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Abstract: Aiming at the problem of low accuracy and low recommendation efficiency in the traditional
algorithms during the recommendation process of institutional documents, we proposed a text
recommendation algorithm based on knowledge embedding. By transforming knowledge in the
knowledge graph into feature vectors and combining them with neural network models, the accuracy
and stability of the recommendation system were effectively improved when dealing with massive and
diverse data. Experimental results show that the proposed algorithm exhibits better recommendation
accuracy and stability than the traditional methods in the face of cold start and diverse user interests.
It provides a more efficient and reliable solution to the data sparsity problem and personalisation
requirements in large-scale recommendation systems, which helps to improve the user experience and
enhance the overall performance of the recommendation system.
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Fig.1 Flow chart of proposed algorithm
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Table 1 Comparison experimental results of different algorithms

Bk AR AL i Uk Bk AR AL i i 2%
A3 0.929 0.931 0.042 DeepFM 0.667 0. 666 0.182
AFM 0. 652 0. 652 0.165 FFM 0.567 0. 560 0.148
Autolnt 0. 665 0. 666 0.221 FGCNN 0. 655 0.651 0.162
CCPM 0.662 0. 666 0.183 FM 0. 624 0.617 0.168
DCN 0. 658 0. 652 0.156 NFM 0. 656 0. 666 0.165
DeepCrossing 0. 646 0. 642 0.175 PNN 0.861 0. 857 0.034
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Fig.3 Recommendation effects of three different methods on all files
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