54y = F oo Vol. 54 No.4
2026 4E4 H ACTA ELECTRONICA SINICA Apr. 2026

BRI SN B o A ANz A
— T e 22 L R RAS R AE SR

T w2 T ETR, ﬁﬁ% PR RmE N BT R
(1. FEPRMP A (S 515 B TRBE, K 400065 ;2. Jeift N4 5% 68 B AR TR R RS T SC 0 5, TE K 400065
3. {Z TR 5 R8I T PO E S SE R, FE K 400065)

T E: H I A LT GE B0 TSR R AR AR AR I s b s b B G N A RE T A T
) A 2 30 T B R 3 1) ) B PR B R e SR R R Y SRR A, B OE T A BB R it R et
IRBEAE M o AT TR B 2 S I TN )y ik 2 A 1 50 5 AR SR [R] A S AR S, HoMERR ™ 2 FRF I 25 S5
s A 37 [7] 4347 (Independent and Identically Distributed , IID ) By R AR 58 o SR, SR A2 2232 18 PR3E M LA
AN R A ) 2 S S ECBR 0 A R RS, TID A 38 e LA ST s B A% 28 T AR Y FE 43 A A1 (Out-Of-Distribution,
00D) 75t FPERE I3 I, XA H 372 3 28 56 T 5 B30 B A% DB ARSI . S WX R Bk, AR SO — i D
T B FH A6 35 T 4 £ A2 T DR R Y 9 4 4 0308 500 (Vehicle Trajectory Prediction based on Causal Model , CMVTP)HE4E
TZAEHR ] R G A LG 3 I 4050 U AR AY | JC T %o SRS AR R 17 A 206 el ol T U e, LA Y 3 P A L
CMVTP 38 15 4 2 11 [19] 3¢ 30 375 5 14 45 4 PR A (Structural Causal Model , SCM) |, 3 32X Z1] ] 35 A= 25 PR SR AR AIF 15l m] 2
SRR 5] 1) PR 7 S I06 A9 VR 7~ 0300 500 v Y Vs A TR SR G 3R, 7 AU IO B XU k4 50 T 55 B R B R T AR AR o
HIE 5 [RTIRF 8 1 PR S i 2 ST AR b 52 S A2 5 35 AT AR 1) 220 8, I3 8 XU A () AS 728 R s R A e, 308 5 e
JEFFOET 35 554 A ) 55 SR AL B AL X SR AR RFAE B 42 UCRE 1, B ARART AR 6] b Pl R M A5 3o T AR RAE B AR . S 45
TR, CMVTP 887 A8 T2 F 3 3 TS AL (9 93 A1 A2 AL MR BE , 7245 SR DL v A 280 000G 3 R A5 8 3 42 7T
IR 3K 12.75% 0 AR SCHE Y CMVTP AE SR GEME T % G0 3k F Ge T AH & M i 0300 90 5 A6 73 A A0 3 5 M g R B
SR TE E 272 5 R G AR TF RS A T v 38 B R RN A A PR T SRR S b Ry AR O 137 AL AT 5T
PRUET BB 5 05k

KEEF: [ S TR ST ; PR 4 E S 58 A A ANZ AL S AR RRAE

HEETH: EEARPAIS (No.U24A20211,No.62271096) ; T K T ZZERIERARBIFT I H (No.KJQN202500603,
No.KJQN202300621) ; T P [ SRR 54 (No.CSTB2025NSCQ-1.2X0144, No.CSTB2024NSCQ-1.2X0124, No.CSTB2023NSCQ-
LZX0134) ; T R EAL AH HF S BRI H (No.CXQT20017) 5 F MR (518 75 B A1 BA S 153 (No.SCIE-QN-2022-04) ; U )14
AR (No.2024YFHZ0093 )

hESES: TP391 XEkFRIRED: A XEHS: 0372-2112(2026)04-1885-15
L F %3 URL:http://www.ejournal.org.cn DOI:10.12263/DZXB.20250827

OOD Generalization of Vehicle Trajectory Prediction Based on
Causal Model of Social Interaction

HE Peng'*’, WAN Zhifei'*’, CUI Yaping"*, WU Dapeng'*”’,
WANG Ruyan'**, PAN Mengquan'*’

(1. School of Communications and Information Engineering, Chongqing University of Posts and Telecommunications, Chongqing 400065,
China; 2. Advanced Network and Intelligent Connection Technology Key Laboratory of Chongqing Education Commission of China,
Chongqing 400065, China; 3. Chongqing Key Laboratory of Ubiquitous Sensing and Networking, Chongqing 400065, China)

Abstract: The reliable deployment of autonomous vehicles on real-world open roads is highly dependent on their tra-
jectory prediction generalization ability in unknown traffic scenarios. Accurate vehicle trajectory prediction serves as a key
bridge between the autonomous driving environment perception and decision-making and planning modules, which directly
determines the operational safety and environmental adaptability of autonomous driving system. The existing prediction
methods based on deep learning mainly rely on the statistical correlation between historical and future trajectories, and their

