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Factor-level Feature and Attribute Preference Joint Learning
Based Session Recommendation

Lin Hao, Chen Ping-hua
(School of Computer Science and Technology, Guangdong University of Technology, Guangzhou 510006, China)

Abstract: A factor-level feature and attribute preference joint learning session-based recommendation model is
proposed to address the problem of low recommendation accuracy caused by short sequences, sparse data, and
difficulty in generalization. The model first learns user global-level session item embeddings by constructing a
global level session item dependency perception graph. Then, using the method of disentanglement representation
learning, the items in the conversation are decomposed into multiple relatively independent factor-level features to
learn user factor-level interest preferences. Then, using contextualized self-attention graph neural networks, user
preferences for session item attributes are captured. Finally, factor-level interest preferences and the project attribute
preferences are jointly learned to obtain the user's final interest preferences, which in turn completes the session
recommendation. Multiple experiments on two publicly available datasets, Diginetica and Cosmetics, have shown
that our model outperforms the baseline model in comparison, verifying the recommendation performance and
design rationality of our model.

Key words: session-based recommendation; factor-level feature; disentangled representation learning; global-level

item dependency; graph neural network
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Fig.1 An example to illustrate the factor-level feature impact of items in a session
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Table 1 Dataset statistics

BACITE S ESACME S (LI i riti s (IES PSR SRR
Cosmetics 156 922 23194 10 1058 263 301 6.74 8
Diginetica 187 540 24889 100 855 070 721 4.56 5
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Table 2 Comparison of experimental results

pom Diginetica Cosmetics
s P@10 MRR@10 P@20 MRR@20 P@10 MRR@10 P@20 MRR@20
S-POP 25.51 18.82 25.91 19.84 32.83 26.63 38.43 27.32
SKNN 45.68 20.24 55.76 21.10 40.22 30.40 47.63 30.80
GRU4Rec 22.04 11.32 27.88 11.73 19.41 14.43 21.80 14.60
NARM 46.56 21.76 57.34 23.27 42.63 34.17 46.29 34.52
SR-GNN 45.74 21.32 56.80 22.87 44.11 34.59 48.01 34.96
GCE-GNN 47.07 21.85 58.93 23.42 44.72 35.11 48.82 35.30
COTREC 48.14 22.07 61.82 23.75 45.11 34.83 50.12 35.24
S’-DHCN 45.89 21.08 54.91 22.03 40.48 32.86 47.95 33.13
STOSA 46.37 20.96 58.70 23.41 43.70 34.67 48.77 35.18
FLAP-SR 49.83 22.65 63.74 25.90 46.91 35.50 52.88 36.43
R 3 HRANSIG SR
Table 3 Experimental results of ablation
" Diginetica Cosmetics
wa P@10 MRR@10 P@20 MRR@20 P@10 MRR@10 P@20 MRR@20

FLAP-SR/IEG 49.57 22.45 63.28 25.66 46.47 35.23 51.95 36.04
FLAP-SR/DRL 48.92 21.78 62.13 24.85 45.08 34.82 51.41 35.77
FLAP-SR/PP 49.11 22.16 62.58 25.07 45.97 35.07 52.16 35.90
FLAP-SR 49.83 22.65 63.74 25.90 46.91 35.50 52.88 36.43
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Fig.6 The effect of number of factors on model performance
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Fig.7 The effect of balance term on model precision
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