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Abstract With the flourish of location-aware online social platforms,userbehavior of mobilityhas been greatly
enriched,which promotes the relevant studies on the user trajectory identification problem. For a given target
trajectory, this problem aims to identify a specific userthat the trajectory belongs to, which is beneficial for
understanding the mobility patternsbehind user trajectoriesand could provide positive influence on a variety of
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downstream applications, such as personalized recommendation, to name a few. By far, a few existing relevant
studies try to utilize multi-class classification methods to tackle the problem. However, these studies still face
two main unresolved challenges which need to be addressed in the literature: the sparsity of user trajectories and
the large number of categories to be used for classification. Among the two challenges, the reason of the first one
is that users tend to choose only a limited number of visited locations to be published in online social medias and
their preferred visited POIs are distributed in local regions; the second challenge is caused by the fact that in
multi-class classification, each category denotes one user and the number of users is large. To address the above
two challenges, this paper aims to effectively utilize the two types of information, i.e., sequences of timestamps
in user trajectories and social relations among users, both of which have not been investigated by previous
studies for the considered problem. On the one hand, timestamps could be used as additional information to
alleviate the sparsity issue. On the other hand, social relations could be leveraged to characterize the correlations
between users, which in turn helps user representation learning. To effectively leverage the two types of
information for the studied problem, we propose a novel model which couples Neural TemporalPoint Process
with Graph Neural Network, named NTPP-GNN. This model composes of three modules for the spatial aspect,
the temporal aspect, and the social aspect, respectively. Inthe spatial module, bidirectional recurrent neural
networks are exploited to characterize the sequential nature of visited locationscontained in trajectories. In the
temporal module, we propose a bidirectional neural temporal point process to capture the continuity of time in
both forward and backward directions, which could be further employed for facilitating the temporal
representation learning of trajectories. In the social relation module, graph neural networks are exploited to
encode user social relations intotheir representations. The whole model NTPP-GNN adopts an end-to-end
learning fashion to optimize the above three modules jointly. This couldensurethat each learnable module to be
compatible with each other for achieving better trajectory identification performance. To validate the
effectiveness of NTPP-GNN, we conduct extensive experiments on threewidelyused available datasets (i.e.,
Foursquare, Gowalla, and Brightkite). The experimental results indicate that: (1) the proposed NTPP-GNN
improves the best-performed baseline w.r.t. ACC@1 by 7.0% in average; (2) each module in NTPP-GNN indeed
makes a positive contribution to the final multi-class classification performance; and (3) the developed
bidirectional neural temporalpoint process brings additional performance gains over conventional neural
temporal point process approaches that only consider theforward direction in modeling sequential timestamps.

Key words user trajectory identification; recurrent neural network; neural temporal point process; graph neural
network; spatio-temporal sequence; social relation
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I B AR, ARSCNIE . 7 o] [ B AT F (]
Fea s, HEnHUE T A SCOFA SR L 24T
FFARRAT YIS TRIBEAT IO, 10 000 2 S n 4
MO P IS TR S8 2 ST 8] P B 3RAE . i, AL
SE SCUN PRSI 8] i IR 2% 1 50 P PR 4

A°(t) =exp(v hT +W(t—t_)+b) (12)

A°(t) =exp(vT hT +W(t, —t)+b) (13)

Horr, B8 exp B EPS—E RPN A
BAONMANBISH, BIFR RIS AT R bR KN
N (AB)FR A AU I ] A i e, I TR (R 96 A2
t <tyo VLI, SGTI A HUE HVIESAERT DIRE FE

BRI AN 22 5(B) s (R 5 e 4
R AT TR QEE: RIa AR
I AR5 e e, (7 B 7 ER T -

T (1) = exp(vT hT +W(t—t )+ —exp(v" I +
w
R ) (14)
b) - =exp(v' hl +w(t—t_)+bh)
w

() =exp(v" T +w(t —t)+ iexp(\/—Tﬁ +

L " (15)
b) - =exp(v" h! +w(t —t)+b))

W

MK EE, A (14)M A K A5) 72K 080, Hii T
AU ) 05 16 gy, P 2AE (RN 1) 1SR AN ], AT i
PR AR T80 i A s R B A
Lo B e KA b3 2 U AR I O 00 2 A 7 45 R
() A AT REE BRI 170 A 17 g, B2 ST R 52
PRSI A BE B E T, REIRRRRE EA R
LR CEE N EIEEDSE

