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Abstract

Accurate prediction of the future movement trajectories of multiple traffic participants is crucial
for achieving safe and reliable autonomous driving. Although recent trajectory prediction methods
have demonstrated excellent performance by modeling agent interactions, existing approaches mainly
focus on historical interactions while neglecting the complex dependencies that may arise between
agents’ future movements. This leads to the possibility that the predicted trajectories may lack global
interaction consistency in dense traffic scenarios. To address this challenge, this paper designs a tra-
jectory prediction algorithm framework based on future trajectory interaction modeling, explicitly
modeling the multimodal interaction relationships in the future potential space during the decoding
stage. Specifically, this method decomposes trajectory prediction into two stages: coarse-grained pre-
diction based on history and future trajectory optimization based on global interaction consistency. In
the first stage, a vectorized scene representation is used, and a hierarchical encoding mechanism is
adopted to fuse local context features and global scene interaction features, thereby enabling the
modeling of rich historical spatiotemporal interactions in various traffic scenarios. To capture inter-
action relationships beyond historical observations, the second stage further introduces a Future La-
tent Cross-Attention (FLCA) module in the decoder and designs an interaction masking mechanism
across agents, allowing each prediction modality to focus on the future movements of other agents
while avoiding interference among different modalities of the same agent. Finally, experiments on
the large-scale autonomous driving benchmark dataset Argoversel show that this method can gen-
erate trajectory prediction results with better global interaction consistency and accuracy.
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Figure 1. FLCA prediction algorithm framework
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Figure 2. Schematic diagram of FLCA interaction mechanism
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3) 4N : BLAUTE NVIDIA RTX3090 GPU _i)ll%k 64 & 3#H, {4 AdamW fE1ba%, HER K/, ¥
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N 6.
4.2. LEER

£ Argoversel-val #E4E F e B SIS UL 1 . Frig i FLCA JNEE BT fabs B33
B ittt ft. HAKM S, FLCA #£ minADE 5 minFDE WiIi464s b &8 T Bl 51, 2 5lik %] 0.6866
K5 1.0214 K, HETRIBAEREL 77E HIVT-128, 48 BIFRIL T 4 11.2%5 12.6%. 78 B ] 4
PERREE R (MR)Fe bR L, FLCA Bl T 0.1020 (st X2 T KBTI HOME J57%:(0.0846), {HA{f
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Figure 3. Prediction effect

3. MR

Table 1. The performance of the proposed FLCA method was systematically compared with that of the baseline model on the
Argoversel trajectory prediction dataset

% 1. 1£ Argoversel HTFUNHIBE L RGEXTEL T FriE FLCA A S E LR A4 58

Jii: minADE minFDE MR
LaneGCN 0.8679 1.3640 0.1634
Scene Transformer 0.8026 1.2321 0.1255
DenseTNT 0.8817 1.2815 0.1258
mmTransformer 0.8436 1.3383 0.1540
HOME 0.8904 1.2919 0.0846
HiVvT-128 0.7735 1.1693 0.1267
FLCA 0.6866 1.0214 0.1021

EREMTRY], FLCA {EPUETI ARG LSS 1A 5T, HAEsseTt E 2 A TR 5
TR AR S B A AT, AT A RS B U 3 35 SR P TN 45 2R,

4.3. jHR4 KIS

FVEAL FLCA AN [ (158 B AR T V2 50F N 48 2, ASSCAE Argoversel a5 B it IEEAT 1 H R
SEEG, AL B R P 1 — AN R SR R B T P RE R R . AL, TR SN RR
ZRALHLE (Aloc) k4T T XF Eb . WA sRat &t Bande 2 iR,

THEhSLIG R E, SE BRI (0.69 mInADE, 1.02 minFDE, 0.10 MR)/E A ic B itk At e . BE BRI
T HAER S HMERE R E T, RPN @RS s E e E B, 1 RS A B, UG R
U AE minFDE F+ 2 1.47, S SRNE - ERXE S - B EXT USRI E K. 51N A& KL
LI RO TR T ) S A B AR AR R R, I A AR ZE AL Aloc AHER T SE AR AL )
R R M S G BE TR, SRIGR I, BRI SR TR AE B Al R T IHER . AT A
BRI TR
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Table 2. Ablation experiment on the Argoversel dataset
3% 2. 1€ Argoversel ¥iiEE&E L AUERESELG

Temporal Space Future Aloc minADE minFDE MR
\ 0.92 1.47 0.17
\ 1.00 1.56 0.21
\ \ 0.77 1.17 0.13
\ \ 0.73 1.12 0.12
\ V 0.69 1.02 0.10
5. &g

A 2 B R U S AU TN 25 o 58 TR RIR T BB AR 2 16k 2 2
SR, Heth T — M T AR A2 R (FLCAYI S BT T, r kL
IR 5 9 T S EPRURLE U 5 0T AR PR 5 T B OLAL A B . 764 22001 4
RBRR AT b, 51 A RORIEEERAS 2P0 105 TR BERLI, AE TN B2 RS 9 10 52 P 28 T
SRR AL Fus, ITITIRTT 2 B T SRR . 22 Argoversel HUIi4E 1 IS 145 R,
R 4 A S T R LS00 TR, IR T AR BRI MR T A LI
B B T 07 AP« AORI TSN — S5 BRH 2E R FEAR A S LR B R o 5| AIBR L Al AT
J9el, WAME— DT NG RO TR YRR, . 5T, TS FLCA BIUE TR AL 5
SHE S 1 B MR GE T ORI, 6% RSB R R S TR ACE AL, WA SChR 1 2D B R
GRS P 07K -
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