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Abstract

This paper integrates the time factor into the counterfactual reasoning framework and obtains an
improved model-independent counterfactual reasoning framework. The ultimate purpose of the
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recommendation system is to provide users with personalized recommendations, rather than re-
commending popular items. It is a novel and fundamental perspective to analyze and solve the
problem of popularity bias with the help of counterfactual reasoning in causal relationships. Pop-
ularity bias means that relatively more popular items are displayed, and when the system recom-
mends them, it will tend to recommend popular items. The current recommendation model only
considers the impact of user item interaction on the final score and ignores the impact of the time
factor on the interaction process, so the results for eliminating the popularity bias are not ideal.
Since the matching degree between users and items is not static, it will change non-linearly with
time. In order to improve the model’s ability to eliminate popularity bias, this paper incorporates
the time factor into the counterfactual reasoning framework that follows causal reasoning, from
users and Starting from the details of item interaction, user-item matching is refined and the im-
provement of the counterfactual reasoning framework is completed. The experiment uses the ma-
trix decomposition algorithm and the MovieLens data set. Compared with the traditional frame-
work, the counterfactual reasoning framework that incorporates the time factor has a certain im-
provement in hit rate, recall rate, and normalized loss cumulative gain, which improves the popu-
larity bias removal ability of the recommendation algorithm.
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Figure 1. Example of causal graph
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Figure 2. Recommendation system causal inference diagram
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Figure 3. Causal inference graph integrating time factors
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Figure 4. Improved counterfactual reasoning framework
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Figure 5. Comparison of hit rates of different algorithms
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Figure 6. Comparison of normalized loss cumulative gain of different algorithms
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Figure 7. Comparison of recall rates of different algorithms
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