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Abstract

This thesis defines and evaluates two systems that allow a teacher to provide instructions to
a machine learner. My systems, FSKBANN and RATLE, expand the language that a teacher
may use to provide advice to the learner. In particular, my techniques allow a teacher to
give partially correct instructions about proceduraltasks — tasks that are solved as sequences
of steps. FSKBANN and RATLE allow a computer to learn both from instruction and from
experience. Experiments with these systems on several testbeds demonstrate that they
produce learners that successfully use and refine the instructions they are given.

In my initial approach, FSKBANN, the teacher provides instructions as a set of propo-
sitional rules organized around one or more finite-state automata (FSAs). FSKBANN maps
the knowledge in the rules and FSAs into a recurrent neural network. I used FSKBANN
to refine the Chou-Fasman algorithm, a method for solving the secondary-structure predic-
tion problem, a difficult task in molecular biology. FSKBANN produces a refined algorithm
that outperforms the original (non-learning) Chou-Fasman algorithm, as well as a standard
neural-network approach.

My second system, RATLE, allows a teacher to communicate advice, using statements
in a simple programming language, to a connectionist, reinforcement-learning agent. The
teacher indicates conditions of the environment and actions the agent should take under
those conditions. RATLE allows the teacher to give advice continuously by translating the
teacher’s statements into additions to the agent’s neural network. The RATLE language
also includes novel (to the theory-refinement literature) features such as multi-step plans
and looping constructs. In experiments with RATLE on two simulated testbeds involving
multiple agents, I demonstrate that a RATLE agent receiving advice outperforms both an
agent that does not receive advice and an agent that receives instruction, but does not refine
it.

My methods provide an appealing approach for learning from both instruction and expe-
rience in procedural tasks. This work widens the “information pipeline” between humans and
machine learners, without requiring that the human provide absolutely correct information

to the learner.
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Chapter 1
Introduction

Imagine trying to teach a student a complex task like driving a car. As the teacher, you
might take an approach of first giving the student some instruction about the task, and
then letting the student experiment with the task, while you periodically give the student
feedback about his' performance. For example, you might first explain how the car works,
what the lines on roads mean, what the lights at intersections indicate, etc. Then you would
take the student out to practice driving, telling the student when he makes mistakes and
explaining what to do instead. This natural approach to teaching can be very efficient for
both the student and the teacher. The ability of the student to learn from experience frees
the teacher from having to provide a complete set of instructions. Also, the ability of the
student to learn means that the teacher’s instructions need not be perfect in order for them
to be useful to the student. For the student, the instructions of the teacher give him a head
start on learning the task — he does not need to induce, from scratch, the knowledge being
provided by the teacher.

In the artificial-intelligence field of machine learning, we refer to the technique of combin-
ing teacher instruction with a student’s learning from experience, as learning from theory and
data. The “theory” portion of this phrase refers to the instructions provided by the teacher.
We generally refer to the knowledge about a task provided by a teacher as a domain theory.
A domain theory can be represented in any convenient formalism, though most domain the-
ories in machine learning take the form of rules. “Learning from data” refers to the learning
the student does by accumulating experiences, including feedback from the teacher, while
actually performing the task. A computer that is learning from theory and data generally
starts by incorporating a domain theory provided by a teacher. The learner then obtains
a set of samples of how the task should work, and the learner uses these samples to refine
the domain theory so that it produces the correct solution for these samples. Thus, these

techniques are often called methods for refining domain theories.

'In order to help distinguish the teacher from the student, I will refer to the teacher as feminine and the
student as masculine; no subtext is implied by this choice.



Table 1: A partial plan for making a left turn while driving.

Set the left turn indicator.

Wait for the light to turn green.

Wait until there is no oncoming traffic.
Turn the wheel left.