KR (T 75 2, I 1) Fr 31 B AR R IR ]
w10~ 75 SRS

hy, = f\Tsa +h/ (16)

4.3 FPH MR RER

ASCR I EER 14 GAT X HEAE R R
BIREAT . H R MORRA R AR R
AHFEREEY € RIVK o SRA585 58 F 7 u, (K9] 46 1
FrRe! o TR, HRAEAEAE OC FR I 4 P 2 A
ERRR, BRI BEH LS, BN,
PR P AR E RS GE: A S
ABJEHD

GAT I ¥E & L o E <08 Js FH P 2 18132 )

BUE RN o BARTE, X AR u ATy

o =

exp(Leaky Re LU (W°[W ®e’ |[W ®e!'])) 17
> exp(Leaky Re LU (w® [W °e} ||WGe‘Jf )
JeN;
Hrb, [ RAEEFA W ER P, LeakyReLU
Fa# N 0.5, T EAHES B w 5T E AT
JE P IARLE, SRR A E Hru, R
e =o(d ae’) (18)

jeN;

Hr, oy ELU BUE KA. N2 HHZEH 2
[ A CPER IR, A28 GAT KHIMZkiEE
SR B R E R B ey R N ol (n e
{1,2,..,Q}), Hrh Q R&ELMWA%. M7 mER
BT A X EHE LN

& =a(%zzfx§e$) (19)

q jeN;

A TR R I PR e 2 X 2% e K — IR A 4
KR e! = GAT(eV). 2 AL TIE— IR AL 1B 1
SR BRI R, Blel,) = GAT(el,_,), Hriix
X B AR o 8 TE AR R IR X, A P & T
AR R IR IR Neliyy . BIDH AL RN
M P a B RoRgs &, A0E X AR
RN

w =e +ej, (20)

4.4 1#=EUR L ER

IR = Ay A AT A4S B R AN [F] A R R L
PR, AAGH ST SR RRY, IR PSR oRA]
LK P mw? o BT IREERIR, A G
J&TH P A

p(u; | S;) = Softmax((h, +h,)-w) (21)

AL IR A AT DLE B, Ik 0 e 2R B T 5 A
HEASEAF B I R 7 B R oR R AR T M S 7 51 R
RY HIRNTE o ST s e B, Jaid RiR A A
HHEBETENMHP SR, HEBEE s K20
BRI AR RN 25 5

NS R NTPP-GNN 3 21 )1 2505 2
KRB TIREGMAE bR R, A5 A
(1) B FTIE Rk s g (2) BT [a]
A MR RASR A R R B BT X SR — B85, AR
FH A8 X058 v 5018 53R 1) 24 i) R 23 R B 52 2031 2 )



HKHSE: A AT N S HAE R RN IR A 9

UPECe

loss, = z yi,logp, (22)
Hr, y,, NEI BB N HAA R &
i) £ LS PR RGN EUE Y 1, AR B EUE N
0. M EIERHEESRMMES M. p,KE
NTPP-GNN At H P HEZ 5341

XF T TR 53, BT A N (14) AT A 2(15) 45 H
NEZR 25 R, 8 SR 5% T B 1) AR M 2R A8 1)
ERPNEEAE

G syl

loss, = > > > —log 7 )—log T7(t,) (23)

UjeU z=1 m=1
FT M, ACHRARRAE A B AR E T
loss =loss, + A -loss, (24)

o, AR R 4345 K R U A A R [ S
Bk 1 RS T3] NTPP-GNN BRI S8
FOPIR., WEEENE, BTz IEEE T/ M
ERENUBERE FRESE, R E . Ak
TS, SHHEdE LI, 7T CA R Mt E L
HES, HTHE NTPP-GNN #i%, Xt
TIN5 5 5 3o 3 1) A e

H3% 1. NTPP-GNN 22 3] 5032,

BNNGPOBESST, HPEGU, HaEAP, AP
KRBEG, PiisEEARREL iter-num.

