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A Review of the Basic Theories and Methods of Deep Learning
Yifan Chu
Zhengzhou University of Industrial Technology
[Abstract] Deep learning has made significant progress in fields such as computer vision and natural language
processing, but its theoretical foundation still needs improvement. This paper reviews the core theories of deep
learning, including the principles of neural networks, the backpropagation algorithm, and the expressive
characteristics of deep networks. It analyzes four mainstream architectures: feedforward neural networks form
the basic framework, convolutional neural networks achieve breakthroughs in image processing through local
connections, recurrent neural networks solve sequence modeling problems, and Transformers enhance
performance through attention mechanisms. It also sorts out the development from SGD to Adam and other
optimization algorithms, and discusses regularization techniques such as Dropout and batch normalization. It

analyzes the trend of large—scale pre—trained models and frontier technologies such as model compression, and

points out challenges such as the growth of computing resources and insufficient interpretability.
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