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Two-stage Learning for Multi-behavior Recommendation
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'(School of Information and Communication Engineering, Dalian Minzu University, Dalian 116600, China)
2(Shandong Artificial Intelligence Institute, Jinan 250014, China)

Abstract: Multi-behavior recommendation aims to utilize interactive data from multiple behaviors of users to improve recommendation
performance. Existing multi-behavior recommendation methods generally directly exploit the multi-behavior data for the shared initialized
user representations and involve the mining of user preferences and modeling of relationships among different behaviors in the tasks.
However, these methods ignore the data imbalance under different interactive behaviors (the amount of interactive data varies greatly

among different behaviors) and the information loss caused by the adaptation to the above two tasks. User preferences refer to the interests
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that users exhibit in different behaviors (e.g., browsing preferences), and the relationship among behaviors indicates a potential conversion
from one behavior to another behavior (e.g., the conversion from browsing to purchasing). In multi-behavior recommendation, the mining
of user preferences and the modeling of relationships among different behaviors can be regarded as a two-stage task. On the basis of the
above considerations, the model of two-stage learning for multi-behavior recommendation (TSL-MBR for short) is proposed, which
decouples the above two tasks with a two-stage strategy. In particular, the model retains the end-to-end structure and learns the two tasks
by alternating training with fixed parameters. The first stage is to model user preferences under different behaviors. In this stage, the
interactive data from all behaviors (without distinction as to behavior type) are first used to model the global preferences of users to
alleviate the problem of data sparsity to the greatest extent. Then, the interactive data of each behavior are used to refine the behavior-
specific user preference (local preference) and thus lessen the influence of the data imbalance among different behaviors. The second stage
is to model the relationships among different behaviors. In this stage, the mining of user preferences and modeling of relationships among
different behaviors are decoupled to relieve the information loss problem caused by adaptation to the two tasks. This two-stage model
significantly improves the system’s ability to predict target behaviors. Extensive experimental results show that TSL-MBR can substantially
outperform the state-of-the-art baseline models, achieving 103.01% and 33.87% of relative gains on average over the best baseline on the
Tmall and Beibei datasets, respectively.

Key words: multi-behavior recommendation; collaborative filtering; two-stage strategy; graph convolutional network (GCN); multi-task

learning

AR R SRR P 5 R AS T sk I H 7 HEFF BB i, TR 2 P AN PR R K
TR HZE MR TAELAS B RS (BIW BTG & R W) i i £ B 4 8. /E 5 —Fh 2 A PEAb
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factorization, CMF) 5784 P[] I of F 2247 by B0 #4038 1O T B A 7 02, DA R L2 (0 FH P Rt (R R AE. 3% 2 T4
HARFU T 247 9 8008, AR5 H FEANIRIAT h Il AIBEER. Sy 1 453 o0 2 (0 L e, — Sk O B T A A 2223
FFARR B A AT N IAE FH S e 2 [ AR ¢ &R . il in, JET Transformer [ MATN (multiplex augmented
Transformer network)"”* 4352 ¥ FH ' e AF 5% SRR A [FIA T 1 6 2% IR) FPORAZ AT AT 249 28 DL SR (KRR AE s 3T
TR A2 2% ) NMTR (neural multi-task recommendation) 3t i % 4% M & 52 (6 FH 70 SR AE 2 AN [ 4T 0 2 B0 HY
I PRI, 03X BeAT S JEAT IR g 455, AN TR AN [RIA T Z RO &R

