79 it W24 LB

CHINESE JOURNAL OF INTELLIGENT SCIENCE AND TECHNOLOGY

ETHREZIANEHERZEENT MG E: RERE

IR HKAR BER ERR CP2AT

Deep learning-based multimodal trajectory prediction methods for autonomous driving: state of the art
and perspectives

HUANG Jun, TIAN Yonglin, DAI Xingyuan, WANG Xiao, PING Zhixing

SIAA:
IR, FAKHK, WK, & TR E B S BESPUE TN T % JURAJR D] B RR S EARENR, 2023,
5(2): 180-199.
Jun HUANG, Yonglin TIAN, Xingyuan DAI, et al. Deep learning-based multimodal trajectory prediction methods for
autonomous driving: state of the art and perspectives[J]. Chinese Journal of Intelligent Science and Technology, 2023, 5(2):

180-199.

BT BRI Hofh S B
AT NPT 5 32 5 B ) JLE 7 . AR L Jie B2

Key problems and progress of pedestrian trajectory prediction methods: the state of the art and

prospects
BRERI 5 HE AR, 2023, 5(2): 143-162

3D HARKI 7 20 Tt ik
A survey of 3D object detection algorithms
ReR 5 EAR TR, 2023, 5(1): 7-31

F T AL Transformer [ 25 157 2K fill 5 7K T BRI 2R 4%
Underwater image enhancement network based on visual Transformer with multiple loss functions

fusion
BRERI S HHE AR, 2022, 4(4): 522-532

I8 T A2 B D) 5 2 A P A B A T
Short-term traffic state reasoning and precise prediction in urban networks
BRERI 5 HE ARSI, 2022. 4(3): 380-395

ST AU S M K 2 AL 2 ) VR SRR
A survey on canonical correlation analysis based multi-view learning
HRERF HER TR, 2022, 4(1): 14-26

7 NBGE T 7 ik 2Rk
Review of pedestrian trajectory prediction methods
BRERI 5 HE ARSI, 2021, 3(4): 399-411


https://www.infocomm-journal.com/znkx/CN/10.11959/j.issn.2096-6652.202317
https://www.infocomm-journal.com/znkx/CN/10.11959/j.issn.2096-6652.202315
https://www.infocomm-journal.com/znkx/CN/10.11959/j.issn.2096-6652.202312
https://www.infocomm-journal.com/znkx/CN/10.11959/j.issn.2096-6652.202252
https://www.infocomm-journal.com/znkx/CN/10.11959/j.issn.2096-6652.202233
https://www.infocomm-journal.com/znkx/CN/10.11959/j.issn.2096-6652.202206
https://www.infocomm-journal.com/znkx/CN/10.11959/j.issn.2096-6652.202140

H5BH2M BRER S SRR AR Vol.5 No.2
2023 5£6 H Chinese Journal of Intelligent Science and Technology June 2023

ETREFINBENERSRSHITTNGE: RN RE

j%\‘xlﬁ 1,2,3’ ‘337](#211 1,4 ﬁki@ 1,5 iﬂ&‘ 3,6,7,8’ _1_[—_‘( 4,59
(1. HEREERE E@f&ﬁﬁnﬁﬁ’;ﬁ ??fﬁaiﬁ‘j}ﬁﬁﬂlﬁﬁﬁ%'ﬁﬁ JE5t 100190;
2. BRITRHERE:, T 999078
3. ifﬂ%ﬂ‘g‘é#lk&kﬁﬂ?‘iﬁm % 5 2660005
4. AL AT B BEF FC e, 6T 101400
5. EEERE H T AT IL R TR R AR S R G TREFEAR L, dEat 1001905
6. LRI NT AR, <H A8 230601;
7. BELANRGHARLE W LRI PO, 280 A8 2306015
8. B LNRG GHAEHA TR, 28 A8 230601;
9. dtJ7 B ahEHIE ARSI SR, WWPE KJE 030006)

W OEE ) 2R RS B TR T DA B ) 2 Tl A A A B A B IS S ERORAE B AT G A T A
15, REEE ) D7k C USRI, (B2 Eizﬁﬁﬁzfj+$ﬁF?ibjtﬁizrﬂfihin”—F;kihé;ﬁ% ~ e HG P T AT
ﬁfﬁwi%\xﬁﬁﬁ%mﬁ%uLﬁ\ﬁWﬂiT%%ﬁ ] @ . Transformer H#% (14 7R 59 @ 185 g ) Al JF:
AT UF R 1 HAMNAE B ARG 5 AL AU BT, T BAEY R 2 [ 5025 B 2 RSB iUl AT 55 B 9 fig v
T UL b, BTk, wbid %ﬁ?%fﬁ?‘ﬁﬂ%ﬂ%ﬂ’lﬁli i 5] A2 0o 36 T Transformer (1) 75 ¥ 347 4= 1 e 45 5 [
[ [FIES 53 M T Transformer FHER TAE ST FI M 45 BIRREMI2% . AR BT PR35, 045 & DA M BUEAT 0
S MT 55395 Transformer B8 AT DLTE 4 b B T 2 BES HUIL BUNAT 5%, e SRR BA T I 1) 32 A0 PR R0 AT A R
o FJG, X2 BERPETNAR KK 7 mdkiT T .

