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The Study on Data Preprocessing Method Based on Fibonacci Sampling
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Abstract: Improving the convergence speed and prediction accuracy of neural network ( NN) has always been a

challenging problem in the field of computer artificial intelligence. Although many researchers have studied using

small batches of data to train neural networks to obtain better results these method are not enough flexible. Aiming

at this problem the Fibonacci sampling algorithm that is a new data preprocessing algorithm is proposed. A new

training data sequence is drawn according to the Fibonacci sequence rules which can not only recover the small

batch data partition but also provide more flexible batch size selection. Experiments show that before gradient de—

scent the Fibonacci data partition sequence can get good experimental results. In the same single CNN ( five-dayer

convolutional neural network) and AlexNet the Fibonacci sampling algorithm can obtain higher accuracy and lower

loss than traditional mini-batch gradient descent algorithm and it can be used in several general networks such as

LeNet AlexNet VGGH6 GoogleNet.

Key words: mini-batch; Fibonacci sampling; neural network



