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Abstract

The existing graph contrastive learning-based recommendation algorithms are often constrained
to node-level or graph-level contrastive learning, limiting their ability to fully leverage the infor-
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mation present in the graph. To address this limitation, a Multi-Granularity Graph Contrastive
Learning (MGGCL) approach was proposed for recommendation. The MGGCL approach integrates
contrastive learning at multiple granularities to enable modeling of users and items across dif-
ferent scales. At the node level, a neighborhood contrastive learning method is introduced. At the
subgraph level, diverse local structures are generated using random walks for subgraph-level
contrastive learning. At the full graph level, a contrastive view of the entire graph is constructed
by combining similar subgraphs with the original graph through sampling. In the end, a multi-task
strategy is employed to jointly optimize the recommendation supervision task and the contrastive
learning task, resulting in improved recommendation performance. Experimental evaluations
conducted on real-world datasets, namely Yelp and Amazon-Book, employ the Recall and NDCG
metrics for assessment. The results demonstrate significant enhancements of the proposed model
compared to the baseline models, with Recall@20 improving by 4.24% and 6.85%, and NDCG@20
improving by 4.04% and 9.66% on the Yelp and Amazon-Book datasets, respectively.
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1. 51§

IR BRI R R ELE )2 3 S AME B A ) PR R R T IR RS BT AATTERER,
RIMIZ W FETE RS, FIXANE T, RS (Recommender System) () ZE ARG MR . H#HEHE
FRGn] LIRSS FH P (RS R R 5047, P R BRI ME B[] MERMHERE R LT LA . Jk
TR T IE FE T A 8 M T v IR AR 7 [2] . IRk, T E#R £ M 4% (Graph Neural
Network, GNN)IJHER LR T2 . GNN #28 AR BN B (i, P - BE 2 5 E), FFRE T E
MEIEYE, ReERA I H B4R R ST A5 R, M BE A 2o 2% =) B P AT H AR T HEFE[3].

KREZHFET GNN HEFE FIREEAG ) B % 2, 22 W Ibsic B R T B ALIZR[4], 28
I VF 22 55 Br B HE 37 3 e R T I B A v I @R [5] . O T SRIGSE iz AW R IE RS PRI R, R R B 76
B R, BT B W ] (Self-Supervised Learning, SSL)JEZ[6] [7], ‘B 1# GNN AEME MR Fric i 5L
PWRIRAT SR o AERA—Fhoeidt iy SSL HR, XL~ (Graph Contrastive Learning, GCL) [8] [9] [10]
e THERE R G0 N bb 2 ST 38 78 B B30 Hh b Je AR e 0 ISR AR BOE AR AR, e AP g B LAt e A A
RNREAS, B KA TERE AR 2 T (R AABLRE AR S5 /M S RE AR of 2 TR RIARALLRE o AT 4R 3 Pl A [t ¢ 1 17
ARV, 2 2] B RS R E R R[]

1E FRTE S N, F B b2 ) B AR SO e s . Zhu S5 AR H T GCA [12], ARAETT it
FEVHEAT S AL R B, F S N E I SR, AT A A DA L 5T . Wang 5 B BE L
HEGRENS, $RH T SGL [13], il — & hBnt s A HEAT BEALIM BR R A S M s LI, P g
T B8RRI A RAE, i B B TS5 . Yu S NASR 3 T 254 sh i B s 7%, R TEIRA
2% ) Fp s N 2 ST 0k 7 SR B 0t U AL, 4R HY T SIimGCL [14]. Lin 28 A% & 21 B b i e 48 &, B FH P (I
H ) &5 b 140 R A S A) b R4 JE AL 78 IEXS o i, 2 HE T NCL [15]. Cai 28 A& H T LightGCL [16],
I B A S AT X LU, AR T LIRSS il o Jiang 5 A3 9 A5 FH el A oA ) A €] 2 i s 7Y
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YENAT N5 EL AR A pleas, $RH T AdaGCL [17], AR @ N At LA e AT 5 B2 ), SR T HESE
R