il YIZREFIY NTPP-GNN #7250

BENLAEA1L NTPP-GNN #5725

FOR I=1 TO ITER-NUM DO

MHFEA USRS —AH P 15

MANZREE A St A 4R B3R F P -7 06 B [ B 4 £ Bs
R E S B, AR Qe H AL B AR R B,
BT BRI R (i Adam) itk Bk Bz, JFEH
NTPP-GNN #5784 244 ;

7. END

o gk~ w D e

4.5 FERERESH

NTPP-GNN (1) 91| 2 sJ 7] 34 HE 3 22t 1o 55 7 41
FRR AR AR . R X% 5 FR AR = R
Ji, AT A ] B R . BT R AT
VAR R T FIAE A R R4y, DR RO H 55 51
BBy 7 BRI 1E] . LA Bi-TULER 9%, NTPP-GNN

(I ZRE R FEL N 2 f5 2 — i

NTPP-GNN {13 320 B 17 714 %8 5 VI 25 B ] 91 6
(1) F EEANF 2 A NAN TR 84T GAT ¥ H
PR R R, T BTSSRI H P 243k
AEPET. BARTE, i GPU BR (A
GeForce GTX 1080 Ti) 1% NTPP-GNN 7£ A 3 fr
A5 FH KA 2 B ROIHRIVEAE, AT LUK I3 R 2%
BB BT RS i (R ZE 3ms BAY, £9°4 Bi-TULER )
25 A4, TERTHEZTEHZ N .

5 SLIG R E

AT FESHR SIS R T BE A, FEAEXTEL T
%, VP AERS, DA RLSEELX JL T TN 2
5.1 SLIMEIREE

& 3 3 T Foursquare™ . Gowallal*! i
Brightkite*™ =N A JF ¥4 45217 5% . Foursquare
JRUGEHREE L5 M 2012 4F 4 H 3 2014 5 1 H 2 (]
(I P25 3280, Gowalla H H P28 3147 N alE
FEl A 2009 4F 2 H % 2010 4 10 H; Brightkite R 4f
HyE AR M K 2008 4F 4 HF] 2010 4 10 H A~
BRT AN =AFAREF IS H P Z A sE 5%
o SKRHIEEANEBEIRE T RO T4,
KBRS P I AE BT i) R AR EEA/NT 3, IIAEL
BEAMDT 3, WRINREALT 5 Ko SLIREIR M)
BEARGHE Bk 2 i,

®2 LRBEEARIHER

%H Foursquare Gowalla Brightkite
Elak e 807 1052 1500
ISYEFIN (851 21336 18701 25394
495 el R AL 26 17 17
B2l & 6 4 6 6

NISUEA R TTEBCR, A H RS+ 60%fFE
FINGLE, 20%1E IR UESE, ol T 20%1E iR 4E .
5.2 SttEAE

ST 2 M A e A 5% T 8 e i O o
JIERT X
* TULER-GRU , TULER-LSTM ,

TULER-LSTM-SI8. - = AN 700 84 oy ik 118142

. Hrh, TULER-GRU /<A GRU ffi#t

A FH{E S, TULER-LSTM FA] LSTM %

b 55 41, TULER-LSTM-S U 7 F HE S
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LSTM;
«  Bi-TULERM™. iZRiRZHIXE LSTM 2%
MFHIRAR, DUIERZ P JEm N
o TULVAEM™. iZHRA) ] VAE SR P17 1 b
RFH . Gaias SRR 2R LSTM #2244,
G ) 2% 140 B N 5 5 110 I o 4 0 8% ) i N AH
6], S R o A B RN g 22 . AL 2811
SN ER R T A AR o B X% A AT
fifehs, W] LA P Sy . TULVAE BEALE
BEF I A AR e g AT 2 B I
5.3 JFiEHR
FH P 0328 38 500 5 ¥ 550 A U A A L g T
BEB T I o BRI AR ST I SR80 T Ay
fekr, 4% ACC@1. ACC@5 1 Macro-F1. Jrf,

ACC@K 5 X :
[aa A AN S A~ s Skt e
ACC@K = FEAE R K AN s IR T 2> SR AL

BSYINE7PU

WEFEUN KAE MR E T, & 2P0 A xRN — A
BRI RER, TR SERTIRIL

Macro-F1 A F-ZI il 2N 24 (1 F1 70 1H.
RARAERA A H B R F S R RIS R, HoE -
F1=2*P@1*R@1

P@1 + R@1

P@IFET A MRS T 5 KRR,
R@1UPE 74 ] 52

BAh, ASCIEFEJE Macro-P (ZRGHIZ) Al
Macro-R CZEH ) PAMERR, Hal@dxprd
BUEAPRAORE T (P) AR (R) AT 435
?%I::

