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Abstract

With the rise of deep learning, applying graph convolutional networks to recommendation models
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has brought significant performance improvements, but it also faces the problem of over-smoothing
—as the number of network layers increases, the embedding representations of all nodes become
similar, losing the original differentiated information, resulting in a decline in the model’s repre-
sentation ability and affecting the recommendation performance. This paper proposes a recom-
mendation model of graph convolutional network based on multi-subgraph (MSGCN). The model
performs high-order embedding propagation within the subgraph. The subgraphs are composed
of users with similar preferences and the items they interact with. To generate subgraphs, a graph
attention network is used to classify user nodes and divide them into corresponding subgraphs.
The improved model avoids forcibly associating nodes with significant differences in the
high-order embedding propagation layer, alleviating the over-smoothing phenomenon that graph
convolutional network models often encounter during training. The effectiveness of MSGCN is ve-
rified by experiments on three datasets. The experimental results show that the MSGCN model
outperforms the best model in Recall@20 by 4.51%, 6.69%, and 10.61%, and in NDCG@20 by
5.89%, 10.93%, and 11.71%.
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HEAF RGE N — PSS #n B AG 1B, e S50 A 7 56 % B it (W s BT AR
LRSS B D S OG89 F PR EE NV HERE N 2, ARORHBAR T 115 BRI IR [1]. & IO D RE
FETEF P 5T PT B BB E M AR R I, A4 5 F P s B s P R 1, R Rkl
F 55 AL AR L R IRE 2 AT B AT [2] . A2 GAERE RGN B T IS AL HEFE RO [ 34l
EAT T BT AT NEAEE . Y0 N A BB R 45 S R A HER

Bl 25 R B 5 ) B AP 2 I 2 SRR B R g, T IR M 4% (Graph Convolutional Networks, GCN) )
PR AEHESE AT 235 i, X R BT HARRK L RS &5 0 R g T =R n % I s /). GCN
B2 B A% 0o a8 I A A AR RS R BT 0 s IR AR R, 1K — i B 0 VAR AR e 412 75 05 R PR A
O RN B B AR SRRV, I8 T 9 R R ST IR ), 7E— E FEFE L2 1 B0 W i vk 1) R 3]
Bilhn, FEF 124 P 2% 1 B B )5 3 (Neural Graph Collaborative Filtering, NGCF) R [4] & 4 3iF B A FH &
TEEIE 1 TT DA B 2% fi 1 v A AR R ) R

A GCN B 7E b 2 B4 77 TR I o, AR AT I I ~P0 Bk R, a2 B T G AR ME AR
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H FEERE SR R, PMREEN[6LEI AT 7T KRB, 75 GCN #Aldr, &S ZE 38, P miE
SR I g ) AR AT R AL o BE TSR L IR, Al AT THR T T AR MR AR 2 I 4% 1) R A A B[R] 3 i (Linear
Residual Graph Convolutional Collaborative Filtering, LR-GCCF)#i %!, iZA R F2k: 1 GCN #E AL rp () JE etk
WO AR A I 2 2548, IRBIN T Bk 22 W0 28 DAGR ik A R rh (03~ 1) R, AHA TR 4] GCN A A 7E 4
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Figure 1. Overall structure diagram of model
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Bl —Abrifi e » N THARITE RS SRER I R 1, W MR A, 752 e #EATIH
—WRBEEEIEE I A M o, EHE A softmax BRECRSEHL. PAERER I RBITHEIE, SRS
HE R 0 RS HXT B R RFEBEAT AR G, DT s iR 2 A, I T0 A P Je T4
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fEIX — D —MMEEALE KT, @ mAUR A 77 AT B R G . R i A R AR
SHMEMSRIA T RA R, ZENGPEMAFL RS R R IR ASSCRAITE B 8975 30/ P19 i
BT E BT EAOEAN R EEECSE M AR A .
3. W
31 SCHRE

3.1.1. ¥iiE&k
AISCAE A HR 4 BT 1 SESG,  SRIRBHE SR IR 1 PR

Table 1. Experimental data set
1 XIHURE

B Gowalla Yelp2018 Amazon-book
P4 29,656 30,858 51,986
Vi 40,912 38,152 91,253
K 1,035,220 1,558,592 295,264

i Gt 0.00,083 0.00,125 0.00,059

3.1.2. VEMfriEHR
AR A Bl Z (Recal ) FTH — 4L Pr 45 218748 25 (Normalized Discounted Cumulative Gain, NDCG) K1
BEHEERFMMER[11].

