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Abstract
Reinforcement learning algorithms rely on carefully engineering environment
rewards that are extrinsic to the agent. However, annotating each environment with
hand-designed, dense rewards is not scalable, motivating the need for developing
reward functions that are intrinsic to the agent. Curiosity is a type of intrinsic
reward function which uses prediction error as reward signal. In this paper: (a) We
perform the first large-scale study of purely curiosity-driven learning, i.e. without
any extrinsic rewards, across 54 standard benchmark environments, including
the Atari game suite. Our results show surprisingly good performance, and a
high degree of alignment between the intrinsic curiosity objective and the handdesigned extrinsic rewards of many game environments. (b) We investigate the
effect of using different feature spaces for computing prediction error and show
that random features are sufficient for many popular RL game benchmarks, but
learned features appear to generalize better (e.g. to novel game levels in Super
Mario Bros.). (c) We demonstrate limitations of the prediction-based rewards in
stochastic setups. Game-play videos and code are at https://pathak22.github.
io/large-scale-curiosity/.
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Introduction

Reinforcement learning (RL) has emerged as a popular method for training agents to perform complex
tasks. In RL, the agent policy is trained by maximizing a reward function that is designed to align
with the task. The rewards are extrinsic to the agent and specific to the environment they are defined
for. Most of the success in RL has been achieved when this reward function is dense and well-shaped,
e.g., a running “score” in a video game [21]. However, designing a well-shaped reward function is a
notoriously challenging engineering problem. An alternative to “shaping” an extrinsic reward is to
supplement it with dense intrinsic rewards [26], that is, rewards that are generated by the agent itself.
Examples of intrinsic reward include “curiosity” [11, 22, 27, 35, 40] which uses prediction error as
reward signal, and “visitation counts” [3, 20, 24, 30] which discourages the agent from revisiting the
same states. The idea is that these intrinsic rewards will bridge the gaps between sparse extrinsic
rewards by guiding the agent to efficiently explore the environment to find the next extrinsic reward.
But what about scenarios with no extrinsic reward at all? This is not as strange as it sounds.
Developmental psychologists talk about intrinsic motivation (i.e., curiosity) as the primary driver
in the early stages of development [32, 41]: babies appear to employ goal-less exploration to learn
skills that will be useful later on in life. There are plenty of other examples, from playing Minecraft
to visiting your local zoo, where no extrinsic rewards are required. Indeed, there is evidence that
pre-training an agent on a given environment using only intrinsic rewards allows it to learn much
faster when fine-tuned to a novel task in a novel environment [27, 28]. Yet, so far, there has been no
systematic study of learning with only intrinsic rewards.
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