JUE B LG TR T AR, BIUE IR S — i R PR . BB 0 = B AN U AL
SRR b, SR B T AR I PR P B AR A S5 R4 [18] 0 BN B A2 ST i BAAE T s AT [19]
[20], ERBEMEEENT S RARE, (HA e 2B AR WEE, Wt X M. FOERRER
Bk AR AL, X8 4 JR {5 BT BRAR RN I (K 25 M R Th B 28 G E B2 [2] 0 FRIRT Ll ST AN A 4
GoEAT[14] [22], BRARA B THIFERAA L, (HrTfts SRR EEN SNRMEMEME, ErFe2
PR AN [F) 15 R TR ) JR S o0 SR AR 2, 415 R 1) (1% (] o Pk B S Jo R [ 23]

BEXE UL, ASSCHRH T — It T 22 R0 B 1 B bL 2 ST #EFE B VL (Multi-Granularity Graph Contras-
tive Learning, MGGCL). MGGCL Jfid 5 s Znt by =) F RIS b5 S) R ot e 2 A EE &, AT
SR P RII0E SRR AR, AR S, MGGCL 4 AR b2 ) vk, SRR - H —
oy B SRR L, A 0o P (0 H ) 5 H R 4504 1) 20 a2 T 08 RdEAT i 5. £+ B, MGGCL fi
FA B AL A () B AT AR R R JR e e i, AT PR tes: o) . R B0, MGGCL @it “AH
UL - B R RAE 20 SR 4 PR ot BEAR BRI HEAT Xof EL 2 3], AR AN B A JR 5 o R B B —
B T HIEFFL, MGGCL Sykimidgi & 2 R % bhaz 3T, SEEL T 0 BRI A 5 TR AT VRN T 4 T
HEEE . A 2T T B YD 5 [24] I S BCE B #2 , LA Bl i B N ) &, AT g — DR A ROR

Al E IR Yelp Al Amazon-Book Xf MGGCL #E47 T 381E, FFE 7 X Ebaeit . WRhses
WEB TR A 8. AN SHOHAT T 8.

2. FESMiEEENX
21 FSEX

s PR = (u) MG | = (i}, SRERRRBGES. W, SRR, WESImkERR
U AR ROR I R e (0,4 L I RAFER IR, =1, AAFAESHIIR,, =0.

EFATHER , ATV A HE G = (V,E}, Hehi SRV = {U UL R T
PRIGH, 8 E ={(uiueV ie R, =1} FAMEEMZ . TR us BHL N, NABER
HAEZHE G P HIALE.

2.2. BIREENX
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M T IR — /MR, 2B T w28 AR B S vk, Ret TR 2815 B 22 )
FIHF u FIIH 0 2 8] B RBOR R R LA — w8, AR EVEREVEN Fadnxt F A u 25 T K A4S
T H HEH -

3. =B
3.1. EZHLAR

PR i) MGGCL B M BEPRHERIN S 1 R, AT, W HO ST, HERE i = A
Bide, BRI, SRS ORI A B, B E A, A AR B R A
NG R Xf b2 I, fE iz sial 1T 2R R A S e . BRI S, I
AR FEXS S AEX I A E I . @A FRLE AT ST, TR
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Figure 1. Model structure of MGGCL
Bl 1. MGGCL #8145
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3.2. BYmtLss
P gt 24 FH P AN H 88 24 22 B o0 R LT B 4t R R 2 [a) AT A HEFAAT 25 A4 B 47 AR AIE 3
5. ARCHTEF IS 82 LightGCN [24], iXj&—Fi B G . LightGCN itk 715 SAkis
FRA MR, IR TR ESRE, FEd TEB#&. HRARBEMIIMARERE S, e T 2
D5 R AR e AR 2R MBS UL B IERE[3]. P u BRI A LS IR AR R W R
1
N, [N

e 1 ie(k)
YK+l

Hr, N, R uIAESES, KON LightGCN Z24L, o™ FRoRTH S k BN, e, RHIH
RERNFIR . TH | PHRANRR ¢, 52312,
LightGCN [BRL T, BRAT P u AT H § 2 TR AT RerE, 4 ONF PRI H e 28 RoR i) A L
Vi = €08 2)