K318 Transformer; /FFIM%S; EIFMEMLE, FRAEEL Pubhi; ZHE

HFESES: TP29

NHERFRRERS: A

doi: 10.11959/].issn.2096-6652.202317

Deep learning-based multimodal trajectory prediction methods for
autonomous driving: state of the art and perspectives

HUANG Jun'*?, TIAN Yonglin'*, DAI Xingyuan'?®, WANG Xiao**"#¥ PING Zhixing**’
1. The State Key Laboratory for Management and Control of Complex Systems, Institute of Automation,
Chinese Academy of Sciences, Beijing 100190, China
2. Macau University of Science and Technology, Macau 999780, China
3. Qingdao Academy of Intelligent Industries, Qingdao 266000, China
4. Beijing Huairou Academy of Parallel Sensing, Beijing 101400, China
5. Beijing Engineering Research Center of Intelligent Systems and Technology, Institute of Automation,
Chinese Academy of Sciences, Beijing 100190, China
6. School of Artificial Intelligence, Anhui University, Hefei 230601, China
7. Engineering Research Center of Autonomous Unmanned System Technology, Ministry of Education, Hefei 230601, China
8. Anhui Provincial Engineering Research Center for Unmanned System and Intelligent Technology, Hefei 230601, China
9. North Automatic Control Technology Institute, Taiyuan 030006, China

Wi EHA: 2023-05-19: fEEIHHA: 2023-05-26
HEEWH: EXARRFAREEIH (No.62173329)
Foundation Item: The National Natural Science Foundation of China (No.62173329)



EipR PR HET IR I S B B PR TN T DR R - 181 -

Abstract: Although deep learning methods have achieved better results than traditional trajectory prediction algorithms,

there are still problems such as information loss, interaction and uncertainty difficulties in modelling, and lack of interpret-

ability of predictions when implementing multimodal high-precision prediction for autonomous vehicles in heteroge-

neous, highly dynamic and complex changing environments. The newly developed Transformer's long-range modelling

capability and parallel computing ability make it a great success not only in the field of natural language processing, but

also in solving the above problems when extended to the task of multimodal trajectory prediction for autonomous driving.

Based on this, the aim of this paper is to provide a comprehensive summary and review of past deep neural network-based

approaches, in particular the Transformer-based approach. The advantages of Transformer over traditional sequential net-

work, graphical neural network and generative model were also analyzed and classified in relation to existing challenges,

simultaneously. Transformer models can be better applied to multimodal trajectory prediction tasks, and that such models

have better generalisation and interpretability. Finally, the future directions of multimodal trajectory prediction were

presented.

Key words: Transformer, sequential network, graph neural network, generative model, trajectory prediction, multimodal
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ZHERERMTX . S AFIEEA B 5
KBRS ERA R, HhERkEEREZas
ISHRZE. 30 M7 N & PR FE e 34 5 b .
AN HCHE 4 1 389 X L AR R AR IR B . 39.2 km AR
B B 31 LA R R I 200 kA 3D kR i 45 20
B, P10 Hz 327k

(9) NGSIM™!

B S A 35 R N B B R WA ) S5 1 v
WA BAT RS, EEFEUSI01. 1-80 2518 L1
BT ZE0AE — AN 8] B 1) 225047 R L . 4R
B AN ASEAE ST R L, RN R RS R
3K EE 45K EE . AR R LRI R UG AT EL
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ARz H5%

KL A9 h, R E R . HE R
fE45 min W LL 10 Hz CEEFD 10 M50 A8 BEAT R
FE, T 742 800 22 3 2502k . X ANl e o0
RINZREAR R AMAE R 4, HoA I 72 — %8s
B TR ALY EI 8 s A, Horb
T3 s FAERLER 0 sehads, FelaR S s A T B8k
7RI
2.2 AR

ZEIIE TN 77 38 R FH LA R AL FR bR o

(1D “FIA# iR 2% (average displacement er-
ror, ADE): Tiil#iZE 5 s bR 2 1] (1)~ 3 BR IS
(L2) &,