ANl

In machine learning, techniques for refining domain theories have been widely studied (Fu,
1989; Ginsberg, 1988; Maclin & Shavlik, 1993; Ourston & Mooney, 1990; Pazzani & Kibler,
1992; Thrun & Mitchell, 1993; Shavlik & Towell, 1989) and have proven to be effective on
a number of different tasks. In this thesis | extend these techniques to a largely unexplored
area — refining procedural domain theories. A procedural domain theory is a domain theory
for a task that is solved as a sequence of steps rather than all at once. For example, a
procedural domain theory for the driving task might have the multi-step rule for making a
left turn shown in Table 1. The rule is procedural because each step follows in a sequence —
the next step is executed in the context of the previous steps having already been executed.
It is this contextual aspect which makes this type of task difficult for standard techniques
for refining domain theories, and it is this aspect which my work addresses.

Most algorithms for refining domain theories assume that the task being learned consists
of a set of input vectors (i.e., feature values describing the task) and corresponding output
vectors (i.e., the value to be computed from the inputs), where each input-output pair is
independent of the other input-output pairs. It is difficult, however, to represent contextual
tasks this way. For example, in the driving task the input vector might include a 2D-image
of the current scene from the car plus readings from the car gauges (see Figure 1). The
output vector would then need to represent the action(s) the learner needs to do to achieve
the current goal, but this can be extremely difficult. For example, we might have an output

vector with one slot for each step the learner needs to take:

SetTurnIndicator SetSteeringWheel Wait For
Left | Right | None | Left | Right | Centered | Green
X X X

but of course this loses the sequential aspect of the task, since no ordering is indicated for

the actions (e.g., it might be disastrous to turn the wheel left and accelerate before waiting
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Figure 1: Sample scene showing information that might be available while driving.

for the green light). This aspect could perhaps be partially addressed by changing the

representation to include order information:

SetTurnIndicator SetSteeringWheel Wait For
Left | Right | None | Left | Right | Centered | Green
1 0 0 4 0 0 2

where non-zero numbers indicate the ordering for the actions, but even this does not really
solve the problem, since what happens if an action must be executed multiple times as part
of the plan? This problem could be fixed (at least in part), but each of these fixes makes
the output vector more and more complex, making the overall learning task increasingly
difficult.

Another problem with having a task defined by a single input and output vector pair
is how to specify solutions for tasks that change during the execution of the solution. For
example, imagine that the driver initially sees the situation shown in Figure 1 and begins
the plan to turn left when a pedestrian appears (see Figure 2). In this case we would hope
that the learner would alter the current plan and wait until the pedestrian is out of the way,
but if the learner’s input description is not a complete description of the world, it will be
difficult to anticipate all the possible situations that can come up (Schoppers, 1994).

A more appealing approach is to treat a sequential task as a series of sub-tasks. In this
approach each input vector represents the current description of the task, and the output
vector is the next step to be taken. Figure 3 shows a sample of how this works for the driving

task. In the initial environment (shown on the left in Figure 3), the driver decides to turn



Figure 2: Solving a task that requires a sequence of actions can be difficult if unexpected
things can happen — like a pedestrian suddenly appearing.

World at time t time t+1 time t+2
/ : : / : : /
/ : : /s : : /s
s ﬁ»é % _»Turn S
¢ Left-Turn: : Wheel :

N\  Indicator : N\ © Left

Figure 3: One solution to the problem of representing a series of actions is to represent a
task as a series of sub-tasks, with one step per sub-task.

left, and starts this process by setting the left-turn indicator. The driver then continues by
turning the wheel left in the resulting environment, until the actions needed to execute the
left turn have each been performed. This is essentially the approach on which I will focus in
this thesis.

Given that I want to apply a learning-from-theory-and-data approach, and that I am
focusing on tasks solved as sequences of steps, the first issue to address is how to form
instructions to the computer learner. In one sense, little work needs to be done as long as
the teacher understands that her instructions, rather than attempting to solve the whole task,

should concern the appropriate next output given the current input data. Thus, existing



approaches already work, since the teacher could simply treat each input-response pair as
a separate task. But this makes it impossible for the teacher to specify certain types of
seemingly natural instructions for solving these types of tasks. For example, the teacher
cannot give instructions about solving tasks in which the next step taken depends on the
step taken previously. This thesis focuses on extending an existing technique for refining
domain theories to a richer instruction language that allows these types of instructions.

