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Abstract: Accurate and efficient trajectory prediction is pivotal for safe navigation in autonomous driving systems.
Existing methods typically employ graph neural networks (GNNs) or attention mechanisms to jointly model the spatio-tem-
poral dependencies between agents and high-definition maps. Despite notable gains in accuracy, the coupled spatio-tempo-
ral modeling incurs excessive computational complexity, severely limiting deployment on embedded vehicular platforms.
Moreover, prevailing decoders apply a uniform parameterized paradigm to all agents, overlooking the distinct requirements
of different agents in terms of prediction accuracy and multimodality, which leads to inefficient resource allocation. To ad-
dress these challenges, we propose a lightweight trajectory prediction model based on spatio-temporal dimension decompo-
sition and heterogeneous decoding (MAM-M). In the encoding stage, we design a temporal dual-stream Mamba network
that processes historical trajectories through parallel forward and reverse streams, enabling each time step to capture both

past and future context. This effectively mitigates the long-range forgetting problem while maintaining linear computational
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complexity along the temporal dimension. A self-attention mechanism is then employed along the spatial dimension to cap-
ture global interactions between agents and map elements, realizing a “temporal-first, spatial-second” decoupled encoding
strategy that significantly reduces redundant computations. In the decoding stage, we propose a heterogeneous decoder tai-
lored to different agents: for the target agent with complex motion and high behavioral uncertainty, a mode-query decoder
with learnable queries retrieves scene context via cross-attention to accurately capture multimodal trajectory distributions;
for the more numerous non-target agents with relatively regular motion, a neural-Bézier decoder predicts Bézier control
points through a neural network and generates trajectories via mathematical formulation, substantially reducing inference la-
tency while preserving accuracy and enabling efficient end-to-end training. Experiments on the Argoverse and Argoverse 2
datasets demonstrate that our model, with only 2.7x10° parameters and 18.6 ms inference latency, achieves superior predic-
tion accuracy compared to mainstream lightweight models, attaining an optimal balance among accuracy, model size, and
inference speed, and exhibiting excellent potential for practical deployment.
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Figure 1 ~ Comparison of training resources and prediction accuracy

1 XTI

s A R T ¢ 2 B A - A A A S O3 2
o SR AR 0 STAZ A R R 1A R RE A S 3t ]
Z BB PR AE S L, AT B G A A A 65 DU T
B R U A B SR B B A A
1.1 HBHmNmEE

BT R T WL B4 20 B 45 DR HG RORS i 2 A [
BEE YR On R A A2 ., OB o i . Ngiam 55
N0 5 TC R e — F R A token, IRl 1 H T )
LI A £ B 25 56 5, Chen 58 APV 5 Liu 45
NP0 2 5 3o 43 2 M e Y A B T S A
J1o R T7 vk R A ) B AR O5 U B BRI A
WAL AL S0 R [N, T, DR [M, T,D], N
1M 53590 0 8 BEAR T & Ml IR 4 R p ok, TARR T
Sk e, DACR AR LESE o %287 ik Joks B
()25 (8 47 R BERA T — AN JETT , XA B 3 Sl i e ik
H—AL 5 (N+M) T ICH RS R R R B
T3 BIL i A A A A P[] 01 2 i) 9 1 2 32 4 R G
Z, DA i TOIORS B, 1A R 5 XA i 7 5 2 i ok

(b) FEIRHFIA]

(b) Latency time

O((N+MYT*) 5 = 8 . TR B, v 8 Sy AL o
SR B 51 B 5 J7 A BR- A T HAE R P A R
MG ST N . TR B B, Oy — K05
75 )R HI GNNs 2412500 ol 22 5 o6 3 4l 42 o 1By
S S BRI AT BRI S BAR D, DU
25 KHK o SR, GNNs 14 [ A7 45 48 BR ] 1 - A R R A
Yy P e B B . O T AR THCR | Ngiam 256 A0 ff
PO 38 T 0 37 5 e R (AT R MR AR | fiff o
PG HEBH R M IC AR TR RS, 5 I HLHIE K
J¥ 5] A5 TR R 1 K O A 2% BE R TR], Mamba ') 4
AR 25 (] REAY PR G 1 1 (— 1) &2 4 B AR 3T 4 2
ORTE ARG, HCAE U] AR A A5 5 22 B2 Rl & T 473
FEAEJR B o 7 34 3 BUm] Mamba 9 28 {0 15 51 4 1Y
B s, RS 5 2 T WL S8 BRI 5 25 ) Y
il AL | TE R 42 Ry SRR B 7 A [) I ded 25 BRI 103
Uikt
1.2 HUEHN AL RR

