wfﬁ-’ffh?f*l'?

COMPUTER SCIENCE

BEFREFZIMEHRA N RES
E KR IhalR, M

5IAEX

BRR IhalK, M. ETREZIMERANDEEEZ]. BRI 2023, 50(11A):
221100030-8.

HUANG Feihu, SHUAI Jianbo, PENG Jian. Collaborative Recommendation Based on Curriculum
Learning and Graph Embedding [J]. Computer Science, 2023, 50(11A): 221100030-8.

BN EEE (SERXINEE IE JENBEENE)

Similar articles recommended (Please use Firefox or IE to view the article)
ETEEENENEERIVERR

Study on Credit Anti-fraud Based on Heterogeneous Information Network

HENRIE, 2023, 50(11A): 221100173-9. https://doi.org/10.11896/jsjkx.221100173

—fhEFMeta-learning BUHAHIERR B &AL
Improved Feature Interaction Algorithm Based on Meta-learning

HENRIE, 2023, 50(11A): 230100087-8. https://doi.org/10.11896/jsjkx.230100087

ETEBRANER BRI T BTSN E

Orthogonal Locality Preserving Projection Unsupervised Feature Selection Based on Graph
Embedding

HHEHEE, 2023, 50(11A): 220900003-9. https://doi.org/10.11896/jsjkx.220900003

—FhE TR B SR ERER A B ISR T
Time-effective Nearest Neighbor Trusted Selection Strategy Based Collaborative Filtering
Recommendation Method

HENRIE, 2023, 50(11A): 220800199-11. https://doi.org/10.11896/jsjkx.220800199

ETHSARENEERID RIS EHEFEE
Dynamic Negative Sampling for Graph Convolution Network Based Collaborative Filtering
Recommendation Model

HEHNRIE, 2023, 50(11A): 230200149-7. https://doi.org/10.11896/jsjkx.230200149


https://www.jsjkx.com/CN/10.11896/jsjkx.221100030
https://www.jsjkx.com/EN/10.11896/jsjkx.221100030
https://www.jsjkx.com/CN/10.11896/jsjkx.221100173
https://doi.org/10.11896/jsjkx.221100173
https://www.jsjkx.com/CN/10.11896/jsjkx.230100087
https://doi.org/10.11896/jsjkx.230100087
https://www.jsjkx.com/CN/10.11896/jsjkx.220900003
https://doi.org/10.11896/jsjkx.220900003
https://www.jsjkx.com/CN/10.11896/jsjkx.220800199
https://doi.org/10.11896/jsjkx.220800199
https://www.jsjkx.com/CN/10.11896/jsjkx.230200149
https://doi.org/10.11896/jsjkx.230200149

http: /www. jsjkx. com

T
O (ﬁ: (+( DOI: 10. 11896/jsjkx. 221100030

ETREFIMNERANNHEHEE

BERE" OIS ¥ M

I W)l e g ERERARARAE  RA 610000

2 W KRZFIFEHFR KA 610065
(huangfh@scu. edu. cn)

W E BAERGIZATRAPELRBEANAENRS. A0, AP HBRAREN T ZE2E, 250 EELERE THOHR
K, AAIMHEENEZS A BELL ERFRBEAFIGAEMREAEREZERM 24 EB BRI T L 085, R
BTAAIHE XFPRETATREZIFPENZERNL G RATEHER(CLGCH, A2 A RE>rRAEBRIXAIGUZTFEIRN
PAhm# N, CLGCFARNZFEER LA A THAEARRNELEZARNFFAHROEATEI REEE 5 EHNERNS% TR
(AP e sregFim, CLG-CF R ENLITE P, RA R RF T FRER AT HRFRGAHEE, 4L NRESR
JRFEAFS], EINATHRABKEELRITTER LR AN CLGCFERAERERARN PSR ENELT. . &
FIRAE R IEF AR,

KB EFZAHRLERESE T BRNRBETER

FEZESEE TP389

Collaborative Recommendation Based on Curriculum Learning and Graph Embedding
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1 Aostar Information Technologies Co. ,Ltd. ,Chengdu 610000 ,China

2 College of Computer Science, Sichuan University, Chengdu 610065, China

Abstract Recommendation system mainly provide personalized services based on user information. However, users are widely
concerned about data privacy issues, which poses new challenges to current recommendation algorithms. Existing works mainly
address this problem based on the perspectives of differential privacy,anonymization, cryptography,and federated learning. Data
disturbance and computational complexity are the main shortcomings of existing methods. Different from existing work, this paper
proposes a collaborative filtering model based on curriculum learning and graph neural network(CLG-CF) , which makes full use
of rating information to learn the embedding of user and item in implicit feedback scenarios. CLG-CF utilizes a bipartite graph
modeling scoring table, then realizes the representation learning of users and items based on graph convolutional networks, finally
completes the prediction ofCuser,item) pairs through a multi-layer neural network. During the training process of the CLG-CF
model,negative sampling is used to enhance training samples. In order to solve the problem of samples’ authenticity.,the curricu-
lum learning is innovatively introduced to guide the model learning. Extensive experiments are conducted on three real large-scale
datasets,and the results show that the CLG-CF model can achieve good recommendation results without using user and item in-
formation.

