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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 targetuser’s behavior in the near future
based on its anonymous short-termbehavior sequence in a given current session.Since thistask setting provide a
good chance of considering user dynamic preference, it has gained much attention from both the academic and
industrial domains.Most of the existing relevant methods in the literature are attributed to the category of only
focusing on predicting the nextitemsto be interactedforaconsidered userin a single-task mode, which inevitably
overlooksthe additional useful semantic information that is contained in theauxiliary task of predicting user
behavior time. For generalsequential recommendation problems that takeevents or locations as the input, there
exist a few approaches that investigate the ways of predicting the nextitem and its corresponding time at the same
time in a parallelfashion. However, this paradigmis not very consistent with the actual situation of sequential
behaviors, where users tend to first determinethe intention ofaninteraction and then choose the appropriatetime in
the future to perform the interaction. To mitigate the effect of the above issue, this paper develops a novel
session-based sequential recommendation method by utilizing the framework of sequential multi-task learning.
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The devised method possesses two aspects of innovations. First of all, itpredictsthe 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 modelcan couple the two tasks more
tightly.Secondly, an improved bidirectional timeintervalaware self-attention approach is developedin this paper,
which enablesthe 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 approachesthat 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 datasetswith 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 best baseline method, i.e., TiISASRec, on
average by 13.51%in terms ofthe NDCG@5evaluation metric. 2) Both the sequential multi-task learning part and
bidirectional timeinterval aware self-attention mechanism can bringpositive improvements over the next item and

time prediction performance.
Key words session-based sequential recommendation;itemprediction;time prediction; sequential multi-task
learning; self-attention networks
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WA P UrEd S, $R4E T 2009 45 H 5 HZHT
992 ANFH P SE BT BGIE %, ELREXT 961416 T Ak Hh
) 19150868 X 32 H..

3) Foursquare®: Foursquare & —>3& T~ Hb B8 fi7
BEBMMZ G, HATRUEE 2= E S
BHATER], 2R T 2012 4 4 H 12 HE

https://tianchi.aliyun.com/competition/entrance/231522/infor
mation
Zhttp://ocelma.net/MusicRecommendationDataset/index.html
®https://sites.google.com/site/yangdinggi/home/foursquare-dat
aset#h.p_ID_46
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2013 4F 2 H 16 HEE AL H AR 5 23
TR, A AL TR S P BRI
2293 M HI 4 61858 M pi ) 573703 IRAZ H..

SABAREQE P RN T)TH, BRI
Ab PR B R T P RS LR ARG N 2 AN 1
[ Ja S48 F 288 P ID AR5 R, PLEMN &
1 T FIHEAZ () FH S 44 355 . %) Tianchi, i g4
DT 50 RASEHLIIRE i, DA s P AHARAE FX G i)
i[RIl BE AN L 24 ANBS SRRy 31, IRaI R
/INF 3 4% . X Lastfm A1 Foursquare 4L BRI FE
FHIA . %) Lastfm, i 3fdsi/bT 20 kA8 H (1,
S P AHARAS BN 5 ()] ) fB) AN 60 40
X} Foursquare, idyEfsi/bT 5 A H AT, £
P AHATAE 0 G2 (1)) [ B) B AN e 24 7N

W 2 E Ry NI R4 . B0 E 48 A1 4E
Tianchi A1 Foursquare 434 FH 7 /i 80% 2> 1k H Tl
Zx, WA 10%MH T400F, J5 10%H T, |1 H
PIEAEBER %, Lastfim LiZHLEIEL 98%. 1%.
1%, FHWEGIHEENER 2. 5H4h, IGEFI S
T B IR 4.2.0 AT R A BRI SR A BRI 4
AT RTINS X a5 (1 ab 3805 A
[@, Hrf Tianchi. Lastfm. Foursquare Fi}a) 8k 7
D211 1170 N I 2 N NV /S =<

