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Abstract Collaborative filtering-based recommender systems that only rely on single-behavior data often encounter
serious sparsity problems in practical applications, resulting in poor performance. Multi-behavior recommendation
(MBR) is a method that seeks to learn user preferences, represented as vector embeddings, from auxiliary behavior
interaction data. By leveraging these preferences for target behavior recommendations, MBR can mitigate the data
sparsity challenge and enhance predictive precision for recommendations. We introduce MB-HGCN, a novel
recommendation method designed to exploit multi-behavior data. The method leverages a hierarchical graph
convolutional network to learn user and item embeddings from a coarse-grained global level to a fine-grained behavior-
specific level. Our method learns global embeddings from a unified homogeneous graph constructed by the
interactions of all behaviors, which are then used as initialized embeddings for behavior-specific embedding learning
in each behavior graph. Moreover, we also emphasize the distinct of the user and item behavior-specific embeddings
and design two simple-yet-effective strategies to aggregate the behavior-specific embeddings for users and items,
respectively. Finally, we adopt multi-task learning for optimization. Extensive experimental results on three real-world
benchmark datasets show that MB-HGCN can substantially outperform the state-of-the-art methods, achieving a
relative improvement of 73.93% and 74.21% for HR@10 and NDCG@10, respectively, on Tmall dataset.

Key words  hierarchical graph convolutional; collaborative filtering; multi-behavior recommendation (MBR); graph

convolutional network; multi-task learning
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Fig. 1 Overview of MB-HGCN method
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k _ =k g — 5
€, = eMGBe“, e, =e de;

(RAE, B EANT S 2R RMEAZ A, B A RAER
s (10)
Horr @3 7% Xof WA JC 2 AR
224 ZALKEA
AT 555 2 s — PP S AL A [RMEAH G 94T 55 1Y
23] WM. R T T b R R R AR 2 ) R i 24T A
1., MB-HGCN 57 R WA ST B I 24T 55 . R
THE AR 7 SR AR T AS 4. LASS & AT R R
o= @)e,. an
X EEAAT 55 B9 A AR T DU 3 P A HEF (Bay-
esian personalized ranking, BPR) 45 2 .
L= Z ~Ina(yy; — ¥ )» a2
(@i, )€0
HrP O =((u.i, Pl(u.i) € OF, (u, j) € O }E SN IEAEA
XFs OF(O)FRRTIEYHIAT A EMER] CRWEH])
IFEAS; o(-) 03 sigmoid pR%L. ML 45X (12), AE4E 15
BN A K AT 5 B2k s g, BI{L,, Lo, Li), R
P KA R pRBCR R, #EATER GO0 A, 8 R ORUE, A
[F) AT 55 19 BT R 07 9202 AN [R] 9. SR A [m] 9 4 2K 23 A
[F] (%) A T AR 2 4t v A 2 1Y PR R, AR TR S AR 1Y
WSTR[ 4 E AT 1 R
FHIN, A SCE FE T O RAE S 2 5 A R 1A 2L
P, X6 45 2% R R A TR ASCER 9 IF 9 AR D AR Sk Y T
VEH . e A m R sRECR R

K
L= Li+BlI6l, (13

k=1
Hoh ok s &AL BT A T Il 25 09 28, By IE Ak
FEC AT LA TRz AR, 2
ik Sk A T T3 f# R node dropout A1 message
dropout 5 W, 43 71 FH ok B AL 2% 5 (&1 o (9 77 0 A ) o
HAE R

3 ZWHERSHMWM

ATHE 3 AN TR I MERR 4 L EAT T A Y
SE, DAPEAG MB-HGCN AL 1 A 00k . BT &, A&
B T R LR A5 )

1) 5 & Sk B9 HE#E )7 AR B, MB-HGCN H2 A i)
PEBE .

2)MB-HGCN #4 #4 (1) 45 20 5350 o0 5 4 v e A
a5 ).

3)MB-HGCN e 75 2 i 12 J 2l [ .

4) BE T GCN J22 B0 A5 7 1 G A o] 510

3.1 LWigE

D ¥ s 4. L5 op i T Tmall, Beibei, Jdata iX
3ASE BG4 . Tmall A1 Jdata B096 45 615 4 FhAT N
200, 4390 R B (view) . WSUTER (collect) . it e 4y 42
(cart) FlG 3L (buy), T Beibei ZU 4 4540 & 3 Flf7 M2
S, AR e BB LA W G AR T S
A TR 3 AR A T, W SEAT B E S HARAT N,
HoA B A AT R EA R B AT . S TR DR AR Y BT
A, X R B AR ST T AL, B T
AL SEIF PR B T e R AR D SR T AL 3y v A
T ZHTE ST AR B AR U, X R LR SR A T AT R Y
BE LAl R B W AR 1 R,

Table 1 Statistics of the Experimental Datasets
x1 ZTHRHREFRITER

e
Tmall Beibei Jdata
Jilal 41738 21716 93 334
LY/ 11953 7997 24 624
W3K 255586 304 576 333383
plakyEs 1996 642 622 49 891
Wi 221514 45613
W 1813 498 2412586 1681430

2) VG BRI S TR R R A PR RE, SR TR
BB — 5T i AR N R B, iR A N P i B —
A2 H Yy an R g R A, DL AT B S BOR L. 71T
it 9 B, 1500 A v BT A W A B S K, O
EATHEATHER , WA U] i HERE B 3. O 2 i
f AR PR, U0 SR T 2 A4S 2 8 I PP AG 48 A
4 1 3R (hit ratio, HR@K) A1 13 — {1k ¥r #t B 11 14 55
(normalized discounted cumulative gain, NDCG@K) .

