PES: TP ¥R : 10363
B % AF % 2. 2220910114

;?

Kx

2, 1

Anhui memhmc University

T FAIEX

BEH Gegiisnamnsy

%

RRFEMR
it Xk F 5
g A S F4 B3R
® o3 I AN B2 &
Tl F KA HEIRAK

MRARE G BRAGSNA

WXRXEH: 2025 F 5 A9 H




3955 TP391 FAAARRS: 10363
#® P AT ¥ 5@ 2220910114
B H T 7 R 7R 3 1 B 3 E 5
REFETTER I

FCHF N _

Research on decision-making method for
B H

Autonomous Driving in complex scenes
w X fE#E NG
B’ W F Y B HA%
® A 3 e NElIEIPSE 2t
LA A VAR I | IF AR
WEFE T 1A (R B Rg5NMNH

WA REHBA: 2025 £ 5 H 10 H



R TARKF AR F 6114 75 B

ANBEFRE: RAGT LR, FEH™EER. FTRZEFO0E, A
ATESRITRE S R, LT AU AR TR R R o B SCH E Wm0 5]
HIP B S, RIS IAE S AR A A B O 2 R R B i (0 1E i SR
W& RIOWAAFERT, RAEFEHANARTT, HeeRmIRBIA R I FiEE
JE RHEIA NI,

it s: S5
Al oK % € A 7 H



LR IR FEZMIE R ARE A RS

2R TR T RERH R RS, FEFRAREH
3 6 FH K BB 1B TR SLEM R TR, A VPR SR TR A B o
e N BRSO SE BT LIE AC2 REigh SR 2 3 s 43 PO 28 i\ 7T B e e
FTRR, TRURAIE. JREDH S S T B AR A 2 iR 3L
e O, £ FWEFERAR.
ARNRIART
ARE M.

i w3 15 48 i A W

Hg. ok £ 5 A JH A ke A 0



S BN EYNE 2R R VAT

HEERFGRHNENEWRRFEMR
w2

H 3l S BR KT — B FCEN RS0, AR T AZE AL
F D A A DA S S BE Al R GRS T T R A M. B
ENTERE REE L B S SRR TRE R E, BB Rk
TR BAEARRTIAL . DI 1) B3 SRR RIERZBEET B —Hip
etk ez vE e, B R s R RS R . SR, AEBISE
5, I 5 5EAN 2 DR BT 1), 1 32 Bl ek 505 1247
SRTHI 7 15 2 PRk

PRI TTIRAE H 5172 BRI (1) PR AR 32 EAARIAE DL =AM J7 18
— RIS RN SRS @ O AN e T AR I R
T S T IS Bl R R SR ) R R ] ) R SR LR I
HAZMEREVE, X EEAHE MR KRR E b i 2 T sl 12
=% Hip AL R o XA ARl R SR iE UV EE, B34
BRI TR EAE A L RO PEAET IE 155 2 > B A (8] SELP4

AR SCUATH 17 R 2% 55 1) B 3l 2 BRI IE AT TS R, BT X 5200
SRR T A3 E B MUK N OCER =T T AL, U EE T
TENEMT:

(1) &0t Jo) FE 250 S Bt B 372 B 4250 1 S 10 52 1 1)
feth ¥ —ME T Informer )2 BB TINAEAIAESE (MTPD - MTPI
i

#5455 B =R HUIN ProbSparse Self-arrention S5/, & EHHTE



S BN EYNE 2R R VAT

] 2R 38 BN P (KR (R OG 2, RIS B S A BE R A A7 o
Fi. ¥ MTPI /%5 CV (Constant Velocity)s LSTM-+map(prior) 1-G,n-
C. DiversityGAN X = MBI 7 vEAT T H0EL, SEIRgi R,
$RHTT%R MTPL 2B T RS P AN B AR S A B T TS T RAF
fr) 1

(2) £ B ok AC il 5 N A E R R, 1R TR TR
FARZ H b ERIE R R T, dr 49 MOMA2C. %715
A2C SBE I RO EERIAE L, SR B2 bk . B IE MR RCR P55
Z BN H AR, LB B FRAE G 1 el PSR  7EE MOMA2C HEZE T,
Actor P45 38 3 B TN AR 2 RAFE AL R, Critic P28 PPACIRES A
{EfeF Actor . WEZ ML, TERAIR, SEHLHE PSR 1E 24
YL EPE A RCREN: LR Z E L. K MOMA2C 52 T-#UU (1 DQN
JIEAEA R SEER IR R AT 1T EEass, SEIgss REKHH, MOMA2C
TE I TE PR 0] 750y T HNAS: T B RO
KR HIBH, SR, PUEHN, GRS, Informer A



S BN EYNE 2R R VAT

RESRARCH ON DECISION-MAKING METHOD FOR
AUTONOMOUS DRIVING IN COMPLEX SCENES

ABSTRACT

Autonomous driving decision-making methods have garnered
significant attention from researchers due to their critical value in
enhancing traffic efficiency, reducing traffic accidents, and advancing the
development of intelligent transportation systems. With the rapid
development of technologies such as artificial intelligence, deep learning,
and reinforcement learning, the decision-making methods for autonomous
driving are being continuously optimized. Most existing decision-making
methods for autonomous driving focus on single-objective optimization,
such as safety or efficiency, or address decision-making problems in
relatively simple scenarios. However, in the real world, these existing
methods are not enough to solve all problems, and autonomous decision-
making methods still face many challenges.

The challenges of decision-making methods in the field of
autonomous driving are mainly reflected in the following three aspects:
First, the problem of complex traffic scenes. Complex traffic scenarios
have higher requirements for uncertainty modeling. Second, the

surrounding vehicle trajectory affects the vehicle decision. The future
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trajectories of surrounding vehicles often exhibit multiple possibilities, and
these uncertainties can significantly influence the decision-making process
of the vehicle. The third is the multi-objective optimization problem. The
multi-objective optimization problem is particularly critical in lane-
changing decision methods, as it necessitates a careful balance among
various objectives, including safety, efficiency, and comfort, which are
essential for autonomous driving.

In this paper, the decision-making method for autonomous driving in
complex scenes is taken as the research object, and the key factors affecting
the decision-making of autonomous driving vehicles in complex
environments are studied. These key factors are primarily reflected in two
aspects: firstly, the impact of surrounding vehicle trajectories on the
decision-making of autonomous driving vehicles, and secondly, the
challenge of lane-changing decisions. Centered around these two issues,
this paper conducts in-depth research. The main contributions of this work
are outlined as follows:

(1) A Multi-modal trajectory prediction model framework (MTPI)
based on Informer is proposed to solve the impact of surrounding vehicle
trajectories on autonomous vehicle decision-making. By integrating self-
attention extraction with probsparse self-attention operations, MTPI
achieves a dual advantage: it effectively captures long-term dependencies

within the trajectories of surrounding vehicles while simultaneously
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reducing computational complexity and memory consumption. Compared
with three trajectory prediction methods such as CV (Constant Velocity),
LSTM+map(prior) 1-G,n-C and DiversityGAN, the experimental results
show that the proposed method MTPI has achieved good performance in
terms of trajectory prediction accuracy and complexity reduction.

(2) Aiming at the problem of vehicle lane changing decision in
complex traffic scenarios, this paper proposed a multi-objective vehicle
lane changing decision optimization method based on reinforcement
learning, named MOMAZ2C. The A2C reinforcement learning algorithm
was used as the basic framework, and multiple optimization objectives
such as safety, comfort and efficiency were comprehensively considered to
realize the lane changing decision for the ego vehicle. In the MOMA2C
framework, the Actor network generates policies through action prediction
and probability sampling, and the Critic network evaluates the state value
to guide the Actor update. The two optimization interactions form a closed
loop, and realize the multiple optimization of lane-changing decision in
safety, comfort and efficiency. MOMA2C was compared with rule-based
DQN method in the same experimental environment. The experimental
results show that MOMA2C achieves better results in lane changing
decision problem.

