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ABSTRACT

As computational learning agents move into domains
that incur real costs (e.g., autonomous driving or finan-
cial investment), it will be necessary to learn good poli-
cies without numerous high-cost learning trials. One
promising approach to reducing sample complexity of
learning a task is knowledge transfer from humans to
agents. Ideally, methods of transfer should be accessible
to anyone with task knowledge, regardless of that per-
son’s expertise in programming and Al. This paper fo-
cuses on allowing a human trainer to interactively shape
an agent’s policy via reinforcement signals. Specifi-
cally, the paper introduces “Training an Agent Manu-
ally via Evaluative Reinforcement.” or TAMER, a frame-
work that enables such shapine. Differine from previous
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deploy these agents in real-world domains, making de-
cisions that affect our lives. However, with real-world
deployment comes real-world costs. For such a deploy-
ment to be viable, agents will not be able to use hun-
dreds or thousands of learning trials to reach a good
policy when each suboptimal trial is costly. For exam-
ple, an autonomous driving agent should not learn to
drive by crashing into road barriers and endangering
the lives of pedestrians.

Fortunately, for many of these tasks, humans have do-
main knowledge that could speed the learning process,
reducing costly sample complexity. Currently, most
knowledge transfer from humans to agents occurs via
programming, which is time-consuming and inaccessi-
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Abstract

While recent advances in deep reinforcement learning have
allowed autonomous learning agents to succeed at a variety of
complex tasks, existing algorithms generally require a lot of
training data. One way to increase the speed at which agents
are able to learn to perform tasks 1s by leveraging the input
of human trainers. Although such input can take many forms,
real-time, scalar-valued feedback 1s especially useful in sit-
uations where it proves difficult or impossible for humans
to provide expert demonstrations. Previous approaches have
shown the usefulness of human input provided in this fashion
(e.g., the TAMER framework), but they have thus far not con-
sidered high-dimensional state spaces or employed the use of
deep learning. In this paper, we do both: we propose Deep
TAAER an avtanciearn af the TAMER framaworl that lavars

scalar-valued feedback of agent behavior
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Figure 1: The Deep TAMER framework proposed in this paper. A
human observes an autonomous agent trying to perform a task in
a high-dimensional environment and provides scalar-valued feed-
back as a means by which to shape agent behavior. Through the
mteraction with the human, the agent learns the parameters of a

deep neural network, H. that is used to predict the human’s feed-
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