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Time-aware Sequential Recommendation Based on Self-attention Network

MENG Zhi-Peng, CHENG Wei-Qing

(School of Computer Science, Nanjing University of Posts and Telecommunications, Nanjing 210023, China)

Abstract: As information technology develops, recommendation system serves as an important tool in the era of
information overload and plays an increasingly important role. Traditional recomhlendation systems based on content and
collaborative filtering tend to model the interaction between users and items in a static way to obtain users’ previous long-
term preferences. Because users’ preferences are often dynamic, unsustainable, and behavior-dependent, sequential
recommendation methods model the interaction histories between users and items as ordered sequences, which can
effectively capture the dependencies betweentitems and users’ short-term preferences. However, most sequential
recommendation models overemphasize ihe behavior order of user-item interaction and ignore the temporal information in
interaction sequences.In other words, they implicitly assume that adjacent items in the sequences have the same time
interval, which leads to limitations in capturing users’ preferences that include temporal dynamics. In response to the
above problems, this study proposes a self-attention-based network for time-aware sequential recommendation (SNTSR)
model, which integrates temporal information into an improved self-attention network to explore the impact of dynamic
time on the prediction of the next item. At the same time, SNTSR independently calculates position correlation to
eliminate the noise correlations that may be introduced and enhance the ability to capture users’ sequential patterns.
Extensive experimental studies are carried out on two real-world datasets, and results show that SNTSR consistently

outperforms a set of state-of-the-art sequential recommendation models.
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SNTSR BAZ i J7 2l 4 I 113 6, A 1 7 77 0 2
4 BE AL A T A B, SURLN T AT D e
SR, BRI T L TSR, FA T S
SO 5 0 S A A MK B 26 248, SNTSR
77 E R R D R 1K 5124 HIFO(n2) 29 O(nk), HLAY
MR B PR T

%3 BEHER

Dataset Learning rate Batchsize = Maximum sequence length

~ Hidden dimension

Latent interests Dropout rate  Layer normalization

Amazon 0.0003 1024 150 64 15 0.5 1E-12
Yelp 0.001 1024 100 64 10 0.5 1E-12
ML-1M 0.003 512 100 64 25 0.2 1E-12
\
y ! F4  AFEBARERE ELEL (%)
Dataset Metric Pop FPMC GRU4Rec NARM SASRec BERT4Rec LightSANs SNTSR Improv.
Amazon HR@10 3.95 7.97 8.08 8.16 8.43 8.10 8.86 27.28 207.90
NDCG@10 1.56  3.98 4.02 4.12 4.14 4.03 4.36 15.93 265.37
Yelp HR@10 1.70 231 437 4.49 5.09 4.89 5.55 17.41 213.69
NDCG@10 0.82 1.08 2.15 2.29 2.76 2.62 291 9.40 223.02
ML-1M HR@10 8.15 1232 21.30 21.75 22.11 21.99 22.56 23.32 3.37
NDCG@10 4.04 589 1091 10.98 11.21 10.99 11.45 12.47 891

3.3 JHRASIG

5 R B A SO 5] N 41 R B B B R4S R, I
ST TR T AR DG, TR R BRATT 3@ i Y ik s 5 %o
R (1) S5 A A AT KR SR AT 4 BT . AR SO R A8 4y

BEAT TR SR, SEIEAE RUNER 5 For, FIRERA TR, |

BT (1) 7 64T 7 DAL FRAT1H: SNTSR £ 5 4 358
43, REE AL £ 2, 198000 HT M R SNTSR-P,
ST T, B 1K SNTSR st [8] 5 582 55 3 (e
HIF5 g SNTSR-T. A T AT Huie, WA B [ ke 5
Bk B 5 SNTSR R —2EL

MF 5t LB HY, SNTSR-P 5 A1 %4 i T SNTSR,
R o) 1 £ 2 B S R W B, e T AN SR AT
5 B b R T i 0T I8 25 VT 22 AH 7] £ IR [ 8 (386479
H— AR, S BB AR A6 A A A i B A B
[T 7 90 %, R TR TR R R 20 BT AT P 3 i R B A
B, HEZEVE RS RIS, SNTSR-T BER 1 i 5 22, MILL T
SNTSR-P, SNTSR-T PERE 2RI B, 1X 3 BB [A]45 2 X
T4 TR 4 il 50 7 . B R A SR

Hif) SNTSR B, 24 JF 7 BIANSE 8 16 -7 ik
FOK T S P B, M I T A R e
o 5] ST TR, 95T B

) K5 JHRRSLE T
Dataset Metric SNTSR-P SNTSR-T  SNTSR
HR@10 0.2618 0.0949 0.2728
Amazon
NDCG@10 0.1519 0.0455 0.1593
Yel HR@10 0.1641 0.0563 0.1741
e
P NDCG@10 0.0866 0.0298 0.0940
HR@10 0.2228 0.2045 0.2332
ML-1M
NDCG@10 0.1221 0.1020 0.1247

34 EEBRSHEEWOH

AT FE SRS A VA AR — e G S
FON B ORI 52, AL 4R 2% 2] % (learning rate) FlE
TE X4 (latent interests), T Yelp 55 Amazon #BIEH
Mg, R FATE$E ML-1M 1 Amazon U4 S 34T
.

(1) ) 2015 2] R R IUE, AR E S
TREFR AR BEAE. % 2] 20 BARBUESE A 72 {0.00001,
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0.0003, 0.001, 0.003, 0.01, 0.1}, & 2 ¢4 T A% 2]
N HR BIFEMARCR. A DR Y, PSR 4R HR@10
(25 fh i 35 B AR — 3, ML-1M FIl AmazonfE % 3] 4y
79 0.003 5 0.000 3 I B S AR, BIFE 0.1 bk
P2, IR el R H 2 2] 0T e S BURSUN X, £ 2
HEBh RAE.

®
~ 0.16
T —e—ML-1M

0.12

—-@-—Amazon
0.08 \
\
0.04
107 104 1073 102 10

»
B2 RS HR
R

(2) JBELE D4 B PR SR AR 4 A 1 T 7 0 R
(149 73 52 e i B st 280 [ 72 50 09 70 580, TR, SR AN
[P EUE [PV FE DG, AT BE 2 A AN A B HEF 45 2. S
HBLZSEE S NS, 10, 15, 20, 25, 30}, HAb#ES
BRFF A AR, SLI0 45 R an & 3pR.

0.28
027} @ e g O g
0.26 |
= 02s) —e—ML-1M
® o0l —-@-=Amazon
[
T 023}
022}
021}
020 I I I I 1 i
5 10 15 200 125 30

N

B3 A E X HR (51

A LAE i, Amazon £ 4E /) HR@10 F5457E 0.27
BTk B, BARAL T AR 0E, FEIEEDGE Y 15 B
AE. T ML-1M #R SRR EME N 5 I, HR@10 18
/N, ZJE B BTEDEME B KR L&, I
TEDGHE N 25 BB K. 7E A — T AE 4 T, Amazon
) HR@10 B3t T ML-1M, HJR K o] RE A2 W6 5 4
{1 it 2 P8 R 2 0K, A AL PR 77 S e it Bt ST 38 2] 7 7%
TE SR LU 42 10 P 1 o S 1) [ Vs E M,
AL TEN,
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