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Abstract

Reinforcement learning is a general approach to learning reactive control policies. It is an unsu-
pervised learning technique, making it a candidate for use in system that adapts to changing tasks and
environment by autonomously devising a new strategy. Unfortunately, reinforcement learning methods
are slow to converge to a solution, rendering them impractical in most cases.

The key shortcoming of most reinforcement learning systems is that they lack the ability to incorpo-
rate prior knowledge into the learning process. This is wasteful of any previously learned information
that is related to the target task. This paper investigates a scheme for incorporating such prior knowledge
into a reinforcement learning agent.

The methodology, called Skill Advice Guided Exploration (SAGE), allows multiple, possibly con-
flicting, sources of knowledge to be incorporated simultaneously. Knowledge is abstracted as action
selection advice within this framework. Accordingly, no assumptions must be made about the internal
representations of the information, allowing knowledge sources to be as diverse as a human and a robot.
Furthermore, a SAGE-based system can adapt according to new knowledge acquired during learning and
is robust to incorrect information.

The potential of this methodology is demonstrated on a set of discrete learning tasks. Results are
presented showing that a SAGE-based system given correct information can outperform other approaches
and that incorrect knowledge does not prevent the task from being learned. The benefits and limitations
of this work are discussed as are possible extensions

* Prepared in partial fulfillment of the requirements for the degree of Master of Science in Electrical and Computer Engineering.



1 Introduction

The creation of ever larger and complex systems necessitates robust and powerful building blocks. Adapting

a system to operate in a new environment or to achieve new goals can be expensive and time consuming.

Often, such changes in the task preclude the direct reuse of some existing system modules. These compo-

nents must be re-tailored for the application at hand. In the case where the original component was a learned

behavior, a new function must be learned from scratch. This is wasteful of the related information, albeit

suboptimal with respect to the new task, contained within the original module.

Composable skill design is also an important issue. This involves combining the task information of

multiple sources to accomplish some higher-level task. Each of the knowledge sources are generally related

to the new task in some way. At times, the source is a module that can be utilized directly in the new system.

This is not generally the case, though. It is likely that many of the source modules require modifications.

Information from some modules often must be combined or extended in order to be effective on the new

task.

In light of the above observations, this paper investigates the possibilities of leveraging knowledge within

an existing skill base to devise solutions to related problems. A skill is defined here as a reactive mapping

of discrete states to discrete actions. Solving a new problem requires determining new state-to-action con-

troller. Unfortunately, determining such a controller directly from the source skill knowledge is not generally

possible. The source skills may not even posses the requisite knowledge. Thus, a general approach to ac-

quiring skill knowledge must be utilized. Reinforcement learning methods will be effective in this manner.

Reinforcement learning provides a general means to find a reactive controller that satisfies some per-

formance criteria in an unsupervised fashion. It is attractive because the designer need not provide correct

state-action pairs during training, which would imply that a solution is already known. Unfortunately, re-

inforcement learning can be intractably slow on large problems. Furthermore, learning is impractical on an

embodied agent because exploratory, and potentially dangerous, actions must be taken to determine their

utility. This paper will investigate the prospects of transferring knowledge from existing skill modules to an

agent learning a new, related skill via reinforcement learning methods.

Direct methods for transferring knowledge between learners are representation dependent and can be

prone to failure. Furthermore, it is unclear how direct transfer methods should deal with multiple, possibly

conflicting information sources. This work examines an indirect method of knowledge transfer in which



action-selection advice is the primary abstraction for knowledge. Through a methodology called Skill Ad-

vice Guided Exploration (SAGE), advice is presented to the reinforcement learning agent as it explores its

environment. The agent may follow or disregard the advice as it sees fit. Thus, an agent has the potential to

find a good solution more efficiently by following good advice and avoiding the perils of bad advice.

The indirect knowledge transfer approach places minimal assumptions upon the intemal structure of both

learning and advising agents. The source of the action-selection advice can be any function that maps world-

states to actions. This function need not be deterministic. Thus, the advice source may be an existing system

module, a sibling agent from a team of heterogeneous robots, a hand-designed mathematical function, or

even a human observer.

The first part of this paper discusses general properties and assumptions of an advice-giving system.

Section 2 gives an overview of reinforcement learning as it is relevant to this problem. Section 3 defines

a SAGE system and terminology in concrete terms. Section 4 analyzes the idea of advice and describes

basic taxonomies for advice type and effectiveness. The second part of this paper examines one particular

implementation of a SAGE-based system. Section 5 discusses the implementation issues behind a particular

portion of a SAGE system, called the exploration control module. Section 6 describes some experiments

that shed light on the behavior and properties of a SAGE-based system. A discussion of the results and

their implications is given in Section 7. The paper closes by detailing related work in Section 8 and conclu-

sions/extensions in Section 9.

2 Reinforcement Learning

Reinforcement learning (RL) forms the base around which the work in this paper is built. This section

presents an overview of reinforcement learning as it is relevant to the remainder of this paper. This section

is by no means an exhaustive treatment of the topic.

Reinforcement learning is a class of problems in which an agent interacts with a dynamic environment

and learns appropriate behavior through trial and error [6]. The agent executes actions that affect the en-

vironment and observes the state of the environment and the rewards obtained. Figure 1 illustrates this

relationship.

A reinforcement learning agent draws actions, a, from a finite set of discrete actions, A. The state, s,
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