2 2 AT, = NMUREN PR T
16 LN N T maMHEE, A0 75K Ens
—E N 20, VIZRAEHERTH BRI 4.1 F9 7%
X1 7 AT TRAL HE

R2HW|ESITER
Hd 4 Tianchi Lastfm Foursquare
2 HA A 40901 156294 15100
I Zraxifi e 230512 927359 42316
MRS A 17572 9980 5388
EQRE Sl 15.34 13.90 7.75

5.2 N iERR

XN A B RIAES, FIH A Hit
FH— AL it 25 NDCG Al HEF M eI,
BT DY/ 8 R Top-k PEAFEAR Hit@5. Hit@10.
NDCG@5. NDCG@10. HH Hit@k 1 & H 5%
SEHIERT k, KRB EEAAE, NDCG@K A
FERTIALE S BCE R 4. O T kT S,
XA B BN LRAE T 100 A6, FLski
A — [FEHER - Hit@k Al NDCG@K 5 X R -

Hit@k = > 1(Rank,,  <k)  (20)
ieTte

NDCG@Kk = — 2k ) -1 21

@k = |Tte | Z (2D

&5t log, (RankrSn+1 + 1)

Hrpre | Tte | 3 iR R AR, T
FR7nBRE, RN LS H AR DG HOR 5 47 TR
Top-k fiE. HTRANTIIREAR RN —NEET
—Z HX4%, NDCG@k 1] %7~ N DCG@k .

St F R — B FOAT 45, R 2505 R iR 2%
RMSE $¥{i#5 A %I . RMSE A 32 SUN:

1 .
RMSE = \/W z (tn+1 - tn+1)2 (22)

ieTte

5.3 Bk

AR T 55 DU VAT

BRI TIREZ N F T, BT
BT HIRAT REM LR TECH LT 2807758
i, AR T ST E

1) GRU4Rec?®): 784xi% 205 51 #E25 th Vit
FI GRU B 741

2) NARMM. 7E GRU KLl b\ attention
HRA A A ESTER R EZH B,

3)STAMPP!. F|f attention 1 MLP %&£ RNN,
TR FH 7 PR AT 2 H DR

4) SR-GNNIL. 1 253 Fr 31 iy P 45 K e
155 ) GNN i HE 28 HoXF 5 2 18] i) 55 2 i i

5) SASRec!™: 7£ 5 51|47 th 4 ] self-attention
AN RNN L@ FH, 12077 R E
ToERF IR

6) TiSASRec!™. %} SASRec #t— ki, 7F
self-attention H A 1 28 FLGF G2 2 [a] (1 B 18] 1] B

BRI T DA AR S S S HE SR AT AR
RIS E] F000 ) 79, ABATTE) R A P B A Do 9% A A
H P, CLHAT TR — 28 B 5 B[] «

1) RMTPPYL % RNN S5 7 St Fedt &, T
TR —FF LA

2) PRPPA-UL: 2 & 1 FY P KU B AN 5l 25 2%
i@, 454 GRU FIE /77 st FE TN T — 3 5 S s [a]
SEOGF s Hodr R P ID Rs KR I i34y

5.4 SCINYHTS

A TensorFlow HEZESZELFTHE H 540
Bk, Ak AdamBY, BARESHA



WRIESSE: 5 I 1) B0 Al B A 55 1) 2> 1 sU SR 9

AR AR IR IR R E, IR L
IAERE T AR o ARSI 0 N B I8 2 4B E
K3 P7Ro

RIBSHKE
A&/ TE Tianchi Lastfm Foursquare
&K/ bs 512 512 512
IR I 0.001 0.001 0.001
B R IBHUR L In 2 2 2
X YRR d 128 128 128
L2 LML, 2 0.0001 0.0001 0.0001
BEAL K3  dropout 0.2 0.1 0.1
T ) 61 K B KA @ 512 1024 512
BRI 0.92 0.90 0.97
WS BUE,B 0.1 0.001 0.1

6 SCIGZER

6.1 T —XEMNRFMEESZHEXTEE

F 4, K5, K6 HGH T F—ZEX RN
1B AR N VEE = AN B B seae g5 BT .
e 34 )ik, SASRec Al TiSASRec ikt
RNN. attention 1 GNN [ AR E R L, {EH
T self-attention % % /3 &1 £ ¥ AL A, HoA
TiSASRec & & % Uf (1 3L 25 U7 v, JR R & 1
self-attention b A AZ X % 2 8] i i a] [a] g 15 5
Jei, AT T DL 380 i ) (R B TR AE P MR
HIEEH.