Macro-P=Mean(};, P@k)
Macro-R = Mean(});, R@k)

5.4 t&ERISLI

BT IR L R Frde A NTPP-GNN -
Wk — BB .. ACRIEAFRBESECT N
EEIUEEE F R RERR 2, R GERESH

T I TER R e I kR . A Adamt]
YE AL S, FHAER 515 Cearly stopping) AR
TR LA . Sk S H0EPE, NTPP-GNN oG
ESHK B R 3 Fin.

RIBEHEE

%H Hd

N AT 8
PP 1) B 5 300
b s ) Y JEE 300
I [ i) B 24 P 300
Sk le-4

ERSIHC (ND 3

GAT 28 (X) 2
AHXS AL EA 05

6 SEIGZER

6.1 HERILERITLL

A% NTPP-GNN AL e 5 L3047 Hu i, 3 4.
% 5 f13 6 4 BN Foursquare JIiX4E. Gowalla
MR Brightkite R4 45 5,

B4, i %} e TULER-LSTM Al TULER-GRU
ATLUR I, 2T LSTM [ Hh &7 51 B RURAE = A
HPnE LR E M T T GRU 7, WA
% ARG J B S K LSTM ] LUK A AR A5 .

Hok, sz st R TULVAE T REFH Eb HiAh 3
HETVEIF A IR F, LT TULER-GRU.
VLB VAE 1A% 1) 7 30 B AR BE X AN P A o
{HERXT AT S5 B P A R 2 ) FR A AR 3 . it
— X LU AT B VT LU Y, Bi-TULER 77
IR T, I T HES LSTM KI5k, Bkt
YRUE T 0[] AT T8 i 47 R A RAE 1) A

4 MRE Foursquare RAREIFFIEXTLE
Fik ACC@1 ACC@5 Macro-P Macro-R Macro-F1
TULER-GRU 0.332 0.468 0.331 0.326 0.296
TULER-LSTM 0.366 0.474 0.346 0.341 0.333
TULER-LSTM-S 0.368 0.478 0.344 0.338 0.336
Bi-TULER 0.381 0.513 0.352 0.345 0.349
TULVAE 0.358 0.476 0.341 0.332 0.322




TRARSE: G INAAT N 5 HAT O R I A R R 11
NTPP-GNN 0.409 0.539 0.376 0.368 0.366
#*5 ML Gowal la HAREHGEITEL

Jiik ACC@1 ACC@5 Macro-P Macro-R Macro-F1
TULER-GRU 0.208 0.321 0.183 0.161 0.151
TULER-LSTM 0.234 0.363 0.202 0.187 0.178
TULER-LSTM-S 0.238 0.366 0.205 0.186 0.175
Bi-TULER 0.251 0.375 0.213 0.199 0.202
TULVAE 0.235 0.357 0.194 0.186 0.180
NTPP-GNN 0.273 0.406 0.232 0.224 0.215

6 MRXE Brightkite HAR AL

Jii%: ACC@1 ACC@5 Macro-P Macro-R Macro-F1
TULER-GRU 0.530 0.633 0.464 0.466 0.437
TULER-LSTM 0.543 0.644 0.481 0.479 0.441
TULER-LSTM-S 0.546 0.651 0.483 0.477 0.443
Bi-TULER 0.556 0.663 0.494 0.489 0.466
TULVAE 0.536 0.641 0.473 0.475 0.434
NTPP-GNN 0.583 0.681 0.515 0.509 0.484

B, B A SR NTPP-GNN 5 Hith 7%
SAKELEE, KB T NTPP-GNN R . BAAT =,
=AM R F R R, NTPP-GNN 7
ACC@1. Macro-P. Macro-R FAHE T el FevE
ERCR A BIARHETE T 7.03%. 6.67%. 6.69%, fE
Marco-F1 FA 4. 7% A HeTF .

