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Sequential Recommendation Based on Multi-space Attribute Information Fusion

WANG Zihong' ,SHAO Yingxia' , HE Jiyuan® and LIU Jinbao®
1 School of Computer Science,Beijing University of Posts and Telecommunications,Beijing 100876, China

2 Meituan Platform Search Recommendation Algorithm Department,Beijing 100102, China

Abstract The goal of sequential recommendation is to model users’ dynamic interests from their historical behaviors,and hence
to make recommendations related to the users’ interests. Recently, attribute information has been demonstrated to improve the
performance of sequential recommendation. Many efforts have been made to improve the performance of sequential recommenda-
tion based on attribute information fusion,and have achieved success,but there are still some deficiencies. First, they do not ex-
plicitly model user preferences for attribute information or only model one attribute information preference vector, which cannot
fully express user preferences. Second, the fusion process of attribute information in existing works does not consider the in-
fluence of user personalized information. Aiming at the above-mentioned deficiencies, this paper proposes sequential recommenda-
tion based on multi-space attribute information fusion(MAIF-SR) ,and proposes a multi-space attribute information fusion frame-
work, fuse attribute information sequence in different attri-bute information spaces and model user preferences for different at-
tribute information,fully expressing user preferences using multi-dimensional interests. A personalized attribute attention mecha-
nism is designed to introduce user personalized information during the fusion process,enhance the personalized effect of the fusion
information. Experimental results on two public data sets and one industrial private data set show that MAIF-SR is superior to
other comparative sequential recommendation models based on attribute information fusion.

Keywords Sequential recommendation, Item attributes, Information fusion. User personalization, Attention mechanism, Multi-

dimensional interests
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Table 2 Performance comparison between different models on
different datasets

A% W HF SASRec  FDSA NOVA DIF  MAIF-SR
AUC 0.6190 0.6277 0.6309 0.6312 0.6341
Movie  NDCG@10 0.3285 0.3351 0.3378 0.3475  0.3526
NDCG@20 0.3697 0.3701 0.3727 0.3782  0.3820
AUC 0.7278 0.7349 0.7374  0.7363 0.7401
Yelp NDCG@10 0.3150 0.3250 0.3290 0.3260 0.3296
NDCG@20 0.3634 0.3694 0.3728 0.3727 0.3753
AUC 0.7185 0.7242 0.7255 0.7260 0.7272
Industrial NDCG@10 0.5012 0.5088 0.5097 0.5110 0.5119
NDCG@20 0.5998 0.6037 0.6051 0.6064 0.6076
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Table 3 Results of ablation experiment

RS # A AUC NDCG@10
MAIF-SR 0.6341 0.3526
Movie MAIF-SR/PAIA  0.6303 0.3412
MAIF-SR/MAIF  0.6269 0.3373
MAIF-SR 0.7401 0.3296
Yelp MAIF-SR/PAIA  0.7360 0.3250
MAIF-SR/MAIF  0.7337 0.3132
MAIF-SR 0.7272 0.5119
Industrial MAIF-SR/PAIA  0.7258 0.5096
MAIF-SR/MAIF  0.7227 0.5057
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