quantifies the compositionality of the model’s emergent language.9

The precise formulation of the model results in a clear hypothesis based on the predictions
of the model, allowing the experiments to more directly test the underlying principles of
the model. The difficulties that persist, though, are that the model’s formulation and its
predictions still lack precision. In the formulation, Resnick et al. (2020) do not fully articulate
what constitutes “capacity”; a notion of capacity though would be extremely difficult if not
impossible to formulate precisely for deep learning models. In the predictions, the paper is
only able to articulate general trends and correlations rather than predicting exact values or
distributions. These issues, though, are representative of more general issues with theoretical
models in emergent communication the use of deep neural networks and reinforcement learning
make precision inherently difficult (although approximation is not impossible as shown by
the GPT-4 scaling case above). Finally, despite the fact that the model in Resnick et al.
(2020) addresses compositionality, the most popular topic within emergent communication, it
does not see reuse subsequent papers.

Next steps Theoretical models are difficult to apply deep learning-based emergent commu-
nication since deep neural networks themselves are difficult to formalize. Part of this difficulty
is inherent while some of it stems from the sparsity of formalization in the applications of deep
neural networks. Thus, an important next step would be to address these difficulties with
archetypical examples of how theoretical models can be applied to emergent communication
as well as recommendations for best practices, taking inspiration from existing work on the
theoretical foundations of deep learning and complex systems.

Even given these difficulties, one-off instances of simple theoretical models can be helpful
in clarifying the contributions, hypotheses, and results of a given paper. For example, instead
of hypothesizing simply that changing X will improve Y , it could be stated instead that
there will be a positive correlation between x and y, where x and y are quantitative metrics
of X and Y respectively, and correlation is mathematically defined (e.g., Spearman’s rank
correlation coefficient). This would facilitate experiments which more clearly refute or a
support a hypothesis and its underlying claims.

2.2.4 Tooling

Description The central aim of tooling within emergent communication is to develop ap-
paratus that can be used to ease the process of implementing and running experiments. Since
emergent communication is under the broad category of computer science, the experimental
apparatus are most often programs, their source code, and sometimes datasets. Although
any codebase used for an emergent communication experiment can be reused and repurposed
by other researchers for new experiments, codebases which are designed to be reused for a
broad range of experiments are the focus of this application.

9This is a summarization of the model which is more precise in its original formulation. The particular
formalization is not used in the original paper and is instead derived from Boldt et al. (2022c).
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Applicability The most obvious benefit of shared and standardized tooling is that it
saves time for researchers as less time needs to be spent reimplementing the basic features
of emergent communication experiments. Furthermore, the incidence of bugs decreases,
implementation efforts can be spent improving existing tooling, and comparison across
papers is more reliable since more implementation details will be the same. Special care
must be taken, though, that the implementation details do not lead to systematic biases
in experiments; emergent communication is especially susceptible to this concern since it is
difficult to distinguish between effects of structure of the environment (abstractly speaking)
and effects of implementation details. Finally, well-designed and easy-to-use tooling is a
significant help to emergent communication researchers who do not have a strong software
development background. The task of putting ideas into code is much more difficult for such
researchers, and decreasing the amount of unnecessary reimplementation can greatly improve
their ability to contribute to the field of emergent communication.

Current state Tooling for emergent communication has a small degree of standardization,
although the high degree of variety in problems and approaches in the field decrease the
practicality of a one-size-fits-all framework. EGG (Emergence of lanGuage in Games)
(Kharitonov et al., 2019) is the most widely used framework for deep learning-based emergent
communication; it provides a simple Python programming interface for some of the most
common emergent communication games, agent architectures, and metrics. Papers which
implement new games using EGG further expand the range of games and metrics which are
easily accessible through the framework including: Chaabouni et al. (2019a), Dessì et al.
(2019), Chaabouni et al. (2020), Auersperger et al. (2022), and Kharitonov et al. (2020b).
ReferentialGym (Denamganaï et al., 2020b) is similar to EGG in scope, although it has seen
less reuse within the literature. Other tooling may target more specific aspects of experiments
in emergent communication. For example, TexRel (Perkins, 2021b) is a synthetic dataset
designed specifically for use in emergent communication games; in this case, data (images)
are constructed such that compositional language could aptly describe them. Additionally,
Ikram et al. (2021) introduce HexaJungle, a suite of environments for studying emergent
communication. For papers which explore beyond the typical environments (which is a
significant portion), it is common to implement the emergent communication game and
agents from scratch using more general purpose tools like PyTorch (Paszke et al., 2019)
(Evtimova et al., 2017; J. Mu et al., 2021; Noukhovitch et al., 2021).

Next steps The next steps for tooling in emergent communication largely depends on
what tasks, problems, and methods receive the most attention going forward. If the field
continues to study similar environments, EGG could continue to support such work, but
if radically new environments or experimental paradigms appear, current tooling might
prove insufficient. In part, this is due to an inherent trade-off between the flexibility of
a framework and its convenience; while emergent communication is rapidly changing, the
required flexibility often does not provide much convenience, but as the field focuses on fewer
problems, frameworks could play a greater role. A possible middle way between these two
issues would be developing an interface (in the sense of object-oriented programming) for
emergent communication environments similar to OpenAI Gym (Brockman et al., 2016),
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which can provide some standardization and interoperability while not impeding novel
environments and implementations.

2.3 Task-Driven Applications
The task-driven applications of emergent communication center around fields of engineering
such as machine learning, natural language processing, and multi-agent systems, and typically
involve solving a well-defined, practical problems. These applications have the most immediate
impacts and, as such, offer some of the most convincing motivations for developing emergent
communication techniques in the short term. The primary challenges in this area come
from competing against more established methods in deep learning which are continually
advancing through larger and larger scales of data and compute.

2.3.1 Synthetic language data

Description In the context of deep learning, synthetic data refers to data which is generated
with a computer program; this is in contrast to “real” or “natural” data which is collected from
an actual system being studied. For example, the language we find in books, conversations,
speeches, etc. would all be real, in this sense, whereas a corpus of sentences generated by
sampling from a probabilistic context-free grammar would be synthetic. For example, within
NLP, synthetic data can be used for transfer learning (Papadimitriou et al., 2020; Mirzaee
et al., 2022) and model probing (Lake et al., 2018; Y. Zhang et al., 2022). Synthetic data
has a number of advantages when applied to deep learning; this includes: controllability,
availability in arbitrary quantities, availability in low-resource domains (e.g., endangered
languages, multi-modal settings), alleviating concerns about bias, and alleviating privacy
concerns (since data is not collected from humans, e.g., through surveillance). Although
synthetic data finds niche uses alongside real data in deep learning and NLP, it fails to
have widespread applicability because it often does not capture the plethora of nuances and
irregularities that appear in real data, that is, the “long tail” of the real data distribution. In
natural language, this can manifest as unnatural but valid syntactic structures, uncommon
senses of words, idioms, and wordplay.

We consider all kinds of pretraining, data augmentation, analyses, and evaluation of
deep learning models with emergent communication as part of this application even if it
does not involve generating synthetic datasets per se. For example, you might use a trained
emergent communication agent itself to pretrain or evaluate a model instead of generating
an intermediate dataset.

Applicability Emergent communication could serve as a way to generate synthetic language
data which more closely mimics the natural variation found in human language. The
distribution of patterns within natural language has a “long tail” insofar as a large proportion
of the total mass comprises a large number of infrequent patterns, making it very difficult for
something like synthetic data generated by handcrafted programs to sufficiently replicate
the distribution (Naik, 2022). This is illustrated by the history of NLP: handcrafted
expert systems have been surpassed by learning-based method which can scalably leverage
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computing power to mine patterns from increasingly large quantities of data. Emergent
communication, rather than mining patterns directly from data, seeks to uncover linguistic
and behavioral patterns which are latent in the communicative pressures of embodied multi-
agent environments. Work such as Artetxe et al. (2020) demonstrates that deep neural
networks do learn latent, language-agnostic patterns from their training data; this suggests
that even if an emergent language does not have a one-to-one correspondence with some
particular human language, having underlying structural similarities with human language
would be sufficient to still be useful.

Current state Work towards using emergent communication to generate synthetic data
has been at the proof-of-concept level. The papers in our survey (discussed below) showed
that emergent communication could indeed improve the performance of neural NLP models
when used for pretraining in very low-resource settings. That being said, experiments only
cover a narrow selection of datasets/tasks and do not rigorously compare against alternative
methods (e.g., traditional synthetic data, cross-lingual transfer). As a result, is difficult to
gauge the practical impact of the proposed methods.

Yaoyiran Li et al. (2020) pretrain encoder-decoder few-shot machine translation models
with an emergent communication signaling game; in addition to finding improvements in
very low-resource settings, the experiments showed that the task success rate in the emergent
communication game was well-correlated with the downstream BLEU score. Downey et al.
(2023) also tackle machine translation, but instead use an emergent communication game to
fine tune a multi-modal model for unsupervised machine translation, finding that emergent
communication is more effective than the back-translation baseline. Yao et al. (2022) take
a slightly different approach by using the emergent communication game only to generate
a synthetic corpus (instead of training the models directly); this corpus is then used to
pretrain models for language modeling and image captioning tasks. The experiments compare
emergent language corpora against two baselines: Spanish and a synthetic dataset generate
by sampling delimiters from a Zipfian distribution to create a hierarchical language with
similar structural biases to human language (e.g., {<()>[]()}). For the lowest data regimes,
pretraining the model on emergent language corpora reliably outperforms models pretrained
on the baseline datasets. Finally, Y. Mu et al. (2023) use emergent communication to pretrain
an instruction-following embodied control model (e.g., for controlling a robotic arm); the
experiments showed that not only does the proposed method outperform the baseline models
but also that the emergent language is more effective as training data than pre-trained, static
representations derived from video demonstrations.

Next steps The first direction is thoroughly investigating the different ways emergent
communication can be used for generating synthetic data. Yaoyiran Li et al. (2020) (using
emergent communication agent models directly downstream) and Yao et al. (2022) (using
emergent language corpora for pretraining downstream models) take different approaches
to the same task of pretraining downstream NLP models. These approaches have different
relative merits (e.g., making better use of training data versus decoupling agent architecture
from downstream architecture, respectively), and there are likely more ways to approach
the same problem with emergent communication. Thus, next steps would consist of finding
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other promising methods of harnessing emergent communication for model pretraining and
comparing these approaches on a common ground. Determining which of the approaches
is best is critical to giving emergent communication the best chance of surpassing more
traditional methods model pretraining and generating synthetic data.

The second direction which can be pursed after or in parallel to the first is rigorously
comparing emergent communication for pretraining neural NLP models with more established
techniques like cross-lingual transfer and traditional synthetic data (Artetxe et al., 2020).
First and foremost, this helps to establish whether or not emergent language data can truly
surpass what is already present in the field. In particular, comparison against cross-lingual
transfer should highlight how emergent language data is more available, that is, it can be
attained in higher quantities with more relevance to the target language than cross-lingual
data. Comparison against traditional synthetic data could tease out exactly what properties
of emergent communication make it more effective in downstream applications. For example,
emergent communication could be compared against increasingly complex synthetic languages:
balanced parentheses, context-free grammars, then full-scale grammars (e.g., head-driven
phrase structure grammar (Pollard et al., 1994)).

Both directions would entail developing a sort of benchmark for testing the effectiveness
of pretraining methods. This would require not only finding suitable data sources and
evaluation metrics, as usual, but also determining how to make the variety of methods for
pretraining comparable. For example, emergent communication is more computationally
expensive than traditional synthetic data and standard NLP pretraining methods, yet it
could surpass synthetic data in quality and real data in low-resource settings. Therefore the
benchmark would have to take into account data and computational requirements in addition
to raw performance.

2.3.2 Multi-agent communication

Description The area of multi-agent communication is concerned with autonomous (com-
puter) agents coordinating their actions through the use of a communication protocol. Most
prototypically, this would apply to a team of autonomous robots working together but could
also include situations like self-driving cars on the road (illustrated in Figure 2.4) or IoT
devices on a local area network. The two typical approaches to developing multi-agent
communication protocols are handcrafting them or learning them like a latent variable
between agents. Handcrafted protocols (e.g., DHCP for network configuration) are typically
well-suited for specific tasks but are also require significant expert design, which hinders
much potential for open-domain or general purpose communication. Automatically learned
continuous protocols (i.e., messages are learned continuous vectors) solve some of these issues
but raise new issues related to deep, learned representations such as low interpretability. This
task is distinct from autonomous agents communicating directly with humans, which we
discuss in Section 2.3.3.

Applicability Emergent communication addresses these issues in three main ways. First,
emergent communication is scalable to more general-purpose tasks since it is developed by
computational processes directly from the functional pressures of the task it is applied to.
Second, it is more interpretable insofar as it resembles the structure of human language,
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(a) Complex scenario with various kinds of
agents.

(b) Pixel-based input to approximate real-
world diversity in observations.

Figure 2.4: Self-driving vehicles in complex traffic situations are an important application of
multi-agent communication. Diversity in both scenarios as well as the observations themselves
indicate that open-ended communication systems could be more appropriate than handcrafted
protocols where all scenarios are anticipated ahead of time. Screenshots from documentation
of MetaDrive (Q. Li et al., 2023) (Apache-2.0 license).

for example, using discrete symbols in its communication channel or having a hierarchical
syntactic structure (cf. continuous vectors which do not resemble human language and require
mathematical transformation to be analyzed). Finally, human language is the gold standard
for communication protocols insofar as it can apply to previously unseen situations and is
robust to noise and other hindering factors. Thus, developing communication protocols which
deliberately mimic the structural properties of human language could be a way to better
attain these desirable functional properties.

For example, the following design elements of an emergent communication system could
contribute to recreating some of the above desirable properties of an emergent language.
To encourage general purpose language, we can start with an open world, open-ended
environment (e.g., Minecraft) and/or one with many distinct situations (e.g., Starcraft, Dota
2). Furthermore, tasks which have adversarial components can especially elicit a diversity of
situations since one team of agents is constantly trying innovate to outcompete the other.
Towards interpretability, the agents could be constrained to communicate only with discrete
symbols at human-scales (e.g., modest vocabulary size and message length). Finally, elements
like communication channel noise or constantly cycling out agents in the population can
induce a more robust communication protocol since agents cannot as easily overfit to each
other.

Current state Work on developing multi-agent communication protocols has experimented
with a handful of environments and scenarios but has not established any one task as being
definitively helped by emergent communication. Many of the explored environments are a
variation on navigation (Mul et al., 2019; S. Li et al., 2022; Masquil et al., 2022) or the
signaling game (Bullard et al., 2021; Cope et al., 2021; Y. Wang et al., 2022; Tucker et al.,
2021), although some include more abstract environments like a coalition-based voting game (S.
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Li et al., 2022) or semantic communication (Thomas et al., 2022). Emergent communication
for multi-agent communication has been compared against competing methods, that is,
handcrafted protocols (S. Gupta et al., 2020; S. Chen et al., 2022) and learned continuous
communication (S. Li et al., 2022; Y. Wang et al., 2022). Although, these comparisons
use the competing methods more as “baseline points of reference” rather than comparing
them “head-to-head”, where both methods are presented in their strongest forms so as to
show the real-world superiority of emergent language-based communication. In most cases,
increasing the performance of the multi-agent team is the primary interest of the experiments;
additionally, papers have also looked at emergent communication’s robustness to corruption
and noise (Cope et al., 2021; Y. Wang et al., 2022) as well as the potential for communicating
with partners not seen during training (Bullard et al., 2021; Cope et al., 2021).

Next steps The first direction of future work on emergent communication for multi-
agent communication is to find a niche for emergent communication, that is, presenting a
particular task where, in realistic conditions, emergent communication surpasses state of the
art non-emergent approaches. Although emergent communication has intuitive advantages
(discussed above in “Applicability”), it has yet to be shown in a real-world task. This is a
significantly more difficult task than what most of the current literature accomplishes: namely
demonstrating a on small scale that multi-agent communication is possible with emergent
communication techniques as a proof of concept. Based on the particular advantages of
emergent communication, such a task will likely have to be open-domain or demand continual
adaptation, rendering hand-crafted protocols impractical, while also needing some element of
interpretability, demonstrating an advantage over learned continuous communication. This
is a formidable task as presenting effective definitions of “open-domain” and “interpretable”
require formalizing rather abstract notions.

In conjunction with this first direction, it will also be necessary to empirically verify
the intuitions that (1) emergent communication is more interpretable than continuous
communication, and (2) emergent communication’s structural similarities to human language
confer some actual functional benefit beyond continuous or unconstrained communication. If
these intuitions are well-founded, then it will greatly expand the potential applications of
emergent communication in multi-agent systems.

2.3.3 Interacting with humans

Description A perennial goal of computer systems has been more naturally interacting
and communicating with humans. This is an incredibly difficult task due to the complexities
of human communication ranging from nuanced syntax and semantics to pragmatics and
conversational dynamics. While deep learning methods have had good success learning
syntax and decent success learning semantics, proficiency at the level of pragmatics is not yet
present because these higher levels of language and communication tend to be more difficult
to learn from purely from text through a language modeling objective. This is demonstrated
in Ouyang et al. (2022) by the fact that an InstructGPT model outperforms a GPT-3 model
100× larger when it comes to following a human’s instructions (as evaluated by humans).
They observe from this that the language modeling objective alone is misaligned with the
objective of “follow the user’s instructions helpfully and safely”; for example, truthfulness
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(a) User interface for interpreting the meaning of an emergent
communication method from a visualization of the message’s
embedding (Tucker et al., 2021).

(b) Example of a “message”
from a sketch-based game
(from documentation of Mihai
et al. (2021a)’s code).

Figure 2.5: Two examples of agent-to-human emergent communication interfaces.

is one dimension that is drastically increased by training on human feedback (Ouyang et
al., 2022). Even with extensive training with human feedback, models like ChatGPT still
significantly diverge from humans when it comes to pragmatics and communication strategies
(Z. Qiu et al., 2023; B. Guo et al., 2023). Thus, despite large language models’ fluency, they
do not naturally capture critical aspects of interacting with humans, and current methods of
addressing it entail relying directly on human supervision (Ouyang et al., 2022).

This application primarily refers to methods of interactively communicating in tasks
like dialogue or human-robot collaboration. We distinguish this from creating explainable
machine learning models which we address in Section 2.3.4.

Applicability The central argument for using emergent communication to better commu-
nicate with humans comes from the fact that an emergent communication agents naturally
develop competency with a wide range of linguistic phenomena. The hypothesis here is that
the same functional pressures that drive the pragmatic and social aspects of human language
could be replicated by sufficiently rich and embodied emergent communication environments.
Thus, the emergent communication agents could not only develop the syntax and semantics
of the language but also pragmatic elements in response to the environmental and social
pressures. In fact, Bisk et al. (2020) argue that embodiment and interaction, beyond simply
modeling static corpora, are necessary for learning to use the full depth of language. Emergent
communication, then, could be a more compute-driven (and less human-feedback intensive)
way of imbuing machine learning models with a full range of linguistic competency that is
necessary for seamlessly interacting with humans.

Current state Communicating with humans is an oft-cited potential application of emer-
gent communication techniques, although few papers have directly experimented with it.
The papers we found in the survey were proof-of-concept tasks which demonstrated some
possible methods for emergent communication agents interacting with humans. One of the
characteristic design choices of each paper is deciding how to structure the communication
channel between the human and agents.
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For the direction of human-to-agent communication, Tucker et al. (2021) map natural
language to a joint embedding space with the emergent language, making the embedded
natural language understandable to the agents. S. Li et al. (2022) have humans select
embeddings directly from a labelled visualization of the embeddings (i.e., t-SNE) of emergent
language messages. For the direction of agent-to-human communication, Tucker et al. (2021)
visualize the embedding of agent messages in a labelled embedding space, allowing a human to
determine which cluster of messages an unlabeled message belongs to (shown in Figure 2.5a).
Mihai et al. (2021a) show the human directly with a “message” (i.e., sketch) in a sketch-based
signaling game (shown in Figure 2.5b). Apart from direct human-agent interaction, Tucker
et al. (2022a) demonstrate machine translation-based approach where human and emergent
languages are aligned through an image captioning task.

Next steps The first direction for using emergent communication to augment human-
computer interaction is to determine the most the natural and scalable methods and modalities
for human and computers to communicate. The existing literature uses a handful of methods
some of which are either unnatural and not scalable to more complex communication (e.g.,
interacting with concept/word embeddings). Work on non-emergent human-computer inter-
action can inform emergent communication research not only on methods of communication
but also concerning what environments would have the potential for complex communication
while still being simple enough to work with. For example, Narayan-Chen et al. (2019)
present a collaborative building game in a Minecraft environment which could satisfy these
criteria.

The second direction for this application is empirically demonstrating the intuitive
advantages of emergent communication over more established methods for human-computer
interactions. The pragmatics of interacting with humans is one of the areas with the
most potential because pragmatics are inherently flexible, tied to extra-linguistic knowledge,
and are more difficult to formalize than, say, syntax or semantics. Nevertheless, emergent
communication could help in the more difficult regions of syntax and semantics, such as
disambiguating utterances which rely on contextual knowledge or common sense reasoning.

2.3.4 Explainable machine learning models

Description Explainable machine learning models are those which can communicate to
humans the reasons or factors behind a certain their decision. Such model are a response
to deep, black-box neural models which may be able to make accurate decisions but often
for opaque or seemingly arbitrary reasons. Instead it is desirable for explanations to be:
(1) causally related to actual decision that is made (i.e., not a post hoc rationalization); (2)
expressed natural language, which is one of the most effective ways to convey ideas to humans;
and (3) not impose a significant negative impact on the performance of the model.

Two paradigms of explainable machine learning models illustrate solutions only satisfying
some of the criteria. The first paradigm is using language generation models to generate
explanations based on the hidden states of a model; while this permits the use of deep
neural models, the explanations are decoupled from the actual decision since the explanation
is superfluous with respect to the actual decision. The second paradigm is using explicit,
interpretable steps in reasoning to the prediction (e.g., decision trees, knowledge graphs);

34



Chapter 2. Review of the Applications of Emergent Language

although these explanations are now causally efficacious with respect to the prediction,
it restricts the complexity of model that can be used to make the prediction. While the
explanations these models generate are intrinsically related to the decisions made (e.g., the
weights of a regression both explain the decision and cause it), they restrict the complexity
of the model, and hence, can hamper overall performance.

Explainable machine learning models, in some sense, is a subclass of Interacting with
humans (Section 2.3.3); here the interaction is always focused on a machine learning model
communicating accurate and interpretable explanations for its decision or behavior.

Applicability Emergent communication takes a radical approach to both the causal efficacy
and the natural language aspect of explainable models. To illustrate this, we can describe a
“deliberative ensemble of emergent communication agents”. Such an ensemble would be posed
a semi-adversarial game where first each member of the ensemble would generate an output
for a given input. After this, the ensemble members would communicate in the emergent
language to try to convince the other members of the particular output before aggregating
the members’ revised decisions. Given that emergent language is designed to resemble human
language, the representation mismatch between natural language and the emergent language
discourse is far less than natural language and the activations of a monolithic neural network.
Furthermore, since the deliberation and communication among agents is critical in the final
decision of the ensemble, the explanation has a direct causal link to the decision.

Current state Using emergent communication for creating explainable machine learn-
ing models has only seen proof-of-concept exploration in one series of papers. Namely,
Santamaria-Pang et al. (2020), Chowdhury et al. (2020a), Chowdhury et al. (2020b), and
Chowdhury et al. (2021) implement and experiment with a medical image classification model
which, internally, is a Lewis signaling game (Lewis, 1969). This means that the internal
representations are themselves the discrete messages of an emergent language. Messages-
as-internal representations, here, are intended to be a more natural modality for human
working with the system than, for example, the activations of intermediate layers in the
neural network.

Next steps The first direction for using emergent communication for explainable machine
learning models is exploring methods of generating explanations beyond the signaling game
that we see in the current literature. The signaling game, while providing potentially
interpretable messages, does not effectively exhibit the multi-step reasoning which (1) is most
suited to the complex decisions which we would want explained, (2) is how humans generally
explain themselves, and (3) is where emergent communication has the greatest potential to
surpass more established methods. Such games or environments might incorporate incentives
for agents to collaborate and reason sequentially using the emergent language. This reasoning
process would then double as the basis for the decision and the explanation of the decision.

The second direction is incorporating state-of-the-art models into the emergent com-
munication systems. This application, more so than others, requires that the emergent
communication-based model perform comparably on downstream tasks to more established
explainable machine learning models; even if the emergent communication-based models are
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highly explainable, they are of little practical use if they are not comparable in performance
to traditional approaches. Given the size of current state-of-the-art models and inherent
difficulty of training emergent communication models, this incorporation, in the near term,
would likely be limited to leveraging pre-trained models which could be, at most, finetuned.

2.4 Knowledge-Driven Applications
The knowledge-driven applications of emergent communication center around the scientific
fields of linguistics and cognitive science and typically concern gaining a deeper understanding
of phenomena in the natural world. These applications have tend to have more remote
impacts than the task-driven applications, but they also present the opportunity to gain
novel insights into how humans think and use language. The primary challenges in this area
come from creating emergent communication which is realistic enough to legitimately provide
insight in areas where there are gaps left by more traditional techniques in linguistics and
cognitive science. The first subsection below (Section 2.4.1) provides a summary of common
themes in the “Description” and “Applicability” subsections throughout knowledge-driven
applications (i.e., it is not itself an application).

2.4.1 General paradigm of knowledge-driven applications

Description Some of the most persistent debates in linguistics are about the degree to which
language and its characteristics are the product of very specific biology (the “Chomskyan”
nativist position that dominated North American linguistics in the second half of the twentieth
century) or can be derived from very general mechanisms of learning (the behaviorist position
that dominated North American linguistics in the first half of the twentieth century). This
conflict reflects a broader debate within the social and behavioral sciences about the relative
importance of “nature” (the inductive biases of the human brain) and “nuture” (operant
conditioning from parents, caregivers, and other aspects of the environment) in the cognitive
development of human children. Such debates are difficult to resolve because of limited access
to the necessary data: the ingredients of language (nature and nuture) are largely fixed,
meaning we cannot (ethically) vary them in order to determine their effects on language.
This is to say, the relevant data in these debates come largely from observation and only
extremely limited experimentation. The lack of true experimentation hinders the type of
scientific investigation which would yield more definitive answers to these questions.

Applicability Emergent communication can address these unsolved problems by serving
as a proxy for human language whose ingredients can be manipulated and experimented
with. Emergent communication makes a suitable proxy because (1) it aims at being a faithful
reconstruction of human language, and (2) this reconstruction is a reflection of its ingredients.
For example, we can see the “nature vs. nurture” distinction paralleled in the distinction
between the systems inside of an agent and the interaction that takes place with other agents.

Deep learning-based emergent communication is uniquely poised to serve as a proxy for
human language for two reasons. First, deep learning methods are by far the closest methods
to replicating human proficiency in language (as well as vision, planning, and so on). Hence,
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it would seem a model class of comparable power is necessary to support the emergence of
a language with enough complexity to be useful for the most relevant linguistic problems.
Second, deep neural networks also introduce minimal inductive bias when compared with
traditional simulations and mathematical models. The behaviorist or “nurture” position can
only be validated if language learning can take place without language-specific inductive
biases and this is only possible in a context in which learning according to very general
principles is possible, so deep learning is a natural fit for testing hypotheses about the
necessity of language-specific learning mechanisms.

2.4.2 Language, cognition, and perception

Description This goal refers to the two-way relationship between language and cognitive
(and perceptive) processes in the human brain: how language is shaped by the cognitive
capacities of humans and what goes on in the brain to enable the use of language. By
extension, this also includes behavior which proceeds from cognitive phenomena of interest
(e.g., adjusting communication strategies based on a theory of mind). Aside from not being
able to experimentally modify the brain, a major barrier in studying cognition is being able
to merely observe the brain.

The primary way of studying language and cognition has been through laboratory
experiments with humans. While we do have easy access to humans using language, the
observation of the actual cognitive processes we are interested has limitations in both its
direct and indirect forms. Direct observation includes using apparatus like an EEG, MEG,
or fMRI; its primary disadvantages are that it requires specialized instruments, often cannot
be done in situ and is still limited with what it can observe. Indirect observation includes
methods which infer cognitive processes from external observations; for example, we might
infer a limit to working memory by seeing how many digits in a long number a person can
recall. The primary restrictions with indirect methods is that they, too, are very limited in
what they can observe.

Some approaches to simulation for this application investigate the similarity of language
models to humans in the cognitive domain (Schrimpf et al., 2020; Misra et al., 2021; Mahowald
et al., 2023). These neural networks, though, are typically trained in a standard supervised
or self-supervised manner (i.e., not the embodied reinforcement learning of emergent commu-
nication). Even if the model is trained with multi-modal data, the relationship between the
modalities is more rigid insofar as it is restricted a priori by the way the model is optimized;
this limits the ability to draw conclusions about human linguistic behavior where relationship
between modalities is flexible and dynamic.

Applicability Observing neural networks is easier that observing the results of human-
subject experiments. This is because the state and processes of artificial neural networks
are completely accessible, even if they are not always easy to interpret. Furthermore,
any individual aspect of an artificial neural network can be manipulated, which allows
for a far higher granularity in experimentation than human subjects. Compared to using
language models, emergent communication agents have a more natural integration of language
capabilities with other capabilities such as perception or interpersonal communication goals.
This is due to the automatically learned neural-to-neural interface between between language,
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(a) Visualization of fMRI scans of the human
brain in response to visual stimuli (Bracci
et al., 2023).

(b) Visualization of image classification CNN
layers (Olah et al., 2017).

Figure 2.6: Measurements and visualizations of artificial neural networks are easier to make
and far more flexible compared to biological networks in the human brain. This makes ANNs
an attractive proxy for studying the human brain.

cognition, and perception, allowing the resulting use of language to be shaped by embodiment
and pressures for useful communication.

Current state The current literature in this area focuses on observing high-level principles
from cognitive science and perception in the context of emergent communication systems.
While these abstract facts do relate to cognitive science, they are more directly aimed at
improving emergent communication techniques themselves (i.e., like an internal goal). Work
directly applying emergent communication-trained models to particular questions within
cognitive science (along the lines of Misra et al. (2021)) is largely absent.

The subtopic with the most attention in this application is the relationship between
emergent communication and the agents’ perception of the environment. Bouchacourt et al.
(2018) establish a simple but important point regarding perception: neural-network based
agents may successfully communicate with degenerate perceptual strategies. Namely, they
show how agents which learn to play an image discrimination game with natural images are
just as successful when playing with random noise images, demonstrating that we cannot
simply assume that agents will learn intuitive or interpretable perceptual representations
without further investigation.10 Nevertheless, Dessì et al. (2021) counter this pessimism
by demonstrating that it is still possible for emergent communication agents to develop
interpretable visual representations on their own.

Choi et al. (2018) and Portelance et al. (2021) study how the balance of visual attributes
in training data directly influences what attributes are actually perceived. Feng et al. (2023)
look specifically at relations between visual elements in a referential game. More generally,
Lazaridou et al. (2018), Ohmer et al. (2021b), and Ohmer et al. (2021a) study how the
emergent communication is sensitive, in general, to the perception of the environment. While

10This is closely related, both technically and methodologically, to adversarial inputs in computer vision
research.
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most papers address visual perception, Khazar Khorrami (2019) looks at the emergent
perception of units of sound.

Deeper than perception, some work studies the agents’ internal representations them-
selves. Sabathiel et al. (2022) look at how agents can represent numbers to themselves by
interacting with their environment (e.g., an abacus). Santamaría-Pang et al. (2019) compare
representations learned with supervised methods (e.g., a convolutional neural network trained
on image classification) with those learned with self-supervised learning; supervised learning
yields better representations, generally, but self-supervised learning can be augmented to
approach the same performance. Garcia et al. (2022) discuss how a mismatch in internal
representation severely reduces the effectiveness of communication.

Finally, a handful of papers have addressed cognitive strategies themselves and specifically
how human-inspired inductive biases can be beneficial both for task success and for learning
intuitive representations. Todo et al. (2020) find that agents restricting their own learning
process lead to languages with more interpretable structure; specifically, agents would discard
training examples which diverged more than certain threshold from their own representations.
Yuan et al. (2020) and Piazza et al. (2023) encourage agents to develop a theory of mind
by explicitly modeling the internal states of other agents. This leads to more effective
communication by introducing pragmatics into the emergent communication since agents
can explicitly infer meaning from the communicative context. Masquil et al. (2022) propose
adding intrinsic motivations to agents to improve communication. Finally, Cowen-Rivers
et al. (2020) explore the use of world models (Ha et al., 2018) to improve agents’ ability to
handle environments with longer episodes.

Next steps The next steps for this area of emergent communication are to bring the
research which already explores abstract principles of cognition in emergent communication
closer to the more concrete questions already present in cognitive science. This would entail
using emergent communication techniques in the same vein as Misra et al. (2021) and the other
papers mentioned in the “Description” section. In particular, it would be especially important
to identify the differences between traditional language models and emergent communication
agents in terms of their cognitive realism. This would include both ways in which language
models should be limited (e.g., language models having super-human recall) as well as ways
in which they need to improve (e.g., discourse coherence, factuality). Incorporating cognitive
science will better illuminate where emergent communication techniques diverge from human
cognition and behavior and how that might influence the resulting emergent communication.

2.4.3 Origin of language

Description The origin of human language, as a task, comprises studying the environment
and processes under which human language, as we recognize it today, emerged from pre-
linguistic communication (e.g., methods animals use to communicate, see Figure 2.7). In
particular, one of the biggest questions surrounding the origin of human language is whether
it occurs gradually or through saltations (discussed in LaCroix (2019)). The gradualist
position holds that there was no clear boundary or and no clear discontinuities between
pre-linguistic communication and true human language while the saltationist position holds
that, at some point, pre-linguistic communication underwent a sudden transition into human
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Figure 2.7: Illustration of the continuum of pre-linguistic communication from simple,
low-bandwidth communication (e.g., ants leaving pheromone trails) to more complex, high-
bandwidth systems (e.g., the vocalizations of Rhesus monkeys) (examples and figure taken
from Grupen et al. (2020)). Pre-linguistic communication systems, such as these, are an
important component of studying the origin of human language.

language. Addressing this particular question is major step in determining the nature of the
processes explaining the origin of human language.

Since language was originally only spoken, there are no direct data which describe what
happened when it evolved. Thus, any data for research come from inferential data from
animal communication, and contemporary examples of language invention (e.g., creolization,
Nicaraguan Sign Language). These are relatively sparse, leaving the origin of language very
difficult to study. As a result, simulation is, in a way, the closest source of data to direct
observation. Yet critical factors in the origin of language include complex non-linguistic
elements such as perception, internal representation, and social dynamics which traditional
simulations have difficulty representing.

Applicability Simulation is a natural way to address processes, such as the origination
of language, for which we have no (or limited) direct observations. Simulations permit not
only observing these processing but counterfactually experimenting with them as well (e.g.,
answering “If I change variable X, how does Y respond?”). Such experiments are necessary
for scientifically distinguishing causation from mere correlation. Yet, the dependence of the
origin of language on non-linguistic factors like perception, internal representations, and social
dynamics indicates a significant need for simulations which integrate learning methods with
a high capacity and flexibility, that is, deep neural networks. Furthermore, learning these
linguistic and non-linguistic skill jointly (as opposed to, for example, using a pre-trained vision
network) is also an important point of realism which emergent communication provides as it
mirrors the fact that humans learn language and other cognitive skills jointly. Additionally,
using neural networks allows the simulation to reflect the evolutionary pressures in the
environment instead of the stipulations of a handcrafted mathematical model.

Current state Work on language evolution and change comprises a few empirical papers
which have used small-scale, simple environments to test specific hypotheses as well as a
few position papers. The empirical papers typically use environments and tasks from prior

40



Chapter 2. Review of the Applications of Emergent Language

work with the added element of transmission of language from generation to generation. For
example, Grupen et al. (2021) look specifically at pre-linguistic communication (e.g., between
animals) with emergent communication techniques as a foundation for the emergence of
fully linguistic communication. F. Li et al. (2019) and Ren et al. (2020) test the effects of
iterated learning in emergent communication environments. Iterated learning is a framework
introduced by Smith et al. (2003) as a way to reason about and explain the origin of
compositionality (among other things) in human language from an evolutionary perspective
on language (Kirby et al., 2002; Kirby et al., 2008). The core feature of iterated learning is
that when language users transmit only a subset of the language to language learners, the
learners have to generalize what they have heard in order to infer the rest of the language,
leading to greater systematicity and compositionality over generations.

The position papers on this topic all specifically incorporate relevant work from the
linguistics side of language evolution and try to square it with the contemporary approaches
of emergent communication. LaCroix (2019) compares the relative merits of gradualist and
saltationist approaches to the origin of language and what bearing they have on emergent
communication research, specifically arguing that the focus on compositionality might not
align with gradualism. Moulin-Frier et al. (2020) highlight the opportunities and challenges
of using recent advancements in multi-agent reinforcement learning for studying the origin
of language. Galke et al. (2022) specifically identify the elements of current emergent
communication research that must change in order to better apply to linguistically-grounded
study of the origin of language.

Next steps Achieving realism in emergent communication-based simulations of the origin
of language must focus on closing the gap between the two data points we do actually
possess: animal communication and behavior (pre-origin of language) and contemporary
human language (post-origin). Thus, the pre-origin side of this entails aligning emergent
communication settings with what we can currently observe in the more sophisticated varieties
of animal communication, along the lines of what Grupen et al. (2021) study. Subsequently,
changes to the setting would be made to elicit more sophisticated forms of communication
which would ideally result in communication bearing the traits of human language (i.e.,
rederivation as described in Section 2.2.1). Since the origin of language depends heavily on
the aforementioned non-linguistic concepts, simulations will have to take into account the
relevant literature in cognitive science and behavioral psychology.

Additionally, empirical implementations of the principled, interdisciplinary recommenda-
tions of the position papers (LaCroix, 2019; Moulin-Frier et al., 2020; Galke et al., 2022) also
present concrete opportunities for quickly advancing emergent communication’s relevance to
studying the origin of language.

2.4.4 Language change

Description Languages are perpetually changing, sometimes above and sometimes below
the level of conscious awareness. Language change refers to the processes which govern how
language changes and develops over time in human populations. In a groundbreaking paper
in language change, Weinreich, Labov, and Herzog identified five problems regarding how
languages change over time Weinreich et al., 1968:

41



Chapter 2. Review of the Applications of Emergent Language

constraints What constrains the transition of a language from a state st−1 to a successor
state st? In particular, are there impossible languages that no change could produce?

transition What intervening stages must exist between states st−1 and st? For example,
do the two language varieties coexist for a time?

embedding How are the observed changes embedded in the matrix of linguistic and
extralinguistic concomitants of the forms in question? What other changes co-occur with
the change non-accidentally?

evaluation How do members of the language community subjectively evaluate the change
that is underway or has occurred?

actuation Why does a particular change occur at a particular point in time and space?

While human laboratory experiments have been useful in addressing some of these problems
(Roberts, 2017), as have field studies and other social-scientific methodologies, emergent
communication simulations provide an unprecedented means of addressing all of these
problems except evaluation.

Applicability Emergent languages in multi-agent simulations change over time. If they
did not—in some respect—change, they would never develop language-like properties in the
first place. Thus we can ask if they reach stable equilibria and, if so, where and why do
changes occur, if at all. In answering this question, emergent communication simulations can
address the actuation problem (one of the most difficult problems in language change). These
simulations allow us to dissect the relationships between language changes and changes in the
“social” and “physical” environment as well, addressing the embedding problem. But because
emergent communication simulations give us a kind of omniscience, they also allow us to
characterize the stages between stable equilibria, providing a window onto the transition
problem. Finally, because emergent communication researchers are free to add and remove
constraints on possible languages at will, such simulations allow us to address questions
about whether human-like language change requires constraints on what languages are “legal”
(addressing the constraints problem in a way that bears upon the behaviorism-nativism
debate).

Current state Language change has not received much attention in the literature; only
two papers were found in the survey which approached the topic specifically. First, Graesser
et al. (2019) study language contact, where two or more populations of agents who have
developed their own language in relative isolation subsequently start communicating with
each other. In particular, the experiments replicated a handful of general language contact
phenomena that are known to occur with human language. First, while dialects start out as
mutually unintelligible, interaction between subsets of to populations can cause convergence
of all agents to a mutually intelligible language. Second, when this contact occurs, either
the larger population’s language will dominate and take over the smaller population’s or a
type of creole will form with a lower overall complexity. Finally, when there is a linear chain
of populations, a continuum of mutual intelligibility emerges where populations with fewer
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degrees of separation develop more similar dialects. These findings primarily address the
embedding problem mentioned above.

Dekker et al. (2020) propose a set of of emergent communication experiments studying
a historical instance of language change, namely morphological simplification in Alorese,
a language of Eastern Indonesia. Specifically, the experiments look to determine if adult
language contact can explain the loss of verb inflection in the whole language over time. The
proposed approach is based on deep neural networks and proposes leveraging cognitive two
cognitive mechanisms: Ullman’s declarative/procedural model of language learning (Ullman,
2001b; Ullman, 2001a) and Lindblom’s H&H model (Lindblom, 1990).

Next steps Emergent communication studies of the transition problem have the most
potential near-term progress. In particular, studies could investigate quantitatively and at
scale how transition between two stable states st−1 and st takes place. Specifically, one could
investigate whether two languages coexist within a community of agents, with one gradually
gaining currency or first dominating a subgraph of the social network, or whether changes
happen abruptly across the whole population. Such studies with emergent communication
could then be compared to historical examples of the transition program to verify and improve
the effectiveness of emergent communication approaches.

2.4.5 Language acquisition

Description Language acquisition is the process by which a human acquires the ability to
use a new language. For this application, we will focus on first language acquisition because
it has weightier scientific implications than second language acquisition and stands to gain
more from emergent communication techniques due to how it co-occurs with the acquisition
of important non-linguistic behaviors like reasoning and memory. Compared to the origin
of language (Section 2.4.3), observational data of first language acquisition data is readily
available as it always occurring in a population of humans. Compared to the cognitive
and perceptual aspects of language (Section 2.4.2), there is more to be learned from direct
observation of external behavior, making the data easier to collect. Nevertheless, data on
first language acquisition is predominantly observational, that is, not derived from controlled,
randomized experiments. Experiments which test anything more than superficial aspects of
language acquisition could have drastic negative effects on human subjects and would be
wholly unethical. Thus, data from more involved experimental methods on first language
acquisition has to come from other sources such as neural networks trained on language
data. Neural networks trained purely on text language data, though, fall far short of human
performance given a similar amount of language data, suggesting the non-linguistic inputs
might be key to replicating human language acquisition (Warstadt et al., 2022).

Applicability Emergent communication naturally integrates non-linguistic inputs into
language (e.g., embodiment, interaction) into the acquisition of language by the neural
network agents instead of stipulating ahead of time how such inputs will impact the emergent
communication (Warstadt et al., 2022; Bisk et al., 2020). Furthermore, the ease of observing
and experimenting with neural networks vastly surpasses doing so with human subjects. These
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advantages of using emergent communication as a simulation technique for studying language
acquisition are generally similar to those discussed in Origin of language (Section 2.4.3) and
Language, cognition, and perception (Section 2.4.2) (see those sections for further details).
While many of the advantages of emergent communication techniques in studying language
acquisition could be derived from more traditional machine learning methods used on multi-
modal data, these traditional methods are only ever mimicking the acquisition process that a
human goes through to acquire that human language (as a first language). On the other hand,
with emergent language acquisition, we can observe the selfsame acquisition process that has
formed the language in the first place and not just an approximation thereof. This direct
connection is important since every step in empirical reasoning which involves approximations
brings with it more uncertainty in the conclusions.

