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H’ = GELU(Dropout(Linear, (0))) (10)

H, = Dropout(Linear,(H"))+ X (1)
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Table 1 Details of the dataset

Number
Dataset
#celicks #train session #test session fitem #length<5 #length > 5 Average length
Diginetica 981 620 716 835 60 194 42 596 537 546 239483 4.80
Yoochoosel/64 557248 369 859 55898 16 766 289 490 136 627 6.16
Gowalla 112278 675 561 155332 29510 627 100 203 793 4.32
L e HR@K = (24)
Diginetica /& 2016 4F CIKM #f i A~ PE 4k B+ 75 N

ST PR R B AR, B R B e s iR AR T
SUEIHERE . Yoochoose 2K H 2015 4F- i) RecSys Fk/i%,
%%, H T Yoochoose B I 2R AR # K, BT LAAS SCAf
B A I 2 2 0% 1) B i 3R 0 1/64 FHEARAE BT 2R 4E,
7 318 A “Yoochoose1/64” . Gowalla j& — 1~ 12 H
TSR B . BT TR I AR,
A SCOR B T HT 30000 5 52 U Y b S, I 38 5 43
HRH &R 1 53 2 18] 1y ] B Gl el — 2R 4 T P 28 3
SEOTH A B 23 . FEAS T S T B S
20% MR AR R DAL o MR IR e w9, X B s 4R
HEATAR I () FAL B, S IR R A 12T R H IR
BT 5 RIMWHE .
22 SRTHNELR

h TR TS IR AT A, SCRR R TR
a3 (HR) A EECHE 4 (MRR) 16 8 AL
FePR o TELPRIESE Th R G0 R B HE7E 2 -0,
T VAR AN 5] 4 it B R HERERICR,, ] HR@K I
MRR@K DLl A7 (g Pk fig, o K SRR HEE Y i
% . HR@K FnaT K A1 H b E s i 5 H
1 e, I SR

Horr, NJZDHEE P58, g RTEHES 53R
HI K A9 e A2 B P 5

MRR@K H F 34 1E 8 #E 12 19 9 W A K R

K BISERESN 2 rh A 4 7, HEER M55 T dh v,

TESN R T HER R EIE . QiR v, AL T30 3R TIN5

1 B MRR@K K 1, 34 v, & B 7E 51 & 1 /i

MRR@K & 0, B 3 Wik 4 19 K/ N, BOE YA
MRR@K 1 R PPAf 9 B2 i :

1 1

MRR@K = ﬁ;: rank(v,)

1€ test

(25)

Horp rank(v,) & v, TEHEE IR P AOHES
23 EWIEE

RT S AP, AR SR PR R 4R 2 ) R
0.001 1 Adam . fb. %%, B 5 1> epoch J&5 2% > & 5 Ui,
0.5, K¢ L2 1E WAk 15 ¥ o~ 1075, Ff- (i FH 458 56 m (3%
2L 51> epoch WYPHALHE AR A B ) ok 22 i ik 4045 1]
B AHFHIE A 0, ARifEZE N 0.1 1Y & i o A I dh Ak
JIE S8 B A G B FHER/INAR 8 2 4 100, X%
TEE I OC R 22 T B, JRBULE {1,2,3,43 N A2k X
TARGH A G FR 2 2 B, VBT (4,5,6 1 TN
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2.4.1 SR
A

(1) POP: J&— ] ALY SE ALY, kg FH P 447 B
X (HE4 fe s ) I H

(2) Item-KNN: 3 33 4 {2 35 19 400 H 5 HA
Tt H 2Z 8] AR A T H

(3) FPMC: #4 — i I JR 1] K% 5 5 I 4 i A 45
By VARG 58007 FlFH P D 4o

(4) GRU4Rec: 2K H I THA6 2 BT R AR I 23348 v
0 H AT R

(5) NARM: 3@ i 51 A RNN, ¢ 7 3 T 2535 i #E
17, B T GRU4Rec.

(6) SR-GNN: 3 3 [ 4t 28 o) 245 %of 45 34f7 P 119 38 =X
MGG R AT AL, SR JE I FH R B I L A S
TN

(7) SGNN-HN: Jij FH I 28 [ 28 SR A 4D E 7R #E A 7
() 23l A BT H Z M B 350 0 R

(8) LESSR: 5 A T Wifhi A B Bk 7] FHEAR (1 25
T EDRA AR B 42, {5 8 2 2 R S A ) A

(9) MSGIFSR: #& i T — A~ 2e & K e, 5 F
MFTSTE AN I H 41, WA R EE U A

(10) GC-SAN: il i f Ff GGNN FREUA L | 3¢
5B, ARG R A S IEHLHI 3R o AR

(11) GCE-GNN: % J& e-neighbor(e = 2) ¥% 4%, #)
I T S UE I HERE Y 21 TR 1A
242 e E B K290 % T 1A S AERALAE
Diginetica, Yoochoosel/64 Fll Gowalla % #i& % I 1)