BTl AR A L B A R R B AR
BT A E PE A ZBS M  SR AR e i T
o R L0 ] BE A3 A DX A T4 A5, I3 4 Transformer
HRRE) A 1) 5 2R Sk 0300 A OC (4 37 S RRAE L SR I TUIORG B
MO TR £ 1B R HERR B, AR Z S S8y ik,
il 5 K 1 R AR 2SR (model collapse ) KU o
N B3R A 1) R, Zhou 45 NV H LA A B Y
B SRS < S U ) 4 5, P AT R A A AR
o SR, 30 T 79 i B A 2 2 10 3 R R A 7 o4 2
B

T 030 B R 4508, K GRS R AR S 8k B
DU ZE R M 2 AR A SR B o % 0 VR S A R 2
Tt 20 B BB A S R ) 4 ) RIS B ) R AT AR
DL AR B0 . A8 ik SRR S 80k 7 i S A8 HA
SRECERE LI T MO TR AR E A M BRI
P A, DAL 0 TG vk R A v 39 o )11 2

B — 1 g Tt 91 X L S B A R RE AR % T
Ko M ARSI T — b S5 A A 2R A R BRI
53 B AR Re AR R AR H AR BEAA , X TR e I 2
BSAT N B AR R REAA R 158 2 S 8L il B 45 5 1
XFTAE R SR AR BARE BEAR, R S 2 HE 5 4
SR DT o IR BT AR R S A 00 S 2R g b Sy
BCTH 5 BE U, AT A PR AIE RS BE 1 [8] ), Al R 4 T 1
B R B ARBOR S AT e
1.3 BRENER

Zhang %5 N\ 2238058 13 — Bl LS o v 1 T
OB B R 1P O o P R e S g % E RO A
59 SR e B PHE R R ARSI M, SR, X
v {87 SR A R AR S O SO R IR B 2 s T E



g4 (SRR SRR gy A

SR R A ) A A L3 N A 1751

728 H. T ECHAE AN Argoverse 2(AV2) X K HA & 4
Yy s W80t 4 kR W B T R . B, Aydemir 55
ORI R A g A vk A i A i T A
AT H BN T SR AL TR B B SR TR BE
SSEISETE N EISNIBS SRy e L P SNEOE TS
[ A el L L X A e i e i Bk R . S T A AR T
Prutsch &5 At 5242 7 T Transformer 28 ¥4 34 A #58 AU |
ANANAE AR AIE A8 B 58 BV 1 [R) ) 70 0 A T 2 5
SEPSENSLY ) S/ R E = WAL N il it s = W =S
JE 5 O DA S R R 2 R K
2 Hik

3072 B S ) SRR . IR RE AR (4R
LE e 20 ) — 4 A bR R (x ) s R Z= 1 (g )]
1=1,2, -, T5i=1,2, -+ NI R NAFREAR 1 i s
AR AR, M ZRoR M EE B . S5 D s 0 e R
S T A R R A B AR R F = (xyy, ) =TT
T+2, -+, T+msi=1,2, - NI ,m R AR BRI

R ) FE R R A 1 2 B, ook (6 % B4l
T | 5 0 e LN I SR AR A R
ToAb B B S K O il e i 2 5 A i A =A%

