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Abstract

Although machine learning techniques have been applied with remark-
able success to several problems of computer perception and vision, most
of these problems have been fairly simple in nature. The di�culty with
scaling up to more complex tasks is that inductive learning methods require
a very large number of training examples in order to generalize correctly
from complex sensor data.

This chapter proposes an approach to overcoming this di�culty, by re-
lying on previously learned information to augment the available training
data. In particular, we consider the task faced by a mobile robot learning
to recognize new objects within an already-familiar environment. Because
the robot has previously operated within this environment (here the corri-
dors of a particular building), it has already had the opportunity to learn
certain regularities that can be useful in subsequent learning tasks. Given
a new task, such as learning to recognize the distance to the next door in
the corridor, knowledge of these regularities enables the system to learn
the new task more accurately from a limited quantity of new training data.
We describe the Explanation-Based Neural Network (EBNN) algorithm for
utilizing previously learned knowledge, and examine its performance for the
mobile robot perception task of door recognition in a familiar corridor based
on color vision and sonar sensor data. Experimental results indicate that
EBNN is able to generalize more accurately than purely inductive methods
such as Backpropagation, even when its prior knowledge is only approxi-
mately correct.

1. Introduction

Recent results in robot learning have demonstrated that robots can learn simple
strategies from very little initial knowledge in restricted environments [9, 2, 17].
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While these results indicate the potential role of machine learning for robot per-
ception and control, new approaches are needed to scale up to more complex
problems and many realistic environments.

The fundamental roadblock to scaling up learning algorithms is that as the
complexity of the learning task (e.g., the number of distinct sensors, complexity
of individual sensor inputs, amount of sensor noise, complexity of the function to
be learned) increases, it becomes increasingly di�cult to correctly generalize from
the limited quantity of training data available. Both experimental and theoretical
research indicates that purely inductive learning methods, which basically rely on
detecting statistical regularities among the training data, scale poorly with such
increases in complexity [7, 30, 10].

A number of approaches have been proposed for scaling up learning, by in-
troducing constraints in addition to observed training data. These include, for
example, engineering human knowledge into the system [29, 20], and using con-
straints from related learning tasks [21, 1]. This chapter considers methods by
which a robot can use previously learned knowledge about its environment to aug-
ment the available training data when confronting new perceptual learning tasks.
Figure 1 represents this framework.

Examples - Inductive
Learner
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Recognizer
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-
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Recognizer

Figure 1: Using prior knowledge to scale up learning. Inductive learning sys-
tems rely upon detecting statistical regularities in data. The EBNN algorithm also
uses previously learned knowledge to further constrain learning. This chapter dis-
cusses the form of this prior knowledge, and how it is created and used within the
EBNN framework. In particular, we shall see how to learn a doorway recognizer
given labeled snapshots of the world, and how EBNN improves upon this by using
knowledge about the motion of the robot.

To illustrate the potential importance of previously learned knowledge in gen-
eralization, consider a mobile robot that operates over a long period of time within
a particular building. It is occasionally presented with new perceptual learning
tasks such as \learn to recognize doors", \learn to recognize trash bins," or \learn
to recognize trash." There are typically many regularities that occur in the world
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of any given robot and environment, arising from factors such as the type of light-
ing, the location of the sensors on the robot, the typical positions and motions of
objects within the environment, etc. Such regularities, if known to the robot, can
provide useful knowledge to constrain learning tasks undertaken in that setting,
and would enable the robot to generalize better from less training data.

This chapter presents the Explanation-Based Neural Network (EBNN) learn-
ing algorithm. EBNN learns such regularities, then uses this knowledge to guide
generalization for new learning tasks within this familiar environment. As a re-
sult, it is able to generalize more accurately from less training data when presented
with new learning tasks.

The primary type of learned regularity considered in this chapter is knowledge
of how mobile robot actions a�ect robot sensory inputs. More speci�cally, consider
a robot roaming the corridors of a particular o�ce building. A sequence of camera
images perceived by the robot as it travels down the corridor is shown at the top
of Figure 2.

Observed image

Network Input

(observed image)

Network Output

(predicted next image)

t0 t1 t2 t3 t4

Figure 2: Results of a neural network trained to predict future images. The images
in the top sequence are observed by the robot moving forward in the corridor.
Images in the middle sequence are down-sampled (coarse grain) descriptions of
the top images. Images in the bottom sequence are predictions by the learned
network of the next image, based on the current image. These particular images
were not seen by the network during training.

Here, each image is separated by a \go forward 1 meter" robot action. The
robot uses this self-collected data to train a neural network that takes the current
image as input, and produces a prediction of the next image as output. The
second row of images in Figure 2 shows the actual network inputs, which are a
coarse-grain down-sampled version of the original image. The third row of images
shows the trained neural network's prediction of the next image. Notice that the
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predicted images, while imperfect, do capture certain features of the actual next
images (shown directly above them).

Such knowledge as learned by this network captures, imperfectly, regularities
of this robot in this environment. We will refer to this as domain knowledge, or
a domain theory that characterizes useful information about the robot and its
environment, independent of any particular object recognition task. EBNN is
a learning method that can use this kind of approximate domain knowledge to
improve performance at new learning tasks such as \learn to estimate the distance
to the next door." We argue that often, domain knowledge is easy to obtain, as
it does not depend on the particular learning task at hand. For example, domain
knowledge learned in previous object recognition tasks can be re-used if the robot
faces a new recognition task.

The reminder of this chapter is organized as follows. In section 2, we describe
the robot, Xavier, used in the experiments reported here. We also describe the
learning tasks, all related to detecting the location of doorways in hallways, as
well as the types of domain knowledge provided to the learner.

Section 3 describes the EBNN algorithm in detail and presents results apply-
ing it to learning to recognize doors. The main result is that EBNN learns more
accurately than the standard inductive Backpropagation algorithm, by relying on
prior knowledge as well as the training data. Notice EBNN di�ers from Back-
propagation solely in the fact that EBNN exploits further domain knowledge for
generalization. The study also illustrates that as the domain knowledge becomes
less accurate, EBNN's performance degrades gracefully, and that EBNN can itself
be used as a source of domain knowledge. These experiments are carried out using
a hand-selected subset of the larger set of available sensor features.

