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ABSTRACT

In the decades since artificial intelligence was proposed, machine learning, the main branch of artificial
intelligence, has achieved remarkable results in various fields such as natural language processing, image
recognition, and computer vision. This article mainly introduces machine learning from traditional machine
learning algorithms to Automated Machine Learning (AutoML). The main structure of this article is as
follows: 1) Principles of machine learning algorithms, 2) Application of various machine learning algorithms
in human resource recommendation algorithms, 3) Simple application of AutoML algorithm in human
resource recommendation algorithms. The advantages and limitations are briefly described at the end. It turns
out that the simplicity of the AutoML algorithm makes it very easy to apply in vsarious fields. In the future,
with the optimization of the algorithm, the generalization performance of the algorithm will be further
improved.
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