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There are some cases for modeling by neural networks, in which it is costly to get more
data points, but in which differential data is available at less or no cost. In such cases it
is reasonable to make neural networks learn from differential data along with usual value
data at the sacrifice of high computational cost to obtain a more precise model.

We report, in this paper, the structure of and the learning algorithm for such neural
networks of multilayer perceptron type which learn from differential data. We also present

possibilities of their applications .
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