Section 4 explores the e�ect of weakening the accuracy of the domain theory
and of increasing the number of input features. It also considers a more complex
task: learning the exact distance to the next doorway along the robot's path.

Section 5 discusses the main lessons of the experiments reported here. In
section 6, we review other research on using prior knowledge in learning. Section
7 describes future research and Section 8 our conclusions.

This chapter expands upon, and includes portions of, work previously pre-
sented in [18].

2. Learning for Mobile Robot Perception

Figure 3 shows the mobile robot, Xavier, used in the experiments reported here.
Xavier was developed at CMU, and is built on a 4 wheeled omni-directional RWI
base, 24 inches in diameter. The sensors we shall use are the color camera visible
on top of the robot, and a ring of sonar sensors visible approximately one third
of the way down the robot torso. Although the camera is mounted on a pan/tilt
unit controllable by the robot, it was �xed in a single position pointed 15 degrees
downward and 30 degrees to the right.
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Figure 3: The robot used in the experiments in this chapter, Xavier of Carnegie
Mellon University's Learning Robot Laboratory.

2.1. The Setting

In the experiments considered here, Xavier operates within the 40 meter long
building corridor shown in Figure 4. Within this environment, there are various
landmarks and movable objects which are useful for Xavier to recognize.

In general, each learning task can be viewed as the problem of estimating some
target function, given examples of the input-output relationship for that function.
As demonstration, this chapter studies the recognition of doors as a learning task.
Two classes of target functions, which are the basis for two separate series of
experiments respectively, are:

(a) (b)

Figure 4: The corridors at CMU as seen day to day with bins, open doors and
people (a), and as cleaned up for the reported experiments (b).

� Object Recognition:

The task here is to learn a boolean-valued function classifying the current
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state of the world according to whether there is a door some �xed distance
d ahead. We consider learning target functions of the form

Door-Aheadd?: S ! fTrue, Falseg

where d = 1; 2; 3; 4 is some �xed distance in meters, s 2 S is the current
robot sensor input (color vision and sonar readings), and Door-Aheadd? is
true if and only if, after traveling forward d meters in the corridor, the
robot will be adjacent to a door. For example, the target function Door-
Ahead2?(s) is true if and only if there is a door 2 meters ahead of state
s.

� Object Localization:

Here the task is to learn a real-valued function describing the distance to
the next door. The target function in this case is

Door-Distance: S ! d

where s 2 S is again the current robot sensor input, and d is a real number
indicating distance in meters. The value of Door-Distance(s) is the smallest
distance d such that after traveling d meters forward in the corridor, the
robot will be adjacent to a door.

Both tasks are cast as supervised learning tasks, in which during training a
person noti�es the robot when it is adjacent to a door. This information is easily
converted into accurate estimates of distances to doors from any given state, using
Xavier's dead-reckoning of distance traveled, obtained from the sensed number of
wheel turns.

It is important to notice that learning to recognize nearby doors is signi�cantly
easier than learning to recognize distant doors, because the door becomes a much
smaller feature within the image as distance increases, and sonar information
becomes much less useful. Thus, this family of target functions provides a range
of di�culty for testing our learning methods.

2.2. The Learning Approach

The learning methods considered here use arti�cial neural networks to represent
the learned target function. Neural networks provide a general mechanism for
estimating, or learning, a large class of real-valued or discrete-valued functions.
Given a set of training examples of the target function, the Backpropagation
algorithm [22] can be used to tune the weights of the network to �t these training
examples. Whether this learned network will generalize to perform accurately on
examples outside the training set depends on many factors, notably the number of
training examples provided. We will refer to the accuracy of the learned network
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on future examples taken from an independent testing set as the generalization
accuracy of the learner.

As noted earlier, the key question considered in this paper is how to improve
the generalization accuracy of learning, by using previously learned knowledge.
Plain Backpropagation is unable to exploit such knowledge. Therefore, we use
an alternative method to train arti�cial neural networks, EBNN, which will be
described in the next section. In the experiments reported here, di�erent types
of prior knowledge are considered, including knowledge of the form \how does
traveling forward alter sensory input?" (Forward-1M), and \am I currently adja-
cent to a door?" (Door-Here?). This knowledge, like the target functions to be
learned, is represented by neural networks that have been previously learned by
the robot operating within the same corridor. Because this knowledge is itself
learned from limited data, it provides only an approximate characterization of
the true environment (recall Figure 2). For each learning experiment, a collection
of networks summarizing prior knowledge is used as a domain theory to guide
learning the new target function. These experiments are summarized in Table 1,
and described in more detail in the following sections.

Data Domain Theory Target Function

f< S; fT; Fg>g Forward-1M: S ! S
Door-Aheadd�1?: S ! fT, Fg Door-Aheadd?: S ! fT; Fg

f< S; d >g Door-Distance: S ! d Door-Distance: S ! d

Table 1: The learning tasks addressed in this chapter. Inductive techniques use
just raw data in learning. EBNN improves learning performance by using both raw
data and domain theories acquired from previous experience. Section 3 investigates
the learning of Door-Aheadd, section 4 uses a trivial domain theory to explore the
robustness and scalability of EBNN when learning Door-Distance.

3. Explanation-Based Neural Network Learning

This section explores the use of domain knowledge to improve learning for a mobile
robot in the corridor environment. It also presents the EBNN learning algorithm
in detail. The experiments reported here demonstrate that domain knowledge
can be used by EBNN to improve the accuracy of learning, and that EBNN's
performance is robust to errors in this domain knowledge.

3.1. The Task

We will introduce the main concepts of the EBNN learning algorithm using an
example. Throughout this section, the speci�c task for the robot is to learn the
target function
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Door-Ahead1?: S ! fTrue, Falseg

whose value is True when there is a door 1 meter ahead. In the initial experiments
the sensed world state, S, is represented by a simple vector of 25 sensor readings
as shown in Figure 5. Each state is collected by Xavier as it proceeds forward
down the center of a corridor. A row of 10 rectangular regions is extracted from
the image and for each region, two values are computed: the average red intensity
and the average blue intensity. The circle of gray bars on the left in the �gure
indicate the 24 sonar distance echoes detected by Xavier's sonars at the same time
the camera image was collected. The sonar data is sub-sampled to include only
the 5 sonar readings shaded in dark gray in the sonar display. These are the sonars
that face somewhat forward and toward the right, and therefore can be expected
to contain relevant information for recognizing upcoming doorways on the right.
This sonar and image data is summarized in the vector of 25 values displayed
at the bottom. The area of the white box in the vector diagram indicates the
magnitude of the corresponding vector value.