3) BEMERTAL. Sy T 7R MB-HGCN 25 (1445 241k,
5 A LM 7 7 WL AT T PR RE AL

AT H Ik

MFBPR™. % J7 1 ¥4 5 [ 43 it 5 BPR £t AL AHE S AH
55, AT AT

LightGCN™. % J5 i ALAR B 40 J 2R A 484, [l b
ZERITCARRY AR LA e, AH EUAR 1 GON R R AL 1
R R, AT S B S AAG 75 1 4 7 1 e

Q247 hIr ik

RGCN"Y 2 A & — i ¢ Z P 46 B 4%, 3 2o
SR T R Y A Y A SRR 2 2T Y URATE, Wl RLIX
Oy ANFIZE R, AT AE S 1 AT R 5 2]

NMTR"' 2458 B2 G Bk AR A5 1T P 1) 2 A4 7 Y
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TR EEASERY, T4 42 HEW fi 4 5 2 6> PR AR HERE.

MBGCN" iZ A5 Y FI FH 2247 R (8 1 P -390 58
BOHE Ok 27 2 RAL I T A AR HESE . A, 8 R H Y
i =400 i 4 R A BRYA )i B ) A

GNMR" Z A5 70 58 33 fil B 58 A8 B HME ¢ R
B, 3HHE 27 R Z B 5 2 P -P b s B, JF 4T
HeFAPERE.

SMBRec™. 12455 7 5% X} HE 2 2] 5 ik 0 A7 2 R
BEAE 0 R AR 2T, DA A 8 B AT S 15 B R 42
HARAT A 1) 7 A A

CRGCN"™. 3351 TAEXF A7 i 51 A7 #2458, I 1
F ARG ST AR FAT R Z M, SE T AT R
Z A A M MR R

MBRec™. % J ik 2 1 T — AN M B G R g i 4
DL 3 0 Mk R 2 1 06 R A5 M T B R E T2 AT
RFRHFITRSE.

4)SE B . 1% i PyTorch SEE. fr A i
B batch KNG —BE S 1024, (0] & RAELE 58—
BB N 64, A CHEFE T Adam (L AL2S. AN, 8 i MRS
R FR AR (1 1 S5, BARRUL, X2 2] R
1E W4k A B 43 9 7F {1E—2,5E-3,3E-3, IE-3} Al {IE-2,
1E-3,5E—4,3E—4)0 [F N #E4T R4
32 EKMEEITM

ARATA 4T MB-HGCN #5781 BT A 5L 28 7 vk 1%
REAO TR AN LL 5o BT . S 4028 e an 3 2 iR,

SR E, 247 R AR LR T ERAT
B, M T A AT A R 2 AT ik,
MB-HGCN U 0 T HA 247 Ry 7 . 5 Fe A A st
TR L, 1228 R0 A 4 2 vhE o v O i A T B 3 ek ok
X gh LR IR T2 R ) PR RR .

FE AT N7, LightGON 7k 7E 3 a4
(P fiE 26 B0 200 T MFBPR. X 45 SR IH I TR T
GCN 1Y 5 I AERHHE P -0 i 28 1A% 25 T 1A 3Pk

1E 247} )7 ¥, RGCN il i fa] 88 Y sk 7 vk
B0y B EEASAT Ry rp 22 S I R AF BB AR,
oo RN, BB N TR T AT N Ok
LightGCN [ #E i 5. 31X ¢ B X 5l Bh A7 0 R AE 4T B
F2 B G 0T BE OO AE E B R AR S R B2 . AH I
MBGCN #il GNMR ¥ JH T &A1 RAE R & K wk, W
FAH L RGCN AR HUAS T 347 1y PR RE, X 50 iE T AN [F]
17 0% HARAT R ) STRRAS [ Ak, NMTR FI CRGCN
W R 2 T N Z A C R, JF H P
(4 P B #5001 HiF T 2 2 A9 7 k. NMTR 38 i A [/ 47
Ry R A8 EL 43 B ) 4 R G R AN . AH L2 R, CRGCN
B G ) Rl B SR AE A o] ik B e, DA AE
fit 4T NMTR. MBRec 1.0 %3t T 17 M€ )2
LA 4, R AR A5 T Y M BB R B MB-
HGCN g % K I ¥ £ T MBRec Al CRGCN, %29 1))
THZ G 2] K g FR G g . 5 CRGCN A LL, MB-
HGCN Xf FH 77 A4 il 2 AF 19 38 45 T8 JinokS 4 4k, ifii A
& T UE AT S I A% 3 52 . 5 MBRec #H ., MB-
HGCN W22 13RI T R EE 24T M P&
7N, e 5 T g b A2 HE A5 2 09 2R A T RIS — iR
BT MB-HGCN HrA [R) 28 4 i A 5vk:

18 75 10 75 09 2, 76 Tmall 5088 4 b BUS 09 ok i
T8I 3 T A 2 A BE AR XA B R ZE B 3 R
PRURT A E PR AN () 80 2 =2 8] AT Ry 28 L 22 R
55 Jdata AH LY, Tmall AT Ry 7728 T 5 W0 SEAT R AH
MR I RCE, RS T T E A B T Jdata A 4
8 0 ) 40 4 RSO A T Sy 5 M S AT g A A 22 1128
SO, PRI 2 32 B EHE AN F  Tn) A RE m AH L Z R,
£ Beibei *F- & b, FH P A 3K o 75 22 A6 4 14T
NI, B0 B — i W 4 G — Il 3K . TRk, S R e 2 )
() 4 Jry FRAE S e 1 D0 WS AT Ay, ax BRI T AR A A PR e
33 HREAR