NTREER S, FREWFATS P IS R, 5] /M HE# (BPR, Bayesian Per-
sonalized Ranking)#ii25[25]. BPR #5148 #5 OO %2 1| 1) 28 AT ATl 2 Em TR MR RN E HAT N, A
AUF:

esm) _ e Si(k)7

ieNy

(1)

Lopg == 2, IOgU(?u,i_)A/u,j) (©)

(u,i,j)eo
e, o () /2 Sigmoid B4, 0 ={u,i, j|R,; =L R, ; = O} F ot YILRAHR , (u,i) Fom TSR EREAS,

Bludg i RASCH, (u, ) RAKRMERIMGREAR, BuljREEZE. BPR BRSNS 1 ERE A
RIS AS IR T 73 4

3.3. TAXEEES

FET RGO IR LE 3] b, 3 PR R3O P2 2T B 1 o DR P (B0 H ) 5 E R 254 40
JEHEATRI . S ST E AR R, B RS S B BV A P T B R, X
TR H A G 2 — AR = B, H s 5 AR Sy m A A

XA TG, AT PO BRGS0 EEUS (B 2. 4. 6)f H RIS IR AT I R OR . AR AEIX HE R
A DA Rt s P B H 5 R S R AT J 2 8] (R 56 R AT I R B B RN AL A B 0]
RAVNIERT, HABRA 5% . ZEXT HAii 2k InfoNCE [26]19 25t [, B 1717 s506F 2y 145 0 R 4L

£ =3 ~log orp((<- /)
ey 3 exp((eﬁk) O /r))

veU
Horpr el 2 BGmAT AR 5 K 2 MG HH FL K28 %, e A1 el 43 B R AT u MU v TR AN (u £ v ),
7 J2& softmax MG EE 24, R J7 2T LUAS 230 H 45850 LA 2% s 4
exp((e® e /¢
‘CIS — Z"Og (( ))
il ZeXp((ei(k) ~e§°)/r))

jel

(4)

()
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SERE T X LA 2K R A b A o 45 % AU«

Ly = L5 +aly (6)
o, at— B, RO B R L2 = e R

3.4 FEXLLE

5 R AN A R b STAR b, TRt b ST T R TR B M B2 S . AR R AR ESR
PETE, JE7E TR BT e 5] o ASCRA T — A3k T BN LI E 271007 Bk A il 7 B o BbLIEE
ST AR T - U A ELIE G R B M A e JE 3R, T 483 7% I 4% L 3 4 5 2 A
TLERT4Y R R X L

BT A SCRRIBE L A S w2 2 45 BRI R 2% 01 2 2 S 3l — AN T PEI[13], 3% 54655
(T 2SS A T BB TR R[27] [28]. 2 T30 — H A, AR SO A S R s i 2
SO HEAT AR 130 400 » T2 P AL A B2, LS MH 5t R B DL A 2 i T PRI
AT

s1(G)=(V.M{" O ),
;
s2(G)=(vV.M{ O E), "
Heh, s1(G). s2(G) ForBNLIEEAERKTE, MO,MO {0l SRS L EMFEAIITHINLL E
75 R R

LERE ST T IR T R 2 05 7 I b T 490 )15 AR DI o B R A I R A
Xﬂmm,K%%ﬂmUb,ﬁ%ﬁﬁ%ﬁﬁ%ﬁ%@*%ﬁA%%ﬁﬁ&@m{@eomwwuiﬂp
SIS A ST, S A LR T A8 SRR AR S A . P T
bl ST B KU R 3R(8). R FE AT AR5 i) - FEX LA AR B . S5 PN, AT D b S (45
Sk Hn ~ (9):

