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Graph Neural Network Recommendation Algorithm Based on Item Relations

LIAO Dong and YU Haizheng

College of Mathematics and System Sciences, Xinjiang University, Urumqi 830017, China

Abstract Typical social recommendation methods are limited by modeling user behavior,such as social behavior between users,
interaction behavior between users and items. However, the potential correlation between multiple items that users are interested
in is ignored,leading to information loss. In recommendation scenarios with sparse data,the sparsity of user behavior leads to in-
sufficient information available in the system,so it is necessary to introduce item relationships with rich connotations as auxiliary
information. This papaer aims to integrate user behavior and auxiliary information to jointly model user preferences,so as to im-
prove the accuracy of recommendations. Most of the data in the recommendation system can be expressed as a graph structure,
such as user’s social behavior, user’s interactive behavior and item relationship, which can be converted into user-user graph,
user-item graph and item-item graph. Graph neural networks (GNN) are effective in processing large-scale graphic data, and
building a framework with item relations based-GNN for social recommendations is facing considerable challenges: 1) the item-
item relationship is implicit;2) user-user graph,user-item graph.and item-item graph are three different types of graphs;3)the re-
lationship between user and user,user and item.item and item is heterogeneous. In order to solve the above problems.,this paper
proposes a new social recommendation method based on graph neural network, PEVGraphRec, which introduces a mathematical
way to explicitly construct connections between items. Thismodel inherently combines three different graphs to better learn user
preference. Finally,an attention mechanism is proposed to consider the weight of different information comprehensively. Compre-
hensive experiments on three real-world datasets verify the effectiveness of the proposed framework.

Keywords Social recommendation,Graph neural network.Item-Item graph, Heterogeneous, Attention mechanism
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Fig. 1 Graph data in social recommendations

B, T 3 AN A L B - R - P R G
SEED )R- AR D Ak 3 M RE R G B Sk R SR
BN AT GNN 4k 32 4 9, 0F BRI B XS Lk i 3 A4~ &L 3k
T Tm i — 2Bk i, MR 5P M2 e R 2R, N
FTFHPSHPHE R AP SR E R RZ
IFi) A7 6 W A B . PG O — A PR R T ST 2
B E K FR I &Y - R E L. X3 A5 E AR TFE W
i1 B SRAL T T 2% ER R R K e AT E BE S A B
FREI B P MY RN . A APk el A R

Mg X e

WE AN o T AE LR A P B AE B R BLAR | R I T e 2
b3 o £ ELAT S TR) 3 B 0 3 4T dn o I A Rl R K LI
S . P TE 3 B 24 B it T T e S R B I K Ay =
i AS & 23 A 4. R I, O 46 3t 2% b vk 38 4% Y A
TRE LRI A L BN R LM X R EE S BB
TR, TR A SRR SCEER B R P 5 0 DY 6B
SRR . I, SR = A Uk S T T i o S A IRD o 422
R R — B R R,

T fE LR 3 AP L Z B Grapht (9 KL AR SCHR
T—FET GNN #4132 #: %8 PEVGraphRec, & fE
% S M A 3% 90 4% 4% I P A RATE R IR 3 T X B Y A R AT
HEFZ AT . S2A5E T 3 T AH 0L 1 A 2 s RD A OC R L L rp A
R B A S0 SR 9 S Zhang 2852 119 PEV 30 %
LR IRAME AL E R B B T R 2. BTk, F
FH R 28 7 45 DR P - P JELRF P-4 5 B v 4 30 R P B 3R
N N - TR - R A S R SRR . B
¥ P 27 AU 2R A 22 2 BT 45 BT 4 0

AR SCH Bk AT AR 0 R

DT —MBCF LIz R ORI PEV Jrik A &Y
w0 OC R R A AT R AN R i R

e

I

HlSE
)P T — A~ Fr Y B 2 4% PEVGraphRec, % A5 K 1%
B XS 22 Fh 0GR AT R, B T P R RO

30V B AL B4 07 FH R e T 5 Bl G R AR AE I R R
— ),

DOTE 3 ANE S R AEUE AR L BEAT T I A R BT T
PRAEQLEA BAF & v, SR T M Bl R R ¥ 3

i L,
1 #HXITE

.1 #SiHEA

LU= {usus s su, ) G V="{v 0,50, 55 AP
EAMYRES o Mm AARRZGE PP S50 EE
pi ERVGEM P EIRIRA »q; ERVZEY SRR A . d I H
PRI B A BE . UL 3R 7R B o, B, 37 45 09
FAEE.