Figure 5: A typical reduced sensor input and its representation, as described in
the text.

3.2. The Domain Theory

To learn the target function, Door-Ahead1?, EBNN uses previously learned knowl-
edge called the domain theory. The domain theory used in this experiment consists
of two neural networks that have been previously learned by the robot. The �rst
is similar to that shown in Figure 2, and represents the function

Forward-1M: S ! S

Given the current state represented by the vector of 25 sensor readings, the
Forward-1M network predicts the 25 sensor readings (next state) that it expects
to perceive if the robot drives 1 meter forward in the corridor.

The second domain theory network represents the function
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Door-Here?: S ! fTrue, Falseg

which is True only when the robot is in a state where it is directly adjacent to a
door.

Notice that taken together, these two domain theory networks can be used to
infer values of the target function Door-Ahead1?, as illustrated in Figure 6. These
networks are called domain theory, because, if correct, they allow to logically infer
the target concept. In EBNN, however, both of the networks of the domain theory
are learned from previous experience using the Backpropagation algorithm, and
hence might be incorrect.

This ability to use the domain theory to infer, or explain, values of the target
function is the key to the EBNN algorithm. To see why, consider the generalization
task faced by the learner: Given only a sample of the possible input-output pairs of
the target function Door-Ahead1?, it must hypothesize the value of the function for
all possible inputs. It must therefore determine which subset of the input sensor
readings imply which output value under which conditions. Inductive learning
methods rely on the statistical properties of the training examples to determine
which input sensor readings are relevant under which conditions. In EBNN, the
domain theory provides an alternative means for determining which features are
relevant. This is accomplished by using the domain theory to infer, or explain, the
output value for each observed training example, then extracting this relevance
information from the constructed explanation.

Forward

1M

Door

{True, False}S
Door

Target Function:

Domain Theory:

Here?

{True, False}

Ahead

S

1

Figure 6: A Typical EBNN Domain Theory. Each training example of the target
function, Door-Ahead1?, is explained in terms of the previously learned functions
Forward-1M and Door-Here?.

3.3. Extracting Derivatives

To see how the domain theory is used by the EBNN algorithm, consider an exam-
ple: analyzing a single negative training example: state S902, for which there is no
door one meter ahead. EBNN �rst constructs an explanation. An explanation is
a prediction of the target concept based on the domain theory, which is obtained
by chaining together the domain theory networks as shown at the top of Figure 6.
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The 25 sensor readings describing state S902 are input to the �rst domain theory
network, which outputs the predicted state one meter forward. The second net-
work is then applied to this predicted state, to estimate whether a door is present
in this predicted next state. We will refer to this prediction of the (already known)
training example value as the explanation of the training example.

S902 S958

Door?Next-Sensations

sonar

Slopes from explanation of Door-in-1M?(s902)

width indicates slope magnitude.

positive slope:

negative slope:

vision
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Figure 7: Sensed state S902 is a training example for which target function Door-
Ahead1? is False. EBNN explains this value for the target function by using its
previously learned neural networks Forward-1M, and Door-Here?. The derivatives
of these individual networks, indicated by solid and dashed lines in the diagram,
represent information about the presumed relevance of network input features to
the network output. Derivatives of individual networks are combined to compute
the derivative of the entire explanation.

The EBNN algorithm estimates the relevance of each feature of the training
example from such explanations. In particular, it uses the explanation to compute
the partial derivative of the target function value with respect to each training
example feature. Irrelevant inputs (such as camera pixels that provide no infor-
mation about doors on the right) will have partial derivatives of zero (provided the
domain theory is correct!). In contrast, inputs with large derivatives are known
to be highly relevant.

Because neural networks represent continuous real-valued functions, the deriva-
tive of their output with respect to each input is always well de�ned. Furthermore,
this derivative can be calculated from the network weights and activations. The
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partial derivatives of the explanation output with respect to each input (i.e., each
training example feature) are computed by applying the chain rule to the deriva-
tives of each individual network in the explanation.

The lines in Figure 7 indicate the sign and magnitude of the most signi�cant
derivatives for each individual network in the domain theory for the explanation
of the negative example S902. Consider, for example, the rightmost network in
the explanation: Door-Here?. The thickest solid line indicates that the output
of this network increases rapidly with the value of its bottommost input (the
�fth sonar). Because doors in this corridor are typically recessed, a long sonar
reading in this direction is a strong indicator that the robot is directly by a door.
Similarly, the knowledge captured in the �rst network indicates that this �fth
sonar reading depends positively on the second sonar value of the initial state.
This is reasonable, because as the robot drives forward, the object that provided
the second sonar echo moves into the �eld of view of the �fth sonar. Coupled
together, these two dependencies indicate that the larger the second sonar value
in the current state, the more likely that there is a door one meter ahead. The
kind of dependency captured by this and other partial derivatives is useful for
determining how to generalize from the speci�c feature values of the training
example.

Using the chain rule, EBNN combines the matrix of partial derivatives from
each step in the explanation to compute the derivative of the target function
with respect to each training example feature. It then updates the weights of
the network that represents target function, to �t both these target derivatives,
and the observed training value. The former provides an analytical component of
learning, transferring knowledge from the domain theory networks into the target
network. The later provides an inductive component, tuning the weights of the
target network to �t the observed value independent of prior knowledge.

3.4. The General EBNN Learning Algorithm

The general EBNN algorithm is summarized in Figure 8. For each training
example, EBNN constructs an explanation, analyzes it to calculate the partial
derivatives of the target function with respect to each example feature, then re�nes
the target function to �t these derivatives as well as the training example value.
The third step, re�ning the target network weights, utilizes a gradient descent
algorithm to minimize the combined error function

E = Evalues + �Ederivatives

where Evalues is the di�erence between the target network output values and the
known values of the training examples, and where Ederivatives is the di�erence
between the target network derivatives and those inferred from the explanation.
Gradient descent to minimize this error function is accomplished by the Tan-
gentProp algorithm [24], an extension to Backpropagation that iteratively adjusts
network weights to minimize this combined error function. EBNN uses a modi�ed



Figure 9: Fitting values and derivatives in EBNN. Let f be the target function
for which three input-output examples hx1; f(x1)i, hx2; f(x2)i, and hx3; f(x3)i are
known. Based on these points the learner might generate the hypothesis g. If the
derivatives are also known, the learner can do much better: h.

