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Session-Based Sequential Recommendation with Auxiliary Time Prediction

CHEN Cong ZHANG Wei WANG Jun

(School of Computer Science and Technology, East China Normal University . Shanghai 200062)

Abstract  Session-based sequential recommendation aims to predict a target user’s behavior in
the near future based on its anonymous short-term behavior sequence in a given current session.
Since this task setting provides a good chance of considering user dynamic preference, it has
gained much attention from both the academic and industrial domains. Most of the existing rele-
vant methods in the literature are attributed to the category of only focusing on predicting the
next items to interact for a considered user in a single-task mode, which inevitably overlooks the
additional useful semantic information that is contained in the auxiliary task of predicting user
behavior time. For general sequential recommendation problems that take events or locations as
the input, there exist a few approaches that investigate the ways of predicting the next item and
its corresponding time at the same time in a parallel fashion. However, this paradigm is not very
consistent with the actual situation of sequential behaviors, where users tend to first determine
the intention of an interaction and then choose the appropriate time in the future to perform the

interaction. To mitigate the effect of the above issue, this paper develops a novel session-based
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sequential recommendation method by utilizing the framework of sequential multi-task learning.
The devised method possesses two aspects of innovations. First of all, it predicts the interacted
items in the next time and further take them as the input of the next time prediction method,
thereby this manner empowers the two prediction tasks with sequential dependency. As a result,
compared with the parallel fashion of the joint prediction of items and their corresponding
timestamps, the proposed model can couple the two tasks more tightly. Secondly, an improved
bidirectional time interval aware Self-attention approach is developed in this paper, which enables
the item at each position of a target session to have the sequential context information, i. e. , the
other interacted items and the time intervals between the current item and the other items, from
both the left and right sides of the same session. As such, compared with the conventional
session-based sequential recommendation approaches that model each session in a one-way mode,
this proposed bidirectional approach is welcomed for enhancing the ability of modeling the
contextual information of sessions, which in turn obtains more precise user interest representations
for later prediction. The comprehensive experiments in this paper are conducted on three publicly
available datasets with different origins, including the Tianchi dataset for the e-commerce scenario,
the Lastfm dataset used in music listening, and the Foursquare dataset that is generated by
spatio-temporal trajectories. The experimental results on the three datasets reveal that: (1) The
proposed method improves the adopted strong baselines consistently in terms of different evaluation
metrics commonly used in personalized sequential recommendation. In particular, it outperforms
the best baseline method, i. e. , TiSASRec, on average by 13.51% in terms of the NDCG@5 evalua-
tion metric. (2) Both the sequential multi-task learning part and bidirectional time interval aware
Self-attention mechanism can bring positive improvements over the next item and time prediction
performance.

Keywords session-based sequential recommendation; item prediction; time prediction; sequential

multi-task learning; Self-attention networks
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45 2 I REZR AT G U 2. X FF — 38 B X4 7l
WAT: 55 » LA —Je 38 SUIR 4 2% S H s pREL -

lossi:*[ln(o'(r,\11+l))+In(l*a(r;))] (17)