N,
_ 1 r T , . , '
aoe= Ly S8 -vi| o

b, N, FORITA TN R, TR E. X T2
BT, &/ ADE (minimum ADE, mADE)
LR KATRM 1 ADE 1 B/IME . Y o Y 2818
ANAE ¢4 I TR A5 K PR T 45 SRR S S

(2) &AL iR 2 (final displacement error,
FDE): STl 5 Sehriphids 2 [a] i L2 B

1 &
FDE= ——
N, 2

o, Yoog o Yor 23 MARIRAE ¢ AN I E) 25K Tt
GER M E L . 0T 2 AAPOE N,
FDE (minimum FDE, mFDE) # 7% K 4> ¥l
FDE {5 /M .

(3) ELFE (missrate, MR): FET L2 fHE,
I 2 TR B3 R S e 22 2.0 m I R
5z

(4) ¥JI7 R % Z (root mean squared error,
RMSE): Tl % 2 V- J5 P 2E 7 5 iR . RMSE
X HEOR P T i 22 BRI T 4 A
Z

thredl:l] _YéT[l]’ €Y

RMSE= /;zjl(ygmd—YgT)z (5

(5) FAXFTEULISR (negative log likelihood, NLL) :
KT B HE A (Y), A

NLL= -log (f(Y)) (6)

Hof, YRRESIHE; NLLA Y E, A

TIF R IR Z ) RMSE, NLL Fl T#iE 2 T

& K (maneuver-based) #5 & 1) %1 32F 0 P {7y 1E

a1 -

(6) THMJEH (prediction horizon): F&#&H AT
CLFIIN ) A SR [R] 254K o 38 % TR ) (R K, Tl
DURRS BERRAK . R 17 2 e R Az ], T ()
I A S AN R A, — RO Va9 5 s B 10 s
TP N, FF H A5 Y s 1] 25 B R 5
3,

(7 #HF A (computation time) :  F T2
TR S R B v, IR E R ERITFE R
R F S E B S BRI SR A
R, DA D 2R, R v S TR T A e A
SIS B R B

(8) WIEKZ X IS4 (drivable area compli-
ance, DAC) ;g A 25 B [X 35 Py o i 3 1 3
5 BT A AT R R BRI LU SR AE N VAL BT R H
HRTT R AT R 4R AR
23 IhEg

AN T B 302 B AT 55 £
LUK AR IR SR L T A 77 A T IEL
PEPAES 5F MBI RGN, FERSINT
T AR, AT FTE AT DL X R R A R A
BRI R . AR SRS B A E K
JRE I L (A S PR B, B SR sl T EAR AL
BEAl, e 5 B R —, X T AN 2 I 51 XU
WA RS2, AR U205 B0 7t 5 v 48 DA
R UL 6 Tt 25 T XU 1) 25 B B3 A7 AE 1) 3
AR RINIE .

WG, ARTRG T iHbfebr. AT RZ U
THE PR B 5 SR B () i 22 N PEAG R AR, (R E F
YO R U B3N TR) 0 T4 e A 2R () M g DL R i 4 e 5
T S B A R . AEBA TNE [
FIHEAE L HRTEAA A2 T e [a] i -5 G
£ 2 18] BRI SR OC J R e 7, YO [ 92428 o £ A
30 ] A AT DAASE SO FE S5t e e DAVE A o 6T ot
PR B ] AR I B = 2 VA bR v .

3 ETFHIMEREETN G A

AT AT TP 5 W 28 ) 22 S 2 N 7792
FNTX LT L PIBRERIR 5P . Hor, Trans-
former™ Wy —FBr P2 W 5 45k, RO H BA
HATVHELRE 7 UL AT DR R 2 2 A0 i vl R )

T 2 RSB TIAT 55 Hh R B T AR5 1 IR 1 e
AT SN A I TR T Transformer 17775, [
I 3T (0] {6 3 T Transformer [#) 5 :3H 740 25 .



