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Global Feature Enhanced for Session-based Recommendation

JIN Bowen'? , WANG Qingmei'?* , HU Chengzuo' and WEI Jiacheng'

1 National Center for Materials Service Safety, University of Science and Technology Beijing,Beijing 100083, China

2 Innovation Group of Marine Engineering Materials and Corrosion Control, Southern Marine Science and Engineering Guangdong Laboratory,

Zhuhai, Guangdong 519080, China

Abstract Most session-based recommendation system researches commonly model current session user preferences by aggrega-
ting K-hop neighborhoods of nodes while using shallow neural networks. However,such methods face the problem of over-smoo-
thing. This paper proposes global feature enhanced for session-based recommendation (GFE-SR). Firstly, this method utilizes
graph neural network and attention mechanism to obtain session-level item representations. Then.in feature propagation stage of
the global graph,the nearest neighbors of each node are proportionally weighted to limit over-smoothing to obtain the feature-en-
hanced global-level item representations. These two item representations are aggregated through an attention mechanism to model
current session user preferences. The final output is the probability of the candidate item. Experiments on three public datasets
show that this method outperforms the state-of-the-art methods such as GCE-GNN, with a maximum improvement up to 5. 2% ,

which proves the effectiveness of the proposed method.

Keywords Session-based recommendation, Recommendation system, Graph convolutional network, Attention mechanism, Over-
smoothing
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Table 2 Statistics of datasets used in experiment

Dataset Diginetica Tmall Nowplaying
# click 982961 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 3 Experimental results comparison of different methods

Dataset Diginetica Tmall Nowplaying
Methods ~ P@20 MRR@20 P@20 MRR@20 P@20 MRR®@20
POP 1.18 0.28 2.00 0.90 2.28 0.86
Item-KNN 35.75 11.57 9.15 3.31 15.94 4.91
FPMC 22.14 6.66 16. 06 7.32 7.36 2.82
GRU4Rec  30.79 8.22 10.93 5.89 7.92 4.48
NARM 48.32 16.00 23.30 10.70 18.59 6.93
STAMP 46.62 15.13 26.47 13. 36 17.66 6.88
CSRM 50. 55 16. 38 29.46 13.96 18. 14 6.42
SR-GNN 51.26 17.78 27.57 13.72 18.87 7.47
FGNN 51.36 18.47 25.24 10. 39 18.78 7.15
GCE-GNN  54.22 19. 04 33.42 15.42 22.37 8. 40

GFE-SR 54.54 19.10 33.61 16. 22 22.60 8.63

Wit FE 3 AT LA I A SO Y 7 R AE P@20 1 MRR@
20 X AN BE L T AR U T B A RO USSR SO TR Y
BELHE . Ah, FE 45 5 )y vk B, POP SR g R O HfE 75 top-K
WE B LRI A PE e B 25 . Ttem-KNN F1 FPMC 78 1% 4 77
T BUS T BT R R U I 0T 2 f] A R AR X A AR B
—JE W A AR B TR 2 R B %) HE A R Y
AT

SAEGH I IR E L B 4 48 4% 0 T vk R SR T A i i
FER S 5 Rl LR B A A R RE . (AR T SR IR AN
AL S — A 7 51 S A5 o) B0, PR R P ) AR T BB 45 7 <3 i o
R,

B8 S5 19 NARM K05 5 4 28 N 45 R i AL AHSE &, )
HH 3 90 P i) B Ja — A BeoBCR 25 4 S F P 0 2 B A 4, a8 T
T TN AR, RATE RS, E e THEE NIk
STAMP 7 Tmall 044 © ¥ 8 £ F NARM, % 7 i
TSGR G — 4 B LINAT B 52 7 WL kAL 5
IR X — 25 RUE I T 78R A /Y 2% B 4 T A TR] 9 3 22 4L
EXSIERGARFEM A STAMP Z B T 3 H 78 & 1%
w8 B EDIBUT

