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P. R. Kumar’s Speech,

P. R. Kumar is currently a distinguished professor at
Texas A & M University. His research interests include
game theory, adaptive control, machine learning,
power systems, automated transportation, unmanned
aerial traffic management, millimeter wave, and cyber-
physical systems. In this Ul NYCU Al lab event, he
gave a talk on investigating the relationship between
reinforcement learning and control theory.

Reinforcement learning is a sub-domain of machine
learning. Different from supervised learning and
unsupervised learning, it focuses on controlling the
balance between exploration and exploitation of
existing knowledge of the environment. It can be said
that the purpose of machine learning is to learn the
relationship between data and labels, which is also
called regression. Reinforcement learning is to interact
with the environment step by step to generate the
data needed for learning. The learning process also
needs to maximize the rewards from the environment.
Therefore, to achieve this purpose, it requires a good
strategy to control the trade-off of exploring the
unknown or choosing the best action of the moment.

The famous Al applications of reinforcement learning
are AlphaGo, robot control, and recommender system
algorithms. Control theory is seen as the predecessor
of reinforcement learning, which is the study of the
performance of a dynamic system. Traditionally,
stable controllers are designed through engineering
mathematical methods. “Reinforcement learning is
a kind of learning-based control”, quoted from Prof.
Hsieh. This lecture mainly focused on two parts. In the
first session, Dr. P. R. Kumar introduced the core part
of the control system, which are self-tuning regulators,
and the four main theories of the dynamic system,
including stability, self-optimality, self-tuning, and
strong consistency. These theoretical proofs lasted for
almost 30 years and were not solved until the 1980s.
It was very impressive that Dr. P. R. Kumar only spent

2 hours giving us a comprehensive insight into the
development of these theories over the past 30 years.
At the end of the session, Dr. P. R. Kumar introduced
some more widely discussed cases, which were
adaptive controllers for Argmax systems.

After introducing the background and theory of
adaptive control theory, the second part of the
lecture focused on the speech title, From Adaptive
Control to Reinforcement Learning. He started from
a classical problem, the multi-armed bandit problem
to connect with reinforcement learning and adaptive
control models. Through these examples, we could
understand these two areas from a theoretical
perspective. Dr. P. R. Kumar also mentioned another
classical question, closed-loop identification in
adaptive control theory, which referred to the learning
method of Maximum Likelihood Estimation (MLE),
which may fail to learn the real system parameters due
to lack of exploration. On the other hand, Reward-
Biased Maximum Likelihood Estimation (RBMLE) is
a classic algorithm for solving this problem. It can be
thought of as adding some disturbance to the MLE to
achieve the purpose of exploration. The speaker also
shared several papers in which RBMLE has been used
to solve enhanced learning problems in recent years.
These studies gave us a better understanding of how
to associate the problems in reinforcement learning
with control theory.

After the talk, the host of this event, Prof. Ping-Chun
Hsieh, discussed several issues with Dr. P. R. Kumar
related to RBMLE, such as the quality of the likelihood
itself if it is not concave and the case of solving
RBMLE by gradient descent. In addition, Prof. Hsieh
asked Dr. P. R. Kumar to provide several suggestions
on how to start research and learning for those who
are new to reinforcement learning. Overall, we learned
a lot from this talk and these suggestions.




