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Abstract—The response of a multilayered perceptron (MLP) of the training data is usually erratic, and hence, not reliable.
network on points which are far away from the boundary of its  For example, even when a test data point is far away from the
training data is generally never reliable. Ideally a network should convex hull of the training data, an MLP will produce some

not respond to data points which lie far away from the boundary tout Hi thi id b hiah and
of its training data. We propose a new training scheme for MLPs output, sometimes this response cou € very nigh and can

as classifiers, which ensures this. Our training scheme involves be totally useless and dangerous too. As MLPs are being used
training subnets for each class present in the training data. Each in critical areas like medical diagnosis, non destructive testing
subnet can decide whether a data point belongs to a certain (NDT) [15], this may lead to serious problems. We will illus-
class or not. Training each subnet requires data from the class trate this issue later with compelling examples.

which the subnet represents along with some points outside the
boundary of that class. For this purpose we propose an easy but MacKay [7]-[9] addresses more or less the same problem of

approximate method to generate points outside the boundary of designing classifiers which are intended to give low response
a pattern class. The trained subnets are then merged to solve the in areas with sparse training data. In [9] he elaborated that a
multiclass classification problem. We show through simulations network (classifier) designed with the most probable parameter
that an MLP trained by our method does not respond to points (weight) vectorw,p (obtained using a training dat) will

which lies outside the boundary of its training sample. Also, our . . . .
network can deal with overlapped classes in a better manner. In typically give more extreme, unrepresentative and overconfi-

addition, this scheme enables incremental training of an MLP, dent output in areas with sparse training data—and thieis
i.e., the MLP can learn new knowledge without forgetting the old desirable. Hence, he has worked out a strategy to moderate the

knowledge. output of a network with parametews,; . His results show that
Index Terms—Class boundary’ genera"za’[ion’ incremental the network W|th moderated Output perfOI‘mS in a better manner.
learning, minimal spanning tree, multilayered perceptrons. The moderated output is similar to the most probable output in

the regions where the training data are dense. On the other hand,
where the training data are sparse, the moderated output be-
comes significantly less certain than the most probable output.
N THE PAST FEW years multilayered perceptrons havehis is certainly an interesting approach. But, since MacKay’s
been used to solve numerous problems in a variety of deaining scheme [9] does not consider the input space having no
mains. It has been proved that MLPs can act as universal @ata, the moderated output could be high even in areas far away
proximators for a large class of nonlinear functions [4], furfrom the training data. The results in [9] reveals that this is in-
ther the learning and generalization properties of these netwotksed the case for a simple two class problem. Moreover, when
have found many diverse applications. But MLPs are not intes-crisp decision is taken, moderated output and most probable
pretable, i.e., one cannot retrieve the meanings of the learrgfput are the same.
parameters of an MLP by any easy means. The unreadability onother very important issue concerned with MLP is how
this kind of network presents certain limitations on them whiciy learn new knowledge without forgetting old knowledge. An
are often undermined. The generalization ability of MLPs hagLP cannot retain its old knowledge when it is retrained by a
also been over estimated. People generally rely on the outpetv data set. Also, there exists no easy means to augment an
of an MLP for any data point without paying due consideraviLP to incorporate new knowledge. This issue of incremental
tion on the position of the data point with respect to the trainingarning has been addressed by a few researchers in [2], [3],
data. Modern methods of training MLPs involve strict phasgs?2].
of training, validation and testing. But one generally dependsin this paper, we would like to address both of the above is-
on the data set at hand for these phases and good performanes. A network should learn only as much as dictated by the
can be guaranteed only on the available data. The responseahing data. When an MLP is used as a classifier, this means
an MLP for a data point which lies well outside the “boundarythat for test data points which are away from the training data
points, the class response for every class should be very low. We
Manuscript received September 12, 2001: revised May 20, 2002 af@ll such a generalization as “strict generalization.” The other
September 30, 2002. issue deals with incremental learning. Given a trained network,
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I. INTRODUCTION
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