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Abstract

Aiming at the low accuracy and interpretability of recommendation results in movie recommen-
dation system, a multi task learning for knowledge graph enhanced recommendation (MKR) based
on multi task feature learning is studied. By constructing a knowledge graph, and using it as aux-
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iliary information to construct a MKR model, and applied to the movie recommendation system.
Using the method of predicting user satisfaction score, according to the score results to determine
the user’s preference for movies, and recommend the appropriate movie types to users. Finally,
MKR model is compared with several common recommendation models, and different evaluation
indexes are used for prediction. The recommendation performance of each model under different
K values is compared in the Top-k scenario. The experimental results show that MKR model has a
good performance in the movie recommendation system, and is superior to other models in accu-
racy and recommendation results, which significantly improves the performance of the recom-
mendation.
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Figure 1. Movie data crawling process
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Figure 2. Node and relational data structure
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Figure 3. Partial display of the movie knowledge graph
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Figure 4. MKR model framework
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Figure 5. Cross compression unit
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Figure 6. Data set processing flow
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Figure 7. Movie recommendation results
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Figure 8. The results of the top-K movie recommendation
comparison experiment
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