WP o4 M RER A U P - B TP o X5
VA VESY I8 A RRVE 43 A P 5 W) ah 22 BB PE 4
BHIEFE N 0, BB TER " BFEEM - P42 H,
ti; =1 TR P w M, Z AR GG .,

AW ERES @ B ENHE BN R, W
Wy 5 2 AT G R R R T R G e e T R A
H—F e Y O R k. 8 P Y sl R
GIAT R E R A W ) A DG M R R L O ik 2
R A% 58 75 1% ™ B 400 M 7 G £ 4 L S 30O T I B8R AR 8 1Y
P .

1.2 PEVHENEEER*

Zhang S5 42 1) PEV MU B &7 L T T A 5
FIEERIEME G ST R R, %M 3 A B, BI4R
T B (Proximity) 32 W 77 (Effect) . A FH P (Value) , 38 40 #) H
PROME B, AT ) B SCHE . PEV X AE UL B9
X .

230100019-2



B AT R W R AR Y Tl IR 45 A A B

S;= 2 PEV(r;sr.;) D

€U,
b, S, € (0. DR i 1y Z BB FIBLEE 7 FlIr 5 53 5
TR BARH P w XY o, Flo,; BPE5, U, 32om LRI 2 53 4
do, Mo, 9 P AR A . 25 IR FIR, 439 7w B AR P X HE 2
PP 5 T4 A
PEV(R, .R,) =Proximity(R, ,R,) X Ef fect(R, ,R,) X
Value (R, ,R;) (2)
BfamitsrdmE 1 ma, Hhirs %2R T
F W7 T 43 2 ] B LSRR B A PO B A A i O
3 1R B R 2/ T o )R T P X K T A 4 P 4 B
A — M Agreement I BUE A 1.7 N A — 5, Disagree-

N N N Ruax — Ruin
ment BUME A 0. [ {H N Ruw = T P R, Al

R 5380 0 B4y R G5 9 e K BN B . RE R ZH
[ 59 4

F# 1 KT PEV AR BE & 7 5 1 1155

Calculation of PEV similarity measurement method

Table 1
BB AR

I

Agreement(Ry sRy) =
I — B L, RisRy>Rypea® ARy Ry <Rpyeq
{0, kv

(R R IRy — Ry |, Agreement=1
3T 4 JR,) =
RAEH 1R {2‘R]7R2‘~ Agreement=0
55 Proximity(R, ,Ry) =
T {{2(Rppay— Ruin) + 1) —d(R; Ry )2}
Effect(Ry.Ry)=
P (IR} —Rppea | +1)1( |Ry —Rped| T1),  # Agreement=1
i _
(TR, Ryeg | T D (IR, —Rypg| 71y 7 7 Agreement=0
Value (R, ,Ry) =
2 _ _
A R 1+(@71’e) . #R,.R,>R#R,.R,<R
Value (R, ,Ry) =1, H b

M HALS,; =0, ) fho Flo; Z A7 7E AR L B2, Horp 6
H—AREER . S - EN G=V, . E), Hh
VIRY RS E R EE T TSP B .