R ERARE TAE CEEUR T BRI, (AR — 58 IR R
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(2) BRA 5T R L i e R 25 8 LSO AT DAy T B R (1 A0 Y Pl A 25 R & 7 — . SR, 6 7 SRAE T
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BT BB, AR T — R T PR B S I 2 AT W HEFE (two-stage learning for multi-behavior
recommendation, TSL-MBR). 1% 5544 247 JHEE I 43 P AW BEIRAT 55, 43 70 FH >R F2 38 FH P i 2o DA R AR A [
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SV SAT Ry HOAE TR, S SAT S (R s T e S el Tz R oA A IR L AR R A, MO IE s R LA g
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2 A 16 B TR (W AT S S50y 1) AT LA, e 2% B0 20 B 1 - RAEX Hiths = 5 I AT 24 Tt 28 A B0
(0, D B, TR AR B A BOAT R FOFTEINRCR R 22 (1), D 3. SX AT 2 93 SRAT 55 PR T A e X I 2R 8
B 22 (R 50 TIUIU 5 HE A, AR SUPRZ A 22 AT A9 0 (R0 5500 AN~ 4087 1) . Ay 0 figbax — ) 8, A S 54 b I 28 B3R (S
DX A AT A A4 3 (1 B o 2 o P B9 7R, T DA 7 R T e A TR AT, AR5 A G EER b, F R AN RIAT A8 h
HCH 23 0K RS P b ol FCREAT R SR A AL, LA S I O B8 FH P 4 Je i 4 1) [ B 384 6 P ZEAR AT S N B R B LR 1
SRR, AT PR UEAE SEISNT 22 4T 2 503 10 78 23 ) FH 160 1) IS T B 94 b 3300 AS 14 T e Js 0y s . bk, FH P £
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2 U WL i, AL P AR S5 R R BE T I AT I K, AR P TS AR AT AR IR P R R ) S 12 R i B A 55 1% 7
ARBLIRT T . BRI, RS TRIAT S IR I R R RE R A 4R H ARAT o BTN BE 0, XHAT R R1IE R IR R SE R F
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(IR ZR) 349 Ay o D A 22 Blp, NI 45 2 358 40k i, 3K — B AE AT 45 2 ST SR 9 R e PR 2 A “ el i B % Y,
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TET X H AR I I3, 55 2 B BOH AR R AN [FAT 0 () I IBE 2R 5 0 WO B BRAT 45 (A 2 20, SER T 423 H
Al e FEASEAT S (BT IC 2R P AR, 2B AR T k3@ IO AN TR A 45 1 5 LR A 4 S5 2 ) .
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.

(2) AR T — /NI T RN BLE X 2 AT W HERE, B8 RUR MR 0 TEICAS AT 4510 5 RS PR A% S0 2K il .
AL ZAT AR 2 P BT 27 2 (AT 5%, BREE | B BUZ 3 7 i, 28 2 BYBAR R A AT M AT &R
B A, A SRS BEAT: 25 SR M0 ] 22 2 5058 B U 25, TR R B 1 ASE 20ty 39 [ 5 40, SEBL T F2 08 P P ARy R g AL
AT 7 TRV 2R [0
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PRI SRR R I T K R B U, Wang 45 N U T 40 B ) R SRR (neural graph
collaborative filtering, NGCF), ¥ i (i 445 E3EAT A, IF7E ] AR vl )4 3% kN . NGCF 1R B TR £ hs
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Hb AN RO R AE T BORAT A48, A TSRAT T A R B 2R, IR AT A P A g8 51N GCN
PRI 2 Sy T HETH B ST BRI 7 D 4 AOvEERf . A, 36T GON FIBh Rl SRRt )32 WS T 247 0
HEAEAT 55 rp VO30 fgi i, Tin 25 N VLK 22 47 D Bt Al s — ) SR T, AR5 1 GON 2 94T 9 i 5 R H ) A
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. SEBR b, X B — R R P A R R L. 5 IEAT R, 1A P AR R AT REXS A R TR IO, XN
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JEANTRIAT o T (R % 2R, MBI BT R LM PE BE. TSL-MBR BUELE AU B 1 FToR, R0 AN 2 ST B B
551 B BOH TSRO AT T R i A 5 (K P i, 55 2 B BOT TR AN AT 0 IR, 7255 1 B Bod, SEA
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2.3 RIEEEMAK
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e,=P-IDY, ¢;=Q-ID! 1)

H, e, (e) IR u (Bih i) WM SRR, IDY (IDT) R u (B8 i) 1) one-hot ZifiY.
24 MFEITATHPRITFIER

AT NG TG R IR A RIS AT A N R AN B ARG, B SCNR T BT AN RAT O A8 B AR 1 R A AR 2
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(2) P AN T i e 14 5 58 ¢ 5 52 A8 LA B AR R L. (3) AE SN IITAT Ml A PO S k1 2% FEAT D0 00, REME 3 588 T 7 A
AT N R OLSETE A H S0 i 1o (s, AN T S A A 3 27 B BE S S Wiz AT A O . B T BL B, i T RAIERE 8 23
HUF AT AT D0 (R A2 T A, SRS B G 7 i AN 47 B R P, AR SRS E8 1 B BOS AL i e 160 27 20 e 17—
PIZRASEER, Qs 1 o, 95 1 GO M T A AT A R4S HAC SRR I 1 — 0 Bk ST L 2R i s 55 2 SR AE B AN
R4 D9 A8 HL A 7 AL RSP — 7 P oS TP e Je i e 23— 20 A, AT A5 20 P A2 B ARAT 7 SRS #E 55 40
RAJEPRKITTIR

IR 2% (GON)® PR 70 A 2 P 45 M B0 B I B 1) 975 2 ST B D T E RS RGE T A3 LU 2 .
Vb, AT LGN GON SRAZ 4 A2 B o P2 2 (AT (IR AR R AR, A SCT5 ¥R 2450 T GON 1 ARk
AR AR U, LR AU R A UK IR A0 AT s L. SEAb, S TR T A SRR TS, AL R T
B EE A, BT v A P R SRR AE LU ) AR e, BT SO0 7 9 s i AR A A N

e, =AGG({e;: i€ N,}) ?)