EipR PR HET IR I S B B PR TN T DR R - 187 -

3.1 ETFERHEMEMT TN %

CNN — iz At 7 41 2] 7 %1 (sequence-to-
sequence) FIZ5H, FEFIE TR 55 Hhod w4 FH T
PR EAE S, PSRN, 18 AR
B HEEREEE MM, ) BA SR A
i R e B LI T ONN 7 35 1y
W AN, SRR, ENZRE R 52l
s ETFXERE. EETONNEREEERES,
DR TC T R g A IE BN 2 AR 1] 8, Phan-Minh
i NV i A PO U0, HER A S
LIRS, BRSO ERRE, JR B AT AR
OISy 28 R H 8 SXONARXS T WA IR A 132 3))
(¥, L. IS, #REBOCHE RN,
PO 2 FEYE . BT A B R D A
B, MAEKEREREEENER T IAR, 2
FOZ B AN AT AR . Cui 25 N0 7 vk e i) B
B 5T ML E s A S ONN &,
B8 5 bR SCE B OGHl EE 9 CNN 4N
S IR IZ o) AR, LS H SRS A A B AL )
FTRM . Marzinotto 2 Nl A 20 4L (con-
volutional social pooling, CSP) J7yE& 2% >] 4
iz s AL 2 O, T8I LSTM 9 i 25 - fif 5
WA BN J1%, il s 2 s
75, FH T TN A0 N LA B A R 2 S R R
TE o BRI AZ 7 5 AKEE 2240 g sk s Tl A SRk
7, RGeS EE S, SR EEAN
& I HAZ TR B R R E e 1), ok
AR SN A R 5

e Stof K R e M [ 2, IS 2T CNN )7
FAE FH AR RS, 41 Zhang 25 N7V FH I (8] 35 41
W 2% (temporal convolution network, TCN) i il
KRG I AAZTEAT Ay, TCN REMS AE A T K
PR, BRI E AR . T HE T CNN HF A,
Gilles 2 A\ ™2 7 HOME 83, i FH i H B 1)
KT 2 s F R B AE v N, 8 A CNIN it 0
I . HF HOME, Gilles % AN 522 T
GOHOME # ™/l THOMAS % i%:"": GOHOME
SRR T AAEAAE, THOMAS S5l 1
2 B RER TR . Ye 25 NPVHR i 35 4 5 0 2%
(temporal point cloud networks, TPCN) 7%, j#
RSB 2 A 2], R TI 4y E g
Vi) 24 B R 72 () 24 P SR A SR S ()45 BB [AME B
H, FEEYERE D, AN A, ATRLE

BEMH A=) @B EWALE, 2 244
1230,

AT EBAG T HT 754 Ry
2, AWK Z K SR e R, W
CNN it T ERZE o H 2 2R 77 15 FF AN RRAR 4F Hh
HEIN A AL TR T34, CNNAELL
T PE B0 BT 137 5 R AR, W T8 1 U] AR AN AE
AL
3.2 ETERHEZMEHT TG A

5 CNN A, RNN EPUIETIAT 55 H g 8 b
7 AR 5, H R AT AT R .
RNN A] L7 i Py S 8] B 9 045 2., 38 0 ek
RS N2 & SRt R R aE . B s T v s
FH RNN A5 A 5L A B4 RNINRE 297 J 2145
Z /N RNN LAY, 78 A H K ) (8] F B sl K g s e
B, A5 FH B A RINNASE A 2 L 3 55 ¥ 2% Behs i
JEWE, SHfE UGS a8, A 5 v E A
LSTM!" "5 GRU"?" 5 RNN &5 & 19 77 1. A
W1 X % T RNN-LSTM AT RNN-GRU HJ £ #4551
IR 5 153 AT N

RNN J& 4% A B I M 4g, Ha K58 #Hid
TZM%% (LSTM) A& — S [A A ph 2 X 4%, FLm]
PLiddz b st N, R LSTM B FH T fif 1k RNN 47
TE R MO A . FERB TOAE S5, LSTM 2%
T LA BT B AT T8 ERAS R BOC T 2018
BRERIIEENE B, W AR Be A B s B
YERFEET LSTM W 9m b 25 - i b an B I B N, %
3¢ JE ™ BT ) R 2 S 1t 21 2 DA T A R
firE . Altché % NP Ui A LSTM E R H A
B A = I T P A 2R, 3 i Tl vy o 2 B
ZEAT A SR AR ) RN O BRI, A A T ok P AN 1
8. Zyner 2 NPV 3 52 LSTM 34N & 7R
AR (GMMD S5, R f i O B A ) 22
SR AT B . Park 25 AU FH LSTM 4 fi5
AENT I SN AT Jw by, AF A LSTM i 2548 2= 55
5, fEARERS AR H R RSR PO R B R A A, A
T TE 3 FH B R 2B B2 2 i AT RE R AR SR BZE . SR 17T
AR EE B LSTM 1) 592 7025 ST B0 2269 ) 1) 2 . 7
5. R Deo 28 Nl i #5239t 55 LSTM 20
B G i 2% 25 & 1 738, A CSP R HUAZ B4R B
s B, B HAENLSTM M, e
£ CSP AT LSTM (18 H A Tl 22 4 1) A SR Lk
Song 25 ANPOIZE St Bl b, FES N PRI R B,
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ARz H5%