Ho Xt FAEA B s, 0 ORBET — A HUREA S,
o N sigmoid BREL, In SNy B S% X5 R 4K

XFF T — B A AT 55, B bR R ECE XA
—In(f (1)) RHIER N

loss' = —{c¢'ou' +wf eg, Tb +%exp(c1 R
w

Lexpleteu’ e g, 1) (18)
w

:/H\:EFI gn:tn+1 — L.
B H AR eR B R 55 H bR eR 2R A

bs
105512 (loss'+Bloss") (19)
=1

Forb B2 V8 e i (8] 5000 4l B AT 95 AR A9 8 2 50 bs
JEAE AL & 4 4t 5 K/ (Bateh Size). 5
) P i ) S 14 i) A5 AR SR I R B AR, SR 1
G TRAEI SRR S I EEOD IR,
Hik 1. BAISHCE
A UNRE T R HBREAR R | T ZEXNRES
VAR KN bss BANGRAE UK epoch_total, 4 e
WA IEARRHL iter_total = | T | /bs]
i IR A B S 5
L BEYLY) Gh A T 2 5L
2. FOR i=1 TO epoch_total DO
3. FOR ;=1 TO iter_total DO
4 MYNERLE T SR bs A A AS 24 18 24 17 I 254t
WL EMREAGRS2EFS] S E E R R —
EH XTGBT B (51501 5
5. X RIR AR B S s R A
FREAR § 5
6. X Y AT it i ARYE R (1D 115 B bR REE ;
7. T CAL A 09 S A5 7 Sk A0 Bk B AR R

OB SR
8. END
9. END

5 SLIGiEE

5.1 HIELEOD

AR AN I B IHAGEE PGS [F] 5 k.

(1) Tianchi®, fif B LA TP BIE S E T
FIF 5 J L P -R AT 4R 4 T 2014 4 11 H 18
H# 2014 4 12 A 18 H—/~H K 20000 4~ 2 %t
4758484 PRI AE 23291027 RAZH.

(2) Lastim®. ZEIEEIE T 5 R4 Last.fm
R e L SR AR T 2009 4R 5 H 5 H ZHT
992 A P B9 S8 B W L SR . AL AR XS 961416 15 it
B9 19150868 IRAZ H..

(3) Foursquare®, Foursquare & — %t T #1 3§
(AR SN R R = R DRI N VS B U N = ) f
g AT 2 ). A Rt T 201242 4 12 H
52013 4 2 1 16 H 2% M4 2080 H A %5 5000 R P 4
B0 LA SOl AR P A B B . A
2293 AP X 61858 A Hiu g i 573703 KA H.

SAER A E S B SLE A BUE
JUBLITER S L Dl RN A B U RS E A A =g
[Fi] B Ji5 22 2. 1 7 TD S5 AH S A5 8L 5 DA B 23 16 =0 F
GIHERE I P E 24 3 5c. % Tianchi, i 3§ 50 F 50
U A T i o DA 23 9 PR 4 28 X 42 1Y B ] [
B AN ok 24 /N EE ok R 43 0 L O S R RN T3
My 2xi%. Xt Lastfm Fl Foursquare [ 4 2 7 72 4H [6].
X} Lastfm, i 38 /0F 20 ¥R 38 H A9 S . 25 35 A
LB A HL X G B B[R] (] B A i 60 43 k. X Four-
square, 2 JIEHLD T 5 RA 1Y M A 23 TE N AR AR AE
NG %) B[] [ B AN R A 24 )N

W 222053 U 24 3 k4 A1 K 4R Tianchi
Fl Foursquare |84 P AT 80 % &3 FH Tl 4,
] 10 % H FEE. 5 10 % HF W, h /9 &
B £, Lastfm Bz G BITER 986 .12 . 1%, 54
REAHE R WL 2. 51 4h IR B A 2T 7 B4 IR
4.2, 1 T J7 I B B SR AL B 3 Sl 24 Y
HHTT U k. XF isf (6] B 410 1 4 B 7 XA [m] H: o
Tianchi,Lastfm,Foursquare [ i} [a] # 77 51 43 5] LA
INEE 3 /N SRy LA

B 2 AT = BOE AR I 1 P B K B A
16 LLN. S 1 58 0 A LB s A SO R 9 K n 88

e

https://tianchi. aliyun. com/competition/entrance/231522/
information

http://ocelma. net/ MusicRecommendationDataset/index. html
https://sites. google. com/site/yangdingqi/home/foursquare-
dataset # h. p_ID_46

©6
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— X E N 20, YN ZRANHEWT I B 3 F B 4. 1 A 1 7 ik TR REME S e il T 2807k
XoF 235 5 33547 FAL B o, AL 20 T S At Y A