223 g exp((e].€//7))
o Y exp((e).€/7))

veU
Ly =Ly +aky, 9)
Hr, a2 —NESEL RSP B b 2] A P A E 52K AR .
3.5. £ExEEE

4 S B ST X B BT EE 2000k, BRI IR A RRE,  DLSKIU B R 451
RINTESS B Z AR 51— TS i 7 B b2z SRR b, AR L2 I AR BR T IV 9 £ 4 4
FRFPE, T T T2 S R LA A B — B RO M S A R, AR I B B g 77— AN S
AxTHIPLA -

BRI S, £ - BUH A G skt L, 3B BEHLIEE S0 s A S5 AN [ 1 1 s1(G ) A
s2(G), WARTFR. RIFAERAT E LS HIFIH LightGCN 2 2% 1T i 144843 21 A T I K 40w

Z,, = LightGCN (s1(G)),
Z,, = LightGCN (s2(G)),

(8)

(10)
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Hep, z, Mz, R T sL(G) H1s2(G) Mk .

X TAE A B LU 2] i T R oy R PR A, EEAET AN HEIE: 1 IEFEA T BEORUERR A LU 451,
AREE BRI E RN . BEHUEERSE TR 450, WA — NI KRIIEL, BT R
AERIEREAR, 2. FREATREG —E4MES . FEEAFRER RSB UER, iU HERRTER
FREA . FTLAEARTN H, R “HLTF B - BREERFE” MALE, IEREASKT AR LT B e, SRR XS
JEEERFER G, AT DAORIE RS & 4548 B —E X0 . BARFCREA W R .

Z, = LightGCN (G, dropout = p, ) (11)

Hrr, z, RoRfEE G FATEH k UCKRFERT A AR BN, p RAREE K JCRIER 1) dropout ELB1 . Hf

XFEIRISHY {Zl,Zz,---,Zk} YERBFEA, AT LA 2K R A

e Z.-Z

£, =-log kxp(( - pZ/T))
kZ;exp((zpl~zk/r))

(12)

3.6. BFRKRY

N A7 A TR B A At P R 2 R AE ELREAT AR, ASORs IR G R I 2 R RE X L 2 3
BURAE AT, FRIH ZAT55 % 2] 5G5S BPR BURARLE &, 19 5 AR BEAR 51 s Ll F

Lo = Loor +ALs + ALy + L+, 0], (13)

Hoh Ao Ay 2 A0 2, 23 R4 ) P i RO AS [RDREFEE X bl 27 ST R AIE WAL U B 2, T © Ko
BRSHIES
4. EWERS TR
4.1 SEHNEE
4.11. WiRE

AR WA AT RS Yelp [24]81 Amazon-Book [13]REAT 525 . Yelp A& —NAFF ] F i) s 91 M
S EE SR, ZEIRE ALY T ORA 8 N R E L 5 FHANRIK, 150 /5 IR AIHEEE K A . Amazon-Book
R ANATFRR IR, FEAE T Amazon W B PR RTE R . 1 BN T XA
MGG S FEERELL 7:1:2 ISR I ZREE . SR UESE AN 4 .

Table 1. Dataset statistics

® 1 BEEHIHER

EIGEES 3 T H # ZH. Wi
Yelp 19,539 21,266 450,884 0.11%
Amazon-Book 52,463 91,599 2,984,108 0.11%

4.1.2. WM IEFR

AR topK HEF T AT HERE, Herh K =20, SRR RGUE S H A H B % Recall 14—
fh 45 B i1 25 NDCG (Normalized Discounted Cumulative Gain)fE J9PERELE 484 . Recall 24 & topK
Wi RGMERE I abr 2 —, T EAHER SR b IR0 2 (0 A P 77 58 22 B it B o R P ZE XA vp e
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AP R BRI ] . [l B B R A RO A . e AR P S U, SHMEEH
FrueU , topK IHEFESIZR A L, , MRS P u I ELSERs AR A L™, MRS 3 [m R 3 A RO
1L Nee
nhekK=> ———— 14
recall @ L; o] [ (14)
NDCG #i & [ #2513 H AR B HERF S R AR E . NDCG sy, S X HI - BEAH 5 130T H B
JRAE T A FN R AIHTS, U R ey . AT

NDCG, = DCG, (15)
IDCG,
K rel.
DCG, =rel, + Y —— 16
K ! g;‘logz(iJrl) (16)
|REL| 2reli _1
IDCG, = Y ————— 17
“ ;Iogz(nl) an

v, K FOREBA TTRER A PHERE AT K ANTTH,  rel, R4 T-0LE | (0HERETT H AOAESCHE,  |REL
PR RS HIRT K AN E A

4.1.3. IfLEARE

NT LAV MGGCL HIMERE, A SCR A R AR, IR # R T Aok — S iy . A R0E
PRI .