Hor, AGG For B8, T REEMT u A RNERS & om0 B SR u AP R, e, 7210
HAREER SR P Ros N R BT S RT w AR H AR A U, AT R REA BB A S )
IR e, . ASSCAP IR A R BCR IR R A QiR 45 121,

s —Z;e.
" S VINIVING 5

= 1
Hrr, _ SN PRI — A R B, A T hrdE GONCI it o, Rl e, 43 5 /R 54 e B P R4 & i 260
VINIVINI
NN € X u (B8 1) 78 =40 B AR I s g .

TEEE 1 b, 150K RAS BLAR P RC f3E e P A it B oy B SR G IR A X ) WHRARIR S (R
THER) BMHP AR e, fl e, ; I, KL 5RA 2T e, Fle; HHALS, LA R A FEERE R, 5 TR
G A28 A 5 B0 M M R AT K E B, A SO 2, 1 &, AT T Ly EWIMLAL B, L 2R (750
GbSE

e G é;
e = Ve,
Jorf, @ ORI TEEAMIDN, (-1l £ Ly EUAL, €8 il o€ 29 BIARH 1 S04 10 FH P R 127,

TES 2 G0, B | AR U o€ Il O 15K AT 4 BN, 0 — 43 B SR 54T 048 T
ME R, ... RY,... RX) TR R I; 8805 R FI 548 1 AR IR I ik, BIVRRAE A % (3) FIA R (4) 7T LUAE U8 AMT H 41k
JETH P DL ERTR {el, 2, ... eK) Tl el e2,... ek} .

(B4 1O SR, A S35 Ve A T GO o B AR U £ S T 6] PR P RO 3 M4 R BRI B2 53,
TARAE T S 2 300 547 0 R R P (A P AL B 2 P 10 A s (3 8, TR I T 24T o 1O 52
A
2.5 SREITHIER RIS

RGN HE R E S 2 B R 5 o R A 2 A 1 S R 7 D OB 2R B0 A 5%
15 0 F 2 B/ R i AT D 2, F T ERRAT b (27, JORTSOFTIR, ST HOAT e — 2 4 PF P st
Do Gy BT, RIS 2 SRS AT A B, TR SR T R RMR AT HOZL A %47 0 e B 0 LA AT W B
G 5t P R T 36 R 1 £ LB AT o AR B TSGR AT S (B KR AT A 8 IR 5 10 PR P i LT L
AT g TR, B S o3 (i 04T i 9, SRR L T 6 S AT R A PR L, AR TS0 S i 2 ke
SCELAR R 04 2, T4 T L RRAT S 9 TR 3. W15 2.4 5750 eh %, 7656 1 BRIt ] o, MR 45
AT P s SR B I Ao AREL RS B R RIAT kAN, A3 % AT R

G _
e =e,®

()
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i e v 350 5 FH P A R R A5 R, BT o6 RR L e, SRR R O DG X IAE TR S AT Ok R R
SO, T SAT A N SR E g, Sibs b, — R B ok (KR 9l n] B SERFA T I k. B
Wb, AR SCIA R ANTRIAT Ay 1) 1 A A7 G R DG 2R, LA LR AT A 481, e 11 € Ml e 1) R J3E, 1895 7 0
U (R SREE, T T B SRR NS 5 R P (0 B0 ] AT hy b Ml Al 5 A A 4 A IS5 380 g K474 14 245 [ o,
VU VT 2 IR AR 1 C i i 1) 23 e A e 4, 10 AR € 70 280 110 2 S e b o, 3 S804/ 100 D A Ay 5 28 £ HL 7 %
e PP R B SN, 1208 4 5 T D 4 S e AR P IR LS B A

BT BB TS, 55 2 B BOR A e v AR e it T 2K 25 1 B B 27 20 B0 B A A7 b 1 F P D e S 380 H ARAT A
T, RIS HART AT RS SRR RIRE 23 2B SCB, Gl 1 B, 28 1 OB Ak a (AN AT b (s k4T
SR PEAR e, FEIH AT R B H ARAT R AR IR . FARSEIL G T

&, =(Wh'e! +BY

{a = (W))el +B] ®

Hor, wH eR™ FIW! e R AT N 1 NS EHEFE, BY e R FI BT e R JEATH 1 MW E, d FRRFAE [ &2 1K

MR AR (5), 2T LA RAT A i 8 I P SRR (6,22, ek Rl el e, ek ) R T
X EHART A K HEAT O, BRI, A% Ko 33 H R 1l et A7 I .

