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Abstract: The introduction of multiple types of behavioral data alleviates the data sparsity and cold-start problems
of collaborative filtering algorithms, which _is widely studied and applied in the field of recommendations. Although
great progress has been made in the current research.on multi-behavior recommendation, the following problems
still exist: failure to comprehensively capture the complex dependencies between behaviors; ignoring the relevance
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of behavior features to users and items, and the recommendation results are biased. This results in the learned
feature vectors failing to accurately represent the user’s interest preferences. To solve the above problems, a person-
alized recommendation model (BDMR) that integrates behavioral dependencies into multi-task learning is proposed,
and in this paper, the complex dependencies between behaviors are divided into feature relevance and temporal
relevance. Firstly, the user personalized behavior vector is set, and multiple interaction graphs are processed with
graph neural networks which combine user, item and behavior features to aggregate higher-order neighborhood
information, and attention mechanism is combined to learn feature relevance among behaviors. Secondly, the
interaction sequence composed of behavior features and item features is input into a long and short-term memory
network to capture the temporal relevance among behaviors. Finally, personalized behavior vectors are integrated
into a multi-task learning framework to obtain more accurate user, behavior and item features. To verify the perf-
ormance of this model, experiments are conducted on three real datasets. On the Yelp dataset, compared with the
optimal baseline, HR and NDCG are improved by 1.5% and 2.9% respectively. On the ML20M dataset, HR and
NDCG are increased by 2.0% and 0.5% respectively. On the Tmall dataset, HR and NDCG are improved by 25.6%
and 30.2% respectively. Experimental results show that the model proposed in this paper is superior to baselines.
Key words: multi-behavior recommendation; graph neural networks; recurrent neural networks; multi-task learning
framework
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Tmall 47051 37690 1.6x10° {#7F& ,Jny, Wik, WL}

3.2 AN G AR
SEE R T PR E A T 8 B R PEA AR AR
PERE , 23 31 M fir 7h 2R (hit ratio , HR)FI T —4k ¥r4n &
111 %5 (normalized discounted cumulative gain,NDCG ) .
HR 2= MR AL i BRAE Top - K #HEZES R Y
I H A MR A B B A B0 L . HR (A B
PR R =

Number of Hits@K
GT

Hrbr, 6T RS TRy H S8, Number of Hits@K
F7R Top - K HEEF R A 2 IR H Bk

NDCG #7r il 4E th 3T H 7E Top - K 51 &
HRASCPERIHE R B 2545 PEAG 15 70 . NDCG {HL i R 13 W]
HEFP 45 B .

DCC,@K=Y 2" -1 (18)
‘ < 1b(i +1)

HR@K = (17)

DCG, @K
IDCG, @K
Horpr, rel, Fom T H @ A X PET 5, DCG,@K [W] I}
2 R S E RN PR 2 TR P w MRS R T K
AT H K4y, IDCG,@K & DCG,@K H—14b )5 Ay 45
R, NDCC@K J&¥4 Fi A F P 0 V-S4 {EAE R e 2L
3.3 PRILHE

N T B AR AR SCHR AR R BDMR A 8%, 3t
T 74005k,

(1)NMTRE $¢ BEAT Ry e AR U 15 B IR OE R
I Z AT 55 2% 2 HE L [R5 22 A A7 R 9 00 A
R A5 B B AT 55 i B AR T 55 1025 21

(2)EHCF®. F| JH] Trans J5 22 2] 247 K [6) i A1
Ktk Bl ZAT 55 2 2T HE B XF 22 417 Sk %) 9000 A A5
A%

(3) DIPN™ . FI| F A [ 338 U5 I 4 4 2] FH 72 38 LT
I R SCE R RS A TR S ILE Rk 2% 11 A P
G Z I IR R

(4)MBGCN®™: Fi| H [ #if 25 X 6 2¢ >] F] - it H
FEAE BRI P AE A [ AT SRR 10 58 BB I AT R
B AT AL E P E T A TR FHP D 4 5 e R

(5) KHGT™ e | H Pl R ) 45 4l 32 B A1 R
W SRR T 45 G T HLHI 2 A7 R Z ] B AH DGk

(6)MBGMN®Y: Fi| F 5] fift 28 ) £ X 47 0 i X 4
B ) TG ML 2% 20 47 22 (8] %) AR O 3= DA &
R EZTDIL S

(7)GHCF™ . | ] el 25 (26 24 2] FH - Fnit B 4F
fE AT AN FEAE e RAEBUE I 45 G 241555
SIHESE  [RIH 4 s AT A8 AT H AR AT R R R %
34 SBVLH