ARSCHEFE T 11 A FEAER FEAT X8

HR@20 il MRR@20 f8Fr 250 o LIRS R KW, IM-
GGN W] WAL T r A e i 25 08 . AR 2 i LU
TR B ) O ik i R BB S AL T A% 58 7 vk (4n POP,
Item KNN FI FPMC), iEB] T B 18 1Y & 24 FR1iF 2
AR R HE ) . NARM BRI T GRU4Rec, K
NARM AT LU 3R 2518 h i 0 7 5045 B, i il
DAIE 3 3 5 I ML 2% 2 35 5 AH DG -

55T GNN MBI 5 0L T2 T8 50 ik, X
FE S0 BRI R AR I H 22 6] 1) e ¥ 56 22 07 1T 1)
FEE . MSGIFSR it 14 Ffobr B2 2 & oo Xt 1t H
Z 1] Y B X 22 b B O 3R AT A, TR R A
TR, X R Z4 PR B 3L T &
AT 22 [ ) B A DG T o b B

ANR) T BE LAY, A SN g sl 2315 7 51 AL R
St HAEG O R K, IF R IM-GGN K% 2]
Yih Z R B2 2B B R, A& G T g Ak Ak
iR B, R R 8 A S50 RAE Y 1T 2375 5 41
g I RETE o
2.5 HERSCIS

4 T % UF SM-GNN, GSPN fil CD-GAT 7 IM-
GGN H1 A R, 5256 M IM-GGN H RS B 5 85 4 H:
MO ST M AR AR L, BARGNF

(1) MLP-SR: F|—~#.2 MLP #{{, SM-GNN,
GSPN FI UPL A, £ 88 T J2 At 2k sR 4, B iF %
A R o 25 I 2 5 Mg 10 A 55005

(2) w/o GSPN: £ # GSPN #% 3, { i i SPL ()
SM-GNN #He Fll UPL 5k Az s ) i 67K 5

(3) w/o SM-GNN: 2= fii SM-GNN # 5, (U {ii HH

2 RFBORTE 3 AN Edn e b SR TEREXT L
Table 2 Performance comparison of different models on three datasets
Diginetica Yoochoosel/64 Gowalla
Model
HR@20 MRR@20 HR@20 MRR@20 HR@20 MRR@20

POP 0.89 0.28 6.71 1.65 1.46 0.38
Item-KNN 37.75 11.57 51.60 21.81 38.60 16.66
FPMC 26.53 6.66 45.62 15.01 29.91 11.45
GRU4Rec 29.45 8.22 60.64 22.89 41.98 18.37
NARM 49.70 16.00 68.32 28.63 50.07 23.92
SR-GNN 50.73 17.78 70.57 30.94 50.32 24.25
SGNN-HN 55.67 19.45 72.13 32.60 55.28 27.58
LESSR 51.71 18.15 70.59 31.46 51.34 25.49
MSGIFSR 57.11 20.05 73.13 33.50 56.64 29.02
GC-SAN 51.70 17.61 70.66 30.04 50.68 24.67
GCE-GNN 54.02 19.04 70.91 30.63 53.96 24.53
IM-GGN 73.92 30.28 82.33 52.34 68.49 48.49
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Table 3 Result of ablation experiment

MLP-SR w/o GSPN w/o SM-GNN w/o SPL w/o UPL IM-GGN

Dataset

HR@20 MRR@20 HR@20 MRR@20 HR@20 MRR@20 HR@20 MRR@20

HR@20 MRR@20 HR@20 MRR@20

Diginetica 49.55 15.89 48.81 15.75 56.50 20.94 56.69 21.42 72.44 28.22 73.92 30.28

Yoochoosel/64  69.21 29.76 68.99 2991 70.63 30.79 69.96 30.35 80.50 51.42 82.33 52.34

Gowalla 47.52 22.22 49.85 23.45 52.95 26.04 53.36 26.25 67.80 47.22 68.49 48.49
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Graph Neural Network Session Recommendation Model with
Fusion Modeling

DU lJiayu', ZHENG Hong', GUO Jinyan', LUO Yujian', LI Pengwei', SHAN Rongsheng?
(1. School of Information Science and Engineering, East China University of Science and Technology, Shanghai
200237, China; 2. School of Cyber Science and Engineering, Shanghai Jiao Tong University, Shanghai 200240, China)

Abstract: To address the limitations of traditional session recommendation algorithms that rely solely on explicit
information while overlooking potential interactions between sessions, this paper proposes a novel integrated modeling
approach based on gating mechanisms and graph attention networks—IM-GGN (Integrated Modeling Gated Graph
Network). This model simultaneously captures structured relationships between items and unstructured associations
across sessions to enhance recommendation performance. Specifically, the model comprises two main components: the
Structured Pattern Learning (SPL) module and the Unstructured Pattern Learning (UPL) module. The SPL module
integrates graph neural networks with gating mechanisms to model sequential dependencies and long-range
relationships within sessions. Meanwhile, the UPL module leverages graph attention mechanisms to capture
unstructured inter-session correlations, thereby extracting contextual user preferences. Experimental results on multiple
public datasets demonstrate that the proposed method achieves notable performance improvements, confirming its
effectiveness in session-based recommendation tasks.

Key words: session recommendation; gated graph neural network; graph attention mechanism; structured

relationship; unstructured relationship
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