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Abstract

Improving the mobility of drilling rate prediction models can help achieve efficient and accurate
prediction of drilling machinery drilling rate. After in-depth investigation, the relationship be-
tween transfer learning and traditional machine learning was summarized. Transfer learning is
an important research field in the field of machine learning. The differences between transfer
learning models and traditional machine learning models were compared in detail, and various
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types of transfer learning characteristics of the method were introduced. The case-based transfer
learning method was studied in depth, the feasibility analysis of the mechanical penetration rate
prediction model based on the transfer learning theory was conducted, and the model design was
completed.
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Figure 1. The relationship between machine
learning and transfer learning
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Figure 2. Traditional machine learning model
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Figure 3. Transfer learning model
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Figure 4. Classification of transfer learning
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Figure 5. Flowchart of the integrated migration model research idea
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