S T R R T TensorFlow AE 2R S EE , — N5
PR (B E UL 2 2, epoch +5 45 B I 25 8k, = A%k
I8 S5 1 VI R VR BUHR I 1205 I 3524 21 R 5 batch_size 35
HER KN d F8 P 30 H AT R FRRAE B A LE RS s H

NDC(;@K=|—[1]|2 (19)
uel
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e E G RZE T RN BA%. 51405 ik
Yelp .ML20M 1 Tmall £t 4iz 5 th Z 4T 55 A E 244 A,
WE H[1/6,1/6,1/6,3/6],[1/3,1/3,1/3],[1/4,1/4,1/4,
4] HABIGEN A, Z T ISR, & R A [R5
I8 8 v AT 45 5 P RN AR A O Ak 1 5 i A
ANTR] o TRV ESE A 7 AR I S 56 45 S 00 o A | AR AR AR 1
S AT LS WA AE AR R PR B & N is 1T,
3.5  BERIPERE PEAL

F 3N T A HEE T A AN BOE A A S
ZE R E S, AR SCHR H A5 A BDMR A X A
BT 25 247 M HETERTT (NMTR . EHCF) 45
Fhf, FEE LA NMTR HEEH 3 £ 17 0 52 B 2 ]
{18 MG P A AL s EHCF R BRI 2% ) T AT R 2
V) AH ARG 2R (R BB AR AR P AN AR AT =
PR 2 AT 55 B R A7 76 Jmy BR M, R BB 58 & i Ak AT 0
Z[H] (4 52 e MRS G 7 o Uk, BDMIR A X T H: At 5]
Fift 28 ) 25 15 7 (MBGCN , KHGT . MBGMN , GHCF)
14 S 36 45 R v, UE B T A AR AT R B AR DG A A AR
PE o 7E A 20 I 25 Sl 1 0 22 AT 55 2 >0 HE 4R 11 5
AL (MBGMN .GHCF) X} T L fiff Y ] ol 2 o) 245 g A
EI(MBGCN . KHGT )3 & M REH AL , Ui BH 24T 5524 )
MESR e AT 244 = 247 M AHEFE M fE o IRl A BDMR A9 55
0 2% JLA A PR i 22 I 45 4558 ( DIPN ) 1) 52 56 45 SR A B

W HETE UEB T BDMR H R ] #2826 4 3T
RN B B P R S R A R A M e

[i5] i} EHCF 1 GHCF AH X H At A AU 1 e AL, I
PRI 2 30 PR R RS 70 SR R AR SRR 22 ST HILTRI A ORI T
JIi A A BG4k A, BDMR M fEREERE = T
HoAth B o () PERE . AR Y FE B AOR A RUR
FH P i 25 ) 245 v ) v B B 380 L, 34 5 ) A H
127 5 I HA R 2 247 R Z [ 24K C R
FH B I 5 2 AT R 2Z 18] B R AR AR DG,
FHATE S04 28 ) 445 2 23 47 0 118 Bsf P R G2 5 ) Bof a8
FHPASEARAT 1) £, 4 3K T F P S PEARA T R AE
P B R A P A7 AN SRR, 22 I AT R
5 PRI E 0 SRR

N T PE— A KRR BDMR B A &b, If 48
S 2 T UL R BT, AR AR R 3 Y LR A5 AL AR SU
FET ZAT 552 T HEZE (NMTR (EHCF) i T &l 25 (W)
2% (MBGCN . .KHGT) 256G T F #2845 Fl 24T 55 2
2] HEZE (MBGMN , GHCF) LA J& 5 1 3 bt 28 ) 4%
(DIPN) i 247 M Ak rh e 8 17 M Re s i 44~
Bk, 43 & EHCF . KHGT .GHCF .DIPN, #X J& ik 72
K EIEAGFAIERE . K6 s T Tmall 508 4 F 1 9F
fli 2 3, NS 45 e h & HH BDMR 76 A [A] K (B B 5K
B 25 AR 2 v T H A AL, 3B BDMR BEA 204 3k