(1) BPRMF [29]: —Fh{EHFE /- AAESE T L4k BPR 4 25 pR 20 0 22 LW R R R

(2) NeuMF [30]: —F FH 25 J2 BN A 15 1 B 20 A A A0 b SRR I B

(3) NGCF [3]: —Fhft TR [l uE 7k, 1 FFRHER ISR 2%, I 2EH B AL 16 1 R ok — Fe
fE2E B gmAg 25 B

(4) LightGCN [24]: — i fij B 1M my Rk I HE 2 S0, 7F NGCF At b it 1 RRAE AR e A 2Rt 41,
TRE T BB 2 AR R & 5 R R T4

(5) SGL [13]: I AN T H B %2, S - I H 28 B KU FH a5 M ah A4 sont Lb il ], AT x5 b 20 .
AR SGL-RW 1EA SGL IS4t

(6) MGGCL: ASSCHE H 135 T~ 22 b7 B 1 K bl 2 ST HE R AR

4.14. BYEE

N T AT AT, AR SCRTA R EASE A 4R A LSRG S 4 I B S 8 I SELFREC [31]
MEZLSEL T T A . SELFREC HEZE&— /T B MR BHEREN Python HEZE, £ERL T F NS S A ds
bro fESZIGIEFE, {fH Adam [32]fRAL 28X BT A 7 i AT AL, TERTA IR AR T Xavier [33]#144
. #RNK/INA 64, batch size hy 2048, 431K 10°°%, RS 4 0.05, dropout XN 0.1, #
SR N0, BB, L, N107, ESHE N1, #5810,

4.2. EWERE S

4.2.1. MgEXTEE
AR MGGCL 5355 Hofh 28 ik 357 Sk A AN B Se B 48 B see s sk 2 fion. Horp
Improv. AREA SCEIEA T B B IR L E S TR AR_ EIRTEELG] . N T EIR SR EM, L3645 55
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2 BT T X EOR .
Table 2. Performance comparison of different recommendation models

2. TRIEFRBRMRELL

Yelp Amazon-Book
Y
Recall@20 NDCG@20 Recall@20 NDCG@20

BPRMF 0.0433 0.0354 0.0250 0.0196
NeuMF 0.0451 0.0363 0.0258 0.0200
NGCF 0.0579 0.0477 0.0337 0.0261
LightGCN 0.0639 0.0525 0.0410 0.0315
SGL 0.0661 0.0545 0.0453 0.0352
MGGCL 0.0689 0.0567 0.0484 0.0386
Improv. 4.24% 4.04% 6.85% 9.66%

MER LI Lt BT LUR L, (E40 77101 BPRMF TEEUHE4E RIUANET, X R U AR L LA 3k A P Al
TH Z HE KR . NeuMF TEFTA 6L R AR T BPRMF, ERH 1 FH P A1 H N 2 18] 2 1k R AE
A H P E BV (HLL R VEER A U RN 2 ) R R s AT R, XRS5 SRR AR
RN T . NGCF BRI 7 BG40 P - T H B s et AT @ s, ROR3RT T HEFE I RE
LightGCN HUAS 145 AL T NGCF, ixX 3R W b 1 REAF AR 450 A 3R 28 M 45 5 SR 00 17 A0 2 A4 PR A 2050 1 R Aot
£, SGL TEM /MR AE F PR RE — B T HAth 7515, IX R BT L2 SRR SR PE R & A 201 - {342 SGL
RN—AYERE TR L 2], IR WA KL FAER B 1 4R 4544

