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Session Recommendation Method Combining Sequence Dependency and
Global Information

CAO Jiawei, DUAN Wenjun, SUN Qian, YUAN Weihua
(School of Computer Science and Technology , Shandong Jianzhu University, Ji'nan 250001, China)

Abstract: Session recommendation aims to predict the next most likely interaction item based on the current anonymous behavior sequence,
and one of the key research questions is how to effectively recommend anonymous users using the sequence information of the item. Aiming at
the problem that existing session recommendation methods do not fully consider sequence dependency information and global information from
other sessions, a session recommendation method SDGI that combines sequence dependency and global information is proposed. This method
learns the sequence dependency relationships between items through convolutional time aware gated recurrent unit networks, and constructs lo-
cal and global graphs using graph neural networks to obtain global item transition information. To address the issues of bias and overfitting, a
lightweight graph convolutional network layer combined with gating mechanism is introduced to obtain global level item embeddings, and a fo-
cus loss function is applied to handle the problem of imbalanced positive and negative samples. Comparing with 12 baseline methods on three
public datasets, Diginetica, Tmall, and Yoochoose, the experimental results show that the performance of SDGI is significantly improved com-
pared to baseline methods, indicating that combining sequence dependencies with global information can effectively improve session recom-
mendation performance.
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Fig. 1 Framework of SDGI method
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Table 2 Performance comparison result of SDGI method and base-

line methods

#2 SDGIAESELXTHEMELERER

N Diginetica Tmall Yoochoose1/64
Jrik P@20 MRR@20 P@20 MRR@20 P@20 MRR@20
pPOP 1.18 0.28 2.00 0.90 6.71 1.65

ItemKNN 35.75 11.57 9.15 3.31 51.60 21.81
FPMC 22.14 6.66 16.06 7.32 45.62 15.01
GRU4Rec 30.79 8.22 10.93 5.89 60.64 22.89
NARM 48.32 16.00 23.30 10.70 68.32 28.63
STAMP 46.62 15.13 26.47 13.36 68.74 29.67
CSRM 50.55 16.38 29.46 13.96 69.85 29.71

SR-GNN 51.26 17.78 27.57 13.72 70.57 30.94
GC-SAN 49.11 16.73 21.80 10.17 70.59 30.25
GCE-GNN 54.22 19.03 33.42 15.42 70.91 30.63

DHCN 53.66 18.51 31.42 15.05 69.87 29.88
AGNN-GC 54.35 19.00 33.68 15.54 70.99 30.90
SDGI 54.45 19.05 33.50 15.89 71.43 31.01
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Table 3 Performance comparison between SDGI and different
variants
%3 SDGISHEEIMEAELLE
Diginetica Tmall Yoochoosel/64
P@20 MRR@20 P@20 MRR@20 P@20 MRR@20
SDGI-w/o—SP 54.24 19.05 33.26 15.65 71.21 30.18
SDGI-w/o-G 53.75 18.96 32.60 15.19 71.30 30.25
SDGI-w/o-L 53.30 18.51 30.73 14.18 71.22 30.52
SDGI 54.45 19.05 33.50 15.89 71.43 31.01
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Table 4 Impact of different loss functions on model performance

R4 REHRKEBRE BRI R

Diginetica Tmall Yoochoose1/64
4k pR L MRR@ MRR@ MRR@
P@20 P@20 P@20
20 20 20
Cross Entropy Loss 5439 19.06  33.49 15.54 7142  30.99
Focal loss 5445 1905 3350 1589 7143 31.01
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