#2 BONSEUE
Table 2 Model parameter setting

K 4 epoch Ir batch_size d H T Ak
Yelp 120 0.001 32 16 2 30 [1/6,1/6,1/6,3/6]
ML20M 120 0.001 32 32 2 20 [1/3,1/3,1/3]
Tmall 120 0.001 64 32 2 15 [1/4,1/4,1/4,1/4]
#3 EANEE i NDCG@10 Fit HR@10 PERETE §%
Table 3 Performance comparison on different datasets in‘terms of NDCG@10 and HR@10
Model Yelp ML20M Tmall
HR@10 NDCG@10 HR@10 NDCG@10 HR@10 NDCG@10
NMTR 0.790 0.478 0.879 0.750 0.391 0.198
EHCF 0.883 0.608 0:953 0.803 0.566 0.363
MBGCN 0.796 0:502 0.903 0.768 0.398 0.207
KHGT 0.880 0.603 0.926 0.784 0.434 0.324
DIPN 0.783 0.469 0.868 0.741 0.362 0.168
MBGMN 0.873 0.597 0.950 0.801 0.523 0.312
GHCF 0.887 0.609 0.964 0.812 0.572 0.370
BDMR 0.901 0.627 0.984 0.816 0.719 0.482
Impv/% 1.5 2.9 0.5 25.6 30.2

TE T A4 SR IR AR 48 SR R R Am i o Impy R A SCHE H RS R o Y EIASS 0 1 il A Bl i %
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Fig.6 Performance comparison of Top-K recommendations on Tmall dataset
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J W/0 MTL 78 3484l 4 Lok A7 Le s, SE g 45 R A
FarpEmR, H .

W/0 GCN WUl 247 8 BB BUZE I B I6 A pl 2
W 45 F1 22 AT 55 2 ST HESE

W/O LSTM BUH £ 47 MG #2245 2, 4 #
2T N EERZE M ZAT 552 I HEE

W/0 MTL BUH 24T 52 S HESE, JAR B W SE 4T
oLORER N RV

FeAJEIR T I R S50 1 F 5 25 R, 34N AR R AR A
FEXT T # (AL BDMR S2 50 25 AR A BRI . AT LAFS
NN F 2598 « B8 R A AL P AT B — AR AR S R Y
(AR AE M AR T B, BERA RS AL h gl R 247 R Z Rl i &
FMRMC R AT S ORI E AR e #R AR BE T
B HERE R R o R I 24T 55 2 > HE B %) oL FH v] LA
A R R BAR TN IR R B

3.7 BBEERWR

N T VEA AN [) 2 8O 7 R B 1Y B2 ), A S
7~ T BDMR 7E A [] 1 2 50015 i AN [ B0 4 1 119 5K
ok FEXLIT AN HSEE TR

FH PRI E A AZERE d 2 TP ARG 4 B T LLAT R
2 o) FH PRI I0H A RRAE T 3 v G 4 B AT i S g
A I BT e B o A SO JH AT
Sk A B A TR A e A 4R B 9 AE 8~32 3 Rl P 15 el 4t
B AR AZE Bk B et . W& 7(a) L (b) T, Bifi
R B 3, A5 Y 1 BB AN, XY i A G R
321, BRI IAG AR AE AL, I Hoim A e B h 16 35 i 2]
320, PERE AR TR FE /N, Oy TR AR (1Y 12 1T AL
R SOHE 3B S G B A i A 4k B RR R 32,

ZAT HEERETEEHZEEH Gl & NG
FUZEOT LU 302 > P -3 H s b [R5 B 4l
Heretene st s . s 8(a) () i, 34 4R 7E 1A
GBRUZECR 20), e AR Bt . )25 n 3 3
F, MERE R I R R LR R S Z R B2 R S
BT ASCREAE AR A AR, DT Tk 4 FHPERE -

ZAT N ETF 5 ik B s BB T : Yelp,
ML20M (Tmall 435 52 F 405 ) 2 7052 .34, 19
HREOR TR RLTE 3B 5 T IR 2SS m A B T )

#4 BDMR FELYeiry i b f 72
Table 4 © Ablation studies of sub-modules in BDMR

. Yelp ML20M Tmall
HR@10 NDCG@10 HR@10 NDCG@10 HR@10 NDCG@10
W/0 GCN 0.763 0.541 0.812 0.692 0.346 0.188
W/0 LSTM 0.883 0.608 0.981 0.793 0.682 0.463
W/0 MTL 0.881 0.603 0.892 0.803 0.493 0.371
BDMR 0.901 0.627 0.984 0.816 0.719 0.482
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Fig.7 Impact of embedding dimension d on performance

8  GNN JZHOeHE fik it 5% iy

Fig.8 Impact of GNN layers on performance
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Fig.9 Impact of number of recent interactions on performance
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