HRr o AE S BUAL B 2) 5 37 5 B RE AR e B
PR BEMR R AR A 9 B AR REIR O, BT A R fiE
RS NV={RIULT O O T (A8 R 204 5 iz B4k
HRG B4 3R H AR REMR AR Bl 9 B85, 0k,
K FUARE RE R 9 B8R B O 15 vk, DA JBUIS B
& I A7 8 REAA T S B R B A5 R R R
li] 2 A 1) 37 2, BRIV BB AR 1 4 0 3t 18T 31 45 F G,
23 DR 53 i 2 B 88 R 4 1 A I XU Mamba 99 2%
X REAR ST 2 HEAT i A5 2R REAACRRAE , [] 2R Al 2>
J2 TE B A X M T £ 2 A A B 8 R AE 5 R 8
142 (4 5 57 AR R BERRRAIE | 38 47 IE ) 25 A 57 4
fR A% o AR A% BT XN R BERR T T 25 Ak
T B REIR R, BT T 4 2 B A3 A 1) i
PS5k, T 3 T 2 o) ) Bl A IR O 25 45 B T R AL
i, 37 SR AE PR R T SOfE R, LIOKS ) 20 i HG R
KB Y 22 B SR E R X TR AR RER O,
K —FhAE5E 2 2 B AT 45 K, i 2 7 D1 28 1K it 26
H G LA 28 I 2 A s o s B S T R 2 1A Bl T A
o MBS EAE AR RS HALRES G B SR RIS 4R
F4), DA AR A4 4 31 AE 3R (latency ) RS T 06 S 14 150000
R o

P e I 2 4 BE O AR i 2% RS
'
> IR E} o> BRI
: o
P Sl eees : |
74 00 00 o @ a
Y 4 ol [3 F e -
4 - — CIErY a2
7 ° - \>/ i ‘ol & B2
e © T
@ BfFEiEE @ EREEEE R \ FeedForward it g PREE- VL TE /R fRRD
O imsm @ Airmimmng © K Add & RMSNom o
O FAREREE 4 @ vt Afimamba
’ i Fp X Mamba
P2 MAM-MHESE Y k2 1y

Figure 2 Overall architecture of the MAM-M framework
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Figure 3 Illustration of the bidirectional Mamba architecture
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3.1 XBRTLRE
3.1.1 #iE&E

R T PEAR AR Y A PR RE A SCE H Argoverse (AV1)
FTAV2 A 30 A 30728 3z ) i Ao e 45 . AV 42
HET 205 T AN gl s, BEORBIAUKHE 2 s 19 10 Hz [T
SR, TN AR 3 s BB . AV2 BRSO
£ 55 25 T A A =R s R B HAT St L
PRAEPE U 5 s, TINASK: 6 s, HABAREBEE , 733 AV
FTAV2 B e HE A B4 65 m 5 150 m.,
3.1.2 iR

FAE Argoverse T& FEMH FH I PEAL UM, B I DL 48
B : minFDEk , K 459130 B AR (19 26 i 5 L SE L
2 05 ] 14 L, BE B s minADEK , K 4% 1L 76 v 5 40 B 8 A
K 5 5 B SR I 2 [A] [1 SF2 LZJTE% ; Miss rate(MR6) ,
e 25 Ak 2 m B A 195 55 b-minFDEk, minFDEk
BB IE T (1-p) 7, Horp p A8 R e AR T30 1) B A
R, 5 B SR I (Ground truth )i 25 f /Nl — 2%
U308 BT X I A ARE
3.1.3 SCIOYETS

TE A 2 A 1) % 6% P, BF Cross-Attention AY JZ 1%
B3 IR EE SIS BOR E 8. Ny M 7E
AV FAV2 E 4R 48 L VPAS , AR 2= S Bl i Q e R P rp
B K5 R 6, B2 4 0 128, 7 Sy i A 4 g fA
A6 FR AL . AR SOl AdamW A AL 25 7E 4 5K
NVIDIA A10 GPU (24 GB VRAM) |- Il 2545 4 60 %5 ,
2 5] R E N 0.001, batch size 1% B Ky 128, H6 8 45
2Kk bR Bt Huber Loss' (352 [8] 19 454 25 ) F1 Cross-
Entropy Loss " A3 283 ) M R
3.2 XWHER

e 1 s KA SCH A B8 5 SOTA (State-Of-
The-Art) 77 % 76 1 0K BE S 50t 7 0 B 47 17 X L
R0
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Table 1 Trajectory prediction results on the Argoverse 2 test dataset
izl H ) minADE6 | | minFDE6] | MR6| | minADE1| | minFDEI ! | b-minFDE6 | Para/x10°