performance is severely limited by the basic assumption that training and test data are independent and identically distribut-
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ed (IID). However, in complex real-world traffic environments, significant variations in map geometry and road topology
lead to distribution shifts, making the IID assumption difficult to hold. Consequently, various prediction models suffer from
substantial performance degradation in out-of-distribution (OOD) scenarios, which has become a critical technical bottle-
neck for the deployment of autonomous driving systems on open roads. To address these challenges, this paper proposes a
plug-and-play vehicle trajectory prediction framework based on a causal model (CMVTP). The framework can be flexibly
integrated into existing mainstream trajectory prediction models without requiring complex modifications or retraining, dem-
onstrating strong generality and adaptability. By constructing a traffic scene-oriented structural causal model (SCM),
CMVTP explicitly characterizes the intrinsic relationships between domain-invariant and domain-variant causal features, ac-
curately reveals the underlying causal relationships in trajectory data, and effectively extracts domain-invariant features
such as driving style and social interactions. Meanwhile, a causal feature learning module is designed to explicitly disentan-
gle domain-invariant and domain-variant features, and a dual-path invariant feature transfer module is proposed. The hidden
layer feature alignment and output distribution alignment enhance the model’s ability to extract domain-invariant features
and reduce its reliance on domain-variant features such as map characteristics. The experimental results show that CMVTP
can effectively improve the out-of-distribution generalization performance of various mainstream prediction models. In vari-
ous unseen scenarios, prediction accuracy is significantly improved, with gains of up to 12.75%. The CMVTP framework
proposed in this paper breaks through the performance limitations of traditional trajectory prediction methods based on sta-
tistical correlations in out-of-distribution scenarios, provides important technical support for improving the adaptability and
safety of autonomous driving systems in open dynamic environments, and offering new insights and methodologies for gen-
eralization modeling in vehicle trajectory prediction.

Keywords: autonomous driving; vehicle trajectory prediction; causal model; social interaction; out-of-distribution
generalization; domain-invariant features
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SRR AT N — 21 U EE p AT WA, U Al LLAE AN [R]
Y R 5E b AT D14, A I a0 1] G ek 2R A R
2 AR TN UL R — A W] UL ) v A AR B S
A SELR R Ja T TRFAEZ TR G 2R

TEAC 38 37 5 ) S5 H TR P op | 2 PRR S 1 2 8] Y
ARG FGE I R 2 . LA &% SCM 4% i1 11

(1) D ENXFY B 225 Bk XS AT LSS ) 2 4
B AT 3 B2, DA T 52 W 4 AT B30 X, DR A R
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Figure 1 = Generalization model of vehicle trajectory prediction

2 SRR

Figure 2 Structural causal model

DEI X, IEAh, 2 XAt 2 52 R R LS Y, TR R 4
572 W B T RE S AR [ O % 20 4 s ok 25

(2) M ZE) X F Y B3« 4k 2 58 B AT LS 0 2 4
Z (AP AE T B S B A T B s i R R . X AR
M) 77 50 BLII0 X, A1 oAy 2 05 7 0 S k2 R 1 [ B 25 T
R B2y X AR A E S s B S R R B
T Y, DR 0 2 2k 5 MR 40 ik B R ke 25 i

()X F Y30 - 7 s 050 X o2 T R iR
DL KR 50 AT Bl 7 2 Y, a2 A7 RO
S5 AT LA R 1000 A K 3 Y

()M USRI DI Rk £ | URER A
Sedl, I AT AR GRAE D AR R AT RE S BT
. Ik, 276 M U R D YA, LASR R AEAS 3R 85 op ]
A RRAE AR AL

2.4 BEREHFMEES

2t g DR SR Pl v ) DR R A 0 455 S A TR SR AR A
AR PR SRR AE o AN AR SRR AE R AR R R R T
VIRE PR e RO RRIE S, 18 ST B A i B2 1 AR AL
AR S RO 2 3 v L P s i e, ek
Jof B) A 5 R RURLAR , AR R S A e . BT
75 PR SR AR AN 157 0 o PR R T R R LA IR T
B A A Fr e B R 5T 55 o e ny A AR
5 N 52 38 3 v 5 T ULI 4 b A B R LA
0 D13 BB B A S 5 R PR e A DG

IR SCM WA H BIRE M2 , D ZIRIE T X
XY RRERERN, HEARTITBEEM Y« Z> X, &
L AT 55 0] LR IR A p(VX), (H 2 G A7 7R IR VE
75 g ) IS, p(YIX) AN REJF 3K 21 X6 ¥ L IE 19 PR SRE %
N, 53 G B 2 T 45 SR B R . TR, A A
FHE T D)3 B TR V8 B8, foff X0 W 118 R SR &0 0 A% oy
p(Vido(X))o S AT 28 V51 vfie ) 2 W o SR AR B 4 T
25 5E W DR AR A (Y LLSITLX) , AR T4 S AT
BN o IR EREREZEES TMX M
R, Y5 SRS, THREGE LT S X ¥ /Y Bir A7 T 7
R0 B AR, DT AT LR i MR e A it ] DAAE kg SR R 45
1l DA 2R A5 T TRV o

TE SCM it X A7 10, 45 1 X A e, 53 1R i
X B 2 AR S 50 38 a2 1, 1T AN 2 Pl A v %) H A
AR PRGE Y o AR T DR SRS AT LR OR R
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p(¥do(X), U=u,)

= [ VX, D.2.U)p(DIU) (21U stz o)
= [ pVX.D.2)p(DIU)p(2)dsdz
=Eypuy | PVX. D, Z)]
Hor, p(¥Ydo(X), U=u, ) EAEIAEE u, 1 X ¥ 1 5 5R
RN, do() Zrn T HUERAT . O 154 A 3B v X0
Y PRV, T 2 AE DA Z kAT 0 2
A 5 A P 249 {8375 2% 41 W of o s A AR Y I
S5 U 53 AT HEAT AL, AR E R X EOLAR T I R A
B HE LN
rrLin E, (xfy)[ log p(x, y)} (3)
Horb, p™ (e p) 2 U B TP O REAS 0 A . BT
plx.y) EATATHY, R p(x, p)= 2 fp(x,y, d,z,u)dddz,

wel
use BTG AL

R T ARAVES TR AR A LS A AT, A S S T
Y8 3775 73 IR A5 28 43 T 5t (Evidence Lower BOund,
ELBO ) e& BRI 25 1Y .

n’}}fn Ep' (x.y)lEq(d~ zu xsy)|:10g

o, ELBO o8 %1 FH q(d,z ulx,y) 38 3 H 3 7 1
pd,zulx,y), (4520 (4) H %) B b5 R G 45 X (3) .
H T IG5 AR B 32X 35 1 R SR B AR | T AR A
RUEARAATI . BRIE, B g(s, 2w xly) HEAT B4R, 4
min £, E . <y\x>[ log g(yiv)]

