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Abstract: Pedestrian trajectory prediction aims to use observed human historical trajectories and surrounding environ-
mental information to predict the future position of the target pedestrian, which has important application value in reduc-
ing collision risks for autonomous vehicles in social interactions. However, traditional model-driven pedestrian trajectory
prediction methods are difficult to predict pedestrian trajectories in complex and highly dynamic scenes. In contrast, data-
driven pedestrian trajectory prediction methods rely on large-scale datasets and can better capture and model more com-
plex pedestrian interaction relationships, thereby achieving more accurate pedestrian trajectory prediction results, and
have become a research hotspot in fields such as autonomous driving, robot navigation and video surveillance. In order to
macroscopically grasp the research status and key issues of pedestrian trajectory prediction methods, We started with the

classification of pedestrian trajectory prediction technology and methods. First, the research progress of existing pedes-
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trian trajectory prediction methods were elaborated and the current key issues and challenges were summarized. Second,

according to the modeling differences of pedestrian trajectory prediction models, existing methods were divided into

model-driven and data-driven pedestrian trajectory prediction methods, and the advantages, disadvantages and applicable

scenarios of different methods were summarized. Then, the mainstream datasets used in pedestrian trajectory prediction

tasks were summarized and the performance indicators of different algoriths were compared. Finally, the future develop-

ment direction of pedestrian trajectory prediction was prospected.

Key words: pedestrian trajectory prediction, data driven, social interaction, autonomous driving
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W2 UL S s Bl S 5 1

BTt & BB AMGEIR LM M ZBAH S AHIT  R
st

e TR

22 ETHIRRNET AT %

ST H KB AT NBGE TN T L R R
JEERI—IT7ik, 2T s A o i I 52
U EE, R B a5 ST IR B 2 2] S Bdi X Eh 4%
ARG, DLFIARRAT NI . AT 2 T4
RUBKEN T3 9,  FE Bl WK B 1 75 92 a] ASE B b Ak
B AT NAZ AT, BT IEA T I
BEATHRE S ML, T2 B N vh 22 ST A,
T s WX Eh AT N B B O i 2 E R T
LSTM (AT NBUZ TN 7% 2T GAN #947 A #L
HEFRIN T5 3% T GON AT NIz T 7 v A0 3

T Transformer 47T N LR P00 773k DA E2RLE Ty
VR BIARAE Y 25 58 B fEo0f [RS8 R B i N oA R
(PP, PR RTINS B, R i e
RAT N FIAE 55 A Fofi i o TR IR 4 28 4T
NN T 5 123 AT RN

2.2.1 AT LSTM 94T ABiE T 7 %

FET LSTM (AT NI TR J7 5 /& — Tl s L 1)
BT HARIKBNN 7%, T RAT NP AT @t
AN . LSTM & — i & M 2%, Retl A FE 5
IR AR IO R, RS T47 N2 3)
BT o (EAT NEE T AR, T LSTM
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ARz H5%

(I T 7 R LSTM AR 7R ke 8 A 47 N Bk 1)
W] P 2 Bt TR D S P aZe Hks SR I R Sk h
IS F) T AL E . N, B AR AN dE
P S A AN A S, A R ARk AL B S
ER . BRI GRIE R B o) U5k, Rl
EU I 00 728 1 L SRR 2 [] P i3 22 SR B B 24 2
o BT LSTME VLR E RIS, KREVFTH
FH R HAEAT NN B4 55

Alahi 2 A28 Yol LSTM 7 137 F 5147 A
U AT 55 v, $2 Bl S-LSTM M 2% (social
long short-term memory, S-LSTM) H T #4438 H
AR AT NBIE 0 . AHACT DA TAE AR AR
PR R —— T AL e 5 oR 0T AS a2 4 Bl
AT AR SRR, A ST IR S
ST AN RE iR A S BE B T Be R AE It 2 X B,
S-LSTM #5843 it ¥ F #54fs 0k 5 75 AT N 2 18]
HARMA 2 AT, dEmRets B iF 4T A2
It H R R BARR, BAE NS
BT NEL A — AL LSTM SRR HUS B 12 3))
FRIE(S B . FLIR, ik #383th (social-pooling) JZ
FH L E R HE A 8] Hh Bl 1) A8 BRHIEAS 2, DAtk
KV AT NAS B = AR, B B UG
AT NBEE . S-LSTM A5 2 Hp 5 -4 52 i AL L i ok
LA S B AR B T il 3K 8 7 SN AT AT A
BB A8 B BEE [ A, KRBT AR fS
TAEH R 1R, 72 F AT N2 P £
Pk MRS AR T,