In my preliminary approach to broadening the instruction language for refining proce-
dural domain theories, I allowed instructions that “remember” information from previous
problem-solving steps. In order to do this I introduced the idea of allowing a teacher to give
instructions in the form of a finite-state automaton. The state of the automaton acts as a
memory for information that the teacher thinks is important. At each problem-solving step
the student determines a new state given the current input and then retains that state for
the next problem-solving step. Thus the student does not have to solve each step as an in-
dependent task, but could make use of information determined in prior steps. In the driving
task, the state could be used as a memory for information that is not always observable. For
example, the learner could use the state to remember the current speed limit. In that case
the state would be updated every time the learner observed a speed limit sign that changed
the current speed limit.

After experimenting with my preliminary approach, I turned to the more ambitious prob-
lem of allowing a teacher to instruct a reinforcement learner. A reinforcement learner learns
to select an action, given the current input, that will now (or in the future) cause the learner
to receive positive reinforcements (i.e., rewards) while avoiding negative reinforcements (i.e.,
penalties). A reinforcement learner therefore naturally fits my general approach, since such
a learner views a task as a sequence of environment and action pairs.

In Chapter 5, I present the language I developed that allows a teacher to instruct a
reinforcement learner, and discuss the types of instruction allowed in that language. One
natural type of instruction that I allow the teacher gives the learner plans similar to the one
shown in Table 1. This plan suggests a sequence of steps to achieve a goal given the current
input. Implementing this plan in an approach where each step is treated as a separate
sub-task is tedious. The teacher must specify how the environment looks before the first
step in the sequence. Then the teacher must specify how the environment looks before the
second step, etc. Instead, I allow the teacher to specify this type of instruction as a sequence
of related steps with one starting environment, and develop a mechanism that allows the

student to incorporate this plan as a sequence.



Most techniques for refining domain theories accept instruction only before the refin-
ing process begins. In my approach for instructing a reinforcement learner I removed this
restriction. I set up my mechanism so that instructions provided by the teacher result in
additions to the student’s current knowledge that may be made at any time during the stu-
dent’s learning process. This changes the process of instructing the student to a continual
interaction. The teacher can watch the performance of the student, and when the teacher
feels it is appropriate, she can provide instructions. The teacher can thus address problems
of the student’s behavior that she may not have anticipated initially. The student spends
his time learning by exploring the environment, but periodically receives instructions from
the teacher. After receiving instructions, the student returns to exploration, where he can
use his experiences both to induce new “rules” as well as refine the instructions given by the

teacher. This process can thus be repeated as often as the teacher cares to give instructions.

1.1 Thesis Statement

The key aspect of any algorithm for refining domain theories is the type of domain theory
it is able to refine. (Recall that a domain theory is the set of knowledge that a teacher
wants to communicate to a student.) The limitations on the types of knowledge a teacher
can communicate are determined by the “language” the teacher uses to specify the domain
theory — what constructs the teacher may use in creating the domain theory. Thus, the key

aspect of my thesis is what types of instruction my systems are able to use and refine:

Thesis: Many interesting tasks are best solved as sequences of related steps.
A powerful approach for creating computer problem solvers is to develop machine
learners that learn from both instruction by a teacher and direct experience with
the task at hand. Such an approach works by refining the instructions, called a
domain theory, provided by the teacher. The learner refines the domain theory
with a set of samples that show how the task is supposed to be solved. In order to
apply this approach to tasks defined as sequences of steps, we need to define a lan-
guage for instruction that includes constructs that capture the sequential aspect
of problem solutions. Examples of such language features include constructs for
remembering information during problem solving and for representing sequences

of problem-solving steps. We are constrained to selecting language features that



produce knowledge that can be refined by inductive learning. A technique incorpo-
rating such features will demonstrate the benefits of a “learning from theory and
data” approach for domains that were not previously amenable to this approach

— procedural domains.