KEY WORDS: autonomous driving, complex scenes, trajectory prediction,

lane changing decision, Informer model
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Figure 1-3 Domestic and foreign enterprises self-driving vehicles
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Figure 1-4 The frame diagram of the research idea of this paper
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Figure 2-2 Trajectory prediction algorithm input representation
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Figure 2-4 Comparison of forced lane change and free lane change
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Figure 2-5 Neural network architecture diagram of RNN
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Figure 2-8 Example diagram of Transformer model input
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Figure 2-10 Example diagram of a Transformer model decoder
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TR BRI R AN 42 J5) R ST 55 07 T W35 0 T Gepp e 2% . SR,
Transformer R4 a5 S FEAT AL, DRI A A\ 080 (O 40 S 38 A B BBURR, 7T g
s AR R A E AT A HE 28 2R o (R I A TH SRR v i 75 SR B RS R

2.3 L E S EALIE IR

SEALSE ] (RL) BHE R B B BEIR Cagent) WIRIFE R 2 (0. N E A8
(environment) HH KK 23R 2L 0D, B — T 1O T USRI 248}, TR
S, BREA SR — B EH), BAEALE SRS P IEARES N, R
IR HH —NBIE (action), XAFNEWEFR AR (decision). S5 & GEfA
SPATIEANBNE, B ARAE R Be AR I B0, 45 AR 2 X LR
R, A ZBRN ARG, Wt Ui, AR &N S5, 25
WAA R IE M 225, tA 530, B LR G ST 0 H AR L 22 iR T R kB3,
sl 5 S MR B B A 2-11 Fok:
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I'e I
Hhe o)
| (agent)
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K 8 oxm EhHE
(state) : (reward) (action)
8 A
iz &)
(environment)

K 2-11 bR

Figure 2-11 Illustration of Reinforcement learning

sALS ) 5B AR IR, B A 2] B AR HT T S5 2 AR 43 A1 ) Sk A
D4, T i A 25 =) A B P Hcats K 2 B P A s L B o ) R B R S AR
IEREIPRZS, ToRA 2 S RA T EIX RN, B % H ORIz fEr] L
kiR 2 A . X IR — AW S AR, R SR 2 ) T A O ) R
WRMPH . RERDVZ 88 Aok 222U B 1, ) OS2 BE 44 R L A ml
LASRAS i 2 R ) Eh 1, 285 B R PUTIRABNE, X2 B > TP s B 0L
2.3.1 BRAIKRRIIIE

TESRALS: 2] @, H/R AR SEIIFE (Markov Decision Process, MDP)
s MO IEEEHESE, HT R AR GefAk (Agent) 5315 (Environment)
B HAZ LA . MDP 4@t | — A i 77 AORFOR R I L, A5 Rk
RE 8 7 AN I S8 I PR 55 ol o 2 ] AR Al SRS R SEBLK I B AR . LR 2% MDP

PEARIL 22 ST R SR A
MDP 4L EA T /R A KR BN A R 1 Cs,.oo,s, )y Horp o 2]

HPRAS s,y REUGR T HFDIRES s, o /R AR AR 2 LT %A

p(St+1 | St) = p(st+1 | ht) (29)
Hr, h R RE, A (2.9 rRiEmE—RZ, WNEEPRE s iz 2

KA S, > BT B FTARAS SRS B s, o 1M T AR AT i B I /T
B (Markov Chain), /KA KEERBIAIE 2-12 Fim: B A IIARE, &
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4 AIRESTE S, S, Sy, S, 2 A ELEERS . Bl M s, TFUA, A0 0.3 MR EER s,
0.2 WIMEAEERS S s,, 4 0.5 MR BI7E AR .

2-12 R REER B

Figure 2-12 Example diagram of a Markov chain

FE 5 R ] I AR A FEAIE b N 2 5l ek BT 40 B, T DAAS 31 5 2R ) R 2

Jilid#2 (Markov reward process). 7ELy/RAI RIS FEd, —AVIRIS HIER 14K
CHP A IXANRES H R B R Sk BB R ER ) B RR NI AN RS HIMA (value)

FATIRZS A s 4Lk T B PR %L (value function), HME B8 B B N N EEAN IR
A, HH R AR I E « DR AT R I FE A T SR A R APl R A R U
BEHLIERE, 76D /R AT RAZmIIERE (MRP) FIEAE I B e RIATENE, is
B 7 HRA] R (MDP).

MDP ] LU — N HIEA R (S, A{Peq ) 7 R) - Hid, S ARSI A
AFRREIES: P, RREEBBE, y X AR I HE T R 25
PR

(D) RSB R EL: 7E MDP 3R T 5808 7 (PR SNME B BUE SO MUIRES
FEAEHNE 7 BRI A M, B mECeERE N
V() =E _[G,|S, =] (2.10)
(2) B A% £ MDP H, HEITIMERAAAE, WO E X — D sfER
{H K%L (action-value function), 7~ MDP JE1EHE0E 7 B, Xt 4 RPRASI s 178D
E a 13 BRI R4
Q7 (s,a)=E_[G]S, =s,A =a] (2.11)
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232 REREKES]

TRFERRAL 22 2] BOAZ O AR R IR BE A 22 0 28 5] N db 2 S HEZE b, F T oA
PR SRS B SEARRY . BLpARRUE: (1D PR B G W48 1 RS (A B EV 7 (S)
A E R E Q" (s,a) s (2) TRMGIUTMLL: FHIRBEMA ML S AL RN, (3)
BRI BN VR LR P 4% 57 ST PRI B B SR o i T~ Re A A = 2] i AR i AL
HFR AR, R B 9 A 55 23 7V PT LA 73 D9 5 A BR B0 05 92 A 2 Sk 1) 077 7%
(571

(1) FETERER T RTINS @S TR E R v 5L
HPEERE Q KL FHEIENE . HTERBN AU FEZMEIEE, iR
Q M4 (Deep Q-Network, DQN). Double DQN 25581,

(2) FET RS XRTTEN O AR B TREE, (019550 e
8t KA BT 2L XMV AR R AT SRV SRS B P D7 VR0 0T iy SR g
PoAb L0015

FEHE T M BOUR B sl o S Bk, (EAERRYE Actor-Critic 5i%k. XA
TIERES ) VAR B, XS] T RIE A (B2 Actor-Critic 5IEA Fig X
THRmEHIEE, BOVERSE R — N S E g, g aaishy >
ELBRH, AT 5 B SRS R A0 B 3 22 3

Actor-Critic 77 NP4y, Hor Actor B2 5L E, FEAE Critic
(B BR B AR5 N SRS o 2] — DN AT B SRIG . Critic ZAHAYZ1EL Actor 5
M558 B OB 7 21— SO R 8, XSO R e F T e 2 iR
ANEMERGFHY, A ASVEAREFE, B ) Actor #E4T SR B ¥ . Actor-Critic
FFALHIRAR A 2-13 FroR: M5 et L anRaES S, IR AL Actor
(RMEM ) Fl Critic (MEMIZE ). Actor FRHE 1 FT SRS EFESNETHIAT, FBE
B Jo BEROIRAS IR 12 5o Critic I AME s BOOPAL B ADIRESHIIME, &3
B RS HI R T B E R “ALE” CRIEIE R ). Actor #R¥E Critic HIPF
i AR SN, [ Critic 1 [F)8 B (B s . I8 XA A BV E AL,
Actor HISRRSIZHIILIL, RA&BT RN,
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Figure 2-13 The Actor-Critic framework

Actor-Critic HIEAFE IR SR 5 S h A% L U7 ik —, AR EESES)
TR R EAAE S 7 I T 82 L3 AESKBRR I, RN AN 1%
Hl. BB Wk AL SE S ANGURY I TR RIS, BN, FENLEE A3
F1, Actor-Critic 5% BEHS AN 88 NIl Id 5 PR A2 T2 31 B AL B E 5, A
1 S IR HE RIZ shiz s 7 B Zh B B &l AR B o 5 2 4 . sl
IR AR AL T, IZSEEBENE A R (0 B R BE AT O, $E
THIE RS o 38 I IX LT [ (T FEANSE B, Actor-Critic 532085 REWS B 4 Hh B3 &2
AR BLSE R A, HES N R BEHOARAE B 2 AU B AT R J€

24 HIWERMERUTES

241 HiEE

WA E S B HEAREAW KR 538, RN R RS, @E2) 73H
Rk BE i DA a5 2 7 I R S Pk, H e SR IL R N T
Prix s FeN, 53 S AR R I 7 ORE S EE, B T S R
fF, PCII T IE RS mE A AN 2 BT8R A 2 M B st USRS R B RATRE R
SEANF R BRI 0 B 308 B EE 4 120 NGSIM £ 2E1%1, HighD
BHRESL  Argoverse Fi#E£EY. INTERACTION #(#E4E05F Argoverse 2 £ 4
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%[6610

(1) NGSIM HHEIETE 2006 4 H 56 [H K A MR kA, e E&REZ
AN T2 BRI T 3 4 P ZE AR A, S IR 1 B 2 AT A R, %
EBIELLENIR, WA REEEGE, Mo E AR,

(2) HighD HEELE 2018 4 E W T KK AG, BaSEE 60 /M
] (R B S WA, 56 110,000 FHZEMIEE, ZEHESE LT M A B
S, R Z I T B

(3) Argoverse $IEEEAE 2019 £ Argo AL KA, B2 AMAAIE ¥
4. 3D Tracking Dataset £l Motion Forecasting Dataset. 3D Tracking Datase {75
113 M5, BA5E 15-30 7, 8248 2 A LiDAR. 7 M5k 2 B HdE
PLR 3D 345 HERRTE . Motion Forecasting Dataset 1157 30,000+ />ZE4 20 Fr B,
PRAE 5 BRI EPER 3 AR

(4) INTERACTION ##5 4572 2019 R AT, (5 2 M E 337 500 2R A
AT NGO B, R AT N FOAT 45 Fp A 1 R 1R

(5) Argoverse 2 BHEHE7E 2021 EHH Argo Al K A5, B4 N =ANANH HIEE
#. 3D Tracking Dataset. Motion Forecasting Dataset Al Lidar Dataset. %5
Mt 7 2 SRS HE.