WAL & BTN E . Xin 25 NP7 FH W R LSTM,
I I A R AR VAN B — IR WL I T RE SR 54 ik
T BEPEAE 9 TR AR S (M4 - Shirazi 28 AP
T 7)E2HEE A LSTM A% 4 2 41 A 9K FE LSTM
BRI 4 AR B LB . Xing 28 AP T
LSTM $& H BX A I [8] 77 1) 8 45 (1) 7 ¥ ——JTSM,
11 FH 5 VR A B R GMIML X 20 25 B Uk, 3 i
LSTM Al A2 (1] 3 J2 [X 43 7 51 5040 A 725 35 XUk i
TR . Zhang 2 AV XZ LSTM I %
P s g 0 B S 2 B PO T .

BIFAZ FL IR, AT 5 1R A LRGN 7 Ak
THER AL, SREE AR T EAT 41k . Bae 5§
NI i A0 5 8 A i AT AR L R 1 [ VN 3
5, I RNN WA Higsh, HEHMAN gL
g, TS AR A R R B R s
. Mo &5 NV A8 B &N T vk, ¥ E 8 W
Z 182 HAE I Bl NSRS . Huang 25 A1t
T BT LSTM A 7 7 LI B S R 2% - A L) 2% 45 4
TR TS 25 NI AR SR BNIZ . Wang 25 NN 1R 3
H5ZELSTM A&, i 22 18 R0 £ 3 SL L L ze
T Aty 22 4 DL R I A A6 37 s At
Ju 2 NMOUR AR BRI R 8404 (TaKNND
AT RSN Z s 4E A B IR AT N IR, 2802
V0 P B W A SR NN, B R R = R Y 4 B
H AR RHNIZE . GRU #& RNN #1258 /X 2% 1 T Ab FE RS
@ EETE, EAEMAY, GRUBR Y
VEEIWLHIZ A . Liugs AU T LSTM it i 2%
TR IR, R L ZE AT B 225 B 5
FRFESEATHE R, IR 0 f B L (AR AE 5 o Shi 5§
MR B TrajGRU 77 325 AT DA 3 327 S0 38 I 3% 4%
(s B A B 45K . Ding 25 Nl 1T GRU J77E M AZ
ARV AE AR A TS A TP AR B H .

AT FEEANHT T RNN L HY R,
SR IR L 5 A AR AL 38 A L r) R, A7 LR T 2R 2
A TR AR Il 8, 5 SR R T K P A2 B e . 7
A AZ B R Fe A SR T LSTM 5
E=WALIGHIEE RSN O RsN
3.3 BT FE AN TN

55 4 3 %% R] - B[R] ) /8 ¥ CNNL RNN J5 3548
A, Ty AU 7202 52 B N RAE AR K &
5 R e Do B AE T N E N = AR RS B
RETHE M7k R A RERE T 75 B IR A () A
by 5 R A v T N AR AL TR R BN R IR R 4

RS F Al AT SR AN B RFAE, DR v i L B A T
i R 22 AL U T J R E R 7 B B ST )
Transformer {1 Jy— P 1 2k - 2 1 2% - A 5 25 245 44
IFRLR N 25, 7E 2 B PO TIAT 55 o mT LK g 5
M SHEE RS ATHENEETERE I
il BB T T3, SR )5 9 41 Transformer — fi 1%
HEZE, I %FFE T Transformer /L3285 75 vk HE AT
B

Messaoud 25 NPV 5 508 i 2 Sk v B ML
A 2R 5 1) 22 HL I BA . Messaoud 25 A g 410
F 22 Sk bl o H 55 B2 A B R AR () SR
15 4R 1 b A A ] 2R ) () 58 ELRRAGE T 2R A 1)
IR IGHE, i 2 SiE RN BRI, U
HARR B =P IR R BT PR AN € 1 A7 AE
BT M T71%, Messaoud 55 A 42 H e 8 Ll 2 B2
AR TR, TR TR T LSTM i
i T 35 - R R 25 I B AR ZE N ) B, X e Xt
I T ] ] 2 05 () 3 R B T 3% . Mercat 55
MMt P 2 Sk [ 3 L AR 2 ST AR B A R AR
Z TR 1) 58 BE AR EL AR AL, %7 VAR T SR,
AN 7 |] X s B R B 5, IFENLL Fabr B
HUAS T B IF IO . Messaoud 45 AP e i i) 45
RE A4 - 37 e 22 Hh B DA J2 22 Sk VR ML) A Bl 22 A
BRKHI . Zhang 25 N B FEE L H
AT AL-TP, K H gl 28-S 28 4544, fEH
P b 2 P 2 A 2 3 B) i 52 L, 8 GRU
TR AR AN . Tang 2 N0 2 B REAAT
BOR 22 BB T 48 FH CVAE 3 B 48 20 vt
i) @ CRPAS Y LE T 6 A R SR e Iy 2 20 1 sE
e s, FECRE WA R AR ZE Nz A
PR, R REEER 15 BAE#E (sparse graph
attention message-passing layer, Sparse-GAMP layer) ,
FH A58 S 56w AR 7 B S 30 A o ), B R AL
Atk o J T B T WL RO 2 B 45 - i 5 2% 45 A4 1
Transformer 1 X{ [i]] Transformer (bidirectional encoder
representation from Transformers, BERT) "'/ ii- i
FEAIA TN 77 T A B It e, FERENS AL FE B S A
SR T i A AE 1) A N BRSO R R S SR R
Transformer 15 8 AT ELH A 40, IS 24 28 T At
Y1) 22 B EIE T 772
3.3.1 TransformerE %