Let us examine the claims of this thesis. The first claim, that many interesting tasks are
best solved as sequences of steps, I will assert without proof — a casual perusal of any text
on algorithms or planning should indicate that many interesting tasks are framed as needing
procedural solutions. As demonstrated in my discussion above, a natural way to solve such
problems is with a sequence of steps, since the defining characteristic of such problems is
their sequential nature.

The power and usefulness of the machine learning approach of refining domain theories
has been discussed previously (Maclin & Shavlik, 1993; Ourston & Mooney, 1990; Pazzani
& Kibler, 1992; Thrun & Mitchell, 1993; Towell & Shavlik, 1994). The key to combining
instruction with experience is that the teacher must be able to communicate the knowledge
she considers important to the learner. If we accept the premise that the tasks in which we
are interested are best viewed as sequences of steps, it is natural to assume that a language
for instructing such a system would need to provide the ability to articulate sequential
information. Thus I will focus on the last claim, that such an approach, one that refines
procedural domain theories, will yield benefits similar to those shown for learning from theory

and data approaches on non-sequential tasks.

1.2 Contributions of This Thesis

To assess the main claim of my thesis, I will present two techniques that refine procedural
domain theories, and will also present experimental results that demonstrate the effective-
ness of these methods. Both of my approaches for refining procedural domain theories use
backpropagation (Rumelhart et al., 1986) on neural networks as their basic learning method
and build on work in knowledge-based neural networks (Towell et al., 1990).

My preliminary technique (FSKBANN) focuses on refining domain theories represented as
finite-state automata (Maclin & Shavlik, 1993). Table 2 shows the general input and output
behavior of this system. It uses a finite-state domain theory and some training examples to
refine the provided domain theory.

To implement the process in Table 2, I show how to extend an existing algorithm for



Table 2: Overview of the behavior of my system (FSKBANN) for refining finite-state domain
theories.

Given:  An imperfect finite-state domain theory
and
A set of sample solutions

Produce: A refined finite-state domain theory

refining domain theories to finite-state domain theories. First, [ explain how to transform
a finite-state automaton into a set of rules that incorporate contextual information. Next,
I present a technique to translate these “state-based” rules into a corresponding neural net-
work. To test my system, I present experiments employing this technique to refine the
Chou-Fasman (1978) algorithm, a method for predicting protein secondary structure, show-
ing that the resulting refined algorithm significantly outperforms the original algorithm.

In my second approach I develop a method that lets a teacher provide instructions to a
reinforcement learner (Maclin & Shavlik, 1996). In this approach I use a learner that performs
connectionist Q-learning (Lin, 1992; Sutton, 1988; Watkins, 1989). My work allows the
reinforcement learner to take instructions in the form of programming-language constructs
in a simple, yet expressive, language that | have developed. This language allows the teacher
to make statements about single actions, as well as sequences of actions, to be taken in
given environments. The computer learner translates these instructions into additions to
its current neural network. Since the learner represents the knowledge as additions to its
network, it is able to continuously accept more advice, rather than being limited to receiving
advice only at the beginning.

My technique adds a third step to the reinforcement learner’s traditional sense-react loop.
At the start of each iteration of the loop, the student first checks if advice from the teacher
is available, and if it is, the student stops to incorporate the advice. The student then
returns to exploring the environment, using any future experience to evaluate the advice.
The teacher returns to observing the student’s behavior, providing further advice if it is
warranted. Figure 4 outlines the interaction of the teacher and student in this system. To

test this system, I present experiments for two simulated domains, one similar to video



Teacher PSS
@\\\ Behavior:

Instruction

Figure 4: Interaction of the teacher and the student in my system for instructing a reinforce-
ment learner. The process is a continuous loop — the student will continue to explore and
learn from experience in its environment until it receives instructions from the teacher; it
then stops, incorporates the instructions, and then returns to learning from experience. The
teacher watches the behavior of the student until she decides to give the student instruc-
tion. After giving instruction the teacher returns to observing the behavior of the student
to formulate more instructions.

games used by other researchers (Agre & Chapman, 1987; Lin, 1992), and a second domain

for playing soccer.

