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Abstract In the fields of knowledge discovery and data mining the amount of data available for
building classifiers or regression models is growing very fast. Therefore, there is a great need for
scaling up inductive learning algorithms that are capable of handling very-large datasets and, sim-
ultaneously, being computationally efficient and scalable. In this paper a distributed neural net-
work based on Hebb rule is presented to improve the speed and scalability of inductive learning.
The speed is improved by doing the algorithm on disjoint subsets instead of the entire dataset. To
avoid the accuracy being degraded as compared to running a single algorithm with the entire data,
a growing and pruning policy is adopted, which is based on the analysis of completeness and risk
bounds of competitive Hebb learning. In the experiments, the accuracy of the algorithm is tested
on a small benchmark (circle-in-the-square) and compared with SVM, ARTMAP and BP neural
network. The performance on the large dataset (USCensus1990Data) is evaluated on the data
from UCI repository.
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