2017 4F, Vaswani 25 \""42 ! Transformer Fi7! ,
Ko — M T BRI . BEEET
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ML & — PPl B &2 (R AE SR ik, BERT LA
AR, NATDLREEE M, HAEHSREW 2 WA
BRI AR RIERE, BEENLRE AR
TR 2 AT AR & (1) o] i B o Transformer AE 42 3

BT RALEE . DA ZKEERE NS 3 A E
BER Sy, W2 PR
By g
TR
—
5 5
% >
% & IR A | 1| %
L | B |12
4
5 s
% %
i ([ BB HUR| | &
B ~—— — 1 B
fr By D @
NI it G
A it

2 Transformer fE4L (24]

(1) Ymhdas-fArs

Ymhd 2% F T8 7 SRR AR A4S B B R 3
5B, JFE#i N Transformer F, Hi AN N EIEE
B Pk, WA EAERS, Mt AR AL
ERIRHIE . a8t 2 AN ML ZH R, BEAW
MNFE, ohl@ 2 kiE B MBI g, +
JRIE S R R R AT A —

FFERS s FH T AR e, Ho N g A s (1)
Wi, RO . Br T 2 SkiE S M AERE
BN, BN 3N T E—RB 2 LdE )
(masked multi-head attention) , X 2 5 &% HE £%
A BT 2SR R, A T ARk B ZI AT HERY
AEBR, B OR4 HAL B B OIS 2 AT R R AL E,
[ P 8 R T ) 22 A 12 o

(2) Transformer 7 & JIHLH]

HEENGIHE T EEEME R L ER R R
JIWLHIHE R EQ (query). H#EK (key) Fl
EFEV (value) B EIFIH, H AR INEBF,
BCE ) 2@ i @ F1 K AL T 545 3. Transformer

FEZE 32 L o 48 750 AR B IR 22 Sky = L)
MR Fi s ARE = L TN H 7] & query(d))
key(d,) LA J value(d ) 1%, O+ K@ik s BLALBE T
FOAHALEE, @IS He R F sqrt(d,) (KRR 4, 1P
Tt AP Q. K AR T 22 RO T B A DL
IR, N softmax RE3RTS value AL E . 8
itk Ak FEE 3 s A2 1) 2 TE DI 2R B SR BOR R 1R 45 B 52 )
T o

oK’
Vd,

2 VEENEELE Q. K. Vo Bl
PGB AR AL, B h RS R RE R T
MBS, @ISR, AR R, 4E S value,
W — AN B EER G M — R, HRRA
value. HIE %2 kyFE ZEMLH, Transformer 158 1 BL
A VE SR B A FALE A R 2 HE R .

(3) /N5

AT EES 4 [ Transformer HEGEH ) 3 /> 32 2L
Woy: dmhgds. MRADER. IR IMLEI G NS A
FLAE BT B A 9 & . S5 SCK X 5 T Trans-
former [1) 2 AP 7T N4
3.3.2 T Transformer &) % A2 4 3033 TN 7 ik

AT N A 83T 4 K T Transformer HE 42 1) 7]
i3 IS BEANA L KN EA o Sy R S IE 2
AT Y 575 — A BRERAE T a0 o] F A BRI Z5FE A 78
mR TR A RN R . 2B BRI T
TELEIA R T . OW [RIZERE: B0 M5
SRR R AR AR NOIRAS B 2 i gk AT AR, @t 24
FE: XA RER 2 (A28 HOC RIAT AR . 7ERT
(M4 FE 2 TH, BUA T4 MR 2 ST B RY CNN
RNN JGyE g BRI (8] 7 41, 23 5 30 TR) 45 B & 2k
7] /8, Transformer 155 84 ] DU b4 A7 B g i )
() 2 AL PR T SUORAF A g SR B (S I, o FEAE 4
JZTH , Transformer 5 84 ] LL3E o 33 2 ) #L 1) 4 A%
N-ZE. -, B2 ML RS, @it
B 1 7 SO B2 77 fe K IAS B, DA JEA,
Transformer A 4 J& 8| 2 R e A IR T . AT
Y 23 PN M R R 5028, K AV i 8 D i e
BT, WK 2.