6.2 1BV SHT

NTPP-GNN (145 (75 T fil N T T [ B[] 2 A
[P 22 Rk A 77 V2RI THD ) 452 56 2R i ABE 1) P b 2
W28 Tk RIAE_ IR T VEATERAE A/ NTTE T
B AT HERR SR 5. b, NTPP-GNN w/o G i
FMER LB A A2 @A 5>, NTPP-GNN w/o
T o MABEZY rh 25 BRI ] AR 4

F 7. R 8 LR 9 HhlER T RS
Foursquare. Gowalla 1 Brightkite il 045 _Fft1 45 8 .
T 560 % NTPP-GNN w/o G AT NTPP-GNN w/o T
it AE 77325 Bi-TULER #ET HL#E, Btk
SE 0T DA 2B R R 7 FE B R R A R
HAE— T R T R LE 1e. HIk, 25
NTPP-GNN w/o G il NTPP-GNN w/o T 5 5¢ # 5 7Y
PELCEL, T LRI e BEAR R A b HAT — TR I
Perm, BOAE T I A PP A AR AR RS Ok R @R G 1)
AR

KR L, NTPP-GNN A58 7 B T FH 7 B

SR RS iR P AR R R =TS
2 7 MXEE Foursquare FIZFRSLIG AR XTLL

JiE ACC@1 ACC@5 Macro-F1
Bi-TULER 0.384 0.512 0.349
NTPP-GNN w/o G 0.397 0.527 0.361
NTPP-GNN w/o T 0.392 0.525 0.358
NTPP-GNN 0.406 0.538 0.366

7 8 MK EE Gowal la EPRSLIGLERITEL

5k ACC@1 ACC@5 Macro-F1
Bi-TULER 0.252 0.376 0.200
NTPP-GNN w/o G 0.264 0.393 0.211
NTPP-GNN w/o T 0.263 0.392 0.209
NTPP-GNN 0.270 0.404 0.215

2 9 MK EE Brightkite PIERSCIALE R ML

5k ACC@1 ACC@5 Macro-F1
Bi-TULER 0.556 0.663 0.466
NTPP-GNN w/o G 0.567 0.673 0.476
NTPP-GNN w/o T 0.565 0.670 0.474
NTPP-GNN 0.583 0.681 0.484

BAE RN, I H SN EE B —E R
g R RN T4 o (HA2, BERRSEIG S R,
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Z FEIX L (F BT H P RIS A A By, B

BENERIE L.

6.3 fHLEZETE LIL 2T B FZ NN 4T
WIFTSCATR, ST 12 [a) f i A2 1 4 B A1

FE T TR A B TAD MR g 1, B R A o A B ] ) 2

JE MU S5 1) AR R BAR . B T A SR TS

B 7 ERAR RO TR Aoy Km AR N —FH R A

N TAD PN, DR kb SO ) i 20 T e Tt 0 B[]

G YRR SRR T X TR AT S5 1 R 1

SO, AN NTPP-GNN B i 244 h 58 56 &

RS, ARG R AU FR AR E A N R

D IR s . R ] 20 R 28 B B[R] & AR 1)
S Ja P HES, AR JEANASE A IR 8] 3 4] A8 v 1
TE 1) 2 v BB ) A R 2R L8R

2) RIS HiEm SUE R, ME— X
A R GT EF [) 2] g ASE (18 IS 1) 35 23 vk I ]
A2 FROHEZEALLAA

3) W s R o A R B T R B A e L 1 S 4y
A T ST (R AH LR

DA b =i B 1 3 BEAS (W] 5 T 7 T B R o ) B[]

PUR R AR Er s g Rk 10, %

11 g 12 s

%< 10 MR EE Foursquare RAAE S E mId 2 ERTEE

Tk ACC@1 ACC@5 Macro-F1
1EM s 0.395 0.518 0.353
ST RS AR 0.393 0.523 0.356
W] i AR 0.397 0.527 0.361

F 11 AL Gowal la PAF G ERSIEFT AR L

) 1 28 e R P LR R 904 45 F IE THT DTk
6.4 EESHE MR

AT BT NTPP-GNN FEH 4 K 1 — 6 ¢
BEYES BT T 45 R AR .
L B 2(24) F Fros 2 A0 T S5 45 R
SO o ABUAR KA 3 5 T Isf ) A= M R AL SR 1) 451
RAETREAA Hbrd G ElOR, Rz 21198 HoAE
. %13, £ 14 f15E 15 B T AFEABUE T =4
SEUG R S E s AR

