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Abstract:

Large model is a machine learning model with huge parameters trained from massive data,and Causal inference is to infer and
understand the causal relationship between events, variables or behaviors. It discusses the possibility and difficulty of the
combination of the large model and Causal inference, the pre—training of the large model, the human feedback learning pro-
cess of the causal model, and the fine—tuning technology. It shows that the large model has the mechanism of discovering
potential causal relationships and the potential of causal relationship prediction and interpretation. In addition, it summarizes
some open-source tools for large models, which can be used to quickly implement large model training, validation, and de-
ployment.
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