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Abstract Understanding the behavior intent of online users on E-commerce platforms is critically important in many
recommender systems. Current approaches generally regard the behavior interations between the users and the items as
ordered sequences, which may largely ignore the time lag length between the behavior interactions. Meanwhile, instead of
having only one intent, a user’s online behavior on E-commerce platforms may have multiple intents. For example, when a
user is browsing the sport equipment, she may want to buy a soccer and a sweatshirt simultaneously. It is difficult for ex-
isting approaches to both model the time lag length between the behavior interations and capture the multi-facet user in-
tents on E-commerce platforms. To address these issues, we propose a Time-Aware Hierarchical Self-attention Networks
model named THSNet to more effectively predict the user intents on E-commerce platforms. Specifically, THSNet uses a
novel hierarchical attention mechanism to effectively capture the time span length between user-item interactions and a
user’s multi-facet intents. The hierarchical attention mechanism contains two layers. The bottom attention layer focuses on
capturing the user-item interaction within each session, and the upper layer attention aims to learn the long term dependen-
cies among the sessions. In addition, to learn a more robust and bidirection session embedding, motivated by the
pre-training method in BERT we propose to add a Cloze task which aims to predict the randomly masked session embed-
dings. The Cloze task is jointly conducted with the user intent prediction task under a multi-task learning framework. We
conduct extensive experiments on two real-world datasets. The results show that the proposed THSNet outperforms multi-
ple current state-of-the-art methods.
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10: fr 2/ 2 )R W 2R IR ZEH 0 Ly, =
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5 K
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BAMEH LastFM Zdli 4E AT JingDong 4k 4%
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Table 1 Statistics of the two datasets

FIGIE S #H PR #IGH H #AT H A
LastFM 1000 1000 1293103
JingDong 10692 303150 1198735

* LastFM $#fs 5 X2 — AT H Wk 5]
AT B OOR HE A L 5 4 4 (http://snap.
stanford.edu/jodie/lastfm.csv), JLHESET 1 4
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LA, XX A AT A O R A
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A AS HAT SR As BT & A .
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W rank, SEXT TS @ IRETEE — AN S K HE AL
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53 SRIAT
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B LS AT T BRI RN R 128, 222
FE0.001, BRG] Adam Optimizer BEATIIZ5, Fif
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54 R

2 JEIR T ARG LUASE Y (1 S0 45
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JT AT S AR I TR A R A R, R A
JIEANE A0 I T4 B A MO R I P I R
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B LSTM %A 2% [P UIELE I P 51 S A8 B
(i) Te) B 15 5, AELENRI T RS I 3 S5 S,
I, LSTM [ LightGCN I35 4. Time-LSTM 1f
iy LSTM I FhAg 4k, 2% 58 T IR R A 2 U
f5 18, 76 LastFM ##i4 Lk LSTM $#5 T 16.9%,
7t JingDong $#i4E FEE LSTM #2757 12.2%. KN
LatentCross % | N 3CfFETIAR] T RNN H, FrlAtt
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T it ZTA)AE B R BN A FUUF HOOC RN 182,
DA G LU L A0 USSR RIS 4 . 4R, 45 Jodie AHLL,
THSNet 5 887E B A Fod 48 E g kg o il 46 o 7
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HR R EE R, HFHE NG EE T 207
TR
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Table 2 Experiment results. “*” indicates the im-
provement of the THSNet over the baseline is signifi-
cant at the level of 0.01.

- LastFM JingDong
MRR Recall@10 MRR Recall@10
LSTM 0.060* 0.118* 0.039* 0.057*
Time-LSTM 0.069* 0.138* 0.047* 0.064*
LatentCross 0.146* 0.223* 0.065* 0.099*
Jodie 0.195* 0.305* 0.080* 0.131*
LightGCN 0.037* 0.072* 0.009* 0.013*
THSNet-1 0.194* 0.305* 0.082* 0.135%
THSNet-2 0.198* 0.316* 0.085* 0.138*
THSNet-2 0.192* 0.313* 0.081* 0.136*
THSNet 0.202* 0.319* 0.087* 0.140%
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T8 2 R T (1 B i P A R P



FARTE A T 1) R A5 5 ) B TR B I ) R 23 SR R 4% 177

AT W B RE, FRAER 5 han T
P BT, Jerpar I EARGR T — D L ik
Prseail, WAEPA b s — LA RS A
PEMARIREEAT T 18, R, S — M SRS
TR T IRBr A (L HE), BT TR 1
SRR bt SRR, Wit HET7R . BAiTR]
DRI A Y, 3K 20 % s R DY 1, 1T )
SIS U1 P SR P i S AN o SR — XU e

VYRR, DU ST i X AT RERLE At
KA 2R W S B = U A T v R K R
R HHEI, B 5 g — AN Y ik
=M. AT LU, fERTPIR b, Moy
TGS AL BRAT AL EREEREAT T AHSC iy, m ABE AL
XA ERSE R i OB BOR . RS =Rl AT
BRASTI L AAE T SRR R S R SR,
A RAAILI R s 3 i A2 B R 7 it BE O 547%

_— — = — — — —

]

o ) £

session,

5 ETFHRPREH LR EE A
Figure 5 Case studies of user intent prediction based on a user’s browsing history
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Figure 6 The Recall@10 of THSNet over the two datasets
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