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ABSTRACT

Reinforcement learning problems are commonly tackled with
temporal difference methods, which estimate the long-term
value of taking each action in each state. In most problems
of real-world interest, learning this value function requires
a function approzimator. However, the feasibility of using
function approximators depends on the ability of the hu-
man designer to select an appropriate representation for the
value function. My thesis presents a new approach to func-
tion approximation that automates some of these difficult
design choices by coupling temporal difference methods with
policy search methods such as evolutionary computation. It
also presents a particular implementation which combines
NEAT, a neuroevolutionary policy search method, and Q-
learning, a popular temporal difference method, to yield a
new method called NEAT+Q that automatically learns ef-
fective representations for neural network function approx-
imators. Empirical results in a server job scheduling task
demonstrate that NEAT+Q can outperform both NEAT
and Q-learning with manually designed neural networks.
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1. THESISOVERVIEW

In reinforcement learning, an agent must learn a policy
for selecting actions based on its state without ever seeing
examples of correct behavior. The most common approach
to reinforcement learning relies on temporal difference meth-
o0ds[2], which use dynamic programming and statistical sam-
pling to estimate the long-term value of taking each possible
action in each possible state. For small problems, the value
function can be represented in a table but for most problems
of real-world interest, temporal difference methods must be
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coupled with a function approximator which represents the
mapping from state-action pairs to values via a more concise,
parameterized function and uses supervised learning meth-
ods to set its parameters. In practice, the feasibility of using
function approximators depends largely on the ability of the
human designer to select an appropriate representation (e.g.
the topology and initial weights of the neural network). Un-
fortunate design choices can result in estimates that diverge
wildly from the optimal value function and agents that per-
form extremely poorly.

This thesis presents a new approach to doing function ap-
proximation that automates some of these difficult design
choices by coupling temporal difference methods with pol-
icy search methods such as evolutionary computation. In
particular, I use NeuroEvolution of Augmenting Topologies
(NEAT) [1], a method that uses evolutionary computation
to learn both the topology and weights of neural networks,
in conjunction with Q-learning, a popular temporal differ-
ence method. The resulting method, called NEAT+Q, uses
NEAT to learn the topology and initial weights of networks
which are then updated, via backpropagation, towards the
value estimates provided by Q-learning.

NEAT+Q also makes it possible to take advantage of the
Baldwin Effect, a phenomenon whereby populations whose
individuals learn during their lifetime adapt more quickly
than populations whose individuals remain static. In the
Baldwin Effect, which has been demonstrated in evolution-
ary computation, evolution proceeds more quickly because
an individual does not have to be exactly right at birth; it
need only be in the right neighborhood and learning will
adjust it accordingly. By combining learning across fit-
ness evaluations with learning within fitness evaluations,
NEAT+Q has the potential to reap the Baldwin Effect.

This thesis presents empirical results from the domain of
server job scheduling, a challenging reinforcement learning
task from the burgeoning field of autonomic computing. My
experiments demonstrate that NEAT+Q, by automatically
discovering appropriate topologies and initial weights, can
dramatically outperform a Q-learning approach that uses
manually designed neural networks. These experiments also
demonstrate that NEAT alone does not perform as well as
NEAT+Q, which harnesses the power of temporal difference
methods.
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