%% 13 MIXEE Foursquare HINE RHAIFE M

EE T ACC@1 ACC@5 Macro-F1
0.2 0.397 0.529 0.364
0.4 0.409 0.534 0.369
0.5 0.406 0.538 0.366
0.6 0.404 0.531 0.366
0.8 0.398 0.528 0.368

< 14 MR EE Gowal la FIERHHIF M

DR ACC@1 ACC@5 Macro-F1
0.2 0.268 0.396 0.206
0.4 0.269 0.400 0.214
0.5 0.270 0.404 0.215
0.6 0.273 0.402 0.218
0.8 0.266 0.400 0.205

Tk ACC@1 ACC@5 Macro-F1
1E A RS R 0.257 0.386 0.207
ST RS R 0.256 0.389 0.204
W] L AR 0.264 0.393 0.211

F15 MiXET Brightkite FIE R EAIEM

DEEY ] ACC@1 ACC@5 Macro-F1
0.2 0.574 0.680 0.472
0.4 0.580 0.683 0.480
0.5 0.583 0.681 0.484
0.6 0.585 0.685 0.486
0.8 0.577 0.678 0.478

12 MIAEE Brightkite PARGERIIEFEXI L

WARES ACC@1 ACC@5 Macro-F1
T[] A A2 0.257 0.386 0.469
S s AR 0.256 0.389 0.471
W] L AR 0.567 0.673 0.476

ATLVE S, M E R, = HdEE L
KA R VEBEAT — e R, DI PTdR H W

MEHZERATLLE 1, HILERY BB E AR ISR,
SRR 2 ARG RIE R —BUE A, X
BF 221 e ) 2 s 450 A R T P R i E 5% . R
MARMB| — e R T, RSN R HUE S 3 R
AITERE N, X—IGRIRFE TN, BONIES AL
AR S — ik 545 EAnEEM G, &
B AR G AR X o R AR B 2% =) i 5 H b o L 1R
¥, fE Foursquare. Gowalla 1 Brightkite =M%k
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PEEE EALLT 0.4 3 0.6 TEREIAKT, AEUE15 BT
HEmrgR.

2) BN R FH B2 R A R S 86 45 R s
M. B b, BFAIKERRL, WE&ARE SR
XEEZ, TIAgIE BRI A B . ik, AT
BRI e KA 433 W 8 3+ 8. 15 1 20
HEATSZIGXTEL, #E Foursquare £ Gowalla 754N it
& B sEIe g R an i 4 FiE 5 Bk

0.6
—— e - == tm e e -
0.5
Boeessrrranns -
0.4
b 0.3
E=
0.2 «8. ACC@1
- ACC@5
0.1
wdmmacro-F1

3 8 15 20
FHEHKE
K 4 Jt4E Foursquare HZE e FE X S2 B0 25 R 1) 52

06
0.5
- = = - -
04 .-
4
'
@0-3 [ e dhssssssassenne []
E P oaenesett
v
02 |
Ky «® ACC@1
01+ = - ACC@5
~#=macro F1
0 . . . .
3 8 15 20

SRREKE
1 5 P4 Gowalla gk fie KA FEE XTSI 06 45 L) B2 )

MR M2 BT LA H, UIIER B
i KA EM 3748 8 i, - Tifabr¥fa i 4Tt
ZJa KB ne, 5 R bR TR R T
PN IR AR -

3) BAEE— AR P MR, B )
R TR YE FEAR AT T P PUZE iR P BRI . N
LB BT I A, BN =Pl E4E S, B
IS, ATERREEIUE)E T4 4{50, 100, 200,
300, 400} R AL 45 AE ACC@1 FRAn LAk
o K 6 s, AR FRSs R Rt

TEVIUERY B, NTPP-GNN A5 71 4 GE BE 25 1) & 45 2 1)
Wbt e MRS 200 2 f5, BAGE
FETRE . PRI G MMITH] S W T A ST H ) v £
Yk 300 A H A M.