: (5)
p ),  pxy.dzu)
Eya- myx)li log

p(x,y,d,z,u)
o(d..ux.y) ” W

+Ep‘ -

q(ylx) q(d, z, u, y|x)

Forp AR q(ylx) S22 A, 20 (5) P4 2k oR B0 56
— TR TR 22 A g(px) 183 p” (plx), T 45 T4
A5 1 log p(x) [ 5o A8 p(x,y, d, z,u) T /s WETEAR 2
FIOULIN A2 B B 70 A1, g(d, 2, e, ) S 5D Hh 45 72 1T
SIS 4 VS R A RN A SR B B SRS 5 o A, U
SO XL SR R AR
Eq(d,z‘u‘yx{log’;((’;jj Zj];‘))} <logp(x)  (6)
ok B or i T LU g(dozowybe) G RN
q(yix,d, 2)q(zlx)gq(dx, wq(ulx),  p(d.zu.y.x) 55 fF N
p(yx, d, ) p(x|d, 2) p(d|u) p(2) p(u) o 55 — T 1 {4 1] DA A
q(ylx.s,2) FHHEHY p(yix,s,2) B o BT q(six,u) 2 H:
B S 3 ARL, AT DORE AR R g(s)x) -

p(x7y7 d’ Z T/l)
E log’ .z uyix)
q(d,z,u,,VX)|: 08 q(d, z, u, y|x) i|

- p(xld, 2) p(d|u) p(z) p(u)
-+ “d’zf"*”{l"g 4(aho)a(d)q ) }

= E gy yo| 108 P(x1d.2) ] = KL (g(zl¥)|[p(2))
~KL(q(dx)|p(d)) - KL (q(ulx)|p(uld)) <log p(x)
Horp, qule) VTN plulx).
3 1o PR S T 4R T R 4% A qule) B 456 plule) 7T
LA 5 ) — A B0 66 A4 B HE AR | 3K (5) o A 2 o
Bk
rg{iqn E . ., loga(ykx)

i p(xld,2)pd)p(z) | (8
g Eaan | PORed D0 Cr o ]

ot pd)=S p(dlu)p(u) % D AT 5 57 45 Je 3o

G315, HLg(x) = E g0, g PO.5.2) ] =p (¥ do(x)) 7T LA
i 2 SRR
2.5 ALHEER

TR B % I8 2 A AN R B PR 5T, X Se IR (0 3R
THEIES M REA L . BAIEEA A C N EdE,
SR G TR BT RE S A T AN . AR F 5T R
T RO AR R AR SRS SRS, T A A A Y A
RAANALRRIE IR, 5 ALY 22 3 Qi fn] 45 55 A B ik 2
FRAE R R, 5 b A5 1Y 2 > HA 2 Ak P 1 R A8 R AiE 3%
7~ DT 2 o A5 7R b B RS4R3 A I A% 1A BB ), 2% i
U7 B0 A I 2215 2 I s2 ) .

TEIZ WG AR FUI B G230 o A SRR U
A, TSR B R ) XA Y Z [0 B9 56 £, AR E N T
IR AL B0 30 . 24 g s (R BT B BT f FLf B
A5E A T I 1) A BB oy A AT SR 2232 U RSS2, R ol X
B2 Z A D R sZ ) T 8504 T 0y ik ek
AL HT Bk o SO 8 B A AN A G, TR
25D T AL TR SR B T 4 M Ak BT 1 PR
R, TFT A BE 22 ) B AR E 2 & fm A RS,
R ()] DL A

min dist( f,, £(X)) (9)

(7)

min dist ( f,. £(X)) (10)

Hirp, e() R g 2% | dist() 2278 PIAS 20 A 22 18] 1 5
B0, B mIBSNSRES.
TFT K AN A 5 48 f, o B AN AR RR 4 D g A B 5 G
fE R 2% f, A T IR AIE % B8 AR RO FE A A
WHERS o B R I s £,
L.=L,(h,.h) (11)
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Horp, £, A 12 5058 sR B, b, R JEAR 15 2% Y ROk 4
fIE | by R A7 SR 25 1 B ARR IE o i L A% 1 400 2 o
LA
L,=(1-o)L, ¥, V)+@L,(¥,,Y,) (12)
Horr, v, 327 I U i A 25 10 i L Y, 3RO AN A8 i i A
i, o NS AR REL L, T LL R
N
L,=L,+cL, (13)

Hp ohESEL

3 I

9 T VFAS CMVTP T8 23 050 1500 53 A5 S iz Ak O
1A 1Y MERE L S 75 76 NGSIM 1 INTERACTION ¥ >k %4
OSTEECRGE TR EAT T RS S . R AE A B 4
AT R S, AT VA CMVTP Jy 28 X6 A5 AU 13
WA FE NIz ACRE S BT8R . TR BRI (R )2, AR S
S ISR 9 NGSIM 5 INTERACTION %54 42 f 4R 1
FATER AR eI ESS T ARBIEEL
ZE BT I A s HRLEE  REE N H B 3l R 45t
AT Ry FE AR 55 00300 F0000 482 8 v S (AR AEAS . HRE
B B 3 Y @ 3028 B F 5T TR g B R B
P A AT R G UE 5 P RETEAY DI A SOy 2 56 1% B
SRR G AR — B S AT et
3.1 HIEE