FE BT AT I 35 0 s vh 3 BT B 4 9 4% 11 7 1k #E Digin-
etica Fll Nowplaying ¥ #i& £ 1) 3 L ¥ 47 , SR-GNN Hl FGNN
W A S T P R — A F &L IR GNN X & H
PEAT GRS 36 0E T GNN 763+ 2 0% 1 4 38 o A slobk ik &
B R AR L 7 S B (RNND S E B IR EE S TR T4
WA HETE . GCE-GNN [ PEsE 78 3 498 &£ L &R L F SR-
GNN Al FGNN, X &8 T 4 Ja) I T SCM a8 1 S0 3T 2
T HEEE A A R SE SRR . AR SCER R IR AE 3 AR AR
UL TR SR UE A LT B R AT GCE-GNN, A& U7 L 1E
Diginetica M5 Z & 0. 6% .78 Tmall FiZ &t 5.2% .18
Nowplaying FfZ & H 2. 8% . AR CFFME 4B & T
I P ¥ [ L, AT U AT DL T G b SR i AR S A B AT 2K A BT
IR ERE . A CIA N GFE-SR 7E Diginetica #E6E I 0 32 7+ A
e o3 SN A BAE 4 109 IR R & Diginetica 5035 4 W (19 23
S84 B B LAl S Bod 4 L T GFE-SR fifi T I % 14 4
BEMARRIEE SRS,

5.5 HRXLW

ST UE B AR SO R AR AR T A 2 RS A R A R HEAT
TUUR 4 AL, 9 0 S0 00 45 R 3EAT /A .

(1) 56 UE 42 Jmy G R A R 23 075 GURRAIE B B R0

(2) 56 UE XF 42 Jr e A1 348 5 09 A 350k

(3) B IE R T EL AT 28 ff 3o °F- 345 1 fig

(4) B 0F 68 2 B AT 1 il 0 A Ak

o T B UE A SR PR AIE R 23 3 G AE 2 A B0 AR SO
TLLTF 3 FpASfREIAL . (1) w/o global, A & R HAFIE, R A
SHEHRE; (2) w/o local, IR A 231G AR . HA 2 R 9L
fiE s (3) global+ local, [A] it B A 23 % SRR AR 14 Jmy RRAE . 52
Wai RNk 4 .,

A4 ARRRREAE Y Y P RE XS L

Table 4 Performance comparison of different feature models

Dataset Diginetica Tmall Nowplaying
Methods P@20 MRR@20 P@20 MRR@20 P@20 MRR@20
w/o global 39.57 13.97 33.50 14.99 21.39 6. 89
-w/o local 38.75 13.66 31.13 15.18 21.95 7.15

-global+local 54.54 19.10 33.62 16.22 22.60 8.63
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Table 5 Performance comparison of different feature enhancement

models
Dataset Diginetica Tmall Nowplaying
Methods P@20 MRR@20 P@20 MRR@20 P@20 MRR@20
global-w/o

SSGC+local- 54,22 19. 04 33.42 15. 42 22.37 8. 40
w/o SSGC
local-SSGC 52.69 18.51 29. 84 14.59 21.51 7.22
global-SSGC  54.54 19.10 33.62 16. 22 22.60 8.63
global-SSGC+

o 50. 60 18. 14 31.11 15.09 22.38 7.52
local-SSGC

5 F B MU 4 R SRR AR 3 s B AR IO T R AT I
PERE 5 22 (00 25 3 G 4 AIE 18 5 Bl 2 (] B 396 5 s 3 R 43 1 )
FROERT BB PERE AT e & T . AN IR F2RER S
TR &I E BT LA DR R E £ 15 B LB & SSGC
YR AE 3 58 . GFE-SR 7] LA3E—#5 b 54 i I 40 3 45 8L, AT
PETHERA PERE . b T 56 E AR STy vk AT LU SR i 3 57 i i)
B, 8% GFE-SR 5 GCE-GNNU2ZE R[] J2 50T B 3Ry 1 B 1
XFH L I MRR@ 20 7R A F8 45 - HLARZS SR 3% 6 frdl,

Wt 6 aYLE R AT WL F, 7E Diginetica, Tmall 1 Now-
playing #3481 A SCHY 7 ik 7F K =8 WHAZR 3G RV fE
BRGE R FZW ,GFE-SR 1] L) It GCE-GNN B % #l1 K & 5 K (1)
B84, [5) HF g/ 3 S RS . e Ah, 5 GFE-SR AL, H T ad
P, GCE-GNN (1 RE B 5 2 B0l i 32 )2 s T .

220800205-6



B, T AR

ERIRE RS

JE RS

6 JZECK XFEL A

Table 6 Effect of layers K on models

Layers(K)
Dataset Methods
2 4 8 16 32 64

GCE-GNN 18.18 18.49 18.72 18.51 11.14 10.55
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GFE-SR 16.15 16.19 16.22 16.05 15.95 15.80
. GCE-GNN  8.43 8.16 7.86 7.43 6.54 4.41
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Fig. 3 Effect of hyperparameters on model performance
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