Hasan 5 A4y —Fff MX-LSTM 78, jiidf
X CA AL AL AT DAL SRR BAT A SR
o Ik, AEEFERT NMEZL B H G
BN SR 1) ) 2 X33 FAth AT N B 5K,
A ABE AR S ok ek 5 Y 6t T DX 3 ) T A Y L AT N
BEATIMACAL TR, BIARTEE S 28 At T 28 AN T3
B TIAL AT R AR m A A KSR PO TN R B T . ST
HiR[42-43 14 H I N e S8R 7 [ 7 77 v R 1z L
Z: 578 BRI Gl il e — A e B i 2 it
T8 A8 BN R AL, A S iAok A &
MAGHFAE 77 IRAFAT A 2258 BRHIE. DL D73
RERE BB EUAT NIZ sk, (HaRE R 2R3l
W, N9 BN AS BE el A2 T8 15 43 1R 37 55
R, HHN AR H T AR KRARE B3 1
BRI R, Ak, Zhu % ANFYHR T —Ff StarNet
PHEE IR AR, JE e ST N (AN 42 JR A8 R 8

PR RAT NIRRT s X 287 00 2
5 HFAAT NILFRTHE A — NG T BRHIE,
B 5 o Bca s R I ETAEAT N, INTTTA T M4
W2 BT AT E R . B A 1) Hub Network B4
T LSTM B4 R A2 Bt B 2%, H T 3RHL
BT A AT N B §h3E . 1 Host Network A& & T
LSTM H s i (¥ 4%, 44> Host Network XJ i —
MTN, IS HERIRAE BN AR R AT T
AR AR 4T NI T 3 0 B4 45 ETH/UCY )
HISEEG R, 7E 80% 137 5t N %A A R AR
THARGEVE, FEEA S SR

i LR, T LSTM B 5 vk — s AT
NN TR T30 20720 T o SOt AL
XTGAAT EAI I E S, FERI A A A E XA B
ST RHATR G, LR 238 BAFAE . X7k E
B AT NA G TP 52 ), SR e AR P Ak 2
L H AR S50 RAE I B AR T, AT 3RS B
HERf I T &5 S . SAT, 2& T LSTM HI4T N Btk il
W5 v A A HL ek B A R B SR B 4T A
WRZ B IS R . beAh, 1Z 07 vk Bl
JECIRAS BB AT 7 S B 20 RS S, 20 S5
BEARERORN, nTREe HIEHE ZRMELE, M
B &5 AWM . &5, BT LSTMZ—#
Seq2Seq [ 2544, P& TyksL Bl HATIHE, X
RN S 9 O = 2 P s P i < R T O
%, WRFFEATLZERE 72T GAN. 2T GCN U
N H T Transformer 8 BAT N BB TN 7 7. K2
KT LSTM HAT NPUaE Pt 5 63647 TI0
2.2.2 AT GAN 6947 AShid Fm 75 ik

HT GAN AT NP 1l 77 727 - GAN 1A=
FEEST, M SR A AT AR S R I
AR SR IR o 12 X 295 30 B B AR s AT ) 2
PSR AR s T SR d B 2 14T NASEL
AT N FFA AR T, S 50 2% T ) B 2 ol ) . 32
HiE e S5 S HAR AL, LI B . A
BT HET LSTM & EM s & W45 (1) 7 ik, 2T
GAN [1] 77 2= GE T8 1 iy A T L 328 vp (1) AN 1 2 e A0 2
BiSYE, HAEREE ZHEMERHUEE R, 51T N
TR Atk , 3 F GAN B4R R M T AE fL 45 Social
GANP' SoPhie. Social Way*”!, STI-GAN"
AEE-GAN™£5 771