(1)NGSIM B 4fs 4

NGSIM % 4 575y 5 [ B 0 20 % 4% B Jsy 1 1
— R #EHL (Next Generation SIMulation , NGSIM ) A 5% Iiii
H & A 10 2240 0050 B R 4 . NGSIM B0 48 4 % 4
FHOHE B - US-101 A1 1-80 %4k 4 o 33 W A5 4k 4 4 9l
ok T 3£ E US-101 /& 32 B 5 1-80 /5 B b Re e
AFF 5% X 8k P A9 5 AT O L L 12 SR T 24 45 min N 5%
JEE v R R B BT S b B T B R SRAE A
KM 10 Hz, KZA 8 288 392 45 42l 47 W #5083 5 .
US-101 B4 TE T 5 4 B4 K 1 B 40, %
PEAL M 45 1 s B FE 29 640 mo 1117 1-80 4 4 ) £
BT 64T B LA DI, AR HL W5 X 8K
BE 2928 500 m. NGSIM £l i & 7 & & 1k
R W4 ID W 1D R WA R R ] 4 AR )R
T AL bR 2 P x Ry AR bR AR A SR SR
JE VAR i J 8 5 o TE AL T AT 55 op AR 1
T3 sPE R A, FF I EE Tk S s L.

SR AR B T AR 25 B AT SR, AR SR
FH NGSIM 4 48 w1 % B b #0030 3647 7 & e 19 i Ak
B, 2% 3CHk[39 ] H 8 a2 25 Bl A O ik, R
AT S I I 50 Br T 76 B AR LD 42 00 54 A7 A 25 1)
WEAE | RN % 2 o R SR AR ) R R . B

FE T H AT A7k 2 AR, X B e A 5 S
50 B AT R A AR S i =
HAERT ] PP A b AR sh A — 2tk . 5 R A AR E U8
T AT Y B R P S pR B AR AL AR 5 25 5 1 11 v A
P ARIE T A 23 1) R R () S L sk k. i X
Pl 2, T RO BR BT Y B Sk Y RIS U 2R 22
HE A A 28 O S (15 2 4 A 38 SR S T N4 A EL A
S GARE . 2% R AL B A 50 A R i e
T 25 ) — B T 45 20 2 e, o IR S i ANEZ
TS S0 L T g I 1) B0 S A

(2)INTERACTION %4 42

INTERACTION ¥4 450 h 3% [ fin oo 47 o FIl K 2F
T 4 BR3P A I8 A MLk [ 5 A% Sk T0 s i 2
o B 58 H I 2 B 3 e A A A v A B I L B
FIAE B 145 . INTERACTION %4 48 45 75 451> 1) 2 %
PEAE T AT HOR S E B R W8 R
FE AU F R R . 280 S A R ) [ R A 3
SOMAEE TR E AR B N R, SEE A
DA | R I AES NP SR /N Y =X S D & 173 I A=
5 M, LA 500 000 2 25 B0 AR . B0 B Y
RFEMIAE N 10 Hz,

W 1 7, INTERACTION %% 42 4 7] L)%l 43 H
UAFE SR =RKGE AL JFEM+FBO .
INTERACTION 45 4 1 R[] 7 48 2 (] (1) B 40 i A7 7
WX R FEO LT EY B TH
ftb 4

%1 INTERACTION FREAFEREHE LG

Table 1~ The data proportion of each subset in INTERACTION

T4ID A Hb Ykt B LA/ %
sub-0 ESE| Wi 17.9
sub-1 wh JfiE 35.2
sub-2 B T 7.9
sub-3 F[H] TR 2.6
sub-4 T[] Wi 1.8
sub-5 e Wi 53
sub-6 T ] JfiE 12
sub-7 ESE| +F 21.6
sub-8 LH Wi 3.2
sub-9 LH g% H 2.6
sub-10 i Wi 0.6
3.2 fhIERR

T B3 T SR — T W] AT 55, S P T £
T 0N A BE PF- Ak i O 1 467 7% 1% 25 (Average Displace-
ment Error, ADE) , fit &3 #% 1% 2% (Final Displacement
Error, FDE) , 8 #) J7 1% 22 (Root Mean Squared Error,
RMSE) o 3 JUANPEAS HE b5 5 T 4 A 00 00 AT 55
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ADE i & 42 5 10 4> ] 20 b 0 S m s 2
[ P DG G B 0 5 2, A L 1 A 00 A v R 22 Y
SFYIME . FDE f & R 5 — S R 25 b s 5 s
{EL 22 ] A9 D R 8 15 2, A B 1 900 -5 S B {1 ) 3
R 25 . RMSE I3 1l da J000 {50 F0 5 S =2 J) ) R
25, MR BB A 5 B S R AR 22 )P 20K o FEAR
SCHY SR DR A AN A R AR A T AN TR 2 R A S
b e HARTT 7R {58 5 b 32 2R i ADE Al
FDE , DLPF Al 455 50 75 4 (A U308 I IR 15 i 2807 8 0 Oy
T FA) 32 AR PR BE 5 76 TH il 52 36 7F , RMSE B T 4 4 A
7 5 B 2 45 X 142 52 ki) o000 5% 2 B 52 T

N Lot Torea ) .
> > [a-al,
ADE= 2= . (14)
N e .
vl
FDE = = =T+ Ty (15)

1 Y oy i\2
RMSE = /N;(y,—y,) (16)

3.3 LHEHET

TEAS I YI SR B2 v, G B 22 0 A ) 205 1140 44 B2 K /N
HUE E R 32, Ak BEFE A K /N BN 128, SEg
I Adam L AL UEAL BT AT LT 0] 4 1) 2 > R BN
0.000 5, [A] B dropout 5 &4 0.3 Bij 1k #8158 S5
oW B N3, BSE I E N 0.02, AN, N T iR
FE I G5k T v B 0 23 5 WA SK R S PG i, AR SO i A1)
iz sPRASE BT T IH— b 3, Bk an=X(17) s o
S S AE— 4 % F NVIDIA GeForce RTX3090GPU #L#%