ASCHT R OTIER T B SR 2875725, 1 Hit@5.
Hit@10.NDCG@5.NDCG@10 45 Lt TiSASRec
SYHEAET 7.91%. 4.28%. 13.51%. 11.82%M#%
T (EAEIRERCEY, TERD, JEE—J7HZ& 5]
AN T B[ AR BT DS, DUF BT 5525 21 07
TR R — A2 F0 G i), SRR 2 3] 21 T 5 2 40
W, 7y THI UL ] B ] i) o S e 9 A g L i A e
1577 51 g A7 B rT AR AR S A5 AN ) 22 B
PR i R A Bg A5 B . B4, EAR RMTPP Al
PRPPA-U 77 ¥t A 25 I 18] F0 4 B AE 5%, (A1 AR ST
TTEAFAERKZERE, BT RNN @B § A
self-attention WIFEIZE, 7340 —J7 TH & X 28 77
TEITE R TS FLZH—> RNN, S50 =0
EHRAT S G LR, 73— AT AT
RGP B REREO, AESTRIE R
KEMELR

N T — B I U A SO R T VA B T
TiSASRec L%, FIFBIXT t #56 (paired t-test)
AR RS R SR EEE R D
—MEb G, BARREERE: BN R
PN TT R AT A S0 A AT 58 BN ZR AT,
EAFIRMF FEEIZERE 10 K, Zfabrllilss
SATAH RS 10 MAEAS, Wl RFEASE N 10; A5
THEITATCX 248, TR ZEEH 2 IR0
BEFMSEETE E; &EE tIRKIGAHE

% 4Tianchi L F—REX RN EEFRE S EXTEE

Hit Hit NDCG NDCG

Tiik
@5 @10 @5 @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

% SLastfm E T —RENRHMEESZ TR AL

Hit Hit NDCG NDCG
Tk

@5 @10 @5 @10
GRUA4Rec 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

#z 6Foursquare E R —3Z B RN EEZ AR EXTEE

Hit Hit NDCG NDCG
Jiik
@5 @10 @5 @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
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RMTPP 0.5604 0.6386 0.4637 0.4890 NDCG@5 10 132.12 95%
PRPPA-U 0.5860 0.6481 0.5044 0.5215 Hit@5 10 69.61 95%
Lastfm
SASRec 0.7548 0.8295 0.6455 0.6766 NDCG@5 10 91.95 95%
TiSASRec 0.7652 0.8318 0.6607 0.6825 Hit@5 10 51.34 95%
Foursquare
Ours 0.8084 0.8634 0.7253 0.7432 NDCG@5 10 57.27 95%

=, MIEFEAYERMN t AT p EEHE, ZRER
I (BN 95%) L HH 9 4 E50 40 A2 75 A7 A S 3
ZE R HIW . t T E AR

d
sy /[sam_num
Forrd fils g 43 B3R 7R T A3 ZE A8 1~ BB FIAR A 22
sam_num?'ﬂﬁ—zl-‘ﬁ%o

T R BARXT Hit@5 1 NDCG@5 fain it AT 2
FM . £ 7 4T Foursquare 354 E Hit@5
H1 NDCG@5 Fabr#& H XTI 10 X dikas 5 . AR
AR @)DIFHE t H, B 3 tvaueyies
t_valueypcees 7 AN 51.34, 57.27. LARAIAI,
PN FEARI p {41/ T 0.05, PRI AT LA %%k
P BT E RIS R B 2 R