Tz B I ST, AT PEAL T MB-HGCN 48

Table 2 Compared with the Performance of Baselines

F2 SEEERMREILE

AT RITEE ZATRITE
FAEITES Bzt AHXF 4T %
MFBPR LightGCN RGCN NMTR MBGCN GNMR SMBRec MBRec CRGCN MB-HGCN (A3C)

HR@10 00230  0.0393  0.0316 0.0517 0.0549 0.0393 0.0694 0.0771 0.0840 0.146 1% 73.93
fmatl NDCG@10 0.0124  0.0209  0.0157 0.0250 0.0285 0.0193 0.0362 0.0416 0.0442 0.077 0* 74.21
~ HR@10 00268  0.0309 00327 00315 00373 00396 00489 00509 0.0539 0.061 9* 14.84
Beibel NDCG@10 0.0139 00161 00161 00146 00193 00219 0.0253 0.0231 0.0259 0.029 7+ 14.67
HR@10  0.1850 02252 02406 03142 02803 03068 04125 04763 0.5001 0.533 8* 6.74
e NDCG@10 0.1238  0.1436  0.1444 0.1717 0.1572  0.1581 02779 02886 02914 0.323 8* 11.12

TE: A5 " FoRmad SR ¢ A e i BA GE T B Tl , o p< 0.05. sAUAIU L3 FH AR A

T IR B IR,
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B A &R Ay B A ROk Table4 Comparison of Different User Representation

)G — K G R AE 2= > 94 2. MB-HGCN
5 — AT RAE 2 2T 0 0 2 B B BN 4, 7E1Z M
2 rh, RIS — 09 18 Gk 2 > FURLBE 1) 42 Jmy AR, I
W HAE Sl L) 4R A T A AR AT by e T v 1 R A
N T B RLUR 4 R AR A A B, HEAT T — T s
B, FEA R R R bR T g — KA, R SRR % —
PR AR R R AT T . BRI &, R A 4 — A
GG Bl T N ZRAL Y, IF ) 90 4 Ak i) 2R A (BRI e F
e VERAT IR E K Gk € {1,2, - KDY IR Ak S2 5
ZEH R 3 R,

Table 3 Effect of the Representation Learning in Graph G
*3 BEIGHRIFSINHR

Aggregation Strategies
R4 FARPWAPRIERSRMEILE

Hende AR sum linear adaptive
HR@10 0.097 1 0.126 3 0.146 1

Tmall
NDCG@10 0.048 8 0.0687 0.0770
HR@10 0.0516 0.0575 0.0619

Beibei
NDCG@10 0.0257 0.028 8 0.0297
HR@10 0.406 8 0.488 8 0.5338

Jdata
NDCG@10 0.2356 0.2935 0.3238

Bl e (BEEEEIN w/0.G w.G

HR@10 0.0394 0.146 1

Tmall
NDCG@10 0.0198 0.0770
HR@10 0.0420 0.0619

Beibei
NDCG@10 0.0213 0.0297
HR@10 0.2709 0.5338

Jdata
NDCG@10 0.160 8 0.3238

TE: w.gHl wio.GIIHIFIRTEIE G H BT RALS: S AT T RAE 2~

TR, BERG — K G2 W 3 P AR A 1 1
AE. XG5 R P T7E B G 2z > B RURL S 4 Jmy R AR
AT LA AT R 4 o I v i R AE 32 BE TR 47 1 0 16 1k, A
T 7 33 6 ] v S 300 0 o ) 2 L e Ak, AR B 2 A
R (w. Gl w/o.G ) Z IR AE B R I PERE 22 5. 92 Bn
I, B g — KGR, #EER S RGON i — R AR K,
HoME— ) IXHITE T RAER G R, 5L 2 ML, A
gt — KGRy BRI P RE 5 S8 B AL T RGCN (1 45 2.
SO A5 S T IRATEE A P R A R AE R AR
W (A b, I E— 2 E T G — BT A A

DM P RIER BRI, P RIEREG K
W& i B R R AE T H P AR R [RIAT S v i 2488 1T BE A7
T8 22 5, I HOIFEE Br A 4 B A7 v i F 7 A 4 #0 %F
HFAT R 0 BOAE 55 A STk, R, it T —Fh g b
NP RAE R A TR WE . T 50 IE 12 5K W 1 AT 0k, i
77 3458 OKRMEAS (sum), BER T H iGN H
FRAE R A B, B AN R A7 o 8 B R AE 4T
SRAPLEATE B R G QLR A (linear), 4 H iE M
P RIER GBI LR E, RGN TH
(1) 43¢ B i 4 B AS [A] (A ER, B 5 90 5 2R 6 SR 1w A
[f]; @ A 1 I 3 & (adaptive) , fff 2 H 19 [ 16 [ R AE
RA KM, LIS WL 4.