AT, 5 5T Python3.8 Al Pytorch1.12.1
o X=X
X'= X X (17)
4 T PEAl CMVTP £E 42 7+ 00D 12 4L g 1 77 11 1)
A3, I 36 T AR AS [R) B0 57 500 A 4 v g 3l
AR 3 HRS A AT AR R 9 A2 0 030 ot DA Y R A T
XJ L SE R
MMnTP' 2. 2% 757 ¥ 48 7 — Fogr B9 HLsh 47k i
T ABTAE B0 5 3 A ST AN R ML S AT SR 4 S 3 A
T, AR R I EEF Transformer (4544, DAl $E &2 2%
Y S TR A 3 G 22 12 ] Sl A REAE , DA T[] Bsf ) 22
L B A5 2 R H X 7 1 0 A 520
GRIP++" % 5 B4 T —Fh 3 T GRU #4945 %
TRy A S TR UR rafc AT b RSB BN S B A NTE
ENGEESEE Pl RN W IN TS E AR N
T
Social GAN (S-GAN)"*'": % Jy B 4.1 2 )3 41 51 7
BRI 5 A BT IR 285 AR 45 6 38 o X BT U ZR AL i R

AARFAE S 5EH Z M AFE &2 BAF B, Wi A il &
T A A 2 280 S0 o Sl 00 193000 285 SR

CS-LSTM' "+ % )5 ¥ J2 — Fl 3 F LSTM 1) 2 i) 25 -
Sl 2 SRR A ZAE SR S| AT B B sS Ak 2
ARG 2 R B S T &R, IRk S R L 1E
A 1) F T 00 4 0 B4 R R

STDAN?: 2% 7 148 FH 43 J2 W Bk 2 sl 8 i i
VA £ R RS [1) 125 ) 2 J3E R 0300 AR i, -l FH — b
AR B ERE RS 7, H TS RS R #L
T

DS-STT#/. — b A 28 Bl KUK (4 ) 28 Transformer
R, LS 0o A 1 2 40 P AR B T

AL 00D 72 1h 3 5, AR SCAE S 560 38 0 X B
AT S AR 53 F R R B R o 2 A B
O3 22 51 T8, IR E A SRS E AR 1] 5
ok 2% S5 M ooD W iR R OBE . o,
INTERACTION £ 45 £ AR 415 SR A b o5 5 22 38 37 5wk 1)
4% H A F 4 (sub-0 & sub-10) , /N [l 74 78 18 % 25
P CUNFR I 1 0 IR ) A2 3 i e A7 A
B 22 5, TR BB AT o3 A R S 1 24> -3k

TEMCIERE b A SCE T T =25 00D 2 AL 5256 1%

(1) Fdg ez 4k IR RS HAREOR A [ — 22
Y A BEBOR ) 7 S 0047 X043, 6 08 = e Ky 7
AR N HARER, HoAxy 7 8 VE R sk, T PF Ak 55 A0 78
FH TR 350 1 50 A D B8 38 1V BE

(2) ¥z b RIS H ARk A R [H 52 i
Y B B ik B9 =14 (sub-0 . sub-1 Fl sub-7)
PE R I, FE A F 42 H AR I, DABEIAS [R] 36 #% 25
¥ Z 8] () 43 A i 45

(3) 5 B A2 1007 £k - PE B INTERACTION %4 s 42
VB IR 3, NGSIM £ 4k 42 75 o8 B br s, 38 o 5 5l %
SEFRIE ) 22 5, A0 o LB R 9 00D IR 4%

FE LR E b BRI R A R R S L B bR
Il B 7 U 25 B B 5 4 R Al UL A T3, A i 7
K 5 £ 00D 32 Ak H il 2k 5 I 7 A3 A8 — B0 3 A
Wo 123053 07 N RE IS 2 Ge v DU [R) 3 5 1 42 5
A7 i B 1) 1255 B840 4R 1) 5 0 AT IR B 1R R Rz AR XEE o
PSRRI 572 AL RE 1 $ IS — HLo T & B S0 36
3.4 EENW

R Sz AL SR, 3R 2 FIER 3 XL T AN ]
B AU fd F CMVTP J7 S8 /i J5 19 00D ¥ f M BE . Bk
KT, A AR A 37 5 v 3 R B AN TR R B A R
2T [ BE T CMVTP 5 B 78 537 5 3k A8 4
WA ot SR e v .

1+ F O R, sub-7 M58 H bRk, HoA 74
PRI, W2 s fE IRk, & BRI 7E ADE 5
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FDE 845 ¥ 2 81— BN FE#a 5, DS-STT 7E IR 5k b
i) F-3] ADE 1 FDE 43 5 &K T 7.40% F14.99% , v
FDE 2035 18 B2 7 i A 455 180 v d5 iy, 28 W LR 4K sl 00
R 7 T H A R # . MMnTP 5 S-GAN [1)°F
Y5 ADE F B iR BE 20 59 R 7.3% 5 7.43% , 5 DS-STT 4tk
T K, fH7E FDE 545 [ B& Ik T DS-STT.GRIP++
#)°F- ¥ ADE 5 FDE T [ 43 518 7.38% 55 4.53% . #H
22 7, CS-LSTM 5 STDAN HY i i3k i i /) , HF 1y
ADE F K& 43 %1 M 5.86% 5 5.94%, FDE F 2 F [ K
4.00% 5 4.84% . £ H bRl £ 858 (1) 42 S i B2 AH
X Y e AT WA S, R BH H AR A3 AR 5 I 25 0 A 22 S ok
Bz A HE BE XS (B A AR R — B s e . Horp
DS-STT 7& H #7 8, ADE 5 FDE 4> %] F F& 1.27% 5
4.94% , 3. ™ FDE 2 38 i B K 88 4b F 8 K F .
GRIP++5 STDAN 7E ADE | %) #r ik 3¢ 38 e £t , 4 ) b
T 3.23% 5 4.07%, 1Mii S-GAN FI MMnTP 7£ FDE |1
P E SR b, o BRI T 5.05% A1 4.78% , i — A 56
UE T CMVTP 5 W75 AS [5) L Rtk 45 41 A ¥ A kb .
x2 +EBROFETHO00D ZHLWEF ADEFAFDE LR
Hfzm
Table 2 ADE and FDE results in the OOD generalization experiment in

