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Abstract
Reproducibility in reinforcement learning is challenging: uncontrolled stochasticity
from many sources, such as the learning algorithm, the learned policy, and the
environment itself have led researchers to report the performance of learned agents
using aggregate metrics of performance over multiple random seeds for a single
environment. Unfortunately, there are still pernicious sources of variability in
reinforcement learning agents that make reporting common summary statistics an
unsound metric for performance. Our experiments demonstrate the variability of
common agents used in the popular OpenAI Baselines repository. We make the
case for reporting post-training agent performance as a distribution, rather than a
point estimate.
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Introduction

Deep reinforcement learning faces substantial and unusual challenges in evaluation and reproducibility [5, 6]. Based on reports of common evaluation practices in the field, many RL researchers train a
few candidate models1 and then report performance using some aggregate function of the scores of
the trained agents.2 This aggregate can be taken from the learning curves of the model or from scores
collected in post-training episodes.3 Such metrics are often used for comparison against reported
benchmark results. Underlying this practice is the expectation that the average reward provides a
meaningful summary of agent performance when operating in the environment.
Researchers know that randomness in the training algorithm of a deep RL agent can have a large
impact on the agent’s ability to effectively learn a policy. For example, an agent with poorly seeded
weights, or poorly chosen random actions early in training, may find its way to a local optimum and
never achieve high reward. With this context in mind, deep RL researchers often train multiple agents
with different random seeds to account for this variability in training.
Unfortunately, careful selection of random seeds during training does not necessarily translate to
careful consideration of reporting metrics for reproducibility. Reporting and analyzing the choice
of random seed is critical for reproducing a training procedure, but it is also critical for assessing
1

We use the term model to refer to the learned component of a policy.
We use score to mean any measure of performance used to compare the performance of different RL agents.
3
Evaluation of online learning methods is beyond the scope of this work.
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