0.6
-—— e ) - = -
0.55 e ——— -
05 -
-
@ 0.45
t‘é 0.4 ho————— - - ———— r————— -l - ———— -
0.35
03
0.25 [ PPPITTELEL [ TRTTTTETTIT PWevoorennees PWeesernesens E]
0.2 . N .
50 100 200 300 400
B -e:id:
=gk = Foursquare eedll++ Gowalla ==@== Brightkite

B 6 [ &4 EAR LT NTPP-GNN J5 ¥ 2% SR 52

4) Hefa, FAIE BT AL 0 SRR [R5
PEREMIT R AR . AT AL, 2, 3PPk
BB AT R RE AR, AHOCLE Rk 16
fiior. WTUESR], BEEEZBNN, SR E%
Tl K

T 16 FE T BT U FERIFN

BIERES 1 2 3
Foursquare 0.405 0.406 0.409
Gowalla 0.266 0.271 0.273
Brightkite 0.577 0.581 0.583

6.5 WIZREER/NFN 34

AR N ZRER RN T 45 24 R 1 52
Wi, DA AN [F) 77 VA8 B A [ B A 2 ) 58l b
WIZRE BRI ik, 4371 A Foursquare A1 Brightkite
P EE P LA 100%. 80%. 60%. 40%F1 20% 1%L
Y5 83125 NTPP-GNN. BiTULER 1l TULER-LSTM
SRR I, 6 SR AR P R SO
WA A A2 AL . st T Brightkite 105, XM
R PP %05 0 10.28, 8.28, 6.33, 4.41,
2.60. Foursquare F1 Brightkite -3¢ ACC@1 & #x
(PR gl R o i 7 F1E 9 o, 9% Macro-F1
PR 04 2R 7 il e 8 A1 10

SIRE, =Mk I 280808 & 1 b i
ANE e G T A2 P R R B ). SR, BT AR
NTPP-GNN 4R — S0 47 T M e e U 1 o v
BITULER, 1 B 7E B AN [RIF i B2 1A )N S B i
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R, HAERE A LS B — e FE B I IR
k- 05 | TP -

a5 - 045 "“-u::.,____-.

oa L B, ... o 0s < :::.l-.“ ...... -

o R P PNl
§ 03 | = ::--:#L'.. 2 03 ~~"::"

é 025 ‘\‘l 025 et

001':_ I l‘ 0.2 >

: i 100% 80% 60% 40% 20%

0.1 N

100% 80% 60% 40% 20% UH%%%/@*%
wl?ﬁ;%*m*ﬁ ecdlle e NTPP-GNN e of == Bi-TULER =@ «TULER-LSTM
oM. NTPP-GNN =oh= Bi-TULER =@ TULER-LSTM Kl 10 IIZk%E Brightkite /s[RI R K /NF Macro-F1 520
7 YL Foursquare A FIFIE K /NF ACC@1 54
6.6 MR SR AT F2 0T 53 47

04 -

B — 3 A5 0 Ty VA L S LA R R
o 03| ' "':'3""-':'.:;': ........ FERF R, AR A [R] Ze K B2 X [A) A4
£ e -t B9 AR, 0T LA R 43I0 R 5 R R

0.2 e <l o o \

015 | NN Hgm s, SHKEXH 1 2] 5 (1-5). 6 ] 10

o1 ~ (6--10). 11 FIFE5 (11-Inf) #HATRIS, 5%

100% 80% 60% 40% 20% —
ek & 17 A 18 i

+sdlee NTPP-GNN e oh e Bi-TULER  ==m@s «TULER-LSTM

K8 IlZ4E Foursquare AN [FJRUAR K /NG F Macro-F1 520

0.6
Beeen..... ...
0.55 = = =,
—_— T~ u.....
_, 05 s I
® ~N T A
O 045 . <.
Q i BRI
o4 \\.'Q!
0.35 ) \
03
100% 80% 60% 20% 20%

WIERGER

eedlles NTPP-GNN  «= A== Bi-TULER =@ «TULER-LSTM

9 YIZREE Brightkite /A [FEIFIBLK /AT ACC@1 521

BRI, EMENENTEEE F, AETE
RN 22 . 52 XTI, B T A E
W, &SRR MG R A —E K,
DR e 3 A — e FR R BT o Bl ) L&A 77
AT LUR I, NTPP-GNN 7EJi $h28 Fl K Bk Hdis -
R BT BI-TULER #1 TULER-LSTM, it B
NTPP-GNN £ A [A] 4 FE B MR e b A AR o)
REHL A BT B