® 2-1 EUH B BEIE RN LER R 7 HUE 10 B 3h 25 B AR R R
F 2-1 LRENBBHIRES LR

Table 2-1 Comparison table of mainstream autonomous driving datasets

PG/ S NGSIM HighD Argoverse  INTERACTION Argoverse 2
I [] 2016 2018 2019 2020 2021
iy P H A I o v Hi o v HiL
R A B
7B EOEARE  WTIERE X H. TR YT TE R
YT IE PR
ACHEFER AR AEHAT R SR Rl

TEAES  SCEER
PULTII BT B T BT
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242 (nEEMF &

WA ATEHEAT B B 2 SR AR b, 75 218 I K& 1 S50 SR IHIE EH AR
WERAIAT I o B AE L SLTE R 7 557 N HEAT B 3 S B S IR AR e 22 A XKy, Jo R 1
AT e PR S ST o 7 BT 6 T DAZE REAUER BT A AT AN [ (125 37
LS PR ZERANE B TR, 1 BT SN SO AT RN A . AESERR R AT
AR AR 7T HARFIIH F RGBS IE I BT 60 DU 28 200 H 3125 58
B 5P 6
(1) SUMO
SUMOSLZ —ANTTEIT, ), ZREETEM R B VPRI H R 450
2H F 0 4 T8 ST E T SR AT 7R 465 72 T R X 245 HH RS B AZARLAL o VA PR A B
o AR BAREM ST MRS, A E ORI, JREid s
BEATERRE B BRATE LT, B HEVER), HRSIABEHIEA 2Rk,
f£ SUMO H AT B I, A2 EHE =Fh S0 BRI . 4TRSS
SUMO FCE M. B2, MO LUE netedit Fah4 BBk 4s, Haf L
181 Fi| openstreetmap 1 & #: ¥y SUMO B FI M4 ScHE, il 2-14 fiks:

NETEDIT

File Edit Processing Locate Windows Help +Nmolk ﬂD emand
$ AR @ P~ ©|&d B o | HE» %8V B 2=
Inspect

(a) netedit=Fzhiat

(b) obe‘nst:reetmapfm%iﬁ

Kl 2-14 SUMO B M2 512

Figure 2-14 Road network rendering method in SUMO

Az B P 4% Ja mT LA ] sumo-gui XY T ER, (HIZILN, &R R L
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ANEH FREATAE, X 5 2 AT B2k, 2T, TR HiE
R H 2 ORI ] 8 S A — AN 7 2 55— T K R A sl . 7R B
ATRESCAEIS , I ZBURA DR B A8 R IR 21 0 B B AL, BV R4 T B0 ) R A AE X 45 o
FEEE . Flan, AIRLEN SUMO #24EfY) duarouter THELTZ)4S .rou.xml
SCAFRSE AT AR ATRE SO il 3 A 5 R R SR Y L ORI [A) AT Bl AR 5505 R .
AT RS S B SO A, AT DR B AR S A AR, AT E 3l
2 BRI IE R TSR B SE R 2@ 5

(2) CARLA

CARLA®! —ANF T~ 5 32 B 58 0 T IS A0L 25, e 4R AL PR 5 A AR I T A
Ji. RS, @B AT N BRFRSE. CARLA 4R T 35 51 an &
2-15 fioce B 2-15 (a) s =AM IR BAE A K =47 E, B 2-15 (b)
e MBEIE 5. Bl 2-15 (o) MK+ 22 X Mgt d 2B EA
k. BRILZ AL, MEGE AT DR B AT T ZR S 3RS (55, 41 GPS Ak
B THRE L IRad R AR Al A A A 33 A4 D 1R TR A

CARLA R 55 #- 25 7 m 48 Aey e ob i 9% o 7 D TR e AN BT 5L, T 2%
J 3 R Python B C++3 LSRRI B, JF 2% P imdfAT . H
%0 T. 2 ALFHE Scenario Runner, ‘& 32 #F OpenSCENARIO ¥ 75t FIfENT 54T,
DL Traffic Manager, 13575 B NPC 2401 AT ILRIFNAT R sR . X LLT)pedt
5]y B 82 B EE R IR I SRR gt 7 — & E R s BTy R0 L.

a d
B 2-15 CARLA 31T FR 35741 &

Figure 2-15 Example diagram of an urban environment by CARLA
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(3) MetaDrive
MetaDrive 7&—H Quanyi Li§% AfE1£ 3L (MetaDrive: Composing Diverse
Driving Scenarios for Generalizable Reinforcement Learning) 142 H )25 3 {5 2
Bl %6 RS 2 AN B B 5, SCRrRASE 2 SRRz A Re 11t
Tt 9 1A B 2 AT SR R AR B T — i B RE HLAT R (AR
MetaDrive $EHE 1) 2 A E B SR Bl 2-16 Fis:

o

(@) FMTHS (b) +=F3R2XE&O

"< @

(0) "o BEER (d) "&IR"BER

K 2-16 MetaDrive 255137 51 &

Figure 2-16 Example figure of MetaDrive driving scenario

MetaDrive FIAZ% /0o B M) T 5 A0 7 ST 1 “ SN -FA B -0 A ” PhRINESE : SEng A
2% (Actor) I FH TR FE AR 22 0 2 Ak PR AR IR S <5 2 RS2, A8 e 1 A Al 171 A
LAV DL E SRR R MRS E R R R R 5, SR A E E
IS g E S RIEIE ) B SR A R E A U E PR R 2%
LA R BEARNGIS, TR A S R B LU 3 SRR R B . XA i
FAE H S BB T KU B T2 BN T 57, BE A RGCRE A2 AR AT 78 2]
BN ADASEENE L i s
(4) SMARTS
H 305 345 E-F 5 SMARTS (Smart Vision-based Training Simulator) #&—/>
FH Ming Zhou £ AfE12 3L {SMARTS: Scalable Multi-Agent Reinforcement earning
Training School for Autonomous Driving) H#2H &35 5-F &%, B NEZE)
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BRI MR RAIE $ {4t 2 HLAE BB

SMARTS (1% 02K S8 % B REAR A H SIS @ e T . B RE R
ELFEIR T TE S s 2 i DA SRR A I8 XSS AE A I 2 R 55, SCRF B 2 B 7F
Wi NFRE A AT N AL A IE LA R 5 22 AR RE AR I Zh S S HL . AE 42430
T SRR, SMARTS W 1 =A% 25020 /121, i s AR 2k 5)
T12E e S R BT PR REN K S I BR B 1, 3 T 3K SO AT HUE 3 SRR
RIS, ESCRFROEEIE. fECk. ZRBEHBEFALRA IR, JFA RS LR
e BT HEE, IR IR IR IESE LAl . SMARTS it 1 S 25 5y
FAEI, WERERS IR, TR 6 Bl L iks (drmft. R BEEE)D
N, G5 P RIS stk . L ASAR LS 4 Th BE AN 22 3 IE SR AHE LB,
FEVFHI B R A S SEBUR AR 3 St I [R5 T Gt

R EAT G /E B B35 8 eSSBS 2 M, ERARKTET &
TEThREE LA ) 5 FAFTE R 2 57 . SUMO 1E N JFEAS B/ LR, LiE
T A IBAT R RS R4 204, (E - A2 sh 7y 2 A f 4 L AR s
AR AT B P T Gt A, Xk DL AL = DR B E S B BSEA IR 3K - MetaDrive
BT ot ) RN Zx, AW AL USRS (AR A A, (B
RS LA L LSRN A2, B 1 AR R A B s S5t v (R B 9 7

Carla B = LI H ) 3D MM B RISALREGSHAN, MOV E S BB S
i B I ZR E & . MHLZ R, SMARTS LB E R GBI RIS, TEH 443
A SRS, ERHEMEE I RERAEA L Carla. "EN 3L FF ML
R LRI B R G N e TR B