®2 HEEZIHER

Bl 4 Q?LX‘J‘% ﬁll‘?f}l/i:\iﬁ bl Lﬁ%tﬁ T
o Bt ot ;-3
Tianchi 40901 230512 17572 15. 34
Lastfm 156 294 927359 9980 13. 90
Foursquare 15100 42316 5388 7.75
5.2 FHrigkr

XFFF — 28 B BN AT 55 . R 3 Hae
FH— A3 51 E 3138 25 NDCG TEAL #E 75 ME RE L B
T4 E B Top-k PEM 845 Hit @5, Hit@ 10,
NDCG@5 .NDCG@10. Hrft Hit@k i & B 525 H
B HEAERT £ £ B HARALE , NDCG@k Wy 5
SERT Y07 B4 e R B A B O T R TR A, X
TR E S BEALREE T 100 A7 ] . B S5
il —EHEF . Hit@k 1 NDCG @k 5 SLAIF -

Hit@k= > I(Rank,,  <k) (20
et

1
te

T

]I(Rcmk,( =k)

gL 2 —-
NDCG@k= ‘ T ‘ i;« log, (Ran/z,_\ﬂ o +1 22

Hor M [T | 43 0 F R IR 4 K HRE AR BRE L T
48 7 BRER, FRoR LS A A DG A BUR B AT
il Top-k {7 &. H T 87 A HX R — A~ FL 58
T = HX4 . NDCC@*k 1] #75h DCG @k 5.

XFF RN — R WO AT 55, R R ¥ O AR iR 2
RMSE $PA5 #8230, RMSE 7] & X Wy

RMSE\/,J}HZ (2,,-1*1‘/,,4@)2 (22)
ieT!

5.3 E&HE
A SOKG BT 4R O 8 5 DL O R HE.
B RERTHREEINTF I T HT

(1) GRU4Rec™ . ¥ 25 3% 307 51 #E 22 o 8 ik fifi
F GRU g H 7 7571,

(2) NARM" . 7 GRU (% 3/t Fm A Atten-
tion AR FE I A 7E i iy £ H 1.

(3) STAMPY!, #] A} Attention 1 MLP %4t
RN, AT 108 5 1A R > i % R

(4) SR-GNN. i 25 3% 41 £ 455y ] 45 ) 4K
Pt o GNIN A 38 5 6 52 =2 [] 19 02 4= 7 46t

(5) SASRec™, 7E 7 51 He 7 Hh # A Self-atten-
tion 58 2B A8 RNN L @i Fl P P 91 5 3% 07 v [ A 3
T2l 7 5.

(6) TiSASRect'™ . X SASRec #f — % ot i#f , 7€
Self-attention "I T 3¢ B G2 22 [a] 9 B (8] [ g3

B T IRIEE T LA ZAT 55 2 ) HE SR AT R/ M
RIS ] T 4 5 v AT H R R R % T A
P8 USFRAT B0 T — 28 B4 52 K B[] .

(1) RMTPPY, ¥ RNN 50} % Sl f 4 4, i
DR —=f 4 R g 1)

(2) PRPPA-UM . 25 181 I K 01 0 4 1 2 45
P B G GRU FIRE 7 i R 7000 R — M i S I
6], S 245t 1 H o A P 1D 26 7R K 0 4 1
o
5.4 UM

A SCfF ] TensorFlow HE 48 52 31 iy 4 H) J7 % AN
B AR B Adam™ I S 50 4
A AR R AR R A 56 U 4 b 0 2 B L I AE DK 4R
B AR R ARG AR ST vk X N Y R T R S Rk
BN 3 PR,

®3 BSYLE

L N i waliot  EE R eI L B o el

Tianchi 512 0. 001 2 128 0. 0001 0.2 512 0.92 0.1

Lastfm 512 0. 001 2 128 0. 0001 0.1 1024 0. 90 0. 001
Foursquare 512 0.001 2 128 0. 0001 0.1 512 0.97 0.1