Current state Current literature has not often investigated language acquisition, so we
will address the collected work exhaustively. At the level of individuals, current work has
mainly looked at how the process of language acquisition interacts with the emergence of
compositionality and other properties of language. Korbak et al. (2019) and Korbak et al.
(2021) propose a developmentally-inspired curriculum which breaks down language learning
into multiple phases; they then show that this method results in more compositional emergent
communication. Cope et al. (2022) present a method by which a new agent could acquire
a pre-existing emergent language purely through observation by inferring the intentions of
the observed agents. Kharitonov et al. (2020a) investigate a relationship in the opposite
direction, looking at how the degree of compositionality of a language factors into the ease and
speed of language acquisition. At a population level, F. Li et al. (2019) investigate the same
relationship between ease of acquisition and compositionality in a generationally transmitted
setting, arguing (in line with Smith et al. (2003)) that the pressure to acquire language from
incomplete data can translate to a pressure towards compositional language. Leaving aside
compositionality, Portelance et al. (2021) study the origin of shape bias, arguing that it can
be explained with communicative efficiency pressures rather than inductive biases in the
human or machine agents.

Next steps The next steps for studying language acquisition are to demonstrate how
emergent communication techniques build directly on prior work studying deep neural
network-based models of language acquisition. Warstadt et al. (2022) mention that neural
networks hold potential for studying language learning but also present a number of difficulties;
thus future work in emergent communication would do well to follow existing work on the
topic closely (at least for the near term). For example, Warstadt et al. (2020) determine
that a neural network (namely BERT) is able to make structural generalizations in natural
language but only after a observing more data than is developmentally realistic. Similarly,
Chang et al. (2022) compare word acquisition in children and language models. In both cases,
emergent communication could help determine if the lack of embodiment and interactivity in
standard language model training explains part of why language models require significantly
more data than humans to acquire the same proficiency with language.
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2.4.6 Linguistic variables

Description Linguistic variables are the particular phenomena in language and its use which
are the subject of scientific study in linguistics. This is a catch-all application which includes
all studies seeking to determine the relationships between linguistic and other linguistic/non-
linguistic variables. These variables span all of the various subfields of linguistics, forming a
rough low- to high-level hierarchy:

phonology patterns of individual units of sound

morphology patterns of individual units of meaning at the word and sub-word level

syntax organization of words into meaningful structures (e.g., phrases, clauses, sentences)

semantics the inherent meaning of utterances in a language

pragmatics meaning derived from context cues in conjunction with semantics

sociolinguistics properties of language in the context of group and social dynamics

Beyond identifying individual relationships, broader questions within linguistics concern
patterns across relationships. In particular, a central question across all of the above fields,
has been the degree to which linguistic variables are the product of formal properties of
cognition (formalism) and to what extent they are the emergent result of language use in a
communicative context (functionalism). For example, is the tendency of vowel systems to be
more-or-less maximally dispersed with the formant space a result of formal universals such
as a categorical phonological features that impose a straitjacket on the realization of the
vowels or a result—in language evolution—of vowel distinctions that are not well-dispersed
collapsing (leaving only the well-dispersed vowels behind) (Blevins, 2004).11

Likewise, it has been observed that prefixes and suffixes (in words that have more than one)
are ordered so that those with the greatest relevance to the meaning of the root are closest
to the root. This has been attributed to a formal constraint in which morphological scope
mirrors syntactic scope (the Mirror Principle) M. Baker, 1985 or as a functional tendency
based on a motivation, on the part of speakers, to distribute information predictably so that
units of language are closest to the other units to which they are most relevant (the Relevance
Principle) (Bybee, 1985). This distribution is argued to be the result of evolutionary processes
emerging from attempts of language users to communicate with one another (Bybee, 1985).

The evolution of pragmatics is even less-well understood. Is contextual meaning a result
of inherent principles of inference or is it an emergent property of communicative interaction?
Linguists have not been able to resolve these issues experimentally because they involve
simulating conversations between speakers over decades and centuries—not interactions that
can be observed during an afternoon in the lab.

11Or, perhaps, due to a human drive to communicate as clearly as possible, given the same investment of
effort (Flemming, 2013).
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Applicability In addition to the aforementioned applicable traits of emergent communi-
cation, there are two ways in which emergent communication is particularly applicable to
studying linguistic variables. First, studying variables in any scientific discipline requires
isolating these variables from confounding factors. Within emergent communication, it is
possible to strip away confounding factors in ways that are often not possible when studying
humans directly.

Secondly, the holistic way in which emergent communication simulates linguistic processes
makes it particularly suitable to studying phenomena that span multiple levels of the linguistic
hierarchy. For example, the variables relevant to the distinction between “who” and “whom” in
modern English span morphology (“-m” as an affix), syntax (“who” functioning as a subject or
object and “whom” as solely an object), and sociolinguistic (“whom” being perceived as formal,
dated, etc.). Emergent communication, by design, allows for the interaction between many
of the levels in the hierarchy without stipulating a particular way in which they interact. On
the other hand, more traditional methods of modeling linguistic variables tend to be limited
to just the micro or macro scale, and any interaction between these has to be determined
ahead of time through handcrafted schemata, limiting the range of potential outcomes.

Current state Linguistic variables, broadly construed, show up frequently in the literature
as almost any property of emergent communication can be considered a “linguistic variable”.
For example, papers studying compositionality or grounding are addressing a relationship
between syntax and semantics while papers looking at how to leverage extra-linguistic context
for better communication are addressing pragmatics. Nevertheless, we mention papers here
which directly tie into the study of human language and “linguistics” in the narrower sense.
Given that emergent communication is in the stage of trying to look more like human language
(cf. Section 2.2.1), the current literature in this application primarily focuses on recreating
established linguistic phenomena in emergent communication settings. The following is list
of summarizing the existing literature:

phonology In contrast to most emergent communication environments which have
discrete communication channels, Lan et al. (2020) and Eloff et al. (2021) look at continuous
channels and discretization pressures analogous to the relationship between phones and
phonemes.

syntax Chaabouni et al. (2019b) study whether or not emergent communication displays
word-order biases akin to many human languages. Wal et al. (2020) analyze the output of
unsupervised grammar induction applied to emergent communication.

semantics Chaabouni et al. (2021), Rita et al. (2020), and Rodríguez Luna et al. (2020)
study the conditions under which Zipf’s Law of Abbreviation (Zipf, 1950) is present in
emergent communication. Kågebäck et al. (2018) and Chaabouni et al. (2021) study the
way emergent communication divides up color spaces as compared to human languages.
Finally, Steinert-Threlkeld (2019) looks at the emergence of function words in emergent
communication as opposed to the exclusively content-based words in most other settings.
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sociolinguistics Graesser et al. (2019), Kim et al. (2021), and Fulker et al. (2022) look
at the formation of dialects under different conditions in networks of interacting agents.
See “Current State” of Section 2.4.4 for Dekker et al. (2020).

Next steps Phonology and morphology are relatively understudied in this area since
most emergent communication environments assume a one-to-one correspondence between
discrete symbols and “words”. The paradigm of discrete symbols-as-words precludes analyzing
sub-word components since a discrete symbol has no structure. Thus, breaking away from
this paradigm would open new avenues for research into the phonological and morphological
aspects of emergent communication. This could be done either be simply analyzing discrete
symbols as sub-word units (requiring some other definition for what constitutes a word in
an emergent language), or by using a continuous communication channel with some sort of
discretization pressure (such that clusters of continuous signals can be analyzed as discrete
units).

Syntax and semantics are already studied in emergent communication, although this
research needs to be more tightly coupled with thoroughly linguistic accounts of these
phenomena instead of relying on looser, higher-level analogies with linguistics. This is a
non-trivial task insofar as the definitions and models from linguistics will need to be adapted
to the unique difficulties of emergent communication. For example, emergent communication
can have radically different forms compared human language (or no organization at all); this
means that linguistic accounts may make assumptions about the language being studied that
do not necessarily hold for emergent communication (e.g., languages are, at most, mildly
context sensitive). Thus, operationalizing linguistic definitions for emergent communication
will require expanding their scope to account for the numerous edge cases that emergent
communication presents.

For pragmatics and sociolinguistics, emergent communication environments will generally
have to incorporate more agents, temporality, and embodiment. This is because these linguistic
phenomena operate across many instances of language use with a common context across
time and among speakers (e.g., conversational, spatial, and cultural context). In contrast,
many emergent communication environments currently use single-step, simple observation,
two-agent environments which preclude observing almost all pragmatic and sociolinguistic
phenomena. The above point about linguistic definitions syntax and semantics requiring
adaptation to emergent communication holds true for pragmatics and sociolinguistics as well
since many behavior biases and heuristics we observe in humans emergent communication
agents may not possess at all.

2.5 Discussion

2.5.1 Quantitative summary of results

In Figure 2.8, we present a quantitative summary of the categorization of papers covered
in our survey. Figure 2.8a shows at the number of paper falling within the scope of each
application, and Figure 2.8b further breaks the down Linguistic variables (Section 2.4.6)
into the different fields of linguistics. Note that there is not a one-to-one correspondence
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Figure 2.8: Quantitative summary of paper topics in this survey. Abbreviations: MAC :
multi-agent communication, HCI : human–computer interaction, Expl. ML: explainable
machine learning, and Comp.: compositionality.

between papers and applications, a paper may have no applications if its contributions are
not properly applications or more than one application if its contribution touches on multiple
areas.

2.5.2 Internal goals

The internal goals of emergent communication prove tricky for this survey since they both
make up the majority of contributions in emergent communication papers but only loosely
qualify as applications. Many of the papers we surveyed listed contributions along the lines
of “introducing an environment where we can observe X phenomenon” or “demonstrating
a relationship between variable X in the environment and variable Y in the emergent
language”. The second of these was by the most common in the 245 emergent communication
papers surveyed: it appeared 116 times whereas the next highest category was “related
to compositionality” with only 46 papers. This is not to say that these contributions are
unimportant or unnecessary, but they fail to be true applications in the sense of being a
focused “goal” which a line of research can pursue. Thus, such contributions were omitted
from this survey.

Aside from these non-application contributions, the topic of metrics was the most common.
Many of these metrics, though, are not treated as applications or goals in themselves as
they are introduced for the needs of the paper and do not see reuse in subsequent papers.
Nevertheless, some papers do explicitly aim towards better metrics, comparing the quality of
metrics in an effort to refine the tools researchers have for analyzing emergent communication
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(Lowe et al., 2019; Korbak et al., 2020).
Finally, Rederiving human language (Section 2.2.1) was one goal which we included in

this paper, functioning more like a position paper than a survey paper. This goal did was not
explicitly pursued by any of the papers we reviewed, although it is implicit in a large number
of papers, namely those which seek to align emergent communication with some human
language-like quality (e.g., compositionality, Zipf’s Law of Abbreviation). Nevertheless, we
argue that rederiving human language should receive more attention which addresses it
holistically. This is because (1) it is critical to making possible the downstream task- and
knowledge-driven applications and (2) it is an effective way to interpret the other contributions
falling under the “internal” umbrella.

2.5.3 Task-driven applications

Within the task-driven applications we find that multi-agent communication has received
the most attention. This is generally expected as it is one the most natural applications of
emergent communication, given its foundation in deep multi-agent reinforcement learning.
Although some papers have addressed using emergent communication for synthetic data, it is
somewhat surprising that the number is not higher since it is probably the application with the
most potential for near-term success, especially in low-resource domains as a replacement for
traditional synthetic data. Interacting with humans, while an important long-term goal, does
not hold as much short-term promise because it is more difficult to conduct scientific studies
with humans and anything short of near-human language-like emergent communication is
not going to surpass other methods for interfacing with humans through natural language.

2.5.4 Knowledge-driven applications

Within the knowledge-driven the applications, we find the cognitive and core linguistic
aspects of emergent communication to the most addressed. The number shown for “Cognition”
in Figure 2.8a includes paper using a broader sense of “cognition” and “cognitive science”
including topics like perception, internal representations, and neural architectures.12 As
shown in Figure 2.8b, core linguistics, when given this broader interpretation is far more
prevalent with over 100 in total. By comparison, language change and language acquisition
of language are more niche and have fewer papers associated with them.

Within the umbrella of linguistic variables, we can see a handful of trends. First, we see
generally in Figure 2.8b that the number of papers which address variables directly relevant
to linguistics is dwarfed by the number of papers which take only a loose inspiration from
linguistics. Compositionality is especially interesting in this regard as it is, by far, the most
written-about topic under the broad umbrella of linguistics, yet we did not find any papers
addressing it from a strongly linguistic and human language-oriented perspective.

This may be due, in part, to the fact that human languages are universally compositional
and generally have similar methods of composing meaning at a broad level in comparison

12Although we did not perform the same focused-versus-related breakdown with cognition as was done
with linguistic variables, we expect we would have found a similar divide with many cognition-related papers
and only a handful of papers which focus on issues directly relevant to cognitive science (as illustrated in
Figure 2.8b).
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to many ways in which emergent communication may or may not be compositional. Aside
from compositionality, semantics and pragmatics are the most studied topics. These areas of
linguistics naturally line up with the most foundational aspects of emergent communication,
namely figuring out what emergent languages are actually communicating (semantics) and how
this meaning derives from communication strategies and environmental pressures (pragmatics).
Finally, phonology and morphology have the least amount of work focused on them. One
potential reason for this is that emergent communication systems are typically structured
in a way to preclude phonology by using discrete communication channels and morphology
by assuming discrete symbols to already be individual units of meaning (i.e., morphemes)
without investigating potential subword structure further.

2.6 Conclusion
In this paper, we have given a comprehensive summary of the goals and applications
of deep learning-based emergent communication research. The applications of emergent
communication can roughly be categorized into those which aim at: improving emergent
communication techniques themselves (internal); solving well-defined, practical problems
(task-driven); and expanding human knowledge of the natural world (knowledge-driven).
Each of these applications has been accompanied by a description of its scope, an explication
of emergent communication’s unique role in addressing it, a summary of the extant literature
working towards the application, and brief recommendations for near-term research directions.
Finally, we identify general trends observed in the course of surveying the applications of
emergent communication.

This work has three primary goals. First, it is meant to inspire future emergent com-
munication research by compiling the most salient areas of research into a single document
with relevant work cited. Second, this work is meant to accessibly illustrate the potential
applications of emergent communication to practitioners who are not as familiar with the
multi-agent reinforcement learning or deep learning in general. Finally, defining the ultimate
aims of emergent communication is critical to guiding the field of research itself through
practices like evaluation metrics and benchmarks. Evaluation metrics require explicitly
defining what a good or desirable emergent language is, and understanding what emergent
communication can be used for is a foundational step. While this paper does not come
close to exhausting the nuances of each of these applications, it highlights the nature and
importance of applications as a whole in order to serve the future of emergent communication
research.
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Chapter 3

Building a Library of Emergent
Languages

Abstract

This chapter introduces the Emergent Language Corpus Collection (ELCC): a collection
of corpora generated from open source implementations of emergent communication
systems across the literature. These systems include a variety of signaling game
environments as well as more complex environments like a social deduction game
and embodied navigation. Each corpus is annotated with metadata describing the
characteristics of the source system as well as a suite of analyses of the corpus (e.g.,
size, entropy, average message length, performance as transfer learning data). Currently,
research studying emergent languages requires directly running different systems which
takes time away from actual analyses of such languages, makes studies which compare
diverse emergent languages rare, and presents a barrier to entry for researchers without
a background in deep learning. The availability of a substantial collection of well-
documented emergent language corpora, then, will enable research which can analyze a
wider variety of emergent languages, which more effectively uncovers general principles
in emergent communication rather than artifacts of particular environments. We provide
some quantitative and qualitative analyses with ELCC to demonstrate potential use
cases of the resource in this vein.1

3.1 Introduction
In a typical paper studying emergent language, one of the major components involves
implementing a particular emergent language environment which will be used for empirically
testing the properties of emergent communication. This requires either creating a codebase
from scratch or adapting a previously existing code, and in both cases, this requires a
significant amount of time or may be out of reach for those without a background in
computing. One result of the substantial effort required to even generate emergent languages
is that many studies only look at a handful of emergent languages with little diversity in
environment design. This, in turn, obscures whether the observed phenomena are general

1Based on “ELCC: the Emergent Language Corpora Collection” available on arXiv (Boldt et al., 2024b).
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features of emergent communication or simply artifacts of the particular environment, and
any sort of comparative analysis between varieties of emergent languages is unavailable as
well.

We present an initial solution to this problem, namely the Emergent Language Corpus
Collection (ELCC): a collection of 73 corpora generated from 7 representative emergent
communication systems (ECSs).2 Each corpus is accompanied by metadata describing the
environment, summary statistics for the generated corpus, and a ready-to-run codebase
for reproducing the corpus. This collection allows investigators, even those with very
limited software engineering knowledge, to analyze a wide range of emergent languages
straightforwardly, removing a barrier that has held back comparative emergent language
research from its inception. ELCC is published at https://huggingface.co/datasets/bb
oldt/elcc with data and code licensed under the CC BY 4.0 and MIT licenses, respectively.

We discuss related work in Section 3.2. Section 3.3 lays out the design of ELCC while
Section 3.4 describes the content of the collection. Section 3.5 demonstrates some of the
types of analyses enabled by ELCC. Section 3.6 presents some brief analyses, discussion, and
future work related to ELCC. Finally, we conclude in Section 3.7.

Contributions The primary contribution of this paper is as a first-of-its kind data resource
which will enable broader engagement and new research directions within the field of emergent
communication. Additionally, code published for reproducing the data resource also improve
the reproducibility of existing ECS implementations in the literature, supporting further
research beyond just the data resource itself. Finally, the paper demonstrates some of the
analyses uniquely made possible by a resource such as ELCC.

3.2 Related Work
Emergent communication There is no direct precedent for this work in the emergent
communication literature that we are aware of. Perkins (2021b) introduces the TexRel dataset,
but this is a dataset of observations for training ECSs, not data generated by them. Some
papers do provide the emergent language corpora generated from their experiments (e.g.,
Yao et al. (2022)), although these papers are few in number and only include the particular
ECS used in the paper. At a high level, the EGG framework (Kharitonov et al., 2019) strives
to make emergent languages easily accessible, though instead of providing corpora directly,
it provides a framework for implementing ECSs. Thus, while EGG is useful for someone
building new systems entirely, it is not geared towards research projects aiming directly at
analyzing emergent languages themselves.

Data resources At a high level, ELCC is a collection of datasets, each of which represent a
particular instance of a phenomenon (emergent communication, in this case). On a structural
level, ELCC is analogous to a collection of different human languages in a multi-lingual

2Emergent communications systems are more commonly referred to as simply “environments”; we choose
to use the term “system” in order to emphasize that what goes into producing an emergent language is more
than just an environment including also the architecture of the agents, optimization procedure, datasets, and
more.
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systems/ . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . top-level directory
ecs-1/ . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .directory for a particular ECS
metadata.yml . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . metadata about the ECS
code/ . . . . . . . . . . . . . . . . . . . . . . . . . . . directory containing files to produce the data
data/ . . . . . . . . . . . . . . . . . . . . . . . . . . directory containing corpus and metadata files
hparams-1/ . . . . . . . . . . . . . . . . . directory for run with specific hyperparameters
corpus.jsonl . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . corpus data
metadata.json . . . . . . . . . . . . . . . . metadata specific for corpus (e.g., metrics)

hparams-2/ . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . as above
hparams-n/ . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . as above

ecs-2/ . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . as above
ecs-n/ . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . as above

Figure 3.1: The file structure of ELCC.

dataset. ELCC, though, focuses more on a particular phenomenon of scientific interest, and,
in this way, would be more analogous to work such as Blum et al. (2023), which presents a
collection of grammar snapshot pairs for 52 different languages as instances of diachronic
language change. Similarly, Zheng et al. (2024) present a dataset of conversations from
Chatbot Arena, where “text generated by different LLMs” is the phenomenon of interest.
Furthermore, insofar as ELCC documents the basic typology of different ECSs, it is similar
to the World Atlas of Language Structures (WALS) (Dryer et al., 2013).

3.3 Design

3.3.1 Format

ELCC is a collection of ECSs, each of which has one or more associated variants which
correspond to runs of the system with different hyperparameter settings (e.g., different
random seed, message length, dataset). Each variant has metadata along with the corpus
generated from its settings. Each ECS has its own metadata as well and code to generate the
corpus and metadata of each variant. The file structure of ELCC is illustrated in Figure 3.1.

ECS metadata Environment metadata provides a basic snapshot of a given system and
where it falls in the taxonomy of ECSs. As the collection grows, this structure makes it easier
to ascertain the contents of the collection and easily find the most relevant corpora for a
given purpose. This metadata will also serve as the foundation for future analyses of the
corpora by looking at how the characteristics of an ECS relate to the properties of its output.
These metadata include:

• Source information including the original repository and paper of the ECS.

• High-level taxonomic information like game type and subtype.

• Characteristics of observation; including natural versus synthetic data, continuous
versus discrete observations.
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• Characteristics of the agents; including population size, presence of multiple utterances
per episode, presence of agents that send and receive messages.

• Free-form information specifying the particular variants of the ECS and general notes
about the ELCC entry.

A complete description is given in Section B.1. These metadata are stored as YAML files in
each ECS directory. A Python script is provided to validate these entries against a schema.
See Section B.2 for an example of such a metadata file.

Corpus Each corpus comprises a list of lines each of which is, itself, an array of tokens
represented as integers. Each line corresponds to a single episode or round in the particular
ECS. In the case of multi-step or multi-agent systems, this might comprise multiple individual
utterances which are then concatenated together to form the line (no separation tokens are
added). Each corpus is generated from a single run of the ECS; that is, they are never
aggregated from distinct runs of the ECS.

Concretely, a corpus is formatted as a JSON lines (JSONL) file where each line is a
JSON array of integer tokens (see Figure 3.3 for an example of the format). There are a few
advantages of JSONL: (1) it is a human-readable format, (2) it is JSON-based, meaning it is
standardized and has wide support across programming languages, and (3) it is line-based,
meaning it is easy to process with command line tools.3 Corpora are also available as single
JSON objects (i.e., and array of arrays), accessible via the Croissant ecosystem (Akhtar et al.,
2024).

Corpus analysis For each corpus in ELCC we run a suite of analyses to produce a
quantitative snapshot. This suite metrics is intended not only to paint a robust a picture
of the corpus but also to serve as jumping-off point for future analyses on the corpora.
Specifically, we apply the following to each corpus: token count, unique tokens, line count,
unique lines, tokens per line, tokens per line stand deviation, 1-gram entropy, normalized
1-gram entropy, entropy per line, 2-gram entropy, 2-gram conditional entropy, EoS token
present, and EoS padding. Normalized 1-gram entropy is computed as 1-gram entropy divided
by the maximum entropy given the number of unique tokens in that corpus.

We consider an EoS (end-of-sentence) token to be present when: (1) every line ends with
token consistent across the entire corpora, and (2) the first occurrence of this token in a line
is only ever followed by more of the same token. For example, 0 could be an EoS token in
the corpus [[1,2,0],[1,0,0]] but not [[1,2,0],[0,1,0]]. EoS padding is defined as a corpus
having an EoS token, all lines being the same length, and the EoS token occurs more than
once in a line at least once in the corpus.

Additionally, each corpus also has a small amount of metadata copied directly from the
output of the ECS; for example, this might include the success rate in a signaling game
environment. We do not standardize this because it can vary widely from ECS to ECS,
though it can still be useful for comparison to other results among variants within an ECS.

3E.g., Creating a 100-line random sample of a dataset could be done with shuf dataset.jsonl | head
-n 100 > sample.jsonl
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Source Type Data source Multi-agent Multi-step n corp.

Kharitonov et al. (2019) signaling synthetic No No 15
Yao et al. (2022) signaling natural No No 2
J. Mu et al. (2021) signaling both No No 6
Chaabouni et al. (2022) signaling natural Yes No 5
Unger et al. (2020) navigation synthetic No Yes 18
Boldt et al. (2022a) navigation synthetic No Yes 20
Brandizzi et al. (2022a) conversation — Yes Yes 7

Table 3.1: Taxonomic summary the contents of ELCC.

Reproducibility ELCC is designed with reproducibility in mind. With each ECS, code is
included to reproduce the corpora and analysis metadata. Not only does this make ELCC
reproducible, but it sometimes helps the reproducibility of the underlying implementation
insofar as it fixes bugs, specifies Python environments, and provides examples of how to
run an experiment with a certain set of hyperparameters. Nevertheless, in this code, we
have tried to keep as close to the original implementations as possible. When the underlying
implementation supports it, we set the random seed (or keep the default) for the sake of
consistency, although many systems do not provide a way to easily set this.

3.4 Content
ELCC contains 73 corpora across 8 ECSs taken from the literature for which free and open
source implementations were available. With our selection we sought to capture variation
across a three distinct dimensions:

1. Variation across ECSs generally, including elements like game types, message structure,
data sources, and implementation details.

2. Variation among different hyperparameter settings within an ECS, including message
length, vocabulary size, dataset, and game difficulty.

3. Variation within a particular hyperparameter setting that comes from inherent stochas-
ticity in the system; this is useful for gauging the stability or convergence of an ECS.

Table 3.1 shows an overview of the taxonomy of ELCC based on the ECS-level metadata.
In addition to this, Table 3.2 provides a quantitative summary of the corpus-level metrics
described in Section 3.3.1. We separate the discussion of particular systems into two
subsections: signaling games (Section 3.4.2) and its variations which represent a large
proportion of system discussed in the literature and other games (Section 3.4.3) which go
beyond the standard signaling framework.

55



Chapter 3. Building a Library of Emergent Languages

3.4.1 Scope

The scope of the contents of ELCC is largely the same as discussed in reviews such as
Lazaridou et al. (2020) and Section 2.1.1. This comprises agent-based models for simulating
the formation of “natural” language from scratch using deep neural networks. Importantly,
from scratch means that the models are not pretrained or tuned on human language. Typically,
such simulations make use of reinforcement learning to train the neural networks, though
this is not a requirement in principle.

One criterion that we do use to filter ECSs for inclusion is its suitability for generating
corpora as described above. This requires that the communication channel is discrete,
analogous to the distinct words/morphemes which for the units of human language. This
excludes a small number of emergent communication papers have approached emergent
communication through constrained continuous channels like sketching (Mihai et al., 2021a)
or acoustic-like signals (Eloff et al., 2021). Other systems use discrete communication but
have episodes with only a single, one-token message (e.g., Tucker et al. (2021)), which would
have limited applicability to many research questions in emergent communication.

3.4.2 Signaling games

The signaling game (or reference game) (Lewis, 1969) represents a plurality, if not majority, of
the systems present in the literature. A brief, non-exhaustive review of the literature yielded
43 papers which use minor variations of the signaling game, a large number considering the
modest body of emergent communication literature (see Section B.3). The basic format of
the signaling game is a single round of the sender agent making an observation, passing a
message to the receiver agent, and the receiver performing an action based on the information
from the message. The popularity of this game is, in large part, because of its simplicity in
both concept and implementation. Experimental variables can be manipulated easily while
introducing minimal confounding factors. Furthermore, the implementations can entirely
avoid the difficulties of reinforcement learning by treating the sender and receiver agents as
a single neural network, resulting in autoencoder with a discrete bottleneck which can be
trained with backpropagation and supervised learning.

The two major subtypes of the signaling game are the discrimination game and the
reconstruction game. In the discrimination game, the receiver must answer a multiple-choice
question, that is, select the correct observation from among incorrect “distractors”. In the
reconstruction game, the receiver must recreate the input directly, similar to the decoder of
an autoencoder.

Vanilla For the most basic form of the signaling game, which we term “vanilla”, we use
the implementation provided in the Emergence of lanGuage in Games (EGG) framework
(Kharitonov et al., 2019, MIT license). It is vanilla insofar as it comprises the signaling game
with the simplest possible observations (synthetic, concatenated one-hot vectors), a standard
agent architecture (i.e., RNNs), and no additional dynamics or variations on the game. Both
the discrimination game and the reconstruction game are included. This system provides
a good point of comparison for other ECSs which introduce variations on the signaling
game. The simplicity of the system additionally makes it easier to vary hyperparameters:
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for example, the size of the dataset can be scaled arbitrarily and there is no reliance on
pretrained embedding models.

Natural images “Linking emergent and natural languages via corpus transfer” (Yao et
al., 2022, MIT license) presents a variant of the signaling game which uses embeddings of
natural images as the observations. In particular, the system uses embedded images from
the MS-COCO and Conceptual Captions datasets consisting of pictures of everyday scenes.
Compared to the uniformly sampled one-hot vectors in the vanilla setting, natural image
embeddings are real-valued with a generally smooth probability distribution rather than
being binary or categorical. Furthermore, natural data distributions are not uniform and
instead have concentrations of probability mass on particular elements; this non-uniform
distribution is associated with various features of human language (e.g., human languages’
bias towards describing warm colors (Gibson et al., 2017; Zaslavsky et al., 2019)).

Concept-based observations “Emergent communication of generalizations” (J. Mu et al.,
2021, MIT license) presents a variant of the discrimination signaling game which they term the
concept game. The concept game changes the way that the sender’s observation corresponds
with the receiver’s observations. In the vanilla discrimination game, the observation the
sender sees is exactly the same as the correct observation that the receiver sees. In the
concept game, the sender instead observes a set of inputs which share a particular concept
(e.g., red triangle and red circle are both red), and the correct observation (among distractors)
shown to the receiver contains the same concept (i.e., red) while not being identical to those
observed by the sender. The rationale for this system is that the differing observations will
encourage the sender to communicate about abstract concepts rather than low-level details
about the observation. This ECS also presents the vanilla discrimination game as well as the
set reference game, which is similar to the reference game except that the whole object is
consistent (e.g., different sizes and locations of a red triangle).

Multi-agent population “Emergent communication at scale” (Chaabouni et al., 2022,
Apache 2.0-license) presents a signaling game system with populations of agents instead of the
standard fixed pair of sender and receiver. For each round of the game, then, a random sender
is paired with a random receiver. This adds a degree of realism to the system, as natural
human languages are developed within a population and not just between two speakers (cf.
idioglossia). More specifically, language developing among a population of agents prevents
some degree “overfitting” between sender and receiver; in this context, having a population of
agents functions as an ensembling approach to regularization.

3.4.3 Other games

Considering that the signaling game is close to the simplest possible game for an ECS,
moving beyond the signaling game generally entails an increase in complexity. There is no
limit to the theoretical diversity of games, although some of the most common games that
we see in the literature are conversation-based games (e.g., negotiation, social deduction)
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and navigation games. These games often introduce new aspects to agent interactions like:
multi-step episodes, multi-agent interactions, non-linguistic actions, and embodiment.

These kinds of systems, as a whole, are somewhat less popular in the literature. On a
practical level, more complex systems are more difficult to implement and even harder to
get to converge reliably—many higher-level behaviors, such as planning or inferring other
agent’s knowledge, are difficult problems for reinforcement learning in general, let alone with
discrete multi-agent emergent communication. On a methodological level, more complexity
in the ECS makes it harder to formally analyze the system as well as eliminate confounding
factors in empirical investigation. With so many moving parts, it can be difficult to prove
that some observed effect is not just a result of some seemingly innocent hyperparameter
choice (e.g., learning rate, samples in the rollout buffer) (Boldt et al., 2022a). Nevertheless,
we have reason to believe that these complexities are critical to understanding and learning
human language as a whole (Bisk et al., 2020), meaning that the difficulties of more complex
systems are worth overcoming as they are part of the process of creating more human-like
emergent languages, which are more informative for learning about human language and
more suitable for applications in NLP.

Grid-world navigation “Generalizing Emergent Communication” (Unger et al., 2020,
BSD-3-clause license) introduces an ECS which takes some of the basic structure of the
signaling game and applies it to a navigation-based system derived from the synthetic
Minigrid/BabyAI environment (Chevalier-Boisvert et al., 2018; Chevalier-Boisvert et al.,
2023). A sender with a bird’s-eye view of the environment sends messages to a receiver with
a limited view who has to navigate to a goal location. Beyond navigation, some environments
present a locked door for which the receiver must first pick up a key in order to open. What
distinguishes this system most from the signaling game is that it is multi-step and embodied
such that the utterances within an episodes are dependent on each other. Among other
things, this changes the distribution properties of the utterances. For example, if the receiver
is in Room A at timestep T , it is more likely to be in Room A at timestep T + 1; thus if
utterances are describing what room the receiver is in, this means that an utterance at T + 1
has less uncertainty given the content of an utterance at T . Practically speaking, the multiple
utterances in a given episode are concatenated together to form a single line in the corpus in
order to maintain the dependence of later utterances on previous ones.

Continuous navigation “Mathematically Modeling the Lexicon Entropy of Emergent
Language” (Boldt et al., 2022a, GPL-3.0 license) introduces a simple navigation-based ECS
which is situated in a continuous environment. A “blind” receiver is randomly initialized in
an obstacle-free environment and must navigate toward a goal zone guided by messages from
the sender which observes the position of the receiver relative to the goal. The sender sends
a single discrete token at each timestep, and a line in the dataset consists of the utterances
from each timestep concatenated together. This system shares the time-dependence between
utterances of the grid-world navigation system although with no additional complexity of
navigating around obstacle, opening doors, etc. On the other hand, the continuous nature
of this environment provides built-in stochasticity since there are (theoretically) infinitely
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min 25% 50% 75% max

Token Count 48616 67248 110000 1061520 42977805
Line Count 999 5765 10000 10000 2865187
Tokens per Line 5.87 7.00 11.00 33.53 7212.72
Tokens per Line SD 0.00 0.00 2.31 13.81 445.84
Unique Tokens 2 7 10 20 902
Unique Lines 18 1253 2440 4911 309405
1-gram Entropy 0.36 2.12 2.80 3.37 6.60
1-gram Normalized Entropy 0.16 0.71 0.82 0.90 1.00
2-gram Entropy 0.42 3.16 4.11 5.88 12.88
2-gram Conditional Entropy 0.06 0.85 1.41 2.54 6.29
Entropy per Line 4.38 21.23 30.80 71.85 30233.52

Table 3.2: Five-number summary of the analyses across corpora of ELCC. Entropy in bits.

many distinct arrangements of the environment that are possible, allowing for more natural
variability in the resulting language.

Social deduction “RLupus: Cooperation through the emergent communication in The
Werewolf social deduction game” (Brandizzi et al., 2022a, GPL-3.0 license) introduces an
ECS based on the social deduction game Werewolf (a.k.a., Mafia) where, through successive
rounds of voting and discussion, the “werewolves” try to eliminate the “villagers” before the
villagers figure out who the werewolves are. In a given round, the discussion takes the form of
all agents broadcasting a message to all other agents after which a vote is taken on whom to
eliminate. As there are multiple rounds in a given game, this system introduces multi-step as
well as multi-speaker dynamics into the language. Furthermore, the messages also influence
distinct actions in the system (i.e., voting). These additional features in the system add the
potential for communication strategies that are shaped by a variety of heterogeneous factors
rather than simply the distribution of observations (as in the signaling game).

3.5 Analysis
In this section we give present a brief set of analyses that demonstrate some of the possible
insights that can be gained from ELCC. Table 3.2 shows the five-number summary of
the corpus-level metrics in ELCC. The corpora come in all shapes and sizes, so to speak,
demonstrating a wide range of token counts, vocabulary sizes, entropies, and so on. The
variety, in large part, comes from the diversity of systems included in ELCC rather than
variation within a system. Thus research focusing on a single or narrow range of emergent
communication systems—the norm prior to ELCC—restricts itself to a limited diversity of
corpus “shapes”; ELCC, in turn, provides an easy opportunity to expand the breadth of many
such approaches.

The range of analyses ELCC enables is greatly multiplied by a resource like XferBench
(Chapter 4), a deep transfer learning-based evaluation metric for emergent languages. This

59



Chapter 3. Building a Library of Emergent Languages

Figure 3.2: XferBench score across ELCC and human language baselines; lower is better.
“No pretrain” baseline illustrated with the line on the plot.

[47, 2466, 47, 3923, 3325, 3107, 3350, 3923,
1216, 3980, 1617, 3350, 1897, 556, 0]

[3925, 3925, 3925, 3325, 1172, 2530, 3925, 1209,
3493, 665, 512, 3923, 2432, 309, 0]

[2128, 2128, 2371, 3925, 946, 512, 1962, 1288,
2250, 1722, 1722, 1962, 3755, 2695, 0]

(a) Best-performing: signaling game (Yao et
al., 2022) with the COCO dataset.

[3, 3, 3, 3, 3, 3, 3, 3, 7, 7, 7, 7, 7, 7, 7, 7]
[3, 3, 3, 3, 3, 3, 3, 3, 3, 3, 3, 3, 3, 3, 3, 3]
[3, 3, 3, 3, 3, 3, 3, 3]

(b) Worst-performing: BabyAI-based naviga-
tion game (Unger et al., 2020) (hyperparame-
ters in text).

Figure 3.3: Sample utterances from the best and worst performing emergent language corpora
on XferBench from ELCC.

metric quantifies how good a corpus is as pretraining data for a human language-based
downstream task, specifically language modeling (thus a lower score is better). XferBench
proves to be particularly powerful for analyzing ELCC because it works in an environment-
agnostic way, taking only a corpus of tokenized utterances as input. In fact, ELCC and
XferBench permit the first large-scale comparison of emergent language systems with an
evaluative metric.

Explaining XferBench’s performance In addition to the purely descriptive metrics
discussed above, we also present evaluative metrics via XferBench in Figure 3.2. We run
XferBench three times for each corpus since there inherent stochasticity in XferBench. We see
that most of the emergent languages occupy a band which slightly outperforms the baselines
(i.e., no pretraining at all) while significantly underperforming human languages (exception
discussed below). Notably, two of the environments with the worst-performing corpora are the
grid-world (Unger et al., 2020) and continuous (Boldt et al., 2022a) navigation environments,
while the signaling games perform better consistently.

Inspecting some utterances from the best- and worst- performing corpora, we can see
a qualitative difference in Figure 3.3. The best-performing corpus uses a variety of tokens
derived from a large vocabulary (given the high token IDs), while the worst-performing
corpus repeats the same two tokens with little variation (this sample is representative of the
whole corpus). We hypothesize that pretraining on repetitive strings of a small variety of
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(a) Plot of XferBench score versus unigram
entropy for emergent languages and baseline
human languages from XferBench.

(b) Plot of XferBench score versus success
rate, separated by emergent communication
system.

Figure 3.4

tokens poorly conditions the model used in XferBench, supported by the fact that the lowest
entropy corpora perform the worst on XferBench.

The qualitative analysis suggests that something along the lines of variation or information
content might be correlated with XferBench score. To investigate this, we plot two possible
explanatory variables against XferBench scores: unigram entropy and task success rate
Figure 3.4. Immediately, we can see that there is a strong correlation between entropy
and XferBench score. In fact, this plot gives some insight into the anomalously low score
on “Signal, natural images” (Yao et al., 2022) and anomalously high score for Hindi (an
unresolved quandary of the XferBench paper): both of these corpora perform as expected
given their entropies. On the other hand, success rate does not seem to be well-correlated
with score on XferBench; surprisingly enough, the worst-performing corpus shown above still
sported a >90% task success rate!

Evaluating improvements in ECS design Finally, we are also able to use XferBench
and ELCC to evaluate some of the innovations in emergent communication system design
made by papers contributing to ELCC. Namely, we look at J. Mu et al. (2021) and “Emergent
Communication at Scale” (Chaabouni et al., 2022). J. Mu et al. (2021) introduce (as
discussed in Section 3.4.2) a more sophisticated, concept-focused version of the signaling
game, comparing it against a vanilla signaling game (“reference”) and an intermediate form
of the concept version (“set reference”), finding that the introduced games promote more
systematic and interpretable emergent languages. On the other hand, Chaabouni et al.
(2022) introduces multi-agent populations to the signaling game but does not find that larger
populations have a beneficial effect on communication. Looking at the systems’ performance
XferBench (Figure 3.5), we can see that the proposed improvements to the signaling game
do not have an appreciable effect on XferBench performance in either case. These results do
not detract from the original findings; instead, evaluating the design changes with XferBench
better contextualizes work, highlighting to what degree certain desirable features of emergent
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(a) Expected order: concept, set reference,
reference (J. Mu et al., 2021).

(b) # of senders, # of receivers; more
agents expected to perform better than fewer
(Chaabouni et al., 2022).

Figure 3.5: XferBench scores compared to expected order; lower is better.

languages (e.g., interpretability, robustness) correspond with suitability for deep transfer
learning.

3.6 Discussion
Work enabled by ELCC In the typical emergent communication paper, only a small
amount of time and page count is allocated to analysis with the lion’s share being taken
up by designing the ECS, implementing it, and running experiments. Even if one reuses
an existing implementation, a significant portion of work still goes towards designing and
running the experiments, and the analysis is still limited to that single system. While this
kind of research is valid and important, it should not be the only paradigm possible within
emergent communication research. To this end, ELCC enables research which focus primarily
on developing more in-depth analyses across a diverse collection of systems. Furthermore,
removing the necessity of implementing and/or running experiments allows researchers
without machine learning backgrounds to contribute to emergent communication research
from more linguistic angles that otherwise would not be possible.

In particular, ELCC enables work that focuses on the lexical properties of emergent
communication, looking at the statical properties and patterns of the surface forms of a
given language (e.g., Zipf’s law (Zipf, 1950)). Ueda et al. (2023) is a prime example of
this; this paper investigates whether or not emergent languages obey Harris’ Articulation
Schema (HAS) by relating conditional entropy to the presence of word boundaries (Harris,
1955; Tanaka-Ishii, 2021). The paper finds mixed evidence for HAS in emergent languages
but only evaluated a handful of settings in a single ECS, yet it could be the case that only
systems with certain features generate languages described by HAS. The variety of systems
provided by ELCC could, then, provide more definitive empirical evidence in support or
against the presence of HAS in emergent languages. Additionally, ELCC can similarly extend
the range of emergent languages evaluated in the context of machine learning, such as Yao
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et al. (2022) and Chapter 4 which look at emergent language’s suitability for deep transfer
learning to downstream NLP tasks or Wal et al. (2020) which analyzes emergent languages
with unsupervised grammar induction.

ECS implementations and reproducibility In the process of compiling ELCC, we
observed a handful of trends in the implementations of emergent communication systems. A
significant proportion of papers do not publish the implementations of experiments, severely
limiting the ease of reproducing the results or including such work in a project such as ELCC,
considering that a large amount of the work in creating an ECS is not in the design but in
the details of implementation. Even when a free and open source implementation is available,
many projects suffer from underspecified Python dependencies (i.e., no indication of versions)
which can be difficult to reproduce if the project is older than a few years. Furthermore,
some projects also fail to specify the particular hyperparameter settings or commands to
run the experiments presented in the paper; while these can often be recovered with some
investigation, this and the above issue prove to be obstacles which could easily be avoided. For
an exemplar of a well-documented, easy-to-run implementation of an ECS and its experiments,
see J. Mu et al. (2021) at https://github.com/jayelm/emergent-generalization/ which
not only provides dependencies with version and documentation how to download the data
but also a complete shell script which executes the commands to reproduce the experiments.

Future of ELCC While ELCC is a complete resource as presented in this paper, ELCC is
intended to be an ongoing project which incorporates further ECSs, analyses, and taxonomic
features as the body of emergent communication literature and free and open source imple-
mentations continues to grow. This approach involves the community not only publishing
well-documented implementation of their ECSs but also directly contributing to ELCC in
the spirit of scientific collaboration and free and open source software. ELCC, then, is
intended to become a hub for a variety of stakeholders in the emergent communication
research community, namely a place for: ECS developers to contribute and publicize their
work, EC researchers to stay up-to-date on new ECSs, and EC-adjacent researchers to find
emergent languages which they can analyze or otherwise use for their own research.

Limitations Emergent communication research is primarily basic research on machine
generated data; thus, ELCC has few, if any, direct societal impacts. From a research point of
view: while ELCC attempts to provide a representative sample of the ECSs present in the
literature, it is not comprehensive collection of all of the open source implementations let
alone all ECSs in the literature. This limitation is especially salient in the case of foundational
works in EC which have no open source implementations (e.g., Mordatch et al. (2018)). Thus,
the contents of ELCC could potentially result in an over-reliance on the particular systems
included resulting in an unfamiliarity with the data and limiting research on those currently
not included in ELCC. Including the data-generating code and metadata describing the
systems in ELCC has partially addressed this issue, and future work adding more open
source implementations and reimplementing seminal papers could continue to ameliorate this
limitation.
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Beyond the variety of systems, in its design ELCC only provides unannotated corpora
without any reference to the semantics of the communication, which limits the range of
analyses that can be performed. For example, measures of compositionality, such as topo-
graphic similarity (Brighton et al., 2006; Lazaridou et al., 2018), are precluded because they
fundamentally a relationship between surface forms and their semantics. In terms of compute
resources, we estimate that on the order of 150 GPU-hours (Nvidia A6000 or equivalent)
on an institutional cluster were used in the development of ELCC, and additional 1000
GPU-hours were used to generate the results of XferBench on ELCC. This research could be
difficult to reproduce without access to institutional resources.