1.3 Overview of This Thesis

In this chapter I have presented the motivation for my thesis and outlined the major issues
I plan to explore in the remainder of this thesis. Chapter 2 presents background material
necessary to understanding my work. In Chapter 3, I present my approach to refining domain
theories expressed using finite-state automata. An overview of my method for allowing a
teacher to instruct a reinforcement learner appears in Chapter 4. Chapter 5 defines my
language that allows a teacher to instruct a reinforcement learner, and in the following
chapter I give details on how the student maps constructs in this language to changes to the
function being learned. In Chapter 7, I present experiments that verify this technique on
two simulated domains. Next, I discuss related work, and finally 1 present conclusions and

possible future directions for my work.
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1.4 Summary

In summary, my work extends the applicability of machine learning by broadening the inter-
action between the human teacher and the machine learner. Rather than limiting communi-
cation to a set of training examples, possibly augmented with some inference rules, I allow
the teacher to also tell the learner what to remember between steps and allow the teacher to
provide sequences of actions to be performed under certain circumstances. Importantly, the
teacher can provide this rich information at any time while the learner is improving himself.
Based on her observations of the learner, the teacher is likely to produce useful instruction,
something that is less likely if the teacher is required to provide all of her instructions before
learning commences. Finally, the teacher’s instructions need not be perfectly correct — the

learner can refine them based on subsequent experiences.
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Chapter 2
Background

In this chapter I will present an overview of the four areas of research that my work builds
upon. The first area is neural networks, which I use as my means of empirical learning
— learning a concept from samples of the concept. I chose neural networks because they
have been shown to be a powerful inductive learning technique for a number of different
types of problems (Atlas et al., 1990; Fisher & McKusick, 1989; Shavlik et al., 1991). 1
also chose neural networks because they allow me to build upon a particular algorithm for
refining domain theories called KBANN (Towell et al., 1990; Towell, 1991; Towell & Shavlik,
1994), which I will outline in the second section. KBANN is an algorithm for translating
propositional rules into neural networks, and has proved effective on a number of domains.
The third area I will present is simple recurrent neural networks (Elman, 1990; Jordan,
1989), the specific type of neural network I will use in order to deal with the contextual

information in procedural domain theories. Finally, T will describe reinforcement learning
(Sutton, 1988), the task I investigate in Chapters 4-7.

2.1 Artificial Neural Networks

Neural networks are mathematical constructs based loosely on observations of the behavior
of human brain cells. A neural network is composed of a set of units, corresponding to cells
in the brain, and connections (or links) between those units. Each link has associated with
it a weight that reflects the strength of the connection between the units. Associated with
each unit is a net input value and an activation value. The net input value represents the
total input impinging on the unit. One common way to calculate the net input value for a
unit ¢ is to sum the value of the activation times the weight for each of the units j connected
to unit ¢:

NetInput, = > weight;_; X activation; (1)
j€LinkedT o(7)



12

where weight;_,; is the weight on the link from unit j to unit ¢, and LinkedTo(7) are the
units that have links to unit :. To this sum we add a term called the bias, which may be
thought of as a weight on a link from a unit whose activation is always one. The reason for

using a bias is discussed below. This gives us the equation:
NetInput; = ( > weight;; X activation; a (2)
Jj€LinkedT o(7)

The activation value of unit ¢ is calculated as a function of the net input to the unit. One

common activation function is the sigmoid function:

activation; = 1 p—— (3)
which can be thought of as a smoothed step function — at large positive net input values the
activation for unit 7 will be near one and at large negative net input values the activation will
be near zero. The advantage of a smoothed step function is that the derivative can be taken
of this function, which means a simple learning rule exists. The bias term of Equation 2 can
be thought of as a threshold for the smoothed step function. A large negative bias term acts
as a high threshold, since the total net input from the connected units is offset by the large
negative bias value.