6 LIWHER
6.1 FT—ZEMKTMEMSHEI L
F 456 AT F—CHA R AL S
R R BEAE =B S 1 1 SRR SRR H. e T A

Fe2k )7 ¥ i, SASRec Ml TiSASRec 3 F RNN,
Attention Fl GNN B J5 iR B 58 ) UEW] 1 Self-
attention FE ARy 51 B 19 0 # . Hih TiSASRec J&
ROR B W 3407 15 R R AE Self-attention Hrfin
ASE X G 2Z 18] ) B () ) B £ 80 s S TR mT L4l 42
1) sF 8] [7] B % F R AE P 2% 8 1) T AR
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* 4 Tianchi F T—XEXMEMMEET S AR FEITLE

ViR Hit@5 Hit@10 NDCG@5 NDCG@10
GRU4Rec 0.4165 0.5338 0.3104 0. 3482
NARM 0.5595 0. 6069 0. 4829 0.4983
STAMP 0. 5837 0.6273 0. 5297 0. 5348
SR-GNN 0.6133 0. 6529 0.5524 0.5701
RMTPP 0.5003 0. 5569 0. 4325 0. 4508
PRPPA-U 0. 5652 0.6116 0. 5040 0.5195
SASRec 0.7718 0. 8519 0. 6239 0. 6501
TiSASRec 0. 7953 0. 8724 0. 6491 0. 6742
Ours 0. 8421 0. 8938 0. 7388 0. 7557

® 5 Lasttm F T —XEXNKHRMEESAEHEI L

VIRES Hit@5 Hit@10 NDCG@5 NDCG@10
GRU4Rec 0. 2330 0.3303 0.1614 0.1928
NARM 0.4462 0. 5001 0.2914 0. 3088
STAMP 0. 4586 0. 5098 0.3027 0. 3164
SR-GNN 0. 4621 0. 5265 0.3093 0. 3278
RMTPP 0. 3208 0. 3859 0. 2704 0.2913
PRPPA-U 0.3319 0. 4008 0. 2801 0.3023
SASRec 0.4731 0.6058 0. 3452 0. 3880
TiSASRec 0. 4857 0.6183 0. 3588 0. 4016
Ours 0. 5449 0. 6591 0.4196 0. 4597

% 6 Foursquare F FT—X EX & EFE S AR FETLE

J7 ik Hii@5 Hit@10 NDCG@5 NDCG@10
GRU4Rec  0.5189  0.6139 0. 4090 0.4397
NARM 0.5637  0.6397 0. 4871 0. 5085
STAMP 0.5965  0.6509 0.5164 0. 5296
SR-GNN 0.6432  0.6822 0.5617 0.5703
RMTPP 0.5604  0.6386 0. 4637 0. 4890
PRPPA-U 0. 5860 0. 6481 0.5044 0.5215
SASRec 0.7548  0.8295 0. 6455 0. 6766
TiSASRec  0.7652  0.8318 0. 6607 0. 6825
Ours 0.8084  0.8634 0.7253 0. 7432

AR SCRTHE TR T A L ik 1 Hit@5
Hit@10 NDCG@5 . NDCG@10 545 I [ TiSASRec
Iy BAR T 7.91% .4.28%,13.51% ,11. 82 % (i 2
FHCEA B ETCE 3, FRD R — &SI AT
I 10 35000 %l B A 55« LA 91 2 A 55 2 20 O =X 3
A EH AT G S [R] AR 2 2] 3 T8 2 A
— 775" T XL [k ] [ B SN 1 A ML A il A5 )
R AN AT ARG R B S A PR 38 BN B B e
] [E] B 45 5. 55 4h . B AR RMTPP #il PRPPA-U J5 ik
A A 5 B[] 5000 A B A 55 AELRAR SO IR AR FE R
ZH L BR T RNN #ELfE 1 AU Self-attention (1) A
oy AN DR — 5 T X e Oy i B A E AT 5
LA — A4~ RNN, 2000 52 J0 2 3 $2 4 55 [R) 1 1
SC2ESE Ty — T AT RO 58 2 A T P sC HL
SEBRIE B o AT 55 () JT 3 7 AL Oy R K R