One important issue in using the above error function is choosing an appropri-
ate value for �, the coe�cient that determines the relative importance of �tting
derivatives versus values. Because target derivatives are calculated from the ex-
planation, their accuracy is strongly determined by the accuracy of the underlying
domain theory. Clearly, a very poor domain theory will give rise to inaccurate
explanations that provide misleading estimates of the true derivatives of the tar-
get function. Given that explanations are simply predictions of known training
values, a simple way to evaluate the accuracy of an explanation is to compare the
known training value to the value predicted by the explanation. For this reason,
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� is calculated separately for each distinct training example. In the case that the
example is accurately explained by the domain theory, it is given a high value
placing strong emphasis on �tting the derivatives for this example. In the case
that the example is poorly explained, it is given a low value, de-emphasizing this
analytical component of learning.

Thus, a reasonable heuristic for choosing �i for the ith training example is

�i = 1�
�i

�threshold
:

Here �i is the root-mean square di�erence between the true target value and the
prediction by the domain theory for training example i. �threshold denotes the
prediction error threshold for all the examples, and is used for normalization.
Negative values of �i, that is, values for which �i > �threshold, are set to 0. This
heuristic, LOB* [15], for setting �i is based on the assumption that the accuracy
of the explanation's derivatives are correlated to the accuracy of the explanation's
predictions.

3.5. Experimental Results

The experiments here address the following two questions, which are central to
EBNN and the role of prior knowledge in learning.

1. For a given set of training examples, can EBNN generalize more correctly
than purely inductive methods by relying on its previously learned knowl-
edge?

2. Can knowledge acquired by EBNN be successfully built upon, by using it
as part of the domain theory for learning subsequent target functions?

Doorway Camera Field of View

Xavier

Hand-classified regions in which Door-Here? is True

path of travel

Figure 10: For these experiments, Xavier traversed an entire corridor, gathering
sonar and vision snapshots approximately every 12cm. Snapshots were then hand-
classi�ed to indicate when Xavier was immediately next to a door.

The experimental setup was as follows: Xavier was �rst allowed to travel
an entire corridor cleared of clutter (see Figure 10). From this experience, it
acquired 403 sensor \snapshots," one approximately every 12 cm, as it followed
a path approximately down the center of the corridor, with its camera pointed
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downward toward the right. The correct value of Door-Here? was manually
provided for each snapshot.

First, we trained the domain theory networks using standard Backpropagation.
The Forward-1M domain knowledge network was learned by generating, from the
data, input-output pairs of states approximately 1 meter (in fact 96cm) apart.
25% of these pairs were then used as a hold-out set for cross-validation, and a
neural network was trained to approximate Forward-1M. Cross-validation uses
the prediction error over the hold-out set to determine the number of training
iterations (epochs) which produces the best performance over this hold-out set.
Training is terminated at this point.

Similarly, input-output pairs were generated from the data by hand-classifying
each state with the correct Door-Here? label. Backpropagation was used to learn
the Door-Here? domain theory network using this data, using 25% of the pairs
as a hold-out set for cross-validation.

The Door-Aheadd function was then learned using training data approaching
each of the eight doors in the corridor. In each of these repeated experiments, the
403 corridor snapshots were divided into three sets { the sequence of snapshots
approaching the selected doorway (the master training set), 100 random samples
for cross-validation during training (the hold-out set), with the remainder de�ned
to be the evaluation set.

Therefore each master training set contained the snapshots between two ad-
jacent doors. Training sets of N examples were generated from each master set,
where values of N were 5, 10, 15, etc. Examples in the training sets started
at the �nal doorway snapshot, and progressed backwards towards the previous
doorway (typically at N=50). Positive examples of Door-Ahead1? were typically
around examples 10 through 21 within the sequence, and in most evaluation sets
approximately 80% of the examples were negative examples.

3.5.1. Generalization Accuracy

To explore the generalization accuracy of EBNN and Backpropagation, we trained
the robot to learn the target function Door-Ahead1?, while the training set size
varied from 5 to 50.

Backpropagation and EBNN were applied to the training sets, subsets of the
master training set, using a learning rate of 0.1. The explanation used by EBNN
to learn Door-Ahead1? was formed by chaining together the previously trained
networks for Forward-1M, and Door-Here?. �threshold in LOB* was set to �max, the
maximum prediction error, which means that the derivative error term was used
to some degree in re�ning all of the training examples. Generalization accuracy
was then measured by applying the trained networks to the evaluation set. This
process was repeated for all eight doorways in the corridor, and the results were
averaged.

Figure 11 displays the average results from all eight repetitions, plotting gen-
eralization accuracy of both learning methods against the number of training
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Figure 11: Generalization accuracy for Door-Ahead1? averaged over eight learning
experiments, using each of the eight available doors as a training door. The dotted
line indicates the performance of Backpropagation, the solid line that of EBNN.
Note that a classi�cation accuracy of 79 percent is achieved by classifying every
example as negative.

examples available. As can be seen, EBNN generalizes more accurately than the
Backpropagation algorithm over the entire range of training set sizes. It is in-
teresting to compare the performance of the two approaches on very small sets
of training data. The �rst �ve training examples were all negative examples of
the target concept. As a result, Backpropagation learned a network that always
predicted there is no door ahead, leading to an accuracy of 79% on the evalua-
tion data set. However, EBNN was able to learn a more accurate network from
this same data, despite the fact that it contained no positive examples. This is
because EBNN extracted dependencies from its explanations that captured the
information that changes to certain feature values would make it more likely that
a door would be present. Notice the dip in performance for both methods between
10 and 20 examples. At this point, the data sets were particularly misleading be-
cause the large number of positive examples misrepresented their distribution in
the evaluation sets.

