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Session-Based Recommender Algorithm Based on
Interest Attention Network
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(1. School of Computer and Information Sciences, Chongqing Normal University, Chongqing 401331, China;
2. School of Liangjiang Artificial Intelligence, Chongqing University of Technology, Chongqing 400054, China)

Abstract Aiming at the problems of insufficient extraction of users’ main interest preferences in session-
based recommender algorithms based on graph neural networks, a Session-Based Recommender Method Based on
Interest Attention Network (SR-IAN) is proposed. First, the graph neural network is used to obtain the context
transformation relationships between the items, and the graph embedding vectors of the items are obtained;
Secondly, the graph embedding vector input into the interest attention network to extract the user’s main interest
preferences; Then the graph embedding vectors of the items are weighted by the attention layer; Finally, the click
probability values of the candidate items are obtained through the prediction layer and sorted. The proposed
algorithm model was verified by experiments on three public datasets Diginetica, Retailrocket and Tmall, which
showed an improvement of 0.942%, 1.183% and 2.977% compared with the baseline model on MRR@20. Besides,
the time complexity of the model is reduced, which verifies the effectiveness and high efficiency of the proposed
method.
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A S AE Windows10 #2E RGE T, Ab¥E a8
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WAFH 32 GB, &-RA5 A NVIDIA GeForce RTX
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WARE T, RS I HHESE Y Pytorch 1.11.1 iR
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3.2 HEERMALE
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EATFEHESE: Diginetica (http://cikm2016.cs.iupui.
edu/cikm-cup) - Retailrocket (https:/www.kaggle.com/
datasets/retailrocket/ecommerce-dataset) 1 Tmall (https://
tianchi.aliyun.com/dataset/dataDetail?datald=42) .
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Retailrocket 871 637 51428 321032 6.40
Tmall 427797 37367 66 909 10.62
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Diginetica Retailrocket Tmall
Model R@10 M@10 R@20 M@20 R@10 M@10 R@20 M@?20 R@10 M@10 R@20 M@20
Pop 0.514 0.181 0.832 0.202 1.012 0.214 1.424 0.241 0.147 0.037 6.649 0.443
FPMC 21.816 8.127 32.904 8.888 39.363 22.496 46.538 22.993 18.864 13.144 19.981 13.222
GRU4Rec 33.964 14.700 46.487 15.562 50.960 34217 57.387 34.663 28.779 21.752 31.875 21.968
NARM 34.703 14.770 47.226 15.634 51.750 34.980 58.208 35.431 31.065 23.058 34.288 23.281
SASRec 34.979 15.350 47.768 16.233 52.503 35.059 58.938 35.507 34310 25.231 37.824 25.474
LightSANs 35.724 15.530  48.311 16.398 52.598 35.140 59.085 35.593 35412 25970  39.062  26.223
SR-GNN 34.860 14.949 47.475 15.818 51.078 33.858 57.334 34.294 31.460 23.608 34.446 23.816
TA-GNN 34.974 15.149 47.657 16.026 51.185 33.607 57.635 34.055 30.591 22.846 33.767 23.067
GC-SAN 35.566 15704  47.955 16.561 52.435 35.270 58.772 35.710 33.027 24.714 36.213 24.934
SR-IAN 37.763 16.614 50.660 17.503 53.586 36.416 60.423 36.893 36.135 27.635 40.131 27.911
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