SIMPL™! IEEE RA-L 0.72 1.43 0.19 2.03 5.50 2.05 26
EMP-M"?" IROS 0.72 1.43 0.19 1.80 4.53 2.07 2.0
EMP-D?" IROS 0.71 1.37 0.17 1.75 4.35 1.98 3.2
THOMAS' ICLR 0.88 1.51 0.20 1.95 471 2.16 —
HPTR!™ NeurIPS 0.73 1.43 0.19 1.84 4.61 2.03 15.0
MTR" NeurIPS 0.73 1.44 0.15 1.74 4.39 1.98 65.8
QCNet™ CVPR 0.65 1.29 0.16 1.69 4.30 1.91 7.7
Fore'™ -Scratch Iccv 0.73 1.43 0.19 1.85 4.60 2.06 1.9
Fore'"-Finetuned Iccv 0.71 1.39 0.17 1.74 4.36 2.03 1.9
BANet""! Arvix 0.72 1.43 0.19 1.84 4.70 2.03 9.5
GANet™ ICRA 0.71 1.34 0.17 1.77 4.48 1.96 61.7
GoRela™! ICRA 0.76 1.48 0.22 1.84 4.62 2.01 —
PerReg™! CVPR 0.77 1.48 0.21 1.84 4.62 2.07 —
MAM-M(ours) 0.70 1.32 0.17 1.71 423 1.94 2.7
MAM-N(ours) 0.71 1.39 0.18 1.79 4.44 2.05 1.6

T 1 LI b 2 7 R ATORG B B i
FRF R L, FRIL R R, —" KRR TLER
B, Para QRS H R, FALAL yx10°, MAM-M 75 T A%
JE EART @ As 3 -2 DETR fi# % 45 (Efficient Mo-
tion Prediction-DETR-like decoder, EMP-D )"}, [l 5231
T H DS B0 R AR Y latency ., MAM-M (2.7 x 10°)
1) S AN /D T 46 e T AR S A bt 1) S AL 31
2 Transformer (Heterogeneous Polyline Transformer with
Relative pose encoding, HPTR ) [15] ( ;léﬂ:]ﬁ%% it 25 gt 4%
) | PerReg (Perceiver with Register queries)™ ( 3£ F*
GNNs) .12 3J) Transformer ( Motion TRansformer, MTR ) [16]
(65.8 x 10°) 1 31 7L 8 %1’ 4% (Boundary-Aware Net-
work , BANet)™' (9.5 x 10°) 7£ P 1y SOTA 584 , fij L
DUPA ATy B T AT 3 78 43 16 I 1 8 1Y) S B A T 28
M, M AR S BOER) .

HAh , #H3ET EMP-D'? | Fore-Finetuned' "' 1 Fore-
Scratch' " 45 % B AL TUMN A RS MAM-M B AT /D ) 2
BRI LB PERE . A R RS B U - 5L T MLP 1Y
fit 5 2% (Efficient Motion Prediction-MLP-based decoder,
EMP-M) "7 Fil i B 55 2% 4 32 3l 70 5 28 (Simple and
efflcient Motion Prediction baseLine , SIMPL) Y
B> HEATTH) MR6 Al minADEG 45 i ({8 4 & , 1 B
22 ) 43 5 e MAM-M 5 11.8% F12.9% , H SIMPL ™"
minFDE1 #5845t [tk MAM-M {5 23.0% .