SF L TIR L, AR SCRT A B 3 A BB A A g o8 i, Bl

MP-wiE RVAF -2 T -9 i G,
2 REEZR

2.1 HEEIHEA

AR AE SR ZE R I ] 2 R, H B A3 3 A ER A
Wy AT AT 4 TR

B YA, R E R MR EIYMER. B
A 7R —J7 T AT LU P-4 i [ R 2 30, 55— O7 T -
oty P I Jo B ) 6 G 2R B T ISR A ) ORI AE
W TEMAEPARBAARESYRREN T E.
S — AR B2 T - TR ik B ) =2 28 B
B EE T R ZS 18D - B B A B 27 >0 0l T IR R IR
B P . A 3R R U AT L A B A B T e
TRy i B AR Ok, i R Y G BEAE TR M PEV U5 2%
A ST W SRR A YRR (S DD S AR Y
FHAE

WMo R A, e EEANREEIHER.
A P-ARED MR- ERe s THAFER.E
I ASAS [ 0 ff BE R BT P R AE . PR BRAE T 2 ) i ek
SZ VLA P - et VR AS B M 65 5 B2 ke o R 1 M BRI A ()L AR
SCAT T Ao 28 YA 2R 5 20 KPR AS S R B vp 2 ST R
— R RS 5 W B P s S R S R e R
TERY W B s D) L Gl X SR ) A R TR P %
Fy— R RAL S R A TR AL S M 4% b B B A (R A
(61, ARLHE JUT A 4 % MR A T P Y e 4

(R0 » 2 3 1P 0 3 7 At 2 R T T8 e 28 4 e DA T A 23
lia] OFY = 25 [l A it 22 D W E B . 0 TR P m & 1 P 2
(6] (3 FH P B A 58 T 4, T 40 4 2 VAR AE 5 T P 38 L 1 9
o TP SR SRS TSP
it 25 A2 5 F AR S AL — R 5P

S R RV T L G A S R AN R
PR 2 I BERL SR L0 P X ) o B PE Ay TR OR
K bran 41 AR

=t

W2 Fll

9% ERJo e/ i it
= EE W%
_ YR

i MLP — i S A&
TR oncat
N .
MLP .. . MLP
£ i
| E— ) | E—
Concat C oncalv\
(FFZEm] (Hezm ) AP ZH HEZH
AP RE LURTE 2 HERE M R A
EEH EEH EEH J’Z;]
W % W % PEV T 3 % E !
AN '—=“'! /qJ?\ PARNN
/u 1 ,ul 2 M z\ ,{ : //)'i /,;2 /;_1\ /u| (f" (h\
P b e Sre o 0 b IS
itel]‘l = user itel“ - itel“ user - user user - itel“

e 3 A T Z AL B P AR BT A

Bl 2 PR AL Y R R AR

Fig. 2

Overall architecture of the proposed model

230100019-3



Com puter Science THEHLES Vol. 50,No. 11A,Nov. 2023

2.2 YImER

Wy R T2 2 W o A RO IEEG ERY. W)
i AN 5 TP 2Z B AR AE B R FR W o 5 W Z AR AR AR
FBLOG AR 3K Dy o 2] Wy it i R 42 43 TN Rl R A R AT
JH WG ol 28 TR 1 5045 88 ] Bk DA P 28 R0 R0 9 28 TR B 4 ok 15
B e 2 A TR, SRR P RE BN -
[ 2 > o 3 P 23 1) v B W T T R s L 12 /E ) € R
SRR IR AG TN - R 2 5] ok | A ()
B W i BV TE SRR L IE R € RY ., 456 FH 7 a3 [a] FL ) i 25 )
MRRIIBR T LMY ERRG ER, TR HENAH
FURE VYR G UL AT S5 A ok 3 AN T A 1 T AE
K%,

2.2.1 ApPR&.APEZATAHHRHEERT

BT H PP s A S P 58 Z B 22 5, 4
B PO 0 DL (BT 43 PR e AR SR AR T — i 0
J7 ik R AR - I R S BRI UL JH T A ST
v FEH P A AR A AR R Y. X TR S L B P
Wy P b S EOR WE AR

=6(W » Aggrewe.({ fii» YIE B, 1) +b) (3)
Hrb WO b 43 502 BT R R 25, o J2 R 4RV TR eR R
Aggrewa EH P REM . By By ZESHPES.
fure— MBI B RIR .,