3.7 Conclusion
In this paper, we have introduced ELCC, a collection of emergent language corpora annotated
with taxonomic metadata and suite of descriptive metrics derived from free and open source
implementations of emergent communication systems introduced in the literature. ELCC
also provides code for running these implementations, in turn, making those implementations
more reproducible. This collection is the first of its kind in providing easy access to a
variety of emergent language corpora. Thus, it enables new kinds of research on emergent
communication which involve a wide range of emergent communication, focusing directly on
the analysis of the emergent languages themselves.
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Evaluation with Deep Transfer Learning

Abstract

In this chapter, we introduce XferBench, a benchmark for evaluating the overall quality
of emergent languages using data-driven methods. Specifically, we interpret the notion of
the “quality” of an emergent language as its similarity to human language within a deep
learning framework. We measure this by using the emergent language as pretraining
data for a downstream NLP tasks in human language—the better the downstream
performance, the better the emergent language. We implement this benchmark as an
easy-to-use Python package that only requires a text file of utterances from the emergent
language to be evaluated. Finally, we empirically test the benchmark’s validity using
human, synthetic, and emergent language baselines.1

4.1 Introduction
Neural language models learn many things in pretraining, but research suggests (Artetxe
et al., 2020) that a substantial part of that knowledge is not simply knowledge of a particular
language or domain, but rather knowledge of “how to language.” We currently teach models
to “language” using vast quantities of text dredged from the dark recesses of the Web—text
that is full of bias, toxicity, and potential intellectual property violations. Ideally, we would
be able to teach models to “language” without such compromises through the use of synthetic
data, but mainstream approaches to synthesizing data produce outputs that do not have the
same structural and social properties as human language.

Emergent communication (EC), also called emergent language (EL), is a potential solution
to this problem (Yao et al., 2022; Downey et al., 2023; Y. Mu et al., 2023). Emergent languages
are communication systems developed de novo among multiple agents in a reinforcement
learning simulation. Because the conditions under which they develop mirror, reductively, the
conditions under which languages develop among humans, there is reason to believe that ELs
will ultimately be more like human language than other sources of synthetic data. However,
up to this point, there is no way of quantifying—in a holistic way—how much like human

1Based on “XferBench: a Data-Driven Benchmark for Emergent Language” appearing in the Proceedings
of the 2024 Conference of the North American Chapter of the Association for Computational Linguistics:
Human Language Technologies (Volume 1: Long Papers) (Boldt et al., 2024c).
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Figure 4.1: Illustration of the architecture of XferBench.

languages any particular EL really is, or to what extent it may provide useful pretraining
signals.

Research on deep learning-based emergent communication has seen the introduction of
many metrics to measure various aspects of the language. These metrics quantify notions such
as compositionality (Brighton et al., 2006; Lazaridou et al., 2018), expressivity (Y. Guo et al.,
2023), ease-of-teaching (F. Li et al., 2019), and zero-shot transfer (Bullard et al., 2020), to
name a few. Despite this proliferation of metrics, emergent language largely lacks evaluation
metrics. An evaluation metric is specifically one that measures the overall quality of an
emergent language and not simply a particular property. Thus, we introduce XferBench, a
data-driven benchmark for evaluating the overall quality of emergent languages using transfer
learning with deep neural models.

Evaluation metrics are critical in gauging progress in technical fields since they quantify
otherwise vague notions of improvement over time. Benchmarks, in particular, pair evaluation
metrics with specific data and evaluation procedures to compare various systems on common
ground. Benchmarks and shared tasks have been critical to the development of NLP from
the Penn Treebank (Marcus et al., 1993) to the WMT datasets (O. Bojar et al., 2014) to
GLUE (A. Wang et al., 2018).

In the field of emergent communication specifically, Yao et al. (2022) introduced the idea
of using corpus transfer as means of practically applying emergent communication to deep
learning-based NLP via transfer learning. In corpus transfer, a language model is pretrained
on a corpus of emergent language utterances before being tuned on real data for a human
language-based downstream task. As a corollary, they suggest that the effectiveness of this
transfer can serve as a means of evaluating the quality of the emergent in a more general
sense. This is based on the intuition that the more similar two language are, the better
transfer learning works from one to the other (observed in Zoph et al. (2016), for example).

This chapter takes the transfer learning-as-an-evaluation metric idea from Yao et al.
(2022) and expands it into a full benchmark, XferBench, for emergent languages (illustrated
in Figure 4.1). An evaluation metric for emergent languages in a benchmark format is the
first of its kind. Additionally, XferBench is unique within emergent communication for being
primarily data-driven instead of relying on particular handcrafted algorithms for quantifying
a given phenomenon. This means that XferBench can be easily scaled up in the future as
the field of emergent communication advances and requires expanded means of evaluating
emergent languages. Finally, XferBench is distributed as a user-friendly Python package,
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allowing researchers from across the field of emergent communication to apply XferBench to
their own work on emergent communication.

Contributions This chapter makes the following contributions: (1) Introduces XferBench,
a data-driven benchmark for evaluating the overall quality of an emergent language, the
first of its kind in emergent communication. (2) Provides a analysis of the quality human,
synthetic, and emergent language according to XferBench. (3) Provides an easy-to-use Python
implementation of XferBench.

4.2 Related Work
Emergent Communication This chapter is situated in the field of emergent communi-
cation (a.k.a. emergent language) which is generally covered by the review Lazaridou et al.
(2020). The field centers around the invention of language by deep neural networks typically
using multi-agent reinforcement learning techniques. The study of emergent communication
is intended to (1) shed light on the origin and nature of the human language (LaCroix,
2019; Moulin-Frier et al., 2020; Galke et al., 2022) and (2) provide an alternative approach
to problems in NLP and multi-agent reinforcement learning which relies on constructing
language from the ground up and not just pre-existing (human) languages alone (Yaoyiran Li
et al., 2020; Yao et al., 2022; Y. Mu et al., 2023; Downey et al., 2023).

Transfer Learning Transfer learning for deep neural networks is a key component of
XferBench and follows in general tradition of Zoph et al. (2016). Specifically, this chapter
draws heavily from Yao et al. (2022) (see also Papadimitriou et al. (2020) and Artetxe et al.
(2020)) which introduce the technique of corpus transfer for emergent language, that is,
pretraining a neural model on an emergent language corpus before tuning it on a downstream
human language task. In particular, this chapter takes Yao et al. (2022)’s idea of using corpus
transfer as a metric and adapts it into a benchmark pipeline which can easily be applied to
new emergent languages.

Benchmarks Work such as Y. Guo et al. (2023) and Perkins (2022) have looked at
benchmarking particular aspects of emergent languages, but XferBench is the first of its kind
in benchmarking the overall quality of an emergent language. Yao et al. (2022) also explicitly
provide a metric for emergent language quality, but this metric is restrictive in that it can
only be applied to emergent languages derived from a model that takes images (that have
captions available) as input; this conflicts with the design goals of XferBench discussed below.

Outside of emergent communication, XferBench is more analogous to benchmarks for
generative models (e.g., Fréchet Inception Distance (Heusel et al., 2017) for image generation)
than more traditional NLP benchmarks like GLUE (A. Wang et al., 2018) or SQuAD
(Rajpurkar et al., 2016). This is because emergent communication is a generative enterprise,
where one of the main goals is to create samples (emergent languages) which resemble a target
distribution (human languages) either generally or in some particular respect. Furthermore,
metrics like FID are primarily self-supervised, data-driven measures of similarity in the same

67



Chapter 4. Evaluation with Deep Transfer Learning

vein as XferBench. This is in contrast to more traditional NLP benchmarks which combine
data-driven methods with many human judgments (i.e., through labeled examples).

4.3 XferBench

4.3.1 Design Goals

We frame the primary design goals of the benchmark as three desiderata:
D1 Quantitatively capture a meaningful notion of the overall quality2 of an emergent

language from a data-driven perspective.
D2 Be applicable to as wide a variety of emergent languages as possible, not restricted to a

specific game, environment, or agent architecture.
D3 Be relevant and accessible to the broader EC/EL community, by being: (a) easy to

interpret, (b) minimally biased with regards to language typology, (c) runnable with
minimal coding experience, and (d) runnable on modest hardware.

While there are other consideration in the benchmark, these form the bulk of the motivation.
In the following paragraphs we expand upon the motivation for each design goal.

D1: Quantifying quality D1 is the core of what a benchmark seeks to do: to quantify a
desirable property of a given system such that it can be compared directly to other systems
(i.e., be an evaluation metric). There are two distinct senses in which XferBench strives
towards this goal. First, XferBench measures how good an emergent language is from a
specifically machine learning perspective; that is, it addresses the question, “How useful
would this emergent language be for practical machine learning tasks?” The second sense is
more general: XferBench addresses the question, “How similar is an emergent language to
human language according to how deep neural networks process language?” That is, it uses
data-driven techniques to quantify the similarity between emergent language and human
language in some general sense.

D2: Wide applicability D2 is intended to make XferBench practically applicable to a wide
range of EC research. The field of EC has an especially diverse set of possible approaches,
environments, agents, games, etc. Thus, it is especially salient that the benchmark be
designed with interoperability in mind, having minimal assumptions as to the nature of the
EC system being evaluated.

The influence of this design goal is primarily seen through the use of a textual corpus
as the sole input to the benchmark: the vast majority of EC systems generate utterances
which can be represented as sequences of discrete tokens.3 EC presents the opportunity
for much richer representations of its language: leveraging the grounded semantics of the
communication, incorporating non-verbal behavior, and even directly interacting with the
agents themselves. Yet such richer representations also limit the range of EC systems to

2We are aiming for a meaningful notion of overall quality: we are not claiming that this is the only
meaningful notion nor that it is the best among all possible notions of “quality”.

3In the minority case, there are EC methods which use communication channels that are, for example,
continuous (Eloff et al., 2021) or even pictorial (Mihai et al., 2021a).
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which XferBench could apply. Even if it is possible to define some universal EC interface
that could allow for richer representations, the implementation cost for each and every EC
system to be tested is significant compared to the ease of producing a corpus of utterances
from the emergent language.

D3: Easy-to-use D3 is critical to the success of XferBench as a practical tool for diverse
field of researchers—a benchmark is expressly for the broader research community, and, as
such, should be widely accessible. In particular, D3a demands that XferBench be conceptually
simple with results that can easily be reported, compared, and incorporated into a research
program. D3b is relevant to both aspects of D1. First, if XferBench is to gauge an EL’s
practical use in machine learning, it should seek to use a typologically diverse set of human
languages in the downstream tasks. Second, since XferBench is trying to capture a notion of
“similarity to human language generally”, it is important to test this against a wide range
of language typologies so as not to unnecessarily narrow the criteria for “similar to human
language”. D3c is particularly important for incorporating interdisciplinary researchers into
the field of EC who might not have a background in computer programming. Finally, D3d
ensures that XferBench is accessible not only to labs and researchers with fewer financial
resources but also makes it much easier to incorporate into the fast-paced research and
development cycles prevalent in contemporary ML reserach.

4.3.2 Methods

The following procedure describes the benchmark (illustrated in Figure 4.1):
1. Initialize a causal language model.
2. Train the model on the corpus of utterances from the EL being evaluated.
3. Re-initialize the input and output (i.e., language modeling head) embedding layers;

this is the base model.
4. For each downstream human language:

a) Train the base model on the human language data.

b) Evaluate the cross-entropy on a held-out test set of the human language.

5. Average the cross-entropies across the downstream human languages; this is the corpus’s
score on the benchmark (lower is better).

The structure of the benchmark is derived from the corpus transfer method presented in Yao
et al. (2022).

Task For XferBench’s evaluation task, we choose causal language modeling for a few
different reasons. In principle, language modeling is a component of a wide variety of
NLP tasks, especially generative tasks; the prevalence of language modeling is in line with
the benchmark providing a very general notion of quality that will be familiar to anyone
acquainted with NLP. On a practical level, language modeling is easy to acquire data
for—especially helpful for evaluating against low-resource languages—and there are fewer
hyperparameters and confounding variables compared to other downstream tasks like machine
translation or question-answering. The main limitation from using language modeling is that
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it itself is not a widespread downstream task and so cannot guarantee direct correlation with
metrics on more concrete downstream tasks (e.g., accuracy on a QA task).

For the pretraining task we also use causal language modeling. Due to requiring a wide
applicability across emergent languages (Design Goal 2), we select causal language modeling
for our pretraining task since it requires only a corpus without any additional annotations or
stipulations.

Data The data for the transfer learning targets (viz. human languages) comes from
Wikipedia dumps (Wikimedia Foundation, n.d.) (under the GFDL and CC-BY-SA 3.0
License) hosted by Hugging Face4. This dataset provides a diverse set of languages each
with sufficient amounts of data. For our downstream human languages, we use the same
10 languages presented in Yao et al. (2022), namely: Basque, Danish, Finnish, Hebrew,
Indonesian, Japanese, Kazakh, Persian, Romanian, and Urdu. Having a variety of languages
reduces the likelihood that XferBench will be biased toward specific typologies of human
language (Design Goal 3b).

We use 15 and 2 million tokens for the pretraining and fine tuning phases, respectively
following Yao et al. (2022). Datasets are always repeated or truncated to fit the required size
so that the number of training steps stays constant.

Tokenization For tokenization we use byte pair encoding (BPE) (Gage, 1994) with a
vocabulary size of 30 000 for all human languages. Using BPE across all human languages
is done primarily to simplify the implementation and keep tokenization methods consistent
across all of the selected human languages. Emergent languages are generally considered
to be pre-tokenized since most communication channels consist of one-hot vectors; thus, no
additional tokenization or preprocessing is applied.5

Model For our model, we use a small configuration of GPT-2 (Radford et al., 2019), similar
to that used in Yao et al. (2022): 6 attention heads, 6 layers, context length of 256, and
hidden size of 768 with the remainder of the model parameters being the same as the defaults
in the Hugging Face Transformers implementation.6 This yields 65 million parameters in
total. We kept the model on the smaller size to better suit it for the generally small amounts
of data emergent languages corpora provide as well as to be more accessible (Design Goal
3d). Further details are listed in Section C.1.1.

Metric Given the use of language modeling for our evaluation task, we use token-level
cross-entropy as the evaluation metric on the downstream task. This is a very common metric,
making the outputs easy to interpret (Design Goal 3a). Although perplexity is more common
as an evaluation of language models, the exponential nature of perplexity leads to more

4https://huggingface.co/datasets/wikimedia/wikipedia/tree/97323c5edeffcf4bd6786b4ed0788c84abd24b03
5Whether the tokens of an EL should be treated as words or subword units is an open question, although

tokens as words is more common (but see Ueda et al. (2023) for tokens as subword units). Practically
speaking, many emergent languages are small enough that applying a 30 000-item BPE model would severely
reduce the corpus size.

6https://huggingface.co/docs/transformers/v4.36.1/en/model_doc/gpt2#transformers.GPT2Config
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circuitous analyses and interpretation in our case, whereas cross-entropy is comparatively
linear and additive (loosely speaking).7 For the final score of the benchmark, we take the
arithmetic mean of the cross-entropy across the 10 downstream human languages. That is,
we define the benchmark’s score for a given source language s as as hs:

hs = mean
t∈T

(hs,t) (4.1)

where hs,t is the test cross-entropy of a model trained on source language s and finetuned
and tested on target language t; T is the set of target languages. Since the score is based on
cross-entropy, a lower score means better performance.

4.3.3 Implementation

XferBench is implemented as a small Python codebase which relies primarily on Hugging
Face Transformers (Wolf et al., 2020) (Apache-2.0 license) and PyTorch (Paszke et al., 2019)
(BSD-3-Clause license) libraries. To run the benchmark, all that is required is to install the
environment with either pip or conda, and run python -m xferbench path/to/corpus.jsonl

(Design Goal 3c). The input corpus is simply formatted as a newline-separated list of integer
arrays, specifically in the JSON Lines format (see Section C.2 for an example); a Hugging
Face dataset (backed by Apache Arrow) can also be used for larger input corpora. The script
executes all of the steps of the benchmark and yields a single floating point number which is
that corpus’s score on XferBench (the benchmark also saves the individual score across target
languages for further analysis). Finer-grained functionalities are available and documented in
the codebase. The benchmark takes about 5.5 hours to run on a single Nvidia GeForce RTX
2080 Ti: 90 minutes to train the base model and 30 minutes for tuning and testing on each
of the target languages (Design Goal 3d). Since the model is tuned independently on each
target language, it is easy to parallelize this step and drastically shorten the wall-clock time
of XferBench.

The implementation is available at https://github.com/brendon-boldt/xferbench
under the MIT license.

4.4 Experiments

4.4.1 Procedures

XferBench The causal language modeling experiment is simply running XferBench as
described in Section 4.3.2 on the reference and emergent languages discussed in Sections 4.4.2
and 4.4.3.

Machine translation The machine translation experiment is structured similarly to
XferBench except with the downstream task being English-to-French translation (using the
WMT 2014 dataset (O. Bojar et al., 2014)). The primary purpose of this experiment is to

7For example, it would make more sense to use logarithmic scales and geometric means to average and
compare perplexities, but this would just be reverting back to cross-entropy!
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determine how well XferBench correlates with a more concrete downstream task (especially
one that incorporates language modeling). We choose this language pair in part to gauge
the relative differences between the task languages and the baseline human languages (in
contrast to XferBench which we want to be largely agnostic to human languages). Looking
at our reference human languages, we have: French, the target language itself; Spanish,
closely related to French; Russian and Hindi, distantly related to French; and Chinese,
Korean and Arabic, not related to French. Instead of using a GPT-2–based model, we use a
BART-based model since MT is a conditional generation task (see Section C.1.2 for details).
The pretraining dataset size is increased to 100 million due to the increased difficulty of this
task compared to language modeling. We evaluate the translation performance with chrF
(Popović, 2015) and BLEU (Papineni et al., 2002) using the default Hugging Face Evaluate
metrics (derived from sacreBLEU (Post, 2018)). Evaluation is performed with beam sizes of
1, 3, and 5, and the resulting values are averaged.

We present three settings for this experiment. The first is Full which tunes on 50 million
source tokens at a higher learning rate (1 · 10−4 for training and 2 · 10−4 for the AdamW
optimizer (Kingma et al., 2015)), which we found empirically to lead to the best performance.
The second is Frozen, in which we use the same configuration as Full but freeze all but the
embedding layers before tuning the model for translation (as in Papadimitriou et al. (2020)
and Artetxe et al. (2020)). Finally, we also present Reduced which uses a smaller tuning
dataset of 10 million tokens and lower learning learning (2 · 10−5); the lower rate helped the
random baselines converge better as well as showed better distinction between languages.

4.4.2 Reference languages

The following reference languages serve as a way to contextualize the results of XferBench as
well as to validate that it is capturing some notion of the quality of the emergent languages
(cf. Section 4.4.4).

Human languages For our baseline line human languages, we selected French, Spanish,
Russian, Chinese, Korean, Arabic, and Hindi.8 Like the evaluation languages, the data is
derived from Wikipedia articles (same source as the target languages).

Synthetic languages For synthetic languages, we follow Yao et al. (2022) and use “Zipfian
parentheses” from Papadimitriou et al. (2020). This synthetic dataset—referred to as Paren,
real—is hierarchically balanced “parentheses” where each parenthesis is the token ID sampled
from the unigram distribution of a human language (hence “Zipfian”). This datasets mimics
both the unigram distribution of a human language as well as the basic recursive hierarchical
structure. This yields a reasonably strong yet simple baseline for synthetic data.

We also test a fully synthetic dataset (Paren, synth) which uses the same hierarchical
parenthesis generation script from Papadimitriou et al. (2020), replacing the data-derived

8The main reason for choosing the high-resource language is due to the higher data requirements of
machine translation experiment discussed below.
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Setting Observ. |V | |M | |C|

Disc, small one-hot 6 11 700
Disc, large one-hot 100 31 100M
Recon, large one-hot 100 31 31M
Mu+, CUB embed 20 10 1.3M
Mu+, SW embed 14 7 1.2M
Yao+ embed 4028 15 43M

Table 4.1: Summary of key hyperparameters in the tested emergent languages. Observations
are either one-hot vectors or embeddings. |V |, |M |, and |C| refer to the vocabulary, message,
and corpus size respectively.

unigram distribution with Zipf–Mandelbrot distribution:

f(wi) =
1

(i+ β)α
(4.2)

where f(wi) is non-normalized probability weight of word w with 1-based index (rank) i,
α = 1, β = 2.7 (Mandelbrot et al., 1953; Piantadosi, 2014).

Random baselines We use two random baselines. The first is simply a uniform unigram
distribution across the whole vocabulary with no additional structure (referred to as Random).
This baseline sheds light on whether the optimization itself, no matter training data, primes
the network in some way for transfer learning. The second “random” baseline is no pretraining
at all (No pretrain); that is, a network which has been freshly initialized at the tuning stage.
This baseline helps establish whether or not pretraining on other languages has any impact
beyond tuning alone.

4.4.3 Emergent languages

We present a summary of the key hyperparameters of emergent languages in Table 4.1. The
emergent language corpora below come from reproductions from existing codebases with the
exception of Yao et al. (2022), whose emergent language corpus is available for download.
Emergent languages which have a corpus size smaller than the required size are simply
repeated and shuffled as many times as necessary so that the model receives the same number
of optimization steps.

Generic signaling game The first set of emergent languages we test are generic versions of
the of the signaling game (reference game) as implemented in EGG (Kharitonov et al., 2019)
(MIT license). These games use one-hot vectors to represent attribute–value observations,
that is, observations are elements of the set V |A| where V is the set of values and |A| is the
number of attributes. The signaling game is one of the simplest and most used games in
emergent communication research.

The first two language are Disc, small and Disc, large which are two configurations of
the discrimination version of the signaling game. Here, the sender makes an observation
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and sends a message; then, the receiver must select the corresponding observation from a
small set of potential observations (like a multiple-choice question). The small configuration
consists of 4 attributes and 4 values with a small vocabulary size and medium message
length; this setting is intended to represent a toy environment that one might find in an
emergent communication paper. The large configuration consists of 12 attributes and 8 values
with a larger vocabulary and longer message length. Both environments show 5 distractor
observations to the receiver (i.e., 6-way multiple choice). Both settings converge to a success
rate >95% compared to a random baseline of 17%.

The Recon, large environment is based on the reconstruction version of the signaling game.
In this version, the receiver does not make any observations and instead must recreate the
sender’s observation based on the message alone (similar to an autoencoder). The observation
space has 8 attributes and 8 values with other settings identical to that of Disc, large. Since
the reconstruction game considerably harder, the game does not converge but does reach an
overall accuracy of 0.014% and per-attribute accuracy of 24% compared to a random baseline
of 0.000006% and 13% random baseline, respectively. For details, see Section C.1.3.

J. Mu et al. (2021) present the second pair of emergent languages which we test XferBench
on (code under MIT license). The emergent communication game is also a discriminative
signaling game but with (1) richer observations and (2) more abstract information needing
to be communicated. In one setting, the observations are images from ShapeWorld (Kuhnle
et al., 2017) (Mu+, SW ), a synthetic data of various geometric shapes, and the other setting
is CUB (Wah et al., 2011) (Mu+, CUB) which contains labeled images of birds; both settings
encode features with a CNN which is the passed to the sender and receiver. In the basic
discriminative game, the observation made by the sender is the exact same one seen by
the receiver. J. Mu et al. (2021) instead uses a “concept game” where the sender must
communicate some abstract concept shared by a set of input images which the receiver will
then have to a pick out from a different set of images, some sharing the same concept (e.g.,
isolating the concept of “triangle” or “bird size”). The ShapeWorld and CUB games had test
accuracies of 71% and 66% respectively compared to a random baseline of 50%, comparable
to the reported values in the paper. All messages were taken from observations seen in
training.

Yao et al. (2022) present a standard discrimination game which uses natural images
(Conceptual Captions (Sharma et al., 2018) (images only)) as inputs to the sender and receiver
(code unlicensed but distributed on GitHub with paper). The accuracy for the particular
emergent language corpus is not reported in the paper, but comparable experiments from
the paper would suggest that it converged to an accuracy of >90% compared to a baseline of
0.4% (i.e., 255 distractors).

4.4.4 Hypotheses

The following hypotheses are directly relate to determining whether or not XferBench is
quantifying some meaningful notion of the quality of a language (i.e., Design Goal 1).
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Figure 4.2: Average cross-entropy on target language datasets for each source language.
Lower is better. Error bars represent 95% confidence intervals.

(H1) Human languages will perform best, followed by the synthetic and emergent languages,
followed by the random baselines.

(H2) Human languages will have similar performance on XferBench (also key for Design
Goal 3b); the intuition here is that human languages share deep structural similarities. This
hypothesis is supported, in part, by Artetxe et al. (2020). For the MT experiment, we expect
to see the following order of performance based on language relatedness: {French}, {Spanish},
{Russian, Hindi}, {Chinese, Korean, Arabic}.

(H3) Languages with a larger vocabulary, longer message length, and larger corpora will
perform better. In particular, we expect Disc, large will perform better than Disc, small
since the former is a more “complex” version of the latter. This hypothesis (for vocabulary
size and message length) is supported by some experiments in Yao et al. (2022, app. B.4).

(H4) XferBench will correlate well with scores on the machine translation task (i.e.,
cross-entropy will correlate negatively with chrF).

4.5 Results

4.5.1 XferBench

In Figure 4.2 we show the results of the benchmark (i.e., causal language modeling) on
the various baselines. Each mean is displayed with error bars showing the 95% confidence
interval of mean as calculated with bootstrapping (details in Section C.5). For reference, the
cross-entropies range from about 5.2 to 5.5 corresponding to perplexities of 180 to 240.

The human languages show the best score (lowest cross-entropy) on the benchmark with
Chinese, Korean, and Arabic performing the best in one cluster and French, Spanish, Russian,
and Hindi performing slightly worse in their own cluster (based on confidence intervals). The
synthetic and emergent languages all show similar performance with only small variations
with the exception of the Disc, large language which is better than the rest of the emergent
languages but still worse than the human languages. Finally, the random baselines perform
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Source Full Frozen Reduced

French 47.8 31.4 35.8
Spanish 48.0 27.9 34.8
Russian 47.6 29.0 37.2
Chinese 47.5 22.2 35.2
Korean 47.7 23.3 35.6
Arabic 47.8 27.6 36.6
Hindi 47.5 26.0 31.7
Paren, real 47.5 10.5 35.0
Paren, synth 48.2 12.0 34.3
Disc, large 47.7 24.7 30.7
Disc, small 14.3 16.2 17.3
Rec, large 22.5 18.4 25.4
Yao+ 4.0 20.1 25.6
Mu+, SW 3.3 18.4 23.3
Mu+, CUB 47.6 21.6 24.6
Random 1.8 3.0 19.7
No pretrain 11.4 4.3 28.1

Correl.
with

XferBench
−0.75 −0.84 −0.79

Table 4.2: chrF scores across three English-to-French machine translation settings. Correlation
measured with the Pearson correlation coefficient. Colors normalized by column.

worse than the rest of the tested languages. No pretrain’s performance is worse than the
cluster of synthetic and emergent languages but better than the fully random language
(Random).

4.5.2 Machine Translation

The chrF scores of the machine translation experiment are given in Table 4.2 (BLEU scores
in Section C.4.1). Additionally, we give Pearson correlation coefficients between each setting
and the scores generated by XferBench (scatter plots shown in Section C.4.4). In all settings,
we see that XferBench is strongly correlated with the results of the machine translation
experiment.

For the Full setting, the results are somewhat inconclusive. Human languages perform
the best and similarly to each other. Paren, real, Paren, syn, Disc, large, and Mu+, CUB
all match the performance of human languages as well. The rest of the language perform
significantly worse than the aforementioned languages, especially Yao+ and Mu+, SW (see
Section C.6 for sample outputs). In the case of Random, the training loss did not decrease
during training likely due to the high learning rate.

In Frozen, we see the best correlation with the hypothesis regarding human languages
(as well as with XferBench itself). Disc, large performs comparably to the worst human
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languages and better than the rest of the languages. The remainder of the synthetic and
emergent languages perform worse than the human languages but better than the random
baselines.

Finally, Reduced (i.e., lower learning rate and tuning data) displays better separation
than Full, but not as significant as Frozen. Human languages still perform the best, although
they are matched by the Paren languages. Disc, large underperforms the human languages
but still outperforms all other emergent languages. All emergent languages, apart from Disc.,
large underperform the No pretrain baseline. The better half of languages performed better
(compared to themselves) with a higher learning rate while the lower half performed better
with a reduced learning rate.

4.6 Discussion

4.6.1 Experiments

The basic ordering of the language by XferBench follows basic a priori assumptions: random
baselines perform the worst, human languages perform the best, and emergent and synthetic
languages are bounded above and below by these (supporting Hypothesis 1). Human languages
cluster together in XferBench although there is still variation with non-overlapping confidence
intervals (partially supporting Hypothesis 2).

Intra-EL differences Generally speaking, there is very little variation shown by XferBench
on the emergent languages; nevertheless, we can still draw a handful of conclusions. First, Disc,
large outperforms Disc, small while sharing the same codebase, task, etc. and differing only
in message length, vocabulary size, observation space, and corpus size (supporting Hypothesis
3). This result matches the trend seen in Yao et al. (2022) that larger vocabularies and
message lengths in an emergent language lead to better performance on downstream data.
On the other hand, Disc, small performs similarly to other languages with larger vocabularies
and longer message lengths (contradicting Hypothesis 3).

Second, it seems that the underlying complexity of the emergent communication game
does not directly correlate with XferBench score: the abstract visual reasoning of Mu+,
SW and Mu+, CUB does not lead to it outperform Disc, small. Additionally, the richer
observations (i.e., image embeddings) of Mu+, CUB and Yao+ also do not, by their mere
presence, confer an advantage to the emergent language with respect to XferBench.

Finally, Disc, large and Recon, large both share hyperparameters in terms of the vocabulary
size, message length, and corpus size, yet Disc, large shows significantly better performance
on XferBench. This indicates that XferBench is not solely concerned with surface-level
features as we see that the nature of the game (e.g., discrimination versus reconstruction,
success rate) is relevant as well.

Correlation with MT The results from the machine translation experiment show strong,
though not perfect, (negative) correlation with XferBench (supporting Hypothesis 4). For
example, in all cases, Disc, large outperforms all other emergent languages. This strongly
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supports the notion that XferBench performance is predictive of downstream performance on
more concrete NLP tasks.

The results from the Full setting of the MT experiment do show some correlation with
XferBench but fail to show expected trends in other ways. For example, there is no clear
ordering among the human languages (e.g., French does not outperform Arabic). Additionally
Yao+ and Mu+, SW drastically underperform the other emergent languages and the No
pretrain baseline. We suspect that these aberrations from expected results come in part due
to the high learning rate which cause unstable training or generation. On the other hand,
the Frozen setting gives us the clearest ordering of human languages that matches with a
priori expectations; this setting also has the strongest correlation with XferBench scores.
The Reduced setting shows better correlation than Full but is not as clear as Frozen.

Random baselines In all of our experiments, the pretraining on random tokens (Random)
performed notably worse than not pretraining at all (No pretrain), suggesting that ill-
conditioning the neural network can be a significant hindrance to performing well on XferBench.
This is important to note in light of the fact that a perfectly one-to-one compositional language
describing uniformly sampled attribute–value vectors would yield a corpus with a uniformly
random unigram distribution. This is to say, a fully compositional language, which is often
seen as desirable in emergent communication research, could make for a very poor source of
pretraining data as shown by Random’s performance on XferBench.

This fact along with the observations about sensitivity to learning rate indicates that
performance on XferBench is not simply a function of the particular features of the emergent
language in relation to the downstream human languages but also a function of the dynamics
of optimization (i.e., priming the model to adapt well). Although this increases the difficulty
of developing and interpreting a tool like XferBench, it is almost an unavoidable part of deep
learning methods.

4.6.2 Future work

We identify three main directions for future work with XferBench. The first direction is
determining what XferBench is measuring and how its scores correlate with the different
factors of emergent languages. Yao et al. (2022, app. B.4) pursued this on a small scale with
factors like vocabulary size and message length, but there exist a host of other factors worth
exploring: speaker model size, game design, language entropy, observation modality, etc.

The second direction is more extensively investigating the correlation of XferBench with
downstream tasks. We would expect that tasks that rely heavily on a language model—such as
automatic speech recognition, abstractive summarization, and generative question-answering—
to correlate well with XferBench. On the other hand, tasks that are more focused on
classification—such as named entity recognition, sentiment analysis, and multiple choice
question-answering—might not correlate as well.

Finally, XferBench would benefit greatly from improved compute efficiency. For example,
if the results of XferBench could be replicated with a fraction of the training steps, it could
(1) allow for a larger number of downstream languages to be tested which would reduce the
size of the confidence intervals, allowing more more precise scoring. And (2), it would open
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the door to using larger models which would better capture the deeper structures of language
and likely correlate better with realistic downstream tasks.

4.7 Conclusion
In this paper we have introduced XferBench, a first-of-its-kind benchmark for evaluating
the quality of an emergent language corpus based on its transfer learning performance on
human languages. This approach to evaluating emergent language scales with data and
compute as opposed to requiring increasingly complex handcrafted rules to measure the
desirable qualities of emergent language. We provide empirical results of XferBench across
human, synthetic, and emergent languages and demonstrate that these results correlate with
downstream performance on a machine translation task. XferBench is implemented as an
easy-to-use Python package that will permit researchers in the field to easily apply XferBench
to new emergent languages.

4.8 Limitations
The first limitation of XferBench is that it relies on a restricted interface with the emergent
communication system. With emergent communication we have access not only to the
grounding of all of the utterances of the emergent language but also full access to the agents
themselves. Language is fundamentally a contextual phenomenon, so only a small part of it
can be understood from looking at corpora in isolation. Thus, although XferBench is much
more broadly applicable because of this restricted interface, it is also quite limited in what it
can detect from a theoretical point of view.

The other set of limitations we will discuss have to do with the model and data size. First,
the model and data size (60M parameters and 15M tokens) are quite small by contemporary
standards, limiting the direct applicability of results from XferBench to relevant downstream
tasks involving large language models, for example. On the other hand, scaling up the models,
data, and methods of XferBench comes with its own difficulties. First, it would start to bias
the benchmark towards high-resource languages, as only those could provide the necessary
data to accommodate larger models. Second, it would make XferBench, which is already
relatively slow as a metric (6 GPU-hours) even slower. This would decrease the speed of
the iterative design process of emergent communication systems and, thus, the utility of the
metric as a whole.
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Optimizing for Statistical Similarity
Human Language

Abstract

In this chapter, we design a signaling game-based emergent communication environ-
ment to generate state-of-the-art emergent languages in terms of similarity to human
language. This is done with hyperparameter optimization, using XferBench as the
objective function. XferBench quantifies the statistical similarity of emergent language
to human language by measuring its suitability for deep transfer learning to human
language. Additionally, we demonstrate the predictive power of entropy on the transfer
learning performance of an emergent language as well as validate previous results on
the entropy-minimization properties of emergent communication systems. Finally, we
report generalizations regarding what hyperparameters produce more realistic emergent
languages, that is, ones which transfer better to human language.1

5.1 Introduction
Emergent language has tremendous potential to generate realistic human language data
for deep learning methods without the need to collect data directly (or indirectly) from
humans (Chapter 2). This stems from the fact that emergent language aims to replicate the
communicative pressures that drive the development of human language and are hypothesized
to explain various patterns observed in linguistics (Scholz et al., 2024). Yet little work has
been done to date designing emergent communication systems to generate languages with
high statistical similarity to human languages. Such languages could better serve as synthetic
human language data for pretraining and evaluating NLP models. Thus, in this paper, we
generate emergent languages with a signaling game that have a high degree of similarity
to human languages, demonstrating state-of-the-art performance on emergent-to-human
language deep transfer learning. Specifically, we use Bayesian hyperparameter search to
optimize a signaling game on the XferBench benchmark (Chapter 4).

1Based on “Searching for the Most Human-like Emergent Language” appearing in the Proceedings of the
2025 Conference on Empirical Methods in Natural Language Processing (Boldt et al., 2025b).
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Figure 5.1: Hyperparameter search shows that emergent and human languages tend towards
the Pareto frontier of minimizing entropy and minimizing XferBench score (lower is better)
while non-emergent synthetic languages less reliably follow this trend. Dashed gray line
represents a lower bound on entropy versus XferBench score.

First and foremost, this moves the field of emergent language measurably closer to
the goal of providing realistic, fully synthetic data for NLP. On a methodological level,
hyperparameters in emergent communication research are often selected arbitrarily or based
on convenience. Instead, hyperparameters ought to be selected, we suggest, such that they
maximize emergent language’s similarity to human language. For example, vocabulary sizes
in emergent languages are often very small (only one of eight emergent language environments
surveyed in Chapter 3 exceeds a vocabulary size of 70) while our research suggests that the
optimal vocabulary size is in the 1k to 10k range. Increasing vocabulary sizes, then, not only
improves transfer learning performance but also makes it possible for emergent languages to
replicate the long-tailed, Zipfian word distribution that is characteristic of human language
(Zipf, 1950; Piantadosi, 2014), for example.

Our experiments also confirm a significant relationship between transfer learning perfor-
mance and corpus entropy. Not only does it appear that the entropy of a corpus determines
a lower bound on XferBench score (lower is better) but that emergent languages minimize
entropy with respect to a given XferBench score in a way that procedurally generated (i.e.,
non-emergent, synthetic) languages do not (see Figure 5.1). Such minimization is, signifi-
cantly, an emergent phenomenon as neither entropy nor transfer learning performance are
directly involved in the optimization of the emergent communication system (and neither
entropy nor XferBench incorporate each other). This observation is significant in two regards:
First, it suggests that transfer learning and, consequently, statistical similarity to human
language can be (partially) explained with information theory. Second, it aligns closely with
prior work that finds that emergent communication minimizes entropy with respect to task
success within the environment (Kharitonov et al., 2020b; Chaabouni et al., 2022).

We discuss related work in Section 5.2. Methods are discussed in Section 5.3, and the
experiments are presented in Section 5.4. An analysis of the results is performed in Section 5.5
with discussion and conclusion in Sections 5.6 and 5.7.
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Figure 5.2: Illustration of hyperparameter optimization with XferBench.

Contributions We (1) introduce emergent communication environments which produce
the most human language-like emergent languages to date, as shown by state-of-the-art
performance on a deep transfer learning task using the XferBench benchmark; (2) provide
concrete recommendations on better hyperparameter settings for emergent language, making
them more statistically similar to human language; and (3) provide evidence that entropy
minimization is a general property of emergent communication systems, showing that it is
minimized with respect to transfer learning performance.

5.2 Related Work
For a general overview of deep learning-based emergent communication research, see Lazaridou
et al. (2020). This paper shares the goal of producing emergent language corpora that are
suitable for transfer learning to human languages with Yao et al. (2022), which also introduces
the corpus transfer method for applying emergent communication techniques to pretraining
deep learning models used in this paper. Boldt et al. (2022a), similarly to this paper,
investigate the effect of hyperparameters on emergent communication, although their study
focuses primarily on the effects of individual hyperparameters on entropy instead optimizing an
entire system for an evaluation metric. Finally, this paper scales up emergent communication
game hyperparameters in a way that overlaps with Chaabouni et al. (2022), although the
latter focuses on addressing the practical challenges of scaling up certain facets of the signaling
game (e.g., number of agents) rather than directly optimizing a particular objective.

The task of generating emergent languages for pretraining NLP models falls within the
broad category data augmentation with synthetic data but differs from most other approaches
due emergent language’s unique nature as an emergent phenomenon. First, emergent language
differs from procedurally generating data from rules because emergent techniques preclude
stipulating the exact process for generating the data; expert knowledge is incorporated
into designing the system which generates the data, not generating the data itself. On the
other hand, emergent language differs from using pretrained language models to generate
synthetic data since emergent communication is derived from scratch, again precluding any
(pre)training on human language data.
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5.3 Methods

5.3.1 Objective: XferBench

The ultimate objective that we are optimizing for is transfer learning performance on
downstream human language tasks. This objective is quantified by XferBench (Chapter 4),
which measures how much pretraining on an emergent language corpus decreases cross-entropy
on a limited-data, downstream language modeling task on human languages (illustrated in the
gray box of Figure 5.2). Since the output of XferBench is mean cross-entropy across human
languages, a lower score better. XferBench takes as input a corpus of 15 million tokens, which
is used for the pretraining stage and finetunes on 2 million tokens of the (human) evaluation
language. The language model used for XferBench is based on GPT-2 (Radford et al., 2019)
and has ∼60 million parameters. Since XferBench has a long runtime, we use a modified
version only during hyperparameter search termed XferBench-da which only evaluates on
one human language (viz. Danish) which we found to have high correlation (R2 > 0.95) with
the complete XferBench; see Section D.1 for details.

5.3.2 Environment: signaling game

The environment we use in our experiments is the signaling game. In particular we use the
discrimination variant of the signaling game based on the implementation in EGG (Kharitonov
et al., 2019, https://github.com/facebookresearch/EGG, MIT license). The discrimination
variant of the signaling game consists of two agents, a sender and a receiver interacting for a
single round. In a given round, the sender observes an input, sends a message to the receiver,
and the receiver selects an observation out of a number of candidates based on the message.
Of the candidate observations, one is correct (i.e., the same as the sender’s input), and the
rest are “distractors”. In the implementation used in this paper:

• Observations are concatenations of a fixed number of one-hot vectors.
• Messages are sequences of integers represented by one-hot vectors.
• Agents are feed-forward neural networks with one hidden layer and GRU-based RNNs

to generate/read the message.
• The sender–receiver system is trained end-to-end with backpropagation using a Gumbel-

Softmax layer (Maddison et al., 2017; Jang et al., 2017) to generate the message.
Overall, this emergent communication system is about as “vanilla” as is studied in the

literature. This is advantageous for a number of reasons:
• The environment is fast to run, requiring 10 to 120 minutes depending on the hyperpa-

rameters.
• It has a (comparatively) limited number of hyperparameters making hyperparameter

search more tractable and reducing potential confounding variables.
• It serves as “lower bound” for optimizing emergent communication environments since we

can determine the maximum performance possible in a system with minimal complexity.
• The training is stable, converging to a high success rate for most hyperparameter

combinations.
The data is generated for the input corpus to XferBench by sampling from the dataset

and feeding these observations into the sender which generates the message.
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# |Trials| |Attrs.| |Vals.| |Distrs.| Temp. |Embed.| |Hidden| LR |Vocab| Length |Epochs|

1 578 [3, 7] [3, 7] [1, 127] [0.1, 10] [8, 128] [8, 128] [500µ, 50m] [10, 20k] [1, 40] 500
2 171 [5, 10] [5, 10] — [0.5, 4] [64, 512] [64, 512] [500µ, 5m] [300, 30k] — —
3 140 — — — — — — — — — [500, 5k]
4 282 [6, 20] 6 23 2 128 256 [1m, 3m] [500, 30k] — —
4* 1 11 6 23 2 128 256 1.79m 9721 16 1715

Table 5.1: All hyperparameters were treated as log-scale hyperparameters. |·| refers to
cardinality. “—” means unchanged from the previous run. µ, m, and k refer to the SI prefixes
micro (×10−6), milli (×10−3), and kilo (×103), respectively.

5.3.3 Variables: hyperparameters

The hyperparameters are the independent variable of the primary experiments presented in
this paper; that is, the hyperparameters will be varied in order to optimize the system for
the objective function. Some hyperparameters manipulated in this study are unique to the
signaling game (e.g., how many attributes and values in the signaling game observations)
while others come from deep learning-based architectures more generally (e.g., learning rate,
neural network architecture).

We primarily investigate the following hyperparameters:
Learning rate Multiplication factor for the weight updates for parameters in the neural

network.
Embedding size Size of embedding layer in both the sender and the receiver networks;

these are independent layers, but their sizes are varied in unison for hyperparameter
search.