R T 2D AR SO AR 5 A BT TiSAS-
Rec (PR3 R BC XS ¢ £ 55 (paired z-test) B iiE P

AT EE R A B T R KL— 146
bR ] BT R R - S M A [ b1 0 WA T i
PEAT R 2 ) 5 A 9 58 I 2 A L 7R A () Y
PP NEEIZE R 10 U %48 br il 45 2R ol 24 8%
10 XPREAS il R A A R O 105 SR 5 730 0T A I
X IR 22 0EL » FF BB 22 (AL A2 TE 2500 A 5 3535 R T 4%
FZEAETIEE ¢ s B 4 ¢ AGr 6 Wi 7 3% L AR 4 R AR 5
B (A E p (HEE, 2 A G K (RER
95 /6 ) 0T T L RS R 75 A 7 S R 22 S i K M
EIHE AT

d

sa/ /sam_num
Hodr d s 43 332 7R BT A5 25 (8 00 7 ¥ (8 R bs ofE 22
sam_num FFEAL R,

15T R B AR Hit@5 I NDCG@5 4845 4T i
EVEHT. 7T 4 H T Foursquare (4 F Hit@5
H NDCG@5 $545R4% H X R 10 X5 a4 2R . AR
L 2)HE 1,583 t_valuenies ~t_valuexpccas 77
BIA 51.34.57. 27. A R AT I HERR 10 p (A
HE/NTF 0. 05, BRG] LAIA R Z B0 4 WA D5 ik 1
MRS RAF A B E M2

(23)

t_value =

#& 7 Foursquare I paired t-test B E M HRBMXER

Hit@5 NDCG@5
58
Ours TiSASRec Ours TiSASRec
1 0. 8075 0.7624 0. 7252 0. 6591
2 0. 8088 0.7688 0.7238 0. 6653
3 0.8125 0. 7673 0. 7258 0. 6645
4 0. 8082 0. 7661 0.7228 0. 6644
5 0. 8076 0. 7670 0.7268 0. 6614
6 0.8111 0.7663 0.7267 0.6610
7 0.8119 0.7637 0. 7287 0.6603
8 0.8118 0.7669 0.7274 0.6617
9 0. 8104 0. 7683 0. 7262 0. 6653
10 0. 8106 0. 7635 0. 7256 0. 6600

IR AR Jy ik [A) BE 7] LI XF Tianchi f1 Lastfm
AR B Hit@5 1 NDCG @5 845 #E 47 5 3 1
OB AR AN TR IR, 2 8 A T = AN BUE AR B
PR AT SR AT A5 258 02 AR ST 4 S O vk
TE = ANEU A 34 1 TiSASRec HUS i 2 $2 7t