A description of the units and the connections between units is referred to as the archi-
tecture of a neural network. Neural networks generally have a set of units that are labeled
the input units — the activation values of these units are set prior to activating the network.
After setting the activation values of the input units, the network then proceeds to calculate
the activation values for the other units in the network; this is called activating the network.
Neural networks generally produce a set of output values which represent the function the
network is supposed to calculate. For example, we could create a network with two Boolean
input units. If the network was supposed to calculate the AND of these two units, we would
have one output unit whose value would be one when both input values are one and zero
otherwise.

One commonly used network architecture (see Figure 5) divides the units of the network
into three distinct groups: a layer of input units, zero or more layers of hidden units, and
a layer of output units. In this type of architecture links are unidirectional and are only
allowed from units in lower layers to units in higher layers (this type of network is often

called a feedforward neural network). This feedforward aspect makes it easy to calculate the
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Output Units

Hidden Units

Input Units

Figure 5: A standard feedforward neural network with one layer of input units, one layer of
hidden units, and one layer of output units. Note that input units have links only out of
them and output units have links only into them. In future neural-network diagrams, I will
leave out the arrow heads on links to reduce diagram clutter. Unless a link is specifically
marked, the reader may assume that it is a unidirectional link from the unit lower in the
diagram to the unit higher in the diagram.

activation value of units since there are, by definition, no cycles in the connectivity graph;
hence, the activation values can be calculated in a single pass.

The key question in neural networks is how to “teach” a network a particular function.
We teach a neural network by training it on a set of examples of the input-output behavior
we desire the network to reproduce. Table 3 shows the backpropagation (Rumelhart et al.,
1986) method for training a network on an example. The error signal for a unit depends on

the cost function used in learning. A basic principal of cost functions is that as the predicted

Table 3: The backpropagation (Rumelhart et al., 1986) algorithm for training a neural
network on a labelled example.

1. Set the input activations to the inputs for the example.
2. Activate the network to determine the current predicted outputs.

3. Calculate an Errorsignal for the output units using the target outputs from the exam-
ple and the predicted outputs from the current network (based on the cost function).

4. Backpropagate the error signals through the network; this involves determining the
appropriate error signals for the non-output units.

5. Change the weights and biases in the network to reduce the cost.
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output values move closer to the actual output values the cost decreases. One common cost
function makes cost proportional to the sum of squared errors between the actual output

values and the predicted output values:

1 0 ne . .
cot = 5 Z (ta gety czctwatwnk)2 (4)
k1
In order to change the network to reduce the cost, we take the derivative of the cost function
we have chosen with respect to the free parameters (i.e., the weights and biases). For the
output units using the sigmoid activation function, taking the derivative of the cost function,

we get an error signal () of:
o = activation, (1 activation,) (ta get, activation,) (5)
We backpropagate the output error signals recursively to the hidden units to get:

= activation (1 activation ) > weight _, (6)
€Linked o ()

where Linked o (h) are the units that have connections from unit A. For more details on
how these derivatives are calculated see Rumelhart et al. (1986).

Note that we do not immediately try to set the weight to a “correct” value given its error
signal. Rather we do gradient descent learning', where we change the weights by a small
amount in the direction indicated by the sign of the error signal and the sign of the weight.
One obvious reason to do this is that the partial derivatives do not take into account the
interactions among the changes to the weights. Another important consideration is that we
want the network to produce a function that is correct for all of the examples. We do this
by presenting each of the examples a number of times and making a small change for each
example — thus the network will hopefully discover a set of weights that will work for many
of the examples. In this way we hope to achieve a network that generali es well — a network
that produces the correct output vector even for examples that are not presented during

training. If we were to change the weights in the network to get one example right we might

! echnically, the learning is only gradient if we change the weights with respect to the error for
all of the patterns. hen we change the weights after determining the error for a single pattern this is
referred to as , the techni ue is more properly referred to as gradient based since the error

direction for a single pattern will not necessarily be in the same direction as the error for all of the patterns
collecti ely.
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undo the learning we did to get a previous example right. Finally, we do not want to make
the assumption that the outputs of any one example are guaranteed to be correct; therefore
we do not want to change the network to overly emphasize any particular example.