Hidden size The size of hidden layer in both the sender and the receiver networks; values
are varied in unison.

n attributes Number of one-hot vectors in each observation.
n values Size of one-hot vectors in observations.
n distractors Number of incorrect observations shown to the receiver (in addition to the

correct one).
n epochs Number of training examples seen.2

Temperature Temperature of the Gumbel-Softmax layer which the sender uses to generate
messages during training.

Vocabulary size Dimension of the one hot vectors which comprise the message.
Message length Number of one-hot vectors in a message.3

Other hyperparameters that were either not discussed or not investigated are documented in
Section D.2.

2Since the data is procedurally generated, a new dataset of 1024 observations is sampled for each epoch.
3Technically, the implementation allows for variable length messages, but optimization led to all messages

always being the max length.
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Figure 5.3: Examples of different hyperparameter–objective relations observed in the various
searches and hyperparameters. From left-to-right, we have: (a) a clear best value, (b) a clear
trend outside the provided range, (c) a weak trend toward a particular value, and (d) no
definite trend. The y-axis based on different “sizes” of XferBench-da normalized to similar
scales.

5.3.4 Optimization: hyperparameter search

Finally, we discuss the method used for optimizing the hyperparameters of the emergent
communication system (the parameters system itself are optimized with backpropagation, as
mentioned above). The simplest of all hyperparameter search methods is grid search, where
each element of the Cartesian product of every set of hyperparameter values is evaluated. Even
using a modest 3 values per aforementioned hyperparameter would require 310 ≈ 60 000 trials,
taking 5 GPU-years (at 1 hour per trial). Thus, we employ Bayesian parameter optimization
to more efficiently select hyperparameter combinations to evaluate; this additionally allows
us to specify a range of hyperparameter values instead of individual values. This process is
illustrated in Figure 5.2.

We specifically use a Tree-structured Parzen Estimator (TPE) (Bergstra et al., 2011) as
implemented in Optuna (Akiba et al., 2019, MIT license). At a basic level, TPE works by
partitioning hyperparameter combinations into a “good” set and a “bad” set based on the
objective function value and selects the next combination of hyperparameters by maximizing
the probability of the hyperparameters being in the good set divided by the probability
of them being in the bad set. These probability estimates use multivariate kernel density
estimators and permit discrete, categorical, and conditional hyperparameter values. After
running the environment with the hyperparameters and the objective function on the result,
the sampler’s probability estimates are updated in accordance with the objective function’s
value. For a more detailed explanation, see Watanabe (2023).

5.4 Experiments
The code to run the experiments and analyses is publicly available at [supplementary material
for review] under the MIT license.

85



Chapter 5. Optimizing for Statistical Similarity Human Language

5.4.1 Hyperparameter searches

In this paper, we present four main searches (Searches 1–4, parameters given in Table 5.1)
with two additional searches (Searches 5r and 6e) for use in later analyses (Section 5.5). The
following is a summary of the hyperparameter searches:
Search 1 Large number of hyperparameters varied with a wide range; used small version of

XferBench-da (1M train tokens for 1 epoch, 200k test tokens for 2 epochs).
Search 2 Same number of hyperparameters varied with smaller or larger ranges depending

on results of Search 1; used medium version of XferBench-da (4M train tokens for 2 epochs,
1M test tokens for 3 epochs)

Search 3 Same parameters as Search 2 while allowing number of epochs to go higher and
using the full version of XferBench-da (15M train tokens for 5 epochs, 2M test tokens for
10 epochs).

Search 4 Reduces ranges or fixes parameters from Search 3 to maximize exploitation of
good parameters; 4* in Table 5.1 is the best-performing trial from Search 4.

Search 5r Most parameters varied with wide ranges except using random sampling to
remove sampling bias; similar to Search 1 with narrower ranges on learning rate. Discussed
in Section 5.5.2.

Search 6e Optimized for maximizing entropy after a number of previous searches (not
discussed in the paper); similar to Search 4 in this regard. Discussed in Section 5.5.2.

The parameters of Searches 1–4 are given in Table 5.1 (for complete table, see Table D.2).
The implementation defaults for other hyperparameters were used unless otherwise specified.
Optuna’s default parameters for TPE were used across all experiments.

The signaling game takes 5 to 40 minutes to run (depending primarily on the number of
epochs, and, to a lesser extent, the message length), and the full version of XferBench-da
takes approximately 40 minutes to run. Thus, the average trial (for the latter searches) takes
approximately [0.75, 1.5] hours. Parallelization was used to run multiple trials within a search
at a time. See Section D.4 for a discussion of computing resources used.

Search design For each iteration of the primary searches (i.e., 1–4), we changed the search
parameters based on their correlation with the objective function. We observed four main
univariate patterns4, illustrated in Figure 5.3. For parameters with a clear trend toward
the center (Figure 5.3a), we narrowed the range to encourage exploiting good values. Some
parameters trended to one side of the range (Figure 5.3b), which indicated needing to extend
the range. Parameters with weak to no trend (Figures 5.3c and 5.3d) were left unchanged
for the initial searches and given an arbitrary value for the final search to reduce additional
noise. Full hyperparameter plots given in Section D.7.

Searches 1 and 2 used a reduced version of XferBench to execute more trials quickly
and prune the less promising hyperparameter ranges; nevertheless, caution was exercised
in pruning since scaling up XferBench could change optimal hyperparameter values. The
irregular number of trials per search were due to executing as many trials as possible within
a certain time (rather than aiming for a particular number of trials).

4While we did look for multivariate effects (i.e., hyperparameters that are not independent), we did not
observe any notable trends.
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Figure 5.4: Bar chart of XferBench scores on emergent and human languages. XB 1–3 are
emergent language corpora derived from Search 4 and Entropy 1–3 from Search 6e.

5.4.2 Languages evaluated

We select three categories of languages to evaluate with XferBench: human languages, those
generated with the hyperparameter search discussed above, and extant emergent language
corpora from ELCC (Chapter 3). The primary goal is for the search-derived languages to
outperform all existing emergent languages and get as close to human language performance
as possible. For the human languages, we use a subset of the baselines provided in Chapter 4.
In particular, we use Mandarin and Hindi because they were the best- and worst-performing
human languages, respectively, and French and Arabic to round out the language families
represented.

For the search-derived languages, we selected the three best languages from the final
primary run of hyperparameter search (Search 4) and evaluate them on the full set of
evaluation languages in XferBench. We additionally include the three highest entropy
languages from the entropy-maximizing search (Search 6e, discussed further in Section 5.5.2).

Finally, for the emergent language-based points of comparison, we select three of the
best performing languages from ELCC. Most notably, this includes Yao+ (corpus-transfer-
yao-et-al/coco_2014 (Yao et al., 2022)) which performed far better than all other emergent
languages on XferBench. Mu+ (generalizations-mu-goodman/cub-reference (J. Mu et al., 2021))
and Chaabouni+ (ec-at-scale/imagenet-10x10 (Chaabouni et al., 2022)) were also included as
more typical high-performing emergent languages on XferBench.

5.4.3 Results

Figure 5.4 shows 3 randomly seeded runs of the full XferBench score for each corpus. For the
emergent languages from hyperparameter search, the models restored from checkpoints saved
during the search, but the corpora were generated independently of the search. First, we
see that the emergent languages from the XferBench-based search (XB 1–3) outperform all
other emergent languages and even the Hindi corpus. While it is indeed significant that these
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emergent languages outperform a human language corpus, this corpus is also an outlier, and
the emergent languages are still relatively far from matching the performance of the rest of the
human language corpora. Nevertheless, these figures show that the XB 1–3 languages achieve
state-of-the-art levels of similarity to human language. The corpora from the entropy-based
search (Entropy 1–3) perform well, comparably to Yao+, but significantly worse than the
XferBench-search languages.

5.5 Analysis

5.5.1 Importance of hyperparameters

Vocabulary size The most notable hyperparameter trend we found was with vocabulary
size, where the best-performing languages had unique token counts of on the order of 1000
and vocabulary sizes closer to 10 000 (see Figure D.5); that is, the model could use up to
10 000 unique words but only uses 1000 after training. For reference, it is common practice
in emergent communication research to use vocabulary sizes well under 100 (e.g., only 1 out
of the 8 systems in ELCC produce corpora with >70 unique tokens).

Scaling up Similarly to vocabulary size, we observe indications to scale up message length,
neural network layer size, and task information (i.e., number of attributes, values, and
distractors): the most human like emergent languages require longer training, larger networks,
and higher-information tasks than are often used in the emergent communication literature.
Along with vocabulary size, these hyperparameter are most often trivial to adjust, meaning
there is little reason not to adjust standard practice in emergent communication research to
using hyperparameters in these ranges.

Learning rate Finally, in terms of raw importance with respect to XferBench score,
learning rate was most significant; this result is not surprising as learning rate is significant
in any deep learning algorithm. Nevertheless, part of the difficulty with learning rate is that
there is no one best learning rate, and so performing at least some hyperparameter tuning
with learning rate will be necessary for optimal performance.

Summary of recommendations We recommend the following hyperparameters as a
rule of thumb: vocabulary size: 10 000, hidden layer size: 256, embedding layer size: 128,
message length: 20, observation diversity: the higher the better (e.g., 612 ≈ 2 trillion unique
observations), epochs: train until task success plateau (not just until arbitrary threshold),
learning rate: tune on final setting.

5.5.2 Entropy and XferBench

The most striking correlation we observe in our experiments is between XferBench score and
unigram token entropy, which is illustrated in Figure 5.1 (Pearson’s r = −0.57 for Search 5r
only). The emergent languages pictured are all those generated by Searches 4 and 5r, while
the human languages are taken from Chapter 4. We see that low entropy languages tend to
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score poorly on XferBench while high scoring languages have higher entropy; this aligns with
the observed correlation between XferBench and entropy in Chapter 3. Furthermore, this
correlation follows the same trend we see in human languages with respect to entropy.

Entropy’s lower bound In particular, we have illustrated a lower bound of low entropy–
low XferBench score that describes both emergent and human languages (the gray dashed
line in Figure 5.1). This suggests that given a certain entropy, there is a hard limit on
the performance XferBench that can be achieved. While further theoretical and empirical
analysis would be required to verify that this a true lower bound, this aligns with the notion
of language models as entropy-minimizers: Language models, in order to reduce the entropy
on a target language, require a certain degree of entropy (i.e., information) in the pretraining
data. Hence, low-entropy, low-information pretraining data leads to low entropy reduction
(higher cross-entropy) language models.

Entropy minimization Looking again at Figure 5.1, we also see that the high-entropy,
high-XferBench quadrant (upper right) is also sparsely inhabited. In fact, emergent and
human languages seem to lie primarily near the Pareto frontier of low-entropy, low-XferBench
score mentioned above. This comes in contrast to the XferBench scores of a variety of synthetic
languages (descriptions of which are given in Section D.5) which often do not demonstrate
this Pareto efficiency, even for synthetic languages performing well on XferBench.

This result is concordant with the related claim that entropy is “minimized” inside
of emergent communication systems (Kharitonov et al., 2020b; Chaabouni et al., 2021).
Such work has shown that emergent communication systems tend to find Pareto efficient
solutions in terms of maximizing task success and minimizing entropy (this correlation in the
hyperparameter search is discussed briefly in Section D.6).

Optimizing on entropy directly The correlation between entropy and XferBench natu-
rally leads to a potential performance improvement: Why not use entropy as the hyperpa-
rameter objective instead of XferBench? Entropy takes seconds to compute instead of close
to an hour. This is the experiment performed in Search 6e which was successful in producing
languages with good XferBench scores but which still performed significantly worse than
optimizing on XferBench directly (see Figure 5.4).

Given that the lower bound of entropy versus XferBench score is tighter than the upper
bound, it is roughly the case that low entropy implies poor XferBench performance, but high
entropy does not necessarily imply good XferBench performance. Thus, the fact that the
entropy-based search finds good but not optimal emergent languages fits with the earlier
observation about bounds of entropy and XferBench score. With these observations in mind,
a refinement to the hyperparameter search algorithm would be to prune low-entropy trials
before running XferBench while fully evaluating the trial on XferBench if has a high entropy.

Task success The correlation between task success and XferBench score (Figure 5.5,
Pearson’s r = −0.40) is not as dramatic as with entropy. Nevertheless, the negative
correlation (better task success, better XferBench score) matches the expectation that the
realism of emergent language is positively correlated with the efficacy of the language. This
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Figure 5.5: Accuracy versus XferBench for Search 5r. Accuracy is measured as proportion
of rounds for which the correct observation is ranked in the top-1 percentile among all
distractors.

relationship is a foundational assumption of emergent communication techniques generally:
the realism of simulation-derived language comes, in part, from its development out of the
functional pressures to communicate.

5.6 Discussion
Similarity to human language The primary motivation for optimizing emergent commu-
nication systems on XferBench is to create more human language-like emergent languages. In
this way, this environment and the recommended hyperparameters provide a better baseline
environment for future emergent communication research to work from. This similarity to
human language is critical for nearly every application of emergent communication research,
not only related to machine learning and NLP but also areas with more linguistic focus
(Chapter 2). Although XferBench quantifies a decidedly more deep learning, data-driven
notion of similarity, this account is complimentary with more explicitly linguistic notions of
similarity to human language.

For example, linguistic phenomena such as parts of speech fundamentally concern whole
classes of words behaving predictably in a variety of environments. Thus, trivially small
languages are not suitable for addressing such phenomena as there are not classes of words
and no variety to generalize over. Even something as fundamental as the Zipfian distribution
of words in human language presupposes a large vocabulary size (Zipf, 1950; Piantadosi,
2014). Furthermore, smaller-scale emergent languages are a greater risk for overfitting since
the capacity of a neural network quickly enters the overparameterization regime when the
language has as small vocabulary, message length, etc. (A. Gupta et al., 2020).

Emergent properties The relationship between entropy, task success, and XferBench
score demonstrated in the hyperparameter searches emphasizes the presence of truly emergent
properties and processes in emergent communication: Neither entropy nor transfer learning
performance are directly optimized for (cf. task success). Just as Pareto efficient entropy has
been found for task success in emergent languages (Kharitonov et al., 2020b), we find some
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degree of Pareto efficiency with entropy and XferBench performance (and to a limited degree
with task success and XferBench). What this shows is that the communicative pressures and
information theoretic considerations are a key ingredient in emergent language’s similarity
to human language. Thus, task success and entropy serve as additional ways to reason
about emergent language and how to apply it to human language. Nevertheless, the limited
correlation we find among these properties also tells us that emergent language is not trivially
explained by these factors either.

Future work On the front of creating more human language-like emergent languages, a
next step is to introduce new variations of the signaling game, entirely new environments, or
more sophisticated neural architectures and optimize them on a metric like XferBench in
order to progress towards the long-term goal of producing realistic emergent languages for
transfer learning. Because this paper has wrung as much performance as is possible from the
basic signaling game environment, there can be greater certainty that innovations producing
higher-performing languages are actually causing the improvement. Otherwise, more trivial
factors like better learning rate tuning could become confounding variables.

As far as investigating the entropy minimization pressure in emergent languages, further
theoretical work needs to build models and generate testable hypotheses; theoretical models
are the key to scientific explanation beyond merely showing the existence of correlations.
Nevertheless, this paper has shown that hyperparameter turning can be an effective tool
for producing a large variety of emergent language that preclude hyperparameters being
confounding variables. Such methods of generating datasets will be invaluable in empirically
testing theoretical models of emergent language.

5.7 Conclusion
In this paper we have used hyperparameter search to generate the most human language-like
emergent language to date, as quantified by XferBench. Not only does this represent a step
forward for using emergent languages as realistic synthetic data for transfer learning but
also provides insight into how hyperparameters can be better addressed in future emergent
communication research. Finally, the hyperparameter search reveals further importance of
the role of entropy in emergent language. High entropy appears to be a necessary condition
for good transfer learning performance while at the same time, emergent language appears to
minimize entropy for a given level of transfer learning performance. Furthermore, this entropy
minimization is not replicated in synthetic languages suggesting that emergent language is
more than just “synthetic languages with extra steps”.

Limitations
In terms of finding the most human language-like emergent language, this study is limited in
terms of the simplicity of the environment. A single round signaling game with a fixed sender
and receiver and uniform, synthetic observations is a no-frills environment which, while good
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for stability and simplicity, is limited in the richness of information to be communicated, and
as a result, the languages it can produce.

Regrading the investigation of the link between entropy and XferBench score and task
success, we were not able to build any theoretical models to scientifically test particular
hypotheses about the relationships between the variables; instead, we are only able to
offer empirical evidence that there are trends warranting further investigation. Finally, the
recommendations we can given regarding the hyperparameters of emergent communication
systems are limited because hyperparameter search is relatively “messy”; it is geared toward
maximizing performance more than uncovering generalizable trends. Additionally, we perform
our experiments with a signaling game which provides only limited evidence for the behavior
of emergent communication systems with different tasks.
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Chapter 6

Discovering Morphemes in Rich Corpora

Abstract

We introduce CSAR, an algorithm for inducing morphemes from emergent language
corpora of parallel utterances and meanings. It is a greedy algorithm that (1) weights
morphemes based on mutual information between forms and meanings, (2) selects the
highest-weighted pair, (3) removes it from the corpus, and (4) repeats the process
to induce further morphemes (i.e., Count, Select, Ablate, Repeat). The effectiveness
of CSAR is first validated on procedurally generated datasets and compared against
baselines for related tasks. Second, we validate CSAR’s performance on human language
data to show that the algorithm makes reasonable predictions in adjacent domains.
Finally, we analyze a handful of emergent languages, quantifying linguistic characteristics
like degree of synonymy and polysemy.1

6.1 Introduction
Emergent languages—communication systems invented by neural networks via reinforcement
learning—are fascinating entities. They give us a chance to experiment with the processes
underlying the development of human language to which we would not otherwise have access.
A perennial problem in this field, though, is that emergent languages are difficult to interpret.
The strategies emergent languages use to convey meaning do not always align with those
known from human language (Kottur et al., 2017; Chaabouni et al., 2019a; Kharitonov et al.,
2020a). Yet a lack of general-purpose methods for investigating the structure of emergent
communication prevents us from systematically investigating how they encode meaning.

As an essential step towards understanding emergent languages, we introduce CSAR, an
algorithm for morpheme induction on emergent language. That is, given an input corpus
of parallel data: utterances and their associated meanings, find the smallest meaningful
components of utterances with their accompanying meaning. Simply put, this task is to
jointly segment utterances and align them with their meanings. The output of this algorithm,
then, is a mapping between the forms and meanings of the emergent language (example
shown in Fig. 6.1). Furthermore, the proposed algorithm is easily applicable to almost any

1Based on “Morpheme Induction for Emergent Language” appearing in the Proceedings of the 2025
Conference on Empirical Methods in Natural Language Processing (Boldt et al., 2025a).
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Form Meaning

3, 6 {not, gray}
7, 7 {not, blue}
32 {circle}
4, 5 {not, yellow}
6, 12, 6, 12 {green, or, yellow}
3, 12, 3 {blue, or, yellow}

Figure 6.1: Example of morphemes extracted from a signaling game with pixel observations.

emergent language due to the simplicity of the input format. In fact, the algorithm is general
purpose enough to produce reasonable results in other domains, as we demonstrate with
human language-based image captioning, machine translation, and word segmentation data.
Validating CSAR’s performance on human language data as well as synthetic data is critical
to demonstrating its effectiveness since there is no way of obtaining ground truth morphemes
for emergent languages.

An inventory of the morphemes of an emergent language is the foundation of many
further linguistic analyses. Existing studies of compositionality (Korbak et al., 2020),
word boundaries (Ueda et al., 2023), and grammar induction (Wal et al., 2020) could be
validated and augmented with information on the morphology of emergent languages, and new
directions would also be made possible, including analyses of the morphosyntactic patterns
and typological properties of emergent languages. Ultimately, such studies form one of the
pillars of emergent communication research: learning what emergent language can tell us
about human language (Chapter 2).

In Section 6.2 we define the task of morpheme induction and discuss related work.
Section 6.3 presents the proposed algorithm, CSAR. Section 6.4 validates CSAR’s performance
on procedurally generated and human language data. Section 6.5 applies CSAR to emergent
languages. And we discuss the paper’s findings and limitations and conclude in Sections 6.6
to 6.8.

Contributions This work: (1) Introduces an algorithm for inducing morphemes, appli-
cable to a wide variety of emergent language corpora. (2) Offers an easy-to-use Python
implementation for executing the proposed algorithm on arbitrary emergent language data.
(3) Provides a first look into the morphology of emergent languages including phenomena
such as polysemy and synonymy.

6.2 Problem Definition
In this section we give a precise definition of the problem and the terms we will use throughout
the paper.
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6.2.1 Task: morpheme induction

We define the task of morpheme induction as follows: Given a corpus of utterances and their
corresponding complete meanings, identify minimal, well-founded form–meaning pairs (i.e.,
morphemes) present in the corpus. This collection of pairs is the morpheme inventory of the
corpus.

form a sequence of (form) tokens; represented as an integer sequence in emergent language.
utterance a complete sequence of tokens produced by an agent; forms are subsequences

of utterances.
meaning a set of meaning tokens (i.e., atomic meanings grounded in the environment).
complete meaning a meaning which represents the entire meaning of an utterance.2

well-founded a form–meaning pair is well-founded when the particular form corresponds
with a particular meaning.

minimal a well-founded form–meaning pair is minimal when there is no way to decompose
the pair while maintaining continuity of meanings.

It is important to note that we make two assumptions about the complete meanings.
First, complete meanings are assumed to be abstracted already, hence the reason we can
represent them as a set of atomic meanings. That is to say that the “raw semantics” of the
utterances are already broken down into individual components of interest; this task does
not entail automatically finding meaning in arbitrary data (cf. clustering). Second, since
complete meanings are sets, they are not able to represent more complex phenomena that
might require graph structures, for example (cf. abstract meaning representations).

Additionally, we note that well-founded correspondence is a concept subject to a variety
of philosophical accounts. Sometimes these accounts hold that the meaning is derived from
either the behavior or state of mind of a language user. Yet in this task, we only have access
to a corpus, not to the language users themselves; thus, we employ a notion of “well-founded
correspondence” most akin to a statistical view semantics (e.g., as in the distributional
hypothesis).

6.2.2 Related work

Emergent language Lipinski et al. (2024) serves as the inspiration for this paper through
its application of normalized pointwise mutual information to probe emergent languages for
certain kinds of form–meaning relationships, though it stops short of providing full morpheme
inventories over arbitrary data. Ueda et al. (2023) introduces a method of form-only segment
induction for emergent language based on token-level entropy patterns in utterances.

Finally, Brighton (2003) introduce methods for inducing morphemes from simulations of
language evolution. In particular, the algorithm is based on finite state transducers and the
minimum description length principle. The key difference, though, is that the FST-based
method assumes a strict form–meaning correspondence that does not appear to hold in
emergent languages generated by deep neural networks. Thus, CSAR is designed to handle
noise and looser form–meaning correspondence.

2atomic meaning ∈ meaning ⊆ complete meaning
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Statistical word alignment The task of morpheme induction resembles the task of
statistical word alignment for machine translation insofar as it involves learning a mapping
between two modalities. Well-known algorithms for this task include the IBM alignment
models (Brown et al., 1993). While morphemes can be extracted from the alignments, the
alignments themselves are not intended to represent morphemes as such.

Segment induction Segment induction is similar to morpheme induction, except that it
deals only with the forms; these methods, then, cannot provide a mapping between form
meaning because they are meaning-unaware. Sometimes this task is called “morpheme
induction” since the segments are supposed to correspond to morphemes, but they are not
morphemes in the particular sense we use for this paper, that is: explicit form–meaning
pairs. An example of an algorithm which addresses this task is Morfessor (Creutz et al., 2002;
Virpioja et al., 2013) or the submissions to the SIGMORPHON 2022 Shared Task Batsuren
et al. (2022). Narasimhan et al. (2015) introduce a semi-supervised segment induction
algorithm that uses semantic features to guide segmentation (viz. groups of morphologically
related words), although meanings are not modeled explicitly and “word” is not a well-defined
concept for emergent languages. The discovery of valid segments by tokenization methods
based on statistics—such as BPE (Sennrich et al., 2016; Gage, 1994) and Unigram LM (Kudo,
2018)—is largely an epiphenomenon, not a design goal.

Language acquisition The task of morpheme induction forms the basis of a broader
process of “language acquisition” for emergent language. Starting with the task of morpheme
induction aligns this work with a broadly bottom-up, structuralist approach to linguistics
insofar as we are trying to discover low-level meaningful units which can later be composed
into more complex structures. This is in contrast to top-down accounts of language acquisition
which emphasize the importance of context in determining meaning. We argue that a bottom-
up approach is more appropriate, at least initially, since it makes fewer assumptions about
the nature of form and meaning in emergent language, whose structure has been shown to
diverge from that of human language (Kottur et al., 2017; Lake et al., 2018; Chaabouni
et al., 2019a). This choice mirrors the study of interpretability in deep learning more broadly,
which entails explaining high level behavior in terms of the interaction of low-level parts (e.g.,
explaining the interpretation of utterances in terms of minimal pairs of form and meaning).

6.3 Algorithm
In this section we introduce the algorithm for morpheme induction: CSAR (Count, Select,
Ablate, Repeat). CSAR comprises the following steps:

1. Collect form and meaning candidates from the corpus.
2. While form and meaning candidates remain.

a) Count co-occurrences of form and meaning candidates.
b) Select form–meaning pair with the highest weight.
c) Remove instances of the form–meaning pair from the corpus.

3. Selected form–meaning pairs constitute the morpheme inventory of the corpus.
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The code implementing CSAR as well as the experiments discussed later is available under a
free and open source license at https://github.com/brendon-boldt/csar.

6.3.1 Representation and preprocessing

Input data The input data to CSAR is a parallel corpus of utterances and their meanings.
Each record in the corpus is a tuple of form and meaning where a form is a list of (form)
tokens and a meaning is a set of (meaning) tokens.

Candidate collection Given the corpus, we can identify and count the form and meaning
candidates to produce their corresponding occurrence matrices. A form candidate is any
substring of form tokens under consideration for inducing morphemes. A meaning candidate
is any subset of meaning tokens under consideration for inducing morphemes. The most
straightforward approach is to simply consider every non-empty substring of forms and subset
meanings, although CSAR is not constrained to this approach in theory (cf. Section E.1.1).

Having defined the universe of forms and meanings, we can build a binary occurrence
matrix for forms and one for meanings, where each row corresponds to a record and each
entry corresponds to the presence (1) or absence (0) of a form/meaning in that record.
Thus, the form occurrence matrix has the shape OF : |R| × |F| and the meaning matrix
OM : |R| × |M|, where R is the list of records, F is the set of all forms candidates, and M
is the set of all meanings candidates.

Example If we had a simple corpus with records (“s”, □), (“st”, ⊠), (“ct”, ⊗), the corre-
sponding occurrence matrices would be:

OF =
[ · s · · ·

· s t · st
c · t ct ·

]
OM =

[
□ · · · ·
□ × · ⊠ ·
· × ⃝ · ⊗

]
, (6.1)

where entries with value 1’s are shown with the occurring symbols, and entries with value 0’s
with · for clarity.

6.3.2 Main loop

Weighting and co-occurrences Given the occurrence matrices, the next step is to
compute the weights of all potential pairs. The pair with the highest weight will be selected
and added to the morpheme inventory. The weight of a form–meaning pair is the mutual
information of the binary variables representing the corresponding form and meaning. The
mutual information of a particular form–meaning pair is given by

I(F ;M) =
∑
x∈F

∑
y∈M

p(x, y) log2
p(x, y)

p(x)p(y)
, (6.2)

where F = {f,¬f}, p(f) is the probability of f appearing in a record, p(¬f) is the probability
of f not appearing, and the rest are defined analogously. The key term of the mutual
information expression is the joint probability between a form and a meaning, p(f,m): since
f and m are binary variables, all other joint probabilities can be computed from their
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joint probability and the marginal probabilities. The joint probability can be computed by
normalizing the sum of co-occurrences of given forms and meanings, namely:

p(f,m) =
1

|R|

|R|∑
j=1

OF [j, if ] ∧OM[j, im] (6.3)

where if and im are the indices of f and m in their respective matrices. More succinctly,
co-occurrences can be computed with matrix multiplications, yielding

p(f,m) =
1

|R|
·
(
O⊤

FOM
)
[if , im] (6.4)

Other weighting methods were explored including joint probabilities, pointwise mutual
information, and normalized pointwise mutual information, though mutual information was
found to perform best empirically.

The above weighting function results in ties which we break with the following heuristics:
(1) higher initial weight, (2) fewer selected pairs with this form, (3) larger form size, and (4)
smaller meaning size.

Remove pair from corpus The final step of the algorithm’s main loop is ablating the
pair from the corpus. That is, once we select a form–meaning pair, we want to remove
all co-occurrences of the form and meaning in order to determine what form–meaning
correspondences remain to be explained. For example, after ablating the pair (“t”, ×), the
corpus from above would comprise (“s”, □), (“s”, □), and (“c”, #); the occurrence matrices
would then be updated to reflect this. In cases where ablating a pair is ambiguous, we apply
a heuristic (see Section E.1.2).

Repeating and stopping After ablating the selected form–meaning pair, the algorithm
repeats the main loop, beginning again at the weight-computation step (with the updated
occurrence matrices). The one difference is that—in subsequent weight computations—the
weight of a pair cannot go up, preventing spurious correlations from arising in later steps.

This loop continues until form or meaning occurrences are exhausted or some other
criterion is met (e.g., time limit, inventory size limit). In this way, CSAR is an “anytime”
algorithm since it can be stopped after an arbitrary number of iterations and still produce a
sensible result. This is because the most heavily weighted morphemes can be considered the
highest confidence morphemes, meaning that stopping the algorithm before completion will
only leave out the lowest confidence morphemes.

6.3.3 Implementation

The implementation of CSAR introduced in this paper is written in Python making use of
sparse matrices from scipy (Virtanen et al., 2020, BSD 3-Clause license) and JIT compilation
with numba (Lam et al., 2015, BSD 2-Clause license) to speed up execution. CSAR is
conceptually simple. Most of the implementation complexity lies in efficiently handling the
occurrence matrices, especially when removing a form–meaning pair from the corpus. For
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example, the co-occurrence matrix has the shape |F| × |M| which is massive considering
that F and M are already accounting for the universes of all possible forms and meanings in
the corpus. Nevertheless, there are a wide range of heuristics that can be applied to greatly
speed up execution while maintaining performance (see Section E.1.3).

6.4 Empirical Validation
To validate the ability of CSAR to find well-founded morpheme inventories, we test it against
procedurally generated datasets as well as human languages. Since we do not have access
to ground truth morphemes for emergent languages, we gauge the effectiveness of CSAR’s
morpheme induction in the next best way: by testing its performance in these adjacent
domains. Procedurally generated datasets (described in Section 6.4.1) both give us access to
the “ground truth” morphemes and allow us to vary particular facets of the languages. Having
ground truth morphemes allows us to quantitatively evaluate CSAR against baseline methods
(Section 6.4.2). Fine-grained control over the facets of the languages permits us to identify
particular phenomena that are challenging for CSAR to induce correctly (Section 6.4.3). We
also test CSAR against human language data (Section 6.4.4) in order to give a qualitative
sense of the effectiveness of the algorithm.

6.4.1 Procedural datasets

The dataset-generating procedure has the following basic structure: (1) Meanings are sampled
according to some structure (viz. a fixed attribute–value vector). (2) An utterance is produced
from this meaning according to a mapping of meaning components to form components. (3)
The form–meaning pairs that were used to generate the utterance are added to the set of
ground truth morphemes. In the basic case, for example, each particular attribute and value
is associated with a unique sequence of tokens which are concatenated to form an utterance,
creating a one-to-one mapping from meanings to forms.

Variations Such languages are trivial to induce morphemes from, so we introduce the
following variations to produce more complex datasets:

Synonymy Multiple forms may correspond to the same meaning.
Polysemy Multiple meanings may correspond to the same form.
Multi-token forms A form may comprise more than one token, possibly overlapping

with other forms.
Vocab size Number of unique tokens.
Sparse meanings Meanings occur independently of each other with no additional struc-

ture (i.e., not structured as attribute–value pairs).
Distribution imbalance Meanings are sampled from non-uniform distributions.
Dataset size Number of records in the dataset.
Number of meanings Total number of meanings (e.g., varying number of attributes and

values).
Noise forms Form tokens not corresponding to any meanings are added.
Shuffle form Inter-form order is varied randomly (while maintaining intra-form order).
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Figure 6.2: Fuzzy F1 scores for CSAR and baseline methods across procedural datasets.
Results reported for form–meaning inventories and form-only inventories.

Non-compositionality A given form may correspond to multiple meanings simultane-
ously.

For the following analyses, we report values for a collection of procedural datasets built from
the Cartesian product of two values for each of the above variations (one where the variation
is inactive and one where it is). See Section E.2.1 for details.

Evaluation metric We use F1 score (harmonic mean of precision and recall) to assess
the quality of an induced morpheme inventory given the ground truth inventory. We define
precision as

1

|I|
∑
i∈I

max
g∈G

s(i, g), (6.5)

where I is the set of induced morphemes, G is the set of ground truth morphemes, and
s is the similarity function. For exact F1, the similarity function is 1 if the morphemes
are identical and 0 otherwise. In fuzzy F1, the similarity function is the minimum of form
similarity (normalized insertion–deletion ratio3) and meaning similarity (Jaccard index).
Recall is defined similarly to precision except that the roles of I and G from Eq. (6.5) are
reversed.

6.4.2 Comparison with baselines

Below we describe the baseline methods we use for comparison.
IBM Model 1 Simple expectation-maximization approach to machine translation pri-

marily through aligning words in a sentence-parallel corpus. (Brown et al., 1993)
31− (insertions + deletions)/(|s1|+ |s2|)
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IBM Model 3 Built on top of the IBM Model 1 to handle phenomena such as allowing
a form to align to no meaning.

Morfessor A form-only segmentation algorithm built to handle human language; also
uses an EM algorithm.

Byte pair encoding A greedy form-only tokenization method which recursively merges
frequently occurring pairs of tokens. Vocabulary size is selected according to a simple
heuristic (see Section E.2.2). (Gage, 1994; Sennrich et al., 2016)

Unigram LM An EM-based form-only tokenization method which starts with a large
vocabulary and iteratively removes tokens contributing least to the likelihood of the
data. Vocabulary size is selected according to a simple heuristic (see Section E.2.2).
(Kudo, 2018)

Record A trivial baseline where the inventory is just the set of all records.

For the baseline methods which do not handle meanings and only produce forms, we report
the form-only F1 score (i.e., s(i, g) only takes the form into account), though CSAR and
IBM models still have access to meanings. For form-only metrics, we exclude datasets which
include noise forms as form-only methods cannot identify which forms are noise.

Results The results of CSAR and the baselines on the procedural datasets are presented
in Fig. 6.2, which shows the distributions of mean scores for each hyperparameter setting for
the procedural datasets. Each setting was repeated over 3 random seeds. Additional results
are given in Section E.2.3. For inducing full morphemes (form and meaning), CSAR performs
the best by a large margin over the baselines (and even greater margin when considering
exact F1). The IBM alignment models perform better than the trivial record-based baseline
but still perform noticeably worse than CSAR. While CSAR yields roughly equal precision
and recall, the IBM models’ precision is lower than their recall suggesting that they are more
prone to inducing spurious morphemes than CSAR.

When evaluating the forms only, we find that CSAR is the best method with Morfessor
exhibiting comparable performance. The IBM alignment models exhibit roughly the same
performance as the tokenization methods (BPE and Unigram LM). As with the full morpheme
results, CSAR is the only method to achieve comparable precision and recall with all other
baselines having precisions lower than their recalls.

6.4.3 Error Analysis

For the most part, the errors CSAR makes are “edit errors”: identifying a correct morpheme
but adding or removing a form or meaning token. This is reflected in the near-parity between
precision and recall. This is in contrast to the baseline methods which are more prone to
inducing too many morphemes, leading to lower precision.

Generally speaking, as more variations are added to a dataset, the performance degrades
further. In particular, CSAR’s performance decreases the most with small corpus sizes,
overlapping multi-token forms, and non-compositional mappings. On the other hand, using
sparse meanings, shuffling the forms, and using a non-uniform meaning distribution have
relatively little effect.
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Dataset Induced Morpheme

Morphology (“ed$”, {PAST})
(“ ’ ”, {POSSESSIVE})

Image captions
(“stop sign”, {stop sign})
(“woman”, {person})
(“skier”, {person, skis})

Translation (“Member States”, {Mitgliedstaaten})

Figure 6.3: Examples of morphemes induced from various human language datasets and
tasks.

6.4.4 Human language data

In this section we discuss the results of running CSAR on three different human language
datasets. While these datasets are not the intended domain of CSAR—and CSAR is certainly
not the best algorithm for the tasks—the point of these experiments is to demonstrate the
general effectiveness of the algorithm qualitatively (examples shown in Fig. 6.3). Since these
datasets are larger, we employed heuristic optimizations to CSAR to reduce their runtime
(described in Section E.1.3). The top 100 induced morphemes for each human language
dataset are given in Section E.5.1.

Morpho Challenge The first human language dataset we use is from the Morpho Challenge
(Kurimo et al., 2010). This dataset is a human language approximation of the task of
morpheme induction for emergent language. Concretely, the utterances are single English
words, divided up at the character level, while the meanings are the constituent morphemes.

CSAR is able to recover a wide variety of morphemes including: roots like (“ˆfire”,
{fire}), prefixes like (“ˆre”, {re-}), suffixes like (“ed$”, {PAST}), and other affixes like (“ ’ ”,
{POSSESSIVE}). While the vast majority of morphemes CSAR induces are accurate, a
handful of the lowest-weighted morphemes are spurious (e.g., (“s$”, {boy})) likely due to
inaccurate decoding earlier in the process (i.e., part of the true form for a given meaning was
included in a prior meaning).

Image captions The next dataset we employ is the MS COCO dataset (T.-Y. Lin et al.,
2015, CC BY 4.0). In particular, we take the image captions to be the utterances, treating
words as atomic units, and the meaning to be the labeled objects in the image (e.g., person,
cat).

The bulk of highest weighted induced morphemes are direct equivalents of the objects they
describe (e.g., (“cat”, {cat})). We find instances of synonymy (e.g., (“bicycle”, {bicycle}) and
(“bike”, {bicycle})) as well as polysemy (e.g., (“animals”, {cow}) and (“animals”, {sheep})).
Finally, we also observe compound forms like (“stop sign”, {stop sign}) as well as compound
meanings such as (“skier”, {person, skis}). As we go beyond the top 100 or so, the associations
between forms and meanings remain reasonable but become looser such as (“bride”, {dining
table, tie}) or (“sink”, {toothbrush}).
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Machine translation For machine translation, we use the WMT16 dataset and the
English–German split, in particular (O. r. Bojar et al., 2016). In this case, the English text
is considered to be the utterance and the German text to be the meaning, with words being
the atomic units on both sides.

As with the image caption results, the bulk of induced morphemes are direct equivalents
(e.g., (“and”, {und})). Beyond these simple one-to-one mappings, CSAR induces the polysemic
relationship (“the”, {der}) and (“the”, {die}). Finally, CSAR also picks up on multi-token
forms like (“Member States”, {Mitgliedstaaten}).

6.5 Analysis of Emergent Languages
Here we apply CSAR to a handful of emergent language environments and observe various
metrics which can be derived from the induced morpheme inventories. Although we do not
have ground-truth morphemes for these environments, we can still observe patterns in the
induced morphemes which demonstrate the diagnostic power of CSAR.

6.5.1 Environments

The selected emergent language environments span three different observation spaces: one-
hot vectors, synthetic images of shapes, and natural images of birds. Within each of the
environments, further signaling game variations are described below.

Vector observations In the vector observation signaling game (based on the EGG frame-
work (Kharitonov et al., 2019)) the agents directly observe one-hot vectors without having to
further extract representations. Specifically, we use two variants of the observation space: (1)
the standard attribute–value setting where each of 4 attributes can take on 4 distinct values
and (2) the “sparse” setting where there are 8 binary attributes which are either present or
absent. During the training of the emergent language agents, the sparse variant is identical
to the attribute-value variant (except for the number of attributes and values), but when
the corpora are passed to CSAR, the attributes with a value of 0 are filtered out, yielding
variable length meanings. Hyperparameters for both environments are given in Section E.3.1.

For both observation spaces, we also test two variations of the signaling game. The first
is the discrimination game, where the receiver must answer a multiple-choice question where
the correct observation is accompanied by multiple (incorrect) distractors. The second is the
reconstruction game, where the receiver must recreate the original observation similar to the
decoding segment of an autoencoder.

Image observations The second environment is introduced by J. Mu et al. (2021) and
uses both synthetic and natural images for its observation space. The synthetic images come
from ShapeWorld, a tool for generating images of shapes with varying properties (Kuhnle
et al., 2017) while the natural images are from the CUB-200-2011 dataset documenting
various kinds of birds (Wah et al., 2011). The meanings for these environments are discrete
attributes describing the images (e.g., “red” for ShapeWorld or “wing color: brown” for CUB)
provided with the datasets. In addition to a more standard discrimination game (termed
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reference game in this paper), J. Mu et al. (2021) also introduce the set-reference and concept
variants of the discrimination game. These variations increase the level of abstraction in the
game in order to encourage more generalizable (and compositional) languages to emerge.

Specifically, the reference game functions like the discrimination game described above
except that there are multiple target images and the sender sees both the target images and
the distractors. The receiver, in this case, must classify the each image as being target or
distractor (i.e., multi-label instead of multi-class). In the reference game, the target images
are all identical while in the set-reference game, the target images are variations of the same
object (e.g., a red triangle in different positions/rotations). Finally, in the concept game, the
target images comprise different objects sharing one or more concepts (e.g., triangular).

6.5.2 Metrics

We present a handful of quantitative metrics to act as summary statistics for the morpheme
inventories induced from the above emergent languages.

Inventory entropy Entropy (in bits) of the morphemes according to their prevalence
(probability of occurring out of all morpheme occurrences identified during induction).
We use the inventory entropy to give a rough sense of the breadth of the morpheme
inventory as CSAR can induce a large number of low-prevalence, low-quality morphemes
(whereas entropy is more robust to this). A rough translation to size is H2 ≈ equivalent
number of equally-probable morphemes.

Morpheme bijectivity Weighted mean normalized pointwise mutual information (NPMI)
of morphemes in the inventory corresponding to how “one-to-one” the morphemes
identified are; higher bijectivity corresponds to higher quality morphemes/inventory.
See Section 7.4.4 for the introduction of this metric.

Topographic similarity Correlation (Spearman’s ρ) between distances in the utterance
space and complete meaning space (Brighton et al., 2006; Lazaridou et al., 2018) of the
corpus (i.e., not based on the morpheme inventory).

Synonymy Entropy across forms for a given meaning; computed using prevalence of
forms normalized within the particular meaning.

Polysemy Entropy across meanings for a given form; as with synonymy, mutatis mutandis.
Form size Mean number of tokens in a form, weighted by morpheme prevalence.
Meaning size Mean number of tokens in a meaning, weighted by morpheme prevalence.

With the exception of inventory size and toposim, the above metrics are weighted by prevalence
which is the proportion of records from which the morpheme was ablated.

6.5.3 Results

The morpheme inventory metrics are given in Table 6.1 where they averaged across 10
runs of each environment; some examples of morphemes from the inventories are given in
Section E.5.2.

Inventory, form, and meaning size Inventory entropy along with form and meaning
size give sense of the general “shape” of the morpheme inventories—how large they are as a
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Obs
Type

Subtype Game
Type

Inven-
tory Ent.