F 17 MR EE Foursquare P AEFFIHC E MEREXTLL

PRI TULER-LSTM Bi-TULER NTPP-GNN
FrAK ACC@1 Macro-F1 ACC@1 Macro-F1 ACC@1 Macro-F1
1--5 0.330 0.289 0.362 0.312 0.388 0.338
6--10 0.368 0.338 0.385 0.354 0.410 0.369
11--Inf 0.391 0.356 0.400 0.372 0.425 0.393
#18 MiXEE Brightkite PARIFFIKE MEREXTEE

PRI TULER-LSTM Bi-TULER NTPP-GNN
FrAK ACC@1 Macro-F1 ACC@1 Macro-F1 ACC@1 Macro-F1
1--5 0.515 0.415 0.532 0.449 0.557 0.473
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6--10 0.556 0.463

0.578 0.481 0.604 0.499

11--Inf 0.588 0.487

0.611 0.494 0.631 0.523

5 RES5RE

ASCWEFE T R U R, DL H AR
EFTIRAL T, 22 TN i R AT e . A
SCORIA T AR T e R I M 14 FH Y B R A 2R
HOR P RX OB, I 2 A I i
I 8] e A5 S AN P 22 T 52 5% Z A S E S
Xt BBk, vk, ASCHRH T R AR E
T 5 A 28 0 248 (¥ A5 8 NTPP-GNIN o 1225 B 7E 4L 728
b B AR R b, — 7 TG H XU 22 I ]
RIS RESA SIS A P PR AL, FE L HIRR: 5
77 THT 3 o P e 2 A % 2 ek 52 S AR R 4 T 2
I RIROG &, 3L 7R . NTPP-GNN SR
i 3 9 7 > 7 30GE — AN R AR 8 4 DA L AR b
oo E=HATTHHBEE LNLREREIET
NTPP-GNN i 2 " Hai ke, HEas 1A
H S R A2 5k 28 SRS T 5 i) AL ) I T D ik

AR EZZE M AT =T T T LAE: 1)
AT RE AR BER BT L GRS P A2 25
BRI BEATRE AL . THRIE BT A DR
A STHRYS, A ORGSR
F R SERUHE A P HU R 2) BER RS LA S
AL b, R T ZAFE T AR G4, K
SR AT R — A1 5 H P A B A B S —
AN HR e R AR A ) R R AR T R A —
SRR TE TAEY): 3) Wfar 75 78 43 G4 F 7 B R 0 2%
PN AT - IR
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Background

The studied user trajectory identification problem belongs
to user sequential behavior modeling in the fields recommender
system and user data mining. Current efforts in this regard are
devoted to designing effective sequential modeling approaches
to learn user representations and capture user long-term and
short-term interests. Sequential neural modeling approaches,
such as RNNs, Transformer networks, and CNNs, have been
demonstrated to be effective in different tasks belonging to user
sequential behavior modeling. However, only a few studies
have investigated the critical problem of user trajectory
identification.Theyrely on bi-directional RNNs to learn
trajectory representations byonly regardinglocation sequences
as input. The learned representations are then fed into
fully-connected networks for inferring the possible users who
generate these trajectories.

This paper addresses the two main challenges faced by the
problem: trajectory sparsity and large-scale classes. To handle
these challenges, this paper proposes to leverage temporal

information of trajectories and social relations between users to

Dplink: user identity linkage via deep neural network from
heterogeneous mobility data//Proceedings of the World Wide Web
Conference 2019. San Francisco, CA, USA, 2019: 459-469
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enhance the representations trajectories and users. A novel
neural model is developed by coupling neural temporal point
process with graph neural network. Thus, it could incorporate
the two types of information seamlessly. The extensive
experiments demonstrate that the proposed model could
improve the current state-of-the-art approach on two publicly
available datasets. To be specific, ACC@5 is improved from
0.512 to 0.538 on the Foursquare dataset and from 0.376 to
0.404 on the Gowalla dataset.

The authors of this paper already have done some studies
relevant to user trajectory modeling (such as successive POI
recommendation based on user trajectory modeling (please
referto the WOI’km) and next check-in time and location
prediction (please refer to the work®)) and user generated
content modeling in a broader aspect.
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