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Abstract  Shared-account cross-domain sequential recommendation (SCSR) is the task of recommending
next items in a particular context, where users share a single account, and their behavior records are
available in multiple domains. Compared with traditional sequential recommendation tasks, SCSR is
challenging due to: 1) The interactions generated by an account is a mixture of multiple users. 2) The
behaviors in one domain might be helpful to improve recommendations in another domain. Recently,
most of the related work is based on recurrent neural network(RNN). Due to the inherent drawbacks
of RNN, RNN-based methods are time consuming and more importantly they fail to capture long-
range dependencies of accounts’ interactions. In this work, we target at SCSR and propose a self-
attention-based cross-domain recommendation model ( SCRM ) to address these two challenges.
Specifically, to model the mixed interactions from multiple users of a single account, a multi-head
self-attention network is first introduced. Then, to leverage the domain information in one domain to
improve the recommendation in another domain, the cross-domain transfer network based on a multi-
layer cross-map perceptual network is innovatively proposed. Finally, a hybrid recommendation
decoder is explored to consider the information from both domains to achieve recommendation in each
domain. We conduct experiments on a real-world dataset HVIDEO, and the experimental results show
that SCRM outperforms all the baseline methods in terms of MRR and Recall. In terms of training

efficiency, SCRM achieves shorter training and learning time than RNN-based methods.

Key words multi-head self-attention; shared-account recommendation; cross-domain recommendation;

sequence modeling; collaborative filtering
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2.7 BiREE Table 2 Statistics of HVIDEO Dataset
AR SCA R B0 ER L SR B Ok eREE SR B A pR B ®2 HVIDEO H#E&KK ST HE
XA SCRM #4711 45 . Z IR BV B E et 3
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1 H & % 3380 177758 181138
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75 5 134349
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HL# . #6 MRR f8b5 i3 17 4.15% . 7 Recall
fetr Bl BT T 4.052%. 5 5 A0 HfE O %
GRU4REC # kb . SCRM 7 MRR #8#5 I 5 = 2 7
T 6.68%, fE35 b5 Recall I~ SCRM % 42T+ T
9.94 0. B W By 48 T e BRI T 2% pE Sk =k
RIS %) R o T 9 4 A By, T B AT LA
FHET AEZ 1) SCRM R 1 3T RNN Ay
BRI HA — 8 L3

Table 3 Comparison Results on HVIDEO Dataset

#x3 HVIDEO HEHEMLLELER %
BV ROR B E e RCR

S VRS MRR Recall MRR Recall
@5 @10 @20 @5 @20 @5 @10 @20 @5 @10 @20
pop 2.66 3.07 3.27 5.01 10.49 1.71 1.96 2.24 2.21 3.61 6.58
B4k item-KNN 4.43 4.16 2.93  10.48 23.93 2.11 2.39 2.90 3.01 577 12.11
BPR-MF 1.21 1.31 1.36 1.88 3.38 1.34 1.52 1.64 2.74 4.05 5.83
kP VUKNN 3.44 3.53 2.87  16.46 34.76 2.03 2.51 3.48 6.36  11.55  24.27
o NCF-MLP++ 16.25  17.25  17.90  26.10 43.04 3.92 4.57 5.14 7.36  12.27  20.84
B Conet 21.25 22,61  23.28  32.94 52.72 5.01 5.63 6.21 9.26  14.07  22.71
i GRU4REC  78.27  78.46  78.27  80.15 83.04 12.27  13.00 13.70  16.24  21.89  32.16
oK HGRU4REC  80.37  80.53  80.62  81.92 84.43  14.47 1537 1611  19.79  26.72  37.52
o 7-Net 80.51  80.80  80.95  83.22 87.48  14.63  15.83  16.88  20.41  29.61  45.19
SR SCRM 82.42 8265 8275 85.11 88.48 1878  19.68  20.31 2493 31.83  41.97
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Table 4 Ablation Experiments of SCRM
&4 SCRM HI#fELIE %

WV HEFERCR

W E TR

7k MRR

Recall MRR

Recall

@5 @10 @20 @5

@20 @5 @10 @20 @5 @10 @20

SCRM(JE MSA) 81.56 81.83 81.96 84.66
SCRM(JE CTN) 81.12 81.39 81.53 84.26

SCRM 82.42 82.65 82.75 85.11

88.39 17.58 18.59 19.33 23.64 31.36 42.20

88.15 13.05 14.10 14.97 19.18 27.19 40.02

88.48 18.78 19.68 20.31 24.93 31.83 41.97
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Table 5 Impact of the Hyperparameter H

x5 BSY¥HKNEMNE %
BV R ROR W E R RBOR

H MRR Recall MRR Recall
@5 @10 @20 @5 @10 @20 @5 @10 @20 @5 @10 @20
1 73.90 74.33 74.52 78.61 81.78 84.43 10.93 11.99 12.90 17.29 25.41 38.69
2 80.32 80.60 80.74 83.46 85.58 87.57 16.14 17.23 18.01 22.08 30.31 41.73
3 81.68 81.93 82.04 84.52 86.39 87.99 17.51 18.84 19.22 23.63 30.97 41.88
4 82.42 82.65 82.75 85.11 86.74 88.48 18.78 19.68 20.31 24.93 31.83 41.97
5 82.19 82.42 82.53 84.90 86.56 88.15 18.63 19.58 20.24 24.85 32.01 41.63
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Table 6 Effects of Different Aggregation Methods for SCRM
R 6 SCRMHPREREHEHI LR %
BV R ROCR BE RO
DIRFS MRR Recall MRR Recall

@5 @10 @20 @5 @10 @20 @5 @10 @20 @5 @10 @20

mean 81.81 82.00 82.11 84.42 85.90 87.35 18.58 19.50 20.16 24.71 31.71 41.40

sum 81.73 81.92 82.01 84.46 85.89 87.35 18.53 19.48 20.15 24.54 31.75 41.51

max 82.07 82.29 82.41 84.64 86.28 87.90 18.25 19.22 19.94 24.20 31.50 41.94

min 82.42 82.65 82.75 85.11 86.74 88.48 18.78 19.68 20.31 24.93 31.83 41.97
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Fig. 3 Training time of 7-Net and SCRM
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