F5 08 3R 5 vk AR AT LUK Tianchi A1 Lastfm %
4 B Hit@5 1 NDCG@5 FRhridhsT 3 14y
B, WEAEAEESR . R 8 AH T =N BUEEN R
P R, ATRHRKERE, AR IT
RAE = A BE S B TiSASRec U B & 41271 .
#= TFoursquare _E paired t-test BE M S RIGEMIRLE R

t value = (23)

Hit@5 NDCG@5
Gi's
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

= 8 =N HIEEE L paired t-test BE 4 AR
EEITES WA FE AR FEAHE t{H BEKF

Tianchi Hit@5 10 79.19 95%

6.2 T—BTEIFUNAEENE S 75 ERTEE

RO H TN — A T4 BT 55 TR AN )
=AU 4E FY RMSE s2iG 45 Xt th. Aok, i
J> R AR R A ) B ) SR T e /N AT R 2 3 |
SRINAE. TF R A R, AR SCE I G K TR 5T
figp B0, T A RS AN T I i) o £
(L 5.1 75) A[F, Tianchi. Lastfm. Foursquare
PRI 1) BTG 20 B S 4 /B 5 208k 4 /N .

H LIRSS RAT DU H: 78 ARSI R 0
IR, FEAE S SCR I TR Tk,
RMTPP #il PRPPA-U 7 5il#£ T+ | 5.09%7H1 2.28%.

=9 =MHIBE LRI EM RMSE £5 R 33EE

T3 Tianchi Lastfm Foursquare
RMTPP 0.8136 0.7740 4.3231
PRPPA-U 0.7791 0.7708 4.1486

Ours 0.7668 0.7662 3.9554

6.3 EEHESHA MO

N T BUE AR S I DL A SR AT 55 5 2 O
R AL ER A R, AT T R4{E
% AL T A

1) AN B o) T30 4 BOAT 5% B B4 5 20
HHE R — 2 B R

2) ERESILZER N EER MG, LIF
A7 A TR — 32 B0 G R[]

3) EWESILZER—ANEER MG, LT
A AT — 58 FLXF R T

4) EHAEFEAAFRBER NS, UIHT
2[RI T — 28 LG B B[]

5) FHALSM AR HEE NG, LTS
AR TTM F — 28 FN G B[]

F# 10, & 11, K 12 4 H TAFREAIE =AML
P LRsEI e R, it a KT At HAB DY
Tl AT 25 B L BT 45 20 B B4 T, IR
BT[] T AR B AT 55 X0 B e AR SR ) AR
3 [E] — AN BE AR 2%, 781 IEAT
{7 NDCG@5 fetbr L il#e Tt 1 1.71%7F1 3.78%,
TEH T LUF AR B AT 5% 2 2] 7 s S = AT 55 7



BRI, A I I U B AR 4 1 2 6 2 B3 u

ELHR s a6, Al FHAS R 4 L3 =2 100 2% (1) R0CR
BOARE, JEFZAH T RA ML, A R N 2%
REBE4 $E B0 AS [FAE 55 (B 7 22 5o

% 10Tianchi ERREEHHESH AL

Tk Hit@5 Hit@10 NDCG@5
AR5 0.8002 0.8766 0.6711
LW 2+ F047 2 0.8115 0.8810 0.6985
M 2% +)7 515 0.8204 0.8825 0.7092
NRAMZ+I47 0.8278 0.8868 0.7164
KR S5+ F7 51 2 0.8421 0.8938 0.7388

# lLastfm EAR EHESHE 3Tt

Jii%: Hit@5 Hit@10 NDCG@5
AR5 0.5031 0.6239 0.3640
FEM L+ 0.5109 0.6308 0.3826
M 2% +)7 515 0.5174 0.6392 0.3909
ANTF] P 2+ 4T K 0.5236 0.6457 0.3981
AN 2+ 751 2 0.5449 0.6591 0.4196