5 2 GO BAT A I UE R BN AR S FARAT R MR R BEAT PR RS DT AN R (R RS AR R 45 D7 A R AR,
Pedn 2 A IR 5 v CGRAN, SR B MEAR 55, LA JEE Tl 4 I 2 11 AR e Mk &5 7 122 (2 )2 A
HL) 5. S T AR B AR R, AN SO R P e MR e b AT R G 5, X HS 1 A9 B0 T R S 1 e e EAT
Pri:

e =ale...11e5 ek
’ =112 ~K-1 K (6)
e;=¢llEll...1e; " lle;
Horp, || FORPFHEARAE.
SR G B AR AR B Rl )5 TR B 28 F P R 1R 4805
&= (W e +B8Y ;
& = (W)Te, + 87 @

Hrp, Wt e REDxd I WT e REDd FoRBHFARE, BY e REFI BT € RED LIRm'E, K AT A M.

W5 2 BB v, A SCH HLHERG T AN RIAT A vh 22 3010 H 2 R0 kR AE, JFRA P R i ) fe 24
TE T e Al e, AT FURRAT At T,
2.6 BirEEH SRR

ARG VE A A AL A SO rp o o] SEER BB BERRST N ZRIG. S T SIS By Be iAo N 2k, AT R
B B vl H b e 8O Sk I BRI 25, b T AR SO e H b AR B i R 31 20k o P EAT HERE, DRItk L 22
RAIE 1) 25 5 T 1040 A7 S8 P58 T R M B T A SRR 2 P R 4 U2 e 4940 LA 43

y(u,i) = e;e; ®)

TEASCINZRad FE b, o5 BEORUE T2 bWl 21 1) B P A4 b 58 B IR A543 iy T A 45 00 00 380 (%) FH P F ) il A8 B A5

53\[14’43], Eﬂ:

L= —Ino(u,) -y, j) ©

(u,i,j)e0
Hr, o) Fon Sigmoid BEEL O = {(u,i, )l(u,i) € RY, (u, j) € R™) Ton IEFMFEARE; RY (R ) AL AL VIR b W)
CRMIY I P -9 838 B S . BIAS BARBE 6 AL B R 1 IR w (W0 §) 1I3R7R e, (e;), 28 HARF
R E A O TR u (U0 ) TR TR e, (e;). FETLABsFie, mTRLAR 54 2095 AN B H A ek 4L
S5 1 BB I EREAT TP AW RR RS (e, e,...eX) Fil{el,e2,...,eF . LT 1 A4, FIH

u
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HRE T R RIS, S FbR B O
£0= ) ~nolu® i) - yw®, /) (10)

(u,i,j)eO
RS T {5 SARAT o I FLERBEC. th T 1 BB FL R AT RO 2%, RSO B i R A
TSR, T, 5 1 I B B B Ok
L= ) LP+plor an

ke(0,K)
b, g BB 0, R | W EEE ST K 1 5K,
SIS BT 2 6042 TR RN AT 2 Bt 51, B  P S 2e R 0 A e | 3R SO0
L= Y —Ino(@®,i®) -y, ) +B- 10l (12)

whpeo
Hrh, 0, 1R 2 B )l B RS R S 4L

A FH PyTorch HEZE (https://pytorch.org/) K53 TSL-MBR K, 5] i K Fl Adam™ %} HaEAT A0k, 4 7 n
PN RE, R T I Gl Seng . 2ERA LT, T A S REANMT N 1A AT SRFE AL 2R 5040, LA
IR P SRS BN ZR. BRI, 45 — MW 7, AT 34T IE-SREASH TR0, 45 R LA =704
(u, i, 7) BTG RAATIR ], Foh o KR 7, § R YNGR HFOR B0, 7 R m N ZRAR v R B ) P . 4 7E 3
—ATHT, 7w AN NI R R B, KR Rl — AN BRI = a4, BRI (0, 0, 0) A o, DARA PR I 25 115 13t
AT KA B B 0 I 5 R i ] o 2 2508 B g AT, DA— N O ), 628 1 BYBEINER A £, H T S &5
(R EEHT, ARG I8 %58 7 S48, V1 £, TR 2058 2 B B S 80T 0. T80 IX RS2 N ) e v, AMYSEIL
T XL FANEY B AR ST N 2, 10 FLIE OR B T B8 g 21 g P 25 440,

3 scworth

T RGN 2R AT 5 LRI LR L

® RQI: 5 FyHER M BE ST I LA AT W BELMRUAH EL, AL TSL-MBR R LI ?

