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Abstract

In order to address the problem of sparse nodes in recommendation systems caused by the increas-
ing number of nodes and graph size in session-based recommendation, a co-training algorithm
called DHCN-COTREC using hypergraphs and self-supervised learning is proposed. Firstly, two dif-
ferent graph encoders are constructed to encode the data for self-supervised learning, generating
positive and negative sample information. Secondly, a co-training algorithm is introduced, and di-
vergent constraints are added for contrastive learning to maximize the mutual information between
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the two encoders. Finally, TOP-K items are recommended to users based on the cosine distance be-
tween the last item in the sequence and positive samples. The experiment was conducted on Tmall
and Diginetica real datasets, and the results showed that the accuracy and average reciprocal rank of
DHCN-COTREC algorithm were improved by 26% and 1.92% respectively compared with the current
optimal DHCN algorithm, which confirms the effectiveness of the DHCN-COTREC algorithm.
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Figure 1. DHCN-COTREC Model structure diagram
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AE. MRR EKFRRIRZE/DN, HEFE RS REER LT

1R 1

MRR = —
Q ,Zzl“ rank;

()

DOI: 10.12677/csa.2024.142040 402 R HURLE 5 R


https://doi.org/10.12677/csa.2024.142040

Hep, |QI —H AL rank &5 i M
4.2. SKIRERR

A, BEIERECN 30; 23N 0.001; L2 RECN 1le-5; Hk/M(batchSize). A K
/IN(embSize) A 100; K #HIZI 5 (lam)>A 0.005.

TEAEH InfoNCE THET0 H IR 5ZEE I, A — MNESEFCN AR X 73 (), XFONIE RE.
SURIR B RBORAFIE R, W AR S0 BT A M SROREAR — LR, 5 BUR AL A XA [RI R 1 FURE A DA
X5, BEMMBR S )R8 ). MR, WACRHR B RN, BRI SHOCERE A, (H2XL
FURE AR AT B R T AE I IEREAS, SEmaBi AL (e SRz AL RE 1o IRIE, A SCIR MR 4 36 B3R B R ECh 0.2,

N T T AR AR R 2 i ZEON R M RE R RE A, LSRN AN 2 24T Prec@20 1 MRR@20 i 1748
o SLE R, Layer JZHON 1LZHF4E, BUUEM 1)Z, BRI 5 Z4W. Sclmas Rl 2 s,

Prec@20
55.0
52.5
50.0
X
8475
S —o— Tmall
3 Diginetica
S 45.0
5
o
42.5 A
40.0
37.5 1 h s ®
1 2 3 4 5
Layer
(a) {7 20 IOkl 2
MRR@20
18.8 1 —0— Tmall
Diginetica
18.7 4
X 18.6
(V]
9]
c
©
E 1851
o
3]
a
18.4
18.3 4
1 2 3 4 5
Layer

(b 20 T 445514 HE 4

Figure 2. The impact of the number of layers in graph convolutional networks on prediction accuracy
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Figure 3. The effect of self-supervised learning magnitude parameter on prediction accuracy
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4.3. EEBEE

Table 2. Performances of all comparison methods on two datasets
2. ERFEERNMEIBE LR taE

Tmall Diginetica
87
Prec@10 MRR@10 Prec@20 MRR@20 Prec@10 MRR@10 Prec@20 MRR@20

Item-KNN 6.65 3.11 9.15 331 25.07 10.77 35.75 11.57
FPMC 13.10 7.12 16.06 7.32 15.43 6.20 26.53 6.95
GRU4REC 9.47 5.78 10.93 5.89 17.93 7.33 29.45 8.33
NARM 19.17 10.42 23.30 10.70 35.44 15.13 49.70 16.17
STAMP 22.63 13.12 26.47 13.36 33.98 14.26 45.64 14.32
SR-GNN 2341 13.45 27.57 13.72 36.86 15.52 50.73 17.59
GCE-GNN 28.01 15.08 33.42 15.42 41.16 18.15 54.22 19.04
FGNN 20.67 10.07 25.24 10.39 37.72 15.95 50.58 16.84
DHCN 25.14 13.91 30.43 14.26 39.87 17.53 53.18 18.44
DHCN-COTREC 3141 17.81 38.01 18.26 40.83 17.76 54.49 18.71
FETH(%) 24.94 28.04 2491 28.05 2.48 1.31 2.46 1.46
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0.001.
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