2.5 RE /NG

REEENE T BB REARME, Hrp 5 L S AN G i E 1T,
IR T AP T P S A AR B AR LU ZE A AN RIIE AT N A A4l T I (]
Fr B IR DL R g Al 27 ST Btk A2 I 1] ) O ASE B o 2350 9 47 RNIN,
LSTM PAJ% Transformer #7%. fEsRALE S SRt P41 1 oAb o2 2] 5 B 22 ST (10
DA, PAK MDP RRFZSBASE 2] o SRR T H 302 BAE 55 i I B £ LA
LAl BT 6
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£ 3E EHT Informer HRBRY ZARSEFIE TN 535057

T SAT SRS 0 B TOTIN 2 DR P B 2075 B R G 2 A MR AN AT SEME R SR B ROR
— U, PRSI T SIS, [ 2072 Bk A 0 1 i o 2 U S A s ) A 3k
i) — 5T, FASHEEE (B, LRSS S8 ES5EER (0
LR E L AR JEEM R T m e NS Sy — 5, MRS Ry
AR DA Je A2 38 2 5 38 B AN 8 1 5 ER 3R 2 — 2D 38 0 1 U0 0 ) M B A 53¢
) B ZS TN 75 925 3k LA 78 70 FRAE B 2% B AT 38 1 SR AIE » T 2T 22 A3 B TR HE B2
RESA BB S S BRHEM IS P58, i @57 58 & iR E R s B Y,
B IR TP TR (RS AN
PR, AFSEH 15T Informer 7Y ) 2B FUETN U3, BEET R &
LI A AR (OIS RIES 5EE R F SR B UL P I L Edi),
e v RO AR R S AT, LR 2 2 A8 B 37 5t 1 0 20 ORI A il S i 1k DA
ST E PR PR AR O n) A, AT ST B bR R A 328 AR 1R IO o A B e Xt
RSP A AT T RGERIE, BEEVEAI 4 T Informer AR A
JE R R AR I P RO 55 AL 5 o FEMREEAE b, $2H 7 25T Informer 1) 2 BLAS
B TR T HE SR, T2 S F BALHE = MK OB FRE AR BE T Informer
g0 A LN T Informer AR ESBLER . Dy Ia ik Fr i 7 1L B0 2k, £
Argoverse FHREE LT T SLIRIGUE, HiEITE minADE (BN P FER2ZE)
minFDE (/MR IRE) b PPN TR bs W B PEREEAT T BT, K
g R, P th I 7 VAR SIS TR 2 U7 TRIEAS R Tt .

20 PR S U TN A B T ) L) — A B B S T, HoAz O Tl
ZVFEEAETY CnLvE . FIE . WOLTEIL . RIS SREETH A LA
BRI, AN B 2% S8 3 55 P iR 23 R RGI Hcdfe S A 1k DA B AN 5 1 S B o
75 H BN S RESS T, DS b i 5l 3 5 B A e FE A S RISl ). A2
RANAE Sy SGE A K RT B2 1 B W AFAE 2 AT RIS . BN, fE+ 5
Hipstrf, SRR A ey, HrTRek EA ¥, il RIEFa HATH
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AT, BARRSRAEAE 2 B 2 R R 20, B8 220 B SRS CAnTde i s )
JH BEI5GE 2 538 AT 8 (AR A, AT N BLEIMRZR (InZEiE 2k, AZiEf5
T Ao I, HERREAR H AR A S HARAE S Sk LR A 8 5 2 1) B A LR
R, PRI PIETRIRE FE OCHE . ikl 3-1 BiaR, XA N ZRIE 1 B A S il g5t
i, FHERZ GBS 5% . B2 5ENERAAAHEEMsEE, 2
BER [ TR AL . [FI, A S 5 s SR R 28 AR Bt — D 7
ORI AIHESE » O T NI BB, 75 BER G 5 RSN R RHIE M 2 2.
SEHLEE AT AE L S A O TN 45 R

1 Moving entities B Target vehicle Historical trajectory

K 3-1 z8i@g sl K

Figure 3-1 Illustration of traffic scene

BUA ) 2 S PUL TN 55035 T2 B T P ST IR 7 ik, 1K ey
T2 7l BRI P AR O 2R AN 22 8] A8 ELARFAIE , RE 54T RCAE R B FIAE 55 i) A%
ENASYFE AR E , 5T S BRI 5 V28 AL PRI R 248 252 PR R kst 1] 7L
1113 22 FVE T AL 0 75 92 U e 20 2 TR A OB 0 2 T AT ) (5 5, AT T 73
DEFEU, JRT, RS X TR AE 2 SRS PUE PRNAT 55 TP R AT 1 R 5 kg, (E))
T e 08 73 P 000 AR S S A 1 55 73 T A ko 08 2 v R O 11 e PR o A R A T
I T RETCIESRIUTT A A RS IS, 3B 45 SR AN 2 TGN o iodis 5 A P4 0
TR A B IR A i P B AR R IR 22 e, XN T B RS AL B R
Zr LA, RSB I 2 PO TN FIAAE AN B R 28 a5 RO UG T i
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BERE RS A B vl I AR Sl S A 1 55 O T BEAT VR AW FE R4, BASE
V0 T TN =R DRI S

3.2 iz Hix

HARZBSPOE TN W@ O3 2] 7720 78, (H K2 8O 1) 2 B PIE
TR T AEAAE AN BT 5T v A A, T 2 T SR Al 4 5 v 2 A BT 3R
Mgia @i, flin, SRss@y s siE8Z 55T vER, ES%E
MBS E AT NS 58 BARAS o JX SB[ ZO0 B2 T ) 45 SR #0 A
BRI o DAL, Gy 45 ORAE SRS B ) (R IF, ei 2%5 RE Sl 47 5% v ) 22 g i [
2, R LETAT SO B AN OBk . I, AR BAERR WS 2 4R
PRI H s 4= S L 3047 5 HEAf B0 T30

g3 b, AT H Aro i I b e R R I RIS (R4 L A (R 4 B DL K AR
BAE s B TRINAESE, LARXS 52 2% A2 8 37 55w X o8 o3 DO R s ¥ 1k DA %
AHENESFBRAR, TSR T+ S R AR LA S e

3.3 Informer &Y

Informer Yl Haoyi Zhou % AT 2021 F4E1£3C (Informer: Beyond
Efficient Transformer for Long Sequence Time-Series Forecasting) &, %L
1E$R153 T AAAT 2021 [¥) Best Paper. 1Zf5 A4 F Transformer 4LMJ3E4T T ARALFN
D, e iR g A I TR) P A TR i) RS T R 5 SIS . Informer 7Y
iR 3-2 Fos. 18 H 3SR TNAES, Informer B (14 N8 H 2
TR P SRR, BAEOIE . T NS R X R B g i Y IS [A]
FEol, R RN R S Jy e g ) R o« AR I 5N ProbSparse HIERE )
PUHIAIZE TR ERAE, BE8 A Rk s 4E A AN B TH 5 2 28 BEAIAEA T, RIS ER
FORBHE R, BRI 7N (A FRINAT 55 1 BRIV e o 1K — A HL ARl
& A AR 2 B PUE TRINAT 55 Hh i iy 4RI 2 5 E , Ao B AR A @ b s b B A
AR I A S A 1 T R AL 1R B R B 1R .
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K] 3-2 Informer FLFY 24 4

Figure 3-2 Informer model structure

FEGRAS &30 7>, Informer FEAYIE T 22 R Mg BV R UL AT AT 15490 22 f 4% 1%
A IRAUIM NP S RFIER R « B — Z 9w a8 Ja e — D 78 MR AE, @ B A& K
WA P FIKRE, FARNAE G, FIRRE EEEE . XM HERA Informer
B RENS S = RO AL A PP 51 2508 o« B R ER (R 2 i RN, 2R IRH A
M R R S A B AR R A SRR AL E, BREZ S, b
TN T I PR b . B2 3 4> Attention Block, %> Attention
Block WA n AN KBCEFFE. Encoder HE & HIER 7> AT LAl T HY A 30 3.1 #EFE:

X!

j+l

= max pool (ELU (convld ([X}1,,))) (3.