® RQ2: ASCHR I P BL 2 o SRmS 2 A 402

® RQ3: AR 1) TSL-MBR HE20 Hh 5 20 Jli i HO 1520 (1) HE 327G T 5 v 2

® RQ4: A [FIAZ HAT hy "PA7AE K HCH s AN T4 (e U0 e 5% 0 AT A (R HER?

® RQS5: TN =B IEHAT BT (1 1t B A7 o s 1 ?

3.1 EWRE
3.1 HdasE

AT AE Tmall (https://tianchi.aliyun.com/dataset/dataDetail?datald=649) 1 Beibei (https://www.beibei.com)
PIAN LSO b AT S0 R A0 ISR R A 2

o Tmall™: ZHHm WAL A h E B KI5V 62— IR &, et 41 738 4 F R 11 953 A
i, FHP RS RN O AN IR 4 DA R SEIX 4 FAT R FERANTE G b, R RAZE D SR S B 3R,
A DK HAS B P 4 . A, 38w DA .

o Beibei': iZHR AL b ORISR L7 il LT R 45 7 6 DUDL s S 21 716 % 71 A0 7977
APy, W T 2017 4F 6 H 1 H-2017 4 6 J] 30 H WA f30 8 50 200G 4 LK 5 3 AT o 28 100 ) K
FE DL ISE& b, F P B P T2 7™ 42 FERY S MU R AT 1D, B S8 — 8 0 21 I 0 4 — g 352

S I T AN B S IR AR, AN SCIMARG 1 2 i e A U O e SR S, B B AN PRI RS LA
&, MBS s Pl SR I e v HIL B B L 1.
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AR S AT RN T 2T AR 2455

S WM 4 EIE S

B ES H P Bk i B ey S K ke I 4 Ko e T
Tmall 41738 11953 255586 1996 221514 1813498
Beibei 21716 7997 304 576 642 622 — 2412 586

3.12 VHdEbE

ARSCRF) 32 A8 1A B — V0P A SR R AT VR A U122 R IR B, AT AN P P, S EAS AR f i —
WK IR UE S T BB S AT YRR, A VP Ak B, AR AR 1 F0000 3 H5oeh W A v (K BT A 40 AT HE . LAk
KU, FrATTIE Ik TSI S B AT A I R HR A H I 1 00 & T ke 4 e A T HE R, TR HE A BRI KA
Y1 (top@K) EAEER T 7. A SCR R U8 EL AT I HR@K FI NDCG@K PR ANVE I Fabr SR PR AL ABE 28 1) 44
itk

o HR@K™: iy /' 3% (hits ratio, HR), FI KM EHELE SR M RT K b 255 RAE T M EAEA. A
o

NumberOfHits@K

HR@K = ————— (13)

Horb, O RER A MINNRIE S, 2 TR P top@K B3R m TR & AN 20 B 0.
© NDCG@K™: VH—Ab 445t 2 1+ 125 (normalized discounted cumulative gain, NDCG), i i3 ¥4 45 v&i 181 73 B2 e
SRR TR B R I BT HEAE A S T B3 2 15 R . T A 2R
2r€l -1

DCG@K = Z TNCERY (14)
1

ID K= 1

@ ; log, (i+1) (15
DCG,@K
NDCGu@K = ﬁ (16)
> .NDCG,@K

NDCG@K = UIT 17

o, U RoRMRE TR AH P, rel, ORI ZI L DY) & AL E A OCHE, 24 i TEAL S 5 FSEAR RN R 1
0% 0.
3.1.3 LA

A K TSL-MBR 5 LA BA RR LM EELBI HEAT T X0 b, Jerh B 2 AT A 5 4 A 24T R,
PAR S JLA BE A5 (1 faf A 4.
3.1.3.1 AT R

e MF-BPR™: MF-BPR 3 T #i—47 A8 HACSEREATHERE, JF) 32 F T IR LR AR LUK 56 BT 488 th ABE R 1y vk i
BPR & —Fp )12 A8 F AL A SREms, SR 1 IE AR A (V) TR 45 3 i 1 SR AR

o LightGCNU: iZ A5 AL 5@ o I FH B AN FH P -0 S s AT b ATHERE, 20 COBON T35 T CF AL () — ST [ hs
#fE. LightGCN FJFH GCN H AN H 7 -4 — 43 B (1 =i B (5 AT B, & 25 T A5 48 GCON BB i (1) REAE AL 460
FEARLR MBS AL, AL T RSB S by, AT T HERE P AR
3.1.32  ZATEER

