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User Trajectory Identification Model via Attention Mechanism

LI Hao,CAO Shu-yu,CHEN Ya-qing and ZHANG Min
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Abstract Recently the application of location-based services has gradually become popular. It provides convenience in people”’s
daily life,and also brings a great threat to personal privacy. The existing research shows that, with a large amount of historical
trajectory data.attackers can identify the user who generates the trajectory from the anonymous trajectory dataset. In these rela-
ted studies,both data sparsity and poor data quality are faced. Data sparsity refers to the fact that trajectories are often distributed
only in a few local areas,and there is no large corpus contrast to the natural language processing field. The poor data quality re-
fers to the low sampling rate and existing noise of the location points in a trajectory. To address these two problems., this paper
proposes a user trajectory identification model based on attention mechanism,including the location embedding module, the atten-
tion-based transitional feature encoder and trajectory-user identification module. The location embedding module is used to embed
the spatial relation of the trajectory points into the location vector;the attention-based transitional feature encoder is used to ex-
tract the sequential dependencies from a single trajectory;and the trajectory-user identification module is used to predict the user
identity of the trajectory based on the outputs of the transitional feature encoder. Finally, the experimental verification is carried
out on Gowalla and Geolife datasets. The experimental results show that the proposed model in this paper can effectively alleviate
the problem of data sparsity and poor data quality.and can achieve better accuracy than existing methods.
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Fig.1 Framework of user trajectory identification model
4.1 IEHNER B S Z 5 115 B context £33 T M B R BT 55

[F] — 90300 B3 s 4 v AN TR) P 0 SR A A1 3 R S o7 o R A A
—SE 225 B P B0 1R AR R [ A N I S 2 S v 11 AR AR T
2% 5 ) AR J5 A DG 19 N 28 8% s 8 X R 1 1 2% 2T, AT R
W BB Rz AR . O T RE 0% G2 A 12 IR S A SR T — A
BT 17 AR 4 A B A TR

S B B B B AR DX IR AT AR £ S I 4 TS A% 4
5o M KA g 5 28 A BE Y TR B X R 06 R LIS E R p =
Uit LN S AR A A T g o

SRIG HBE T={pysposeees po ) PRALE G B0 HEAT
JE4G . 4 @=C(T), Hop, %t C BEWS K Bk T
ELA HE TR % G 5 0 FE 4B AL B A — AR D, T R
BLh O={D D, ,B, ), | D | =1,

RGO B O p = (g vte, IV H P, g
g @, v B AR T A% G 5y ee,” SR @ A AL B S 22 TR ek
s [R] 5] B

W T= {1y posees pa y AL T = {p s po" s o
P Ve DRFELEIZ AL R 46 7 L AT W BB o AR
FRAR /N 5 IRV 5% 1o SR A 3R B L o 9 6 2 B R AT T IRR
445 3

BT AL A A S B SR T T A B 1) B3] 43 A A
GRAYE AR SR T Word2Vec? [ skip-gram J7
KT ALE S AL A8 p e i ) E oy, BT
skip-gram 185 5 GE 4% 78 8 A 3 R PR FE— A Bl b i L B
WA 7 DR IR i A TS I8 79 A 7 B ) A B 1 7 B A 1
2 0] AT s P Al A
4.2 EFEEINNEEBHFMEREELR

L E R ABIHS LT IRAR A T={x1 x5+
x, ) FoH L x = wire, AL E S G X R A IR B BB A ps
FIALHE tc, BT T,

— AL T KB ADG ER M2 W 4% RNN HE4T 751 % &
22, RNN 28 ¢« BB b G — W Bid
hoo PRI E A B B MR H, AXCRHE T LSTM
£ 2 LSTM k523 RNN,

WEBENZE CHREE T 233 RNN JG 89 &85
= Sm i context, it & 7L T .