Form
Length

Meaning
Size

Syn-
onymy

Poly-
semy

Bijec-
tivity

Topo-
sim

Vector Attr–val Discrim 6.2 2.2 1.2 1.5 0.6 0.45 0.46
Vector Attr–val Recon 4.2 1.2 1.0 0.2 0.1 0.92 0.84
Vector Sparse Discrim 5.9 1.8 1.3 2.0 0.9 0.34 0.44
Vector Sparse Recon 5.4 1.3 1.2 1.7 0.8 0.44 0.56
Image Synth Ref 4.5 1.6 1.1 1.2 0.7 0.07 0.00
Image Synth Set-ref 6.4 1.2 1.7 0.8 2.2 0.28 0.12
Image Synth Concept 6.2 1.3 1.4 1.2 2.0 0.25 0.12
Image Natural Ref 7.1 1.1 1.9 0.3 3.6 0.09 0.05
Image Natural Set-ref 6.9 1.1 1.9 0.3 3.2 0.25 0.30
Image Natural Concept 6.9 1.2 2.2 0.2 2.8 0.47 0.34

Table 6.1: Metrics (described in Section 6.5.2) across the morpheme inventories of various
emergent languages (averaged across 10 runs).

whole and what their components look like. With respect to inventory entropy, we find that
generally, the image-observation environments results in higher entropy morphemes, which
is to be expected with richer input source. On the other end of the interval, the (Vector,
Attribute–value, Reconstruction) environment shows the lowest almost matching the lower
bound of 4 bits.4

While both form length and meaning size remain small, their is a notable presence of
sizes greater than 1. For form length, this suggests that the assumption that individual form
tokens can be treated as words is not well founded; instead, the smallest meaningful units can
comprise multiple tokens. For meanings, this indicates some degree of “fusionality” where the
minimal unit of meaning corresponds to multiple atomic meanings at once and inseparably.

Inventory quality Insofar as morpheme bijectivity measures the quality of the morpheme
inventories induced, we find that the quality across most environments is medium-to-low with
only the reconstruction game with attribute–value vector observations averages above 0.5.5

Generally speaking, the bijectivity values for the vector-based environments are higher than
the those of the image-based environments, suggesting that the noiseless, pre-disentangled
observations result in languages which are more easily captured by CSAR. The reference
games in the image-based environments show especially low bijectivity potentially, in part,
because the communication can reference low-level observation features without significant
pressure towards generality.

Synonymy and polysemy Synonymy and polysemy, taken together, naturally correlate
with morpheme bijectivity as the former metrics test for unidirectional correlation (e.g., how
informative is a form for various meanings) while NPMI (the basis for bijectivity) takes

4Since this environment as 4 attributes which can each taken on 4 values, that would correspond to
4 · 4 = 16 unique, equiprobable morphemes (order-dependence notwithstanding), corresponding to log2 16 = 4
bits of entropy.

5See Fig. 7.5 for a sense of the relationship between morpheme bijectivity and empirical inventory quality.
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bidirectional correlation (i.e., do a form and meaning correlate with each other exclusively).
Empirically, the vector-based environments have more synonymy than polysemy while the
image-based have this pattern reversed. Our initial hypothesis would be that synonymy
would exceed polysemy insofar as polysemy incurs a cost with respect to communicative
efficacy (i.e., ambiguity) while synonymy does not. That being said, the fuzzier relationship
between the observations and the semantics in image environments (since it is a lossy
conversion) compared to the one-to-one relationship between meanings and observations in
the vector-based environments may explain part of the unexpected behavior.

Compositionality We find that morpheme bijectivity and toposim are relatively well
correlated in our quantitative analysis, as is expected since they both aim to be measures
of compositionality. On the other hand, we do not find any notable correlation between
bijectivity/toposim and meaning size which could also be viewed a measure of compositionality;
viz. fewer meaning components per morpheme correspond with a more one-to-one relationship
between forms and atomic meanings (cf. holistic languages with many meaning components
per form). The bijectivity–toposim correlation is also reflected in the progression from
reference to set-reference to concept games in the image-based environments: not only does
the toposim generally increase moving along the game progression (as presented in J. Mu
et al. (2021)) but the morpheme bijectivity as well. This gives even stronger evidence for
claims of J. Mu et al. (2021) as morpheme bijectivity is argued to be a better measure of
compositionality than that of toposim (Section 7.5.5).

6.6 Discussion
Due to CSAR’s strong performance and easy application to a wide variety of emergent
language environments, it would be a valuable addition to the standard toolkit of emergent
language analyses. In particular, it helps fill a gap of environment-agnostic methods for
interpreting the ways that emergent languages convey meaning—a perennial question in
the field. Down the road, this opens up research questions concerning the evolution of
meaning in emergent language, such as those discussed in Brighton (2003), but with the
ability to deal with the larger scale and particular difficulties of deep learning-based emergent
communication.

Furthermore, morpheme inventories are a foundation for higher-level linguistic analyses of
emergent language like inducing their syntactic structure. To skip the morpheme induction
step would be comparable to attempting to understand the grammatical role of the letter
C in English. Such analyses of the syntax of emergent language and beyond are critical to
understanding how emergent and human language are similar and how they are different.

6.7 Conclusion
CSAR presents a strong platform for investigating the morphology of emergent language,
demonstrating the ability to find minimal form–meaning pairs in both procedural and human
language data. Given the morpheme inventory of an emergent languages we can not only
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analyze phenomena like synonymy and polysemy but also the typological features of emergent
languages, determining which human languages they most closely resemble, if they resemble
any. Such a study of morphology forms the foundation for the more general study of the
linguistic features of emergent language and unlocks the door to the insights they can provide
us about human language.

6.8 Limitations
Greed is not always good While the greediness of CSAR does simplify induction (con-
ceptually and implementation-wise), improve runtime, and provide good partial inventories,
it suffers from the same limitation inherent to greedy algorithms: it can get trapped in local
optima. For example, it is possible to construct corpora for which a greedy approach is
“misled” since certain heuristics require revision based on information encountered later in
the induction process (e.g., preferring smaller versus larger forms).

We did consider non-greedy approaches to morpheme induction but ultimately decided
not to pursue them in this work because (1) the greedy approach itself demonstrated strong
performance and (2) initial attempts at non-greedy approaches (e.g., tree search) yielded
intractable runtimes. For example, an error due to greediness might select morpheme B
before morpheme A because B had a higher weight while A was ultimately correct. To
select A instead of B, the morpheme candidates would have to be reordered which, without
an efficient way to propose these order, worsens the time complexity from O(nc) to O(n!).
Related algorithms use iterative approaches (IBM models and Morfessor) or search (Brighton,
2003) to avoid the local minima that trap greedy approaches. Future work could incorporate
such methods to improve upon the performance of CSAR for morpheme induction.

Bias towards smaller forms and meanings In light of the greedy approach, a further
limitation of CSAR is its bias towards smaller forms and meanings due to the fact that
mutual information is intrinsic bias towards frequently appearing forms and meanings (n.b.:
smaller forms necessarily appear as or more often than larger, composite forms. While this
bias is beneficial where emergent languages are genuinely decomposable into smaller units, in
languages which do not decompose effectively, CSAR induces low quality inventories (i.e.,
having low morpheme bijectivities) with small forms and meanings rather than inducing
more bijective inventories with holistic meanings (i.e., larger forms and meanings). Some
heuristics balancing mutual information and bijectivity could address this while maintaining
greediness, but ultimately non-greedy approaches might be necessary.

Limited emergent language data The other limitation of this paper relates to the type
and breadth of emergent language data. In terms of type, since we do not have ground
truth morpheme inventories for emergent language, we cannot directly evaluate CSAR’s
performance on the target domain (hence the validation with procedurally generated and
human languages). In terms of breadth, without a larger and more representative sample
of more systematically generated data we are unable to make definitive claims about the
patterns and trends of morpheme inventories in emergent languages.
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Communicating with Induced
Morphological Phrasebooks

Abstract

We build rule-based emergent language (EL) agents using induced morphological phrase-
books and test their communicative performance in the EL environment with its neural
network agents. This contributes three things: First, it assesses the quality of the mor-
phemes discovered by the induction algorithm in situ, which we find to be effective for
communicating in the EL. Second, it allows us to uncover morphosyntactic properties of
EL through ablating the morpheme induction and the phrasebook algorithms, showing
that the ELs rely on repetition as well as morpheme ordering to convey meaning. Third,
we find that the bijectivity of morphemes (measured via normalized pointwise mutual
information), serves as a metric of compositionality that is more closely correlated with
the ability of the phrasebook-agents to “speak” and “hear” an EL than existing metrics
such as topographic similarity or bag-of-symbols disentanglement.1

7.1 Introduction
Deep learning-based emergent language (a.k.a. emergent communication) presents a fasci-
nating way to study the origins and development of human language by observing how the
interplay of functional pressures and inductive biases produce communication systems. Yet a
major challenge in studying emergent languages is interpreting how they convey meaning—
neural networks may invent communication systems which lack features of human language.
Thus, a primary goal of emergent language research has been to investigate the linguistic
structures present in emergent languages from morphology to semantics to syntax and how
they compare with those of human language (Wal et al., 2020; Ueda et al., 2022, Chapter 2).

One technique introduced to discover the morphology of emergent language is CSAR
(Chapter 6), an algorithm which induces morphemes (minimal form–meaning pairs) from an
emergent language corpus of messages and their accompanying semantics. CSAR was initially
validated on human and procedurally generated languages, yet its effectiveness on emergent

1Based on “Communicating in Emergent Language with an Induced Morphological Phrasebook” under
review in the January 2026 cycle of the Association for Computational Linguistics (ACL) Rolling Review.
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Observation
[3 2 1 2]

Neural Net
Sender

"4 4 3 3 1 1 1 1"

Phrasebook
Sender

"4 4 1 1 1 1 3 9"

Neural Net
Receiver

Answer: [3 2 1 2]

Neural Net
Receiver

Answer: [3 2 1 2]

=

Phrasebook
[3...]→ "3"
[.2.2]→ "1 1 1 1"
[..1.]→ "4"
[...2]→ "9"

Figure 7.1: Main experimental setting where we compare a phrasebook-based agent with the
original neural network-based sender. We also experiment with a phrasebook-based receiver.

languages was not tested due the unavailability of “ground truth” morphemes in emergent
languages. To address this shortcoming, we test the morphemes induced by CSAR in situ
by constructing algorithms to “speak” and “hear” emergent languages using the induced
morpheme “phrasebooks” (illustrated in Fig. 7.1). These phrasebook-based agents are built
on the assumption that the emergent language is concatenatively compositional, that is, that
we can compose the meanings of morphemes by concatenating their forms into a message.

Analyzing the effectiveness of these phrasebook-based agents communicating in emergent
language provides two insights. First, it reveals whether or not CSAR is uncovering a
meaningful mapping between form and meaning for the emergent language, and, as a
consequence, can serve as a good foundation for subsequent study of the structure of emergent
languages. Second, it serves a probe into the morphosyntactic properties of emergent language
(when we vary the morpheme induction and phrasebook algorithms).

Finally, with these results, we propose a new compositionality metric: morpheme bijectivity,
defined as the weighted average of morphemes’ normalized pointwise mutual information as
induced by CSAR. This metric correlates better with the ability of the phrasebook-based
agents (which presuppose compositionality) to use emergent language than existing metrics
of compositionality like topographic similarity or bag-of-symbols disentanglement.

Impact Beyond validating the performance of CSAR and characterizing the morphosyntax
of a particular set of emergent languages, this paper provides a more general paradigm for
more principled evaluation of the linguistic features of emergent languages. That is, by
constructing a procedural method for speaking and hearing the emergent language, we can
directly probe for its various morphological and syntactical properties. This is much more
akin to the process in linguistics of proposing theoretical models and testing their predictions
than prior approaches in emergent language. As a whole, this paper, then, moves emergent
language research closer towards its goal of discovering the nature of human language.

Structure Section 7.2 discusses prior work most relevant to this paper. Section 7.3 presents
an overview of the environments, agents, and algorithms uses in the experiments. Section 7.4
briefly specifies the experiments and their results with a robust discussion in Section 7.5. The
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conclusion, discussion of limitations, and ethical considerations are presented in Sections 7.6
to 7.8, respectively.

7.2 Related Work
For a general overview of deep learning-based emergent language see Lazaridou et al. (2020).
Generally speaking, this work builds on top of the morphological investigations into the
structure of emergent language presented in Chapter 6 and ties in with other approaches,
including Ueda et al. (2023), Lipinski et al. (2024), Carmeli et al. (2024), and Gilberti et al.
(2025).

Levy et al. (2025) addresses the task machine translation of emergent communication
into human language; namely, they employ unsupervised neural machine translation to
translate image captions between emergent and human language. This is analogous to
how we translate between emergent language messages and semantics, although we focus
on white-box algorithms instead of deep learning methods. The morpheme induction and
phrasebook algorithms assume compositionality in the emergent languages, and as such,
intersect with prior work discussing the link between compositionality and generalization
in emergent language (Chaabouni et al., 2020; Kharitonov et al., 2020a; Xu et al., 2022).
Galke et al. (2024) discusses the relationship between compositionality in emergent language
and its learnability by deep learning techniques analogous to our study of the learnability by
statistical and rule-based methods.

The phrasebook-based agents we propose are, in effect, a rule-based machine translation
(RBMT) system (e.g., Forcada et al. (2011)) where the language pair is the message and
observation spaces of an emergent language, although the comparative simplicity of emergent
language and its divergence from human language admit limited applicability of prior
approaches from RBMT techniques with human language.

7.3 Methods
The code for this paper available under a free license at http://example.com/supplemental-m

aterials-for-review.

7.3.1 Environment

The emergent language environment we use for our investigation is the reconstruction variant
of the signaling game (similar to Chaabouni et al. (2019a) and Chaabouni et al. (2020)). The
reconstruction game comprises two agents, a sender and a receiver. The sender makes an
observation and produces a message which the receiver must use to reproduce the original
observation (without any additional input); this can be seen as mimicking an autoencoder
architecture where the central bottleneck layer is a sequence of discrete symbols. We select
the reconstruction game because it in addition to being well-studied in literature, it provides
a clear way of testing generalization via a held-out test set. Our implementation is based on
the EGG framework (Kharitonov et al., 2019, MIT license).
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In our implementation, the observations are a concatenation of one-hot vectors, which
each represent a distinct attribute taking on a particular value. For example, if we have a
game where observations comprise 2 attributes which can each take on one of 3 values, we
would resent the observation [0 2] as follows:

[
0 2

]
→

one-hot

1 0
0 0
0 1

 →
flatten

[
1 0 0 0 0 1

]
,

with the concatenated one-hot vector being the input to the sender and desired output
from the receiver. The messages in our environment are represented similarly: sequences of
tokens represented as one-hot vectors (although the one-hot vectors are not concatenated
because they are processed sequentially). Observations are sampled uniformly from all of the
possible combinations of values for each attribute. Agents only see a subset of these possible
observations at training time with the rest being held out for a test set.

7.3.2 Morpheme induction

Morpheme induction is the process of inferring minimal, meaningful form–meaning pairs
from a corpus of messages with their accompanying meanings (i.e., an annotated corpus).
Messages are taken to be sequences of atomic tokens while the accompanying meanings are
represented as sets of atomic meaning tokens. Forms, in this case, are subsequences of tokens
and meanings are subsets of the observation made by the sender. A given form–meaning
pair is meaningful if the form and meaning correspond to each other in the language and
minimal if the pair cannot be further decomposed into simpler pairs while maintaining the
same meaning.

We use the CSAR algorithm to induce morphemes from the annotated emergent language
corpora produced by the emergent language game (Chapter 6). Its outline is:

C ount co-occurrences of forms and meanings.
S elect pair with highest mutual information.
A blate selected pair from corpus.
R epeat process, starting at Count.

The intuition is that form–meaning pairs with high mutual information both correlate well
with each other as well as occur frequently within the corpus.

7.3.3 Agents

Neural networks The sender agent comprises two fully-connected embedding layers,
separated by a tanh activation, mapping from the observation to the embedding space which
is given to an RNN to produce the message. The discrete vocabulary items are sampled
using a Gumbel-Softmax layer (Maddison et al., 2017; Jang et al., 2017) before being passed
to the RNN of the receiver agent, follows by two full-connected layers, as in the sender.
The agents are trained on a mean-squared error objective. When the exact-match training
accuracy reaches 99.99%, either the sender or receiver’s parameters are reset to encourage
better generalization (by default the receiver is reset twice before concluding training after
reaching the accuracy threshold) (F. Li et al., 2019).
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Algorithm 1 Outline of sender algorithm

1morpheme :: tuple
2form :: list[int]
3meaning :: set[int]
4weight :: float
5# Sorted by weight, descending
6inventory :: list[morpheme]
7observation :: set[int]
8max_length :: int
9
10message :: list[int]
11while True:
12meanings_left = observation
13for morph in inventory:
14if morph.meaning ⊆ meanings_left:
15meanings_left -= morph.meaning
16message.extend(morph.form)
17if len(message) ≥ max_length:
18return message
19if meanings_left is empty:
20break # out of for loop

We use two different types of neural network-based agents in our empirical evaluation
which we term online and offline. The online agents are simply the neural networks that were
trained as part of the original emergent language environment, which means that the sender
and receiver were jointly optimized and gradients backpropagated from receiver to sender.
The offline agents, on the other hand, are trained directly from the annotated corpora in a
fully supervised setting. Thus, the offline agents do not receive any additional information or
benefit from joint optimization compared to the phrasebook-based agents which also operate
based only on the annotated corpora.

Phrasebook The phrasebook agents map from observations to messages (senders) or
messages to observations (receivers) by executing an algorithm given the morpheme inventory
(“phrasebook”) induced by CSAR. Both algorithms are founded on the assumption that the
emergent languages are concatenatively compositional over morphemes; that is, the meanings
present in morphemes can be combined by concatenating their corresponding forms.

The sender uses a greedy algorithm (Algorithm 1) which loops over the morphemes in the
phrasebook from best to worst; when a morpheme’s meaning is a subset of the observation,
the corresponding form is added to the message under construction. The morpheme’s meaning
is them ablated from the observation, and the loop continues until all the meanings are
matched or the message reaches the maximum length permitted by the environment. If the
observation is exhausted before the max length is reached, the observation is reset to the
original value and algorithm repeats from the beginning of the morpheme inventory. This
results in multiple of the highest-weighed morphemes being employed in the message (this
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Algorithm 2 Outline of receiver algorithm

1# Sorted by weight, descending
2inventory :: list[morpheme]
3message :: list[int]
4attributes :: list[set[int]]
5
6# Cumulative weight of each meaning
7meanings :: map[int, float]
8for morph in inventory:
9n = count_matches(message, morph.form)
10for m in morph.meaning:
11meanings[m] += n * morph.weight
12# Max-weighted value for each attribute
13observation :: set[int]
14for attr in attributes:
15observation += argmax(meanings ∩ attr)
16return observation

turns out to be critical to phrasebook sender performance; see Section 7.5.3). When the
maximum message length is reached, the morphemes are reordered by ascending positional
affinity before being concatenated. Positional affinity is defined as the mean start index of
that morpheme across the input corpus.

We also implement more sophisticated algorithms for constructing messages from an
observation: best-first search and integer programming (used in the ablation experiments
and briefly described in Appendix F.2).

The receiver algorithm (Algorithm 2) follows the same basic idea as the sender. The
morphemes are looped over, testing to see if a morpheme’s form is a subsequence of the
message. If it the form is contained in the message, the morpheme’s meaning is added to a
meaning accumulator proportional to the morpheme’s weight and the number of occurrences
in the message. Unlike the sender, the form is not subtracted from the message, and the
algorithm proceeds through the whole phrasebook only one time; thus, a sort of superposition
of all matching morphemes is considered. After the phrasebook is exhausted, the final
meaning is determined by taking the index of the max accumulator value for each attribute.

7.4 Experiments
In this section, we describe the experiments performed and give their results with a full
discussion and analysis of the results in Section 7.5. See Appendix F.3 for details on computing
resources used.

7.4.1 Phrasebook vs. neural network agents

We begin our empirical evaluation by comparing the performance of the phrasebook-based
agents with the online and offline neural network-based agents across ∼1200 seeds of the
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Figure 7.2: Accuracies across ∼1200 random seeds for various agent pairs. Online and Offline
are the neural network-based agents, while PB refers to the phrasebook-based agent.
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Figure 7.3: Accuracy plot for loss function ablation experiment. Full plots in Appendix F.6.

reconstruction game (Fig. 7.2). We look at exact-match accuracy on train and test sets
for the original online–online setting as well as to and from the offline and phrasebook
agents. This setting uses 4-attribute, 4-value observations which means that random chance

performance is
1

44
≈ 0.4% (see Appendix F.1 for further hyperparameters). Some qualitative

examples of inventories and messages sent by the neural sender are given in Appendix F.4.
A quantitative summaries of the morpheme inventories (e.g., inventory size, synonymy) is
included in Appendix F.5.

7.4.2 Environment ablation

We follow up our primary evaluation of our phrasebook-based agents with variations of the
hyperparameters of the emergent language environment (and the online agents) to determine
what environmental factors make emergent languages more or less intelligible to morpheme
induction and the accompanying phrasebook agents. An example of the results is shown in
Fig. 7.3 with all results given in Appendix F.6. Each setting was run for 100 random seeds
(some settings had fewer than 100 runs converge in the initial training).

In particular, we vary the following hyperparameters in the environment and online
agents:
n attributes, n values (default: (4, 4)).
test proportion Proportion of possible observations held out for the test set (default: 10%).
vocabulary size Number of distinct types usable in a message (default: 64).
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Figure 7.4: Accuracy plots various for repeat morpheme phrasebook sender ablation. Full
plots in Appendix F.7.

max message length Maximum number of tokens in a message; padded with end-of-
sentence token if less than max (default: 8).

GS straight through Use a stochastic one-hot vector during the forward pass through the
Gumbel-Softmax layer (default: no).

Agent reset schedule Sequence of sender/receiver resets during training (default: (receiver,
receiver)).

Reset optimizer parameters Reset Adam optimizer parameters along with the agent
parameters during reset (default: yes).

RNN cell type Which RNN cell type to use (Elman, LSTM, GRU; default: GRU).
loss function Which loss function to train the online agents with (cross-entropy or mean

squared error; default: MSE).
n embedding layers Number of fully-connected layers before/after the sender’s/receiver’s

RNN (default: 2).
n RNN layers (default: 1)

7.4.3 Phrasebook agent ablation

In this section we test ablations and variations of the morpheme induction process as well as
the phrasebook sender and receiver algorithms. These variations will elucidate what aspects
of the algorithms and morphemes are most salient to using the emergent language. An
example of the results is shown in Fig. 7.4 with all results given in Appendix F.7.

In the morpheme induction algorithm we vary:
max inventory size Use the top-k morphemes for the inventory (default: k = ∞).
max form length Consider forms up to length l (default: l = ∞).
max meaning size Consider meanings up to size s (default: s = ∞).
weight method What probabilistic metric to use in selecting weighting and selecting

morpheme candidates (default: mutual information); other methods given in Appendix F.7.
strip EoS token Remove the padding/end-of-sentence token from messages before induction

(default: yes).
search best Apply a lookahead heuristic in ablating ambiguous morphemes (default: yes).

In the phrasebook sender we vary:
morpheme selection method Whether to use greedy algorithm (default) for selecting

morphemes, search, or integer programming.
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(a) Corpus topographic similarity (R2 = 0.57)
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(b) Morpheme bijectivity (R2 = 0.85)

Figure 7.5: Plot of two different potential predictors of phrasebook sender (blue) and receiver
(orange) accuracy: corpus topographic similarity (top) and mean NPMI of morphemes
(bottom).

form order How to order the forms in the message (default: affinity); other method includes
insertion order (no reordering) and shuffled (at the morpheme level).

repeat morpheme Permit repetitions of the same morpheme (default: yes); if no, exit
after all meanings are accounted for.

ablate meaning Track meaning atoms remaining in the observations (default: yes); if no,
perform a single pass through the inventory and apply any matching morpheme (increases
diversity of morphemes used).
In the phrasebook receiver we vary:

ablate form Mask out form tokens as they are matched with morphemes (default: no); if
no, match all morphemes in the inventory that apply.

idempotent form Ignore repetition of the same morpheme in a message (default: no);
analogous to repeat morpheme for the sender algorithm.
Each variation is applied to the base configuration independently and is tested against

the same 100 corpora generated with different random seeds.

7.4.4 Compositionality

In our final experiment, we investigate how the performance of the phrasebook agents
correlates with topographic similarity and a compositionality metric we introduce, morpheme
bijectivity (Fig. 7.5).We also tested bag-of-symbols disentanglement (Chaabouni et al., 2020)
and a mutual information-based variant of the morpheme bijectivity metric (Fig. F.7). These
metrics are computed reusing the training corpora and phrasebook agent accuracies from
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the environment ablation experiments (Section 7.4.2) in order to test against a wider variety
of languages and phrasebook agent performances.2 Since the independent variable values
(i.e., toposim and intrinsic inventory metrics) are not evenly distributed, we employ stratified
sampling across 5 buckets to avoid overweighting the most prevalent buckets.

Topographic similarity (a.k.a., “toposim”) (Brighton et al., 2006; Lazaridou et al., 2018)
is the most popular metric of compositionality in the emergent language literature and is
defined as the Spearman rank correlation coefficient (ρ) between pairwise distances in the
observation space and distances in the message space. We use Levenshtein distance as the
metric for the message space and Hamming distance for the observation space (since the
observations are represented by sets of a fixed size).

We compare toposim with a new metric, morpheme bijectivity, derived from CSAR’s
morpheme inventory. Morpheme bijectivity is defined as the mean normalized pointwise
mutual information3 (NPMI) weighted by the prevalence4 of morphemes in the inventory
given by CSAR. The intuition with mean NPMI is that morphemes with higher NPMI’s (i.e.,
closer to having a one-to-one relationship) result in observation–message mappings that are
less ambiguous and easier to process.

7.5 Discussion

7.5.1 Communicating in emergent language

We observe (in Fig. 7.2) that the online–online parings perform near 100% accuracy on
training and test data with few outliers. Both the offline sender and offline receiver perform
almost as well, though with a marked decrease on the test data; this shows that most—though
possibly not all—of in the information necessary for generalizing to the test data is is available
in the annotated corpora alone (cf. the online agents “overfitting” to each other).

The phrasebook-based agents, while underperforming the neural network-based agents,
perform quite well with median scores of 100% on the test set and seldom falling below
80%. This, in turn, confirms the primary premise in question in this paper: it is possible
to communicate in emergent language with phrasebook agents derived from an induced
morphological inventory. Nevertheless, it is very easy to distinguish between the messages
generated by the neural sender compared to the phrasebook sender (Appendix F.4); the
former is more varied in both its morpheme selection and its order compared to the rigid
message structure of the phrasebook sender.

7.5.2 Robustness of morpheme induction and phrasebook agents

Varying the hyperparameters of the emergent language environment and the online agents
allows us to get a fuller picture of how the morpheme induction, sender, and receiver

2We exclude variations on the hyperparameters n values, n attributes, and test proportion because they
skew the relative difficulty of the reconstruction game.

3Computed for form–meaning pairs before any ablations.
4The joint probability of the form–meaning pair after previous ablations are applied.
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algorithms perform (Figs. F.3, F.4 and 7.3). We categorize the results by the online and
phrasebook agent performances:

High online, high phrasebook Both the online agents and the phrasebook agents perform
well (>80%)5, suggesting that generalization is achieved by the online agents employing
a method interpretable to both sender and receiver phrasebook agents. This includes the
majority of the settings we tested in our ablations suggesting a fair degree of robustness to
variations in the hyperparameters of the environment.

Low online, low phrasebook Both the online agent and the phrasebook agents struggle
to generalize well (even after the online agents converge on the training set). These settings
include nattribute = 2 (0%) and nvalue = 2 (0%) and, to a lesser degree, a test proportion of
75% ([30%, 45%]). The results on these settings are expected insofar as the online agents
serve as an upper bound for phrasebook agent performance, that is, the phrasebook agents
cannot somehow generalize beyond what possible in the original language.

High online, low phrasebook The online agents maintain a high test performance
while the phrasebook agents significantly underperform the online agents; the most notable
examples of this are the non-GRU RNN cell type ([90%, 100%] vs. [15%, 35%]), cross-entropy
loss (95% vs. [5%, 15%]), and a vocabulary size of 4 (100% vs. 5%). These setting highlight
the fact that the online agents are capable of generalizing to unseen observation in a way that
is largely opaque to the morpheme induction algorithm and/or the phrasebook algorithms,
that is, in a way that violates the assumption concatenative compositionality. For example,
in the case of a small vocabulary, size it would not be possible to create a one-to-one
mapping between specific types in the vocabulary and specific values for specific attributes.
Two alternatives for conveying meaning include: (1) double articulation where groups of
meaningless form tokens comprise meaningful “words” and (2) the semantics of individual
types exist in an entangled, non-linear embedding space which neural networks can learn but
CSAR cannot. Although further investigation would be required to determine if either of
these two cases hold.

7.5.3 Morphosyntax in the ELs

Looking at the performance variations in response to changing parameters of the induction
and phrasebook agents, we can infer various properties about the morphology and syntax of
the emergent languages in question. With respect to the morpheme induction, we see two
subtle patterns: (1) performance goes slightly up when increasing the max meaning size from
1 to 2 (Fig. F.5) and (2) performance goes slightly down with max form length increasing
above 1 (Fig. F.5). The former pattern suggests that the emergent languages show some
small degree of fusionality/cumulative exponence, while the latter indicates that considering
multi-token forms is not relevant to the morphology of the emergent languages.

Turning our attention to the variations in the sender algorithm, we see that one of the
most important factors in high performance is permitting the repetition of morphemes. When

5Parenthesized numbers are median accuracies.
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the algorithm employs just a single morpheme per meaning atom, the performance is notably
worse (with a median accuracy of 60% instead of 100%; Fig. F.6). Similarly, when the sender
algorithm does not ablate meanings and uses subsequent lower-weighed morphemes for a given
meaning atom in addition to the higher weighed meanings (i.g., meanings are not ablated),
performance drops (Fig. F.6). These observations suggest that repetition of highly-weighted
morphemes is a meaningful morphosyntactic feature of the emergent languages studied.

In addition to the importance of repetition, we also found the order of morphemes had
a notable impact on the sender agent’s performance, with performance decreasing when
we perturb morphemes from their preferred place in the message (i.e., the affinity method;
Fig. F.6). This indicates a syntactic rule (albeit a simple one) that governs how morphemes
should be combined. Finally, the variations on the receiver algorithm did not have large
impacts on the phrasebook agent performance (Fig. F.6).

7.5.4 Relationship to Distributed Morphology

The sending algorithm (assigning forms to a given meaning) is paralleled by spell-out from
Distributed Morphology (Halle et al., 1993). In Distributed Morphology, spell-out is the
process of realizing features which, in the terminology used in this paper, is roughly analogous
to selecting forms given the complete meaning of the observation. In both spell-out and the
sending algorithm, the goal is to map a collection of abstract meanings to observable elements
(e.g., phonemes in human language, message components in emergent language). Given this
parallel, the sending algorithm presented above conspicuously ignores the Elsewhere Principle
(Anderson, 1992) (something key to Distributed Morphology) when resolving conflicts between
multiples potential mappings of meanings to forms. Namely, the Elsewhere Principle (a.k.a.
Maximal Subset Condition) states that the morpheme with the greatest number of matching
meanings is to be applied first, blocking subsequent application of less specific morphemes
(e.g., given the meaning {solid, red, circle}, a morpheme meaning {solid, red} has precedence
over simply {red}). The sending algorithm, on the other hand, resolves conflicts by selecting
the morpheme with the highest weight (viz. mutual information).

This difference in procedure is motivated by a difference in the nature of the morpheme
inventories induced by CSAR and those of human language. In the case of human languages,
the relationship between form and meaning described by a morpheme is construed as binary:
either a form–meaning pair is meaningfully related, or it is not. In contrast, CSAR works
from a more statistical paradigm where form–meaning pairs can have degrees of relatedness
(cf. NPMI and morpheme bijectivity). Thus, in the case of morphemes with variable degrees
of “strength” in their form–meaning relatedness, this strength is more salient in producing
effective utterances than the specificity of the morphemes (maximality of their meaning).

7.5.5 Compositionality in emergent language

Compositionality is one of the most talked about topics in emergent language research, and
the in situ experiments with phrasebook agents provide a uniquely in-depth investigation
of this phenomenon. Namely, the morpheme induction algorithm and phrasebook agents
are built on the following assumption: the meanings forming the observation correspond to
substrings of the message in a disentangled way, such that the substrings can otherwise be
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recombined independently of each other while retaining their original meaning. This aligns
closely with the typical definition of compositionality in emergent language, namely that
“[t]he meaning of a compound expression is a function of its parts and of the way they are
syntactically combine” (Partee et al., 1984), where syntactic combination is operationalized
as concatenation of the forms in emergent language.

Essentially, the phrasebook agents should perform well if and only if (1) the emergent
language is concatenatively compositional, (2) the morpheme induction algorithm actually
induces meaningful morphemes, and (3) the sender and receiver algorithms sufficiently capture
the syntax of the emergent language. Insofar as we assume (2) and (3) to be true, we can
use the performance of the phrasebook agents as a proxy for compositionality. This notion of
compositionality is deeper than more familiar metrics like topographic similarity because
it not only takes into account the externally visible correlations between observations and
messages but also tests these correlations with the original emergent language speakers and
hearers (i.e., the online agents). We could, in a way, see these experiments being closer to
“field linguistics” compared to the “corpus linguistics” approach of toposim. Continuing the
analogy: field linguistics is more resource intensive than corpus linguistics, and likewise for
testing phrasebook agents in situ compared to computing toposim.

Yet, we find that morpheme bijectivity addresses the shortcomings of both measures of
compositionality: First, it is more predictive of phrasebook agent performance than toposim
(Fig. 7.5; R2 = 0.86 vs. R2 = 0.57).6 And second, it can be computed with only the annotated
corpus, not needing access to the original emergent language environment.

Compositionality without generalization An ancillary finding of the experiments
across different environments is that they provide further evidence for the notion that neural
network agents do not need to use concatenative compositionality to in order to generalize
(Kharitonov et al., 2020a). Indeed, in the majority of our settings, we see that the performance
of the online and phrasebook agents are relatively matched, suggesting that compositionality
corresponds with generalization performance. But in certain settings (e.g., cross-entropy loss,
Elman and LSTM RNN cells, and a small vocabulary size of 4; Figs. F.3 and F.4), there is a
clear bifurcation: the online agents generalize well while the phrasebook agents do not (and
even have trouble fitting the training data). This shows that the neural network agents are
capable of compositional as well as non-compositional generalization and may favor one over
the other for non-obvious reasons (cf. GRUs vs. LSTMs). Furthermore, the lower correlation
of toposim with phrasebook agent performance suggests that it might not be the best metric
for detecting such instances of non-compositionality in comparison to the higher predictive
power of morpheme bijectivity derived from CSAR.

7.6 Conclusion
The above experiments have demonstrated the effectiveness of CSAR and the phrasebook
algorithms as foundations for studying the morphological and syntactic structures of emergent
language. Beyond the particular languages studied here, the methods presented demonstrate

6Bag-of-symbols underperforms both of these as a predictor with R2 = 0.29 (Fig. F.7).
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a more general paradigm of investigating the linguistic features of emergent languages by
ablating explicit models of communication and testing them in situ. Such an approach is
better grounded in the use of the emergent language itself rather than merely hypothesizing
about the relationship between surface-level features and their relationship with the language
itself. With the tools and techniques presented in this paper, the field of emergent language
is better equipped to explore the nature of human language.

7.7 Limitations
We identify the following primary limitations in our work:

1. The phrasebook sender and receiver algorithms were designed more or less heuristically
rather than being motivated by some particular feature of how the online agents convey
meaning in emergent language. A more principled design approach, grounded in how
the neural network agents express meaning, could yield even better performance for
the phrase-book agents.

2. We have performed limited qualitative of evaluation of the emergent languages, and
in particular the strategies used by the online neural network agents to generalize
without simple compositionality. Observing the emergent languages more closely is an
important step into figuring out precisely why morpheme induction and/or phrasebook
algorithms fail while the neural networks succeed.

3. Although the methods we present are applicable to a wide variety of emergent language
environments, the empirical evaluations were performed with a limited variety of
environments, so it is not possible to determine whether or not the experimental results
are fully applicable to other environments from the presented experiments alone.

4. The morpheme bijectivity metric is limited to the emergent languages that CSAR
can handle, specifically emergent languages with discrete, decomposable observations.
While CSAR, and thereby morpheme bijectivity, could theoretically be expanded, it
currently cannot be applied to continuous observations.

7.8 Ethical Considerations
We do not identify any ethical considerations or potential risks relevant to this work as it
constitutes basic machine learning and linguistics research using synthetic data.
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Chapter 8

Conclusion

This thesis has established methods for finding order in the chaos of emergent language research
at both the micro and macro level. The micro level of emergent language research concerns
the analysis of particular emergent language environments, discerning what characteristics
may or may not be present in the utterances and behaviors of the agents. The macro level of
emergent language research concerns the broader direction of the field and meta-analysis of
contributions across many environments and approaches. These levels are interrelated as the
difficulty of interpretation at the micro level is reflected in the macro level; thus, it has been
necessary to address both at the same time.

8.1 Impact

8.1.1 Bringing order to the micro level

XferBench and CSAR present novel analytical algorithms for investigating emergent languages
as they are both applicable to a wide variety of environments and grounded in the ultimate
goals of emergent language techniques. Both algorithms have been designed with large-scale
quantitative analysis in mind where many emergent languages can be searched over for
interesting structures with minimal human input. Such scale is necessary given the vast
design of space of emergent languages and the difficulty of finding structure within them.
Thus, these methods can serve as a first line of analysis to contextualize the otherwise difficult
to interpret output of emergent language simulations.

XferBench and engineering applications XferBench is specifically tailored to advancing
emergent languages towards applications in engineering, particularly those in which emergent
languages act as synthetic human language data. For any given emergent language, it
immediately gives a sense of how well it would function as synthetic human language data.
For simpler emergent languages, this correlates with factors such as the distribution of tokens
but could eventually indicate higher levels of structure like syntax for more sophisticated
emergent languages. The results of XferBench, for example, can then be used to select
hyperparameters which encourage realism (as in Chapter 5) or filter out emergent languages
which fail to even produce realistic distributional patterns.
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CSAR and linguistic applications CSAR, on the other hand, is oriented more directly
toward the linguistic applications of emergent language research. Naturally, taking stock
of the morphology of an emergent language factors into the analysis of further linguistic
structures like lexical distributions and strategies for conveying meaning. But apart from
explicitly linguistic applications, CSAR’s qualitative and quantitative outputs can serve as
a sort of preview and statistical summary of an emergent language, far more interpretable
compared to the labor-intensive and often ineffectual process of trying to decode an emergent
language by hand.

8.1.2 Bringing order to the macro level

On the larger scale, this thesis enables the direct comparison of emergent languages from
disparate environments, the same way we would expect any two neural architectures to be
comparable on a given task. Again, due to the unique challenges of emergent language,
methodologies that can be taken for granted in other areas of machine learning require
particular attention as has been done in this work. The result, though, is a field of research
that can be more familiar at the meta level: cumulative, incremental findings which gradually
reveal the most effective approaches and eventually yield major breakthroughs.

XferBench and engineering applications Beyond the analysis of individual environ-
ments, XferBench demonstrates the potential to compare statistical realism across many
different varieties of environments. This would direct the field towards environmental innova-
tions which genuinely increase realism while pruning design choices which add complexity
without a corresponding benefit. XferBench, then, provides an opportunity for hill-climbing
towards more useful emergent languages for downstream tasks. Furthermore, the fact that
XferBench is automated and quantitative encourages larger-scale analysis, that is, looking
across hundreds or even thousands of emergent languages in a given study, decreasing statis-
tical noise as well as avoiding results that are peculiar to specific hyperparameters. These
improvements to the methodology of emergent language have at least some potential to
harness some of the success that has characterized the broader field of deep learning.

CSAR and linguistic applications CSAR makes emergent languages more amenable to
the kinds of analysis that we see in classical emergent language which often presuppose access
to meaningful units (as opposed to mere meaningful unit components in a doubly articulated
communication scheme). This, in turn, can replace somewhat shaky assumptions like “one
token equals one word” that linguistic analyses on emergent languages were previously forced
to make. Establishing the presence of such basic structures in emergent languages is a critical
step in better aligning the paradigms of classical and deep learning-based emergent language.
A better alignment between these approaches would combine the representational capacity of
deep learning methods with the more principled linguistic insights characteristic of classical
modeling of the evolution of language.
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8.2 Future work
This thesis is a foundation, and as such, much of the significance of its contributions are
shown through the future work that it enables.

XferBench and CSAR as methods I have presented the XferBench and CSAR algorithms
as ready-to-run techniques for analyzing and interpreting emergent languages—and this they
are—but in reality, they are just as much general purpose methods for analyzing emergent
language. In the case of XferBench, the particulars of the transfer learning pipeline can
be manipulated to achieve a number of different effects. The model and data sizes can be
increased to give “higher-resolution” pictures of the emergent languages evaluated, since
increases scale correlates with a greater capacity to handle the nuances of human languages.
Furthermore, the set of evaluation languages can be replaced to identify more specific notions
of similarity. For example, we could evaluate against human language data restricted to simple
syntactic structures to determine if emergent languages are more similar to simple human
languages. Alternatively, we could evaluate against other emergent languages to determine
whether emergent languages tend to converge or diverge across different environments in in
terms of their statistical and structural properties.

For CSAR, the task of inducing minimal form–meaning pairs can be expanded in both
efficacy and scope. CSAR, as presented above, is a greedy algorithm, yet the inclusion of
search or iterative methods (e.g., expectation–maximization) could produce higher quality
inventories which better characterize form–meaning relationships in emergent languages.
Additionally, the assumption of meanings as discrete sets of atomic meanings could be relaxed
by admitting fuzzy semantics or continuous representations. For example, real vector spaces
(e.g., embeddings) could be discretized through principle component analysis, clustering, or
other interpretability methods.

Using XferBench While there are numerous future directions which use XferBench, I will
highlight two of the most interesting ones. The first question that XferBench could address
is: “Do more complex emergent language environment lead to more human language-like
emergent languages?” A priori, it would seem that emergent language environments which
are more realistic, have more complexity, and use deeper models would produce more human
language-like emergent languages, but does this hold in practice? If it is instead the case
that increases in environment complexity do not reliably lead to more human language-like
emergent languages, then it would seem that the additional effort and resources required by
such environments would be better spent discovering and developing whatever does move
emergent languages closer to human language.

A follow-up on the previous question would then be: “What levels of linguistic structure are
most predictive of transfer learning performance?” Do lexical overlap or lexical distribution
outweigh other factors such as similarities at the morphological, syntactic, or discourse
(document) levels? Such questions could be addressed by strategically selecting a different set
of evaluation corpora, as mentioned above. The scope of this question does not have to be
limited to emergent language alone, though the answers to these questions will be critical in
actually determining what characteristics of emergent languages are most salient to machine
learning applications and, in turn, how to improve them.
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Using CSAR Similarly to above, I will simply highlight two of the most salient question
which CSAR can help address. The first question is: “How do neural networks generalize
to unseen observations with emergent languages that lack morphemic structure?” This
was observed in the ablations experiments in Chapter 7, where certain settings resulted in
languages opaque to CSAR yet did not pose a problem for the neural network agents. While
the disconnect between generalization and compositionality has been noted before (Lake
et al., 2018), CSAR enables addressing the question in terms of more linguistically grounded
structures, namely morphemes.

The second question which CSAR and the accompanying phrasebook-based algorithms
can address is: “How deep does syntax in emergent language go?” The ablation experiments
of Chapter 7 demonstrated the importance of both morpheme repetition as well as morpheme
ordering, but how much more nuance exists in the arrangement of morphemes in emergent
languages? If the syntax is on the simpler side, repetition and simple ordering may be the
extent of structural patterns in the emergent languages, whereas more complex syntax could
include tree-like structures or dependencies between morphemes (e.g., a before b except after
c).

Emergent language, generally This thesis has introduced methods for standardized
analysis in emergent language, which opens the door to the larger program of standardizing the
whole research process in emergent language. Standardized formulae for research contributions
is what unifies diverse research questions across a field and enables said contributions to
accumulate rather than remaining one-off examples. One area where this is much needed
is environment design, specifying how environments can be changed to address individual
research questions while having enough in common with prior and future work to yield
broadly-applicable contributions. Certain best practices could also be established such as
testing a variety of hyperparameters to determine the robustness of observed trends or crafting
hypotheses so as to be applicable beyond the scope of a single paper.