Keywords Recommendation system,Collaborative filtering, Curriculum learning,Graph embedding,Data privacy
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Table 2 TOP-K recommendation performance comparison on DBLP dataset

CHLASE 2 60
F1@10 NDCG@5 NDGC@10 MAP@5 MAP@10 MRR@5 MRR@10
DeepWalk 6.93 6.6 9.12 4,23 5.29 10. 44 11.7
Pinsage 12.55 21.17 23.97 16. 04 17.3 29.68 30. 84
GCMC 12.02 22.18 24.62 17.98 19.12 30.65 31.7
IGMC 12.18 22.65 25.17 18.43 19.61 31. 30 32.36
NGCF 12. 38 23.38 25.58 18.50 19.51 32.48 33.4
BIGI 14.27 25.39 28.28 20. 15 21.49 35.35 36.51
CLG-CF 12.99 26. 34 28.16 20.90 21.8 36. 13 36.94
# 3 ML-100K 48 4L 9 TOP-K #E#E 14 Rl LLEE
Table 3 TOP-K recommendation performance comparison on ML-100K dataset
CHAT 2 95)
Fl@10 NDCG@5 NDGC@10 MAP@5 MAP@10 MRR@5 MRR@10
DeepWalk 14.2 9.32 13.13 3.54 4.92 16.83 48.75
Pinsage 21.68 14.51 20.27 6.18 9.13 64.77 65.76
GCMC 20. 65 13.87 19. 21 5.84 8.43 62.21 63.53
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F1@10 NDCG@5 NDGC@10 MAP@5 MAP@10 MRR@5 MRR@10
IGMC 18. 81 12.20 17.27 4.82 7.18 59.13 60. 46
NGCF 21.64 14. 49 20. 29 6.15 9.11 64.62 65.55
BIGI 23.36 15.92 22.14 7.15 10. 50 67.7 68.78
CLG-CF 22.38 16. 11 21.65 7.20 10.17 69. 05 70.01

4 ML-IM ¥R M TOP-K HETEPERE LK
Table 4 TOP-K recommendation performance comparison on ML-1M dataset
A %0)

F1@10 NDCG@5 NDGC@10 MAP@5 MAP@10 MRR@5 MRR@10
DeepWalk 2.22 1.37 1. 96 0.36 0.51 5.40 5.94
Pinsage 3.77 2.69 3.87 1.08 1. 36 8.99 9.52
GCMC 3.60 2.71 3.64 1.11 1.39 8. 86 9.39
IGMC 3.47 2.58 3.72 1.08 1. 36 8.60 9.15
NGCF 3.82 2.79 3.99 1.17 1.48 9.36 9.91
BIGI 4.06 3.00 4.32 1.25 1.61 9.72 11.32
CLG-CF 4.06 3.35 4.56 1. 40 1.74 9.97 12.63

ANATRICT LU 3 A6 20 5 f R A7 7 w5 30 B i 2
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BIZE SRR 5 g,
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Table 5 Results of ablation experiments
F1@10 NDCG@3  NDGC@10 MAP@3 MAP@10 MRR@3 MRR@10
Self-space 8.69 17.63 19. 46 15.94 16.73 24.82 26.12
Split 12.9 24.21 28.10 19.70 21.65 34. 31 36. 38
DBLP
Total 12. 85 23.86 27.70 19. 40 21.40 33.53 35.67
CLG-CF 12.99 24.40 28.16 19.65 21.80 34.80 36.94
Self-space 13. 85 7.04 12.87 2.51 4.70 47.82 51.81
Split 22.78 11.9 21.38 4.98 9.91 65.72 68.62
ML-100K
Total 22.49 12.13 21.37 5.15 10. 05 65. 94 68.72
CLG-CF 22.7 12.51 21.65 5.27 10.17 67.65 70.01
Self-space 2.47 1.1 2. 44 0.47 0.81 4.05 6.09
Split 3.62 2.26 4.17 1.10 1.6 9.83 12.03
ML-1M
Total 4.01 2.54 4. 44 1. 10 1.69 9.55 12.06
CLG-CF 4.06 2.64 4.56 1.16 1.74 9.97 12.63
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Fig.4 Impact of initial loss ratio on performance
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