xR 8 Z=ZAHIEE L paired t-test BEMHTER

K i 4R Maldsts  HEARGE (i BEKFE/ %
. Hit@5 10 79.19 95
Tianchi . _
NDCG@5 10 132.12 95
Hit@5 10 69.61 95
Lastfm . _ _
NDCG@5 10 91. 95 95
Hit@5 10 51. 34 95
Foursquare o -
NDCG@5 10 57.27 95
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6.2 T—RETNHEBESZTEITLL % 11 Lastfm F AEEHEEHA L
2RO TN — I [] TN S B AT 55 R AN [ O ik Ty ik Hit@5 Hil@10  NDCG@5
76 =AM HOlE % 1 1) RMSE 52 50 45 H X b, 73 4+ I 08051 06259 0.9040
et ‘ . o A s Sh ] 2% )47 Rk 0.5109 0. 6308 0. 3826
r?,‘ﬁﬂ$5@$%1§ﬁﬁE"Jﬂﬂ‘|5ﬂ$jﬁfj‘_d\m ﬁb%)ﬁ}ﬁu”éf? i,ﬂ\ii[ﬂéﬁ‘%?ﬁl]ﬁ 0.5174 0. 6392 0. 3909
M 100 8 B K SCH A I (A R MMM 05236 06057 0.3081
N N N e ENGICE Sk 0. 5449 0. 6591 0.4196
PRSPy T sk ] B AR — s 1] JR] B R (Y O
5.1 %5) A Jd], Tianchi, Lastfm, Foursquare B} [H] % 12 Foursquare LR EHE SR E
FAIT A A A 4 /NI (5 43 4 NI Ji Hit@5 Hit@10 NDCG@5
AT 5 0.7743 0.8432 0. 6786
x99 =AHMIEELTEFAEN RMSE 523ttt ST R 45+ I 47 2L 0. 7801 0. 8463 0. 6845
Vi Tianchi Lastfm Foursquare LR K+ P F K 0. 7888 0. 8490 0. 6942
RMTPP 0. 8136 0. 7740 1.3231 ARM 4+ IR 0. 7969 0. 8525 0. 7055
PRPPA-U 0. 7791 0.7708 1.1486 AT R 2%+ 7 51 X 0. 8084 0. 8634 0.7253
Ours 0.7668 0.7662 3.9554

B SR I 25 RAT LAE - 78 AT 55 B0 = R B0
(G A B AT 55 BOR W B 3 1 KRk Uy ikt RMTPP
M PRPPA-U 435 #& 7+ T 5. 09 %0 F1 2. 28%.

6.3 AEAFHEZSHEAZWIH

R T B UE AR SO DL 8 X 2 AT 452 2T
L F AT 55 05 09 A S AT X T AT 5
LU BRI .

(1) AN I A B R] 75000 485 B A 55 1% AT 55 T 2
g2 R0 — 28 B X4

(2) EHE 55 =W —A B IR 45, DLt
A7 2 ) B J0 58 X 5 B I i)

(3) FHAE 5=/ — B IEE ML, LUF
H AR R I T — 28 HAF G2 K B[]

() F /AR 55 A B 3B M4, DR AT
2 [F] B R R — 38 B G B ) Jia .

(5) FHAR 55 AR B 1 2 01 M 45, LLT 51
AR T — 38 H X5 Je i) [

10,3 11,58 12 g5 i T AT X fE =4 Bl
LRI EE R, iR gs R LLE A U A 3
AT 55T 3 L AT 55 T8 OF W1 8 48 T uE W B
(] o000 4l B0 A 55 0T 2 v R A RIOR 1) B A 5 2 3t
I [A] > 0 2% s A AS (6] 9 45 5 7 9 5 b O A7 A
NDCG@5 $8¥5 I A4y B2 F+ T 1. 71 % F1 3. 78 % . iiF
W1 T LA 92T 55 2 2] O U R E 5 AT 55 ik

% 10 Tianchi EREEHESHAI L

J5 = Hit@5 Hit@10 NDCG@5
AT 5% 0. 8002 0. 8766 0.6711
L2 2% + 147 0.8115 0. 8810 0. 6985
2 4%+ 75 0. 8204 0. 8825 0.7092
A [ R 4% + 3147 2 0. 8278 0. 8868 0. 7164
ENGICE: B2 IE. 0. 8421 0. 8938 0. 7388

DEH 5 55 1 o A A ] 19 245 L 5 100 2% 1) S0 3R o O 5%
H 5 D PR R BT B 2% 10 AN () 90 2% RE 68 41l 412
FIAS R 55 6] ) T8 22 5+
6.4 BEENMBLEEZMIH

N T B R AR SCIT e 9 XL bk (] (8] F 8RR A 3
1T WA R AR AE 3 T 7 R 2% Hh g e [R] ]
B AL 1] S5 A EAT R BR S 5. w/o G 3R & 4 i (]
[ENERESS VA AN EE ) O = P SR SRR N
IR EE R s w/o S RN F 4w XA S5 44 A A B
FUR A e B 58 56 2 R i 1] [ B A B s w/o G/S
27 () B 25 g b (v i) B R0 R 1) 25 449 A 7 L il
G NEERIE