¥ 12Foursquare LA [EFHES R ITEL

Jii%: Hit@5 Hit@10 NDCG@5
HAES 0.7743 0.8432 0.6786
HEM L+ 0.7801 0.8463 0.6845
P2+ 515 0.7888 0.8490 0.6942
AR 24T 0.7969 0.8525 0.7055
AN[R] W 2+ )5 51 5K 0.8084 0.8634 0.7253

6.48F B M LEIIF M 717

R B8R AR S P L ) B T i) 58 S T 9
BAVITERIA R, AT LE B 57 W28 o 0] i [
Vi) B R ) 25 A AT R BR S208 . wlo G 3R 2y
ETHE R ST VA= BN 2 I & Waw SR K Tz Wy
%, ANFEENAMEE: wio S R EmaLii,
TN B ARG 7o 28 B R T8 Ta] g {5 25
W/0G/S 7 [F] I 2t s [i] i) oy AR ] 45449, A7
B REE M A EXT 5.

# 13, K14, R 154 T AFM B L=
MRS G st B, R st el LA . Y
Fo by () [R) B BRS8N B B R R
Hrpw/o S. w/o G. w/o G/S 7E NDCG@5 #&#n 47
I RF% T 3.00%. 3.88%-. 6.25%, — /7 THULH T A
Vi) ) o o A 28 L0 f B S, ) AMBERAIE T RS
Fe A PRANAZ F0E G % st ] 1] B 45 2 1 b 224

% 13Tianchi L RF B EE HMBLEHIxTEL

Tk Hit@5 Hit@10 NDCG@5
wio G/S 0.8168 0.8775 0.6965
wio G 0.8219 0.8808 0.7136
wio S 0.8304 0.8841 0.7217
Ours 0.8421 0.8938 0.7388

% l4Lasttm EREBEBNIMELEHTTEE

T 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

%= 15Foursquare AR EBEE MK LEITEE

T 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

6.5EZBE TS

AT EBE T AR TR KB —
1 5 TR S HOM AR A ORI 50, EFE G BT 5 AL
HA B ARG, WA i Kl a.

D HBMESAE: 6.1 6.3 [ Hrmr ks,
51N 16 F000 4l B AT 45 X6 412 v HE 7 000 LA e i
YER, BUAEB FUA a4 B AT 25 B AR R BUR 152
W, SRR R 4 S {107, 107, 107,
107, 10%. K345 T =AM EdE4E - NDCG@5 15
WTEZES LI, X TR T S AUE 1 &
ANHUE, HAbESHORF R EAL . WEH ]
DL H s 4 B AT 45 A0 o A 7R 0 SR B i K
Tianchi. Lastfm. Foursquare 4357 10, 107, 10*
REBUAS B R R B = R 3970 107 b R Bl 22,
Jo R 2 B BT 55 A B 3 /N 79 34T 5% v 7
RN S AR r 2 2R s Ed s AR 10° 3%
A BUFB AT (R, T RE B R R AR A 22 1 DG i 4l
BT 45 S 1 2 0 FEAE 55 77 A — 58 BRI E A
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0.80
0.76
0.72 1 ?_:;,’:?%
0.68
0.64 -
o 0.60 —o— Tianchi
8 —a— Lastfm
2 0.56 1 —— Foursquare
0.52
0.48
0.44
0404 o —m
036 10 10° 107 10" 10"

FHAMESSBUE

V& 3 i BT 45 A B XA SR B

2) BRI RYERE: B ORGSR Yk
WAl S M A B RO, 2 S5 AR EUEE S 2
{16, 32, 64, 128, 256}. K44 H T = HE4%E
I NDCG@5 #8ArHIAR 2. MEF A LA H
ZANESE | NDCG@5 At ek —5, Bt
FIE X MR ERE N, MASUR B e, A
TEAHY 128 BHE B, M4k ind 3] 256, A
RCRSAT BT B, R DR T K I 4 I 2 5 3
LA, BE TRz A RE

0.80

0.75 1

0.70 A

0.65
0.60 -

@ 0.55 4
[&]