BRI 2 [/ — A9 f AE P 59 i 32 Bl f v, L P
RS RBAFMER, XX AR R LA DT #
LY 5 RV AE R T o ST Mow, Blo; A B (SRE ) r 1Y
ZH L GIA =B IWIRA S HRR £ B HEE P #RAp,
ME R Ae 8555 R, HhEIL# Ae, €ER BT -
JIERS R IR 1) 4 3R R . g, Fm ARG B8 HLAR BRI AR B
PRA

fi=g.[p.De. D €Y
Horh ,OF R WA 1) & [ 1 PREEBRAE . HAh T T — R
J3 4 UL UL 5 R B AR R A A 38 2 32
28 W45k X 43 FH P 1) FE B A T g,

ty:O'({ e; #;rfﬂ>+b) )
t€ B,
i =wi +o(w » [ [, Bg; 146 +b )
—_oxpli)
Hit GZ exp(/l_,vf ) "
1€ B

Hrr o JE ALk BOm sREL, p BT A5 TR -
Wy it 32 P R S B R L DT T s I'ﬂrf_'ﬂﬁ%nn{;éf
PRI T~ i 8 B0 T T8 ) A Sl 3 ] Softmax pREON A
BT AR AR A
2.2.2 HERESHEEANFTHODBELER T

W b Z 18] 3 AN S AH T ST Y, I ELAR AT R R AR B Y Bl
AW AR A B Filt— S E R ER. W
W X T AW o RATH LW B -2 5 B b i A
HHPERGD NGRS DIy M ER. RAY SR W
Y TE R F e AR R G LR IT

I=6(W « Aggrenem ({yu - VEE TG 1) +b) (8)
Hri, W M b 43 0 2 ATE F N 25, o 2 AR 2 Pk TR R B,
TEERBER RN Y S ES, v B
— AL PR SRR R

T 7 — A~ B bR L 755 A ) 2 S AR BLOC R I

Aggreiam

I S BRI B AT RE SR AN R Y . T 3 2k B R [ 42 5 1 AR B
KRAF LU 2] W] — 9 R AE . RO, X T oy Flo, [ 4 A
ARABLE ) 2 422, BTN T — A FH AU 8% e B T A iR A i
(q 7~ 5 B AR 5 B A AU #2090 Wi A FUAE BLHE 87 A
kA G B AR MR A 0] 1k, € ROZ B AHBLEES,
Xof LI ) i R R . g 3R AT RA DG IR B AR B S 1 bR
o yu ERBRMT .

vir =g (Lq: Dk, D 9
Horh ,OFRR T 0] & W A PREEERAE . MM R T — R
JIW L, AR By A B BR A 5 i A R Rg, R Tl
T L A 2 I 45 o X 43 TP A B B AN g

z‘,j':zr({}glj 7y ) T0) (10)
e =wi * olw * [y Dge J+6) +b; (1D
C__exp(y)

e = M GXP(OJﬁ (12)

161( )

Horr o JE AR LM WO R, o S 0 R D AR 4 T AR -
Wy it STk B e STV S ) DT iR 0 it 25 1 R K o v T B
Fo BZ TR IIAE 2 A Softmax BREON L3R T 2
J1748 53 BEAT BR HEAL T A4S
2.3 MmER

BT FH - il T T 0 - it R AR g 2 S [ £ EE B )
f R BN T IS M2 ST Y R T G P s l'ﬂﬂl%uul
[ A R TER AT MR . R — AR ER MLP 43X
AW TE R 745 A R R AE S I A W SRR TE i A MLP Z

K FH P 23 T A 04 4yt v A BN -2 R o 23 D) o 0 4 O

W Fe g AT PR . B b KW dho, B R 8 SCR
a=[4@4] (13)
c;=0(W, « ¢;+0by) 14)
ti=o(W, * ¢y +b) (15)