Gupta 25 N9 V0% GAN J7 1: 5] AT N B E
TR SS A, $2 S —Fh 2 T A X i 4% (Social
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2 T LSTM 1T NFIE TN 75 5%

ik HMNEE IR 265 45 1) VGRS

S-LsTM™ ONE BTN HET LSTM W46 AL 22 WL 25 & ETH/UCY
MX-LSTM! ! EONEE R Sy HET LSTM 4% 1 2 WL AT A 22 It Ak Ll ETH/UCY .KITTI
Group LSTM™ P s HE T LSTM BUH T4k 25 116 AL 1 ETH/UCY
Social-Grid LSTM™ e HEE W LT EE I T A MAL 5 LSTM 45 45 ETH/UCY
$S-LSTMP! PSR S S B HEF LSTM G fffn 45 44 ETH/UCY
Scene-LSTM! " Prdt RS0 AT N A HEF LSTM 46 11 CNN 9 2% 45 45 ETH/UCY
Shi % APY 13 s HETALAZ AL AL GCDC/MOT17
StarNet*) ONZE S EIIE) ) HET LSTMATH A A H L ETH/UCY
SNS-LSTM™ B EF AR R T LSTM 2% RIS AL L ETH/UCY

GAN) AT N TN 75 7% . 5% 5 EA T
&, ZHEFIHT GAN A B B B AR, @il
LSTM #4) A XS HU i 28 858, AT N b k47 1
WMo BARKU, Z7EERRA “128shdmid ik
P2 bR AE R, HUodEl A E gD A A
2 8] 22 HAG B AT AR, 5 o AR O e %
149 A5 S 0 ) 1) s A L 1 ke A Ty B A A 2 4
T AR B NERTE AT NS . 27 AT AR
FH B B S, R GAN SR AESEEL T AT AN £
BEASEIB TN, A B R T8 75 18 H A A AL AR
fiEF 5 B R SCEE U R, B RE TAT N ZIH |
THRFR, XFEAEA GO AR, HArger
AE T ATE RTINS R . BRIk, &R R
HE— 25 et DA e T e mfe PR A T R . A
W7, Sadeghian 25 N5 it 7 —Fh 3 A4 ekt
TT WA % 1) T fR AR 424 SoPhie. %2R ZERE AL i8N
T A SRR SR B R AU, F N R
AT AR S FBEAS R v = IR, b i s
BRI EME B ERHEE B GRERES B
55, FIH GAN A e AR I 42 AT AT LT
e, SLIE BRI, 2R S I
P AT N T 35 R, AR b2 BT 7 v B A SR A
(AT ARRENE . Social-BIGAT SR T 2Bl SCHR[21,46]
W AT AR BRI ARVE, &t T MR T
B 1 A R T Y 2 B TR . A Y i TR R T
28BSz 5 BRSO BT A 2 AR AT i
AT, I LSTM 1) e mmOIR 245 A0 B 72 7 I 2%k
B ST HRR, @B 7 A R
INESLHAT NI s . N T 36 IE1Z 7R B 2L
P, AEEAE ST EimEdE4E (ETH/UCY) E#kAT
TSELG . SIGLE RN, 1Z VAR RO AT
ANHIE BT

FE 458 1) GAN A7 AEAR 2 I AR [ 4 )
XA R HEZ I T 28 () R MERIN R R . N T i
PRIX 6 A B, Amirian 25 N2 T — Fb Social
Way 045 22Ky, %28 #0383 5] N\ Info-GANP? 45 4
SR it 2 A LR T, AT 8 S T GAN H I
A 2 P A 20N % ), 1% 5 VA4 Social LSTM
Al Social GAN # 7 () J il b3t — 2D $2FF, J@ad 5l
NEBIHUHENERA R B 3 2 Bl A8 B B =
BUE ., fEARIEER) T, Social Way 4 3¢ 1 L2 4%
W%, SINET HAS EHIMEE LK (information
loss), AT PR 26 7 2 AT N B TRINAE 55 A
G TR RS, . Fang 26 NP T —FhdE T
TERE JIHUH AR O i 28458 (Atten-GAND K
BEATAT NI TN o A5 B F A 3 J AL R S L
B NBNTE (VI 25 KR, SR 7E GAN [IAEZE N kAT
AR R, SRIRZE SRR, Z VRS T A
HA B AP Re .