\:é) 0.50 4
z 0.45 -

—o— Tianchi
—o— Lastfm
—— Foursquare

-0

0.40 1
0.35 1
0.30 1
0.25 1
0.20

25 50 75 100 125 150 175 200 225 250
VB SR AR
4 5 ST B 4 FE AR IR 5 B ) R )

3) I IA]E] R i KAl : 1 S H 20 e 4 v
AR IAN I T TR PR 0 BllaZ 8] H 28
e, HAREUELES {64, 128, 256, 512, 1024,
2048}, Kl 5 45t T =M EdE4E | NDCG@5 48R
A2 AR DUE e B R4 Rl 5 I [] ]
I B R ABL A3 Iin i $2 /=1 » Tianchi Lastfm ., Foursquare
SYHIFE 512, 1024, 512 AbikEffE; 5 i ]
[) B e KA — S g I, BB RS TR0 .

0.80
0.76
0.72 1
0.68
0.64 1
a,
8 0.60
A 0.56 1
z
0.52 4
0.48
0.44

040 | o——""

0.36

\

—o— Tianchi
—o—  Lastfm

—o— Foursquare

300 600 900 1200 1500 1800 2100
EE T PN

Rl 5 e 0 5 K X5 20 25 SR 0

6.6 =BT AT

A SCAE AT 25 A A8 A 5] 9 245 4 ) 0 <= 1
AR, B AR LE AL T TiSASRec 218 H
T NEIER SIS, R B A R 1 R
WU SRS TR o AR50 AR DG U R K2k 4T
T

F 16 451 T TiSASRec FIA STl H 7 vkAE =
MR EIIZRER IR IR RREC IR )3
YR CRARNFE) . MR K IYTER —iz
TS (. NVIDIAGeForce RTX2080Ti) il
o HAERTTUEW: MAITENZGRIK 8, &K
TR AR EL T TiSASRec 7RI 2R K _E 38 i
T 35.75% . U £ HE A AL HE T AR B[R] ) R AT R
I3/ FA NN [R]85 AE A5 A R A — PR R

% 16 ZANMUIRE ERES HEIIZRAHC RS EE

T
Hlu sk WIRES iR g

VEAGRS
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

+

7 B4

AR SCEE X 2 1 3 B HE A2 X — 2 R AT
BT, SR T — R R e 51 3 AR SR A AR
B, AEINT I RRR e A 2% 2T, i HAEAS
A2 HL X GRS [8] ) S50 Uy 1 SE M B sk 5t
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Background

Session-based sequential recommendation studied in this
paper is a specific example of recommendation applications
and user behavior modeling. In this field, most of existing
studies aim to learn accurate user preference representations
from anonymous user behavior sessions. Methodologies such
as recurrent neural networks, convolutional neural networks,
and graph neural networks could observe their successful
appliance for the task. Among these studies, only a few have
considered to utilize the temporal information associated with
behavior sessions, which is promising to benefit the next item
recommendation since additional knowledge could be
leveraged. Nevertheless, they perform the next item and time
prediction in a parallel manner, which is not very consistent
with user behavior patterns that users tend to have the
interaction intention first and then choose the appropriate time.

This paper studies the session-based sequential
recommendation problem with two novel aspects. First, it
develops a sequential multi-task learning method which learns
to predict the next item first and then feeds it to the next time

prediction. Through this way, the proposed model is welcomed
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for the advantage of coupling the two tasks more tightly.

Second, a bidirectionaltimeinterval  awareself-attention
approach is devised, paving the way to better employ
contextual information of each position in user sessions.
Comprehensive

experiments on threepublicly available

datasets, i.e., Tianchi, Lastfm and Foursquare,have
demonstrated the proposed model could outperform other
strong competitors. Taking NDCG@5 as an example, it
improves the best baseline by 13.51% in average. In addition,
the contributions of sequential multi-task learning and the
bidirectionaltimeintervalawareself-attention mechanism is 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
background 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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