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ABSTRACT

Making an autonomous robot see, learn, and behave intelligently is a long-
standing dream of humans. Over the years, while encouraging progress has been achieved
in some tasks, little effort has been made to understand the intrinsic mechanism of the
intelligent behaviors of humans. To address this challenge, we have proposed a research
called automatic language acquisition, which is aimed at developing a method for a robot
to learn natural languages via the integration of its sensory-motor inputs. Towards this
end, this dissertation is focused on the study of three vision-based leaming tasks, namely,
intelligent action learning, multimodule skill acquisition, and automatic scene concept
understanding by an autonomous robot.

The research on intelligent action learning is aimed at developing an effective
self-learning approach for a robot to learn actions in a real world. A novel algorithm,
called PQ-learning, is presented in this dissertation, which effectively solves the slow
convergence problem inherent in the traditional reinforcement learning methodology.
Based on this algorithm, a hybrid learning strategy has been proposed for optimal
controls of a robot in a multimodule navigation task, in which the robot learns to avoid
obstacles on its way to an object of interest based on its vision.

In addition to behavior learning, this dissertation initiates a novel research called
automatic scene understanding by a robot, in which the robot is taught to learn scene
semantics from multiple concept categories via the interactions with its world. A generic
model for general-purpose scene understanding is presented, along with a case
development for small-sized scene language understanding by a robot. The experimental
result shows the effectiveness of the proposed method in solving the so-called

“multilabeling” concept classification problems.
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CHAPTER 1

INTRODUCTION

1.1 Background

1.1.1 Machine intelligence

Understanding how the human mind functions, how it develops, and how it
engenders intelligent behaviors is a long-standing and fundamental quest of science.
According to philosopher Dreyfus [1], the earliest investigation of artificial intelligence
(AI) might begin from a talk between Plato and his teacher Socrates about human mind
around 2400 years ago. Since then, thinking, discussion, and debates about the subject of
intelligence have been intertwined with human history, and a number of philosophers,
mathematicians and psychologists have been trying to solve this mystery from different
points of view. However, the progress was limited due to the difficulties in
experimentation. The breakthrough took place in the 1940s with the invention of
computers, when people were able to start testing their thoughts and theories on real
machines. However, the debate about “what Al is” is still going on today. In general,
there are four explanations [2]: acting like humans, acting rationally, thinking like
humans, and thinking rationally. Each explanation determines a different methodology of
building an intelligent machine.

The first definition, i.e., acting like humans, was supported by Turing [3], who
defined intelligent behaviors as the abilities to achieve human-level performance in all
cognitive tasks, which should be sufficient to fool a human interrogator. This argument is
known as the famous Turing test, in which the computer is interrogated by a human via a
Teletype and said to have passed the test if the interrogator cannot tell whether there is a

computer or a human at the other end. The Turing test sounds simple; however, few