[X 1., %7~ Attention Block, f145% 3k ProbSparse [ #H%, convld /& 1D-CNN,
1 ELU W0 bR BOE I TR 4E 2 B AT —4E BB UL 835, 4B T max-pooling 2

(stride=2), IXFERRRE T RFE—FKATE T AAE S %

% 3-1 731 7 Informer #RUANHE T Transformer BRI, T SCEVEGHA

QX
(1) Attention 15 A

FERFHIMES S, FHAEFTA A B 2 ) BCE A B R 55 2.
Transformer R 7E T VTR JJRCE RS, T2 FP o) b M7 BT 2 R R, 5
FUT [B) 52 % FE 8 « Informer J8IE 5 NAR BRI 2 WL RIE 838 28 L) . 3 e
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& MR R Mgl R ARSI A A s SRR, PR R
W) B S R R AR, AR BN R AR, MR TR SR I o) %
R3] O(LlogL), RIS/ T AAF S M o MR I — Pl R R B
ENALE G, R ORAE B R, PRI R E AL 2 O(LlogL) B
%, RIS RS TUARAE R, B RS R AR b A e A1 B F) e R A S A

Informer AR R JINLHI AR EZ P, B FRAR 1T B AR
WAE S, IS S A B K P A S o XML AR i BB R, a1
5 1 FLAE SRR T AT R

(2) Ffhas 4t HI AN

Transformer A7 K% % 25 H1 22 JZ A0 [7] (O 28 Z5 Mg HE B T A, XD TH 20
TR A A ST ST o Informer BATYBFXTIX — A, S T AR HE B g
P g Eite o BARORUL, Informer FRIZ RS 4% 7EAF — J2 A I 2K PR AR I it th e B 22
FIRFIE,  FERX SRR B T — )=, B S m R R

(3) RS AR AN

Transformer F A A% 25 K M B 1T T30, B step by step A2 I
2R, BRI, Transformer FRAIAERIUIN —NIFIEIE, IR =T HNEE R AE N
NITEE RN, XA AT LS R RARGE . Informer 7Y
BEXFIX A, S 1A ST A A% 4 o A I I — R AE BRI I 1]

a2 IR e S A = N = B 8 L R B 93 7 = S = N TISTE - /52 ol 1By
% 3-1 Informer BT

Table 3-1 Optimization table for the Informer model

Transformer % (A5 &) Informer #7 (ff40)

FHH ProbSparse Self-attention

self-attention ~F 7 2 [ 115 2 44 F5:0(L2) i 18 HY E B query, PRARTTELAY
Z% £ :0(LlogL) B FE A%
B2 ZM%, WAEHHIEBE L1 Self-attention 7518

el D> 44 S R 2% 22 5
B 2B BTN A 4 25

— BRI TN 5

step-by-step RIS M, JHEL NS
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Informer &R (1) IR PEALAE AL PP AL 55 TR BT 1 835 . 21
BRI ST 55 1A% O £ TR T B AR 2240 11 13 S B LK A B 2838 2 5 3 1 )7 5
PSS AT AR, DR 0 ] DR H AR — Al S R (4 B 150300 ) i AR
FHET Informer AR E 2 PIEHMAEZY, 38 1 H = R = A p LR A
FeoERRAE /1, REWS S AT 32 H AR R0 5 A B A BT 2 [A] ) B 4EAZ R AR o SER
ZEARYL, PSR (NS R AR SRR AN U SRR T 4 R I DU

3.4 ET Informer B ZARZS T FUN AR B FE SR

3.4.1 )RR IEHR

T 5 AR sh etk Cn s B2 47 N5 BARAZIE St 2 B s A2 .
FEREI [ B2 B AR A 22 A VE AN SR AT FEVE B SR B R 2R . AL, AR T H AR 22 40
% SR ] SR PR R ORI T0 Xt T 5t 2 A 1 R SR SRS DA B SIE B 2 4 ) Bl 2 il 35 5%
HE. B 3-3 o TR I ARE By R A B R . L=5RE

Wl BT 08 S AR AT A8 LA 2 AT B A, RN AT R
B E ARSI, AT N,

B Target vehicle [ surrounding vehicles @ Moving entities

K 3-3 ZTHANTE

Figure 3-3 Interaction detail diagram

K Z S PIETIAE S5 € SON: a5 Bl 7 5 sl stk (R Ok 4
ﬁ‘£f$,w@mDZEMQE%%ﬁWMEﬁiﬁi%%%ﬁT EHILE

RS R AL B 5 2 R R i) A A8 JEE 45 U2, TR ELAE 3 [ o (R L 2 B
RS2 . FAKIT S, B REVR AL T LA Oy — SR AL TR R 51 (AR
S5, RIS RSO E . EE . IE RIS S R IE . X REAR
B, R HE SONT

3

T={T% T, T°,..T% (3.2)

Horb, A NE BRI AN TR RBEAR 1, LD S R] LIRS N
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T = {04, Y (7 Y, (X Y1) (3.3)

TR RE PR A I 2 B B RUKCOP AL B A B T B iR

RIS, KX BAE B, FER AR PERR N AR

Fo X TR RER B RESE P LI, K HA N — KA ALk, Bk, BT
A 472k DP, 1 75 DV, € X F -

DViz[prf,ﬂja,m] (3.4)

L = {kvehicle ! k k I(Iight ! I(other } (3.5

lane ? "“crossroad ?
p A pf o MR RVIIE AL B A B 0 RN TR, m BoA
TR G f R ERRHE, Hrh L 2R AR R IEPRSS, WZEEFFE
AR, [ DV, RS H K.

P FFIE A B AE R Z ¢ RS IR

Xipp ={N [N H teT,} (3.6)

ARAE B FHI 328 5 ST
Xoutput :{Ot |tETpre} (37)

Forr, g SR B I TR Y T Dy
T, ={tyt} (3.8)

Forb, TR IS ()50 FE Dy«
T, ={t...t} (3.9)

I AN RIS IR ) B AR A B B AP AR 22 5, I AT e S 800/ Jm SR A B A
A — B - O 1T BRI 22 572 I F 8 DR DT AT AL 1) A B2 B AN AR B b LA
G R, R VAT AR

h{norm _ ht _mln(ht)
max(h,) —min(h,)

(3.10)

3.4.2 FRBIHELR

AR T — M 2P B , Z AR 55 25 R RE AR S A LA
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155 2 18) LA B AN R R e A 2 TRV R A2 L OG FR R SEIUPE T, HF 12 A B AE 2 fir 44
MTPI (Multimodal Trajectory Prediction with Informer ).

MTPI FJREARSE UK 3-4 BT, B i DO AR OB ZH A RFAIE AL RS B
i AR A, AT AR HORI AR B Horh, RRAE A BRASLER £ 5 SR ORI b
28 SR Can H AR ZE I D SR 02 L A 2SI 2 5 3 AR S D ROA B A5 B 4%
HIE I A — BV R EE R 2 5 Gl 28 B T Informer FEHY 0T, A
ProbSparse H 3 & AL P 77 51 B0 T R I S AOOC 2R s RS 2R TR R AR
FRETIM J7 2, — PP R SR 22 A (B D (B TR 45 2R s A 4 R A A
TN AR AL 25 AT 1) v AR AL S Ay e 4 P T 32 AR B E LA,
MTPI Rei A RGEE S A8l P I B E R B R, AR T B2 TR0 P A% R
gt

T l: :| outputs Predicted trajectories

Multi-head
Self-Attention

1 / - 1
1 ’f' ProbSparse Self-Attention Y

3-4 F:T Informer 1) 22 15 255120 LI AR U AE B2

Figure 3-4 Framework of multimodal trajectory prediction model based on Informer

3.4.3 45 TRAR R

N T RPN AN RIS S, S AEHEEAT VR IEAREE, 5 AERRAREE
HEEIFHERIURE R o FRIEA B BARRAE I 3-6 P G, T3l
SR H bR 240 (agent>%ﬂt%%35@$?ﬁEﬁ§Eio HI AN RIS B4 AR AL 1R B B AT A
FIRREE, I8 — e g — 2 R B e . BEJA, H5RhE i R RFE
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B RO S I 1AM S AR R R, Rl w] A R AN R R AL 22 8] A R IR
BEAh, FERMEAEBERE T, JESIN T AR ERAE ), Ll — D i e iR

EES T

K 3-5 AR H R R E R

Figure 3-5 Schematic representation of the latent variable autoregressive model

AR H PRI 3-5 o, 80 BRI @R I a2 1 g 52
FR, AN 7 08 A IR G & . BRI, h 5 B ZI T h_ A

S MO, R b I 2R AR B AN AS S AN, A A AT R AL

AIEEREN S I
h' =RNN(S; ,,h’,) (3.1D
al
-k {00 o
e . HIHH 0
‘ lllllll (0
0 OO

3-6 FRUEHAT A

Figure 3-6 Feature detail map

3.4.4 MTPI-encoder

KRER B RAG gL (J5CHR MTPI-encoder 5B @I X5 N\ 7147
1) SR 47t HE ) 25 AR R ¢ 2R RN B BLASAE, AT B B 1 B T ) R B . MTPI-
encoder FRELIE I Ad ) B VA R ALH A HADEAE, 5% T 0 R TR AAS
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FIRFIEZ MM G R eAh, By )R SEMIR RS SRR Ot T M E SR