FE I ML, AT 1.6 X 10° 2 500 1 I35 ik it 45 440 1)
MAM-N , ok 32 04 2R 8 2 B 1 BT A e i A
AUk gk BLGRAG J HbUE BT AR 2 g AR 0T
B B < Se I R]J5 2 18] 09 4 A 4 AL 3 I 3 o XoF

Y 5T 2 AR (8] F01 5 6] 53 ik 2 A , 75 S BRI s e
PR G B 1) (] B, AN AR b T B AR AR A L R D T T
AR A8 H. , NI AE 3 1 G0 AT 55 vh S T
B2 5 ORI AR T

VAR R AT SRR S SR B L 5T
P I G 5146 B« 7 4008 58 B (FLOating Point opera-
tions , FLOPs ) Fll latency, ZERANF 2 PR “—"F AT
BEW, A R F R &R, TR R R, FLOPs
(LA GFLOPs 31) L B T HUS T & 24 1%, 1M latency (LA
ms 71 ) W # & T % batchsize % B N 1 B, 7F B 5k
NVIDIA A10 GPU | (5 R FRAE IS

F2 MAM-MAEEHEDE

Table 2 Inference performance of the MAM-M model
Y minFDE6 | | FLOPs/GFLOPs | Latency/ms

MAM-M 1.32 0212 18.6
MAM-N 1.39 0.208 16.5
EMP-D®" 1.40 0.952 20.0
SIMPL™! 1.43 1.235 19.7
QCNet™ 1.29 13.357 82.9

Fore'"*-Scratch 1.44 0.548 58.3
GANet™ 1.34 4.650 —
Tamba'® 1.24 11.204 68.7

5 EMP-D'?" | Fore-Scratch' "> }% SIMPL'?! 2 1% ¢
AR AH Fb, MAM-N A5 5 78 A5 5 vy 10 00RG 2 9 W]
B, SCER T S AR A TR AR 2 B A A (], AH AR
T MAM-N, MAM-M #J FLOPs /X 3 i T 1.8%, 1 %%
minFDE6 [EAK T 5.7%, JE/m T ROR 5 ik 22 1] 54 #LAH
KA. AL, 5 EMP-D M H , MAM-M AN ZER B
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H minFDE6 Fl FLOPs i 53 5l BE A T 6.1% F1 33.6% .
QCNet '3 o i 25 4l & 2 1 2 7 B 25 46 0 o B 5
TR B SGER:, SRR AE MAM-M (1 63 %,
latency S MAM-M ) 4.4 1% . X PE—ESE T i 25 4
JE 43 it 4 5 25 AT 080 s h U AR A B, AR
Tamba ® (Y BUAS T W% %5 T MAM-M (K5 B, (HiH5 &
2% BE HIHE 55 (FLOP J& MAM-M 114 52.8 1% ) , BT 70
H 32 30 3 7 & 5 J1 K F 5 NVIDIA A10 GPU #H
1, MAM-N XA 18.6 ms [¥ latency 1 0.212 GFLOPs,
I, AR X F DL A H s 59 4% (Query-Centric Net-
work , QCNet) ' Fl Tamba®' i) 5 £ 35 75 oK, HiH &
PSR R M U NS D) B S (E

g AR VMK 20115, 5 MAM-N A Lt , MAM-M 1
A A8 X A A i A S e (B S R TN 2 B RN
AR ) AR T

by it — 5 K A G vz Ak e T, A — A
NVIDIA A10 GPU £ AV1 B 4E B AT T4 . 8K
s 4 A1 25 5 1) ISR P 200 R A T TR PR ) 3 R 5 4
W 3 Fir s, AR SR OIS B2 Y it [a] 5 Y A 2
BRI GEAT T A, iR A R R Fe i, T
LFTRUAM . S 25 RR W AT P A % Ly i h
IOAR T di e B TRODNDORS B, TR R YR % kG R DA
R AT P9 I 225 1o ) B AR SB35 T 442+ A A

R3 AVIBIEHEEITNER

Table 3 Evaluation results on the Argoverse validation dataset

FEHY MR6 | | minADE6 | | minFDE6 | | Training time/h
Fore¥-Scratch | 0.10 0.74 1.10 ~21.7
Fore!-Finetune | 0.095 0.71 1.05 ~71.0
EMP-M"?" 0.096 0.63 1.04 ~11.8
EMP-D" 0.090 0.63 1.02 ~15.9
MAM-M 0.075 0.60 0.90 ~12.3
MAM-N 0.080 0.61 101 ~11.1