® R-GCN'": R-GCN 3l ok [ r iz (i 205k [X 4345 1 Z IRV AR 9 3R, I Ay S [l SRR F) 0 W AR [ F) A 4 2 P DA
B RAR B SR BR AW IG T T 2 AT A HEFAAT 55, (BT ARE X 24T A HER B st

o NMTR™: AZMERLE B 1 2 A7 A HEFE TR 8 2 S B0 NMTR 8 o e 12 AN 1 4% 20 T LA 42
PR B A 2R RAASH, B 2 HAT R N A HAR R IRAR I 45 R — AT R, JERH 2 AR 552 21 okt
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A= S4

o MBGCN"!: Z MR R 8 T—ANGE— 2470 S A B, G5t H -4 A 4 2 2 20 B P e, 9 BLAE SR A it
FE AT 2 S BB ANEAT 2 BORGE. A, MBGCN IS F FH B 420 dh -0 i o6 2R S 18 st 0 b R A0 (R 22 1

o GNMR!": iZ BRI B BT AN 5 R B A W4 R BT VR FH A SR k. GNMIR R Bl ek 8 2247 28 K
IR IR A AR R R R AR S BUAT A 2 IR ARG 2R, R FE T M LIRS R 28 3047 A R AR AT fi A5
3.1.4 HSHE

AL TSL-MBR #8% Al PyTorch HEZESZIR, B ITIRAE GitHub 1 (JEARHS U5 [n) Hudik: https:/github.com/
MingshiYan/TSL-MBR). fEASCS2 56 1, B RO /N BEE 1 024, RAE B K BE R E N 64" £ X BTy
A5 FH BT 2 S BRI, FRAT T AN IEREABE LA 4 D 5PEA U2 thob, FRATI4E [1E-2, 1E-3,5E-3, 1E—4] 11
DA A D IR S A 2 ) 27 ) SRIEAT I B, FF4E [1E-2, 1E-3,3E—4, 1E—4] Y Bl N R IE AL AL B . 1t I pi il vp
W R IR 250, AR SRR O I JR AR 18 SCHEAT T AT 4N Hh g 3.

3.2 RBVEEORMERETTEML (RQ1)

AL TSL-MBR £5 B8R B 2R A 00 /5 AN B 42 1 IR s 3 45 R sk 2 fk 3 s (It Ron et 45 3%, M il 2k
TR, Hogh R o) TSL-MBR {6 AN 42 W ES T S 1k f. HR@K A NDCG@K W5/ 48AR 1A A
K Il (K=[10, 20, 50, 80]) ¥1-1-3 P G 5 P RE de UF IS LR ST AR L, 7F Tmall B4 4 L4 42 T 93.33% F
112.70%, 7€ Beibei Hin 8 L2 BIHETF T 39.64% F1 28.11%. LA PERE T34 Sy HIIE R T TSL-MBR #L )
AR

%2 Tmall Hiflatk EAEAPERELLEL

I ES T HR@10 NDCG@10 HR@20 NDCG@20 HR@50 NDCG@50 HR@80 NDCG@S80
s ME-BPR  0.0230 0.0207 0.0316 0.0144 0.0434 0.0166 0.054 1 0.0183
AT LightGCN  0.0393 0.0209 0.0538 0.0243 0.0813 0.0295 0.0984 0.0322
R-GCN 0.0316 0.0157 0.0489 0.0198 0.0826 0.0262 0.1067 0.0300
NMTR 0.0517 0.0250 0.0847 0.0330 0.1498 0.0456 0.1963 0.0531
e MBGCN  0.0549 0.0285 0.0799 0.0345 0.1285 0.0438 0.1629 0.0493
GNMR 0.0393 0.0193 0.0619 0.0247 0.1071 0.0332 0.1410 0.0388
TSL-MBR  0.1232 0.0641 0.1772 0.0774 0.2646 0.0943 0.3201 0.1034

