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A High—-Performance Hybrid Recommendation System Based on Multi
Model Fusion and Advanced Database Optimization

SUN Zhili, CHEN Xu, LU Zeyu, TAN Zheng
(School of Computer and Control Engineering , Yantai University, Yantai 264003, China)

Abstract: The traditional single model recommendation system considers relatively single measurement indicators, and accuracy is con-
strained when there is a small amount of data or a large number of data features. The cumbersome model pre training and recommendation pro-
cess without database optimization result in the system being unable to update the latest user and item data in a timely manner, leading to slow
response times in the recommendation process and affecting the user experience. This article proposes a high—performance hybrid recommenda-
tion system based on multi model fusion and advanced database optimization. The system improves the dual tower model during the recall stage
by using a content based model to enhance the vectorized expression of item content. In the sorting stage, NCF, DeepFM, and RBPR with im-
proved data sampling and loss functions are used for sorting, balancing accuracy and solving cold start problems. In the fusion stage, waterfall
fusion and weighted fusion are used to screen out the items that users are most interested in. Redis and vector database Faiss are innovatively
applied to improve recommendation accuracy and efficiency. The experimental results show that compared to a single model recommendation
system without database optimization, the hybrid recommendation system proposed in this paper has significantly improved recommendation
accuracy and speed in both cold start and conventional scenarios. This study provides new ideas for solving the problems of cold start and data
feature engineering in recommendation systems, and has broad application prospects in media platforms, e—commerce, and other fields.
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1. BEGIN

2 IF Redis.exists(data_key) THEN

3 data = Redis.get (data_key)

4 ELSE

5. lock = Redis.setnx(lock_key, expire_time )

6 IF lock THEN
7 data = MySQL.query(data_key)
8 Redis.set(data_key, data)
9 Redis.delete(lock_key)
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10. ELSE
11. WHILE Redis.exists(lockfkey) DO
12. WAIT(1s)
13. END WHILE
14. IF Redis.exists (data_key) THEN
15. data = Redis.get(data_key)
16. ELSE
17. lock = Redis.setnx(lock_key, expire_time )
18. IF lock THEN
19. data = MySQL.query ( data_key)
20. Redis.set(data_key, data)
21. Redis.delete (lock_key )
22. ELSE
23. THROW "Failed to acquire lock after retry"
24. END IF
25. END IF
26. END IF
27. END IF
28. RETURN data
29. END
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Fig.5 Overall architecture of hybrid recommendation system
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Table 1 Model training parameters
F1 #ANI%GSHE
WHESE

BBz epoch Ir L2 patience
DualTower 100 le=5 le-2 5
NCF 100 le-4 le=2 10
DeepFM 100 le-4 le-2 10
RBPR 100 le-3 0.0 5
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Table 2 Model evaluation
F2 WENEM

— BRAEELD

NDCG@15 MRR@I5 MAP@I5  RT@15/ms

Al AT 0.660582  0.584412 0496745  3.934616

CF 0.602368 0.510598  0.469229  1.701 821
NCF 0.412135 0238154  0.110557  13.859 759
DeepFM 0.609368 0776319  0.087 081  19.082 460
RBPR 0513383 0269741  0.078019  15.495709
KGCN-DAE 0.401 675 0346418 0357749  10.836 642
RippleNet-Node2Vec  0.619416 0446516 0214675  12.478 654
PIFSA-GNN 0.659 134  0.647162  0.456473  8.456 968
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