M 4TI LU, A 0 SR A s U T R
RE. SR AR & S th T P AR A AT 2 rh R B Y
MR 22 S LA R A5 R i = R R AT O E AR %
I8, SRR 2 AR G R H IR T AT
Oy A A, (RS OO 22 B9 AT O AN — i I e
R R P R 4r. A HE 2R, O R A SR 2 T AN
[l 45 O 22 6] B AR RLRE, A AR 200 B3R5 A G AR B
(E A IR, %R G J7 S 2 1l 6 R v R 0 A A
WM S K, T BR 1 2R 5 75 R 51 ABAN S Hoxt
PR~ > b A A G T 5 14 P8 XU

T RIEX — s, HEAT T AN SR B S, T
IR TR, IR T AT v o 2] B B £
AL, [ BR 1 25 R AL AR A (B0 (10) A 4
YE), LI BR 42 JR RAE B2 0. O 1 iH BR 2 AE 55 2
A2, AR B T H AR AT o8 B2k, et S ml_b R AT
TR S8 D My, RN R G R4 T P R
fER s @ My, TEER 1 UCSE 50 B KL Al 181 %E 1 R AE
2 RIS EG G Moy, R A IE B R A 55 s
FT P RAER A S as R 2 iR,

MNP 2 Hal OISR, T 2 Mt 3R 5 05 ik i
i [BE SR IR WA TR B E SR 7k X
Je RO TE [ E S50 05 v, IR 5 Rk i 8%
b2z il ferp, A LM R G E RS A R,

X R, RBaS B T BE T BURAE ¥ 1
F i AL e Ah, R A I R 3R A AN O TR K
MEGHLMRE. HIENTE T [ 85K G R A
FIAMEAT S, AR T RAL = > W1 L6 897 18] 3
frife.

3) Wil FAE TR A (Y 2B R B A2 R
W22 (4T o AT RE 23 B ) e B i )RR AR, BT LA
KT —RmATr 5, RV 4 417 O 19 58 B IRKL
2 L oy BCACE, 40X (8) Bz . dd i DA T S50 T Al X
Pl I A 2 © fix ya, R AE R A3 BEAH 7] 9

Il
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Fig. 2 Impact of different aggregating for user representations

2 AFEFPRAERE X

(Bl = 1); @ wio.wy, BBR W] % 2] S 8w, IF™
6 3 WR AR AN AT N B9 38 OB L oy A EE
wow, P B T2 2 S 8w, SUVRXS AN R AT A Y o 4
EAT O, B AR SCR FH G 5 . S0 25 e n e 5 iR,

Table 5 Analysis of Item Aggregation Strategy
x5 NRRERBIHN

Hodusk BRLEREA

fiX yy w/0. W W. Wy

HR@10 0.128 5 0.1408 0.146 1

Tmall
NDCG@10 0.068 6 0.076 2 0.0770
HR@10 0.0587 0.027 6 0.0619

Beibei
NDCG@10 0.0594 0.0304 0.0297
HR@10 0.468 5 0.4814 0.5338

Jdata
NDCG@10 0.2795 0.290 6 0.3238

35 R WY, AH L T AR MALTT 5 (fix ya), 2 FMAL
D7 O TR, X SRR T 58 BB 2 AT
hy ST B 4 T A 40 i R AR K — A 7RI 2 A
J5 v, S AT 2 2] S B0 A E HE AT SO0 Y ik
(wowy) BUS T S G PR BB, 2R BN R A7 0 Xt AS 6] 4 b
) TR A7 AR 22 5. B, Gk m) 2 2 SO AR R AT
TR AT LB A 3 2R A W 1 R, i — 2 UE T T
Pt S 1 A AR
34 ARBIMR

TEHERE R G, ¥ )0 sh I B8 19 & B Ttz 2

% 1) 1 o0 ER i X LA Sk B A P B A A T AR
7. MBR & — Fi i it F F 22 R AT Sy 20008 R 28 1 42 )5
B[] L J5 ¥ 3X S AT S B vT e S A B TR 4
PR P G 0 T B AR B AR I TR R A 5
i ¥ I s ) B0 1 A4 7 77 % MB-HGCN 5 2 4> 7 i
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AT T A PP B OR Z2 ¥ J Bl 1R, T CRGCN
JE 3% PR A A A S VR RY . A 2 R Y BIF 5T, BE ML
6B I A Y 1000 A4S FH P HE RV I s P R AT
WEIT, B AT 00 W S 30 S AR R v 0 3l P i a4
F2 ok, UIZRAE rb i B T 358 FH P ) 4 3 A S 5%
I FL S B AT A v ) gk 000 3 4 i s B 49 58 L LA B
1E15 B SCaR 25 R 3 s,

B3 Rl DLW SR B, #E 34 Bdis 4 1, MB-
HGCN #Y 2 B 4 2 T CRGCN Fl MBGCN.3X — 4
KW, MB-HGCN BEA% 5545 25 b FIl FH 2247 R B4l i
A7 F P g2 3 R0 e M e UH IR T 3 )2
TR 45 B84, & RE 8 DA 4 Jm) J2 IR BIAT R 4 2 J2 IR 2
2 FH P i b TRk, B R P A W SR AT Sy, AT
SR RE U 3 3 2 >0 MURLEE /9 F P O 4F R 2R 4T HARTT N
HeFE. AL Z T, CRGCN (4 I 7 2 455 K i A 2 2
JBEBLAT g, B AN AT Sy, SXRNAT SR B R A R AN
FE W, IS ECT BB L4, 5 MBGCN L,
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2762 RS LR 2025, 62(11)
—= MB-HGCN (40) -=~ MB-HGCN (4:30) 0-61 _a— MB-HGCN (4%)
—eo— CRGCN —o— CRGCN —o— CRGCN
—— MBGCN 015 L —— MBGCN —— MBGCN
0.10 | 04l
1
T T 0.10 g
0.05 | 02f
0.05
10 80 10 20 50 80 10 20 50 80
Top@K Top@K Top@K
(a) Tmall R4 HR (b) Beibei 2551 HR (c) Jdata ZHEEEIY HR
0.04 F : N
—s- MB-HGCN (4) —=— MB-HGCN (4 ) 0.20
—e— CRGCN —e— CRGCN
—+— MBGCN 0.04 | =~— MBGCN
0.03 | //‘ / 0.15
C < C
& S 003} gt = —=— MB-HGCN (£30)
= 002 = = ool —o— CRGCN
—— MBGCN
0.02 F
0.01 k 0.05 /
10 20 50 80 10 20 50 80 10 20 50 80
Top@K Top@K Top@K