F 13K 14 R 15 @i T AR M 45 7 =1
Wik B s ai . st s Rn] DUA . 2 L
IR 5] [11) o 28 X 1 25 g o A R S5 2R 2 T S L L

% 13 Tianchi L AR BFEE MK EHAITEE
Vikrs Hit@5 Hit@10 NDCG@5
w/o G/S 0. 8168 0. 8775 0. 6965
w/o G 0.8219 0. 8808 0.7136
w/o S 0. 8304 0. 8841 0.7217
Qurs 0. 8421 0. 8938 0.7388

X 14 Lasttm FRARBEEAIMEEH3TLE

Ik Hit@5 Hit@10 NDCG@5
w/o G/S 0.5032 0. 6344 0. 3819
w/o G 0.5177 0. 6390 0. 3960
w/o S 0.5295 0. 6453 0.4002
Ours 0. 5449 0. 6591 0. 4196

% 15 Foursquare t RAEBEE 1ML EHXTEE

ik Hit@5 Hit@10 NDCG@5
w/o G/S 0. 7895 0. 8507 0.6959
w/o G 0. 7947 0.8571 0.7065
w/o S 0. 7980 0. 8576 0.7104
Ours 0. 8084 0. 8634 0.7253
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w/o S\w/o G.w/o G/STE NDCG@5 85 I 43 5l
TRET 3.00% .3.88% 6. 25% »— 77 [fi 6 B T B [
(1) o8 Xof A5 75 o 0 ) 5 L O b ISR TR G S
A AN AE B G2 B sk i) [ B A 2 ) b 2
6.5 EEESHEMIH

AT EZEDIE T A SO 7 0 SR — gk
T S HO B R R 09 52 ) A0 A B AT 55 AR
BB U] S 4E B o B[R] [R) B B KA a.

(D) TS BUE. 6.1 15 6.3 3540 B ]
S0 5 | B T S0 ol B A 55 o) B8 v #E 4 AIOR LA G
1 1T BETE B 58 ] i B AT 95 A o 0 485 R 801 1Y) 52
M, 28 S50 BRI AR A & (101,10 7,10 %,
1071,10°). | 3 g/ T =48 £ & NDCG@5 #
WRTEIZ AR A L2284k il £k X T4 B AT 55 AR 1Y 5
AN H AR S8R e L BB B AT LA
B 5 B AT 25 B A R R 5 i 45K, Tianchi,
Lastfm.Foursquare 23 H#F 107,107 % .10 ' &b B 5
AR =B ENTE 10 "R MR, R
S BT 55 AT 2 /M A5 32 A 55 Tk 78 43 R R Al B
55 P e A AR s R 3 i WAL EE 10° 9 1A LA
WG R RCR S AT R T PR B A ) 22 Ml G T D AT 57
B 23 % FAT: 55 7 A — i i 30 il 1 .

0.80
0.76 1
0.72f m
0.68f

L 0.64F

% 060l —o— Tianchi

S —o—Lastfm

% 0.56 —o— Foursquare
0.521
0.48F
0.441
0A0F T
0.36 - - o 0

10 10 10° 10 10

HIMES A E
P 3 Al 1 A 45 AL T X A AR S8R 1 52 i

(2) 18 SC 1) 4 FE . 3T R 43 M i 1) i 4E
ey 52 e 455 R0 YR L % S R0 H RO R A R
{16.32.64.128.256}. & 4 45 T =54 b
NDCG@5 $8hr) A fb i . ME H T LLE . =4
BAEtE B NDCG@5 1y 728 Ak fa #4581k — 350, Bl R 15
SCTn] g AE R BB HOR W B 2 P s I A TE d
B 128 ik 3 dpe i s AR SEIG N o 3] 256, BB RCR
B B T R R R A 4 B S s R BOL LA
REAR T BB 92 1L hE

