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ABSTRACT

This article contributes to the theory of network learning procedures by identifying
and analyzing two problems with the backpropagation procedure of Rumelhart, Hinton,
and Williams (1985) that may slow its learning. Both problems are due to backpropaga-
tion’s being a gradient- or steepest-descent method in the weight space of the network. The
first problem is that steepest descent is a particularly poor descent procedure for surfaces
containing ravines—places which curve more sharply in some directions than others—and
such ravines are common and pronounced in performance surfaces arising from networks.
The second problem is that steepest descent results in a high level of interference between
learning with different patterns, because those units that have so far been found most use-
ful are also those most likely to be changed to handle new patterns. The same problems
probably also arise with the Boltzmann machine learning procedure (Ackley, Hinton and
Sejnowski, 1985) and with reinforcement learning procedures (Barto and Anderson, 1985),
as these are also steepest-descent procedures. Finally, some directions in which to look
for improvements to backpropagation based on alternative descent procedures are briefly
considered. ‘

Recent years have seen the development of the first effective learning procedures for
connectionist networks that have interior or “hidden” units not directly associated with in-
put or output: the Boltzmann machine learning procedure (Ackley, Hinton and Sejnowski,
1985), the backpropagation learning procedure (Rumelhart, Hinton and Williams, 1985),
and the Ap_p reinforcement learning procedure (Barto and Anderson, 1985; Williams,
1986). The theory behind these new learning procedures is that of gradient or steepest
descent in the space of “weights”—the modifiable memory parameters weighting the ef-
ficacy of each connection of the network. At each time step, a step is taken in weight
space in the direction in which performance improves most rapidly. Letting J (w) denote
the performance measure to be minimized, where w denotes the vector of weights, the
steepest-descent strategy can be written

Aw = —pVJ(w), (1)

where Aw is the change in the weight vector, p is a positive learning-rate parameter, and
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