One unrealistic assumption in the above experiment is that the learner has
available a set of 100 examples to use for cross-validation, even though it uses
only 5 to 50 examples for training. Since we are interested in learning for when
available data is sparse, a more realistic assumption would be that no extra data
is available for cross-validation, and that any attempt to avoid over-�tting must
be based on the limited available training data. In such cases, a more realistic
approach is to use jackni�ng [4], or a leave-one-out strategy, in which the number
of weight tuning epochs is determined as follows: Divide the N available examples
into sets of N-1 train and 1 hold-out example, in each of the N possible ways. For
each of these training sets, train by cross-validating on the remaining example,
halting training when performance is maximized on this single hold-out example.
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Compute the desired number of training epochs as the mean number of training
epochs for these N experiments, then obtain �nal learning results by training on
all N examples for that desired number of training epochs.

We used standard cross-validation in our experiments in order to avoid the high
computational cost of such jackni�ng techniques. In order to test that this was not
unfairly biasing the results in favor of EBNN, we compared the e�ect of jackni�ng
versus cross-validation for one of the eight training doors. The results, shown in
Figure 12, indicate that cross-validation in fact biased the experimental results
in favor of Backpropagation. This is consistent with our general experience that
EBNN is less susceptible than Backpropagation to over-�tting (because EBNN
considers more training constraints, allowing it fewer degrees of freedom to over-
�t the data). Because jackni�ng in this case utilized fewer total examples than
cross validation, its choice of training epochs was typically less likely to be correct,
leading to signi�cant over-�tting problems for Backpropagation.
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Figure 12: Jackni�ng techniques would have allowed us to avoid gathering extra
samples for cross-validation but is more computationally intensive. The vertical
axis displays the generalization accuracy using cross-validation, divided by the
accuracy using Jackni�ng. The null hypothesis assumes that these two techniques
produce identical results. The dotted line indicates that EBNN performs nearly as
accurately with jackni�ng as with cross-validation. The dashed line indicates that
Backpropagation performs worse using jackni�ng.

3.5.2. Iterating EBNN

To test the ability of EBNN to learn progressively more di�cult functions, and to
bootstrap itself by using its earlier learned networks as domain theory for subse-
quent learning, we extended the previous experiment by learning the additional
target functions Door-Ahead2?, Door-Ahead3?, and Door-Ahead4?, which must
recognize doors further away.

The experimental setup was as above, using the same sets of training, hold-
out and evaluation examples. In general, the explanation used by EBNN to learn
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Door-Aheadd? was formed by chaining together the networks for Forward-1M and
Door-Aheadd�1?. For example, EBNN explained examples of Door-Ahead2? by
�rst predicting the state one meter ahead (using the Forward-1M network as in
the previous experiments), then estimating whether a door was present one meter
ahead of that state (using the trained Door-Ahead1? network that had achieved
the best generalization performance). Again the training process was repeated for
all doorways, and averaged results are reported.

Generalization Performance for Door-Aheadd? tasks
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Figure 13: The generalization accuracy for Door-Aheadd? comparing training by
EBNN (a) versus training by Backpropagation (b).

As in the �rst experiment, results are shown for both EBNN and Backpropaga-
tion with Figure 13 indicating, after training on the various numbers of examples,
the generalization for Door-Aheadd?, where d=1,2,3 and 4 meters. This gener-
alization accuracy, plotted on the vertical axis, degrades for both methods as d
increases (i.e., as the task gets more di�cult), with EBNN consistently general-
izing more accurately than Backpropagation. Starting with d = 4 meters, both
learning methods basically perform as well as simple majority voting, i.e., always
producing \no." Notice the monotonic decrease in EBNN performance as problem
complexity increases, whereas Backpropagation exhibits a more erratic behavior.
To summarize, these results suggest that EBNN out-generalizes Backpropagation
consistently, if it is given the right domain knowledge. This is particularly the
case if training data is scarce. When su�cient training data is available, both
methods exhibit approximately equivalent generalization rates.

4. Attributes of Prior Knowledge

This section explores the e�ect on generalization accuracy of inaccurate domain
knowledge and of increasing the number of inputs. It also demonstrates the appli-
cation of EBNN to learning the distance to the next door { a real valued function.

The speci�c task for the robot is now to learn the target function

Door-Distance: S ! d
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whose value d is the distance the robot should travel to arrive at the next door.

The dimension of the training examples is increased from the 25 inputs of the
previous section to 152, as shown in Figure 14. A grid of 8�8 rectangular regions
is extracted from the original image of the world. Each rectangular region is
encoded in YUV space. Y gives information about the intensity at a point, while
U and V jointly encode color information and are shared between adjacent pixels.
(The YUV values available on our robot had been converted to RGB color-space
in the previous series of experiments to allow us to explicitly remove irrelevant
color information). The sonar values are also included as input features, providing
24 range readings equally spaced around the circumference of the robot. A single
output corresponds to the real value of the function Door-Distance. Alternative
techniques for modeling real numbers in neural networks (such as activating one
of many outputs or Gaussian weighting of outputs [20]) were not considered since
using a single output turns out to be su�cient for solving the task.

(a)

-
Y

U

V

(b)

-

(c)

-

(d)

-

(e)

Figure 14: The original view of the world (a) from the camera is down-sampled
to a reduced YUV image (b) in order to make experimentation practical. (The
Y components roughly approximate intensity, while the U and V components ap-
proximate color). The sensor data shown in (c) and the 24 sonar readings in (d)
yield the �nal input representation (e). The darkness of the individual lines in the
vector diagram (e) indicates the magnitude of the corresponding vector value.

4.1. The Domain Theory

EBNN again requires a domain theory capable of explaining observed training
examples of the target function

Door-Distance: S ! d.
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As the domain theory, we use a neural network which represents the same
function

Door-Distance: S ! d.

Because this domain theory network has the same type and structure as the
target network, it can be analyzed via the same means. This simpli�es our goal of
acquiring and using domain theories of varying accuracy, based on input encodings
of varying complexity.

In the �rst of the following experiments, a high quality domain theory is used to
learn Door-Distance. The quality of the domain theory is degraded in the second
experiment by training it on progressively smaller data sets, to study how this
will a�ect the generalization accuracy of the �nal network learned by EBNN from
this domain theory. The �nal experiment varies the size of input representation
to examine how this will a�ect the improvement of EBNN over Backpropagation.