the intersection scenario unit: m
sub-2 sub-3 sub-9 sub-7
ADE | 1.55/1.66 | 1.20/1.30 | 1.22/1.32 | 2.38/2.45
MMnTP?
FDE | 3.52/3.68 | 3.42/3.60 | 3.38/3.55 | 4.78/5.02
ADE | 1.57/1.69 | 1.22/1.32 | 1.24/1.34 | 2.40/2.48
GRIP++*
FDE | 3.60/3.75 | 3.50/3.68 | 3.45/3.62 | 4.90/5.10
ADE | 1.56/1.68 | 1.21/1.31 | 1.23/1.33 | 2.36/2.43
S-GANM!
FDE | 3.55/3.70 | 3.45/3.62 | 3.40/3.58 | 4.70/4.95
ADE | 1.52/1.59 | 1.21/1.29 | 1.20/1.29 | 2.22/2.25
CS-LSTM"?!
FDE | 4.65/4.85 | 3.48/3.60 | 3.37/3.53 | 6.20/6.32
ADE | 1.62/1.72 | 1.25/1.32 | 1.25/1.34 | 2.12/2.21
STDAN™!
FDE | 5.05/5.29 | 3.67/3.83 | 3.57/3.79 | 6.02/6.04
ADE | 1.53/1.64 | 1.18/1.28 | 1.20/1.30 | 2.34/2.37
DS-STTH!
FDE | 3.43/3.59 | 3.36/3.56 | 3.30/3.47 | 4.62/4.86

TER 50, sub-01E k H bR, HAh 7 5E1E R
I, R 3 PR . 5 TF OGS, FHE W
PE BE B T R B SO R . FE U, DS-STT #5513k
87 H K&y ek, ADE A1 FDE [ % i B 43 %) N
13.42% F1 12.24% , 35} Fr A3 A5 4 vp i 5 7K O, B s
AR h 2z 2h 5 8 Ze Bl B R B 2 I A
S-GAN .MMnTP 5 GRIP++7E I3k 1 (1) 524 ADE T F& 4%
5 R 13.36% . 13.18% H1 13.20% , % & 35 31 55 DS-STT
#2351 7€ FDE 4§ b5 L B {IX T DS-STT., CS-LSTM
A o I 2 fi /), ADE I FDE S 349 [ 8 e 2 43 1)
H 6.78% 1 6.80% . TE H An v, £5 45 Y 15 445 A [)

T (1) 158 22 B AIG , Hirp S-GAN Il MMnTP 7E ADE 35 5
R A B R ADE 4RO R R T
3.90% 55 3.01%; 1fif CS-LSTM 7& FDE $8 ¥1 F f#& I £ 8
o AL T 3.62%, DS-STT 4 ADE H1 FDE 43 51| [
1i% 3.08% #1 0.34% , 7¢ ADE 18 br F AR F5 58 @ 3% , (=
FDE 2 FHHHXT AR . 5 +F O sMit, %M
CMVTP 5 W 1) 2 56 #0370 50 000 A5 780 o 348 5 37 o v 3R B0
R TR FRORG B R T