m 2. 2 s, ASCHE T MGGCL BRI %t H & Bk 5778 Recall@20 1 NDCG@20 f5 45 3%
WS T Bf R . TERNEURER I, MSGCL F kMR Hh 2 I f i ()5 8L (SGL)AE Recall@20 #E#r |
SAERTE T 4.24%. 6.85%, fE NDCG@20 #&kr Ear 4@t 1 4.04%. 9.66%. X PP #4322 th 2 K fE
0 BT e 2 2] s ok i), MGGCL W] BAEAS [FJREFE T 25 i B IR S5 W45 U2, DA S In 8 A 4 1o g 18 A R
SR EE AN

4.2.2. jHEASCLE

NT 5Bt MGGCL &2 PEIIVERE,  BOAIEAS [FPRLIE T (0 6F bl 27 SIS B st 22 v B 1V R,
T LA FEVES LightGCN Al MGGCL #3475 L SE256 «

(1) V1: 75 JFASRY v Jegaiy U0 LG 2 3] R

(2) V2: FEJFAEAY rh Fo i 0] Bl 2 2] B

(3) V3: TEJE AL Hh i A [0 b 2% ) Bk

TEPAN R4 Yelp 1 Amazon-Book b [7H @hszIt st Wanlsl 3 s, w3 nr%n, MR —FAH
L FE 56 bl ST HR 2 S 3 MGGCL M RER N B4, {H = AN AR P RE#0 LT 35 HE LightGCN. IXiER] 1
AN DAL PR KT B 25 ) Rt ok B AR A (G e, RV TR I B, e A
MR, EAFJTHEET: T BRI RE .

42.3. BEREEM T

(1) REESH

wn Bsepng, (@) (G). @) M (12)w LR E B SR Ex s ) ple  EEAE A . ¢ 2%
FH T VR HEKT LU AR 2K R 80P 1 softmax BRI, AT 52 RS of AN [ A ) 22 S (R BBURK FE[34] . 9 T o Ml B
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Figure 2. Performance comparison of different recommendation models

2. NEHEFREAERELL

P, SEIgE Rl 4 Fos.

ATLAILER R, KB B EORR (B0, 0.100)2 SHUS AR TR, I HLIS ISR S BT 75 I 25
W, X R WIBALAE X 4 HE AN R SRR A (hard negatives) 5 & T-#HA IR 7UFE A (easy negatives) /7 [Hi ) BE
DA . T B NARNEW a1, 0.010), KRR AR . DEFREAR S R
AR, SRR AR SRR 2R e, KR AR o) HARRI GBS . ARSI o
BB E K 0.05, AT LA RAFRHHEEVERE .

(2) ¥ o

DOI: 10.12677/mos.2024.133193 2106 e RSE TR


https://doi.org/10.12677/mos.2024.133193

R TR

e ECAK(6). ARO)F, MBS Ea FRTHA FIRLEE T X 2 3 i AP A H SR AR . N T

0.070 0.058
0.069 | S— 0057 L
0.068 |-
0.056 |-
0.067 |
o L
& 0.066 F K 0.055
® ®
= 0.065 | O 0.054 -
S Q
o o)
w2 0064 Z 0053
0.063 |
0.052 |
0.062 |-
0.061 - 0.051'F
0.060 0.050
LightGCN Vi V2 V3 MGGCL LightGCN Vi V2 V3 MGGCL
Yelp Yelp
0.050 0.040
0.049 | 0.039 |
0.048 |- 0.038 -
0.047 | 0.037 |
o
é)oo% - & 0.036 |-
= 0.045 | QO 0.035
< Q
8 0.044 2 0.034
2o Z o
0.043 | 0.033
0.042 | 0.032 |
0.041 | ’—‘ 0.031
0.040 0.030
LightGCN Vi V2 V3 MGGCL LightGCN Vi V2 V3 MGGCL
Amazon-Book Amazon-Book

Figure 3. Results of ablation experiment
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Figure 4. The impact of the temperature hyperparameter z on the model
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Figure 5. The impact of the hyperparameter . on the model
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