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Project
How can a population of reinforcement learning agents autonomously learn a diversity of
cooperative skills in a shared environment? In the single-agent paradigm, goal-conditioned
policies have been combined with intrinsic motivation mechanisms to endow agents with the
ability to master a wide diversity of autonomously discovered goals. Over the last 15 years, the
FLOWERS team has made important advances in this direction through the framework of
Intrinsically Motivated Goal Exploration Process (IMGEPs, see (Colas et al., 2021) for a recent
review). In an IMGEP, the agent is considered as autotelic, in the sense that it self-generates its
own goals (by opposition to extrinsically motivated approaches, where the goals are provided
through external supervision -- e.g. (Andrychowicz et al., 2017)).
Transferring this idea to cooperative Multi-Agent Reinforcement Learning (MARL, (Leibo et al.,
2017; Littman, 1994)) entails a challenge: intrinsically motivated agents that sample goals

independently focus on a shared cooperative goal with low probability, impairing their learning
performance. In a recent contribution, we propose a new learning paradigm for modeling such
settings, the Decentralized Intrinsically Motivated Skill Acquisition Problem (Dec-IMSAP, Figure
1, Top-Left), and employ it to solve cooperative navigation tasks (Masquil et al., 2022). Agents in
a Dec-IMSAP are trained in a fully decentralized way, which comes in contrast to previous
contributions in multi-goal MARL that consider a centralized goal-selection mechanism (e.g.
(Mordatch & Abbeel, 2017; Yang et al., 2019)). Our empirical analysis indicates that a sufficient
condition for efficiently learning a diversity of cooperative tasks is to ensure that a group aligns
its goals, i.e. the agents pursue the same cooperative goal and learn to coordinate their actions
to achieve them. We introduce the Goal-coordination game, a fully-decentralized emergent
communication algorithm, where goal alignment emerges from the maximization of individual
rewards in multi-goal cooperative environments and show that it is able to reach equal
performance to a centralized training baseline that guarantees aligned goals.
In this internship, the objective will be to scale up the previous work mentioned above to more
complex goals and environments. For this aim, we will rely on methods for emergent
communication in large spaces we have recently developed (Lemesle et al., 2022), based on a
combination of energy-based learning and contrastive learning (Figure 1, bottom). This will allow
considering high-dimensional goal spaces and more complex communication systems. In terms
of environment, we will consider recent simulation environments such as Grafter (Grafter,
2021/2022, Figure 1, top-right), where multiple agents interact in an open-ended environment to
craft objects and build complex structures (in the spirit of Minecraft).
The details of the project can be adapted according to the specific skills and scientific interests
of the student.

Figure 1. Top-Left: Illustrative example of a DecIMSAP, from (Masquil et al., 2022): two agents
are in a shared environment where goals have the form of doors that can be opened when all
locks have been matched with the key of the same color. Assuming that an agent can carry at
most one key, it takes two to open a door, which makes the goals cooperative. How can we
ensure that the two agents will learn how to open all doors? Prior to this evaluation, the agents
are allowed to explore the environment autonomously, setting their own goals and pursuing
them. Top-Right: A global view of the Grafter environment (Grafter, 2021/2022) with players
highlighted. Bottom: Dual encoder architecture for emergent communication proposed in
(Lemesle et al., 2022), where referents and utterances are mapped to a shared latent space.
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