3 HREBETHOODZHELEHADEFIFDELER  Hfi:m

Table 3 ADE and FDE results in the OOD generalization

experiment in the roundabout scenario unit: m
sub-4 sub-10 sub-0

MM TP ADE 1.62/1.76 1.33/1.63 3.22/3.32

FDE 3.00/3.25 3.55/4.20 8.95/9.05

GRIP++! ADE 1.65/1.80 1.36/1.66 3.28/3.38
FDE 3.15/3.40 3.65/4.30 9.11/9.20

S.CANH! ADE 1.63/1.78 1.34/1.64 3.20/3.33

FDE 3.05/3.30 3.58/4.25 8.90/9.04

CS.LSTM ADE 1.68/1.75 1.42/1.57 3.31/3.34
FDE 4.41/4.64 3.60/3.94 9.04/9.38

STDAN® ADE 1.62/1.83 1.38/1.51 3.24/3.35

FDE 4.41/4.81 3.50/3.94 9.01/9.09

DS.STT! ADE 1.59/1.73 1.30/1.60 3.15/3.25

FDE 2.86/3.14 3.42/4.05 8.80/8.83

1E Y e Wz AL RE T g, R 4 X HE T AN TR
BRLE F] CMVTP 5 2 i J5 19 00D iz fk M, 5256 4
B F O A B M JEE =R sub-0 . sub-1 I
sub-7 1E J J5 5%, T INTERATION 1 fi% At F 2 7E h
Hbri . MR SR E , CMVTP 78 15 3K 5 B Fr i
RS2 T B A A ADE 5 FDE i — 20 FE L 1]
2T B BERS G 3 . W7 5 0 BLA BE T, TR B
AL 5 by 5o oy A R B o ok i M BB AR k) . 7
JE 3, STDAN 7 CMVTP T # F+ £ K , ADE fil FDE 43
SIREAR T 249 7.54% F1 5.95% , 7% W] o %oF 15 45 25 O [ AL
il 958 A BURR, A VR SRR AE 18 5 S RE AR AT I R 2% o AH
HZ T, DS-STT $2 T} i@ B2 A1 X % /1 , ADE 5 FDE -1
O35 F B 3.58% 1 2.95% , 3x 5 H R AR T B 14 55
SE 25 FARRE 1A G, PR R B A TR AR A R,
A5 TR FE 5 38K 1Y) ADE 73 B B2 29 4.6%~4.8%
FDE T [ 2 3.4%~3.9% , 3% B8 H 55 R B2 19 1 BE 3
%o fE HAER, CMVTP [R] B ok T Rp 2k H A2 @ (1914
e 2l , £5 A5 AU 1Y 2l 5 R B2 A 6P 23 . ADE T B IR
B V-3 2 4.3%, FDE T~ [% 1% 3 - 4 2 3.5%, Hp
DS-STT [ KS 3 #2 F+ 5t /)N , ADE Fil FDE F- 3 [ K T 240
3.73% F12.83% , % Bl CMVTP XF T A 92 4k fig /1 & i
B AR HR AT EL AT 1 1) AR
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Table 4 ADE and FDE results in cross-domain OOD generalization experiments unit: m
sub-0 sub-1 sub-7 sub-2 sub-3 sub-4 sub-5 sub-6 sub-8 sub-9
—— ADE | 1.47/1.55 | 0.88/0.92 | 1.22/1.28 | 2.48/2.55 | 1.70/1.76 | 3.65/3.85 | 1.74/1.85 | 1.10/1.18 | 2.12/2.18 | 1.66/1.70
FDE | 4.55/4.70 | 2.55/2.62 | 3.78/3.95 | 7.75/7.95 | 5.10/5.30 | 10.90/11.40 | 5.05/5.32 | 3.42/3.55 | 6.25/6.40 | 4.90/5.05
CRIP++ ADE | 1.49/1.57 | 0.90/0.94 | 1.24/1.30 | 2.50/2.58 | 1.72/1.78 | 3.68/3.90 | 1.76/1.88 | 1.12/1.20 | 2.15/2.20 | 1.68/1.73
FDE | 4.60/4.75 | 2.60/2.70 | 3.85/4.05 | 7.85/8.05 | 5.20/5.40 | 11.00/11.60 | 5.15/5.45 | 3.48/3.60 | 6.35/6.55 | 4.98/5.15
& CAN® ADE | 1.46/1.54 | 0.87/0.91 | 1.21/1.27 | 2.46/2.53 | 1.68/1.74 | 3.62/3.82 | 1.73/1.84 | 1.09/1.16 | 2.10/2.16 | 1.64/1.68
FDE | 4.52/4.68 | 2.52/2.60 | 3.75/3.92 | 7.70/7.88 | 5.08/5.25 | 10.85/11.35 | 5.00/5.28 | 3.38/3.50 | 6.22/6.35 | 4.88/4.98
S ADE | 1.40/1.51 | 0.83/0.85 | 1.18/1.26 | 2.42/2.52 | 1.63/1.73 | 3.32/3.67 | 1.75/1.83 | 1.19/1.21 | 2.07/2.14 | 1.65/1.70
FDE | 4.33/4.58 | 2.28/2.33 | 3.60/3.78 | 7.59/7.82 | 4.92/5.23 | 10.13/11.01 | 5.16/5.38 | 3.59/3.63 | 6.21/6.34 | 4.90/5.04
— ADE | 1.36/1.46 | 0.80/0.86 | 1.14/1.25 | 2.45/2.55 | 1.68/1.77 | 3.42/3.65 | 1.72/1.84 | 1.15/1.24 | 2.07/2.22 | 1.66/1,75
FDE | 4.24/4.46 | 2.24/2.36 | 3.53/3.83 | 7.72/7.90 | 5.13/5.42 | 10.60/10.76 | 5.20/5.36 | 3.54/3.69 | 6.21/6.48 | 4.99/5.19
p— ADE | 1.45/1.50 | 0.86/0.89 | 1.19/1.24 | 2.42/2.48 | 1.66/1.71 | 3.59/3.78 | 1.71/1.82 | 1.07/1.14 | 2.08/2.13 | 1.62/1.64
FDE | 4.47/4.56 | 2.48/2.55 | 3.70/3.86 | 7.60/7.72 | 5.02/5.18 | 10.71/11.26 | 4.97/5.25 | 3.34/3.43 | 6.17/6.28 | 4.83/4.86

B s fe i Wz fb e T LR, RS KL T
CS-LSTM . STDAN F1 DS-STT fii J§ CMVTP J5 & ij Ji5 119
00D Z Ak PEfE ., HH sub-0.sub-1 5 sub-7 /£ Jy J5 45, ,
1M NGSIM £ 48 5 46 R H A3, 46 56 45 U 7 25 480
P oA 25 F RS RET1 . CMVTP SEBL T AN [R] 424
B0 T ASS AR AE U5 8RN B A 3k ADE R FDE (%) B
1%, U BIZ SR W AN RS 3 TH 2 WL AU 70 AR LBl &
WG B 8] B o) 5 A 4 0 0 A A B8 T) B B A SR A 1
. TEJR I, CS-LSTM 76 CMVTP 5§ 0% T 529 T fix
KA kit , ADE F1 FDE 43 5] B K 7.54% F1 5.95%,
STDAN 7E J5 3 % °F- %] ADE 5 FDE 43 5 F F¥ 3.58% Fil
2.96% , & T+ g FE A XA BR o 7E H ARk, DS-STT £
CMVTP 328 T fie K19 it , ADE F1 FDE S ¥ B fI%
4.39% F13.53% , 3 W] CMVTP fE #f — A 1 o Ho/e &2 42
P EE A F Iz AL B J1 . MMnTP . GRIP++ 5
S-GAN /) ADE T [ I8 i 1 2 £5 7E 4.35%~4.79% IX 1],
{1 FDE i # W& T 3.4% . ZEHKFE , CMVTP 78 5 5L
AT 5o P RE IR FF R iR 2% T R (R
AR TH I WA T 5 3 s S 25 R R B s 4
A7 25 57 0 0 B Kz AL BE R .