(d) Tmall #HEE M NDCG

(e) Beibei 4N NDCG

() Jdata EHEEE NDCG

Fig. 3 Performance comparison for cold-start users

K3 VIR RO PERE LA

T e 4% A ORI AT R 10 5% e >k 00 Ak P i 4
AH I, MBGCN & JH B9 N AER & S g AT GE i 247
RZ IR E R,
3.5 HEEITHERSW
AT R R AR A T B ROCR, 3T AR epoch
19-F- 24390 it el AT 8 T MB-HGCN 5 AH 7] 1% &
NHY 4 PP LR AR, ZE AN 6 fi . ARSI
() T4 J7 2 39 7E PyTorch HESE T 5L B, SCU0 R85 il B
J3: CPU 4 Intel® Xeon” CPU E5-2650 v4@2.20 GHz,
GPU “#y GeForce RTX 2080 Ti Rev. A, it K/ 1024,
FAEYEFE N 64.
Table 6 Computational Efficiency Analysis
* 6 TEBENT s
7 Lhih

LightGCN MBGCN SMBRec CRGCN MB-HGCN (A3()

HudlidE

Tmall 3.58 106.72 109.79 10.66 11.24
Beibei 2.86 139.36  158.61 6.78 19.97
Jdata 7.92 105.69 168.29 19.58 19.97

M 6 AT AT i, MB-HGCN 7E1H %08 i
RGP (25 0L, FE R R AE 2 AT B R RS (A
R, AR R T GCN 19773, MB-HGCN #i
CRGCN 1y 5 % % I &% T MBGCN #1 SMBRec. 5
A I 3K AT S 19 54T S A LightGCN A [, MB-

HGCN F ] 1 01 Z (9 28 B8 (UL 3% 1 A (9 28 58K
), PRI S [A) AR 2 AT LA 52 . X 5 I JA) A2
2% B BT SRR 1Y 5 S — 2, B MB-HGCN 4 LightGCN
(58 5 A BE LA AR ), o rfr MB-HGCN % {3153 7
T BRI [E] & 2% E N OQ|E|+2|E|nLd|E|/b + 2 |E|nd+
2nd), LightGCN 5 5 5 9 217/ J7 1% CRGCN By [H]
52 I ¥ 4 O |E| + 2 |E|nLd|E| /b + 2 |E|nd), H: FP|E|jy
K i i B, n M epoch B, b o UITZRAE TR R/,
K FACLERE, L) GCN JZ 8. X F1 mﬁziﬁbm%&
P 4 1M 5, MB-HGCN iz 17 B [8] 38 { ) LightGCN
M oA A d, X SR 6 Siit 4 R —3%. EiRifie il
U] MB-HGCN EA iz 1y i HI i 5.

3.6 GCN E# o

MB-HGCN % J{| LightGCN £ 4 & T, 1E 41 K
TR B TRERAE. B AR E5 A b, X I G G AT 45 R
FEVER L F RN GON JZ2H0. FRAT 5 T R W) £k i 1
B GON JZXHEAEMERE 152 ), 25 Han 151 4 JTos.
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2@% 5 LightGCN Hl NGCF™" 45 88— 17} 75
U OL— B SEge R W, T 2 )2 GCN I RE % 4k
PERER . X — K L], AP Il GCN
KEEEE‘:E’F&@ ERYHR T, A S, 1R RE 7T RE
JE T, XA Tk 2 RS



FEHA BT A . MB-HGCN: 3% F )2 W B & BN 4% (1 247 R A7 5 ik 2763

0.0625 |
052}
0.0600 |
= 2 =
= T 0.0575} T 50
0.0550 |
0.48
1 2 3 4 1 2 3 4 1 2 3 4
GCN 2% GCN 2% GCN E%
(a) Tmall £#E4E1Y HR@10 (b) Beibei #4541 HR@10 (c) Jdata Z(#iEENY HR@10
032}
0.075 0.029 |
= 2 2
L@B) @ 0.028 @
8 LQ) 8 0.30
S 0070 S S
0.027
0.065 0.026 0.28
1 2 3 4 1 2 3 4 1 2 3 4
GCN 2% GCN 2% GCN 2%
(d) Tmall ¥4E4E ¥ NDCG@10 (e) Beibei ##E4EM NDCG@10 () Jdata B4 ¥ NDCGC@10