3.1.3. 8¥HKRE
AR L TR B 24 S HE SR pytorchl.8.0 SEBL, SZIGSHUNE 2 Fik.

Table 2. Experimental parameters
#2 EHBH

eS| ZH
BN GE S 64
TRk 2 4K 0.0001
K 0.001
b= 2048
HARIEL 1000

DOI: 10.12677/csa.2024.147157 6 THENUR S 5 R H


https://doi.org/10.12677/csa.2024.147157

ET, B

3.2. HEE ST
TEATT Y, B 507l MSGCN TR R FUZEOT A RE, 48 G 70 F BB X R R BE RO 2 )

3.2.1. BEFRMEEHEIEF

N T I BOR R I EETEIR E S5 N R R, 1R Gowalla BHESEAE MR B4, A AR
5 LightGCN #E47ERE . [ 2 JBRX— R AN LRt it gs 5, H G-LightGCN-2. G-LightGCN-3
Al G-LightGCN-4 7 5l R B 2. 3. 4 M TEIMEER . WEIEF LG H UEERER 1 284 9
JEIE, SRS RYHE 1 B (I AR L.

Gowalla Gowalla
0.16
0.1875 e 0158
— —
— o .
= Ty 01564
P 01544
0.1825 A
. = 0152
=z
Z
2| 72 g
= // @ 0154
= 7/ ®
® oarrs S/ S
o / 0.1484
0.146 4
0.1725 o
0.1424
0.1675 0.14
1 2 3 4 5 6 7 8 9 10 1 2 3 4 5 6 7 8 9 10
BREHK EREH
—&— LightGCN —@— G-LightGCN-2 —8— G-LightGCN-3 G-LightGCN-4 —@— LightGCN —8— G-LightGCN-2 —8— G-LightGCN-3 G-LightGCN-4

Figure 2. Comparison chart of recommended performance under different network layers of graph convolution
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Figure 3. Comparison chart of recommended performance with different number of subgraphs
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3.3. MRELLE

N T BAIE MSGCN BEAY (A RUMEAN AT ATk, A SCIE IO LA 3 PR 72 SR R AT LR

NeuMF: {EJy— iy O fh 28 I 28 R (0 P ) I JERE A, A2 22 IR B 22 M 2% 28K, DA
AN R TR R IR, KSR P S0 Z AV RZR I ARZRIE R RFAIE 22 AR 5

Hop-Rec: KHERE MR EOR 5 KM E BAS &, BIEAEM 7 - Yrhl 22 BIE b SRyl & sng, ik
81 RO AR S AR 5 2O IS [ ) IR AR

NGCF: i FI A 2% 5 T - P S8 L P b AT T JE AR, AR R L A it - T v AR
Ktk HIE 2= EEREAE, ZDR G R R E T R HE R, 2R & I P A IR A RS -

LightGCN: {4 NGCF [ARALTH AT, et /™ R T S, 25 BRAS b B AR A e 5 A E RV
TEHRE, AR RN AR R A B Be gl AU A5 DT AN 7 i 40 45 A2 0 DR

KIS RN 3 o, Bl JE OB AE 3 MR R AR AR T A AR A

Table 3. Model performance experiment
3. RAUMRESLIE

Gowalla #ii 4 Yelp2018 ##i4k Amazon-book %z 4

Model Recall@20 NDCG@20 Recall@20 NDCG@20 Recall@20 NDCG@20
NeuMF 0.1319 0.1022 0.0438 0.0352 0.0313 0.0242
Hop-Rec 0.1389 0.1179 0.0529 0.0431 0.0288 0.0225

NGCF 0.1542 0.1305 0.0549 0.0462 0.0332 0.0258
LightGCN 0.1795 0.1510 0.0642 0.0503 0.0415 0.0316
MSGCN 0.1876 0.1599 0.0683 0.0558 0.0459 0.0353
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SEACARACL P 1) (3 B AR i . Oy T IR UERT SRR (R DUBR P, = AR e 1S R R AT S0
SRR, 2 T2 7 B BB AR 45 AR P RE L SO0 T H e e, BVAEAE 38 n ) 2 R BE (s 0
RIRBENS SR ILLE LR PERE, A R T RG24 TR A7 A B I~ D, vy 1 BB TR e
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