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Sequence Recommendation Based on Global Enhanced Graph Neural Network

ZHOU Fang-quan and CHENG Wei-qing

School of Computer Science,Nanjing University of Posts and Telecommunications, Nanjing 210023, China

Abstract Most of the existing session based recommendation systems recommend based on the correlation between the last
clicked item and the user preference of the current session,and ignore that there may be item transitions related to the current
session in other sessions,while these item transitions may also have a certain impact on users’ current preferences Hence,it is in-
dispensable to analyze users’ preferences comprehensively from the perspective of local session and global session. Furthermore,
most of these recommendation systems ignore the importance of location information, whereas items closer to the predicted loca-
tion may be more relevant to the current user’s interests. To solve these problems,this paper proposes a recommendation model
based on global enhanced graph neural network with LSTM(GEL-GNN). GEL-GNN aims to predict the behavior of users ac-
cording to all sessions,and GNN is employed to capture the global and local relationship of the current session, while LSTM is
employed to capture the relationship between sessions at the global level. Firstly.users’ preferences are to be translated as a com-
bination of conversation interests based on global and local levels through the attention mechanism layer. Then, the distance be-
tween the current position and the predicted position is measured with the reverse position information,so that user behavior can
be predicted more accurately. A number of experiments are conducted on three real data sets. Experimental results show that
GEL-GNN is superior to the existing session-based graph neural network recommendation models.

Keywords Session-based recommendations,Graph neural network, Attention mechanism, Position information
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Table 1 Statistics of datasets used in experiment
Datatset Diginetica Tmall Nowplaying
+click 982962 818479 1367963

= train 719470 351268 825304
# test 60858 25898 89824
= items 43097 40728 60417
avg. len. 5.12 6.69 7.42
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Table 2 Performance comparison between GEL-GNN and basic model on three datasets
Dataset Diginetica Tmall Nowplaying
Methods P@10 P@20 MRR@10 MRR@20 P@10 P@20 MRR@10 MRR@20 P@10 P@20 MRR@10 MRR@20
POP 0.76 1.18 0.26 0.28 1.67 2.00 0.88 0.90 1.86 2.28 0.83 0. 86
Ttem-KNN 25.07 35.75 10.77 11.57 6.65 9.15 3.11 3.31 10. 96 15.94 4.66 4.91
FPMC 15.43 22.14 6.20 6.66 13.10 16. 06 7.12 7.32 5.28 7.36 2.68 2.82
GRU4Rec 17.93 30.79 7.73 8.22 9.47 10.93 5.78 5.89 6.74 7.92 4.40 4.48
NARM 35. 44 48.32 15.13 16. 00 19.17 23.30 10.42 10. 70 13.6 18.59 6.62 6.93
STAMP 33.98 46. 62 14. 26 15.13 22.63 26.47 13.12 13. 36 13.22 17.66 6.57 6.88
CSRM 36.59 50.55 15.41 16. 38 24.54 29.46 13.62 13.96 13.20 18. 14 6.08 6.42
FGNN 37.72 50.58 15.95 16. 84 20. 67 25.24 10.07 10. 39 13. 89 18.78 6.8 7.15
SR-GNN 38.42 51.26 16. 89 17.78 23.41 27.57 13.45 13.72 14.17 18. 87 7.15 7.47
GL-GNN 38.99 51.88 17.26 18.05 24. 60 29.27 13.90 14.23 14. 30 19.02 7.41 7.71
Improve/ % 1.5 1.2 2.2 1.5 5.1 6.2 3.3 3.7 0.9 0.8 3.6 3.2
GEL-GNN  39.03 52.13 17.23 18. 12 24.89 29.36 13.94 14.25 14. 44 19.07 7.42 7.74
Improve/ % 1.6 1.7 2.0 3.4 6.3 6.5 3.6 3.9 1.9 1.1 3.8 3.6
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Fig. 2 Performance comparison between GEL-GNN and comparison models

4.5.2 B RRF & BT X kst

AR SO AN B Oy AT T KM S8 8. GEL-
GNN J7 3k 7 4 g TR v 00 22 D) A 32 450G 3R O T S R G 1
T VARG B P E Z AR T 5 RS [ Y i B
7575 GEL-GNN #E 81 DL K R A SR-GNN #4717 X 1t .

GEL-GNN-TRANS: ¥ 21 7 5142 A LSTM 28k ¥ 2
1% EH 4 A Transformer 2.

GEL-GNN-CONC: ¥t GNN 2l LSTM Z 45 116 A% A

19 Attention 22 J5 445 A 145 RAATRLE fZ A Linear J2,
GEL-GNN-DI-LINEAR: ¥ GNN J2f1 LSTM J2 iy %5
f& A% H B Attention J2 2 J& . 205l & A4 H B Linear 2.
GEL-GNN-Multi-Head : ¢ GNN 2 19 45 B & A Atten-
tion JZ . LSTM 945 544 A Multi-Head-Attention 2 .
GEL-GNN-Without-P(GL-GNN) : 5 GEL-GNN M — fiy
22 R A I A e
SHG X LA AN B 3 TR .

0 55
50
45
0
® R
S S 3B
2 I
® 30
1 ]
o2 2
15 20
15
10 10
Diginectica Trmall Nowplaying Diginectica Trmall Nowplaying = SRGNN
GEL-GNN-TRANS
(a)P@10 (b) P@20 == GEL-GNN-CONC
GEL-GNN-DI-LINEAR
= GEL-GNN-Multi-HEAD
e 175 GEL-GNN-Without-P
s GEL-GNN
150 50
§ 125 2 125
=3 b
= 100 S
g) g w00
75
§ § 75
50 S 50
25 25
0 0
Diginectica Trmall Nowplaying Diginectica Trmall Nowplaying
(c)MRR@10 (d)MRR@20

I3 AN 42 07 AR P R L3R

Fig. 3 Performance comparison of different connection schemes
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Table 3 Performance comparison of embedding method with different position vectors
Dataset Diginetica Tmall Nowplaying
Methods P@10 P@20 MRR@10 MRR@20 P@10 P@20 MRR@10 MRR@20 P@10 P@20 MRR@10 MRR@20
SR-GNN 38.42 51.26 16. 89 17.78 23.41 27.57 13.45 13.72 14.17 18.87 7.15 7.47
GEL-Attl 38.37 51.36 16.73 17.62 23.83 28.12 13.32 13.62 14.70 20. 16 6. 88 7.23
GEL-Att2 38.26 51.44 16.70 17.61 23.95 28.47 13.46 13.73 14.74 20. 11 6.83 7.18
GEL-Att3 37.98 51.26 16. 64 17.55 24.06 28.80 13.23 13.50 14.61 19.93 6.83 7.19
GEL-GNN  39.03 52.13 17.23 18.12 24.89 29. 36 13.94 14.25 14. 44 19.07 7.42 7.74
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