TR Dl b A PR SRR 2 (B8 2 7P, HORD(E 223
a7 AL B b 4T3 R B i K 92 AL g
3.3 HRIXIE

R PPAG AR AR v 25 2 S A A O L 5T T — &R
S S G B A, 45 R 3k 4 TR, Hob b A R SR
N, R R R R R . AR AR — 2 R AL U £ X
MAM-M Z5F9 HEAT I Al S0 . S50 26 I « Bl A5 B 0L
Mamba . % [6] 35 5 2 5 2 it 45 - U1 2 IR fff i B B 11 5
A IR A TS BB AL $E T, H Latency 128 i FEAIG .
SRR =M, B DY (MAM-M) SR RS A S i 24
MLP K Fl H AR BeAR B AR B , )L latency B4 T
4 ms(WNFR 2 Prom AL T2 =9 SOTA Bi% EMP-D) , {H
H minFDE6 F1 MR6 &7 73 51| ik 2 T B 5.8% H115.9%, A\
ARG B SR 2 ] S8 T S A P16

FT4  AV2 TSRS BLSEIS

Table 4  Ablation study on the Argoverse 2 validation dataset

_— IS fiiG g W e bR

I AU Mamba | 23 6] 355 25 ) H bR fig ik JAREREIR | latency/ms | | minADE6] | minFDE6| | MR6 |
A — x X MLP MLP 17.5 0.734 1.463 0.194
iz — N N MLP MLP 15.9 0.718 1412 0.186
iz = N N MLP 28 DL SR AT 16.5 0.710 1.392 0.180
R Y N N BIRAIRY | - DL SRR D 19.6 0.698 1.333 0.170
B N N A A MLP 20.9 0.712 1.344 0.175
RIS N N WL ULSEIRIRRTD | 2R DL SEIR A 17.1 0.707 1.406 0.176
FEALL N N A A A A A 1A g 29.8 0.702 1.340 0.171
(EEAVAN Mamba N BEAXAMAEES | PR D S8R fighd 18.5 0.709 1.360 0.176
FER L A2 B A G ! RS | - DL SRR 56.7 0.703 1.349 0.175

AR o 28 AR AR b X S A A A BN A T I Al S G, O
SEEAPUXT H . A A DU AY latency FT minADE6 A X} F
I 3 I B IR 6.6% F1 2.0% , KR X T4 19 -1 49 3l e
11 34.2% T 0.5% , i — 25Uk B A X6 AN [R]85 G A 1 i )
T 2R R 22 Ak s 5 2N A B

ply A% 7Y PO AR AR\ ) S 0 4 SR T AT AR R Y
( MAM-M ) fdi ] 5F )5 X3 Mamba %F H7 50 %9050 2 A2, i
minFDE6 Fl MR6 43 7] B A1k 2.0% F 3.5% , 7 AL 3%
1.1 ms {9 latency F & 0L T , A R 2% fi# Mamba EEL

R A,

A A DU R Y L ) S92 6 45 2R R R A A DO Y
latency FEAIX T 65.4% , [ B {ff minFDEG6 FIl MR6 43 Ji1] [
IR T 1.29% F13.0% , 1t WY IR 2 2k 52 23 ik 2 B 45 (RHEL T
LRI B 2 R A A 25 ) 2 7 A 13 5 A Y T
B A 0 /0 3 5 TUAY 38 1L, R TONNORG B2 FAsR 1 34
B A Y AR RE

9 T B8R B OB Mamba 22 £ KRR 388 587 A AR
ARl A Bidirectional GRU \Transformer Encoder . Bi-
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directional LSTM 435|435 B} & X Mamba 2= f5C7H fl 512 ol [
¥ o Bi-GRU 1t % Bidirectional GRU, T-En 8 % Trans- Lis
former Encoder, Bi-LSTM 1t % Bidirectional L.STM, Bi- :