The second general direction emergent language research is a move away from the currently
standard practice of starting with end-to-end deep learning methods and hoping to find
interesting structures. While the methods of this thesis make finding interesting structures
in emergent language much easier, intentionally exploring areas where we know interesting
structures are more likely to exist is a better path than brute force guess-and-check. Such
intentionality requires better integration with the roots of deep learning-based emergent
language in the broader literature on the evolution of human language. In practice, this
means that the particular environments designed for the experiments should utilize deep
neural networks only where (1) we want to show the particular phenomenon in question is
emergent, or (2) the use of deep neural network will not be a confounding factor (e.g., based
on prior work or ablations). While some prior work has already employed such integration, its
wider adoption in emergent language will lead to larger-scale progress in deep learning-based
emergent language research.
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Epilogue

The year is 2026. Large language models have taken over the academic and popular con-
sciousness alike. Deep reinforcement learning does not have the same optimism behind it as
it did in 2018, and the topics of this thesis have become less trendy in the meantime. One
might even question the relevance of work in language technologies which is not built on
LLMs.

To this skepticism, the response is twofold: First, emergent language can provide realistic,
embodied synthetic data, and for this reason, it is relevant to the future of natural language
processing and especially the development of LLMs. While the Web provides large amounts
of textual data, there is considerably less multi-modal language data available, let alone
embodied multi-modal language data, all of which simulations proposed by emergent language
are capable of providing. Not only could emergent language provide such data but provide
without worsening concerns around the privacy, surveillance, toxicity, and security that
surround data collection for LLM training. Second, LLMs can even invent their own emergent
languages when communication among themselves is not anchored to human language—this
thesis provides ways to interpret such LLM-derived emergent languages.

Second, emergent language is a key tool for learning about the evolution of human language.
Such an endeavor is fundamentally scientific, and LLMs can only make limited contributions
on this front. In order to answer scientific questions, we need experimental apparatus that
provide explanations through interpretable operation (rather than raising questions through
inscrutable mechanisms). Toward these questions, this thesis lays the foundation not only
for extending the breadth of linguistic phenomena which emergent language can exhibit but
also for making its operation transparent and interpretable. Emergent language has much to
contribute the decades to come, and this thesis will be a pillar in that edifice.
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Appendix A

Review of the Applications of Emergent
Language

A.1 Review Methods
In this section, we give a brief account of the methods used for obtaining the papers referenced
in this review. As a considerable amount of the content in this review will draw from the
authors’ background knowledge, describing the methods does not imply that this paper is
“fully reproducible”. Nevertheless, presenting the process used for producing this paper can
aid in understanding its context and origin.

A.1.1 Collecting papers

To collect papers we searched arXiv (https://arxiv.org/) and Semantic Scholar (https:
//www.semanticscholar.org/) for: “emergent language”, “emergent communication”, “language
emergence”, and “communication emergence”. Any paper that had a title plausibly related to
emergent communication was passed along to annotation stage. Occasionally, the abstract
would be skimmed at this stage, but here we aired on the side of recall and not precision.

We selected arXiv because (1) a majority of emergent communication papers are posted
on arXiv and (2) the Computer Science archive provides a good signal to noise ratio due
to the type of research that tends to be posted on arXiv. We supplemented arXiv with
Semantic Scholar primarily to collect emergent communication papers that come from sources
outside typical computer science discipline (as well as any CS papers which simply were not
posted to arXiv). Additionally, we collected papers from all years of EmeCom1, a series of
workshops on (primarily deep learning-based) emergent communication. With very few (<5)
exceptions, we gathered all of the emergent communication papers through this method. This
was done primarily because it provided a good balance between overall coverage, principled
methodology, and labor intensity.

1EmeCom URLs https://sites.google.com/site/emecom2017/accepted-papers, https://si
tes.google.com/site/emecom2018/accepted-papers, https://sites.google.com/view/emecom20
19/accepted-papers, https://sites.google.com/view/emecom2020/accepted-papers, and https:
//openreview.net/group?id=ICLR.cc/2022/Workshop/EmeCom#all-submissions.
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Appendix A. Review of the Applications of Emergent Language

arXiv We searched arXiv with a disjunction of the aforementioned queries starting with
the year 2015 up until present. This search was originally performed around July 1, 2022
and then again around May 4, 2023.2 The result is approximately 4 500 entries of which 157
were selected for the next stage.

Semantic Scholar The search process of Semantic Scholar was a bit more complicated
because the results could not be reviewed exhaustively. This was in part because the results
were sorted by relevance and also because a wider range of topics were searched. Thus,
the first 100−400 results were inspected, until further results seemed largely irrelevant to
emergent communication. Similarly to arXiv, the searches were performed in two batches
with the first one spanning 2015 to July 28, 2022:

• “emergent language”: all fields; 100 titles reviewed: https://www.semanticscholar.org/sear

ch?year%5B0%5D=2015&year%5B1%5D=2022&fos%5B0%5D=computer-science&fos%5B1%5D=engineerin

g&fos%5B2%5D=linguistics&fos%5B3%5D=philosophy&fos%5B4%5D=psychology&fos%5B5%5D=sociol

ogy&fos%5B6%5D=mathematics&fos%5B7%5D=biology&fos%5B8%5D=economics&q=emergent%20langua

ge&sort=relevance

• “emergent language”: computer science; 220 titles reviewed: https://www.semanticscho

lar.org/search?year[0]=2015&year[1]=2022&fos[0]=computer-science&fos[1]=engineering&fos

[2]=mathematics&q=emergent%20language&sort=relevance&page=1

• “emergent communication”: all fields; 370 titles reviewed: https://www.semanticscholar.

org/search?year[0]=2015&year[1]=2022&fos[0]=computer-science&fos[1]=engineering&fos[2]

=mathematics&q=emergent%20communication&sort=relevance&page=1

• “emergent communication”: computer science: 260 titles reviewed: https://www.semantic

scholar.org/search?year%5B0%5D=2015&year%5B1%5D=2022&fos%5B0%5D=computer-science&fos%5

B1%5D=engineering&fos%5B2%5D=mathematics&fos%5B3%5D=biology&fos%5B4%5D=economics&fos%5

B5%5D=linguistics&fos%5B6%5D=philosophy&fos%5B7%5D=psychology&fos%5B8%5D=sociology&q=e

mergent%20communication&sort=relevance&page=26

• “language emergence”: computer science; 400 pages reviewed: https://www.semanticscho

lar.org/search?year[0]=2015&year[1]=2022&fos[0]=computer-science&fos[1]=engineering&fos

[2]=mathematics&q=language%20emergence&sort=relevance

• “language emergence”: biology, economics, linguistics, philosophy, psychology, sociology;
110 titles reviewed: https://www.semanticscholar.org/search?year%5B0%5D=2015&year%5B1%5

D=2022&fos%5B0%5D=biology&fos%5B1%5D=economics&fos%5B2%5D=linguistics&fos%5B3%5D=philo

sophy&fos%5B4%5D=psychology&fos%5B5%5D=sociology&q=language%20emergence&sort=relevance

&page=1

2Search URL for arXiv: https://arxiv.org/search/advanced?terms-0-operator=AND&terms-0-term=
emergent+language&terms-0-field=all&terms-1-operator=OR&terms-1-term=language+emergence&terms
-1-field=all&terms-2-operator=OR&terms-2-term=emergent+communication&terms-2-field=all&terms
-3-operator=OR&terms-3-term=communication+emergence&terms-3-field=all&classification-compute
r_science=y&classification-physics_archives=all&classification-include_cross_list=include&da
te-year=&date-filter_by=date_range&date-from_date=2015-01-01&date-to_date=2023-05-04&date-d
ate_type=submitted_date_first&abstracts=hide&size=100&order=-announced_date_first.
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Category Number of Papers

Initial Search 443

Duplicate 84
Out-of-scope 106
Not a research paper 5
No access 16

Included 232

Table A.1: Number of papers excluded from initial search for various reasons. Duplicate
papers were either overlaps between different sources or papers that were substantially similar
and by the same authors.

The second pass was performed on May 8, 2023, spanning 2022 and 2023:

• “emergent language”: all fields; 300 titles reviewed: https://www.semanticscholar.org/sear

ch?year%5B0%5D=2022&year%5B1%5D=2023&fos%5B0%5D=computer-science&fos%5B1%5D=engineerin

g&fos%5B2%5D=linguistics&fos%5B3%5D=philosophy&fos%5B4%5D=psychology&fos%5B5%5D=sociol

ogy&fos%5B6%5D=mathematics&fos%5B7%5D=biology&fos%5B8%5D=economics&q=emergent%20langua

ge&sort=relevance&page=2

• “emergent communication”: computer science, engineering; 250 titles reviewed: https:

//www.semanticscholar.org/search?year[0]=2022&year[1]=2023&fos[0]=computer-science&fos

[1]=engineering&fos[2]=mathematics&q=emergent%20communication&sort=relevance&page=1

• “emergent communication”: computer science, egineering, linguistics, philosophy, psy-
chology, mathematics, biology, economics; 100 titles reviewed: https://www.semanticscho

lar.org/search?year%5B0%5D=2015&year%5B1%5D=2022&fos%5B0%5D=computer-science&fos%5B1%5

D=engineering&fos%5B2%5D=linguistics&fos%5B3%5D=philosophy&fos%5B4%5D=psychology&fos%5

B5%5D=sociology&fos%5B6%5D=mathematics&fos%5B7%5D=biology&fos%5B8%5D=economics&q=emerg

ent%20language&sort=relevance

• “language emergence”: all fields; 300 titles reviewed: https://www.semanticscholar.org/se

arch?year[0]=2022&year[1]=2023&fos[0]=computer-science&fos[1]=engineering&fos[2]=lingu

istics&fos[3]=philosophy&fos[4]=psychology&fos[5]=sociology&fos[6]=mathematics&fos[7]=b

iology&fos[8]=economics&q=language%20emergence&sort=relevance

These searches yielded 214 papers which were selected for the next stage.

A.1.2 Goal categorization

Given these papers from our initial search, we reviewed the papers first to determine if they
are in-scope (as described by Section 2.1.1) and second to categorize them according to the
goals they pursued. The number of papers included and excluded is given in Table A.1.

The following categories were used for the annotation of the included papers. They do not
precisely line up with the section ultimately used for the paper largely because the annotation
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https://www.semanticscholar.org/search?year%5B0%5D=2022&year%5B1%5D=2023&fos%5B0%5D=computer-science&fos%5B1%5D=engineering&fos%5B2%5D=linguistics&fos%5B3%5D=philosophy&fos%5B4%5D=psychology&fos%5B5%5D=sociology&fos%5B6%5D=mathematics&fos%5B7%5D=biology&fos%5B8%5D=economics&q=emergent%20language&sort=relevance&page=2
https://www.semanticscholar.org/search?year%5B0%5D=2022&year%5B1%5D=2023&fos%5B0%5D=computer-science&fos%5B1%5D=engineering&fos%5B2%5D=linguistics&fos%5B3%5D=philosophy&fos%5B4%5D=psychology&fos%5B5%5D=sociology&fos%5B6%5D=mathematics&fos%5B7%5D=biology&fos%5B8%5D=economics&q=emergent%20language&sort=relevance&page=2
https://www.semanticscholar.org/search?year[0]=2022&year[1]=2023&fos[0]=computer-science&fos[1]=engineering&fos[2]=mathematics&q=emergent%20communication&sort=relevance&page=1
https://www.semanticscholar.org/search?year[0]=2022&year[1]=2023&fos[0]=computer-science&fos[1]=engineering&fos[2]=mathematics&q=emergent%20communication&sort=relevance&page=1
https://www.semanticscholar.org/search?year[0]=2022&year[1]=2023&fos[0]=computer-science&fos[1]=engineering&fos[2]=mathematics&q=emergent%20communication&sort=relevance&page=1
https://www.semanticscholar.org/search?year%5B0%5D=2015&year%5B1%5D=2022&fos%5B0%5D=computer-science&fos%5B1%5D=engineering&fos%5B2%5D=linguistics&fos%5B3%5D=philosophy&fos%5B4%5D=psychology&fos%5B5%5D=sociology&fos%5B6%5D=mathematics&fos%5B7%5D=biology&fos%5B8%5D=economics&q=emergent%20language&sort=relevance
https://www.semanticscholar.org/search?year%5B0%5D=2015&year%5B1%5D=2022&fos%5B0%5D=computer-science&fos%5B1%5D=engineering&fos%5B2%5D=linguistics&fos%5B3%5D=philosophy&fos%5B4%5D=psychology&fos%5B5%5D=sociology&fos%5B6%5D=mathematics&fos%5B7%5D=biology&fos%5B8%5D=economics&q=emergent%20language&sort=relevance
https://www.semanticscholar.org/search?year%5B0%5D=2015&year%5B1%5D=2022&fos%5B0%5D=computer-science&fos%5B1%5D=engineering&fos%5B2%5D=linguistics&fos%5B3%5D=philosophy&fos%5B4%5D=psychology&fos%5B5%5D=sociology&fos%5B6%5D=mathematics&fos%5B7%5D=biology&fos%5B8%5D=economics&q=emergent%20language&sort=relevance
https://www.semanticscholar.org/search?year%5B0%5D=2015&year%5B1%5D=2022&fos%5B0%5D=computer-science&fos%5B1%5D=engineering&fos%5B2%5D=linguistics&fos%5B3%5D=philosophy&fos%5B4%5D=psychology&fos%5B5%5D=sociology&fos%5B6%5D=mathematics&fos%5B7%5D=biology&fos%5B8%5D=economics&q=emergent%20language&sort=relevance
https://www.semanticscholar.org/search?year%5B0%5D=2015&year%5B1%5D=2022&fos%5B0%5D=computer-science&fos%5B1%5D=engineering&fos%5B2%5D=linguistics&fos%5B3%5D=philosophy&fos%5B4%5D=psychology&fos%5B5%5D=sociology&fos%5B6%5D=mathematics&fos%5B7%5D=biology&fos%5B8%5D=economics&q=emergent%20language&sort=relevance
https://www.semanticscholar.org/search?year[0]=2022&year[1]=2023&fos[0]=computer-science&fos[1]=engineering&fos[2]=linguistics&fos[3]=philosophy&fos[4]=psychology&fos[5]=sociology&fos[6]=mathematics&fos[7]=biology&fos[8]=economics&q=language%20emergence&sort=relevance
https://www.semanticscholar.org/search?year[0]=2022&year[1]=2023&fos[0]=computer-science&fos[1]=engineering&fos[2]=linguistics&fos[3]=philosophy&fos[4]=psychology&fos[5]=sociology&fos[6]=mathematics&fos[7]=biology&fos[8]=economics&q=language%20emergence&sort=relevance
https://www.semanticscholar.org/search?year[0]=2022&year[1]=2023&fos[0]=computer-science&fos[1]=engineering&fos[2]=linguistics&fos[3]=philosophy&fos[4]=psychology&fos[5]=sociology&fos[6]=mathematics&fos[7]=biology&fos[8]=economics&q=language%20emergence&sort=relevance
https://www.semanticscholar.org/search?year[0]=2022&year[1]=2023&fos[0]=computer-science&fos[1]=engineering&fos[2]=linguistics&fos[3]=philosophy&fos[4]=psychology&fos[5]=sociology&fos[6]=mathematics&fos[7]=biology&fos[8]=economics&q=language%20emergence&sort=relevance
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categories were determined largely a priori while the paper sections were determined a
posteriori.

• Internal

– measure properties of emergent communication
– produce some property in emergent communication
– other emergent communication improvement (e.g., efficiency, robustness)
– tooling
– theoretical frameworks

• Task-driven

– artificial general intelligence, better NLP
– replication of natural language
– alternative data source/paradigm
– robust multiagent communication
– explainable models
– synthetic data for evaluation
– communicating with humans

• Knowledge-driven

– increase understanding of language in general
– evolution of language:
– fundamentals of language (e.g., phonology, lexicon, syntax)

∗ phonology
∗ syntax
∗ semantics
∗ compositionality
∗ morphology
∗ pragmatics
∗ sociolinguistics

– language acquisition
– cognitive science and language

∗ perception

Some of these categories were eventually discarded since they either did not receive much
attention in the literature or the category itself was too vague to productively discussed. A
quantitative summary of the categorization after remapping them to section in the paper is
for each paper is presented in Section 2.5.1.

For the majority of papers, we would read the abstract, introduction, and conclusion in
order to assign the proper categories; this would take, on average, 6 minutes to complete per
paper. These sections are the most common places for describing the broader applications and
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contributions of the papers. Paper were reviewed more thoroughly as needed to determine
the proper categories. Determining which papers to highlight in the body of this paper
depended on the application. For applications with a small number of papers, we were
able to exhaustively discuss the applicable papers. For applications with many papers, we
highlighted a representative sample of the papers which best illustrated that application.

A.2 Complete List of Reviewed Papers
Rederiving human language No papers.

Metrics for emergent communication Bogin et al. (2018), Bosc et al. (2022), Bosc
(2022), Chaabouni et al. (2020), Chaabouni et al. (2022), Denamganaï et al. (2023), S. Guo
et al. (2021), S. Guo et al. (2020), Korbak et al. (2020), Korbak et al. (2021), Kuciński et al.
(2020), Lowe et al. (2019), J. Mu et al. (2021), Perkins (2021a), Resnick et al. (2020), Thomas
et al. (2022), Tucker et al. (2022b), Verma et al. (2019), Wal et al. (2020), and Yao et al.
(2022)

Theoretical models Boldt et al. (2022b), Boldt et al. (2022a), Eecke et al. (2023),
Khomtchouk et al. (2018), Ren et al. (2020), Resnick et al. (2020), Rita et al. (2022b), and
Tucker et al. (2022b)

Tooling Denamganaï et al. (2020b), Ikram et al. (2021), Kharitonov et al. (2019), and
Perkins (2021b)

Synthetic language data Dessì et al. (2021), Downey et al. (2023), Yaoyiran Li et al.
(2020), Y. Mu et al. (2023), Santamaría-Pang et al. (2019), Steinert-Threlkeld et al. (2022),
and Yao et al. (2022)

Multi-agent communication Bullard et al. (2021), Bullard et al. (2020), S. Chen et al.
(2022), Cope et al. (2021), Karten et al. (2023), S. Li et al. (2022), Mahaut et al. (2023),
Masquil et al. (2022), Mul et al. (2019), Piazza et al. (2023), Thomas et al. (2022), Tucker
et al. (2021), Y. Wang et al. (2022), and Xiang et al. (2023)

Interacting with humans Hagiwara et al. (2021), Karten et al. (2022c), S. Li et al. (2022),
Mihai et al. (2021a), Tucker et al. (2021), and Tucker et al. (2022a)

Explainable machine learning models Chowdhury et al. (2020b), Chowdhury et al.
(2021), Chowdhury et al. (2020a), and Santamaria-Pang et al. (2020)

Language, cognition, and perception Bouchacourt et al. (2018), Chaabouni et al.
(2021), Choi et al. (2018), Cowen-Rivers et al. (2020), Dekker et al. (2020), Denamganaï
et al. (2023), Dessì et al. (2021), Feng et al. (2023), Grupen et al. (2020), Hagiwara et al.
(2021), Herrmann et al. (2022), Kågebäck et al. (2018), Lazaridou et al. (2018), Mahaut
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et al. (2023), Ohmer et al. (2021b), Masquil et al. (2022), Mihai et al. (2021b), Ohmer et al.
(2021a), Ossenkopf et al. (2022), Patel et al. (2021), Piazza et al. (2023), Portelance et al.
(2021), Sabathiel et al. (2022), Todo et al. (2020), Yuan et al. (2021), Yuan et al. (2020), and
Zubek et al. (2023)

Origin of language Chaabouni et al. (2020), Cogswell et al. (2019), Dagan et al. (2020),
Dekker et al. (2020), Galke et al. (2022), Grossi et al. (2017), Grupen et al. (2021), LaCroix
(2019), Moulin-Frier et al. (2020), Ohmer et al. (2021a), and Ren et al. (2020)

Language change Dekker et al. (2020) and Graesser et al. (2019)

Language acquisition Cope et al. (2022), Kharitonov et al. (2020a), Korbak et al. (2019),
Korbak et al. (2021), F. Li et al. (2019), and Portelance et al. (2021)

Linguistic variables, phonology (focused) Eloff et al. (2021) and Lan et al. (2020)

Linguistic variables, phonology (related) Eloff et al. (2021), Lan et al. (2020), and
Verma et al. (2019)

Linguistic variables, morphology (focused) No papers.

Linguistic variables, morphology (related) Mihai et al. (2021a)

Linguistic variables, syntax (focused) Chaabouni et al. (2019b), Ueda et al. (2022),
and Wal et al. (2020)

Linguistic variables, syntax (related) Bosc et al. (2022), Chaabouni et al. (2019b),
Resnick et al. (2020), Słowik et al. (2020b), Ueda et al. (2022), and Wal et al. (2020)

Linguistic variables, semantics (focused) Chaabouni et al. (2019a), Chaabouni et
al. (2021), Kågebäck et al. (2018), Rodríguez Luna et al. (2020), Rita et al. (2020), and
Steinert-Threlkeld (2019)

Linguistic variables, semantics (related) Bosc et al. (2022), Bouchacourt et al. (2019),
Chaabouni et al. (2020), Chaabouni et al. (2019a), Chaabouni et al. (2021), Cope et al. (2021),
Dessì et al. (2019), Garcia et al. (2022), Grupen et al. (2020), S. Guo et al. (2021), S. Guo et al.
(2020), S. Guo (2019), S. Guo et al. (2019), Herrmann et al. (2022), Kågebäck et al. (2018),
Kharitonov et al. (2020a), Kharitonov et al. (2020b), Khomtchouk et al. (2018), Korbak
et al. (2019), Kågebäck (2018), Lazaridou et al. (2016), T. Lin et al. (2021), Rodríguez Luna
et al. (2020), Ohmer et al. (2021b), Mihai et al. (2021b), Mihai et al. (2019), J. Mu et al.
(2021), Ohmer et al. (2021a), Portelance et al. (2021), S. Qiu et al. (2021), Rita et al. (2020),
Sabathiel et al. (2022), Steinert-Threlkeld (2019), Słowik et al. (2020a), Tucker et al. (2021),
Tucker et al. (2022b), Tucker et al. (2022b), Unger et al. (2020), Yu et al. (2022), Q. Zhang
et al. (2019), and Zubek et al. (2023)
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Linguistic variables, compositionality (focused) No papers.

Linguistic variables, compositionality (related) Auersperger et al. (2022), Bogin et al.
(2018), Bosc et al. (2022), Bosc (2022), Chaabouni et al. (2020), Chaabouni et al. (2022),
Y. Chen et al. (2023), Choi et al. (2018), Cogswell et al. (2019), Denamganaï et al. (2020a),
Denamganaï et al. (2023), Galke et al. (2022), Garcia et al. (2022), S. Guo et al. (2020),
S. Guo (2019), S. Guo et al. (2019), Havrylov et al. (2017), Hazra et al. (2021), Hazra et al.
(2020), Karten et al. (2022b), Keresztury et al. (2020), Kharitonov et al. (2020a), Korbak
et al. (2021), Kottur et al. (2017), Kuciński et al. (2021), Kuciński et al. (2020), LaCroix
(2019), Lan et al. (2020), Lazaridou et al. (2018), F. Li et al. (2019), Liang et al. (2020),
Rodríguez Luna et al. (2020), Mordatch et al. (2018), Ohmer et al. (2022), Ohmer et al.
(2021a), Perkins (2021a), Ren et al. (2020), Resnick et al. (2020), Rita et al. (2022a), Rita
et al. (2022b), Steinert-Threlkeld (2020), Słowik et al. (2020b), Thomas et al. (2022), Ueda
et al. (2022), Xu et al. (2022), and Todo et al. (2020)

Linguistic variables, pragmatics (focused) Kang et al. (2020)

Linguistic variables, pragmatics (related) Blumenkamp et al. (2020), Bouchacourt
et al. (2019), Bullard et al. (2021), Bullard et al. (2020), Cao et al. (2018), Eccles et al.
(2019), Evtimova et al. (2017), Kalinowska et al. (2022b), Kalinowska et al. (2022a), Kang
et al. (2020), Karten et al. (2023), Kolb et al. (2019), Leni et al. (2018), Lipinski et al. (2022),
Lowe et al. (2019), Masquil et al. (2022), Mordatch et al. (2018), Noukhovitch et al. (2021),
Ossenkopf et al. (2022), Ossenkopf (2019), Piazza et al. (2023), Yu et al. (2022), and Yuan
et al. (2020)

Linguistic variables, sociolinguistics (focused) Dekker et al. (2020), Fulker et al.
(2022), Graesser et al. (2019), and Kim et al. (2021)

Linguistic variables, sociolinguistics (related) Dekker et al. (2020), Fitzgerald (2019),
Fulker et al. (2022), Galke et al. (2022), Graesser et al. (2019), Grupen et al. (2022), S. Gupta
et al. (2019), Kim et al. (2021), F. Li et al. (2019), Liang et al. (2020), and Rita et al. (2022a)

No applications Boldt et al. (2022c), Brandizzi et al. (2022a), Carmeli et al. (2022),
Foguelman et al. (2021), Gaya (2017), S. Guo (2019), S. Gupta et al. (2020), Hagiwara et al.
(2019), Kajić et al. (2020), Karch et al. (2022), Karten et al. (2022a), Karten et al. (2022a),
Lannelongue et al. (2019), Lazaridou et al. (2020), Lee et al. (2018), Lipowska et al. (2018),
Yat Long Lo (2022), Lo et al. (2022), Lowe et al. (2020), Nevens et al. (2020), Brandizzi et al.
(2022b), Raviv et al. (2022), Sirota et al. (2019), Taniguchi et al. (2022), W. Z. Wang et al.
(2021), and Wieczorek et al. (2023)
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Building a Library of Emergent
Languages

B.1 ECS-Level Metadata Specification
source The URL for the repository implementing the ECS.

upstream_source The URL of the original repo if source is a fork.

paper The URL of the paper documenting the ECS (if any).

game_type The high level category of the game implemented in the ECS; currently one
of signaling, conversation, or navigation.

game_subtype A finer-grained categorization of the game, if applicable.

observation_type The type of observation that the agents make; currently either vector
or image (i.e., an image embedding).

observation_continuous Whether or not the observation is continuous as opposed to
discrete (e.g., image embeddings versus concatenated one-hot vectors).

data_source Whether the data being communicated about is from a natural source (e.g.,
pictures), is synthetic, or comes from another source (e.g., in a social deduction game).

variants A dictionary where each entry corresponds to one of the variants of the partic-
ular ECS. Each entry in the dictionary contains any relevant hyperparameters that
distinguish it from the other variants.

seeding_available Whether or not the ECS implements seeding the random elements of
the system.

multi_step Whether or not the ECS has multiple steps per episode.

symmetric_agents Whether or not agents both send and receive messages.

multi_utterance Whether or not multiple utterances are included per line in the dataset.
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origin:
upstream_source:
https://github.com/google-deepmind/emergent_communication...

paper: https://openreview.net/forum?id=AUGBfDIV9rL
system:
game_type: signaling
data_source: natural
game_subtype: discrimination
observation_type: image
observation_continuous: true
seeding_available: true
multi_step: false
more_than_2_agents: true
multi_utterance: false
symmetric_agents: false
variants:
imagenet-1x10:
n_receivers: 10
n_senders: 1

imagenet-10x10:
n_receivers: 10
n_senders: 10

imagenet-5x5:
n_receivers: 5
n_senders: 5

imagenet-1x1:
n_receivers: 1
n_senders: 1

imagenet-10x1:
n_receivers: 1
n_senders: 10

Figure B.1: Example of an ECS metadata file in the YAML format.

more_than_2_agents Whether or not the ECS has a population of >2 agents.

B.2 ECS-Level Metadata Example
See Figure B.1.

B.3 Papers based on the signaling game
J. Mu et al. (2021), Ohmer et al. (2022), Yao et al. (2022), Rita et al. (2022a), Ohmer
et al. (2021a), Kuciński et al. (2021), Portelance et al. (2021), Tucker et al. (2021), Dessì
et al. (2021), Bullard et al. (2021), Perkins (2021a), Mihai et al. (2021b), Denamganaï et al.
(2020a), S. Guo et al. (2020), Yaoyiran Li et al. (2020), Rita et al. (2020), Chowdhury et al.
(2020b), Chowdhury et al. (2021), Lan et al. (2020), Chaabouni et al. (2020), Rodríguez Luna
et al. (2020), Kharitonov et al. (2020a), Ren et al. (2020), Słowik et al. (2020b), Lowe et al.
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(2020), Keresztury et al. (2020), Dagan et al. (2020), Mihai et al. (2019), Dessì et al. (2019),
S. Guo et al. (2019), Steinert-Threlkeld (2019), F. Li et al. (2019), Kharitonov et al. (2020b),
Chaabouni et al. (2019a), Khomtchouk et al. (2018), Bouchacourt et al. (2018), Lazaridou
et al. (2018), Havrylov et al. (2017), Lazaridou et al. (2016), Mahaut et al. (2023), Carmeli
et al. (2022), Rita et al. (2022b), and Downey et al. (2023)

B.4 Per system analysis
See Tables B.1 to B.4.
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Token Count Line Count Tokens per Line Tokens per Line SD
name

babyai-sr/GoToObj 130648 6116 21.361674 12.470737
babyai-sr/GoToObjLocked 272712 5629 48.447682 15.939260
babyai-sr/GoToObjLocked_ambiguous 229504 5507 41.674959 17.414703
babyai-sr/GoToObjLocked_ambiguous-freq_1 2605112 5179 503.014482 45.179870
babyai-sr/GoToObjLocked_ambiguous-freq_2 1061520 5396 196.723499 70.458489
babyai-sr/GoToObjLocked_ambiguous-freq_32 67248 5496 12.235808 3.993043
babyai-sr/GoToObjLocked_ambiguous-freq_4 402248 5728 70.224860 30.849604
babyai-sr/GoToObjLocked_ambiguous-msg_16 511840 5514 92.825535 33.765546
babyai-sr/GoToObjLocked_ambiguous-msg_32 855744 5508 155.363834 58.659355
babyai-sr/GoToObjLocked_ambiguous-msg_4 103228 5730 18.015358 6.603910
babyai-sr/GoToObjUnlocked 118752 6077 19.541221 7.060342
babyai-sr/GoToObjUnlocked-freq_1 1666456 6006 277.465201 205.399768
babyai-sr/GoToObjUnlocked-freq_2 333552 5777 57.737926 28.293252
babyai-sr/GoToObjUnlocked-freq_32 48616 6001 8.101316 0.894576
babyai-sr/GoToObjUnlocked-freq_4 193176 5762 33.525859 13.813609
babyai-sr/GoToObjUnlocked-msg_16 273008 6038 45.214972 18.173718
babyai-sr/GoToObjUnlocked-msg_32 469440 5765 81.429315 33.131090
babyai-sr/GoToObjUnlocked-msg_4 58588 5759 10.173294 4.351285
corpus-transfer-yao-et-al/cc 42977805 2865187 15.000000 0.000000
corpus-transfer-yao-et-al/coco_2014 1241745 82783 15.000000 0.000000
ec-at-scale/imagenet-10x1 2500000 250000 10.000000 0.000000
ec-at-scale/imagenet-10x10 2500000 250000 10.000000 0.000000
ec-at-scale/imagenet-1x1 2500000 250000 10.000000 0.000000
ec-at-scale/imagenet-1x10 2500000 250000 10.000000 0.000000
ec-at-scale/imagenet-5x5 2500000 250000 10.000000 0.000000
egg-discrimination/4-attr_4-val_3-dist_0-seed 110000 10000 11.000000 0.000000
egg-discrimination/4-attr_4-val_3-dist_1-seed 110000 10000 11.000000 0.000000
egg-discrimination/4-attr_4-val_3-dist_2-seed 110000 10000 11.000000 0.000000
egg-discrimination/6-attr_6-val_3-dist_0-seed 110000 10000 11.000000 0.000000
egg-discrimination/6-attr_6-val_3-dist_1-seed 110000 10000 11.000000 0.000000
egg-discrimination/6-attr_6-val_3-dist_2-seed 110000 10000 11.000000 0.000000
egg-discrimination/6-attr_6-val_9-dist_0-seed 110000 10000 11.000000 0.000000
egg-discrimination/6-attr_6-val_9-dist_1-seed 110000 10000 11.000000 0.000000
egg-discrimination/6-attr_6-val_9-dist_2-seed 110000 10000 11.000000 0.000000
egg-discrimination/8-attr_8-val_3-dist_0-seed 110000 10000 11.000000 0.000000
egg-discrimination/8-attr_8-val_3-dist_1-seed 110000 10000 11.000000 0.000000
egg-discrimination/8-attr_8-val_3-dist_2-seed 110000 10000 11.000000 0.000000
egg-reconstruction/4-attr_4-val_10-vocab_10-len 110000 10000 11.000000 0.000000
egg-reconstruction/6-attr_6-val_10-vocab_10-len 110000 10000 11.000000 0.000000
egg-reconstruction/8-attr_8-val_10-vocab_10-len 110000 10000 11.000000 0.000000
generalizations-mu-goodman/cub-concept 1333330 133333 10.000000 0.000000
generalizations-mu-goodman/cub-reference 1333330 133333 10.000000 0.000000
generalizations-mu-goodman/cub-set_reference 1333330 133333 10.000000 0.000000
generalizations-mu-goodman/shapeworld-concept 1164800 166400 7.000000 0.000000
generalizations-mu-goodman/shapeworld-reference 1164800 166400 7.000000 0.000000
generalizations-mu-goodman/shapeworld-set_reference 1164800 166400 7.000000 0.000000
nav-to-center/lexicon_size_11 65528 10000 6.552800 2.521193
nav-to-center/lexicon_size_118 58664 10000 5.866400 2.167199
nav-to-center/lexicon_size_17 59936 10000 5.993600 2.282533
nav-to-center/lexicon_size_174 63129 10000 6.312900 2.434747
nav-to-center/lexicon_size_25 61659 10000 6.165900 2.323010
nav-to-center/lexicon_size_255 60054 10000 6.005400 2.263000
nav-to-center/lexicon_size_37 62753 10000 6.275300 2.396604
nav-to-center/lexicon_size_54 58778 10000 5.877800 2.197195
nav-to-center/lexicon_size_7 61295 10000 6.129500 2.315368
nav-to-center/lexicon_size_80 60250 10000 6.025000 2.256097
nav-to-center/temperature_0.1 74939 10000 7.493900 3.180623
nav-to-center/temperature_0.167 72255 10000 7.225500 2.995171
nav-to-center/temperature_0.278 75732 10000 7.573200 3.106580
nav-to-center/temperature_0.464 79810 10000 7.981000 3.564778
nav-to-center/temperature_0.774 65665 10000 6.566500 2.527326
nav-to-center/temperature_1.29 62566 10000 6.256600 2.364647
nav-to-center/temperature_10 63105 10000 6.310500 2.397059
nav-to-center/temperature_2.15 62019 10000 6.201900 2.314160
nav-to-center/temperature_3.59 58786 10000 5.878600 2.187661
nav-to-center/temperature_5.99 61106 10000 6.110600 2.289491
rlupus/21-player.run-0 7131411 1001 7124.286713 445.837385
rlupus/21-player.run-1 7196469 999 7203.672673 396.806665
rlupus/21-player.run-2 7212723 1000 7212.723000 404.660045
rlupus/9-player.run-0 565164 1003 563.473579 14.708875
rlupus/9-player.run-1 417924 1010 413.786139 124.676603
rlupus/9-player.run-2 414612 1000 414.612000 124.794461
rlupus/9-player.run-3 416538 1003 415.292124 124.887337
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Unique Tokens Unique Lines EoS Token Present EoS Padding
name

babyai-sr/GoToObj 5 653 False False
babyai-sr/GoToObjLocked 6 788 False False
babyai-sr/GoToObjLocked_ambiguous 6 1253 False False
babyai-sr/GoToObjLocked_ambiguous-freq_1 5 5171 False False
babyai-sr/GoToObjLocked_ambiguous-freq_2 4 3078 False False
babyai-sr/GoToObjLocked_ambiguous-freq_32 3 18 False False
babyai-sr/GoToObjLocked_ambiguous-freq_4 6 3241 False False
babyai-sr/GoToObjLocked_ambiguous-msg_16 9 4428 False False
babyai-sr/GoToObjLocked_ambiguous-msg_32 3 1887 False False
babyai-sr/GoToObjLocked_ambiguous-msg_4 2 1362 False False
babyai-sr/GoToObjUnlocked 7 521 False False
babyai-sr/GoToObjUnlocked-freq_1 7 4614 False False
babyai-sr/GoToObjUnlocked-freq_2 8 3820 False False
babyai-sr/GoToObjUnlocked-freq_32 4 41 False False
babyai-sr/GoToObjUnlocked-freq_4 7 2766 False False
babyai-sr/GoToObjUnlocked-msg_16 13 1740 False False
babyai-sr/GoToObjUnlocked-msg_32 15 1430 False False
babyai-sr/GoToObjUnlocked-msg_4 3 400 False False
corpus-transfer-yao-et-al/cc 391 309405 True True
corpus-transfer-yao-et-al/coco_2014 902 82783 True False
ec-at-scale/imagenet-10x1 20 161235 False False
ec-at-scale/imagenet-10x10 20 126775 False False
ec-at-scale/imagenet-1x1 20 145834 False False
ec-at-scale/imagenet-1x10 20 120182 False False
ec-at-scale/imagenet-5x5 20 169505 False False
egg-discrimination/4-attr_4-val_3-dist_0-seed 10 240 True True
egg-discrimination/4-attr_4-val_3-dist_1-seed 10 220 True True
egg-discrimination/4-attr_4-val_3-dist_2-seed 9 187 True True
egg-discrimination/6-attr_6-val_3-dist_0-seed 8 2326 True True
egg-discrimination/6-attr_6-val_3-dist_1-seed 10 3279 True True
egg-discrimination/6-attr_6-val_3-dist_2-seed 9 1976 True True
egg-discrimination/6-attr_6-val_9-dist_0-seed 9 2883 True True
egg-discrimination/6-attr_6-val_9-dist_1-seed 9 1015 False False
egg-discrimination/6-attr_6-val_9-dist_2-seed 10 2499 True True
egg-discrimination/8-attr_8-val_3-dist_0-seed 10 2610 True True
egg-discrimination/8-attr_8-val_3-dist_1-seed 10 2789 True True
egg-discrimination/8-attr_8-val_3-dist_2-seed 9 2656 True True
egg-reconstruction/4-attr_4-val_10-vocab_10-len 7 228 True True
egg-reconstruction/6-attr_6-val_10-vocab_10-len 8 1373 True True
egg-reconstruction/8-attr_8-val_10-vocab_10-len 8 1464 False False
generalizations-mu-goodman/cub-concept 23 27163 False False
generalizations-mu-goodman/cub-reference 23 39457 False False
generalizations-mu-goodman/cub-set_reference 23 35042 False False
generalizations-mu-goodman/shapeworld-concept 17 12481 False False
generalizations-mu-goodman/shapeworld-reference 17 7683 False False
generalizations-mu-goodman/shapeworld-set_reference 17 28061 True False
nav-to-center/lexicon_size_11 8 2317 False False
nav-to-center/lexicon_size_118 61 4392 False False
nav-to-center/lexicon_size_17 15 3124 False False
nav-to-center/lexicon_size_174 40 3226 False False
nav-to-center/lexicon_size_25 12 1961 False False
nav-to-center/lexicon_size_255 37 3706 False False
nav-to-center/lexicon_size_37 22 2440 False False
nav-to-center/lexicon_size_54 43 4911 False False
nav-to-center/lexicon_size_7 7 1937 False False
nav-to-center/lexicon_size_80 35 3486 False False
nav-to-center/temperature_0.1 4 1437 False False
nav-to-center/temperature_0.167 4 1313 False False
nav-to-center/temperature_0.278 10 1308 False False
nav-to-center/temperature_0.464 4 1498 False False
nav-to-center/temperature_0.774 7 1639 False False
nav-to-center/temperature_1.29 9 2100 False False
nav-to-center/temperature_10 64 8793 False False
nav-to-center/temperature_2.15 64 8643 False False
nav-to-center/temperature_3.59 64 9044 False False
nav-to-center/temperature_5.99 64 9263 False False
rlupus/21-player.run-0 21 1001 False False
rlupus/21-player.run-1 21 999 False False
rlupus/21-player.run-2 21 1000 False False
rlupus/9-player.run-0 9 1003 False False
rlupus/9-player.run-1 9 1010 False False
rlupus/9-player.run-2 9 1000 False False
rlupus/9-player.run-3 9 1003 False False
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1-gram Entropy 1-gram Normalized Entropy Entropy per Line
name

babyai-sr/GoToObj 1.237631 0.533019 26.437867
babyai-sr/GoToObjLocked 0.986990 0.381820 47.817369
babyai-sr/GoToObjLocked_ambiguous 1.724020 0.666942 71.848479
babyai-sr/GoToObjLocked_ambiguous-freq_1 1.463654 0.630362 736.239281
babyai-sr/GoToObjLocked_ambiguous-freq_2 1.385921 0.692961 272.643237
babyai-sr/GoToObjLocked_ambiguous-freq_32 0.358125 0.225952 4.381954
babyai-sr/GoToObjLocked_ambiguous-freq_4 1.996955 0.772528 140.235868
babyai-sr/GoToObjLocked_ambiguous-msg_16 2.555153 0.806061 237.183454
babyai-sr/GoToObjLocked_ambiguous-msg_32 1.350560 0.852108 209.828108
babyai-sr/GoToObjLocked_ambiguous-msg_4 0.922138 0.922138 16.612643
babyai-sr/GoToObjUnlocked 1.993155 0.709976 38.948688
babyai-sr/GoToObjUnlocked-freq_1 0.896426 0.319313 248.726924
babyai-sr/GoToObjUnlocked-freq_2 2.116083 0.705361 122.178237
babyai-sr/GoToObjUnlocked-freq_32 1.643569 0.821785 13.315074
babyai-sr/GoToObjUnlocked-freq_4 2.165184 0.771254 72.589650
babyai-sr/GoToObjUnlocked-msg_16 2.608207 0.704837 117.930014
babyai-sr/GoToObjUnlocked-msg_32 2.940985 0.752769 239.482412
babyai-sr/GoToObjUnlocked-msg_4 1.453225 0.916883 14.784087
corpus-transfer-yao-et-al/cc 1.398306 0.162386 20.974592
corpus-transfer-yao-et-al/coco_2014 6.599321 0.672235 98.989817
ec-at-scale/imagenet-10x1 3.980879 0.921089 39.808790
ec-at-scale/imagenet-10x10 3.908713 0.904391 39.087127
ec-at-scale/imagenet-1x1 4.121796 0.953694 41.217964
ec-at-scale/imagenet-1x10 3.975498 0.919844 39.754975
ec-at-scale/imagenet-5x5 4.213196 0.974842 42.131963
egg-discrimination/4-attr_4-val_3-dist_0-seed 2.996740 0.902109 32.964144
egg-discrimination/4-attr_4-val_3-dist_1-seed 2.494699 0.750979 27.441685
egg-discrimination/4-attr_4-val_3-dist_2-seed 2.564778 0.809097 28.212561
egg-discrimination/6-attr_6-val_3-dist_0-seed 2.581470 0.860490 28.396171
egg-discrimination/6-attr_6-val_3-dist_1-seed 2.887394 0.869192 31.761330
egg-discrimination/6-attr_6-val_3-dist_2-seed 2.573849 0.811959 28.312341
egg-discrimination/6-attr_6-val_9-dist_0-seed 2.861929 0.902838 31.481224
egg-discrimination/6-attr_6-val_9-dist_1-seed 2.462500 0.776832 27.087504
egg-discrimination/6-attr_6-val_9-dist_2-seed 2.750845 0.828087 30.259294
egg-discrimination/8-attr_8-val_3-dist_0-seed 2.426752 0.730525 26.694277
egg-discrimination/8-attr_8-val_3-dist_1-seed 2.556315 0.769528 28.119469
egg-discrimination/8-attr_8-val_3-dist_2-seed 2.802140 0.883977 30.823535
egg-reconstruction/4-attr_4-val_10-vocab_10-len 2.296329 0.817969 25.259614
egg-reconstruction/6-attr_6-val_10-vocab_10-len 2.573243 0.857748 28.305674
egg-reconstruction/8-attr_8-val_10-vocab_10-len 2.295767 0.765256 25.253441
generalizations-mu-goodman/cub-concept 3.752944 0.829644 37.529443
generalizations-mu-goodman/cub-reference 3.103881 0.686159 31.038812
generalizations-mu-goodman/cub-set_reference 3.213538 0.710400 32.135376
generalizations-mu-goodman/shapeworld-concept 3.226724 0.789420 22.587066
generalizations-mu-goodman/shapeworld-reference 3.224439 0.788861 22.571074
generalizations-mu-goodman/shapeworld-set_reference 3.365556 0.823385 23.558893
nav-to-center/lexicon_size_11 2.805418 0.935139 18.383341
nav-to-center/lexicon_size_118 3.767532 0.635255 22.101847
nav-to-center/lexicon_size_17 3.186153 0.815521 19.096524
nav-to-center/lexicon_size_174 3.245330 0.609803 20.487443
nav-to-center/lexicon_size_25 2.804201 0.782212 17.290421
nav-to-center/lexicon_size_255 3.534679 0.678513 21.227163
nav-to-center/lexicon_size_37 3.028477 0.679117 19.004602
nav-to-center/lexicon_size_54 3.754792 0.691966 22.069917
nav-to-center/lexicon_size_7 2.758577 0.982625 16.908697
nav-to-center/lexicon_size_80 3.457586 0.674088 20.831957
nav-to-center/temperature_0.1 1.994309 0.997155 14.945156
nav-to-center/temperature_0.167 1.981753 0.990876 14.319155
nav-to-center/temperature_0.278 1.986637 0.598037 15.045198
nav-to-center/temperature_0.464 1.982692 0.991346 15.823868
nav-to-center/temperature_0.774 2.311150 0.823248 15.176164
nav-to-center/temperature_1.29 2.754878 0.869067 17.236170
nav-to-center/temperature_10 4.905167 0.817528 30.954056
nav-to-center/temperature_2.15 4.966695 0.827782 30.802945
nav-to-center/temperature_3.59 5.340638 0.890106 31.395475
nav-to-center/temperature_5.99 5.266347 0.877724 32.180539
rlupus/21-player.run-0 4.062520 0.924915 28942.558214
rlupus/21-player.run-1 4.196960 0.955523 30233.522552
rlupus/21-player.run-2 3.997152 0.910033 28830.352466
rlupus/9-player.run-0 3.079577 0.971498 1735.260160
rlupus/9-player.run-1 3.119583 0.984119 1290.840311
rlupus/9-player.run-2 3.090164 0.974838 1281.218984
rlupus/9-player.run-3 3.111235 0.981485 1292.071343
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2-gram Entropy 2-gram Conditional Entropy
name

