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ABSTRACT
In this paper we consider the problem of how a reinforcement learning agent that is tasked with solving a sequence of reinforcement
learning problems (a sequence of Markov decision processes) can
use knowledge acquired early in its lifetime to improve its ability
to solve new problems. Specifically, we focus on the question of
how the agent should explore when faced with a new environment.
We show that the search for an optimal exploration strategy can be
formulated as a reinforcement learning problem itself, albeit with a
different timescale. We conclude with experiments that show the
benefits of optimizing an exploration strategy using our proposed
approach.

KEYWORDS
Reinforcement Learning; Hierarchical RL; Exploration

1

INTRODUCTION

One hallmark of human intelligence is our ability to leverage knowledge collected over our lifetimes when we face a new problem.
When we first drive a new car, we do not re-learn from scratch
how to drive a car. Instead, we leverage our experience driving
to quickly adapt to the new car (its handling, control placement,
etc.). Standard reinforcement learning (RL) methods lack this ability.
When faced with a new problem—a new Markov decision process
(MDP)—they typically start from scratch, initially making decisions
randomly to explore and learn about the current problem they face.
The problem of creating agents that can leverage previous experiences to solve new problems is called lifelong learning or continual
learning, and is related to the problem of transfer learning. One could
also argue that there is a relation to the problem curriculum learning,
where the agent learns to solve a few simple tasks to allow him to
solve more complex ones. In this paper, however, we focus on one
aspect of lifelong learning: when faced with a sequence of MDPs
sampled from a distribution over MDPs, how can a reinforcement
learning agent learn an optimal policy for exploration? Specifically,
we do not consider the question of when an agent should explore
or how much an agent should explore, which is a well studied area
of reinforcement learning research, [2, 6, 13, 20, 22]. Instead, we
study the question of, given that an agent is going to explore, which
action should it take?
Proc. of the 18th International Conference on Autonomous Agents and Multiagent Systems
(AAMAS 2019), N. Agmon, M. E. Taylor, E. Elkind, M. Veloso (eds.), May 2019, Montreal,
Canada
© 2019 International Foundation for Autonomous Agents and Multiagent Systems
(www.ifaamas.org). All rights reserved.
https://doi.org/doi

After formally defining the problem of searching for an optimal exploration policy, we show that this problem can itself be
modeled as an MDP. This means that the task of finding an optimal exploration strategy for a learning agent can be solved by
another reinforcement learning agent that is solving a new metaMDP. This meta-MDP operates at a different timescale from the
RL agent solving specific MDPs—one time step of the meta-MDP
corresponds to an entire lifetime of the RL agent. This difference
of timescales distinguishes our approach from previous meta-MDP
methods for optimizing components of reinforcement learning algorithms, [4, 9, 10, 23, 24].
We contend that using random action selection during exploration (as is common when using Q-learning, [25], Sarsa, [21], and
DQN, [15]) ignores useful information from the agent’s experience
with previous similar MDPs that could be leveraged to direct exploration. We separate the policies that define the agent’s behavior
into an exploration policy (which governs behavior when the agent
is exploring) and an exploitation policy (which governs behavior
when the agent is exploiting).
In this paper we make the following contributions: 1) we formally
define the problem of searching for an optimal exploration policy,
2) we prove that this problem can be modeled as a new MDP,
and describe one algorithm for solving this meta-MDP, and 3) we
present experimental results that show the benefits of our approach.
Although the search for an optimal exploration policy is only one of
the necessary components for lifelong learning (along with deciding
when to explore, how to represent data, how to transfer models,
etc.), it provides one key step towards agents that leverage prior
knowledge to solve challenging problems.
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RELATED WORK

There is a large body of work discussing the problem of how an
agent should behave during exploration when faced with a single MDP. Simple strategies, such as ϵ-greedy with random actionselection, Boltzmann action-selection or softmax action-selection,
make sense when an agent has no prior knowledge of the problem that it is facing. The performance of an agent exploring with
random action-selection reduces drastically as the size of the statespace increases [26]. The performance of Boltzmann or softmax
action-selection hinges on the accuracy of the action-value estimates. When these estimates are poor (e.g., early during the learning process), it can have a drastic negative effect on the overall
performance of the agent. More sophisticated methods search for
subgoal states to define temporally-extended actions, called options, that explore the state-space more efficiently, [7, 14], use statevisitation counts to encourage the agent to explore states that have

