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Abstract

The exploration—exploitation dilemma is an attractive theme in reinforcement learning. Under the tradeoff framework, a
reinforcement learning agent must cleverly switch between exploration and exploitation because an action, which is estimated as
the best in the current learning state, may not actually be the true best. We demonstrate that an agent can determine the best
action under certain conditions even if the agent selects the exploitation phase. Under the conditions, the agent does not need an
explicit exploration phase, thereby resolving the exploration—exploitation dilemma. We also propose a value function on actions
and how to update this value function. The proposed method, the “overtaking method,” can be integrated with existing methods,
UCBI and UCBI1-tuned, for the multi-armed bandit problem without compromising features. The integrated models show better
results than the original models.
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1. Introduction

Reinforcement learning is a type of machine learning that is based on the maximization of total reward'. A
reinforcement learning agent adapts to an environment through behavioral trial and error, which are determined on
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the basis of the policy of the agent. In supervised learning, a system is given a desired output (i.e., supervisory
signals). On the other hand, a reinforcement learning agent can know only a reward for each behavior, which is
indirect information about the environment. Therefore, policy against the uncertainty of the environment is essential
in reinforcement learning.

The uncertainty of the environment manifests as the exploration—exploitation dilemma, which is a decision
tradeoff of the agent, i.e., search for a better action (exploration) or take a temporally selected action as the current
optimal solution (exploitation). The exploration—exploitation dilemma has been well researched, and many models
that address this dilemma have been proposed™**.

The dilemma is based on inconsistency between explorative action and exploitative action; taking a temporally
selected action (exploitation) and searching for a better action (exploration) are incompatible. However, this
dilemma is not absolute. When outputs of a value function for all actions are higher than the true values of averages,
exploitative action can be consistent with explorative action.

Here we propose a new method based on the above perspective to resolve the dilemma, which we call the
Overtaking method. The Overtaking method can be integrated into existing methods. In addition, we show that,
when using the proposed method, integrated models demonstrate a better performance.

2. Reinforcement Learning
2.1. Conditions to accomplish best action in exploitation phase

Here we discuss the conditions required to accomplish the best action in the exploitation phase.

In the value function approach of reinforcement learning, given a state § and an actiond , the value Q" (s,a) for
a policy 7 is defined. There are many types of policies and value functions in existing methods. Greedy is one such
policy, in which an agent selects an action for a state subject to the maximum value of Q .

In the simplest sense, given a state § and an action @, a value function can be defined by a conditional
expectation,

O(s,a):=E[R|s,a],

where R is a random variable that represents a reward from the environment. However, it is non-trivial whether an
expectation is suitable for a value for an action. Generally, we can construct a value function that is not equal to an
expectation.

To simplify, we assume the multi-armed bandit problem in which we can ignore the state of the agent. An action
@ indicates the selection of the arm @ . Let £z, be an expected reward for an action d, and O, , be a value
function, where 7 is the number of times action @ is taken. Here the agent never knows the expected’ rewards. The
value O, , is not the same as an expectation and is updated by taking action @ . Using this situation, we can prove
the follovx;ing theorem.

Theorem 1. Assume a multi-armed bandit problem in which there are expected rewards [L, for each action

where S

action
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action? is a set of actions for the problem. If a value function Q, , of a reinforcement learning

agent with a greedy policy fulfills the following conditions (1) and (2), then the agent can select the best action in

the exploitation phase, where N €N is the number of times action A is taken.
O,., =, forallaes,,,, andall N €N (1)

llm Qa,n = /’la for all aec Saction (2)

n—»©0

127



Download English Version:

https://daneshyari.com/en/article/485306

Download Persian Version:

https://daneshyari.com/article/485306

Daneshyari.com


https://daneshyari.com/en/article/485306
https://daneshyari.com/article/485306
https://daneshyari.com