BUA T HER 0 i A T L e R R
f 77 9= B AR DL 3o R I £ 7 3 R
Sy A BB I A R SR I A, SRS

Attention (Q, K, V") =softmax (7




< 190 - RERF HH AR ERE
%*=2 ARSI TN 2] 85 Kz BT Transformer 1R B YRR 1%
T 55 11 85t fift R IpE

P[] 2 ) i 32 2 ) ] L -
TS T £ 2 2 W) 24 B £ SR A ) G 2

r—ESAREER?

ZH.

mmTransformer: il i3t (¥ ] 3 4~ 45 Transformer X1 85545 B J7 52 90078 K2 ZE 04 AE A5 220 Sl S 5
LAformer: 5[] 2 42 8 22 R0 A5 A8 TR ASE 289 , 3 i P oA B3¢ g 2 A4 P o s [ A4, 8 8 ) 2 A 2 8 I A A

AgentFormer: I A1 4 % 3548 5 A7 B 4 i 2% , i I [T AR B 1 )45 6

AZH B CEVER D -
B R ) 2 L ey A
B ARERIKIBR R

mmTransformer : %28 A5 S 4m i , Xof 2478 ) M O 2 2 AL
AgentFormer: Agent-Aware AL 7351 U1 578 B8 A 0] R ek [ 5 WTEVER 775
TrajFormer: 383 H £ 5 1 AR USRI S0RFAE 52 PR v, B8 47 b SR OAR 5522 LA S s

RBHALHAGRERAE? Infafiik?  MPTP: @i #h A IR AL G 1 5 RAR B R v S 2R

(EPEN-WAR R &SI LS

Gatformer: X % HE 142 BE 74 2 RE 1424 15 52 T A6

Spatio-Channel TF : 38 i 56 45 4 Uil N 45 (1) Channel #5548 38 4H 48 Channel 2 8] A8 FLAE L 328 1 4 38 2 47

AAAZ L )« FE A TA) (22 FLAS
22 HAS B iz

=¥

A fiA R I

A AR 22 1 SR 2
LT HE T AR ?
FUASEA ] 750 <
FIASE A i 1 J5 A 2
DL AR ?

GatFormer: K JH R 3% i) I G54, AR TH S50 2 2 1, S 5 A 70 PG 7 vy P B MBS 224 Py m R s A, I e R

MPTP : Swim Transformer i 438 5515 H , GAR 4 i [ SEBIE , A2 il vl A v s 1) Tl . 28

Wayformer: 73T IRl 5 R Rl G 70 J2 Rl 6 (KRB, 08 TF Gl 37 g B0 2 2k B AU SR (1A 7 28

TEFREI o AFL A JHE T M 23 1 7 vk FEE AR S 36 43 A1
TR R, 25 Ty AR A A £2 e B = 1t A 3
SR FETEWIE R AT B T8 R E
ABETRUEAE B2 A TE ML . 2 T Transformer 1) 77
VAT DLIBE S A AL T S e 23 A R % ek B ) A )
KENTTAE, (A AT DU G sl 52 2 P02e T ()
ZRSYERT, SCIL 2 BES UL .

Liu 25 NPVttt ] Se B 22 S B T, 32
H mmTransformer HE4E, 1% 75 7L 1E Argoverse & #E
HAT s HE A 5 —, MEZEHh 3 A b Sz i HE S U
Transformer 8 H i, 73 3l 58 & 7 SRk . 3 %
Z B LA HAE B . mmTransformer 244 HE 42 7]
PR 2, BB —EB AN HHIE B R I A At B 3R A
AR RS B A SIS BT e, AFEE
LHAZE: B R k2 A ek BN I T 1E B
HATERE, FEX BRI R OC R AT 2,
SRR AR, ROtk R R T A5
FROERIEE ) o 2075058 H 2 T XS )1 0 SR S
EWIIE WG, @R 0 N AR, @it
AR ELTH R B AR BB R ANy KA R, DA IR AE
SRS PRI EE o SRy i o 22 RS T 20 o B (1]
AT R, Liu 2 NUHR HY LA former I i) 3
SRRV PR . X T E B, S —B B
P R BE I K AT 0 By, FREE G sk, 8
o B ERENUG R 2 KR 0 s I, A
XER IS, K B AR R 2 PO e B il

