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ABSTRACT

The study of emergent language examines how artificial agents
autonomously develop communication strategies to achieve shared
goals. These emergent languages hold promise for creating robust,
adaptive, and context-aware communication systems. However,
there are significant limitations in the field, including a lack of eval-
uation and benchmarking frameworks and limited experimental
setups that mimic human language use. My PhD research seeks to
address these limitations by developing a comprehensive frame-
work that integrates existing metrics and introduces novel measures
to capture critical linguistic features. Additionally, I will analyze
how experimental parameters influence the characteristics of emer-
gent languages. My focus will be on the exploration of complex and
humanlike communication settings, such as population-based, semi-
cooperative, targeted, and symmetric linguistic exchange, drawing
inspiration from multi-task and continual learning. Through these
advancements, my research aims to enhance our understanding
of the interplay between language, meaning, and environment in
artificial emergent communication systems.
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1 INTRODUCTION

Emergent communication (EC) among entities is based on conven-
tions that arise from the need or benefit of coordination. Based
on these conventions, Lewis [17] introduced signaling games to
study the emergence of codes between autonomous agents, a con-
cept that has profoundly influenced emergent language (EL) re-
search. As a subfield of EC, EL research investigates the devel-
opment of linguistic codes between autonomous agents [3, 16].
Early studies mainly used simple hand-crafted simulations and
supervised learning, limiting insights into complex linguistic char-
acteristics [30]. However, since 2016, there has been a significant
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growth in EL research driven by multi-agent reinforcement learn-
ing (MARL) approaches, enabling studies of more advanced lan-
guage features [11, 12, 22, 23, 29].

One goal of EL research is to enable agents to develop commu-
nication skills that support agent-to-agent and agent-to-human
interactions in a natural language (NL)-like fashion [3, 16]. In EL
environments, agents develop communication by experiencing its
utility in goal-oriented tasks [17]. MARL is a suitable approach to
designing such an interactive learning environment that enables
this goal-oriented language development [15]. Reinforcement learn-
ing (RL) settings offer agents the autonomy to learn languages that
require and convey deeper understanding, distinct from the data-
driven nature of large language models (LLMs) [4, 22]. ELs exhibit
unique characteristics, emphasizing the discrete nature of linguistic
structures and their vast potential due to adaptability and combi-
natorial richness. EL in MARL environments inherently poses a
multi-task learning challenge, as agents must emerge a language
from scratch to effectively address their environment tasks.

Despite progress towards more sophisticated EL in the last years,
EL research still faces strong limitations [5, 16, 24]. First, the lack
of standardized evaluation strategies, due to the absence of com-
mon metrics and compatible methodologies, leads to challenges in
analyzing and foremost comparing results. Second, the paucity of
research on the relationships between individual EL characteristics
and their relationships with experimental settings. Third, the focus
on simple and artificial problems, environments, and settings that
generally do not require learning a humanlike language. Accord-
ingly, the objective of my PhD research is twofold. Firstly, it aims
to establish a comprehensive framework for evaluating humanlike
ELs. Secondly, it seeks to systematically explore their emergence
in more realistic communication scenarios.

2 EMERGENT LANGUAGE IN ARTIFICIAL
INTELLIGENCE

2.1 Language Characteristics and Metrics

A defining goal of EL research is to develop communication sys-
tems that exhibit characteristics of NL, such as morphology [6, 20],
semantics [7, 25], and pragmatics [19]. Unlike LLMs, which derive
them from large-scale textual data and lack a grounded understand-
ing of their meaning [21, 27], EL systems aim to develop these
characteristics autonomously through interactions within an en-
vironment, enabling a deeper connection between language and
context. Among these linguistic characteristics, a particularly inter-
esting feature to achieve more humanlike communication systems
is positive listening [8, 24]. Positive listening involves an agent’s
ability to critically analyze, interpret, and integrate information
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from incoming messages to make informed decisions. This skill mir-
rors human communication, where understanding often involves
careful evaluation and active engagement with shared information.
However, existing metrics, such as Causal Influence of Communi-
cation (CIC) [14, 19], only measure the direct correlation between
messages received and the resulting actions, thus highlighting order-
following behavior [2, 14, 19]. They overlook the agent’s ability to
assess, reject, or reinterpret incoming information based on context
or relevance.

