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MB-ATMK : Multi-behavior Sequential Recommendation Integrating Attribute Weights and
Temporal Meta-knowledge

CHEN Yuzhe.CAO Qiong,. HUANG Xianying and ZOU Shihao
College of Computer Science and Engineering, Chongqing University of Technology,Chongqing 400054, China

Abstract Sequential recommendation predicts users’ future preferences based on the sequence of interactions between users and
items. However, existing methods often overlook the multi-behavior interactions(such as page view,favorite,add to cart)in real-
world scenarios. Additionally,users’ preferences not only depend on temporal sequences but are also influenced by attribute infor-
mation. Lastly.in the scenario of multi-behavior sequence recommendation,users’ multi-behavior interactions exhibit complex de-
pendencies. Therefore, this paper proposes a multi-behavior sequence recommendation model with attribute weights and temporal
meta-knowledge(MB-ATMK). Firstly.we incorporate users’ multi-behavior interaction data and design a temporal-aware enco-
ding module based on the timestamps of user interactions to capture users’ dynamic preferences through temporal-aware atten-
tion. Secondly,we introduce rich attribute information on both the user and item sides and design an attribute-weighted meta-
knowledge graph neural network. Using meta-knowledge, we refine users’ multi-preference patterns and design an attribute-
weighted attention mechanism based on graph neural networks to enhance the model’s capture of users’ fine-grained preferences.
Finally, we propose a meta-knowledge prediction layer that includes a multi-behavior weight generation module and a preference
transfer network,capturing users’ cross-behavior dependencies through generated customized meta-knowledge. Extensive experi-
ments on two datasets validate the effectiveness and superiority of the proposed model.

Keywords Sequential recommendation, Multi-behavior recommendation, Graph neural network, Attention mechanism, Attribute
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5.1 HEHE

T B BT 4R O IR R ot FATAE Tmall 1 Fliggy
Trip P56 HE B0 42 1 0 BT 32 85T 1 A5 R0PE BEAT T T4l
BiREHhUSHP 27 AR E T ID U5
PR BRI E ID, Horf ID Sy H P A H g uE—4ri8 .
FECE 1938 B AR B R BORE R R DL R T PR S
U G e TR B A F S AP R E . £ 150
TP ABICHE A 0 B A A A L

# 1 Tmall # Fliggy Trip %044 %14

Table 1 Datapartition of Tmall and Fliggy Trip
Dataset User Item Intereactions
Tmall 7775 5953 60087

Fliggy Trip 17307 4923 161316

Ferp Tmall 2 ph A0 R I S 43 A9 72 2B 46 0 e i
ik 2wk R NS ) | N k7 KN S
TR E A E T P AT E BRI R R RS B E
AR RS, 00 AR AR B AL G 28 0 B S .

Fliggy Trip Je i R F SR MEM ML E. Hba

B 2T RS AR AN W B A W A Sk, itk Ab
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B Adt FH A0 TR 1 30 P P e 4 1) A E AR Y AT LUWL 3

(L5 Bl AT R 0 3 88 A (NeuMF!, IM-
PGCN™! ,NGCFP) M [, MB-ATMK (% 1 fig B W 42 FF ., 3%
R HECAIATGIAZAT AE B E B A R T H P A
PEACAR 4T
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FH P s 06 200 ) 28 B A2 S AT B 20 24T O 28 B 1 2 W] 52 e,
Jot Gt B H P A I AR SO 3R R P B T A A 7Y 30 2 g
U, TRIA SR Y JE A BT AR i T Y 24T M A8 L AR S
BT 8 A T T, AR — )2 ST AR R B 2 4 A kAR
A R AR YE A [ JE o 0 A 3 58 H P R B ik A e
3K T P AP S . A L3l I B A R RS PR A
JE A [ i B FH P A M AR AR AT B S PR TR T A MR
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Table 2 Experimental results on Tmall and Fliggy Trip datasets

Model Tmall Fliggy Trip
HR NDCG HR NDCG
NeuMF 0.021 0.013 0.057 0.036
NGCF 0.024 0.017 0.064 0.039
IMPGCN 0.038 0.025 0.091 0.044
GHCF 0.161 0.078 0.071 0.065
MBGCN 0.187 0.084 0.083 0.074
MBHT 0.204 0.121 0.105 0.097
SASREC 0.137 0.056 0.098 0.042
Bertdrec 0.164 0.059 0.128 0.056
SURGE 0.217 0.121 0.127 0.097
AGCN 0.131 0.049 0.076 0.042
KGAT 0.039 0.021 0.105 0.064
MB-ATMK 0.237 0.152 0. 164 0.115
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0y Te AR, R R P A E B e A DL & 2 AT R R
A AT B R 22 0 245 A 2k A0 3R A e ffe

w/o AWEUR MR EFZ I X TR E T E N
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Table 3 Ablation experiments of MB-ATMK on two datasets

Tmall Fliggy Trip
HR Improve/ % HR Improve/ %
MB-ATMK 0.237 - 0.164 -
w/o TAE 0.225 5 0.147 10
w/o MKG 0.195 17 0.132 19
w/o AWE 0.217 8 0.139 15
w/o MKP 0.231 2 0.158 3
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Fig. 4 User multi-behavior ablation experiment
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Fig.5 Context and speaker information fusion module
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Fig. 6 Parameter analysis
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