’

[l

Score(hy, s H) =hl, H (@)
a=so ftmax(Score(ho. s H)) (2
context=Ha" (3)

TR PG PR S o, 64T PR VR R BT P
PUN B iy A
4.3 ik A PR B R

TE R B H P P St T MLP (Multi-Layer
Perceptron) , 7 75 B 2 iy 1 45 3R | SR softmax #E A7 JF £k 4
At — SR BGE T JE TR P AR AL TR P S0 0
B4 %4 one-hot [ & .

HY AR SCHE P 00 1 BRI AT 55 IR 28 R 4 2R AT 55, It
R JH 28 B0 28 SO 40 0% BR B AT RS AL I 25

1T

L:*Z:l Elu,log(T,-/) (4)
FErh a4 A X G TP one-hot 1 b o T, S 4L 1
U Xt — AL R 9 0 6 1 3 SR R L
HR T P 500 2 11 1025 52 TR 00 U 25 1 i 2
e SR S 0 0 T 2% 5 D6

AN AR SCAE MLP (&2 M & o6 2 | i A T dropout
ot A BB 95— B 2 T 10 5 3 G B D 2 5
U I 5 414 o 2 T 00 3 J0 2 07

KWERS

AR SCTERE T SR AE AT R M R/ INR AN TR] B A Bl 4
AT,

(D Gowalla Z B EHR LT, AR TR HAHEN
L 4h 40 B A2 A W) ZE AR 3 AN 3T X 38 Y 25 ) 5 A R 5t

(2)Geolife BB B G 421 . 3% 80408 42 o0 I8 T fol S S0 3
5EBi Geolife W H it TH P R R TAE A% i & i i %
S BT,

AT KXk 2 B G5 GPS 8 A A R B 2L AR S
SRAT Liu MR M R, ol — 2 A &30
B GPS 58 i p 3% 3 O — A0k, SR L[] 1] g B {8 Ac
Bl T VI RMEZ & FHGE T={T, . Ty, T, ) Bl UT LA
2 B 5 B A7 B Y B[R] R] B R AT B A, DU SE AT BT Y
¥4y,

ASCEESL R R T — K E/NF 2 WP, DL
Bt B . LR DR A T I K R O S B L A R
A ERMELIE T AL S B H P B X, e B EA AP
B U B 2 20 VoA IR 8 T B B AR D U1 2k 4R

5

5.1



A RAFIETIERE U A T 0 R R

311

LBUE s
gl .

PEATRI 2y SCH R R R A BIEENE R R 1

F1 HESIHMEE

Table 1  Statistics of dataset

B APk  Ha# Y%K WRE
Gowalla 156 21730 19858 1872
Geolife 85 11846 8895 2268
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Table 2 Parameters used in experiment

%% e

Grid size 500m # 1km
Embedding size 250
hidden size 400

0.002~0.0001
4 5 4 epoch /N 0.8
dropout rate 0.6
Batch size 64

learning rate
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Table 3 Results comparison among different user trajectory

identification methods on Gowalla dataset

A Accuracy Accuracy@3 Accuracy@5 Accuracy@10  macro-F1
LCSS 0.4663 0.6143 0.6667 0.7244 0.3379
LDA 0.5769 0.6864 0.7115 0.7309 0.6284
SVM 0.5879 0.6875 0.7203 0.7504 0.6315
TULER  0.4850 0.6303 0.6746 0.7574 0.4992
UTIMAM  0.5005 0.6898 0.7153 0.7842 0.5211
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Table 4 Results comparison among different user trajectory

identification on Geolife dataset

HA Accuracy Accuracy@3 Accuracy@5 Accuracy@10  macro-F1

LCSS 0.5599 0.7310 0.7852 0.8417 0.386 9
LDA 0.6216 0.7681 0.8064 0.8430 0.5073
SVM 0.7301 0.8955 0.9400 0.9634 0.6145
TULER  0.7345 0.8994 0.9294 0.9559 0.6343
UTIMAM 0.7363 0.9047 0.9369 0.9594 0.6377
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