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Abstract: The construction of traditional convolutional neural network models has disadvantages such as excessive reliance on empirical
knowledge , unpredictability ,and difficulty in training. As a result, it takes a lot of time to optimize and test the network structure and pa-
rameter settings. Aiming at the above problems,an adaptive convolutional neural network algorithm based on modified genetic algorithm
is proposed. The modified genetic algorithm encodes the convolutional neural network ,uses classification error and structural complexity
as fitness functions,and modifies selection,crossover,and mutation strategies to ensure the diversity of genetic algorithm populations, to
avoid the algorithm falling into a local optimal solution and increase the convergence speed at the same time. According to the
characteristics of modified genetic algorithm for global optimization, the neural network architecture and important parameters are
optimized,and the adaptive construction of convolutional neural network is realized to improve the accuracy of neural network
classification. Experiments on MNIST, Fashion-MNIST and CIFAR-10 datasets show that the convolutional neural network optimized
by such algorithm has achieved good results in classification accuracy , parameter settings,etc. Compared with other neural networks, the
modified genetic algorithms have the potential to successfully optimize convolutional neural networks, which are of great significance to
the study of different classification tasks.
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