W&, R EERSE AN E R R, REEHZ
B SR AR 2RO TR FE s 28 — B O i
W4T kit I 21 %% m . Wang 55
NIV S % 11 37 S AN B S A, R T E
T %37 5 P I BB G s T - R K 7%, R
LR BARIR AV NI B 01 B S E s Hh 2 o]
IR T — 2RI sh RIS, %k A8 i Be
& XM, {# FH Transformer HE 22 %t 25 %% 8] () A1 H.
TEFERAE, R ORAE RN 45 SL g 5t — B 2SR
T8 T AR 18 3038 A o

Yuan 25 N VRSP IR (] R S 28 1 b ST AR AE
Yl (5 B R KH N @, $2H AgentFormer 5V —
B RRARAE FEAN I TR] IR S BB o) — MR R AR R
REPIRAS, AR AE—NERE Egmhd i R RR
fiEs  AgentFormer RJ DA [A] i) 22 2] B 5745 B AN AZ B oK
R, BRI T Z 8 9¢ R T LLUOd AN [F I 21 0%
RPN, R T AL S Transformer V3 & 7 A &N i
TG LTS5 58 B N TA) RO B AR B R . 1%
FEE 2R SR FH IS [ G R 90D BN [AUA S 401 2%, JE e e 1)
Agent-Aware 7T 5 /AL 1] J A5 B BE A4 AT IS [A] 1) O¢
%, RHCVAEEZ, DIMEZRmAdd, Wik 174
RN 2 A PE . Pini 28 A"V F Transformer
MEZE, ek o 25 2 L) 25 Bk 17 s b A R B 4
BE. H&ELR, WHBHE, FRT—HrBE
THREAT 7 2] B R T i) L X4 . Chen 55
SR fif e LSTM e LA Ak 7 42 2% Fty I 8] 44 #5441



EipR PR HET IR I S B B PR TN T DR R - 191 -

AR, B S2TNet #5220, 3@ i =% [A] | ¥ = AL 3R
BB M TGS 5 H5E ML E R R, Eit
TCN U4 S M (1 I 5] 475156 22 - Bhat 25 Nt
PRI e B SO R BRAE R A, S AR T
R IS4 1) TrajFormer B!, 7E25 7€ I 5¢ | B4
H AR R R AR AT AL A AL, 3 2od 1A mi-
nADE. minFDE J5 [l [P RE o
Zhao % NPOVeE 4B 4534 i WL TC i 35 £
BRER Z [A)AZ B )@, $2 HY 2% [A] 3@ 38 Transformer
(spatial-channel Transformer) , %1% % 7% Transformer
MEZE [ BEA b, #R N 7 — NGB ER ) (channel-
wise attention) f5iH, RIHF LB (SE) M,
IR SE WX 28 FH T4 R AH <1088 18 2 8] (0 AH BLAE .
Huang 25 A"Vt 5of 4] 4 5% 22 285 i 1A 2 0 v AL,
{85 FH TF 9wt 35 508 e dA 5 R ZE N S B &R
% Sk LI AT DLAS Bh B B Re AR A8 B A [FE
o g R h ] 2 s RN T 4R 0 A 1 ] S i
Bt 181 5 H bR B B A 2 1A (196 & - Zhang 25 A1
BEO0F 2 B RE AR B TR0 W) /L, 42 H T Gatformer,
FR RGBS 1, A LG T B 4 I 45 1)
%, BAR T i B R T R e . B TR R
¥, Gatformer R AT 2 5 G A4 R SR P, )
25 FE R Re Ak 2 [ A BAE H - Gatformer 13 E AL
flE N E—24, B AE AT AL E
P 7 PINRS B2 b 1 HEBE ], AR 2 R AN
Yy FIRUEH S H T, SR 7 ik = n] R
bt AT R B 1) L, Zhang %5 A B JE T Swin
Transformer! ™! 1) 22 4 %5 #1325 750 455 7 MPTPP,
M N EFE (patch merging) FMIWEBHE 736, Xt
NAZ W 505 B, i GRU J7 kA3
SERNIE, AR R A TS R N RS T AR iR )
Z BB T o
T2 A B30 A S A A A = Bh A
LS H¥#F, HZIEEERE (EE TR
R, B, ARSI TR, HAh AR @
Z: 535 [y R AR HAG B W, B 7
W Z AR PR BRI AL B 25 508, (H% 7
VEME CLRIASE AL, [R] B 2 A 5T 5 AN 803 T v [ I £
iF o &F o Uk A B, Nayakanti 25 AUV H Way-
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