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Abstract. Despite the fact that many symbolic and neural network (connectionist) learning algorithms address
the same problem of learning from classified examples, very little is known regarding their comparative strengths
and weaknesses. Experiments comparing the ID3 symbolic learning algorithm with the perceptron and backpropaga-
tion neural learning algorithms have been performed using five large, real-world data sets. Overall, backpropaga-
tion performs slightly better than the other two algorithms in terms of classification accuracy on new examples,
but takes much longer to train. Experimental results suggest that backpropagation can work significantly better
on data sets containing numerical data. Also analyzed empirically are the effects of (1) the amount of training
data, (2) imperfect training examples, and (3) the encoding of the desired outputs. Backpropagation occasionally
outperforms the other two systems when given relatively small amounts of training data. It is slightly more accurate
than ID3 when examples are noisy or incompletely specified. Finally, backpropagation more effectively utilizes
a “distributed” output encoding.
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1. Introduction

The division between symbolic and neural network approaches to artificial intelligence is
particularly evident within machine learning. Both symbolic and artificial neural network
(or connectionist) learning algorithms have been developed; however, until recently (Fisher
& McKusick, 1989; Mooney, Shavlik, Towell, & Gove, 1989; Weiss & Kapouleas, 1989;
Atlas, et al., 1990; Dietterich, Hild, & Bakiri, 1990) there has been little direct comparison
of these two basic approaches to machine learning. Consequently, despite the fact that sym-
bolic and connectionist learning systems frequently address the same general problem, very
little is known regarding their comparative strengths and weaknesses.

The problem most often addressed by both neural network and symbolic learning systems
is the inductive acquisition of concepts from examples. This problem can be briefly defined
as follows: given descriptions of a set of examples each labeled as belonging to a particular
class, determine a procedure for correctly assigning new examples to these classes. In the
neural network literature, this problem is frequently referred to as supervised or associa-
tive learning.



































































