Horb, L R REUR %

2.4 APER

PRSP P R . 5@ pn e, i
FAPIF R & 2 23 S RIROR B AL 2225 A F ) i 25 1) B 1 98 78
Wy, ROAHPBESY M Z A ERERER, XS4 A 2
FTERR R X PR OC R N 38 P i R = S R AL T AR Ry
M. H—MREHRNEZRE R R T =
[F] i PSR IR ERT € RY L B TR R AR R
B S D - it P v 2 ST W i s D R PR TE T e
fERI € R, ¥ PIAS 25 o] W9 VS 7 TR T 45 & A2 IR i T P 3R
/N ieVER €ERY,

2.5 L HM

B — A~ 25 00 SR X ORI P AR R A
LT S B9 X WAL T AR A e O AR . R RGP RS
T 25 FE AT 55 . 40 top-r HEAE AP G TR 45, AN SCE £ 0% 2 T
AR HEFEAE 55 . R &5 206 1 2 A0 il 9 2R & (5 B X 5
B 0 20 SR TU AT 43, kSR IR P RN o R B A 1

FeoR Gl BT EAER . AL T JA IR
g1=L[h:D¢;] (16)
g,=c(W, » g1 +0by) 17

81 1 =oc(W, « 8 o) (18)

230100019-4



B AT R W R AR Y Tl IR 45 A A B

’

A (19)
JOr s 1 R R B T ) 1 P 25900 o BRI VE S

3 KBERRSN

3.1 IWiEE
.11 #HEE
7R CAE B S BG4 Ciao, Epinions 1 Douban | 32 Jift
PRI R, & 250 T 3 MEEENIEAE R .
2 HUEMSEIHER

Table 2 Datainformation statistics

# Ciao Epinions Douban
il 7317 18088 24562
LR 104975 261649 46643
i 4 283320 764352 244936
W EEY 0.0369 0.0161 0.0214
HREE 111781 355813 513010
HREEY 0.2087 0.1087 0.0850

1)Ciao, Ciao L% T P % B 32 A9 3F 43 10 5% A0 P 2Z 1]
MEEXR, et & 0P x s 185 i35 9 i
id a0 . A B AR 0 B AT X S A R I TR

2)Epinions. Epinions f&— 4138 M 455 &, P o] LLX)
W AT IR 4R 9T R A A5 S B L % 4 i & R AE LIBREC M ik
Fo XANBIEES Ciao 250, AL & i [ A5 B .

3)Douban, Douban Movie 4&— >4 % F P % L 52 PF Y
B W45 5, 1 T DA L5 ke R PE IS AT 43 .

3.1.2 #HARE

SR T4 0 iR 25 MAE R4 75 A i 2% RMSE 1k
T g R RS bR, MAE Fl RMSE #% )32 i T #7545 3
P2 R WONE 5 B E A D 25 . BATT R (H 80N, R HEFE T
OB . (A A X P FR AR 1 /NI R, AT D 3 R
Tt top-k RIHEFERCRDT,

3.1.3 AZER

J T A T VAR A R AR LR L A S I A R 4y Sl
28 B 3 R R TR R & Ao 22 X 4R AR TR, X LU A SRR TN T

1) 5 P 43 fif A5 Y

PMF*) 450 A X5F FY P2 -390 5 7 20 40 B 1647 20 e 5 DA TG 2% 2
FH PR b B AE IR 2R

SoRect™ $& Hy T 6 F P-4 b OF 43 58 B AR P - P Ak a8
5% F L I 3R] AUA T 6 I 4 1%

SoReg" ") 1 b Xt 41 25 I 45 155 2 7% i 1 T A 30 A 249 3 o

2)) &1 ol £ o) 246 455

Dif{Net™" J&: —Fh 3 F R ML e k. BHEMA
FA-50 H 28 L R RS B R BT P 28 s 1] o, O AF R ¢
B P ERR .