4.2. Experimental Results

Xavier traveled the entire corridor (cf. Figure 10) several times over a period of
several days to gather data, encountering di�erent lighting positions and di�erent
positions of the robot relative to the center of the corridor. During these runs,
Xavier was informed of all states for which Door-Here? was true. This information
was easily converted into accurate estimates of Door-Distance for all snapshots in
the data, by using Xavier's dead-reckoning of distance traveled. Di�erent subsets
of this data were then used to train the domain theory and the target function
networks, as described in the following subsections.

For each of the experiments, four di�erent starting points in the corridor,
each more than 1 meter from the next doorway, were used. Training sets were
generated by Xavier starting at these points and moving forward to collect up
to N contiguous examples, where N ranged in size from as little as 4 to nearly
170 examples. For each starting point, a separate hold-out set leading up to a
doorway was used for cross-validation and a separate evaluation set of 70 examples
was used for calculating the generalization performance. As detailed in section
3, cross-validation uses the prediction error over the hold-out set to determine
the number of training iterations which produces the best performance over this
hold-out set. Results were reported by averaging the prediction performance over
the examples in the unseen evaluation sets, the accuracy being measured by the
averaged error in distance.

�threshold in LOB* was set at 10% of �max, the maximum prediction error
over the training examples. This reduced the risk associated with degrading the
performance of EBNN by using incorrect derivatives, but also reduced the number
of examples used by EBNN in re�ning of the target function (Figure 15).

4.2.1. \Accurate" Domain Knowledge
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Figure 15: The LOB* heuristic selects which explanations of the domain theory to
use in learning. The grey line shows the results of the domain theory explanation
of Door-Distance as the robot approaches and passes 2 doors in the corridor. The
black line indicates the actual distance. The shaded states indicate when the two
are su�ciently close that derivatives from the explanations are used for training
(i.e., when � > 0).
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Figure 16: Generalization accuracy for Door-Distance averaged over the evalua-
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tion approaches that of EBNN. We also present the performance when the domain
theory is applied to the evaluation set. For comparison, when the average of the
training examples is used as the predicted distance, the expected case is plotted.
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A baseline case was required, to show the performance of high quality domain
knowledge in this setting. To achieve this, the Door-Distance domain theory
network was trained over approximately 200 examples using Backpropagation.
10% of these examples were used for cross-validation during training.

A di�erent set of examples was used in the training of the Door-Distance
target network. A maximum of 170 examples was used during training, with
Backpropagation and EBNN performance nearly converging for this amount of
data.

Figure 16 compares the performance of EBNN using this Door-Distance do-
main theory, against the performance of Backpropagation. The error in predicting
the door distance over the unseen evaluation sets is reported for both. As in the
experiments of Section 3, EBNN generalizes more accurately than Backpropaga-
tion. Notice the domain theory had an average error of 109 cm over the same
evaluation set. The inductive learning component of EBNN allows it to learn a
target function more accurate than this domain theory, once it considers su�cient
training data. Figure 16 also shows the result of a naive learner which predicts a
constant Door-Distance: the average of the distances in the observed training data
(i.e., the expected value of the distance). This provides a baseline for comparing
performance of more intricate learning methods.

4.2.2. Degrading Domain Knowledge
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Figure 17: Generalization accuracy for Door-Distance as the quality of the domain
theory used by EBNN degrades.

In this experiment, the accuracy of the domain theory was degraded by reducing
the number of examples from which it was learned. Four distinct domain theories
were learned, whose average error over the evaluation set ranged from 138 cm
to 106 cm. The previous experiment was then repeated for EBNN using each of
these four domain theories, with results shown in Figure 17.

Note the correlation between the degradation of the domain theories, and that
of the generalization performance of Door-Distance trained under EBNN. In ad-
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dition, the e�ect of the LOB* heuristic is noted by the di�erence in performance
between the domain theories achieving accuracies of 106cm and 109cm. Despite
the 106cm accurate domain theory generating better performance over the evalu-
ation sets, it did not explain as many training examples as did the 109cm accurate
domain theory, and as such did not have as strong an e�ect upon the generaliza-
tion performance.

These �ndings suggest that LOB* successfully prevents EBNN from su�ering
from misleading domain knowledge. Similar results have been reported for EBNN
applied in the context of reinforcement learning [25].

4.2.3. Scaling to High Dimensional Input Spaces

Here, we were interested in characterizing the role of prior knowledge with varying
dimension of the input space. We varied the dimension of the input by using
just sonar data, just vision data, or both as input when learning Door-Distance
using the high quality domain theory. We calculated the relative improvement in
performance over the expected accuracy for EBNN compared to Backpropagation.
The ratio of these two,

improvement ratio =
EBNN accuracy � expected accuracy

Backpropagation accuracy � expected accuracy

is shown in Table 2. This ratio, averaged over the various training set sizes,
improves as the number of inputs increases. This also reects our experience from
prior research on synthetic learning tasks [13].

Representation Sonar Vision Sonar + Vision

Input Size 24 128 152

Improvement Ratio 2.6 5.0 5.2

Table 2: We repeat the experiments of Section 4.2.1. using three di�erent input
representations. The improvement ratio, de�ned in the text, indicates the relative
improvement of using EBNN versus using Backpropagation.

Notice that as the input dimension increases, so does the bene�t of using
EBNN over Backpropagation. We conjecture the reason for this di�erence lies
in the fact that the number of derivative constraints extracted from explana-
tions grows as the dimension of the input space. Hence, as the input dimension
increases, EBNN produces more constraints for the target function, whereas Back-
propagation does not.

5. Discussion

We have now presented the results of two series of experiments involving learning
to recognize doors in a corridor, having varied the complexity of the input repre-
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sentation, the quality of the domain knowledge, the type of the domain knowledge,
and the type of the target function to be learned. This section reconsiders our
initial hypothesis that EBNN improves generalization and reduces the required
training examples, in the light of these results.

5.1. Can Prior Knowledge Improve Generalization?

As demonstrated by a variety of the above experiments, the EBNN algorithm
provides a method for using prior knowledge to improve generalization accuracy
when learning a perceptual task for a mobile robot. For small training sets, EBNN
was shown to generalize more accurately than Backpropagation when learning the
target function \Is the next door d meters ahead?" In this case, EBNN relied on
prior knowledge in the form of previously learned neural networks representing
the functions \What will the sensor readings be after driving forward 1 meter?"
and \Is there a door here?" As shown in Figure 11, whereas Backpropagation
required 50 examples to reach an accuracy of 90% on this task, EBNN was able
to reach the same accuracy in less than 20 examples.