H AR, MTPI-encoder AR F % N B =3 7 2H .«
(D HulHE
S w e HAR A S HAIE s Sk A2 i8I A8 B AR U A X sk
KOl 1 S R RFIE AL BRASTH AT TR B, AR5 R AR AL B S 1A S gAY ) MTPI-
encoder B A . BT & A :
v; = embedding(h,) (3.12)
(2> B YiS
KL E w0 2 AN BUAE A B HEAT HifiT, H B2k 2 A5 B A B AP
F b, ARSI R A B A b TR AR R A P A (R RRAE AN R (8] G &R . AL B WAL LA PE.
PE 5E 3A:
PE s 2i) = Sin(Ppos /100007 ) (3.13)
PE pos 2111y = COS(POs /10000 =) (3.14)
(3) (A g%
TS 1) Gt 57 P T A5 S5 A 8 9 AT 2 ST IR [ s, A TR A A P o N\ e 971 =%
JERF TR 2R IR ZWA% ] TE &7x. TE & XON:
TE .21y = SIN(tp /100007 %reser) (3.15)

TE 211y = COS(tp /10000 = ) (3.16)

B )5, MTPI-encoder FHL4 N\ A
Xen_input = V + I:)EI><(t —1)+i SEI><(t—1)+i (317)

t t t t
Xen _input {Xen |nput(1)’xen input(2)'** ’Xen |nput(|)} (318)

253 AL B (¥ 7P 51 B a4\ B s 2345 e, MTPI-encoder HE4E 4TI 3-7
IR o fERD S R (i A\ 2 2838 Embedding 2 WU 5 54 B . SR )5 £ 3k
ProbSparse [ 7E & ML P HI(E S AT FE . AR, MRS 2 = A
attention block 4, 4 attention block HJ3T Informer 57 () fif i 2% A e 15
e Bk, Attention Block 1 Xy A M (B 4fidh A7 B 4w UL K& FUSEdE 1T %
BASRLE, JFilid ProbSparse VTR IHLEITHESCRAE S, FRINFIHZ kTR
PRI 2 45 R 1O PR % 2. #RJ5 . Attention Block 2 38 3e B At AL 48 1 %ot
FRIHEAT R A, SESRAFIERIARE ), AR IRK IR R . HJ5, Attention
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Block 3 i@ #E—BIRHURFAE, W ANFEIRIN 2R bR &, fe 2 4m & ie TPt A4
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Kl 3-7 MTPI-encoder HEZE K]

Figure 3-7 The frame diagram of the MTPI encoder module

3.4.5 MTPI-decoder

A EE AR H A RS AR (J5 SRR MTPI-decoder) @i #EEUH - 30 f5 BAfZ
BASRHE, A BCH BR 22 BAE A SR IN (8] 9 32 3 B2 . MTPI-decoder B 2 H
P A T B bR E R AR EE, MTPI-decoder HEAE GNP 3-8 Fizm .

MTPI-decoder LRI H P> 4% (1) MTPI-encoder fR 1%, £

Ao G i A B AL B 5 ) S 4R E RN, WS A2 RIN E R 2R
AERE &5 SR DA R R BRI TR) 8 (33 = 0 e 15 8 s (20 JRAG e 95 BRI T304 12
HARRIRN:

X(;e _input IInI((Xen _token? ;n_O) (319)

XL e FRVISCR AR ILL, BIZE FBR AL RAEOWIAA AR . X, ,

H AR I ARG, YA %

56, X MTPI-decoder #5 8 i)y A\ BEAT RFAEX 55 5 W46 1L, SR )5 FIH]
ProbSparse {1 /ALK e St ()20, KeMgiftJa B IEm A2 2 SkiE S
B, 5 2 48 B A I PR AR C &R, JRIE I FERS AL BT LE AR (S Bt iR . &5
MTPI-decoder B HiH I — N 2R Z 3T AL B, 158 m AL R,
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Figure 3-8 The frame diagram of MTPI-decoder
3.5 LWS I
351 Lk &

SZUSIAIE: PC ML B N NVIDIA Corporation. 64G N 1%+ 64 fii Ubuntu #:/F
RGN T4, python 3.7, Pytorchl.1.0, torchvision0.3.0, cuda9.0 £ 71 & T E..

Argoverse FHE4E: Argoverse FUAREE HH Argo Al T~ 2019 KA, =& H3N 25
A R R R IR — . TEASCRIRH, EEA Argoverse 132 Bl T
#£ (Argoverse Motion Forecasting dataset), % T-EL1ET e s M4, 2
L7 2B = W 250 )7 SR U RN AR SRS B e . Argoverse 12 Bl Pl B b 2 40 & Il 45
v WIEERIINASE, MANES BRI R . Bk, 28RS
333 Ji%k 5 BPKHIFA, J3 7 211 JisRIIGRF A 4.1 T3l 751 8 Ji %%
PP 3. BZE LA 10Hz FYSACRAE, Frp(0, 2180 F 0, (2, 510 F T3 it
Mo BAFHIRIHE A B R e @R A IZ T8, iR BT
AR E TG, A PEREVE A SR A T RS S

3.5.2 TH 5 FR

AT VSRR AR R M BE, R T AN BFEAR: minADE (B/FRIAL
#i£25). minFDE GR/MRrARiiR%) AIMR Bk %O,

minADE (/N PIIRIRE R ) s TR BT 5 i TH 20 S8 2 1] )P 4 i g 15t
%,
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Tre

1 |
min > [y =y ll, -k elLklr (320
t

pred

min ADE =

Hrp, T PN R,y o2 JSSPUEEREE ¢ KA HE, YR

TR k SR THEAERS )25 ¢ AL . minADE #/), FORBIAI7E B4k
TRBILIZE - FR RS FEE A e

minFDE /MR AL R %D TN 55 i T 30 Sl 2 ) F) do 24 B 5 3%
%
—y5 |, .k e[LK] (3.21)

red pred

:
min ADE = min ) | Vi
t

Sy, RYE A BIRIRESHR & I R 5 T,
(97 B . minFDE /0, EHTHIR B 5  BU AR 3

MR CRR): E 452 15270 FF P AR BB BN BB ML . MR A,
VTR (TR £ SR T B SIS

N
MR=%ZH(min FDE, > 2) (3.22)

3.5.3 LWHER G

5, TEAHRIRISZIG AT, VR T MTPIT ITRIIREEE, K 5 Argoverse

B TR A BRI 7 AT T B . DR R IETE S R LA — S A T i

(1) CV (Constant Velocity)!®: %7753 T HARERI S HT AL EATEE, @
A 2R A A MHE TR AR RN o HAR R AR AE R RN 8] B A PR FFIE 8 R B IZ 30, 2
— AT E 2 A R R R R T i

(2) LSTM+map(prior) 1-G,n-Cl%: 1ZAEAFIH LSTM W 2544 H bn 22593
S R AR OR R, 45 G R B R SRS B (AR £k L A2 B A5
SR SR8 TR ) VB M o AL RS ) 2 AR TE T RERE B AR G Bl A P HE 5
HAREELE.

(3) DiversityGANYOl:  iZ AR R 38 1o 78 76 T SCRAE ST 2 BRI N B 22 4012
T, BedE A2 K2 2% AT BE R AR SR PIIE o FLAZ O FEAE i i AR X HT M 2% (GAND
ARSI 5 h AR E Y, DT BT T 25 SR 1 2 RE A e b
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R FIR TR, FATTRERS AT VP MTPT AU 7E 2 RS PUE TAT 55

IPEREAR S, JRIeUE AR 52 28 308 b s v (103 F A
32 JBR T AFAMRAE Argoverse &3 TN IR 4 - TNE AE . MTPI
[¥) minADE 2y 2.56, LT HARBR, 1X A MTPI £ Tl i #2 r G % 50 ik ff 3t
W W2 382 . MTPI ) minFDE A 5.51, A& T HABAAY, X iR MTPI
FETN PR e A B BB BT ST = R . MTPIL /) MR 24 0.80, HIAEE H T
LSTM+map ] 0.75, {EA3RMLT CV F1 DiversityGAN, X% B MTPI fEfH i %
AT N T TR BT . 45 EFTIR, MTPI /£ Argoverse 344 LRI T
HABBIAY, R 5 Z/E minADE 1 minFDE $845_F, X% 8 MTPI fg % 5 i i b i

MWL, 9 E NS5 R G He 4t 7 AT SER H 4 R
F 32 AR REXT L

Table 3-2 Comparison of prediction performance of different models

Metrics ¥
Model
minADE minFDE MR
CV(Constant Velocity) 3.53 7.89 0.83
LSTM+map(prior) 1-G,n-C 2.92 6.45 0.75
DiversityGAN 291 6.54 0.82
MTINformer(ours) 2.56 5.51 0.80

BEAL, N 1 S I AR R TN AR, A\ Argoverse 12 Bl FiI BodE £ ik
BT ARBI S AT 7T XY SR R T AR AN [F) B Bk 7 5 DAL AR AE
T ORARTE AR, BFET. EEMAR.