babyai-sr/GoToObj 1.544519 0.306888
babyai-sr/GoToObjLocked 1.147285 0.160295
babyai-sr/GoToObjLocked_ambiguous 1.978413 0.254393
babyai-sr/GoToObjLocked_ambiguous-freq_1 2.071162 0.607508
babyai-sr/GoToObjLocked_ambiguous-freq_2 1.538991 0.153070
babyai-sr/GoToObjLocked_ambiguous-freq_32 0.420175 0.062050
babyai-sr/GoToObjLocked_ambiguous-freq_4 2.406197 0.409242
babyai-sr/GoToObjLocked_ambiguous-msg_16 3.097571 0.542418
babyai-sr/GoToObjLocked_ambiguous-msg_32 1.463220 0.112660
babyai-sr/GoToObjLocked_ambiguous-msg_4 1.717505 0.795367
babyai-sr/GoToObjUnlocked 2.497606 0.504450
babyai-sr/GoToObjUnlocked-freq_1 1.092966 0.196541
babyai-sr/GoToObjUnlocked-freq_2 2.877898 0.761815
babyai-sr/GoToObjUnlocked-freq_32 1.731359 0.087790
babyai-sr/GoToObjUnlocked-freq_4 2.979210 0.814026
babyai-sr/GoToObjUnlocked-msg_16 3.043978 0.435771
babyai-sr/GoToObjUnlocked-msg_32 3.157215 0.216230
babyai-sr/GoToObjUnlocked-msg_4 2.307255 0.854029
corpus-transfer-yao-et-al/cc 2.059689 0.661383
corpus-transfer-yao-et-al/coco_2014 12.884451 6.285130
ec-at-scale/imagenet-10x1 6.811992 2.831113
ec-at-scale/imagenet-10x10 6.328754 2.420041
ec-at-scale/imagenet-1x1 6.882813 2.761016
ec-at-scale/imagenet-1x10 6.375876 2.400379
ec-at-scale/imagenet-5x5 7.137788 2.924591
egg-discrimination/4-attr_4-val_3-dist_0-seed 4.434835 1.438094
egg-discrimination/4-attr_4-val_3-dist_1-seed 3.550278 1.055580
egg-discrimination/4-attr_4-val_3-dist_2-seed 3.544613 0.979835
egg-discrimination/6-attr_6-val_3-dist_0-seed 3.917021 1.335551
egg-discrimination/6-attr_6-val_3-dist_1-seed 4.308021 1.420628
egg-discrimination/6-attr_6-val_3-dist_2-seed 3.738390 1.164541
egg-discrimination/6-attr_6-val_9-dist_0-seed 4.371053 1.509123
egg-discrimination/6-attr_6-val_9-dist_1-seed 3.578326 1.115826
egg-discrimination/6-attr_6-val_9-dist_2-seed 4.070906 1.320061
egg-discrimination/8-attr_8-val_3-dist_0-seed 3.504384 1.077631
egg-discrimination/8-attr_8-val_3-dist_1-seed 3.712531 1.156216
egg-discrimination/8-attr_8-val_3-dist_2-seed 4.006086 1.203946
egg-reconstruction/4-attr_4-val_10-vocab_10-len 3.212115 0.915787
egg-reconstruction/6-attr_6-val_10-vocab_10-len 3.750294 1.177051
egg-reconstruction/8-attr_8-val_10-vocab_10-len 3.515011 1.219244
generalizations-mu-goodman/cub-concept 5.686797 1.933852
generalizations-mu-goodman/cub-reference 5.641346 2.537465
generalizations-mu-goodman/cub-set_reference 5.509904 2.296366
generalizations-mu-goodman/shapeworld-concept 6.040857 2.814134
generalizations-mu-goodman/shapeworld-reference 5.908455 2.684016
generalizations-mu-goodman/shapeworld-set_reference 6.409305 3.043749
nav-to-center/lexicon_size_11 4.240224 1.434806
nav-to-center/lexicon_size_118 5.389004 1.621472
nav-to-center/lexicon_size_17 4.655472 1.469319
nav-to-center/lexicon_size_174 4.717891 1.472561
nav-to-center/lexicon_size_25 4.106729 1.302528
nav-to-center/lexicon_size_255 5.098629 1.563950
nav-to-center/lexicon_size_37 4.335838 1.307361
nav-to-center/lexicon_size_54 5.463441 1.708649
nav-to-center/lexicon_size_7 4.123176 1.364599
nav-to-center/lexicon_size_80 5.001934 1.544348
nav-to-center/temperature_0.1 3.405157 1.410848
nav-to-center/temperature_0.167 3.469046 1.487293
nav-to-center/temperature_0.278 3.396763 1.410126
nav-to-center/temperature_0.464 3.377160 1.394467
nav-to-center/temperature_0.774 3.777791 1.466642
nav-to-center/temperature_1.29 4.202502 1.447624
nav-to-center/temperature_10 8.121348 3.216181
nav-to-center/temperature_2.15 7.739814 2.773120
nav-to-center/temperature_3.59 8.433494 3.092856
nav-to-center/temperature_5.99 8.660965 3.394618
rlupus/21-player.run-0 6.956412 2.893892
rlupus/21-player.run-1 7.403071 3.206111
rlupus/21-player.run-2 7.039882 3.042730
rlupus/9-player.run-0 5.883233 2.803656
rlupus/9-player.run-1 5.925070 2.805487
rlupus/9-player.run-2 5.979073 2.888910
rlupus/9-player.run-3 5.865222 2.753987
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Evaluation with Deep Transfer Learning

C.1 Hyperparameters

C.1.1 Causal language modeling

For values not listed, see Hugging Face Transformers’ defaults at https://huggingface.co
/docs/transformers/v4.36.1/en//model_doc/gpt2#transformers.GPT2Config.

• Model: GPT-2
• Tokenizer: Byte pair encoding
• Hidden size: 768 (default)
• Vocabulary size: 30 000
• Context length: 256
• Number of layers: 6
• Number of attention heads: 6
• Learning rate: 1 · 10−4

• Optimizer: AdamW
• Weight decay: 0.01
• Learning rate schedule: linear (to 0)
• Batch size: 32
• Train dataset size: 15 · 106 tokens
• Train epochs: 5
• Tune dataset size: 2 · 106 tokens
• Train epochs: 10

C.1.2 Machine translation

For values not listed, see Hugging Face Transformers’ defaults at https://huggingface.
co/docs/transformers/v4.36.1/en/model_doc/bart#transformers.BartConfig. The
following is for the Full setting.

• Model: BART
• Training objective: text infilling only (see note below)
• Tokenizer: Byte pair encoding
• Hidden size: 512
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• Vocabulary size: 30 000
• Context length: 512
• Number of encoder layers: 6
• Number of decoder layers: 6
• Number of encoder attention heads: 8
• Number of decoder attention heads: 8
• Encoder feedforward dimension: 2048
• Decoder feedforward dimension: 2048
• Train learning rate: 1 · 10−4

• Tune learning rate: 2 · 10−4

• Optimizer: AdamW
• Weight decay: 0.01
• Learning rate schedule: linear (to 0)
• Batch size: 32
• Train dataset size: 100 · 106 tokens
• Train epochs: 5
• Tune dataset size: 50 · 106 tokens
• Train epochs: 3
• Test beam size: 1, 3, 5 (final metric averaged across each size)
• Test context size: 128

The objective used to pretrain BART was text infilling only ; we cannot use the sentence
permutation objective because we do not know a priori what constitutes a sentence in an
emergent language, hence we do not use it for any settings. For the Frozen setting, all is as
above, but all non-embedding layers are frozen for the duration of tuning. For the Reduced
setting, all is as above except for the following:

• Tune learning rate: 1 · 10−5

• Tune dataset size: 10 · 106

C.1.3 Generic signaling game

We use the following hyperparameters for the Disc, small emergent language.

• Game (from EGG):
egg.zoo.basic_games.play

• Message optimization: Gumbel-Softmax (as opposed to REINFORCE)
• Game type: discrimination
• Number of attributes: 4
• Number of values: 4
• Number of distractors: 5
• Vocabulary size: 6
• Max message length: 10
• Number of examples: 32 768
• Batch size; 1024
• Number of epochs: 10
• Sender hidden size: 256
• Receiver hidden size: 512
• Sender embedding size: 32
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• Receiver embedding size: 32
• Sender network type: GRU
• Receiver network type: GRU
• Learning rate: 0.001

The Disc, large setting uses the same hyperparameters as above with the exception of the
following.

• Number of attributes: 12
• Number of values: 8
• Number of distractors: 5
• Number of examples: 3.5 · 106
• Max message length: 30
• Vocabulary size: 100
• Number of epochs: 100

The Recon, large setting is as in Disc, large with the following changes.

• Game type: reconstruction
• Number of attributes: 8
• Number of distractors: N/A
• Number of examples: 1 · 106
• Number of epochs: 10

C.2 Example of benchmark input format
The input format for the benchmark is simple: integer arrays in a JSON format separated by
newlines (i.e., JSON Lines, JSONL, *.jsonl). The following is an example of file contents in
this format:

[3, 1, 4, 1, 5, 9, 2]
[6, 5, 3, 5, 8, 9, 7, 9, 3]
[2, 3, 8, 4]
[6, 2, 6, 4, 3, 3]
[8, 3, 2, 7, 9, 5, 0, 2, 8, 8, 4]

C.3 Computing resources used
See Table C.1 for rough estimates of the compute used in writing this paper. Most experiments
were run on a shared cluster comprising approximately 150 Nvidia A6000 (or comparable)
GPUs.

C.4 Additional results

C.4.1 BLEU scores for machine translation

See Table C.2.
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Item Base GH n items Total

XferBench 6 45 270
MT 8 50 400
Other experiments 2 50 100

Total 770

Table C.1: Estimate of compute used for this paper in GPU-hours (specifically Nvidia RTX
2080 Ti–hours).

Source Full Frozen Reduced

French 12.93 5.33 6.61
Spanish 13.32 4.52 6.35
Russian 12.93 4.37 7.02
Chinese 12.71 3.04 6.03
Korean 12.83 2.95 6.36
Arabic 13.12 4.16 6.74
Hindi 12.72 3.20 5.24
Paren, real 12.60 0.65 6.26
Paren, synth 13.19 0.82 6.15
Disc, large 12.93 2.08 4.44
Disc, small 0.17 0.19 0.38
Rec, large 1.92 0.86 2.50
Yao+ 0.01 1.04 2.57
Mu+, SW 0.00 1.05 1.86
Mu+, CUB 12.71 1.45 2.35
Random 0.00 0.00 1.02
No pretrain 0.10 0.06 3.43

Table C.2: BLEU scores for machine translation experiment. Colors normalized by column.

C.4.2 Raw cross-entropies on XferBench

See Table C.3.

C.4.3 Writing system matrix for normalized XferBench scores

See Tables C.5 and C.6. Scores for reach writing system are aggregated by taking the
mean. Table C.4 gives the writing system classification for the languages used in the
experiments. Although the class imbalance makes it impossible to draw any definitive claims,
the preliminary results do not suggest any correlation in XferBench between the writing
systems of the source and target languages.
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Source Danish Basque Persian Finnish Hebrew Indonesian Japanese Kazakh Romanian Urdu Mean

French 4.93 6.03 5.04 5.62 5.48 4.87 5.23 5.46 5.15 4.43 5.22
Spanish 4.92 6.06 5.03 5.61 5.47 4.82 5.25 5.46 5.12 4.42 5.22
Russian 4.94 6.04 5.04 5.65 5.48 4.88 5.27 5.48 5.14 4.45 5.24
Chinese 4.89 6.02 5.01 5.58 5.43 4.76 5.18 5.44 5.12 4.39 5.18
Korean 4.89 6.01 5.02 5.57 5.44 4.78 5.20 5.45 5.12 4.38 5.19
Arabic 4.90 6.02 5.02 5.59 5.45 4.81 5.22 5.44 5.13 4.40 5.20
Hindi 4.94 6.06 5.08 5.65 5.47 4.83 5.29 5.52 5.20 4.46 5.25
Paren, real 5.07 6.11 5.11 5.75 5.59 5.06 5.38 5.57 5.22 4.56 5.34
Paren, synth 5.08 6.13 5.14 5.74 5.58 5.09 5.43 5.58 5.26 4.57 5.36
Disc, large 5.00 6.06 5.11 5.71 5.52 4.92 5.34 5.56 5.25 4.49 5.30
Disc, small 5.09 6.06 5.17 5.80 5.59 5.05 5.41 5.65 5.31 4.56 5.37
Rec, large 5.09 6.06 5.16 5.79 5.57 5.04 5.41 5.64 5.30 4.55 5.36
Yao+ 5.07 6.03 5.17 5.79 5.56 5.03 5.41 5.65 5.31 4.56 5.36
Mu+, SW 5.09 6.10 5.18 5.80 5.58 5.05 5.42 5.65 5.33 4.58 5.38
Mu+, CUB 5.08 6.06 5.18 5.79 5.58 5.05 5.42 5.65 5.32 4.56 5.37
Random 5.23 6.17 5.31 5.92 5.71 5.22 5.55 5.76 5.45 4.72 5.50
No pretrain 5.17 6.10 5.23 5.85 5.66 5.14 5.47 5.68 5.38 4.65 5.43
Mean 5.02 6.07 5.12 5.72 5.54 4.96 5.35 5.57 5.24 4.51 5.31

Table C.3: Cross-entropies across all source and target languages. Colors normalized by
column.

Type Writing System Language

Abjad Arabic
ar
fa
ur

Hebrew he

Abugida Devanagari hi

Alphabet

Cyrillic kk
ru

Hangul ko

Latin

da
es
eu
fi
fr
id
ro

Logographic Chinese zh

Mixed Japanese ja

Table C.4: Coarse and fine classifications of writing systems of human languages (source and
target) used in the experiments.
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Source Arabic Cyrillic Hebrew Japanese Latin

Arabic −0.65 −0.81 −0.42 −0.35 −0.56
Chinese −1.05 −0.93 −1.60 −1.46 −1.00
Cyrillic 0.63 0.68 1.07 0.90 0.78
Devanagari 1.62 1.93 0.39 1.47 1.23
Hangul −0.98 −0.41 −0.89 −0.80 −1.04
Latin 0.22 −0.22 0.72 0.12 0.29

Table C.5: Normalized XferBench scores by writing system (lower is better). Color is
normalized across all values.

Source Abjad Alphabet Mixed

Abjad −0.57 −0.60 −0.35
Abugida 1.21 1.35 1.47
Alphabet 0.15 0.06 0.09
Logographic −1.23 −0.99 −1.46

Table C.6: Normalized XferBench scores by writing system type (lower is better). Color is
normalized across all values.
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Figure C.1: Scatter plots showing XferBench score versus machine translation score.

C.4.4 Scatter plots for XferBench and MT

See Figure C.1.

C.5 Cross-entropy confidence interval computation
Let s ∈ S and t ∈ T represent source and target languages, respectively. hs,t represents the
test cross-entropy of a model pretrained on s and evaluated on t. As sated in Equation (4.1),
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the score on XferBench is the mean cross-entropy across all target languages:

hs = mean
t′∈T

(hs,t′) . (C.1)

We would like to calculate a confidence interval (i.e., h−
s and h+

s ) for a source language’s
mean cross-entropy using the different cross-entropies on the target languages (i.e., hs,t for
t ∈ T ), yet these samples are not i.i.d., since the mean of cross-entropy each target language
can vary. Thus, if we would like to use bootstrapping to calculate confidence intervals, we
must first normalize the cross-entropies. Let ĥs,t be the normalized score:

ĥs,t =
hs,t − means′∈S (hs′,t)

stdevs′∈S (hs′,t)
. (C.2)

Given the normalized scores, we can now bootstrap in order to compute confidence intervals
for ĥs (i.e., in the normalized space).1 Let ĥ+

s and ĥ−
s be the upper and lower bounds of

the confidence interval computed using bootstrapping in the normalized space. We can
now translate these back into the raw cross-entropy space using the means and standard
deviations from before:

h+
s = ĥ+

s · stdev
s′∈S

(hs′,t) + mean
s′∈S

(hs′,t) (C.3)

h−
s = ĥ−

s · stdev
s′∈S

(hs′,t) + mean
s′∈S

(hs′,t) . (C.4)

C.6 Error analysis
In the Full setting of the machine translation task, the Yao+ and Mu+, SW settings perform
worse than expected (a priori and compared to the other results in the setting). Validation
loss converged while chrF and BLEU scores remained near zero. We provide a couple examples
(taken from the predefined test set of WMT 2014) of model output to provide some insight
into the reason for this. No post processing used, generation is capped at 50 tokens, and
“\u0000” represent single non-printable characters.

Example 1 Input : “And while Congress can’t agree on whether to proceed, several states
are not waiting.”

Reference: “Et tandis que les membres du Congrès n’arrivent pas à se mettre d’accord
pour savoir s’il faut continuer, plusieurs États n’ont pas attendu.”

[Model pretrained on] French: “#Et alors que le Congrès ne peut pas convenir de
poursuivre, plusieurs États ne sont pas en attente. » (traduction libre) Le Parlement
européen. Le Parlement européen est d’avis que le Parlement européen doit être en mesure
de faire preuve#”

Disc, large: “#Et bien que le Congrès ne puisse pas convenir de la marche à suivre,
plusieurs États ne sont pas en attente.\u2028\u2028[Traduit par la Rédaction]\u2028(Traduit
par la Rédaction)\u2028(Tra#”

1This is not intended to be statistically rigorous. Our cross-entropies are unlikely to be normally
distributed, but this still be helpful for generally gauging uncertainty.
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Yao+: “#Annexe II, par.\xa02.2.2.2.2.2.2.2.2.2.2.2.2.2.2.2.2.2.2.2.2.#”
Mu+, SW : “#Annexe II.\xa0\xa0: Appendice I.\xa0I.\xa0I.\xa0I.\xa0I.\xa0I.\xa0I.

\xa0I.\xa0I.\xa0I.\xa0I.\xa0I.\xa0I.\xa0I#”

Example 2 Input : “This really is a must for our nation.”
Reference: “Cela est vraiment indispensable pour notre nation.”
French: “#C’est vraiment une nécessité pour notre nation. Nous devons y parvenir. Nous

devons y parvenir. Nous devons y parvenir. Nous devons y parvenir. Nous devons y parvenir.
Nous devons y parvenir. Nous devons y parvenir. Nous devons y#”

Disc, large: “#C’est vraiment un devoir pour notre nation. C’est un devoir.\u2028
\u2028(...)\u2028\u2028(...)\u2028(...)\u2028(...)\u2028(...)\u2028(...)\u2028(...)\u2028(#”

Yao+: “#Annexe II, par.\xa02.2.2.2.2.2.2.2.2.2.2.2.2.2.2.2.2.2.2.2.2.#”
Mu+, SW : “#Annexe II.\xa0\xa0: Appendice I.\xa0I.\xa0I.\xa0I.\xa0I.\xa0I.\xa0I.

\xa0I.\xa0I.\xa0I.\xa0I.\xa0I.\xa0I.\xa0I#”

Discussion Although all of the models have trouble terminating properly, the French and
Disc, large models (which have high chrF scores) clearly condition their generation on the
text, whereas Yao+ and Mu+, SW give the same output regardless of the input. Although
this is unexpected, we can see in the Full setting in Figure C.1 that there is sharp drop
off between high-performing and low-performing languages. We suspect that the higher
learning rate during tuning caused this bimodal distribution of results and is at least in part
responsible for the poor performance Yao+ and Mu+, SW models on the MT experiment’s
Full setting.
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Optimizing for Statistical Similarity to
Human Language

D.1 Correlation of Evaluation Languages
One of XferBench’s chief weaknesses is its long runtime, taking 2 to 6 hours depending on
the GPU used. Approximately 30% of that time is spent on the initial pretraining with the
emergent language corpus, with the other 70% spent on finetuning and testing on the 10
downstream languages. We observe from the XferBench scores on the emergent languages
of ELCC and the human language baselines of Chapter 4 that 9 out of the 10 evaluation
languages are highly correlated with each other, that is, the XferBench score on one language
is highly predictive of the overall XferBench score. In particular, test cross-entropy on Danish
(da) alone can predict >95% of the variation of the overall XferBench score (i.e., the linear
regression has an R2 > 0.95). For this reason, in the hyperparameter optimization trials, we
compute XferBench-da (XferBench evaluated on Danish only) which is around 3× faster than
the full XferBench; the final evaluation nevertheless uses the full set of evaluation language

All Human Emergent

Basque 0.340 0.685 0.318
Danish 0.992 0.966 0.987
Finnish 0.971 0.968 0.969
Hebrew 0.967 0.967 0.977
Indonesian 0.988 0.952 0.983
Japanese 0.973 0.930 0.974
Kazakh 0.983 0.936 0.977
Persian 0.972 0.951 0.971
Romanian 0.985 0.945 0.982
Urdu 0.951 0.849 0.929

Table D.1: R2 values for individual target XferBench languages predicting the full XferBench
score. Human and Emergent refer to the R2 value considering only the human or emergent
languages, respectively.
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for XferBench.
In Table D.1, we show the R2 values derived from training a linear model on just one of

the target language’s XferBench scores to predict the overall XferBench score. The emergent
languages are all of the corpora from ELCC (Chapter 3), and the human language corpora
are the baselines from the original XferBench paper (Chapter 4). R2 value corresponds
to the percent of the variance in the full XferBench score explained by just the score (i.e.,
cross-entropy) on that particular target language. We find, strikingly enough, that all of
the target languages, with the exception of Basque, are highly correlated, having R2 values
above 0.95 all languages, and greater than 0.80 even when considering human languages
alone. Danish, of all of the languages, has the highest R2 value (>0.99), which is the reason
we select it as the sole target for a more time-efficient variant of XferBench (which we term
XferBench-da).

D.2 Hyperparameters Not Discussed
In this section we briefly discuss hyperparameters that were tried but not not documented
in the paper or that were not investigated at all. We selected a batch size of 32 based on
comparing the compute efficiency of different sizes. Larger batch sizes could process more
data faster but would not update the parameters often enough. On the other hand, smaller
batch sizes would not process enough data to maximize the utility of each update. Mixed
precision training was tested but not found to improve runtime. For learning rate scheduling,
we found cosine annealing to be slightly more effective than no learning, but further schedules
were not investigated. Weight decay was investigated in earlier experiment but found not to
have a noticeable effect.

The implementation of the signaling game we used could also be optimized using REIN-
FORCE to handle the discrete message, but we only tested with a Gumbel-Softmax layer as
it is faster and more stable to optimize with. We did not vary the neural architecture beyond
altering the number of units in the hidden and embedding layers; for example, we did not
add additional layers, try different RNN cells (e.g., LSTM), or use transformers.

D.3 Full Table of Hyperparameters
In Table D.2, we show all of the hyperparameters selected for the searches and trials referenced
in the paper.

D.4 Computing Resources Used
Experiments were performed across about 20–30 Nvidia A6000 (or equivalent) GPUs (one
trial per GPU) on an institutional cluster. We estimate approximately 5500 GPU-hours were
used for all experiments directly related to this paper, including those not documented or
directly referenced. The primary searches for the best-performing emergent languages on
XferBench (Searches 1–4) took about 1300 GPU-hours.
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# |Trials| |Attrs.| |Vals.| |Distrs.| Temp. |Embed.| |Hidden| LR |Vocab| Length |Epochs|

1 578 [3, 7] [3, 7] [1, 127] [0.1, 10] [8, 128] [8, 128] [500µ, 50m] [10, 20k] [1, 40] 500
2 171 [5, 10] [5, 10] — [0.5, 4] [64, 512] [64, 512] [500µ, 5m] [300, 30k] — —
3 140 — — — — — — — — — [500, 5k]
4 282 [6, 20] 6 23 2 128 256 [1m, 3m] [500, 30k] — —
4.1 1 11 6 — — — — 1.79m 9721 16 1715
4.2 1 12 6 — — — — 1.86m 12496 22 1593
4.3 1 13 6 — — — — 1.74m 8096 18 1511
5r 411 [4, 20] [3, 10] [1, 127] [0.1, 10] [8, 512] [8, 512] [500µ, 10m] [2, 30k] [1, 40] [10, 3k]
6e 109 10 10 [63, 511] 2 32 32 2.7m 25k 15 5k
6e.1 1 — — 228 — — — — — — —
6e.2 1 — — 372 — — — — — — —
6e.2 1 — — 165 — — — — — — —

Table D.2: All hyperparameters were treated as log-scale hyperparameters. |·| refers to
cardinality. “—” means unchanged from the previous run. µ, m, and k refer to the SI prefixes
micro (×10−6), milli (×10−3), and kilo (×103), respectively. 4.1 is the best-performing trial
of Search 4 (and likewise for 4.2, 6e.1, etc.).

D.5 Synthetic Languages

D.5.1 Definitions

We use four probabilistic synthetic languages which span a large portion of the Chomsky
hierarchy ranging from trivial to beyond context-free. All synthetic languages contain a
unique begin- and end-of-sentence token in each utterance.

Zipf-Mandelbrot Distribution The basis for our synthetic languages will be a Zipf–
Mandelbrot distribution, a generalization of Zipf’s law, where the unnormalized probability
weight of the word wi is

f(wi) =
1

(i+ β)α
, (D.1)

where i is the 1-based index of the word, α controls the weight of the tail, and β shifts where
the distribution starts (roughly speaking). Empirically, α = 1 and β = 2.7 have been found
to be good approximations for human language and will be the default parameters of the
distribution unless otherwise specified (Piantadosi, 2014).

Bag of Words The simplest synthetic language we introduce is a bag-of-words language
where each token in a sentence is sampled independently from the Zipf-Mandelbrot distribution.
The length of the sentence is independent of the sampling method, so in interest of simplicity,
we sample from a discrete uniform distribution.

Regular The simplest non-trivial language we introduce is a regular language which
partitions the tokens uniformly at random into k different sets (s1, . . . , sk), keeping their
initial Zipf–Mandelbrot-derived weight. Each sentence starts with a token sampled from s1;
each subsequent token is sampled from the next class (si + 1) with probability c or sampled
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from the same class (si). After sk, the sentence terminates. Thus, the language is defined by
the regular expression

s+1 s
+
2 . . . s+k , (D.2)

where a+ = aa∗, si represents any token in the set si, and appropriate BoS and EoS tokens
are added.

Dyck-n Dyck-n can be thought of as “balanced nested delimiters” (where the delimiters
are the same token) (Schützenberger, 1963). Each token in the sentence is generated as
follows: With probability p, a new token is sampled from the Zipf–Mandelbrot distribution
and pushed onto a stack (the “opening delimiter”), and with probability 1 − p, the token
on top of the stack is popped off. A sentence always begins with an “open” token and ends
when the stack is empty. An example of such a sentence is (3, 1, 1, 2, 1, 1, 2, 3) which could be
illustrated as “{()[()]}”.

Shuffle Dyck-n Finally, we use Shuffle Dyck-n as our last language which lies beyond
context-free in the Chomsky hierarchy Suzgun et al. (2019). Technically speaking, this
language should be called Shuffle of n Distinct Dyck-1 Languages since it is the result of
randomly interleaving multiple Dyck-1 languages with distinct tokens. To generate a sentence
in Shuffle Dyck-n, we first follow the same procedure as for Dyck-n but keep the individual
tokens separate. We then interleave the separate strings by appending to the sentence
uniformly at random from one of the individual strings until they are empty. For example, if
Dyck-n generated “{([()])[]}”, the separated strings would “{}”, “(())”, and “[][]”, which could
then be interleaved into “{[}(()])”.

D.5.2 Hyperparameters

Each variation of the synthetic language maintains the default values while varying a single
hyperparameter. We vary the common hyperparameters as follows:

Vocabulary size takes the values 10, 100, 1k, 5k, 10k, 30k (default: 30k). A vocab size of
10 is incompatible with the Regular language and was skipped.

Zipf–Mandelbrot α takes the values 0, 0.25, 0.5, 1, 2, and 4 (default: 1).

n tokens (in the whole corpus) takes the values 1k, 10k, 100k, 1M, 5M, and 15M (default:
15M); this hyperparameter was not varied for the Unigram language.

The Unigram language has an additional hyperparameter stop probability which takes
the values 0.05, 0.1, and 0.2 (default: 0.1). The Regular language has two additional
hyperparameters: repeat probability (c) which takes the values 0.2, 0.4, 0.5, and 0.6 (default:
0.4), and n classes which takes the values 5, 10, 20, and 40 (default: 10). The Dyck and
Shuffle Dyck languages take the additional hyperparameter open probability with values: 0.2,
0.3, 0.4, 0.5, and 0.6 (default: 0.5); Shuffle Dyck is not generated with the value 0.6 due to
implementation constraints.
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Figure D.1: Entropy versus accuracy for Search 5r.

D.6 Task Success and Entropy
Previous work (Kharitonov et al., 2020b; Chaabouni et al., 2021) has analyzed entropy
minimization with respect to the amount of information or, roughly speaking, task success.
We performed a brief analysis the relationship between entropy and accuracy (task success)
shown in Figure D.1. While we do find significant correlation (Pearson’s r = 0.57 for Search
5r), we would not characterize it as any strict sort of entropy minimization. That is, we
observe many emergent languages which are from the Pareto frontier of high accuracy and low
entropy. Hyperparameter search demonstrates itself to be a powerful tool for investigating
such correlations since it is able to generate a wide variety of emergent languages with
minimal additional work from the researchers. Nevertheless, more investigation would have to
be done on this front to conclusively support or reject prior claims of entropy minimization.

D.7 Hyperparameter Scatter Plots
Figures D.2 to D.5 show the univariate scatter plots for hyperparameter Searches 1–4. The
y-axis is XferBench-da score (or some smaller variation thereof, for Searches 1 and 2), and
the x-axis is one of the hyperparameters varied for that search. Note that other variables are
not held constant while one is varied; instead all hyperparameters are varied for each trial.
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Figure D.2: Objective values for Search 1 by individual hyperparameter.
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Figure D.3: Objective values for Search 2 by individual hyperparameter.
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Figure D.4: Objective values for Search 3 by individual hyperparameter.
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Appendix E

Discovering Morphemes in Rich Corpora

E.1 Algorithm

E.1.1 Candidate generation

For simplicity’s sake (and inductive bias), we limit the candidate generation functions to all
non-empty substrings for forms and all non-empty subsets for meanings. Nevertheless, we
could extend form candidate generation to non-contiguous forms to detect non-concatenative
morphology (e.g., the form “x.z” matching “xyz” and “xwz”). In fact, we could could use
arbitrary regular expressions to represent forms (or meanings) such as “ˆ..x” or “x+” to
represent absolute position and optional repetitions, respectively. We could consider empty
forms and empty meanings to explicitly identify forms and meanings which do not have
mappings (as opposed to implicitly not including them in the morphology).

Of course, part of the difficulty of extending the complexity of the candidate generation
is that it expands the already (sometimes intractably) large search space. One method of
making this tractable, though, is adding heuristics that determine which form candidates
should be considered rather than considering every possible candidate.

E.1.2 Ambiguous pair application

In some cases of applying a morpheme to record in the dataset, there are multiple applications
possible. Say we have the utterance “x y z x y” meaning {A,B} and we want to apply the
morpheme (“x y”, {A}). The form matches two substrings in the utterance, so there are
two possible ways to apply the morpheme. As a heuristic for selecting the best application,
CSAR break ties by selecting the substring least likely to be a morpheme (as determined by
the morpheme weights). Going back to the above example, if it is the case the morpheme (“z
x y”, {B}) has a higher weight than (“x y z”, {B}), then CSAR will apply (“x y”, {A}) to
the first instance of “x y” instead of the second.

This search can be very computationally expensive since it can entail going through a
large number of morpheme candidates. Thus for the experiments with human language data,
we do not perform this search and select the best form quasirandomly.
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E.1.3 Heuristic optimizations

Below we include a summary of heuristic optimizations available in CSAR:
max input records Only consider a certain number of records from the input data;

20 000 for machine translation, image captions, and ShapeWorld.
max inventory size Stop after inducing a certain number of morphemes; 300 for image

captions and machine translation settings.
n-gram semantics Treat complete meanings as ordered and generate meaning candidates

identically to forms (i.e., as n-grams); used for machine translation data where the
“meanings” are sentences.

max form/meaning size Only consider form/meaning candidates up to a certain size;
3 for machine translation (form and meaning) and image captions (form only), 2 for
image captions meaning.

no search best form When ablating a form with multiple matches in an utterance, do
not search for best form, simply choose it randomly; no search for image captions and
machine translation.

form/meaning vocabulary size Only consider the most common form/meaning candi-
dates; 100 000 for image captions and machine translation.

token vocabulary size Only consider the most common form/meaning tokens and ignore
an form meaning candidates which contain an unknown token; 1000 for image captions
and 500 for machine translation.

co-occurrence threshold Zero out any co-occurrences which fall below a certain thresh-
old (e.g., if a form and meaning candidate only occur once, treat it as never co-occurring);
1 for ShapeWorld, 10 for image captions, and 100 for machine translation.

E.2 Empirical Validation

E.2.1 Procedural dataset hyperparameters

The following hyperparameters were used for generating the procedural datasets. Each
dataset uses 4 attributes and 4 values except for the sparse setting which uses 8 independent
values.

Synonymy {1, 3}; forms per meaning
Polysemy {0, 0.15}; proportion of meanings mapped to an already-used form
Multi-token forms {{1}, {1, 2, 3, 4}}; possible tokens per form
Vocab size {10, 50}; only applies to non-unity multi-token forms
Sparse meanings {true, false}
Distribution imbalance {true, false}; non-uniform distribution is based on the ramp

function, i.e., probability of given value for an attribute is proportional to its index+ 1.
Dataset size {50, 500}
Noise forms {0, 0.5}; 1− p of parameter of geometric distribution
Shuffle form {true, false}
Non-compositionality {true, false}
Random seeds 3 per hyperparameter setting
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CSAR IBM Model 1 IBM Model 3 Morfessor BPE ULM Records

Exact F1, form 0.868 0.616 0.595 0.827 0.624 0.670 0.133
Fuzzy F1, form 0.960 0.899 0.893 0.949 0.890 0.891 0.637
Fuzzy prec., form 0.954 0.855 0.850 0.933 0.852 0.853 0.597
Fuzzy recall, form 0.967 0.952 0.946 0.967 0.934 0.938 0.701
Exact F1 0.788 0.375 0.379 0.000 0.000 0.000 0.101
Fuzzy F1 0.899 0.721 0.726 0.000 0.000 0.000 0.441
Fuzzy prec. 0.881 0.641 0.640 0.000 0.000 0.000 0.390
Fuzzy recall 0.921 0.855 0.866 0.000 0.000 0.000 0.543

Table E.1: Results of baseline methods on the procedural datasets.

Non-unity polysemy and synonymy rates for the non-compositional dataset implementation
were not implemented and are excluded from the above grid.

E.2.2 Tokenizer vocabulary size

The heuristic for the tokenizer vocabulary size is as follows:

|V | =

⌊
|Tmeaning|

|R|
∑
r∈R

|rform|
|rmeaning|

⌋
+ |Tform|, (E.1)

where Tmeaning is the set of all meaning tokens in the dataset (likewise for Tform), R is the
multiset of records in dataset, rform is the particular form (utterance) for an individual record
(likewise for rmeaning. This heuristic can be interpreted as the mean form tokens per meaning
tokens times the number unique meaning tokens added to the number of unique form tokens
(since each of them will automatically be included in the vocabulary).

E.2.3 Additional procedural dataset results

Table E.1 shows all results of baseline methods on the procedural datasets. Figure E.1
visualizes the results of the baseline methods with exact F1 score.

E.3 Analysis of Emergent Languages

E.3.1 Emergent language hyperparameters

Due to the computational constraints for some of the environments, we stop CSAR after
inducing the top 200 morphemes for each language as well as disabling the lookahead
substitution heuristic. Additionally, for the CUB (natural images) environment, the following
optimization were employed: limiting to the maximum meaning size considered to 3, pruning
morpheme candidates that had a prevalence ≤1%, and consider only the 1000 most frequent
forms and 1000 most frequent meanings.

The following hyperparameters were used for the vector observation environment:
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Figure E.1: Exact F1 scores of baseline methods on the procedural datasets

n values 4, 2 (sparse)
n attributes 4, 8 (sparse)
n distractors 3
vocab size 32
max sequence length 10
dataset size (CSAR input) 10 000 records

The ShapeWorld observation environment uses the following hyperparameters:
observations 5 shapes, 6 colors, 3 operators (and, or, not); and or or may only be used

once
n examples 20 total; 10 correct targets, 10 distractors
vocab size 30 (not including beginning- and end-of-sentence tokens)
max sequence length 8
dataset size (CSAR input) 1 200 records
The CUB observation environment uses the following hyperparameters (same as Shape-

World unless noted):
observations 200 classes of birds with 40–60 images each; 312 binary attributes derived

from the images
vocab size 18
n examples 10 total
vision backbone ResNet-18

Both environments had any beginning-of-sentence and end-of-sentence tokens removed
before being fed into CSAR.
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|Inv.| |Form|

Vector, AV 94 3.59
Vector, sparse 126 3.51
SW, ref 2898 6.93
SW, setref 2920 8.13
SW, concept 1565 7.77

Table E.2: Metrics for form-only morpheme inventories generated by Morfessor across various
emergent languages.

E.4 Morfessor Results on Emergent Language
In Table E.2 we show the results of running Morfessor on various emergent language corpora.
Compared to the metrics for CSAR’s output on the same corpora (Table 6.1), Morfessor’s
results do not match or even differ consistently (although Morfessor’s forms do not have
prevalence weighting like CSAR’s). For the vector environments, Morfessor yields smaller
inventories than CSAR yet larger inventories for ShapeWorld. Form lengths are similar for
the vector environment, but for ShapeWorld, CSAR yields shorter forms than the vector
environment while Morfessor yields much longer forms. Since we do not have ground truth
morphemes for these emergent language corpora, we cannot definitively say one algorithm
has performed better than the other. Yet Morfessor here is at a disadvantage here as it is
not able to use the meanings of the utterances to guide its induction.

E.5 Morpheme Inventories
Top 100 morphemes induced by CSAR from human and emergent language datasets.

