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Abstract Extreme learning machine (ELM) is an algorithm for training single-hidden layer feed-forward neural net-
works (SLFNs). ELM firstly employs randomization method to generate the input weights and hidden nodes biases,and
then determines the output weights analytically. ELM has fast learning speed and good generalization ability. All metho-
ds published in literatures usually initialize the weights of input layer and biases of hidden nodes with a uniform distri-
bution over the interval [ —1,1]. However, there are no studies on the rationality of this setting in literatures. This pa-
per investigated this problem by experimental approach. Specifically, the effects of random weights with uniform distri-
bution, Gaussian distribution and exponential distribution were studied. We found that the random weight distributions
do have impact on the performance of the extreme learning machine. For different problems or different data sets, the
random weights with uniform distribution in [—1,1] are not necessarily optimal. The results of this paper can be used
for reference by the researchers engaged in the study of ELM.
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