So, the basic approach to training a network is to repeatedly present a series of examples
of the desired function until the function is “learned.” We call the examples used to train the
network the training data. A key issue is deciding when to stop training. A standard problem
with neural networks is overfitting. Overfitting occurs when a network starts learning to “fit”
the noise in the set of examples. Noise in a set of examples occurs when the output values
are not perfect. In this case, it may be inefficient for the learning algorithm to completely
reproduce the outputs for the training data (see Figure 6). Training a network until it overfits
may reduce the generalization done by the network.

The problem of overfitting is ubiquitous in neural networks, and there are a number of
approaches to handle this problem. One approach is to introduce a term into the cost function
that penalizes a network that is overfitting the data. Such techniques are called requlari ation
methods. One standard method for regularization is called weight decay (Hinton, 1986).
Weight decay works as its name suggests: at each step each weight is decayed towards
zero by a small amount. This approach is equivalent to adding a penalty term to the cost
function proportional to the sum of the squared weights in the network. Other approaches to
regularization include network pruning (Le Cun et al., 1990) and soft-weight sharing (Nowlan
& Hinton, 1992).

Another way to prevent overfitting is to use a wvalidation set (Lang et al., 1990). A

X

Figure 6: Two possible functions we could fit to a set of points (shown as diamonds). If
we assume a certain amount of error in the observed values associated with the values,
the solid curve is probably a more desirable solution; the dashed line would be a curve that
“overfits” the data.



16

validation set is a subset of the training data that is set aside before training occurs. During
training we periodically assess how well the network performs for the validation set and
keep the network that does the best. This works on the theory that once the network
starts overfitting, the generalization performance of the network will suffer and therefore the
performance of the network on the validation set will go down. In this work, I use both weight
decay and validation sets to prevent overfitting during my experiments — though not both
at the same time. I will indicate which method I use in the description of the methodology
for each of the experiments.

A final, and perhaps the most fundamental issue in neural networks, is how to select
an appropriate neural-network architecture for a particular problem. The number of input
and output units is largely determined by the problem being addressed, but the number of
hidden layers, how to connect the units together, and even whether to use a feedforward
network at all, are often decided on the basis of intuition. For example, if the resulting
network does not have enough units to solve the problem, there is no easy way to determine
this — other than having the learner fail to learn a solution. Methods addressing the problem
of selecting an appropriate network architecture include techniques for network pruning (Le
Cun et al., 1990), genetic search (Opitz & Shavlik, 1993), and cascade correlation (Fahlman
& Lebiere, 1990). In this work I rely on the domain theory provided by the teacher to
select an appropriate architecture. As will be seen in the next section, the instructions of
the teacher result in a corresponding neural-network architecture. Thus, as in KBANN, |
operate under the principle that the network architecture I have chosen reflects an expert’s

knowledge.

2.2 nowle e ase Neural Networks

The KBANN (for Knowledge-Based Artificial Neural Networks) algorithm (Towell et al., 1990;
Towell, 1991; Towell & Shavlik, 1994) is designed to refine domain theories presented in the
form of simple propositional rules (see Figure 7a). KBANN works by creating a neural network
that contains the knowledge encoded in the rule set. We can then refine the resulting network
using a standard neural-network learning algorithm such as backpropagation (Rumelhart
et al., 1986) on a set of examples.

KBANN starts by constructing an AND OR dependency graph from the rules in the domain
theory. For example, the rules in Figure 7a would result in the dependency graph shown

in Figure 7b. KBANN replaces each proposition with a corresponding network unit and
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