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Efficient Semantic-aware Trajectory Representation Learning Method via State Space Model

LIU Yichen',LIN Yan®*,ZHOU Zeyu' ,GUO Shengnan' ,LIN Youfang' and WAN Huaiyu'
1 School of Computer Science and Technology,Beijing Jiaotong University , Beijing 100044 , China

2 Department of Computer Science, Aalborg University, Aalborg 9220, Denmark

Abstract Vehicle trajectories provide crucial movement information for various traffic service applications. To better utilize vehi-
cle trajectories,it is essential to develop trajectory representation learning methods that can effectively and efficiently extract tra-
vel semantics,including movement behaviors and travel purposes,to support accurate downstream applications. However, this
task presents two major challenges:1) movement behaviors are inherently spatio-temporally continuous,making them difficult to
extract effectively from discrete trajectory points;2) travel purposes are related to the functionalities of areas and road segments
traversed by vehicles,but these functionalities cannot be directly obtained from the raw spatio-temporal trajectory features,nor
can they be extracted from the relevant complex textual features. To address these challenges, this paper proposes an efficient se-
mantic-aware trajectory representation learning method called ESTRL. Firstly,a Mamba-based trajectory encoder is introduced. It
uses high-order movement features to parameterize the trajectory state space model(Traj-SSM) , which effectively and efficiently
models continuous movement behaviors of vehicles. Secondly, a travel purpose-aware pre-training procedure is proposed. It in-
tegrates travel purposes into the learned trajectory embeddings through contrastive learning without introducing extra overhead to
embedding calculation process. Extensive experiments on real-world datasets demonstrate that the proposed method outperforms
state-of-the-art baseline models in both efficiency and accuracy.

Keywords Vehicle trajectories, Trajectory representation learning, State space model, Contrastive learning, Self-supervised pre-

training
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Fig. 1 Framework of the proposed model
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Table 1 Dataset statistics
R A ES
it 2018-09-30—2018-10-10  2018-09-29—2018-10-15
B 4 # 140000 210000
Bk R B 18832411 18267440
B 4315 3392
POT % 12439 3900
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ARSCAR T LR e B AR A ) T R AR D R R R T
AT .

D t2vec ™, 3 2t ff FHI 25 W2 ) 45 A0 4 DR SR AR SR 3 v B
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2) Trembr™'  #78 3E T RNN [ seq2seq 581, LUK & i
L3 ) 5 BRI T

3 CTLEM . #i Il 4 — 4~ XA Transformer, H A5 ¥ 4
MLM AT 55 , FF B0 457 5 A0 /N i, 3 5 o 00300 09 540 A B
FHOF- 27140 R AR AR BT R

4) Toast™ . ffi i I SCEH Y node2vec #5703 A= pi %
B ROR, H A F MLM WAL 55 FUT 50 540 54T 55 K I
A

5) TrajCLMY 5] AT — Ff 3% F XUCREAE [ 1 & 71 /9 2 15
% I InfoNCE #5128 LUK Eb i 75 20U Zragi 2

6) LightPath™* . ¥4 S i 50 % 725 2 T 4% , OF FH % 122 0 4T
45 A0 5 A0 5 B I 45 % LU AT 55 R AT U4

TYSTARTESY . A 55 — A~ B [i] J8% 0 7 J6h 328 4 5 25 i — 4>
BB A R R GAT, %808 8] i J§ MLM {F
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Squared Error, RMSE)E WM 5475 .
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i
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FESLE A SO 5 — i E g b JE M  (Without Fine-
tune.w/o {t),
5.4 IWEHE

AR TTA BRI DL 8 1151 1 L 46 R 43 R I 25 £ L
TESE AN 4R L B0 1 R & B (] 4 B ) IBUS HE 51 . ESTRL 7
A UIEE LIS 30 58 76 TR AT 45 h 3 F I TE4E LAYk
SRAE A AL . S 0 B R AR IR T

A SCH WA PyTorch™ W 828, 6 AN SCHE S8 H
MG B=128,L=4,N=128, H=4,E=256,D=256,
AR SR R B0 IE 45 104 B A9 T AT 55 (09 MAE SR g
SR IUE . W A B S, AR SCfE R A0 IR 2 2 %5k 0. 001
B Adam L% . BEA KRBT 5 WL IHBUE bR 0.
SR BRI B ELE K 2 A,

2 FHAER IS
Table 2 Experimental hardware and software environment
P [z
CPU Intel ®? Xeon ®” W-2155 CPU
GPU TITAN RTX GPU
CUDA Jg A& 12.2
Python i & 3.9.12
PyTorch B A& 2.1.2
5.5 EEELLE
5.5.1 Ak MAEILR