PEREEETT (%) 124.41 124.91 109.21 12435 76.64 106.80 63.07 94.73

#* 3 Beibei Hi¥ade Ak GE L

(S LY HR@10 NDCG@10 HR@20 NDCG@20 HR@50 NDCG@50 HR@80 NDCG@80
P MF-BPR  0.0268 0.0139 0.0427 0.0179 0.0793 0.0250 0.1075 0.0297
AT LightGCN  0.0309 0.0161 0.0478 0.0204 0.0880 0.0282 0.1220 0.0339
R-GCN  0.0327 0.0161 0.056 1 0.0219 0.1118 0.0329 0.1603 0.0409
NMTR 0.0315 0.0146 0.0587 0.0214 0.1276 0.0348 0.1877 0.0448
21T N MBGCN  0.0373 0.0193 0.0639 0.0259 0.1287 0.0386 0.1807 0.0472
GNMR 0.0396 0.0219 0.0640 0.0280 0.1219 0.0394 0.1739 0.0480
TSL-MBR  0.0535 0.0254 0.0932 0.0354 0.1836 0.0532 0.2537 0.0648

PEREIETT (%) 35.10 15.98 45.63 26.43 42.66 35.03 35.16 35.00

M 2 A3 3 FTLAA Y, SR AT B AT @B IR R, LightGCN 7E AR Fr B IR I ST
MF-BPR, iX 15 i 1 I35 R 25 0] e B 5 JEL PRI ER, PRIl 48 190 2% e 8 I 0) 53 2 OC 2R IR A AL, AT e 6 AR e Bkt FH P
ANVt (0] 2R R AT AT R B AT g S AR R AR LE, B0 22 /M T 0 AT B R A B A 1k e BT KR 30T, 31X
7 T 2AT B (K 5N RE S S ) 1P (R e, AT AR K G AR AT DAy S 2R v A A ) B A P e A ) I
AR B T i AT D (A2 ELESCHE v RDRE 45 A e SE A TIU H bR AT R 5 R
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AR S AT RN E T 2T AR 2457

R-GCN 7EPE B4 R B AR, 32 i T R-GON FUBIOGHAF AT g HEAT @B, Bk B AN [FIAT g F 4 ik gk
AT AT IR G, 2 0 AN RIAT S VIR AN AT O FEERR B (25 18, AT 5380 R-GCN 4 HARAT A (1 TRk R AE 6T
75 MBGCN TERNEG R B ANRIAT A (IR R 25 18 T ANFAT % HFRAT 0 I TTRRAR L, B3 T B R-GCN BE 4 (11
fit, XM 7R T 2 FEAR AT A 1) 5C AR AR AR 20 (1 T M. GNMIR 3 SR I T WL B B AT A e HoAh AT
AR R NS5 Hd AT LR B, GNMR AE Beibei $ii 4 FIAS T kLM 45 5, (B4 Tmall 2idE4E R
ANE, 35 X — G 1) SRR 2 Beibei B85 SEXTAT A PG T4 I ZER, 1X — R S BOR AT 0 2 [ B A B R AR
IR, IR A P BEE A5 2 M015 8. AHELZ R, Tmall Bl S0 A AT 0 BT 50 TR B, DA
I RAT A o R I SR AR B AE DS PR S I %, IX PRI T GNMR [Pk, 52 A%, NMTR 40 K Fi 24~
ARG AEAFAT A A IEZ I P R AE AT 5 30, SR E (R LIk g5 0 v LA BLAG 4 (B 3K 1) H WRAT A 1514 5%
Wi, XA NMTR WA FAT 3R B H R0 2 B i 1) 4% 2] e ) B33, 7F Tmall B4 FRESE 1240 25
FEIIE R B NMTR 7F Tmall 2454 FFRIUR R, M7 Beibei £di4E LRI 2.