Fig. 4 Impact of different layer number of GCN settings on performance

P4 REJZE GON BEEHHERE R B0
SHGE UG AL P, SRS AR GON EXS Giil T R [ 2% 2] SREF MB-HGCN 76 3 AU 4 Y

TR PR RE ST 2L PERE R, HARSE R anE 5 iR,
3.7 BSESH MIEL S Al IVLEE 2, Bl o ) SR B9 9, B2 e

AT IR IR N R 2 2] FE 4 AL PE G Y R, FR AT 34 | HR@10 Al NDCG@10 ¥ 2 35 | T+

0.060 |
0.055 |
=
§> 0.050
S
0.045 |
0.040 3
1E—4 1E-3 3E-3 5E-3 1E-2 1E—4 1E-3 3E-3 5E-3 1E-2 1E—4 1E-3 3E-3 5E-3 1E-2
(a) Tmall RN HR@10 (b) Beibei ¥#i4E M HR@10 (c) Jdata H#HEM HR@10
0325 F
0.075
0.028 - 0300 -
(=1 (=} f=1
5 0.070 @ 0026 ® 0275}
3 S S
S 0.065 g 0.024 S 0250}
0.022
0.060 | 0.225 |
0.020
1E—4 1E-3 3E-3 5E-3 1E-2 1E—4 1E-3 3E-3 5E-3 1E-2 1E—4 1E-3 3E-3 5E-3 1E-2
(d) Tmall #3EE1T NDCG@10 (e) Beibei ¥4 NDCG@10 () Jdata B NDCC@10

Fig. 5 Impact of different learning rate on performance

5 A[E) ST R RE RN



2764

AN S &R 2025, 62(11)

TR R IR T 2 S RN AT R T L
o T S iod A AR A S48 DL R LS S50 e L A, ¢
by 3% BN T, 8 3455 B AE S 0 i O ik 28 i RS
AT 22 > ARG AT BE S B MO T R, R
TE 2R ) ok [l 32 3l M DL S B e f g, R 24
H B A R AR 0, AT 7 5 MRS A 1432 AL RE T
b, — Al A2 > R SR A P il 2 G F

ASCHE T R 0 24T A R 7 MB-HGCN,
X — PR 43 2 P 3 B 45 5k A ROR L 247 8
ERIE (i = N NI TR - o St s o = S
B A% I\ 42 Jm) AT M 5 1 J2 0k 2% 2 P 4. Be Ak,
MB-HGCN R H T 2 fi ARl B R A 5w, TR A M
ANTEAT Ay ey 20 S0 TP R i FRAE. Sl 7E 3 A4 B
SRR AR HEAT 0 LS, UE R TR R A A R
WAL, 3843 03 B ZE PP AG TR Y A A A 2H GRS 4
BAE T e AT A A BEME. Kok, TR R R AE 22>
WP AT N B ZE MR, WL RS i
ATE2 55, LAVPAL B th AR A Pk e

EERBMAR: "ANRET A xE%MAEk
FE FBBRT ER AR TR, 24T
ST AR 5B LR A

2 £ x #t

[1] Koren Y, Bell R M, Volinsky C. Matrix factorization techniques for
recommender systems [J]. Computer, 2009, 42(8): 3037

[2] Rendle S, Freudenthaler C, Gantner Z, et al. BPR: Bayesian
personalized ranking from implicit feedback [C]//Proc of the 25th Int
Conf on Uncertainty in Artificial Intelligence. New York: ACM, 2009:
452-461

[3] Luo Xin, Zhou Mengchu, Li Shuai, et al. A nonnegative latent factor
model for large-scale sparse matrices in recommender systems via
alternating  direction method[J]. IEEE Transactions on Neural
Networks and Learning Systems, 2016, 27(3): 579592

[4] Xi Wudong, Huang Ling, Wang Changdong, et al. Deep rating and
review neural network for item recommendation[J]. IEEE
Transactions on Neural Networks and Learning Systems, 2022,
33(11): 6726—6736

[5] Ni Juan, Huang Zhenhua, Yu Chang, et al. Comparative convolutional
dynamic  multi-attention ~ recommendation  model[J].  IEEE

Transactions on Neural Networks and Learning Systems, 2022, 33(8):

3510-3521

[6]

7]

[8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

Zhang Jinyu, Ma Chenxi, Li Chao, et al. Towards lightweight cross-
domain sequential recommendation via tri-branches graph external
attention network[J]. Journal of Computer Research and Develop-
ment, 2024, 61(8): 1930—1944 (in Chinese)

(SRS, B Rk, 4508, 46, T =43 SRR i 7 ) I 46 1y e
PRSI [J]. TR TS 42, 2024, 61(8): 1930-1944)
Wang Lei, Xiong Yuning, Li Yunpeng, et al. A collaborative
recommendation model based on enhanced graph convolutional neural
network [J]. Journal of Computer Research and Development, 2021,
58(9): 1987—1996 (in Chinese)

(£, BT T, M, 55, — Rl T 1 i B P U 28 190 2% (Y T3 ]
AR 1], PRI S R, 2021, 58(9): 1987-1996)

Berg R V D, Kipf T N, Welling M. Graph convolutional matrix
completion[C/OL]//Proc of the 24th ACM SIGKDD Int Conf on
Knowledge Discovery and Data Mining. New York: ACM, 2018
[2025-02-20]. https://www.kdd.org/kdd2018/files/deep-learning-day/
DLDay18 paper 32.pdf

Cheng Zhiyong, Han Sai, Liu Fan, et al. Multi-behavior recom-
mendation with cascading graph convolution networks[C]//Proc of
the 32nd ACM Web Conf. New York: ACM, 2023: 11811189

Xia Lianghao, Huang Chao, Xu Yong, et al. Multi-behavior enhanced
recommendation  with  cross-interaction  collaborative  relation
modeling [C]//Proc of the 37th IEEE Int Conf on Data Engineering.
Piscataway, NJ: IEEE, 2021: 1931-1936