ScANE2IFi) J 3£ [\ v & /7 (co-attention) #1 28 W 4% , i 5o
FH P -3 45 F Wy it 28 LR D7 s A Ol 2 2 P 5 4 A 2 1)
RIS T . 2P 5 AN IR B 4 AT 2 B 43 50 T P K
HAF A 43 B AS T B V8 B AL, DT 75 210387 B9 P T A O 4 4
fiE o 32 P9 2% v (39 41 238 B0a b (8 ) Node2 Vee AT 0T IR 1L .

GCMC+ SN — R g 308 (1 181 o 5 ) 45 245 4 1) 4 42 &R
i, BT AW B A IR GCMC H, il AT A
Node2 Vec™ I Az gt F 7 it AE 4 F P IS B 1 R 2 B #2 ff

GG RRAE BEATAE AR AR . 32 Ay R4 R AIE S A 1] et 2 1
R BT R R A Y LRI T % e A B R TT LK SRR 1 i A R A
I s 45 iy A0 4 B 2% 1 o 2, AT (BB B 5 T 4,

Social LGN & — Bl 20 3 T 18] 45 Bl 40 0 45 1 4 25
HeAEAEAY AR GCNs (4 08 5k 4l 38 7 7 Ot 4 3% 3 +1
A2 I 2% v A 32 B G AR I R

ConsisRec™ i iF B MM Z W4, iRk TH S X R AN —
PR, KRR ARE S 5 AR ) Y — B AR A B R R kL X —
RS HEATHAE I EENHSRRES.

GraphRec™ ¥E 4138 B . F P-4 i P L 06 A e 85 T 4 b
RIIRA LA T i P R A
3.1.4 AHEE

ARG BEAL R 5 R 3 A4 IR (6020 B HIE 4
(20 %) AR SE (20%0) . FEITA SE b, i (A 0 b 1
220 0.1 M 43 A X S BT R L. RS ECERIER
TE T R HEAT I A0 ) DA% 48 R R AT PR 19, P iR AR/ A
(8,16,32,64,128,256} 148 &R , ¥ dlv ik A K/ {16,32,64,
128,256,512} &, BRI A K /N E(32,64,128,
512} H48 22, % 3 F ££ {0. 000 5,0. 001, 0. 005,0. 01,0. 05,
0. 1) P82, WOE RER ReLU, I 25 a8 v 3R JH 45 5w
W BIESE 9 RMSE # 48 5 W86 UE 76 5 A 42 w8 . ) 45 1k
I
3.2 HEEZRSHMEELILR

Ji it PEVGraphRec X 72 45 S i 4 i 38 . & et
BT A LWL RS, R 3 FH T &% MR AE Clao,
Epinions fll Douban ${#E 4 I ¢ F MAE Fl RMSE A9 7 il {=
%o MELHEER, FEFLF LN

1)SoRec 1 SoReg B 3% B if & 4L T PMF, X 3 Ff 7 ik
AR B T B A 4R L (A2 PMF MRCR I 22, BB b i
5 AR FH AT 43 45 B O . T SoRec M SoReg T 1¥ 43
55 I3 FHA 28 I 24 2k [R] PIAT 4 B4 0 1 . S5 R R B AL e 2
B TR IR .

2) DiffNet, ScAN, GCMC SN Fl Social LGN #1484 F
SoRec Fl SoReg., % JLAN 77 12 #B 2 [ B A FH 3V 43 5 B A4t 28
W 2% £ 47 =77 19, T Dil{Net, SCAN, GCMC+ SN #il Sociall-
GN 236 T4 25 0 2 (I HEFE AR AL . 3K At BB 9 42 T TIE 58 1 4
25 0 2 7E b PRAERE AT 55 07 T I A SRR R DI RE

3) ConsisRec fll GraphRec i g 2 i T DiffNet,
ScAN, GCMCH SN il Social LGN, 33X 6 Fft 77 3= #5 ) F #2290
2% HEZL 5% 4b BRF 43 7 8RN 41 38 W 2% L {H J& ConsisRec 1 Gra-
phRec 7EXJ & J& R A (1 1 B2 b fig gl 7 4k 23 6 2R — 8o [a)
AL, XA LT R WL A A R S M OC R 5 TR AR A

DA HE Y PEVGraphRec 528 i )0 T i 47 5 2 A
., L ConsisRec #l GraphRec, 4% S5 B 2 448 T 56 i3k 69 Jr
ARG E B M M4 . 5 GraphRec # kb . PEVGra-
phRec WxUHLAHE T 5 S5 & R X R IJHE 5T E Y
A R DU SR R . SRR W Z R R 2
HAWREBELR.