Wit 5 GNMR BERUAH T DU B, AR TSL-MBR EIZ 38 AN FIAT 4 R R b AT 7 1) B i e o 3 ik 5
&, BAETERE IR T A 53 2 P 4% S5 10 ) GNMR. 3X 15 35 T BB B 2% S Smg (B v, %%t Seal 7 6 i 7o
AR B B F2 4 LB AN [FIAT Ay TR R R AT PR AT 55 O A, i SC T i, 42540 FH P i e J S AAS ) A T Ay ) ) R
TR W RS [F) 2R TR (R 5%, I o A N A i SRR B FE P I e (0 2 ik 0, 5 SR B — B BE Vo, AR [ I
XTGBT 24855 2% 20, XPAT Dy (B BE FRUEAT 27 ST ], L2 22 5 Iz 1) A% 47 6T 25 50 100 T 37 < 5 P 16T FH O 47 1)
24, AH LG T AT SR 55, 1K B0 22 AMT45 TR B Y1 5 JE72 R B 5@ T BT AT 45 B 1k B, I G Rk 2 R s b IR
5 BRSO B SR I RS T R NS R R AL AT 45, X AT 25 20 ) B 45, B T G — AT
BB S BN S BT — AT 4538 IR R ), AT B T 3E FCAS R 25 T 5 R 1R BRI AR B G . AR SCOKE A8 J T /4 vpod
PRI B v 1A B PR AT 0 — 5 VAL

B R-GCN &b, oAb JLANFELAAL I3 B2 A1 BEST AN RIAT 9 2 [ R /AT TR, 5 2 AR B, A SCH i
TSL-MBR 5 K (1) DX N TE T AR 3053 B A0 06 FH P (i 4 S0 T p 4 o 380 Je3 38 R4, S8 T 7R 0% B9 P 4 s 467 1D )
IR 3845 P ERS e AT R N TR L (0 SR 38 m 4, v BE 85 T8 S S A e AN T8 ) 8 1T A J LA 6 £ 7 ) .
BRI A P FRAEREAT ST, 3K T SRR 2% 5 52 B EH AN 1A (1) 5 . E A TR G A AT 5 A0 AT R, BAT TR T
ROATRE— I

R, FET LRAT Tk 2 R RE LU, FRATTrT LG H BUR 4518 (1) ez b, X 2470 Z IR
HEAT FREAST AR A% A A Al B S E R R T (2) MARAS [RAT- 45 1T LA SR AR I (ELAS B 10 25 2K ) R, 350 A8 28 &5 ) 1
Vo B (3) BEAREE AN T iy SR (1) 52 0, BR A% I P A28 [l 1 .

3.3 B EFE IREENMEITE (RQ2)

0T VAL A SR HH PR B 2] SRS A R, ASCITRE T LR 3 AR, (1) BUHFRET BN ZR DI 0 24
[l g, (AR AEES 2 B BOll 2R [ IR 28 1 B B i 2 850E AT 08T, 120 TSL-MBR-1; (2) BUH PRI B2 ), % £, Al
L, I BFR RS 3, P 2 AT 452 SR REAT U5, 408 TSL-MBR-2; (3) 84 1 rB I Harm s £, , 2
8 B AR gk £, F T3 SRR I 25, 84 TSL-MBR-3. S50 45 Bk 2 Fiok.

M 2 tha[ LA H, 5 TSL-MBR AL, BOH T 1€ 28038 /51 TSL-MBR-1 B8 & e bR R Re 1 I 2 T B
FCRBFTE T3 2 BN ghid F2 b, e ARl (5 BB 30 728 1 BBt i, 300 JES408AT 7 38
TR B2 S SRR FH P e A28 AT AN [RIAT 24 TR I 2R 1 AR T AN AN [ 28 2R FRAT 45 T e o), I A ARSI 23 40
TETENE PN B BT 4515 B0 T 45 BV 2. 5 TSL-MBR-1 H ., TSL-MBR-2 & 31 T BN BE2: =) 0 H bR B8, A%
RUEARAR g £, T L, B H AR RS RIS I AT 552 3, AT 455 M BB AFAE B WA I Y, BIRE A 2%
f2 31 52 22 H RS B BR$5 5 110 5 & 2 1 6125 [ BRI X BT 4 25 B T IS B B, AT T RSP S 2 e
RER N B IXE— 2D B0E T AR AN (A B BEAT: 25 1R 2 B2, [R) B AR50 TIE T AR SCHRE H 1) 2 B B I 5 SR A X 24T 45
3] BB LG 0 At AR SRR S B SR R N A (1) AR SCHR S (AT 45 0 P AR [R1 S B (14T 5%,
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2458 WA IR 2024 5 35 K% 5

DI ANAFAEIABLT 2 A 55 2 2T 1 (K SRR G5 PR BEAT P40 K S i B AR S5 PERE S T IR L. A ST AR R R4S T4
G5 PERERLT WA TR AR YL GERLAT . (2) AT ANB BEIRAR 55 2 IR KRR, J B BUIRIAR 55 2 L AERT BB g%
SRz b (ISR 1 BB > B i 15 BT, 55 2 I B I ZRACRIBAT ). 25 BRI, Wi BUIR 27 Sl T
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