3.5 HRhSEIE

AT B TEYIE CMVTP H A5~ 21 B 20 % 1 2 5
ERHE B 00D IZ AL RE I A R . A T IR A
5 TR W BRSO RO FE PR AS [R) 3 5 R b4 T
CMVTP {74 fl 52 56, BRI A B br b () 80s AN A
A R B BE B NGSIM £ s 45 iy US101, B br ik £
NGSIM %% 45 4£ w1 19 180, i i ¥ DS-STT 7£ 5% %
CMVTP J5 ¥ BB BR A [R) 038 4 e U2 1o 0 4 g 1) A2
£k, T 2 B OOD yZ Ak MY 22 5% o CMVTP £ 2 i LA
AR L o

(1) CFL: JE AL 230 a0 1) &5 449 DR SR ASE 80 R

#5 BEESEEHANOODZUIZKEHRADEFFDEER  Hfi:m

Table 5 ADE and FDE results in cross-dataset domain

00D generalization experiments unit: m
sub-0 sub-1 sub-7 NGSIM
ADE | 1.44/1.54 | 0.85/0.88 | 1.21/1.29 | 3.32/3.48
MMnTP™
FDE | 4.40/4.65 | 2.35/2.42 | 3.70/3.95 | 8.65/8.95
ADE | 1.46/1.57 | 0.87/0.90 | 1.23/1.30 | 3.38/3.55
GRIP++14!
FDE | 4.50/4.75 | 2.45/2.55 | 3.80/4.05 | 8.85/9.10
ADE | 1.42/1.53 | 0.84/0.87 | 1.20/1.28 | 3.30/3.45
S-GAN®!
FDE | 4.38/4.60 | 2.32/2.40 | 3.68/3.90 | 8.60/8.85
ADE | 1.36/1.46 | 0.80/0.86 | 1.14/1.25 | 3.50/3.60
CS-LSTM™!
FDE | 4.24/4.46 | 2.24/2.36 | 3.53/3.83 | 9.17/9.47
ADE | 1.45/1.50 | 0.86/0.89 | 1.19/1.24 | 3.54/3.58
STDAN®
FDE | 4.47/4.56 | 2.48/2.55 | 3.70/3.86 | 9.28/9.38
ADE | 1.40/1.51 | 0.83/0.85 | 1.18/1.26 | 3.27/3.42
DS-STT[42]
FDE | 4.33/4.58 | 2.28/2.33 | 3.60/3.78 | 8.47/8.78

AR BR B2 > 2 P SRR R4S ROR T BRIR VA
2o

(2)IFT: A8 WA R A AR R IE RN, 5 A
U2 S G B ACRFAE , DT 48 v 455 0 Ak B 5000 43 A5
R 1IRE T, G2 AR A7 Bk A B0 T 2515 B 2 )

6 %W TLEARE M CMVTP 4 4 F DS-STT 1
NGSIM £ 4 4 5 3 = Wz A i ik . 7R e %
B CMVTP 25 F I 25 F , DS-STT T K BE &k 2 42 7t .
K AHFH CMVTP B, DS-STT A5 0 76 180 H il M 4 E ¢
%, 2 WAL AR TH AR 5 T I 25 B 4l 4 A sk 25 B 4
TID A8 35, o 24 2] 21 180 3 5% v A AN AR FRAE , 5 80T
MR 22 88K, ODD 1Z AL g 11 48K . Y CFL S HL A in
F| )7 ¥k, DS-STT+CFL T 25 S AE 55 5 s B} RMSE
M 3.87 m FFEMEE]N3.51 m. [RIAHHE CFLASEHL A TFT A5
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——————— HShE  -----—  EDS-STTTELIE © JHRH 4

fif RMSE FAR 2 3.42 mo il 5L B0 25 R R W CFL AR ER
FITET ASE B n] LAY &% b $22 ve BRAT 2 30 Jf e 9000 7 9%
5 00D iz fL e
F6 THAMLIEH AR CMVTPELE T DS-STTHEEE) RMSE 45
Hf:m
Table 6 RMSE results of the DS-STT model under different CMVTP
configurations in the ablation experiment unit: m
32,
H bl

Dikes 1s 2s 3s 45 5s

DS-STT 0.50 | 1.15 | 1.95 | 2.84 | 3.87

US101 /180 DS-STT+ CFL 0.51 | 1.13 | 1.94 | 2.75 | 3.51

DS-STT+ CFL+IFT | 0.49 | 1.11 | 1.89 | 2.64 | 3.42

3.6 TEMHSH

AT IR T A 5 o 7 AL 9256 b DS-STT A A
BRI A58 ) B S . R 3~ 1K 6 JB s T DS-STT fifi Ji
CMVTP J7 % T INTERACTION %4 4 th R W] 37 5 T
ESNURUE B PO WA AN I o i o A S IR S = E 7SR5 o
Bl B (e SR RORACIE I M, L R B R HAR %
B, €0 15 P SRR BB R 0 S TR R B R R 2SR
7N YA 2R 0 D7 S A T R 2k R SR
2140, g 2R Fe /Rl FH CMVTP 5 28 W00 At oK Sl e . %8
0 28 2 R R AT FH CMVTP 5 28 7500 A4 oK Sl Bhails . 7
A AT PR T, R B ) AR AR I 2R
U0 A 2 05 T A5 i 0 2 3T A A LS A A T B G
3 ) o PR S O — AR R, 7
B0 I AR B 3 g b R CMVTP &£ 1
DS-STT 5 74 58 % 51 kS o 31 32 4 3 12 2 i K 1
B, RSP T I 1) A HVECHE o A B A S0z A 1
A4 ZE 0 0050 00 A TR A 45 P A2 38 3 B T HRE R I
AR PERE

CMVTPJj % FDS-STTHI 30
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Figure 3 Trajectory visualization in small roundabout scene
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Figure 4 Trajectory visualization in large island scene
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Figure 5 Trajectory visualization in crossroads scene
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Figure 6  Trajectory visualization in parallel scene
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