E.5.1 Human languages

Morpho Challenge (“” ’, {+GEN}) (“ing$”, {+PCP1}) (“ed$”, {+PAST}) (“s”, {+PL})
(“er”, {er_s}) (“ly$”, {ly_s}) (“s$”, {+3SG}) (“ist”, {ist_s}) (“iz”, {ize_s}) (“ness”, {ness_s})
(“ion”, {ion_s}) (“ˆre”, {re_p}) (“ˆde”, {de_p}) (“ation”, {ation_s}) (“est$”, {+SUP}) (“ˆun”,
{un_p}) (“less”, {less_s}) (“ful”, {ful_s}) (“ˆmis”, {mis_p}) (“head”, {head_N}) (“way”,
{way_N}) (“ment”, {ment_s}) (“al”, {al_s}) (“it”, {ity_s}) (“ˆfire”, {fire_N}) (“ency$”,
{ency_s}) (“hook”, {hook_N}) (“ish$”, {ish_s}) (“mind”, {mind_N}) (“ˆin”, {in_p}) (“at”,
{ate_s}) (“if”, {ify_s}) (“able$”, {able_s}) (“ically$”, {ally_s}) (“ˆinter”, {inter_p}) (“ˆphoto”,
{photo_p}) (“ˆhand”, {hand_N}) (“ˆscho”, {school_N}) (“house”, {house_N}) (“ical$”,
{ical_s}) (“hold”, {hold_V}) (“long”, {long_A}) (“work”, {work_V}) (“up”, {up_B}) (“ag”,
{age_s}) (“ant”, {ant_s}) (“ib”, {ible_s}) (“line”, {line_N}) (“ed$”, {ed_s}) (“er$”, {+CMP})
(“ˆover”, {over_p}) (“ˆdis”, {dis_p}) (“ˆsea”, {sea_N}) (“ˆim”, {im_p}) (“or”, {or_s})
(“pos”, {pose_V}) (“ence”, {ence_s}) (“ˆcardinal”, {cardinal_A}) (“ˆrational”, {rational_A})
(“ˆshoplift”, {shop_N}) (“conciliat”, {conciliate_V}) (“ˆmanicur”, {manicure_N}) (“ˆpre-
dict”, {predict_V}) (“dressing”, {dressing_V}) (“ˆbuffet”, {buffet_V}) (“ˆcrimin”, {crime_-
N}) (“ˆentitl”, {entitle_V}) (“ˆfrivol”, {frivolous_A}) (“ˆheartb”, {heart_N}) (“ˆmaroon”,
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{maroon_A}) (“ˆribald”, {ribald_A}) (“ˆspread”, {spread_V}) (“ˆsqueak”, {squeak_V})
(“ˆsquint”, {squint_V}) (“ˆstatue”, {statue_N}) (“ˆsummar”, {summary_A}) (“whisper”,
{whisper_V}) (“ˆblink”, {blink_V}) (“ˆcarri”, {carry_V}) (“ˆcheer”, {cheer_V}) (“ˆfour-”,
{four_Q}) (“ˆhitch”, {hitch_V}) (“ˆlouvr”, {louvre_N}) (“ˆmuzzl”, {muzzle_N}) (“ˆnihil”,
{nihilism_N}) (“ˆtooth”, {tooth_N}) (“ˆwaist”, {waist_N}) (“guard$”, {guard_N}) (“ˆbull”,
{bull_N}) (“ˆrail”, {rail_V}) (“ˆseri”, {series_N}) (“ˆtest”, {test_N}) (“ˆtwo-”, {two_-
Q}) (“ance$”, {ance_s}) (“board”, {board_N}) (“chain”, {chain_N}) (“eroom”, {room_N})
(“grand”, {grand_A}) (“order”, {order_V}) (“power”, {power_N})

Image captions (“tennis”, {tennis racket}) (“cat”, {cat}) (“train”, {train}) (“dog”, {dog})
(“pizza”, {pizza}) (“toilet”, {toilet}) (“man”, {person}) (“bus”, {bus}) (“clock”, {clock}) (“base-
ball”, {baseball glove}) (“frisbee”, {frisbee}) (“bed”, {bed}) (“horse”, {horse}) (“skateboard”,
{skateboard}) (“laptop”, {laptop}) (“cake”, {cake}) (“giraffe”, {giraffe}) (“table”, {dining
table}) (“bench”, {bench}) (“motorcycle”, {motorcycle}) (“bathroom”, {sink}) (“elephant”,
{elephant}) (“umbrella”, {umbrella}) (“kitchen”, {oven}) (“kite”, {kite}) (“people”, {person})
(“ball”, {sports ball}) (“sheep”, {sheep}) (“zebra”, {zebra}) (“phone”, {cell phone}) (“surfboard”,
{surfboard}) (“hydrant”, {fire hydrant}) (“zebras”, {zebra}) (“teddy”, {teddy bear}) (“truck”,
{truck}) (“stop sign”, {stop sign}) (“sandwich”, {sandwich}) (“boat”, {boat}) (“street”, {car})
(“bat”, {baseball bat}) (“bananas”, {banana}) (“giraffes”, {giraffe}) (“living”, {couch}) (“snow”,
{skis}) (“bird”, {bird}) (“elephants”, {elephant}) (“vase”, {vase}) (“cows”, {cow}) (“broccoli”,
{broccoli}) (“computer”, {keyboard}) (“woman”, {person}) (“tie”, {tie}) (“horses”, {horse})
(“bear”, {bear}) (“desk”, {mouse}) (“plane”, {airplane}) (“luggage”, {suitcase}) (“airplane”,
{airplane}) (“person”, {person}) (“hot”, {hot dog}) (“refrigerator”, {refrigerator}) (“wii”, {re-
mote}) (“kites”, {kite}) (“boats”, {boat}) (“couch”, {couch}) (“traffic”, {traffic light}) (“plate”,
{fork}) (“surf”, {surfboard}) (“umbrellas”, {umbrella}) (“wine”, {wine glass}) (“skate”, {skate-
board}) (“bowl”, {bowl}) (“stuffed”, {teddy bear}) (“room”, {tv}) (“cow”, {cow}) (“scissors”,
{scissors}) (“snowboard”, {snowboard}) (“chair”, {chair}) (“car”, {car}) (“banana”, {banana})
(“bicycle”, {bicycle}) (“birds”, {bird}) (“vegetables”, {broccoli}) (“microwave”, {microwave})
(“donuts”, {donut}) (“video”, {remote}) (“batter”, {baseball bat, person}) (“skateboarder”,
{person, skateboard}) (“surfer”, {person, surfboard}) (“skis”, {skis}) (“motorcycles”, {motor-
cycle}) (“meter”, {parking meter}) (“suitcase”, {suitcase}) (“sink”, {sink}) (“bike”, {bicycle})
(“chairs”, {chair}) (“food”, {bowl}) (“dogs”, {dog}) (“oven”, {oven}) (“court”, {sports ball})

Machine translation (“and”, {und}) (“Commission”, {Kommission}) (“not”, {nicht})
(“Union”, {Union}) (“we”, {wir}) (“I”, {ich}) (“that”, {daß}) (“Mr”, {Herr}) (“I”, {Ich}) (“Par-
liament”, {Parlament}) (“President”, {Präsident}) (“Member States”, {Mitgliedstaaten})
(“report”, {Bericht}) (“European”, {Europäischen}) (“We”, {Wir}) (“or”, {oder}) (“in”, {in})
(“Europe”, {Europa}) (“the”, {der}) (“Council”, {Rat}) (“between”, {zwischen}) (“is”, {ist})
(“2000”, {2000}) (“Commissioner”, {Kommissar}) (“EU”, {EU}) (“for”, {für}) (“the”, {die})
(“The”, {Die}) (“also”, {auch}) (“with”, {mit}) (“like to”, {möchte}) (“you”, {Sie}) (“1999”,
{1999}) (“directive”, {Richtlinie}) (“only”, {nur}) (“proposal”, {Vorschlag}) (“European”, {Eu-
ropäische}) (“Madam”, {Präsidentin}) (“Mrs”, {Frau}) (“Kosovo”, {Kosovo}) (“but”, {aber})
(“new”, {neuen}) (“Group”, {Fraktion}) (“have”, {haben}) (“behalf”, {Namen}) (“Mr”, {Herrn})
(“women”, {Frauen}) (“has”, {hat}) (“regions”, {Regionen}) (“years”, {Jahren}) (“all”, {alle})
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(“two”, {zwei}) (“cooperation”, {Zusammenarbeit}) (“if”, {wenn}) (“1”, {1}) (“new”, {neue})
(“Article”, {Artikel}) (“because”, {weil}) (“whether”, {ob}) (“Parliament”, {Parlaments})
(“a”, {eine}) (“measures”, {Maßnahmen}) (“but”, {sondern}) (“institutions”, {Institutionen})
(“social”, {sozialen}) (“to”, {zu}) (“political”, {politischen}) (“development”, {Entwicklung})
(“national”, {nationalen}) (“today”, {heute}) (“countries”, {Länder}) (“European”, {europäis-
chen}) (“must”, {muß}) (“our”, {unsere}) (“as”, {wie}) (“problems”, {Probleme}) (“initiative”,
{Initiative}) (“work”, {Arbeit}) (“be”, {werden}) (“very”, {sehr}) (“human rights”, {Menschen-
rechte}) (“of the”, {des}) (“us”, {uns}) (“three”, {drei}) (“debate”, {Aussprache}) (“other”,
{anderen}) (“hope”, {hoffe}) (“already”, {bereits}) (“question”, {Frage}) (“this”, {diesem})
(“debate”, {Debatte}) (“are”, {sind}) (“will”, {wird}) (“proposals”, {Vorschläge}) (“If”, {Wenn})
(“Prodi”, {Prodi}) (“Council”, {Rates}) (“rapporteur”, {Berichterstatter}) (“INTERREG”,
{INTERREG}) (“role”, {Rolle})

E.5.2 Emergent languages

Below are the top 20 morphemes for the various emergent languages described in Section 6.5.2.
For attr–val environments, a semantic component of “1_2” means the 1st attribute has a
value of 2.

Vector, Attr–val, Discrim, Run 0 (“17”, {3_3}), (“16”, {1_3}), (“22”, {0_1}), (“24”,
{3_1}), (“40”, {2_1}), (“22 39”, {0_0}), (“22”, {1_0}), (“46 44 46 46 44 46 46”, {0_1, 1_0,
3_2}), (“46”, {0_1}), (“31 31 31 31”, {3_2}), (“46”, {1_0}), (“22 5 11 5”, {0_0, 2_2}), (“24
24”, {2_1}), (“24 44”, {3_0}), (“11”, {2_2}), (“11”, {2_3}), (“5”, {3_1}), (“39 39”, {0_0,
1_0}), (“24 22 24”, {2_1}), (“44 31”, {0_2, 1_1})

Vector, Attr–val, Discrim, Run 1 (“7”, {0_2}), (“58 58”, {0_1}), (“4 4 4”, {0_0}), (“52”,
{2_1}), (“4 0”, {3_3}), (“4 58 4”, {0_3}), (“19 19 40”, {1_3, 2_2}), (“19 19 40 40”, {1_2,
2_2}), (“21 21 21 21 21 21 21 0”, {3_0}), (“60”, {2_3}), (“19 40 40 40”, {1_2, 2_0}), (“40 40
40 40 40”, {1_2, 2_3}), (“21 21”, {3_1}), (“19 40 40”, {1_3, 2_0}), (“19 19 19”, {1_2}), (“21
21 21”, {3_0}), (“19 40 4”, {1_1, 2_0}), (“21”, {3_2}), (“48 40”, {1_1, 2_3}), (“58 21 58”,
{0_1})

Vector, Attr–val, Discrim, Run 2 (“10”, {1_1}), (“58 58 58 58 58 0”, {2_1}), (“24 24
24 24 24 0”, {2_3}), (“63 26”, {1_3}), (“53”, {1_0}), (“35”, {3_0}), (“46”, {1_2}), (“45 45”,
{0_3}), (“56”, {2_0}), (“58”, {2_2}), (“24 0”, {2_0}), (“26 26 26”, {1_3}), (“45 3 3”, {1_2,
3_3}), (“45 63 63”, {3_2}), (“45 26 3”, {1_0, 3_3}), (“45”, {0_2, 3_1}), (“3 3 24 24”, {3_3}),
(“24 24 24”, {3_3}), (“63 63 63 63”, {3_0}), (“53 63 53 63”, {0_0, 3_0})

Vector, Attr–val, Recon, Run 0 (“12 12 12”, {2_2}), (“29 29 29”, {1_2}), (“40 40
40”, {2_1}), (“11”, {1_1}), (“13”, {0_2}), (“14”, {0_1}), (“16”, {3_1}), (“17”, {2_0}), (“31”,
{3_0}), (“37”, {1_0}), (“4”, {0_3}), (“41”, {3_2}), (“44”, {2_3}), (“59”, {3_3}), (“8”, {0_0}),
(“50”, {1_3}), (“41 8 41 8 41 8”, {1_3}), (“17 16”, {1_3}), (“4 41 4 41 4 41 4 41”, {1_3}),
(“41 13 41 13 17 41 17”, {1_3})
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Vector, Attr–val, Recon, Run 1 (“21 21”, {0_2}), (“10”, {2_1}), (“13”, {1_1}), (“14”,
{3_1}), (“37”, {0_0}), (“42”, {2_2}), (“46”, {3_0}), (“47”, {0_1}), (“48”, {3_3}), (“6”, {1_3}),
(“61”, {0_3}), (“16”, {2_3}), (“38”, {1_2}), (“17”, {2_0}), (“17”, {3_2}), (“17”, {1_0}), (“28
28 28 28 0”, {1_2}), (“28”, {2_3})

Vector, Attr–val, Recon, Run 2 (“27 27 0”, {0_0}), (“63 63 0”, {0_2}), (“4 4”, {3_0}),
(“61 61”, {3_2}), (“11”, {3_1}), (“14”, {1_1}), (“47”, {1_0}), (“6”, {1_2}), (“56”, {1_3}),
(“1”, {2_1}), (“26”, {2_0}), (“21”, {2_3}), (“18 0”, {0_3}), (“22 22 22 22 0”, {0_3, 2_2}),
(“31 31 31 31 0”, {0_1, 2_3}), (“10 10 10 0”, {0_1, 2_2}), (“29”, {2_2}), (“40 40 40 40”,
{0_1, 2_0}), (“55 55”, {0_1, 2_1}), (“55”, {2_1})

Vector, Sparse, Discrim, Run 0 (“5 5”, {1, 5}), (“11”, {1, 2}), (“52”, {7}), (“2”, {2, 5}),
(“5”, {1}), (“6”, {2}), (“16”, {2, 4}), (“20”, {5}), (“34”, {3, 4}), (“34 34 34”, {4}), (“34 34”, {4}),
(“52 38”, {0, 1, 4}), (“52 52 52”, {5}), (“34”, {4}), (“5”, {5}), (“2”, {2}), (“26 45 26”, {5, 7}),
(“11”, {1}), (“11”, {2}), (“38 38”, {0})

Vector, Sparse, Discrim, Run 1 (“50”, {2}), (“16”, {4}), (“24”, {2, 7}), (“25”, {1}), (“42”,
{0}), (“54”, {7}), (“24”, {2}), (“45 45”, {7}), (“36 36”, {0}), (“24”, {7}), (“36”, {5}), (“42”, {2}),
(“34 34 42”, {1, 4, 5}), (“18”, {1, 5}), (“25 25 25 25 25”, {4}), (“42 42 42”, {5}), (“10 34”, {1,
4}), (“36”, {0}), (“52 52”, {1, 7}), (“52 9 52 9 52”, {0, 4, 5})

Vector, Sparse, Discrim, Run 2 (“9 0”, {2, 5}), (“34”, {5}), (“32 32 32”, {1, 7}), (“7”,
{4}), (“33 33”, {7}), (“1”, {1}), (“5 5”, {2}), (“9”, {5}), (“55 0”, {1, 2, 6}), (“32”, {3, 6}), (“55
55”, {0, 5}), (“36”, {1}), (“49 49 48”, {0, 3, 4, 6}), (“9 9 9 9”, {2}), (“2 2 2”, {0, 4}), (“48 48 48
48 48”, {2, 4}), (“33 32”, {7}), (“33”, {3}), (“14 5”, {6}), (“55 55”, {5, 6})

Vector, Sparse, Recon, Run 0 (“2”, {6}), (“53”, {5}), (“27”, {0}), (“28”, {1, 2}), (“28”,
{1}), (“26”, {1, 5}), (“26”, {5}), (“28”, {2, 3}), (“22 8”, {2, 5}), (“49 53”, {2, 3}), (“12 12 58”,
{0}), (“58 5 58”, {2}), (“50”, {4}), (“5 49 5”, {2, 4}), (“5 5”, {2, 4}), (“36”, {7}), (“8 53 8”, {1,
2}), (“38 5 38”, {4}), (“49 58”, {3}), (“8 26”, {1})

Vector, Sparse, Recon, Run 1 (“8”, {4, 5}), (“50”, {1, 2}), (“21”, {3, 7}), (“42”, {1}),
(“50”, {1}), (“31 31”, {5}), (“19”, {4}), (“33”, {2}), (“1”, {0}), (“23”, {3, 6}), (“62”, {7}), (“50”,
{2}), (“37”, {5, 6}), (“23”, {7}), (“37”, {4, 6}), (“47”, {7}), (“23”, {6}), (“8”, {4}), (“21”, {3, 5}),
(“47”, {3})

Vector, Sparse, Recon, Run 2 (“19 19”, {2, 6}), (“4”, {4, 7}), (“58”, {3}), (“12”, {4}),
(“14”, {7}), (“10 10”, {6}), (“34”, {2}), (“56 56”, {0, 1, 3}), (“56 23”, {0, 1, 5}), (“4”, {4}), (“23”,
{0, 5}), (“4”, {7}), (“56”, {1, 3}), (“59 59”, {3, 5}), (“30”, {5}), (“3”, {3}), (“23”, {1, 5}), (“51”,
{1}), (“56 58”, {0, 7}), (“8 8”, {0, 3})
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Image, Synth, Ref, Run 0 (“6”, {gray}), (“3”, {square}), (“4”, {rectangle}), (“6 15 6”,
{circle, yellow}), (“4 8”, {square}), (“3 8 8 4”, {circle, red}), (“5 6 15 5 6”, {blue, triangle}),
(“14 10 14 10”, {triangle}), (“16 8 6”, {green, square}), (“4 10 10 4”, {circle, red}), (“8 6 10”,
{ellipse}), (“6 12 5”, {yellow}), (“8 4 13”, {square, white}), (“4 4 4”, {green}), (“12 12 12 6 12”,
{circle, green}), (“4 6”, {square}), (“5 14 5”, {red}), (“5 5 15 14”, {ellipse, red}), (“4 8 8 4”,
{triangle, yellow}), (“15”, {rectangle})

Image, Synth, Ref, Run 1 (“8 11”, {square}), (“16 4 16”, {square}), (“16 4”, {square}),
(“4 16”, {square}), (“5 16”, {square}), (“16 4”, {triangle}), (“13 0 11”, {gray, rectangle}), (“16
0 16”, {white}), (“0 16”, {ellipse}), (“0 8 8”, {green}), (“4 7 4 4 7”, {ellipse, gray}), (“11 11
4 16 11”, {ellipse, gray}), (“16 11 4 4”, {green, triangle}), (“8 16 16”, {ellipse}), (“4 8 8 8”,
{green, rectangle}), (“5 8 7 5 7”, {red, square}), (“14”, {square}), (“0 0 11 16”, {ellipse}), (“7 7
4 4 7”, {red, triangle}), (“13 14 16 16”, {triangle, yellow})

Image, Synth, Ref, Run 2 (“7”, {rectangle}), (“4”, {gray}), (“15 15 9”, {square}), (“9”,
{square}), (“9”, {ellipse}), (“9”, {gray}), (“9”, {rectangle}), (“7 15 15”, {red, square}), (“13
8 8”, {red, square}), (“4 7 7 15”, {blue, circle}), (“14 14 13 7”, {circle, green}), (“7 7 7 15
7”, {square, yellow}), (“15 15 15 9”, {blue, circle}), (“0 0 0 8 0”, {white}), (“0 0 0 4 8”, {red,
square}), (“13 15 13”, {green}), (“15 4 4 4 15”, {blue, triangle}), (“0 0 13 0 0”, {rectangle,
yellow}), (“13 15 0”, {red}), (“0 0 7 4”, {green, triangle})

Image, Synth, Set-ref, Run 0 (“13”, {circle, not}), (“11 11”, {blue, not}), (“12 12”,
{ellipse}), (“3 3 3”, {gray, not}), (“10”, {not, or}), (“12”, {not, rectangle}), (“8 11 7”, {green,
or, yellow}), (“7”, {not, red}), (“11 8 8”, {or, red, yellow}), (“9”, {triangle}), (“14 8”, {gray,
or, yellow}), (“8”, {and, not, white}), (“16 7 7”, {blue, or, white}), (“14 14 7”, {or, white,
yellow}), (“11 3 3”, {green, or, red}), (“16 14 14”, {gray, or, white}), (“7 8”, {blue, or, yellow}),
(“14 14 11”, {and, blue, green}), (“10”, {not, triangle}), (“3 3 8”, {blue, or, red})

Image, Synth, Set-ref, Run 1 (“9”, {or, yellow}), (“10”, {not, yellow}), (“3 3”, {gray,
not}), (“14 14”, {blue, not}), (“7”, {and, not, white}), (“5”, {not, red}), (“12”, {not, rectangle}),
(“11”, {or, white}), (“12 12”, {ellipse}), (“10”, {red}), (“4 4”, {triangle}), (“5 5 5”, {blue}), (“11
7”, {gray}), (“12”, {ellipse, or}), (“4”, {or, triangle}), (“7 7”, {green, not, white}), (“5”, {blue,
or}), (“4”, {circle, not}), (“9 9”, {yellow}), (“10 11”, {and, green, yellow})

Image, Synth, Set-ref, Run 2 (“12”, {not, red}), (“8 8”, {blue}), (“10 10”, {not, yellow}),
(“0 0”, {blue, not}), (“15”, {or, red}), (“5 5”, {triangle}), (“3”, {not, rectangle}), (“13”, {circle,
not}), (“15”, {gray, not}), (“15”, {and, not, white}), (“3 10”, {circle, ellipse, or}), (“3 3 3”,
{ellipse}), (“9 9”, {white}), (“13”, {or, yellow}), (“3”, {ellipse, or}), (“12 12”, {red}), (“9 10”,
{ellipse, not, triangle}), (“5”, {square}), (“10 12 9”, {gray, or, white}), (“0 10”, {and, blue,
yellow})

Image, Synth, Concept, Run 0 (“13 14”, {not, yellow}), (“15 13”, {not, red}), (“16”,
{yellow}), (“15 15”, {gray, not}), (“14 3”, {red}), (“16”, {rectangle}), (“3”, {blue, not}), (“16”,
{circle}), (“4 4”, {white}), (“5 5 5”, {and, not, white}), (“9 9 9”, {green}), (“5 15 15”, {blue,
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or, yellow}), (“16”, {triangle}), (“16”, {ellipse}), (“5 3 3”, {or, red, yellow}), (“15 3”, {yellow}),
(“13 13”, {not, yellow}), (“3 13 13”, {gray, or, white}), (“3 5”, {gray, or, yellow}), (“3 15 15”,
{or, white, yellow})

Image, Synth, Concept, Run 1 (“11 11”, {blue}), (“4”, {not, yellow}), (“16 16”, {not,
red}), (“16 11”, {gray, not}), (“8”, {or, yellow}), (“14 14”, {blue, not}), (“8”, {not, white}),
(“14 4”, {white}), (“3 3”, {green, or, red}), (“11 8”, {and, green, white}), (“8 8 8”, {yellow}),
(“11 3”, {and, white, yellow}), (“3 3”, {and, blue, white}), (“13”, {red}), (“5 5”, {not, or}),
(“14 14 16”, {white, yellow}), (“10 10 10 10”, {and, green}), (“4”, {or, white}), (“3”, {blue,
not}), (“4”, {and, yellow})

Image, Synth, Concept, Run 2 (“8 8”, {not, yellow}), (“6”, {not, red}), (“0 0”, {blue,
not}), (“0 11”, {gray}), (“6 6”, {gray, not}), (“15”, {yellow}), (“15”, {rectangle}), (“3 0”, {or,
white, yellow}), (“0”, {white}), (“11 6 6”, {blue, or, yellow}), (“11 11 8”, {blue, or, white}),
(“15”, {circle}), (“11”, {and, green, not}), (“15”, {triangle}), (“15”, {ellipse}), (“8 6”, {red}),
(“8 3 3”, {green, not, or}), (“11 11”, {blue}), (“11 0”, {gray, or, yellow}), (“15”, {square})

Image, Natural, Ref, Run 0 (“22”, {221}), (“22”, {226}), (“22”, {46}), (“7”, {204, 46}),
(“22”, {255}), (“22”, {236}), (“12”, {146, 152, 245}), (“18”, {146, 236}), (“6 22”, {102, 165,
195}), (“22”, {102, 228}), (“22 22”, {152}), (“6”, {46}), (“22”, {6}), (“6”, {204}), (“22”, {150,
306}), (“7”, {236}), (“12”, {127, 55}), (“3”, {152, 245, 8}), (“22”, {146, 152, 55}), (“20”, {146,
221})

Image, Natural, Ref, Run 1 (“6”, {221}), (“6”, {226}), (“11”, {46}), (“11”, {236}), (“11”,
{22, 306}), (“6”, {236}), (“11”, {6}), (“11”, {226}), (“10”, {236}), (“6”, {146, 152}), (“6”, {146}),
(“22”, {146, 255}), (“11”, {222}), (“6”, {152}), (“11”, {150, 30, 306}), (“7”, {5}), (“20”, {211,
262, 76}), (“18”, {204}), (“6”, {219}), (“11”, {146, 7})

Image, Natural, Ref, Run 2 (“17”, {221}), (“7”, {221}), (“17”, {236}), (“0”, {5}), (“18”,
{221}), (“17”, {204}), (“7”, {226}), (“0”, {165}), (“17”, {146, 152}), (“0”, {146, 222}), (“18 18”,
{102, 92}), (“0”, {195, 306}), (“16 3”, {102, 210, 92}), (“0”, {146, 245, 8}), (“10”, {6}), (“18”,
{255}), (“18”, {261, 52, 92}), (“7”, {148}), (“18”, {117, 164, 36}), (“16”, {222})

Image, Natural, Set-ref, Run 0 (“7 7 7 7 7 7 7 7”, {204, 236, 255}), (“6 6”, {241, 260,
91}), (“5”, {221}), (“10”, {5}), (“5”, {226}), (“10”, {146, 195, 245}), (“15 15 15”, {249, 294}),
(“12”, {219}), (“6”, {245, 260, 91}), (“10”, {30, 306}), (“3 3”, {310}), (“15”, {210, 7}), (“10”,
{221, 245}), (“21”, {150, 195, 55}), (“3 3”, {11, 60}), (“14”, {166}), (“7”, {150, 37}), (“7”, {204,
255}), (“7 7”, {236, 241}), (“7”, {236, 255, 46})

Image, Natural, Set-ref, Run 1 (“6”, {236}), (“17 3”, {255}), (“6”, {221}), (“4 4”, {307}),
(“18 18”, {165, 55}), (“13”, {241, 245, 260}), (“17”, {46}), (“6 6”, {226}), (“12 18”, {245, 306}),
(“17”, {146, 236}), (“4 4”, {166, 219}), (“19”, {7}), (“5”, {310}), (“15”, {55}), (“19 19”, {153,
80}), (“18”, {146, 210}), (“6”, {152, 219}), (“17”, {204}), (“6”, {219}), (“19”, {236, 245, 52})
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Image, Natural, Set-ref, Run 2 (“18”, {236}), (“17”, {255}), (“18 21”, {226}), (“18”,
{221}), (“14 14”, {245, 260, 275}), (“18”, {219}), (“0 18”, {165, 55}), (“14 14”, {275, 55, 70}),
(“18”, {7}), (“18”, {146, 152}), (“0 0”, {245, 306}), (“10 10”, {307}), (“17”, {146, 236}), (“16
16”, {10, 153}), (“0”, {260}), (“16”, {7}), (“18”, {152}), (“0”, {36, 70}), (“0”, {146, 245, 30}),
(“22”, {112, 236})

Image, Natural, Concept, Run 0 (“14 17”, {255}), (“15 15”, {245, 306}), (“9”, {219}),
(“9”, {221}), (“15”, {146, 195, 245}), (“20”, {305, 309, 36}), (“15 15”, {165, 55}), (“17”, {46}),
(“20”, {164, 179, 241}), (“10”, {166}), (“15”, {150, 306}), (“8 8”, {117, 152, 55}), (“10”, {307}),
(“15”, {146, 195, 55}), (“8”, {132, 209, 219}), (“8”, {132, 219, 51}), (“8”, {102, 132, 275}),
(“16”, {118, 236, 241}), (“20”, {194, 309}), (“17”, {204})

Image, Natural, Concept, Run 1 (“19 19 19 19”, {226}), (“12”, {255}), (“11 11 11 11
11”, {245, 306}), (“11 11”, {146, 195, 55}), (“6 6”, {260, 290, 55}), (“12”, {46}), (“11”, {5}),
(“6 6 6”, {290, 55, 70}), (“6 6”, {194, 209, 219}), (“15”, {204}), (“12”, {112}), (“19”, {221}),
(“0”, {146, 236, 7}), (“6”, {219, 245, 51}), (“16”, {249, 294}), (“15”, {146, 236}), (“16”, {10,
152}), (“19”, {219}), (“20”, {118, 236, 241}), (“4”, {210, 236})

Image, Natural, Concept, Run 2 (“11 11 11 11 11 11 11 11”, {221}), (“8 5”, {112, 255}),
(“8”, {255, 46}), (“5”, {112}), (“8”, {255}), (“5”, {204}), (“8”, {46}), (“16 16 16”, {152, 249}),
(“15”, {53}), (“21”, {210, 236, 52}), (“16 16”, {249, 294}), (“11 11 11”, {179, 51}), (“17”, {219,
241, 52}), (“16”, {10, 152}), (“15”, {119}), (“9”, {36}), (“11 11”, {21, 51}), (“9”, {179}), (“9”,
{21}), (“9”, {222})
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Appendix F

Communicating with Induced
Morphological Phrasebooks

F.1 Environment Details
The following hyperparameters (for the main experiment) were selected to optimize for online
and phrasebook agent performance base, in part, on the environment and agent ablation
experiments. The neural network architecture of the online agents is as follows:

• Observation (concatenated one-hot vectors)
• Sender

– Feed-forward layer (embedding layer)

– Tanh activation layer

– Feed forward layer

– RNN (w/ Gumbel-Softmax layer)

• Message (max length +1 by vocabulary size matrix; last token is an end-of-sentence
token.)

• Receiver

– RNN

– Feed-forward layer (embedding layer)

– Tanh activation layer

– Feed forward layer

– Projection layer to observation space

• Prediction (same dimension as observation)
The offline agents have the same architecture. The offline sender is trained with cross-entropy
loss after the bottleneck layer. The offline receiver is trained with mean squared error after
the projection layer (like the online receiver).

Our environment uses the following hyperparameters.
accuracy threshold 0.9999; training accuracy value at which next agent reset is performed

or training is stopped if all resets have been performed.
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neural network resets (receiver, receiver); sequence of resets of sender/receivers after
accuracy threshold is reached.

max epochs 300; epochs after which training is stopped and the trial is considered a failure.
observation distribution uniform; distribution from which the values for the attributes

are drawn from.
n attributes 4; number of attributes in the observation.
n values 4; number of distinct values in that each attribute can take.
test proportion 10%; proportion of unique observations that are held out from training

for the test set to gauge generalization performance.
batch size 210; batch size of the neural network agents during training.
loss function mean squared error; objective function used for backpropagation during

training; the other loss function implemented and tested is cross-entropy loss.
learning rate 1.8× 10−3; learning rate for neural network agents.
learning rate schedule none; learning rate was left constant during training.
n examples per epoch 214; number of examples shown to the neural network agents before

checking the accuracy and possibly performing rests or concluding training.
optimizer AdamW; optimizer for the neural network agents.
weight decay 1× 10−10; weight decay applied through the optimizer.
reset optimizer yes; whether or not to reset the optimizer’s parameters for the agent that

is reset as determined by the reset schedule.
max message length 8; maximum length of the message from the sender agent; the final

message passed to the receiver is always one token longer than the maximum length as
the message from the sender is padded with one or more end-of-sentence/pad tokens
(the same token).

discrete optimization method Gumbel-Softmax; the method used for handling the dis-
crete nature of the senders methods; REINFORCE is another method but was not used
in the experiments.

sender RNN cell type GRU; other options include Elman (“RNN”) and LSTM.
receiver RNN cell type as above.
sender RNN layers 1.
receiver RNN layers 1.
sender hidden size 256; number of hidden units in the sender’s RNN.
receiver hidden size as above, mutatis mutandis .
sender embedding size 128; number of units in the embedding (feed-forward) layers in

the sender.
receiver embedding size as above, mutatis mutandis .
sender n embedding layers 2; number of embedding layers before the RNN.
receiver n embedding layers 2; number of embedding layers after the RNN.
Gumbel-Softmax straight through no; whether or not to use sampled one-hot values

for the vectors during the forward pass while using the categorical values during the
backward pass.

Gumbel-Softmax temperature 1.
vocabulary size 64; number of possible distinct types in the message, that is, the size of

the one-hot vectors forming the message; this number includes the reserved end-of-
sentence/pad token.
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F.2 Alternative Sender Algorithms
Both implementations of more sophisticated algorithms for the phrasebook-based sender
resulted inferior performance. We speculate that the primary reason for this is that the greedy
approach of selecting the highest weighted morphemes (which match the desired meaning)
and repeating them as much as would fit matches the strategy of conveying meaning more
than the inductive biases of the more sophisticated approaches.

Search This algorithm implemented best-first search where the objective was to account
for each component of the observation by selecting a morpheme while minimizing the sum of
morpheme costs, defined as the negative weight of the morpheme assigned by CSAR.

Integer Programming In this sender algorithm the meaning of each morpheme is treated
as binary vector scaled by the weight given by CSAR for that morpheme. An integer
programming solver would then try to maximize the distance per attribute between the
correct value and the highest incorrect value by selecting a non-negative number of occurrences
for each morpheme while staying within the max length.

F.3 Computing Resources
The environment employed for this paper requires a GPU with modest memory requirements
(<1GiB). Altogether, the experiments used ∼200GPU-hours on an Nvidia L40S or equivalent.

F.4 Qualitative Results
Example inventories given in Tables F.1 to F.3. Example of messages generated by the neural
and phrasebook agents (derived from Table F.1) given below:

Example 1 Neural sender: "59 59 22 22 2 2 61 61 0" interpreted as: 3133. Phrasebook
sender: "59 59 59 59 22 2 61 61 0" interpreted as: 3133. Used the following morphemes: ("59
59", .1..) ("2", ...3) ("22", ..3.) ("61 61", 3...) ("59 59", .1..)

Example 2 Neural sender: "25 25 46 62 2 46 2 62 0" interpreted as: 0213. Phrasebook
sender: "25 25 46 46 62 62 2 2 0" interpreted as: 0213. Used the following morphemes: ("25",
.2..) ("46", ..1.) ("62", 0...) ("2", ...3) ("25", .2..) ("46", ..1.) ("62", 0...) ("2", ...3)

Example 3 Neural sender: "59 59 62 31 38 62 38 31 0" interpreted as: 0122. Phrasebook
sender: "59 59 59 59 31 31 62 38 0" interpreted as: 0122. Used the following morphemes:
("31", ..2.) ("59 59", .1..) ("62", 0...) ("38", ...2) ("31", ..2.) ("59 59", .1..)

Example 4 Neural sender: "30 30 4 2 4 2 35 35 0" interpreted as: 1003. Phrasebook
sender: "30 30 4 4 2 2 35 35 0" interpreted as: 1003. Used the following morphemes: ("30",
.0..) ("4", ..0.) ("2", ...3) ("35", 1...) ("30", .0..) ("4", ..0.) ("2", ...3) ("35", 1...)
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Form Meaning Weight Proportion

22 2... 8.20 e−1 2.55 e−1
29 .1.. 8.20 e−1 2.55 e−1
47 ...1 8.20 e−1 2.55 e−1
28 .3.. 8.13 e−1 2.51 e−1
40 ..0. 8.13 e−1 2.51 e−1
60 0... 8.13 e−1 2.51 e−1
48 ...2 7.99 e−1 2.42 e−1
7 .0.. 7.99 e−1 2.42 e−1
8 ..2. 7.99 e−1 2.42 e−1
9 ..1. 7.99 e−1 2.42 e−1
61 3... 7.77 e−1 2.29 e−1
3 1... 7.65 e−1 2.55 e−1
54 ...0 7.45 e−1 2.42 e−1
27 ..3. 5.08 e−1 1.99 e−1
15 ...3 5.02 e−1 1.90 e−1
43 .2.. 5.02 e−1 1.90 e−1
2 .2.3 3.30 e−1 6.06 e−2
34 ..3. 1.34 e−1 6.49 e−2
2 .2.. 1.30 e−1 6.06 e−2
2 ...3 1.30 e−1 6.06 e−2
33 1..0 3.92 e−2 8.66 e−3
33 ...0 3.92 e−2 8.66 e−3
33 1... 3.92 e−2 8.66 e−3

Table F.1: A typical morpheme inventory.

Example 5 Neural sender: "22 30 22 30 57 19 8 8 0" interpreted as: 2031. Phrasebook
sender: "30 30 22 22 57 57 8 8 0" interpreted as: 2031. Used the following morphemes: ("30",
.0..) ("8", 2...) ("22", ..3.) ("57", ...1) ("30", .0..) ("8", 2...) ("22", ..3.) ("57", ...1)

Example 6 Neural sender: "22 30 22 30 38 8 38 8 0" interpreted as: 2032. Phrasebook
sender: "30 30 22 22 38 38 8 8 0" interpreted as: 2032. Used the following morphemes: ("30",
.0..) ("8", 2...) ("22", ..3.) ("38", ...2) ("30", .0..) ("8", 2...) ("22", ..3.) ("38", ...2)

F.5 Quantitative Summary of Results
In Figs. F.1 and F.2, we illustrate the distributions of various quantitative metrics from the
main experiment (Section 7.4.1) using various metrics defined below. With the exception of
Inventory size, the following are weighted by the normalized prevalence1 of the morpheme
(how often it occurred in the corpus during induction).
Inventory size Number of morphemes in the inventory.

1Raw prevalences do not add up to 1 since multiple morphemes can occur in one message, thus we
normalize them to sum to 1 to treat them as a probability measure.
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Form Meaning Weight Proportion

34 ...2 8.26 e−1 2.60 e−1
7 ..0. 8.26 e−1 2.60 e−1
25 ..2. 8.20 e−1 2.55 e−1
36 3... 8.13 e−1 2.51 e−1
43 ...0 8.06 e−1 2.47 e−1
1 ...1 7.99 e−1 2.42 e−1
47 ..1. 7.92 e−1 2.38 e−1
16 .1.. 7.85 e−1 2.34 e−1
40 1... 5.60 e−1 2.08 e−1
58 ..3. 5.46 e−1 1.99 e−1
48 .2.. 4.99 e−1 1.99 e−1
53 0... 4.63 e−1 1.77 e−1
17 17 02.. 3.63 e−1 6.93 e−2
24 24 1.3. 2.55 e−1 4.76 e−2
54 .0.. 2.49 e−1 2.55 e−1
54 ...3 2.44 e−1 2.51 e−1
54 2... 2.39 e−1 2.47 e−1
17 0... 1.52 e−1 6.93 e−2
17 .2.. 1.42 e−1 6.93 e−2
24 ..3. 1.21 e−1 4.76 e−2
24 1... 1.18 e−1 4.76 e−2
34 34 .3.. 1.79 e−2 8.66 e−3
54 .3.. 8.92 e−3 9.09 e−2
47 34 53 .3.. 8.89 e−3 4.33 e−3
43 43 .3.. 8.89 e−3 4.33 e−3
40 34 .3.. 8.89 e−3 4.33 e−3
53 .3.. 7.83 e−3 4.76 e−2
36 43 58 .3.. 1.95 e−3 4.33 e−3
43 47 40 .3.. 1.95 e−3 4.33 e−3
47 .3.. 5.88 e−4 8.66 e−3
25 1 .3.. 3.87 e−4 4.33 e−3
36 .3.. 3.42 e−4 3.46 e−2
25 34 .3.. 3.33 e−4 4.33 e−3
25 .3.. 8.07 e−5 4.33 e−3
7 1 .3.. 6.62 e−5 4.33 e−3
40 .3.. 1.84 e−5 4.33 e−3
34 .3.. 1.84 e−5 4.33 e−3
1 .3.. 3.40 e−6 4.33 e−3

Table F.2: An outlier inventory with very poor performance.
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Form Meaning Weight Proportion

4 4 ...3 8.33 e−1 2.64 e−1
31 ...0 8.26 e−1 2.60 e−1
40 40 3... 8.20 e−1 2.55 e−1
28 2... 8.20 e−1 2.55 e−1
49 1... 8.13 e−1 2.51 e−1
60 ...1 8.13 e−1 2.51 e−1
17 0... 7.92 e−1 2.38 e−1
41 ...2 7.69 e−1 2.25 e−1
1 1 1 .00. 3.63 e−1 6.93 e−2
26 26 26 .30. 3.63 e−1 6.93 e−2
42 42 42 .10. 3.63 e−1 6.93 e−2
61 61 61 .01. 3.63 e−1 6.93 e−2
15 15 15 .33. 3.47 e−1 6.49 e−2
18 18 18 .31. 3.47 e−1 6.49 e−2
33 33 33 .22. 3.47 e−1 6.49 e−2
43 43 43 .20. 3.47 e−1 6.49 e−2
8 8 8 .11. 3.47 e−1 6.49 e−2
10 10 10 .13. 3.30 e−1 6.06 e−2
13 13 13 .21. 3.30 e−1 6.06 e−2
23 23 23 .32. 3.30 e−1 6.06 e−2
29 29 29 .12. 3.12 e−1 5.63 e−2
38 38 38 .02. 3.12 e−1 5.63 e−2
16 16 16 .03. 2.95 e−1 5.19 e−2
55 55 55 .23. 2.95 e−1 5.19 e−2
61 .0.. 8.22 e−2 3.90 e−2
26 .3.. 7.91 e−2 3.90 e−2
13 .2.. 7.37 e−2 3.46 e−2
10 ..3. 6.67 e−2 3.03 e−2
23 ..2. 6.50 e−2 3.03 e−2
42 .1.. 6.25 e−2 3.03 e−2
8 .1.. 6.25 e−2 3.03 e−2
15 ..3. 5.69 e−2 2.60 e−2
16 ..3. 5.69 e−2 2.60 e−2
33 ..2. 5.54 e−2 2.60 e−2
29 ..2. 5.54 e−2 2.60 e−2
1 .0.. 5.40 e−2 2.60 e−2
18 ..1. 5.20 e−2 2.60 e−2
43 .2.. 4.53 e−2 2.16 e−2
55 ..3. 3.75 e−2 1.73 e−2
38 ..2. 3.66 e−2 1.73 e−2

Table F.3: First 40 entries of inventory with a larger degree of fusionality (multiple atomic
meanings per morpheme).
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Vocabulary size Number of distinct form tokens.
Inventory entropy Entropy of morphemes by normalized prevalence.
Form length Mean length of the morphemes’ forms.
Meaning size Mean size of the morphemes’ meanings.
Morpheme bijectivity Defined in Section 7.4.4.
Forms per meaning Mean number of distinct forms which map to a given meaning.
Meanings per form Mean number of distinct meanings which map to a given form.
Synonymy entropy Entropy of forms conditioned on a particular meaning (across all

meanings).
Polysemy entropy Entropy of meanings conditioned on a particular form (across all forms).

F.6 Environment Ablation Results
The full results for the ablation of the morpheme induction algorithm and phrasebook agents
are shown in Figs. F.3 and F.4.

F.7 Phrasebook Agent Ablation Details
Weight method The default method of weighting morphemes in CSAR is mutual infor-
mation. Other methods include provided and tested include:

NPMI Normalized pointwise mutual information of the form and meaning.
Joint probability The probability of the form and meaning occurring together in the

corpus.
PMIM Pointwise mutual information mass; the PMI of the form and meaning weighted by

the their joint probability.
Applicability Defined as weighted probability of the meaning occurring given the form

less the probability of the meaning not occurring given the form and the meaning
occurring given the form is not present; i.e., p(m, f)p(m|f) − p(¬m, f)p(¬m|f) −
p(m,¬f)p(m|¬f).

Results The full results for the ablation of the morpheme induction algorithm and phrase-
book agents are shown in Figs. F.5 and F.6.

F.8 Compositionality Metrics
Scatter plots and R2 values given in Fig. F.7.

201



Appendix F. Communicating with Induced Morphological Phrasebooks

50 100 150
0.000

0.001

0.002

0.003

0.004

D
en

si
ty

Inventory Size

20 30
0.000

0.005

0.010

0.015

0.020

Vocabulary Size

4 5 6
0.00

0.02

0.04

0.06

0.08

0.10

0.12

Inventory Entropy

1.0 1.5 2.0 2.5
0.0

0.2

0.4

0.6

0.8

D
en

si
ty

Form Length

1.0 1.1 1.2 1.3
0.0

0.5

1.0

1.5

2.0

Meaning Size

0.6 0.8 1.0
0.0

0.2

0.4

0.6

Morpheme Bijectivity

2 4 6
0.00

0.02

0.04

0.06

D
en

si
ty

Forms per Meaning

2 4 6
0.00

0.05

0.10

0.15

0.20

0.25

Meanings per Form

0.0 0.5 1.0
0.00

0.05

0.10

0.15

Synonymy Entropy

0.0 0.5 1.0 1.5
0.0

0.1

0.2

0.3

0.4

0.5

D
en

si
ty

Polysemy Entropy

Figure F.1: Histograms of metrics from main experiment.
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Figure F.2: Bivariate histograms of selection of metrics from main experiment.
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Figure F.3: Phrasebook agents’ test accuracy across morpheme induction and phrasebook
agent ablations. *Default values.
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Figure F.5: Phrasebook agents’ test accuracy across morpheme induction and phrasebook
agent ablations. *Default values.
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Figure F.6: Phrasebook agents’ test accuracy across morpheme induction and phrasebook
agent ablations. *Default values.

207



Appendix F. Communicating with Induced Morphological Phrasebooks

0.3 0.4 0.5 0.6 0.7 0.8 0.9

0.0

0.2

0.4

0.6

0.8

1.0

Te
st

 A
cc

ur
ac

y

(a) Corpus topographic similarity (R2 = 0.57)
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(b) Bag-of-symbols disentanglement (bosdis)
(R2 = 0.29)

0.2 0.4 0.6 0.8 1.0

0.0

0.2

0.4

0.6

0.8

1.0

Te
st

 A
cc

ur
ac

y

(c) Morpheme bijectivity (R2 = 0.85)
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(d) Morpheme mutual information (R2 = 0.54)

Figure F.7: Plot of different compositionality metrics vs. phrasebook sender (blue) and
receiver (orange) accuracy. Note the difference in number of points is caused by stratified
sampling which keeps a constant number of values per bucket on the x-axis.
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