BEAh, O T RS R AT K TR, AN Argoverse J& 2 TN Kt 5 ik
T HAAGRNE R S AT AT LA o X £ S5 A AR 58 S T 37 5NN T 2
MiE 5, ERERIOGE T EME T O =F L 2T W Hbs: HAT. EFENG
B o FET RIS AITUMEGER, Hrh L OPUR R T SEPL, OB pL
AR T BILE

Wk 3-9 o, JER T D SRR EAT IR HIIRCR . AT LA
TR AL 5 SIS B RO — 2 JCHR AR EAT XN AT B 5 [ A
B Eo IF HANHLAE BAT X SRR — € RIAe e 1, 3 BRI R 35 2
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Figure 3-9 Visualization result of straight trajectory prediction at the intersection
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Figure 3-10 Visualization result of left-turn trajectory prediction at the intersection
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Figure 3-11 Visualization result of right-turn trajectory prediction at the intersection
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Figure 3-12 Visualization result of freeway ramp straight trajectory prediction
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3.6 KE /2

KREEFAND T 2SI T ] Bt A4, 6 T 3% 8 AT B e
B )5 XAH T Informer B IEHIA T Informer #ER A% T transformer #7024
i, XM A AIEEE informer ALK IR IR o B 5 A 2 00F 22 A5 A LR FR0M ) R
177 A A, 2 12T informer AL ) 22 B P TRMIAR AL, 6y 44 9 MTPI.
MTPI &4 1 HIE SR probsparse HiEE#ME, BRI AR S
WA 2% . KK MTPI 5 CV (Constant Velocity). LSTM+map(prior) 1-G,n-
C. DiversityGAN IX = FpELE TN 7723047 T bhds, SRIa 4 KK, MTPI 72450
TR RS B2 7 T BAS T BT I RSOR
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$ 4T ETRUFEINS BRERMRERRIMU T EZM

5

H 3 B HOR KD HES) 1 H 325 B0 4 8 SRS 1) o H 3025 B 45
Hll SRS FER T 3R TTTE BR A ] 2 L SR A il N S ARBEAT 2 e B HE R Y
U7, FESEBRIERRAT B RE B 22 B 220 n] e DX 3 50 sl 5 DR 3R 7 Sk AT i
AR, 100 33 B H v 2 B A B ) B sl SO B A A I FE S AT . BRI
WHFEIOCAL B 22 b 2040 1) 46 S B B 3

XTI H B B TE SRS AR 2 e B E M SOSCERME SE JT AR A 2
AT T — PR R 2T B0 2 H PR RS RO TV - 207 R L A2CT
(Advantage Actor-Critic) 585 2] LY FEAHAESS, @I i 2 4R 23 1Al
SEHURT B R B IR S A ERIRG R IL, a5 Rt FFathmay
HMEZ B EAR. NRAEVEARARE, AU E 7 a S U SO,
PIEX ELATIE B, MBS TE ML IE R B 2% St T NG, 1237 35 rT RO T 4 i
R HOE R . FET SUMO 1 B-F G RS2 gy AR, I b 7 ke %
A SPE TR ARSI fR b IR T R RCR

4.1 ZEARHRIE )RR

FESE T RIS, B BRI E ) T 2 RO P R8s = A fRy,
HAL & L BB AE XA AT 5t o IR L8 2 FE AL IV T8 2% 45 54 9 42 545
EAT AP T A (] S, RIS A oK A NI R SR b AR AR AT B AR
dr, MRPE R B VR ZE SR, EANEGEAT R 70 v B H#UE (Free Lane Change)
H5EH|HIE (Mandatory Lane Change) WAL, |l iE AT 9t 45 22 4
MRIE AT E & Hox, B ERERATHIE . XFRIET V8T 5 2il
Ve, I TN 2 AR FE R o S 8 TE AT 9 A 48 TR AMAE R P RR 22 15 T e AT il
XA HIEAT N A SRR TR 200 9] ey B 0 38, S5 - B E %
i & R R 7 1) S 2R TE AL B

FERRRIIE RGO, ToiR /e B B IE /S SRl H B 47, Hh AT I RE D
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ZEHERE S H B RS RE ML FER . WE 4-1 PoR, SERERRH
IAAM (Ego Vehicle), ZL/NEFIREHE 44 (Surrounding Vehicles). #tid
AR b e ZE R T R 1) 23 1) B RE st AR, BT DA B R ARAE AT 408 e e
AL B8 AT 2R 8 R B A RS, R 3 R B 0 B AR RS

SEE D FEEH

P 4-1 3T i e 37 o il 1

Figure 4-1 Example of an urban road lane-changing scenario

4.2 thx B¥x

ARFEER N E R A, BT H AR B I SR TR A ST I 2 s
TR TE SR T 1%, U IE JEAE 22 e . RORANET IE P45 5 T AN
JE o WEFT H AR B 24 Advantage Actor-Critic (A2C) %, 4542 HEsLLA
MEARERTE, 8 B 30 B MRS (R R S I BE S 2 4 m T IE I
SR

AREE RV TGN Z BARih R, e et RERMETE =%
SEARESE A HOK, PR TRE RN, @i 5N B EME B RN 2 4R
BEE, R RGN E IR I FIERARRE 1 BT, R 3R SRR
SRS BRI T 22, PR SRR HAR E MEAR R e

4.3 ETEUFINS BIREWRERRMU T E

4.3.1 [B)fE X

[ 2 25 B 0 e S T A AT A AR — A E /R A SR R SE I A2 (Markov Decision
Process, MDPEOD), Hort 3R R4 AR Refd, ERRN RSN TA] 5 t R4 24 i 20
RESHATIMEA . PATEIEZ G, HEHEBIFRES,,,, HERr .. X
R RERFLEHEAT, B4 5E U IE B AR e RA R . B IR R R R
PRI b2 70 40 v sk R b, AT Rl DL 2 4 O AT 38 B R A 2 S SR i AT
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No NSEIIX—HIR, AHFFRHZET A2C K777, @i 5ot & BR8]
A2 TR A2 e 28, AR RE AR R A2 S PR BTN A2 T B 5 O i 0 0 SR

4.3.2 ZFHRIEIMRIEIR

FEF SR A, ST E B SOl LU R ELZRE R RS2, BiESME
ZRASE SRR 1T, B ST e A B A Y 1 A5 Tl TR SRAT R R
BRI R AR BTN —, HPATERERZ 22 R sl R, Bl
JE BB ZE S B INRGEEAT Dy 383815 S AT (0 dE7R TR S AR A L H MA@ 2 5
B AT NAENE . L, Qfal & B R B TH R0l SRS, A R it
1] 7
9T RSN S T TE ) SR O I SR O RIE B B AR R SR e
ARFFBT T A RAARERPE S5 . 2R S P BLEAT I, A
i DA S VYN B 1, Q] 4-2 P o BLAT TEREADLAAN 117 38 B v 1) A T ik R B
ZEAP AT RE DAL 4 R L i A BB AT s BB A X, 25 0 R AAE i R AR
FAF N BB S7s DU i R AR 55 55 i L I BB 755K, i an /e
P B AT M 4B T .