Gao Chen, He Xiangnan, Gan Dahua, et al. Learning to recommend
with multiple cascading behaviors[J]. IEEE Transactions on
Knowledge and Data Engineering, 2021, 33(6): 2588—2601

Xia Lianghao, Huang Chao, Xu Yong, et al. Multiplex behavioral
relation learning for recommendation via memory augmented
transformer network [C]//Proc of the 43rd Int ACM SIGIR Conf on
Research and Development in Information Retrieval. New York:
ACM, 2020: 2397-2406

Jin Bowen, Gao Chen, He Xiangnan, et al. Multi-behavior
recommendation with graph convolutional networks[C]//Proc of the
43rd Int ACM SIGIR Conf on Research and Development in
Information Retrieval. New York: ACM, 2020: 659—668

Yan Mingshi, Cheng Zhiyong, Gao Chen, et al. Cascading residual
graph convolutional network for multi-behavior recommendation[J].
ACM Transactions on Intelligent Systems and Technology, 2024,
42(1): 10: 1-10: 26

Meng Chang, Zhao Ziqi, Guo Wei, et al. Coarse-to-fine knowledge-
enhanced multi-interest learning framework for multi-behavior
recommendation[J]. ACM Transactions on Intelligent Systems and
Technology, 2024, 42(1): 30: 1-30: 27

Zhao Zhe, Cheng Zhiyuan, Hong Lichan, et al. Improving user topic
interest profiles by behavior factorization[C]//Proc of the 24th Int
Conf on World Wide Web. New York: ACM, 2015: 1406—1416

Ding Jingtao, Yu Guanghui, He Xiangnan, et al. Improving implicit
recommender systems with view data[C/OL]//Proc of the 27th Int
Joint Conf on Artificial Intelligence. 2018: 3343-3349. [2025-02-20].
https://doi.org/10.24963/ijcai.2018/464

Guo Guibing, Qiu Huihuai, Tan Zhenhua, et al. Resolving data


https://doi.org/10.7544/issn1000-1239.202440197
https://doi.org/10.7544/issn1000-1239.202440197
https://doi.org/10.7544/issn1000-1239.202440197
https://doi.org/10.7544/issn1000-1239.202440197
https://doi.org/10.7544/issn1000-1239.2021.20200617
https://doi.org/10.7544/issn1000-1239.2021.20200617
https://doi.org/https://doi.org/10.24963/ijcai.2018/464

RUTES

MB-HGCN: 2T JZ ¢ (& 3 B R 4% 1) 247 15 vk

2765

[19]

[20]

[21]

[22]

(23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

sparsity by multi-type auxiliary implicit feedback for recommender
systems [J]. Knowledge-Based Systems, 2017, 138: 202-207

Qiu Huihuai, Liu Yun, Guo Guibing, et al. BPRH: Bayesian
personalized feedback [J].

Information Sciences, 2018, 453: 80—98

ranking for heterogeneous implicit
Guo Long, Hua Lifeng, Jia Rongfei, et al. Buying or browsing?:
Predicting real-time purchasing intent using attention-based deep
network with multiple behavior[C]//Proc of the 25th ACM SIGKDD
Int Conf on Knowledge Discovery and Data Mining. New York:
ACM, 2019: 1984-1992

Xia Lianghao, Xu Yong, Huang Chao, et al. Graph meta network for
multi-behavior recommendation[C]//Proc of the 44th Int ACM SIGIR
Conf on Research and Development in Information Retrieval. New
York: ACM, 2021: 757-766

Gu Shuyun, Wang Xiao, Shi Chuan, et al. Self-supervised graph
neural networks for multi-behavior recommendation[C/OL]//Proc of
the 31st Int Joint Conf on Artificial Intelligence. 2022: 2052—
2058. [2025-02-20]. https://www.ijcai.org/proceedings/2022/285

Yan Mingshi, Liu Fan, Sun Jing, et al. Behavior-contextualized item
preference modeling for multi-behavior recommendation[C]//Proc of
the 47th Int ACM SIGIR Conf on Research and Development in
Information Retrieval. New York: ACM, 2024: 946—955

Xu Jingcao, Wang Chaokun, Wu Cheng, et al. Multi-behavior self-
supervised learning for recommendation[C]//Proc of the 46th Int
ACM SIGIR Conf on Research and Development in Information
Retrieval. New York: ACM, 2023: 496—505

Huang Ling, Huang Zhenwei, Huang Ziyuan, et al. Graph
convolutional broad cross-domain recommender system[J]. Journal of
Computer Research and Development, 2024, 61(7): 1713—-1729 (in
Chinese)

(HERY, BERUAE, MR, 55, PG RIS B IS it 22 4t (0] ML
5t 5K, 2024, 61(7): 1713-1729)

Zhao Rongmei, Sun Siyu, Yan Fanli, et al. Multi-interest aware
sequential recommender system based on contrastive learning[J].
Journal of Computer Research and Development, 2024, 61(7):
1730—1740 (in Chinese)

OB, INERR, BEJLST, 55, BT 0T L2 2T (1 22 26 AT 51 H
RG] FHITE S K RE, 2024, 61(7): 1730-1740)

Li Ting, Jin Fusheng, Li Ronghua, et al. Light-HGNN: Lightweight
homogeneous hypergraph neural network for circle content
recommendation[J]. Journal of Computer Research and Development,
2024, 61(4): 877-888 (in Chinese)