2.2 Experimental Settings

The MARL problem definition significantly influences the quality
and possible characteristics of EL. Four key features of a MARL
problem stand out as essential for advancing EL research [24]:

Population-based: Moving beyond pairwise agent interactions,
population-based environments offer a more realistic, robust, and
scalable approach. These environments allow for diverse commu-
nication strategies and implement the need for an emergence of
complex linguistic conventions, similar to those observed in human
groups [1, 13, 28].

Semi-Cooperative: Fully cooperative settings dominate current
research, often leading to the emergence of oversimplified com-
munication strategies tailored to narrow tasks. Semi-cooperative
settings, in which agents share partially aligned goals, provide a
richer framework for studying the development of more versatile
and robust languages [18, 19].

Symmetric: Symmetry ensures that all agents have an equal
opportunity to assume both speaker and listener roles. This dynamic
encourages the development of shared linguistic conventions, in
contrast to unidirectional signaling systems that are less applicable
to real-world scenarios [2, 10] but are often observable in research
settings [24].

Targeted: Effective language use involves not just message gen-
eration but also the ability to address specific agents or groups. Tar-
geted communication introduces complexity by requiring agents to
discern whom to inform, fostering a deeper understanding of the
utility and context of language use [9, 26].

2.3 Open Questions

The field of EL research lacks a unified framework, that provides
methods and tools to examine EL, hindering progress and compa-
rability. In our survey [24], we proposed a taxonomy aligned with
NL concepts to guide research and facilitate the development of
humanlike communication systems. Current metrics often focus
on basic features and fail to capture complex aspects. For example,
positive listening is oversimplified as a direct link between message
and action, ignoring nuanced decision-making processes [19, 24].
To achieve humanlike EL major questions are: How to measure
the properties and features of an EL or NL? Which features and
metrics are most important and how do they relate to each other
and the environment settings? What metrics are the most infor-
mative when comparing studies? How does EL emerge in more
realistic and humanlike semi-cooperative settings and what are its
characteristics?
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3 RESEARCH OBJECTIVES

The limitations and questions highlighted earlier serve as a basis for
defining my research objectives. To this end, I propose the following
objectives:

O1 - Develop a Consolidated Framework: A key goal is to
design a consolidated framework to evaluate ELs, encompassing
existing metrics and introducing new ones to comprehensively
measure linguistic characteristics, as discussed in Section 2.1. We
have already started this by systematically reviewing existing EL
metrics and identifying gaps where new measures can improve
understanding [24].

02 - Investigate Experimental Parameters: By systematically
varying parameters such as reward structures, agent abilities, and
environmental complexity, my research aims to elucidate the rela-
tionships and correlations between these parameters and specific
linguistic features. This approach will provide more robust design
principles for EL experiments to achieve desired NL characteristics.

O3 - Explore Realistic Communication Settings: This re-
search involves adapting MARL setups to better reflect real-world
communication. I will develop environments with population-based,
semi-cooperative, symmetric, and goal-directed interactions. These
settings will be evaluated for their impact on the emergence of hu-
manlike language, enabling the study of nuanced behaviors such as
selective information exchange and shared linguistic conventions.

4 WORKPLAN

Phase 1: Emergent Language Metrics Library The first priority
is to establish a comprehensive library of metrics to evaluate ELs,
guided by the taxonomy introduced in our previous survey [24] and
addressing objectives OI and O2. Because the field currently lacks
standardized metrics, this effort aims to move beyond superficial
observations. The focus will be on reviewing existing metrics, iden-
tifying gaps, and implementing new or refined measures. While not
definitive, this phase will be considered sufficiently advanced when
a well-documented set of baseline metrics emerges that allows for
consistent evaluation and meaningful comparisons across studies.

Phase 2: Quantifying Positive Listening A key gap in EL re-
search is the definition of positive listening. Current agents primarily
follow commands without making decisions based on the informa-
tion they receive. To address objective O1, I will develop models that
enable agents to evaluate and respond beyond mere compliance,
fostering deeper understanding and humanlike behaviors. This re-
search will contribute to the definition and measurement of more
complex language features and introduce a new metric for positive
listening as a key measure of actively processed communication.

Phase 3: Learning Strategy Design for Language Emer-
gence Drawing on the principles of multitask learning, I will inves-
tigate strategies such as hierarchical and continual learning, which
have shown potential for improving language acquisition and gen-
eralization across tasks. These strategies will be tested within the
EL framework with the aim of promoting the emergence of more
robust and naturalistic languages, thus addressing objective O3.
The evaluation of this emergence will be guided by previously es-
tablished metrics and strategies, allowing the assessment of more
complex linguistic features.
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