In Section 4, EBNN also exhibits improved generalization accuracy when learn-
ing the real-valued function \How far away is the next door?", as long as it is
provided su�ciently strong prior knowledge. As shown in Figure 16, after train-
ing on the approach to a single door (ranging from 20 to 30 training examples)
EBNN predicts the door distance to within 80 cm on future doors, compared to
Backpropagation's prediction error of 130 cm. It required over 150 training ex-
amples for Backpropagation to approach EBNN's prediction accuracy, which at
that point was 65 cm.

Given this evidence, the following discussion examines conditions which a�ect
the degree to which prior knowledge improves generalization.

5.2. EBNN Robustness to Errors in Prior Knowledge

In general, when building on previously learned knowledge, one would like a learn-
ing algorithm that bene�ts from this knowledge when it is su�ciently correct, but
is not harmed when it is incorrect.

The e�ect of increasing domain theory error on generalization accuracy was
shown in Figure 17, for the task of learning \How far away is the next door?".
In these experiments, the domain theory accuracy was varied from an average
error of 106 cm through 138 cm (compared with an error of 140 cm achievable by
simply predicting the mean distance over the training set). These results show that
the generalization accuracy of EBNN degrades gracefully with increasing domain
theory error, to the point where performance is no better than Backpropagation.
However, even under the least accurate of these domain theories, EBNN at worst
equals the generalization accuracy of Backpropagation learning. Hence, in all
our experiments EBNN degrades gracefully as the quality of the domain theory
degrades.
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The LOB* heuristic is largely responsible for the ability of EBNN to survive
incorrect domain knowledge, since it suppresses the use of this domain knowledge
for training examples that are incorrectly explained.

This same trend is apparent in the experiments from section 3, learning \Is
the next door d meters ahead?", for d equal to 1, 2, 3, and 4. In this case, the
domain theory error increases with d, due to the greater di�culty of recognizing
more distant objects. Figure 13 shows that the generalization accuracy of EBNN
degrades as error increases, but remains superior to that of Backpropagation.

5.3. EBNN and Scaling Up to Higher Dimensional Inputs

Problem complexity is a possible inuence upon the improvement in generaliza-
tion accuracy of EBNN over that of Backpropagation. One measure of problem
complexity is the number of inputs to the network. The experiment reported in
section 4.2.3. was created to speci�cally address this issue. The results reported in
Table 2 demonstrated that as the number of inputs increased so did the improve-
ment of EBNN over Backpropagation. From this, we suggest that for increasingly
complex inputs there is increased bene�t in using prior knowledge.

We note that this experiment did not control for the information content of
the inputs. In setting up the experiments of section 3, we noticed that a bank of 6
sonars contained all the sonar information useful for detecting presence of the next
doorway. In section 4, the extra 18 sonars acted as irrelevant input features. That
is, these 18 extra inputs have low or zero information content. In section 4.2.3., it
may be seen that the visual features have some information content, as a strong
ratio of improvement is obtained when using visual features as the sole input.
Thus, when increasing the input size by combining sonar and vision features, we
do not simply introduce irrelevant features, but in fact also introduce a di�erent
type of information content.

5.4. The Role of LOB*

The LOB* heuristic often improves the performance of EBNN by �ltering out the
analytical learning component for training examples that are poorly explained.
Previous work has demonstrated that EBNN performance degrades substantially
if the LOB* heuristic is removed, and derivatives derived from explanations are
simply used in all cases [16]. This heuristic is based on the assumption that
domain theory accuracy is a good predictor of the quality of the derivatives used
for generalization. Consider creating an antagonistic domain theory, which has
perfect predictions over the training examples, but random derivatives at these
points. Such a domain theory would mislead the LOB* heuristic, resulting in very
poor generalization to novel points. While such an antagonistic domain theory
would not necessarily occur in the real world, it is the case that LOB* is an
additional sensitive parameter of EBNN. For instance, in the series of experiments
of Section 4, LOB* was found insu�cient to obtain good generalization when
�threshold was greater than 10% of �max.
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5.5. Computational Costs

EBNN has a greater computational cost than Backpropagation, due to the ad-
ditional constraints of training on derivative information. Theoretical research
[13] has indicated that training with EBNN is about 2I + 7

2
times that of Back-

propagation, where I is the number of network inputs. This assumes that all
explanations have yielded correct predictions, and thus all derivative information
is being used for training. In practice, we found that on the same machine, a single
EBNN training epoch takes on the order of 2 to 5 times that of Backpropagation.
Given that EBNN was found in some experiments to converge using less than half
the examples required by Backpropagation, the increased computational cost per
example may be more than o�set by the reduced number of examples.

In the mobile robot perception tasks considered here, the cost of acquiring
training examples overrides computational costs. This data acquisition cost in-
cludes both the cost of the robot capturing training examples, and the cost of
human labeling of examples.

5.6. Cost of Learning the Domain Theory

In all our experiments described above, we ignored the costs of learning an ap-
propriate domain theory.

Consider, for example, the cost of learning the domain theory in the �rst set
of experiments from Section 3. Here the domain theory consists of two networks
that represent the two functions \What will the sensor readings be after driving
forward 1 meter?" and \Is there a door here?". The cost of learning the �rst
is much less signi�cant than that of learning the second. In learning the �rst,
the robot is self-supervising. In addition, this task-independent network can be
reused for explaining data for other tasks (such as \distance to end of corridor"),
so its cost can be amortized over several learning problems. In contrast, data for
the second network is human-labeled, which typically is expensive. Furthermore,
the cost of learning this task-speci�c network cannot be amortized over di�erent
object recognition tasks.

Given that the cost of learning the domain theory is dominated by the task-
speci�c component, we would like methods that minimize this portion of the cost.

6. Related Work

The EBNN method provides one means of utilizing prior domain knowledge. The
bene�t of this method is that it combines analytical and inductive processes to
learn from a combination of previously learned knowledge and new training data.
By being able to reuse learned knowledge, this framework is suitable for a robot
agent which has to face multiple tasks over a period of time. This section considers
related research on utilizing prior knowledge to guide learning.

