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Abstract. We present SHARPIE (Shared Human-AI Reinforcement Learning
Platform for Interactive Experiments), a generic framework to support experiments
with RL agents and humans. It consists of a versatile wrapper for RL environments
and algorithm libraries, a participant-facing web interface, logging utilities, and
deployment on popular cloud and participant recruitment platforms. It empowers
researchers to study a wide variety of research questions related to the interaction
between humans and RL agents and aims to standardize the field of study on RL in
human contexts.
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1. Introduction

Reinforcement learning (RL) refers to a family of algorithms in which agents learn from
the interactions with an environment to maximize the long-term reward obtained by
making sequential decisions [1]. RL agents interact with humans in a wide variety of
ways, highlighting the need to incorporate humans in the training and evaluation of RL
agents [2]. Currently, these interaction patterns remain largely limited and unidirectional.
In contrast, hybrid human-Al intelligence (HI), as envisioned by [3] emphasizes the need
for rich, diverse, and dynamic interaction patterns between humans and RL agents in
order to effectively address problems that neither humans nor agents can solve indepen-
dently.

Popular RL libraries provide a framework to train RL agents in established bench-
mark and novel training domains [4,5,6,7,8,9,10]. These libraries, however, do not of-
fer rich, diverse and dynamic interactions among humans and RL agents such as multi-
modal communications for shared observations, delegated actions and goals that we be-
lieve to be required for HI.
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vides a versatile
wrapper for (multi-agent, and multi-objective) popular RL environments and algorithms,
(ii) supports configurable communication channels between the human and the RL agents
with various modalities, and (iii) offers logging services, deployment utilities, and par-
ticipant recruitment platforms integration.

SHARPIE can be used to facilitate experiments between RL agent and humans,
and aims to introduce a standard for RL-based human-agent interactions in multi-agent
settings.

2. The SHARPIE Framework

The SHARPIE library® is a Python-based web framework, and can encapsulate any ex-
isting environment that implements the Gymnasium API [4,5] which encompasses most
of the existing RL platforms to date.

The front-end provides various utilities to aid experimental processes: from
(a)synchronous evaluations of a learning agent to scheduling and management on long-
term data storage. SHARPIE is designed to support multimodal communication channels
to allow bidirectional communication between (RL or human) agents. These channels
may be used, for example, for coordination, teaching, or to override actions in scenarios
with multiple humans and multiple RL agents [12]. While initially designed for short se-
mantic content and text, such as predefined sets of symbols, these communication medi-
ums will be expanded upon to include any relevant format (video, audio, etc.). Finally,
the library contains utilities for deploying to a cloud server, or a private (local) machine.

We present an initial implementation of SHARPIE and a selection of illustrative
use-cases, with which, we aim to provide an easily integrable framework that researchers
can use to painlessly set up experiments involving both human and AI agents to solve
sequential decision-making tasks. Our hope is that in turn such an architecture lays the
foundation for a standard for the interaction between human and such agents.

We plan to expand the scope of possible human-agent interactions by incorporating
additional modalities [13,14]. Finally, we envision a hosted version of SHARPIE that
can be used for outreach, education, and user literacy purposes.

3https://github.com/libgoncalv/SHARPIE and https://youtu.be/J9iF7K-MGkM
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