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1 Introduction

Communication is a major component of multi-agent interactions, as it allows in-
dividuals to coordinate their behaviour, share local observations, negotiate, and
even teach one another. In humans, communication is most effectively realised
through natural languages, i.e., conventionalised sets of symbols and rules used
to represent complex ideas [3]. Beyond communication, language also supports
the development of cognitive structures by serving as a way to describe and
categorise observations, generalise over newly observed situations, and acquire
knowledge from language descriptions and social interactions [7, 8].

Following these insights, an interesting avenue for improving multi-agent
learning is to provide a language to the agents to represent the world they live
in and communicate efficiently about their observations. This follows the ap-
proach of prior works in single-agent reinforcement learning, where researchers
have explored integrating language into training to describe the world [1], spec-
ify goals [4], or decompose tasks [6]. This direction contrasts, however, with the
main approach in multi-agent deep reinforcement learning (MADRL), which is
dominated by emergent communication, in which agents develop their own com-
munication protocols during training in order to maximize rewards [10]. While
effective in most cases, these emergent languages are often inefficient and difficult
to interpret [2, 5].

In this work4, we advocate for a language-augmented approach to MADRL,
where agents are trained not only to solve tasks but also to use a pre-defined
language. In such a framework, the given language serves a dual role: first as a
learning tool, guiding representation learning by providing a structured system
for describing important information from the environment; and second as a
communication tool, offering agents a pre-defined, shared, efficient system for
exchanging valuable knowledge about the task at hand.

4 Presented at the 28th European Conference of Artificial Intelligence: https://doi.
org/10.3233/FAIA251260
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2 Method

In this work, we train embodied, robotic-like agents to solve a cooperative task.
At each time step, each agent receives a local observation resulting from its
sensors and produces an action. The environment provides rewards depending
on the agents’ actions. In addition, an oracle also provides a language description
of each local observation to the agents, serving as a supervised caption to teach
the agents how to use the given language properly.

Given this setting, we define a MADRL algorithm that allows agents to learn
both a local policy for choosing actions, with the multi-agent proximal policy op-
timisation (MAPPO) algorithm [9], and language-based communication system
that allows to share information observed locally. The agents learn to produce
and understand language, with two supervised learning objectives inspired by
the natural language processing literature:

– A captioning objective, that trains a recurrent neural network to generate
the right language description from any given observation.

– A contrastive learning objective, that trains a language encoder to under-
stand language utterances by grounding them in the observation space.

These two language capacities allow agents to, at each time step: generate a
message according to their observation, exchange messages with other agents,
encode the incoming messages, and select an action based on this communication
interaction.

Importantly, the proposed architecture is designed to have parameters of the
neural networks affected by the optimisation of both the reinforcement learn-
ing objective and the language-learning objectives. This enables the agents to
learn structured latent representations based on the signals from the language
objectives, which makes the reinforcement learning process easier.

3 Experiments

We demonstrate in a set of experiments that this language-augmented learn-
ing algorithm allows (i) improved training performance on simulated robotics
tasks, (ii) better-structured internal representations of the world, (iii) improved
performance of trained agents when teamed-up with agents they have not seen
during training, and (iv) easier interpretation and human-agent interaction, as
the agent use and understand a human-like language.

The results demonstrate the benefits of training both the policy and language
capacities together, which advocates for more works on language-augmented
training.
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