Three of the best known methods for inserting prior knowledge into neural
network learning are Fu's method [6], KBANN [23] and RAPTURE [12]. These
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methods use prior knowledge in the form of hand-coded propositional rules to
guide learning of neural networks. The approach is to �rst construct an initial
network that produces exactly the same predictions as the domain theory, then to
re�ne this network using the available training examples and the Backpropagation
algorithm. The key di�erence between these methods and EBNN is the di�erence
in representation of prior knowledge (symbolic rules versus neural networks) and
the way in which this knowledge is used to constrain learning (initializing the
target function, versus using a modi�ed criterion for tuning weights).

Earlier explanation-based learning methods that used symbolic representa-
tions [3, 14] and the analytical learning component of EBNN are based on the
same principle: given a target function, F , the domain theory is used as an alter-
native method for computing F , and the relevance of the various training example
features is then extracted from the trace of this computation. However, EBNN dif-
fers in that it represents information about these dependencies in terms of partial
derivatives, whereas purely symbolic methods represent them in terms of logical
preconditions to the explanation. The original work on symbolic explanation-
based learning algorithms also made the restrictive assumption that the domain
theory was perfectly correct. This restriction is overcome by more recent work
such as FOCL [19].

Simard and colleagues [24] TangentProg algorithm, which is used in EBNN
to �t derivatives extracted from the domain theory networks, was originally ap-
plied to the task of learning hand-written digits. In his case, the human designer
provided certain directions along which the derivatives of the target network were
trained to be zero. EBNN di�ers from this approach in that this derivative knowl-
edge is learned itself, represented by the domain theory networks.

One technique for learning of domain knowledge to aid robot navigation has
used a sonar-speci�c means of storing prior knowledge, rather than connectionist
networks [11]. In this instance, occupancy grids were used to predict the e�ects of
the actions for a sonar based robot. The robot was able to learn domain knowl-
edge using these domain speci�c structures while executing one task, and then,
by applying this knowledge, outperformed attempts which did not use domain
knowledge at a second task. In presenting a system which learns domain knowl-
edge using connectionist networks, we present a system which can be applied to
a greater variety of domains.

7. Future Work

While the results reported here illustrate the potential of EBNN and of using
prior knowledge to guide learning, a number of open research issues remain.

Perhaps the most important open issue arising from the experiments shown
here is reducing the cost of acquiring the domain theory used by EBNN. As dis-
cussed in section 5.6., certain types of knowledge are independent of the particular
object recognition task (e.g., the Forward-1M network), and learning these can
be amortized over the entire lifetime of the robot and over all object recogni-
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tion tasks. However, other knowledge (e.g., Door-Here?) is object-speci�c, and
therefore its cost cannot be amortized in this way. It is possible to construct an
alternative domain theory in which the target function is itself used as a compo-
nent of the domain theory, thereby eliminating the cost of gathering data to learn
an additional object-speci�c network. In other work [15] this type of structure
was found to be successful for learning to control a simulated robot. Research is
needed to understand the conditions under which using the target function as part
of the domain theory can be successful, and to explore alternative approaches to
reducing the per-task costs of EBNN.

A related topic for future research is developing stronger methods for deter-
mining the relative weights for the analytical (derivative) and inductive (value)
components of EBNN. The current LOB* heuristic weights the analytical learning
component on an example-by-example basis, by considering the accuracy of the
domain theory prediction to be a good indicator of the accuracy of the extracted
derivatives. Although this heuristic is helpful in most cases, in some it may pro-
vide poor estimates of the quality of derivatives. One alternative to explore is
learning additional networks trained to predict the quality of the domain theory
for individual examples, similar to [28].

Whereas this paper considered only single explanations as a source of deriva-
tive information, it is possible in many cases to have multiple explanations. For
instance, if we included a \Turn right 30 degrees" action, we would have the ad-
ditional means of explaining each example by \Turn right 30 degrees and perform
recognition." Combining results from multiple explanationss has been found to
produce increased generalization accuracy in an computer vision domain [27]. An
alternative use for multiple explanations is in situations when two partially correct
explanations are available. In the above situation of turning right, we would also
expect the explanations produced to be accurate close to the door. The actual
domain theory we used in section 4 was weak in these states. By combining these
two explanations, the domain theory would now be valid over greater portions of
the task space.

Whereas EBNN rests on the life-long learning assumption, that a robot must
confront a variety of learning tasks over its lifetime, our research to date has not
addressed the issue of what software architecture would support such long-term
operation. This raises issues such as how will the robot decide what to learn,
when to learn it, or which domain theory to apply? How will it organize its long-
term memory in order to make relevant prior knowledge accessible and obvious
when and where appropriate? Under what conditions should the agent rely on
its learned target function to be more reliable than the domain theory? Some
of these architectural issues have been explored in systems such as Soar [8] and
FORR [5], but many open issues remain.
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8. Conclusion

The lesson of this chapter for computer vision learning is that when data is scarce,
more accurate learning is possible by relying on available prior knowledge. This
chapter has introduced one particular means of using prior knowledge to improve
the generalization accuracy when learning object recognition procedures for a
mobile robot. The EBNN algorithm accomplishes this by explaining training ex-
amples, extracting information about feature relevance in terms of derivatives,
and using this as an additional constraint for generalization. The experimental
studies have demonstrated that EBNN learns more accurate object recognition
procedures (represented by neural networks) than the standard neural network
learning algorithm, Backpropagation. Furthermore, the EBNN algorithm is ro-
bust to signi�cant errors in the prior knowledge it employs. As this prior knowl-
edge becomes less accurate, the improvement of EBNN over Backpropagation
decreases, to the point where EBNN reaches approximately the same accuracy as
Backpropagation. We examined a variety of learning tasks, to observe the e�ect
of increasing the dimensionality of sensor inputs, weakening the accuracy of the
domain theory, and varying the logical structure of the domain theory. EBNN
is found to outperform or match the performance of Backpropagation over the
entire range of situations considered.

This model �ts in with a lifelong learning approach to robotics [26], in which
we assume the robot must confront a variety of learning tasks over a long period
of time. Because the environment and robot sensors will be quite similar for this
entire family of tasks, knowledge that captures the regularities inherent in this
task family o�ers a potentially important method for scaling up learning for robot
perception.
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