CD SHEH R FEEH
K 4-2 LB =R

Figure 4-2 Multi-lane circular road scene modeling diagram
4.3.3 BUBERRIREZ 1T

ARESEH T M TR ST 2 H AR B SR T . TR
A2C (Advantage Actor-Critic) 34 > FIE N AERIESE, W LR & F L k.
FPETEAMACR S 2 AL AR, SeBl B RAEMIHUE R, IR 4
A MOMA2C (Optimization method of multi-objective vehicle lane changing decision
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based on A2C) . MOMA2C (BRG] 4-3 s, B 76 2 2 i b 5

B EE DR 2 A 0 ) SRR A S R B B, IR E AT )
TEJE B2 e . BRI S, FREEONNE B B 2R T B ZERA L2 E %
R ARG . RIS, PRBEARE ST BNV v SRSl . I A I A SR
B, HAZOThRER R T 2 MR ST HR AL G &, b SR oE s . SR
PR A2C HESE, ot Actor W% 47 5% A2 BN R Mg, Critic 2% ITEfiRAS M
E LA FIRME A . S4B /e A SE, AR B, H R HRIELT

—_———— e | :’ A2C-based model
o W v
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Figure 4-3 Structure diagram of lane changing decision model based on A2C
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random sample(logits), flag =0
7, = P(logis, flag ) = samplelogits), flag (42)
max(logits), flag =1

(2) Critic
Critic X Y APRA S #ATMEVEAS, 485 Actor #EATHE T,
V,(s)=max, > p(s..nls.a)(n+V,(s.,)) (4.3)

AT AT RS TN R IUEANRE € S EAR X T “esh” 8t “hr
187, R Critic BATLHE REITEAE . RFA BB BARR T AR (4.4)
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Figure 4-4 MOMAZ2C network framework diagram
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i b, BT A2C MBS I BV ERARE R 4-1 s
R 4-1 FT A2C 1l SRR R B

Table 4-1 Algorithm flow of lane changing decision model based on A2C

Hik1 FET A2C B RRERI

Bigatk: shifEmEs N, , #scekessk Py(logits, flag ), critic %V, ,  flag,=0;

1:  for FHRIEAR do:

2: KEEIRAS s,

3: # Actor 3R

4: flag, < flag, ,

5: AR 4. D, ZETIIELER N, T2 5RES s, T A S shE 7T BEREE logits
6: Wi (42) A, MR P (logits, flag, ) 373 407 flag, FimiEshika,
7: # W H

8: BT E] Actor IUSR4E R a, 5, T Rkr,s,,

9: # Critic VPN

10: i 43> XtV (s) FV, (S,,,)

11: Wi 44> XitaEmBmE A, (S, a)

12: # SRR

13: Wi 417 RitEER . BH Critic

14: AR (4160 KA (4.18) RIFFAFEN oy T ony

15: Wil (4.15) AIHEAG R L, HEHr Actor
16: end for

4.3.4 WiERKROIMEZR LT

AT VEAN G T B 502 B TE PR 5 i) R rFIR S 22 1) Bl 2 8] LA S 2l e £
{0547 N S
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REFEE R (5 HREMIRER R ST IR ZE . MM A 4l
15 B4
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S ={8/,s, S/} (4.5)

Horp, S RBAREMERZ ¢ FPREE R S A B 4 eErt Z1 t R

AEE: S RAF M L EME Ll ARG, S, S
R BAR BT

ego

={(x,y),v,v,,p,lane,} (4.6)

Hrr, (xy) FoRERLEMIR, vRREMEE, v, LREPINEE, ¢
TR A, lane, FoREMPTELIE id

S ={ax,ay, (X, Y),av,av,, ¢, lane,} (4.7)

Horb, axay R MBS BRFEMOBEEMMFEEEZ, av,av, R4

] 26 R 0 2 25 D kB R 3o 8 24
S = (id, occupy) (4.8)

Horpr, id RORIEHFERT],  occupy FoRAETER A, THRAXWT:

N
|

occupy =U,__ -e (4.9)

Hrb, U NHEESAFAER; k UTERAE, S 45 B 2 1
OIS noR B R 1R EIERKE,

Zibprid, REEN S W ESEREMIREEE . HEEPIREE LU

EBARER, R T A am i s g, (AR RENS 2 B 2k A2 iE
B2 e e S e N7 S SNV E S ERT
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(2) e Bt

EhAE R (8] R 4R B 305 B AR 45 52 RS T R LSRR T A Rl RESh 1 (1
Efro BT R, FNIOE RSN A RE A DL =M 1
A ZEHGE. FAHGE. AGE, K, sSifEEE Rt

A={0,12} (4.10)

Horp, 0 ARRGRFFHETZE; 1 AURA A RIS, 2 ARIA4HIE

(3) & HirZRRE BT

AAEE T2 B AR R BOR AL B ATk, Bkt &7
ST AT = 2 P ) S 25 22l R K

2Rl R A R EARIUAE B RS A R e e R
1 PR R =N

-100, if collision
d. —d
Ry =1{—0-exp(— =) -y -2 if d<d, (4.11)
p d+e
0 otherwise

Hor, WREFRARBEAT N, BEHA5-100 FEME, : R A1)
PR NT 2 AR d, , X E d g, =2m, WHATERE, AR BLA R
N 0.

BORALT: A BERCR T EARIIAE B RGNS B A R AR R, BRIk
U

v —V

Ry =1-—% a | (4.12)
Vmax
EPAE AR AT R AR YN [ B R DL R ) ETE S, BRI
d, /d, a-a,,
Rcomf =@ (1_ ) (pz(l_a%) (4.13)
max max safe

Fort, o Rl g, TR RS o, T NI () AR I P 25 (56
AR (410 H, BTN AGFEIE R, JE - BUNR AR
MR BRI BRI T, b A, Ay, A AR Rl Bk, 7
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A AL, ZEAPRlARE 2 E A BE N-100, XN R T 2R H 3 S HIE
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BENLRI VR R IL, EPIEMERE N 0.2, fEMIIRZ IR B, v RPR G0t
WIHGEAT N ARCEBET 0.15 I, HXH@EATI R SeE R O TiEMm. &
2, fEARTEY, ZRMERHRBERE N 0.7; fHEtEREIrKAERE N 0.2: 2%
RN EBE N 0.1,

Reot = AR + AR + AR (4.14)

A+, +4=1 (4.15)
(4) HRERB B
307 % o 250 PR SR A % R B AR5 2R o B AR ARS LE I T = ZH il SRS 45
SRR T B8 Actor W%, o H brod i i SRMS A 7 Vi KA AR, B
e B A B B AR AR SRS PR RS . OMESR S T 538 Critic 2%, L HbRg 8
AMEATTTHEL R B 5 SEBR Bl 2 TR] R 35 77 R 22 o R 1 DU FH T S5l SR s AR R
B SS FUREALIE, Sl R SRR R U . F O ek B B AR BT R

L[ot = Ipolicy + Ivalue + Ientropy (416)
S|y, AT WA R | e ARFAN IR 1,1, TR TE TS
TREME 407 2K BRI A 0 B ABL R A 1 A0 3 B BN AS S AR R 3 1 0 Hh B, At e
HNERIMERIET, (IRICAERMER RS, |, BRIEBH I A (4.17) Fr

]
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7N

N

. :—%Z[Iogﬂ(ai By 417

Horb, N R — NIt e A KR, RIERRS BOE B i Y i e 3 ie
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W IF45 ¢ BB 5 ML T 55 B BRI 732, AL Critic RIZ Ik
SPEIERERE ST, H9 Actor FUZSIRBETT AR I M. |, (0 LAt 2t

(4.18) PIK:
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71N SR Tt R P R HIR RS9

4.4 LHE 5T
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A 4-5 s, Hode RSB 10RO o, 0355 B0 R 2 B 11 42
i THE b REBREENLN; THE c RTHEHEMSLH.

FELER I Z5 1 v, TE R B S ) = 48 00, R SR 2R TE 9RO 3.5 K. o,
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K, BRIE Y 90 2 BL//NES o FREE A 1 2R L B AW, B R AL 6 E TR
PR B 2L 6 J B AR, Gl 4-5 1B ¢ .

57



S BRI 2 TR R VAT

K 4-5 SUMO 16 22 i A ]

Figure 4-5 Sumo-based traffic modeling diagram for a roundabout
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4.4.3 SEIRER SR
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58



S BRI 2 TR R VAT

R 42 PR
R 42 AFTHEAESRIE R R4 R TR

Table 4-2 Comparison table of results of different methods in lane changing decision

Metrics
Model
Collision rate| Success rate 1 Rt 1
DQN_based policy 0.01092 0.8752 31.1633
MOMAZ2C (ours) 0.01031 0.8800 37.6548

MOMA2C tH# T DQN FFiEEZ M abs EEHRTE. B, Collision rate A
0.01092 &K% 0.01031, FHAXTHETF 5.59%. HK, Success rate M 0.8752 1T+ &

0.8800, FHXTHETF 0.55% - fit i » Ry M 31.1633 12T+ % 37.6548, X H2 T+ 20.83%,

T MOMA2C {£ % H st R4 B AR 3

4-6 JEEs 1 At S SRR i) B AR ARG DL o FERIIRIT BL, A
MR PR BT 22T 40 FIIGEAE, S W SRIEER 2R A 2 ST AR « £ I Be,
HUEAE 20-40 XTAIBEGRR AR, RIS 2] T SRS TR U0 S IR R A P 2 )5
SRR B, BEhIREEEUD, BUEE T 30-40, KIS IZ PSR BLME .

reward_tot
tag: reward_tot
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Figure 4-6 Trend graph of cumulative reward
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Figure 4-7 Comparison plot of speed efficiency ratio between A2C and DQN
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Figure 4-8 Graph of vehicle speed change
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Figure 4-9 Comparison of driving speed between rlagent and vehicle 2
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Figure 4-11 Plot of acceleration changes between rlagent and vehicle 2
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