0.80
0.75
0.70 |
0.65 |
0.60

o 055

® 050[ —— Tianchi

T 045} —— Lastfm

= 0.40 1 —o— Foursquare
0.45 [
040 |
0.35
0.30 [
0.25[
0.20

25 50 75 100 125 150 175 200 225 250
LA

P A4 T Sk 2 o A TR SR B R T

(3) I ) ) i e KL 3% 8 2 808 23 I 91 o
A8 N} G 22 [ (i i 18] a) B BR 2 R 0 B @ 2 8] AR
¥, BAREUE 4 2 (64.128,256,512,1024,2048 ).
BS54 H T =N R4 E NDCG@S #8471 728 1k il
2. TR AT DL MY AR RO B 5 ) ) B e KB
FA 38 T 32 5 » Tianchi. Lastfm, Foursquare 43 3| £
512.1024 512 Kbk B H5c 5 22 I 24 i Ja] 8] B 5 K AE
HE— A5 B T AR TR R TR
0.80
0.76 |
0.72+
0.64
0.60F
0.56
0521
0.48F
0.44

040 fp——"""

0.36

—o— Tianchi

—o— Lastfm

NDCG @5

—o— Foursquare

300 600 900 1200 1500 1800 2100
P 17 1] o K AL

P 5 e ] i) B i R 0o A TR 2SR 4 5 T

6.6 RO HT

AR SCAE F 3 AT 55 Hh 8 FAS [R] 99 28 43 531 % 23 145 7
G AL, AR 2 (R S5 49 A He F TiSASRec ZH T
—AN B R T W4 DT B HE AR 1 TR B
S YE I R o] FE B A XA DG NGR4T T
XF EE 4 A

16 451 T TiSASRec A T4 H )y i5 78
“ANEUEAE BN AR U IR KRR IR -1
YIRS CRA SR BP) . AH DG I 25 i 4 3 7 7] — 38 17
W% (i F: NVIDIA GeForce RTX 2080Ti) T il
MR DA P T BRI R — B AR S
FF4R 5 WA T TiSASRec ZE I ZRl K B34 hm T
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35. 75 V0. Qifaf 75§ FHAE R k3 ROCR 1 18] iR T B
A BAN 8] TF B (RS R R A — PR R.

F16 =ZANHEELEREHERNGERKITEE

Kt RS UER /R ERT S SV EHNEIS
. . TiSASRec 10 24423 2442. 30
Tianchi
Ours 10 33732 3373. 20
TiSASRec 8 65035 8129. 38
Lastfm
Ours 8 84020 10502. 50
. TiSASRec 50 12852 257.04
Foursquare
Ours 50 17987 359. 74

AR SRR 23 78 30 91 4 A K — T ) R AT

FE PRI T —FoE B Y 7 5 AT 55 IR AR A
AALGIAT i 1] PR A8 A 5 o] i L 45 58 B
Xk G RIS W) #9000 T -, B S B S g . 5 AL O
KT 2 aod WO R B ] [ B R B
i i R W Y D S T R S R VAT S W
A7 PN R 58 HL R BE ST - I BEA RCER A X L I [R]
IR R R fE = A TP R LS ai R T
JIr i th 7 1 B e
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is devised, paving the way to better employ contextual
information of each position in user sessions. Comprehensive
experiments on three publicly available datasets, i.e., Tianchi,
Lastfm and Foursquare, have demonstrated the proposed
Taking

NDCG@5 as an example, it improves the best baseline by

model could outperform other strong competitors.

13.51% in average. In addition, the contributions of sequential
multi-task learning and the bidirectional time interval aware
Self-attention mechanism are well validated.

The authors of this paper have already investigated the
task of jointly predicting the next item and time in a parallel
mode (please refer to the work!™®). As such, this work is a
natural extension. Besides, the authors have a strong back-
ground of user generated data modeling. This is a broader
field compared with session-based sequential recommendation
and provides necessary techniques for it to achieve better
performance.
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