F3IME 4 BT AFEITELE 4.3 WAHW 34 TIHTE
% F YRR PERE, TTLLE B L ESTRL J7 B TE A (T 5% th #f %
B — A I

3 A EAEH B I 5 B0 58 AL T B 0 s A g
Table 3 Overall performance of methods on destination prediction and arrival time estimation
A EES
B & B 3 70 2| 3k B o A1 ERE i | 3k Bt 8] At
RMSE vy /m MAEY /m RMSE y /s MAEY /s MAPEY /% RMSEY/m MAEY /m RMSE vy /s MAEY /s MAPEvy /%
t2vec 579. 30 387.50 127.41 64.67 14.01 482. 64 310.08 214. 40 108. 80 16. 96
Trembr 505. 62 376. 88 124.32 63.42 13. 60 473.97 301. 45 209.12 107.02 16. 40
CTLE 430.19 382.82 135. 21 55.41 11.18 477.70 384.08 207.16 107. 46 16. 25
Toast 480. 52 412.58 171.58 91. 66 18. 84 523.76 443.99 202.99 102.73 15.75
TrajCL 365.50 272.63 132.98 55.78 11. 86 383.39 262. 20 183.74 73.21 12.55
LightPath 553.27 360. 86 123.00 58.04 12.83 598. 20 348.61 169. 01 74.08 10. 50
START 333.10 240. 40 121. 11 58.97 13.49 319.00 208. 35 159. 89 72.19 M
ESTRL 161. 28 118. 84 46.37 18. 08 4.40 263.16 182.39 86.08 30.80 4.15
t2vec(w/o ft) 2329.63 1868. 49 138. 30 79.74 18.71 2582. 14 2235.27 207.11 117. 86 16.01
Trembr(w/o ft) 1787.18 1419.58 159. 60 110. 36 29.50 2067. 80 1749.76 435.04 337.35 47.11
CTLE(w/o fv 3421.09 3041.49 135.59 63.45 13.99 3548. 88 3320. 46 272.88 176.16 31. 84
Toast(w/o ft) 3434. 84 3061.91 149. 67 79.69 17. 89 3549. 65 3325.48 299. 94 205. 49 32.55
TrajCL(w/o ft) 1059. 81 865. 48 136.56 79.59 19. 85 1268.41 1054. 21 194. 64 106. 66 16. 80
LightPath(w/o ft) 2365. 87 1948.97 129.48 56.82 12.71 2177.37 1859. 35 186.02 77.33 10.41
START(w/o ft) 1347.13 1111.77 144,54 79.78 19.72 1406. 06 1173.62 213.22 120. 74 20.01
ESTRL(w/o ft) 332.06 260. 38 104. 61 50.51 11.88 470. 54 365.62 155.70 71.28 10.23
F4 BHBEMUPOEE R LA R MR
Table 4  Overall performance of methods on similar trajectory search
Acc@1 A /% Acc@54 /% Mean Rank ¥ Acc@14 /% Acc@54 /% Mean Rank v
t2vec 81.45 93.70 3.35 89.47 97.10 1. 60
Trembr 83.98 89. 88 4.66 88.00 93.00 3.48
CTLE 53.77 69. 20 9.43 41. 20 59. 80 6.05
Toast 53.64 71.60 5.94 30. 60 64. 30 6.18
TrajCL 95.13 98. 88 1. 20 95.63 99. 20 1.09
LightPath 74.27 86.10 27.27 79.63 91.70 13.88
START 96. 93 99. 80 1.09 95.93 99.53 1.14
ESTRL 98. 07 99.90 1.04 99.77 99.97 1.01
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Table 5 Efficiency of methods
A/ &
BdE & A KN/ w!_éﬁ/ﬂﬂaﬂ / e
MBytes (min/epoch)

(Zvec 1.641/1.415 2.783/5.937 4.445/9.705
Trembr 5.752/5.301 3.360/6.067 3.230/9.723
CTLE 3.756/3.756 4.533/14. 354 14.581/33.863
Toast 4.008/3. 557 4,400/10. 650 14.540/33. 863
TrajCL 4.382/3.932 7.699/14.567 10.253/23. 877

LightPath 12.958/12.507 10. 250/23. 217 22.486/46. 260
START 15.928/15. 026 15.927/37.528 28.704/49. 894
ESTRL 3.358/3.358 9.345/29.715 1.161/2.571
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Table 6 Ablation study
BN RMSE ¥ /m MAE ¥ /m
w/0 mb 341.13 273.13
w/o POIL 387.12 310.03
w/o Road 345. 35 276. 48
full 332.06 260. 38
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Fig. 2

Effectiveness of hyper-parameters
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