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Recent research on the click-through rate and conversion rate
prediction in computational advertising
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Abstract: The click-through rate and conversion rate in an computational advertisement is an important
indicator of the effectiveness of the advertisement, which is of great significance. With the widespread
application of deep neural networks, traditional click-through rate and conversion rate prediction models
based on machine learning algorithms are gradually being replaced by deep learning models. The model
based on deep neural network can extract the user's interest characteristics and time delay relationship
from multi-source information, and then make predictions on the user's future behavior, and further
predict the effect of advertising. This article will summarize and analyze the research progress related to
click-through rate and conversion rate prediction, and summarize our latest research results.
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