Mamba 18 2 I} U Mamba , 552560 45 5 101356 5 s . ’ -
#5 B R Mamba AL R . 04
Table 5 Ablation results of the temporal dual-stream Mamba 4
0.2
T minADE6 | | minFDE6 | | MR6 | |latency/ms Para/ 2 , ‘
10° o 1 2 3 4 5 0 1 2 3 4 5 0.0
Bi-GRU™ 0.715 1.362 0.174 19.9 3.2 (a) YNZrAT (b) G
T-En"® 0.720 1.370 0.178 21.6 2.9 (a) Before training (b) After training
Bi-LSTMP" | 0.719 1.379 0.177 20.3 3.4 &5 )2l e 2R 09 E sS M DR
Bi-Mamba 0.698 1.333 0.170 19.6 27 Figure 5 Orthogonality illustration of learnable anchors before

Bi-GRU F1 Bi-LSTM 48 5| AR [T AL, (H 32
BT ER AT I AR 2, HL25 5 5t 0 7 91 A 0 1 OGS 1
B . T-Encoder W 37 il T 1 2 S ALH 69 Wk 5 &2 2
JE M DL e 5 AR S BRI
WAL Mamba F) F SSM A9 £k 1k 52 2% 2 415 3, 38 o XL )
T4 R 6 I S B A 4 SR G, T AT R A R
SV 7R 28 B, IR FF AR Y latency o
3.4 EXA#HK

AL X IR 2 AR L T A AR R L s R T R
P A AT DRBS st 50 TO A% T R 8 =X 35 XSS
FE R R BN 1, AR B AR RE 1A B 0] 2% 2
B i CREAS S AR R — R T ) o B S L 3X
H AN S IEATRERL I IR AL, AR A 22 45 R SR B 78 W) B
REMEA 2 F%,

TEWE S o, B S P R KR 6 MRS .
P A R A 5L AL B HRA , o G R TR e 7 B oS M) 4 5%
AEABL R R 5, o B R 3R 7 A BB AR . AR B 5
T35 7 30 5 A% B B €0 S T 585 0 A 55 A Al
B A SE AL . W 5 (a) Bros , AS[R] AT 25 20 4l 5 2
(B AR AR SZ AL S 0 A B %) = A s ARRLURE , 3 [R]HIE
ST MR AL R A R . IR, nE S (b) B
TN TR AT 5 2 A A AR R B B i, H O R s
KA TR IR, ST B < A ) B SR SR R I B
B[R] s, 3k B A AR TH AR B T 4% A BB R A, AT
LR T B i A1 2 1k
3.5 ill&HEIEXTEE

W6 7, K A bR s B 24 R, 20 28R 0 O\ A
bR ik BB A VE e Fr /s 1 B S I ZRAsf ] (B A h)
A7 25 o AR A5 R U 2 AR T GPU S A7 FI SR 1Y e
FAH, FIr A BB 39 batchsize 1% 8 128, 455Kl 65
F 1V LEA Il 4 A AR TR AR I 258805 5 RS
BE B . MAM-M 15 25 T “ Je it )5 45 6] 7 Y i
2 B 5 A R A B S WS, A A AT 1T sk i) 1 [] s dd

and after training

FARTHHUMAE R . MLz R, SIMPL ® B GPU INAF 5
FHEAL A LN ZREF 0] 53 5128 MAM-M 79 3.4 /% \MAM-N
B9 5.0 8%, H FORs BE N S de g AR Rl A
Fore Scratch " &8 5 /b, {H 5% 4 3£ F Transformer [
RN T ORI 2% B i AN TR B IR T MAM-N,
YIZRI R0 5 5 1 2.5 4% . 25 1, MAM-M 5 MAM-N
SEAR o AR BT, E I RIS T | latency B 7900 4G F
Ii) S B SE LA , e AR LSt A S e R B
B E A

25

IR ] /h
VRS A7 2% 17.5
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Figure 6 Comparison of the training process of lightweight models
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Figure 7 Qualitative comparison of trajectory predictions
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Figure 8  Visualization in extreme driving conditions
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