(ZEHE, 4Am Az, ZRoEAE, 45 Light-HGNN: i T/ Z N AR R it
I B Pl 22 [ 255 (0] THEEAUIESE S5 K e, 2024, 61(4): 877-888)

Yue Guowei, Xiao Rui, Zhao Zhongying, et al. AF-GCN: Attribute-
fusing graph convolution network for recommendation[J]. IEEE
Transactions on Big Data, 2023, 9(2): 597-607

He Xiangnan, Deng Kuan, Wang Xiang, et al. LightGCN: Simplifying
and powering graph convolution network for recommendation
[C]//Proc of the 43rd Int ACM SIGIR Conf on Research and
Development in Information Retrieval. New York: ACM, 2020:
639-648

Mao Kelong, Zhu Jieming, Xiao Xi, et al. UltraGCN: Ultra

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

simplification of graph convolutional networks for recommen-
dation[C]//Proc of the 30th ACM Int Conf on Information and
Knowledge Management. New York: ACM, 2021: 1253—-1262

Wang Xiang, He Xiangnan, Cao Yixin, et al. KGAT: Knowledge
graph attention network for recommendation[C]//Proc of the 25th
ACM SIGKDD Int Conf on Knowledge Discovery and Data Mining.
New York: ACM, 2019: 950-958

Qiao Pengpeng, Zhang Zhiwei, Li Zhetao, et al. TAG: Joint triple-
hierarchical attention and GCN for review-based social recommender
system[J]. IEEE Transactions on Knowledge and Data Engineering,
2023, 35(10): 9904-9919

Ma Ting, Huang Longtao, Lu Qiangian, et al. KR-GCN: Knowledge-
aware reasoning with graph convolution network for explainable
recommendation[J]. ACM Transactions on Intelligent Systems and
Technology, 2023, 41(1): 4: 1-4: 27

Wang Jihu, Shi Yuliang, Yu Han, et al. A novel KG-based
recommendation model via relation-aware attentional GCN[J].
Knowledge-Based Systems, 2023, 275: 110702

Liu Han, Wei Yinwei, Yin Jianhua, et al. HS-GCN: Hamming spatial
graph convolutional networks for recommendation[J]. IEEE
Transactions on Knowledge and Data Engineering, 2023, 35(6):
5977-5990

Hu Pengqing, Lin Zhaohao, Pan Weike, et al. Privacy-preserving
graph convolution network for federated item recommendation[J].
Artificial Intelligence, 2023, 324: 103996

Peng Shaowen, Sugiyama K, Mine T. SVD-GCN: A simplified graph
convolution paradigm for recommendation[C]//Proc of the 31st ACM
Int Conf on Information and Knowledge Management. New York:
ACM, 2022: 1625-1634

Schlichtkrull M S, Kipf T N, Bloem P, et al. Modeling relational data
with graph convolutional networks[C]//Proc of the 15th European
Semantic Web Conf. Berlin: Springer, 2018: 593—-607

Xia Lianghao, Huang Chao, Xu Yong, et al. Multi-behavior graph
neural networks for recommender system[J]. IEEE Transactions on
Neural Networks and Learning Systems, 2024, 35(4): 54735487
Wang Xiang, He Xiangnan, Wang Meng, et al. Neural graph
collaborative filtering[C]//Proc of the 42nd Int ACM SIGIR Conf on

Research and Development in Information Retrieval. New York:

ACM, 2019: 165-174

Yan Mingshi, born in 1989. PhD. His main
research interests include artificial intelligence and
personalized information recommendation.

FERR B, 1989 4F AR 1. EHBFIT 719 A
T e LR BT

Chen Huilin, born in 1995. PhD. His main
research interests include artificial intelligence and
personalized information recommendation.

B E G, 1995 4F A 1. BT 5y A
T e AR B


https://doi.org/10.7544/issn1000-1239.202330617
https://doi.org/10.7544/issn1000-1239.202330617
https://doi.org/10.7544/issn1000-1239.202330617
https://doi.org/10.7544/issn1000-1239.202330617
https://doi.org/10.7544/issn1000-1239.202330622
https://doi.org/10.7544/issn1000-1239.202330622
https://doi.org/10.7544/issn1000-1239.202220643
https://doi.org/10.7544/issn1000-1239.202220643

2766

AN S &R 2025, 62(11)

Cheng Zhiyong, born in 1985. PhD, professor,
PhD supervisor. His main research interests include
multimedia information retrieval and
recommendation systems.

EEE, 1985 A4 L, B, WL ST
FEEBRTT 0N ZRRE BRR . RS

Han Yahong, born in 1977. PhD, professor, PhD
supervisor. His main research interests include
multimedia analysis and retrieval, computer vision,
and machine learning.

B, 1977 k. WL, #U4R, WLk S,
TR 5 0 Z BRSBTS K% THEEAL
ML BLERF .



	1 相关工作
	1.1 多行为推荐（MBR）方法
	1.2 基于GCN的推荐方法

	2 MB-HGCN方法
	2.1 问题定义
	2.2 方法介绍
	2.2.1 表征初始化
	2.2.2 表征学习
	2.2.3 表征聚合
	2.2.4 多任务学习


	3 实验结果与分析
	3.1 实验设置
	3.2 整体性能评估
	3.3 消融研究
	3.4 冷启动研究
	3.5 模型运行效率分析
	3.6 GCN层数分析
	3.7 超参数分析

	4 总　　结
	参考文献