25 L MR Y b e 4 R B R - 1) #E 32 46 A BORT 4
4R & A5 B A B T4 FHE P A8 5 2) AH Lo A% Ge i #7550k, Bk
T 2 ) 25 HE S 1 HHE 77 B8 AR A5 BT 47 1 2508 5 3) BT SR T 119
AR UL T 1k e iy SE R T

230100019-5



Computer Science LB Vol. 50,No. 11A, Nov. 2023

3.3 KBS
AT K T 50 A AL 2 B A AR 2 41 A R ) 5 L LA
SRR BE ik O 1 % filg v I 2l I] A RE 0 X AR B 5 AR Y 52
LT
30301 RN AR AR 4 R
YRR R E R AR S IR R — AT
3T P N A R 4R T A 0o AR AL P R B R I
P 3 45 Hh 1 4E B AR AL 25 BB PR REA R AU SE A . AR SE
LR AR AL BT S RO B B BOAE. SE BOR

R v P R 4 B AR A S B T 64 I 128, B ik
N JE B TR /N R PE REAT T T I o D DR R A )N L A e
AL AT A I A 6 A R 5 SR 2 A A R ) A E D
Jei B R B U R[] R . SRR S | B 0 B 4 3 i 5
LR B B 2 B O T 22 A R T A S PR HE F [] R
Fo 3 B4 . &% B Epinions X ik A 2 B2 1% /) e o BORK T
Ciao HR I TR B 04 V8 018 [R5 Ay ke 7 44 J32 I A6 200 1 B ) 78 0 it
BER/IN . SR T W] A 2 00 2 BE b R AR B R R
EOR P

3 AEMEFE B RE LA

Table 3 Performance comparsion of different recommender algorithms
Social GCMC+ Consis Graph PEV
PMF SoRec  SoReg  DiffNet  ScAN P ) onsis rap Graph
LGN SN Rec Rec
Rec
G MAE 0.9520 0.8489 0.8987 0.7698 0.7634 0.7564 0.7697 0.7394 0.7540 0.7328
1a0
@ RMSE 1.1967 1.0738 1.0947 1.0247 1.0192 1.0185 1.0221 0.9722 1.0093 0.9689
Epini MAE 1.0211 0.9086 0.9412 0.8511 0.8549 0.8579 0.8602 0.8046 0.8441 0.8027
ons
puions RMSE 1.2739 1.1563 1.1936 1.1025 1.0971 1.0892 1.1004 1.0495 1.0878 1.0413
Doub MAE 0.9701 0.8542 0.9114 0.7943 0.7816 0.7756 0.7880 0.7886 0.7638 0.7544
ouban
RMSE 1.2241 1.1024 1.1943 1.0288 1.0257 1.0245 1.0361 1.0347 1.0105 0.9902
0% mm Ciao 115 mm Ciao
m= Epinions = Epinions
090 BN Douban 110 BN Douban
085 105
g e
080 = 100
4
075 095
070 090
6 32 64 128 256 512 6 32 64 128 256 512
Ca) i P itk A4k JE-MAE (b) il P A 4k i -RMSE
0% == Ciao 115 == Ciao
m= Epinions = Epinions
0% = Douban 110 = Douban
W 105
$ 8
080 100
2
075 095
070 090

16 32 64 128 256 512

Co) ) itk A4t E-MAE

16 32 64 128 256 512

()Y bk A 4 JE-RMSE

B3 AE 3 Bl 4 AR X ik A 2 B A U

Fig. 3 Sensitivity of model to embedding dimension size in three datasets
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