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Diversity Recommendation Algorithm Based on User Coverage and Rating Differences

CHEN Zhuang,ZOU Hai-tao,ZHENG Shang, YU Hua-long and GAO Shang
College of Computer,Jiangsu University of Science and Technology,Zhenjiang,Jiangsu 212003, China
Abstract Traditional recommender systems usually focus on improving recommendation accuracy while neglecting the diversity
of recommendation lists. However,several studies have shown that,users” diversity needs also take an important part of their sa-
tisfaction. In this paper,a user-coverage model based on item rating differences is proposed. During generating user’s interest do-
main(user coverage) son the one hand, the model combines rating differences between users across an item with user-coverage
model effectively,thus obtaining a more precise interest domain of the user. On the other hand,objective function is constructed in
the form of vector by mapping a user’s and an itemset’s interest domain to two m-dimensional vectors (called user vector and
itemset vector respectively) , which can reduce the number of iterations in the calculation process. In addition,a new items selec-
tion strategy is provided by similarity relationship between those two m-dimensional vectors. The proposed model has superior
performance in both accuracy and diversity. User vector for a specific user is a constant, however, finding the most matching item-
set vector will be an NP-hard problem. During the implementation of the proposed model,a greedy algorithm is chosen to solve
the optimization problem based on critical theoretical boundary. Experimental comparisons with the state-of-the-arts related to di-
versity recommendation in recent years on two real-world data sets demonstrate that the proposed algorithm can effectively im-
prove the diversity of the recommendation.
Keywords Recommender systems,Diversity, User coverage,Rating differences, Similarity
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Fig. 1 Vector construction and calculation process
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Table 2 Results on MovielLens1M

PID= 23

K Metric SUB EGA RGA SGA
Precision 0.0409 0.0422 0.0435 0.0534
GC 0.5381 0.5727 0.5751 0.5331
° TGC 0.5327 0.5758 0.5780 0.5303
I1LD 0.4108 0.4284 0.4288 0.4133
Precision 0.0749 0.0752 0.0795 0.0898
10 GC 0.6803 0.7136 0.7167 0.6814
TGC 0.6812 0.7173 0.7200 0.6754
I1LD 0.4097 0.4137 0.4145 0.4088
Precision 0.1034 0.1002 0.1021 0.1167
1s GC 0.7681 0.7968 0.7959 0.7696
TGC 0.7577 0.8046 0.8055 0.7649
1LD 0.4001 0.4044 0.4060 0.3988
Precision 0.1169 0.1096 0.1112 0.1418
2 GC 0.8231 0.8481 0.8483 0.8207
TGC 0.8218 0.8500 0.8562 0.8136
ILD 0.3994 0.4013 0.4021 0.3982

23 MovielLens-Latest-Small I 9 5255 45
Table 3 Results on Moviel.ens-Latest-Small

K Metric SUB EGA RGA SGA
Precision 0.0209 0.0224 0.0250 0.0258
5 GC 0.6032 0.6352 0.6359 0.6068
TGC 0.6075 0.6395 0.6383 0.5954
1LD 0.4287 0.4652 0.4684 0.4202
Precision 0.0305 0.0315 0.0360 0.0400
GC 0.7456 0.7763 0.7774 0.7399
10 TGC 0.7430 0.7735 0.7747 0.7331
1LD 0.4201 0.4538 0.4570 0.4156
Precision 0.0372 0.0398 0.0415 0.0508
- GC 0.8279 0.8411 0.8425 0.8145
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