g LRTiR, AR T IR T LSTM 545 38 4 48 1
N TT, HET GAN 78 A g 5 0 00 4
Z VB RAE B ZE R I SRR B, R 68 T 4 b Ab 3 0
A R 2R, SRS AERAERZ
FEME I 5 B SR, %O VARt AR AR — S
A — P iE . HEER SN O
N GEATRE, IZRId FE A7 e 23 5 1) R
RIPAE 2 X 25 R 2B BRGHD r BHE 1 s @ GAN
WG FRAR X S, 75 B K A ) R BE 2 ) 1H 5
PR QML E LA EERK IR ¢ &R, TR &5 SR mT
REAFTE TN I 22 s (DGAN A2 1Y) AT fift B PR 2%
7, MECAER AR AR dn o] AR IR o X A I A
TFRIET GAN [ 777 AR 2D 81 F 7E U8 000 4535 1)
JEPH . 3 35T GAN 47 NFL s 7 ikt 47
T



“ 152 - FRRLE S HAR 5%
3 T GAN BT ABUTFUN 75 AR T EE
Jrik WMAGEE X &% 25 1) Hdnsg

Social-GAN" ONE BTN BT LSTM )4 Apehch 35 45 1 ETH/UCY

Sophie!*¥ Ji SR E R SO R HT GAN L AL LA LS & ETH/UCY F1SDD
Social-BiGAT!"! AT NBASHRE S 57 B R SUE R 3T GCN FHIGAN 4545 ETH/UCY

Social Way™"! T S HL T Info-GAN FE: BN 45 & ETH/UCY

AEE-GAN™ Bydt B SC  s 3T InfoGAN 46 1 LSTM P46 42 1 45 4 ETH/UCY #1SDD
STI-GAN! ] P S £ FEF GAN I B 9 4% 45 & ETH/UCY
Atten-GANP D3 s s B st EE R T GAN FIRL )G R #0128 0 245 45 £ ETH/UCY

2.2.3 LT GCN 8947 ASRIETRM 77 %

F T GON HAT NFZE TN 75 5 R I R AR HE 1)
— PPk 1ZJTEFI GON ST N 22 (A1 25 8] 9% &
BEAT R, AT #4258 HAS B EIRHE, 1
T SEIAT NPT . FARKRYE, 277051 el AT
NPT R PR R IR R R A B X 45 45
H: HIR, I GON X B 0 2% 25 1) 1EAT B AR ER AR
M2 23T 2 [ A AR SRS, B9 A
MALE . TS BN AR, 8T GON T
RIS MR, e, PO AT N ASR AL
H. HAl, C&AFZ7ERE 7T GONATA
BN U792, 4 Social STGCNN P9, STGAT?!
RISGONPOEE 375 e A A A B SR R B T
BEAT T IRAIE, RS T BT RO TIINASCR .

Mohamed 25 A PY7E STGCN #5413k
T, R E SR N 4% (social
spatio-temporal graph convolutional neural network,
Social STGCNN) 5 ££ 47 A L 328 i 45 42k m € FH
GON MAREEME TAE . i M 2% 3l 447 N 8] A
S H R RN BIRF T, BBy B2 S5 4,
T AL RO SRR R EAT AL B, DA 4 = () A
IFIAE S o X P IT IR R AN A AL 22 58 BAT ALY,
I/ P 45 B 5 S BOF 3R e P28 TSRO, Bk T SEI
B R TN R . Sun 25 AR B —Fhis )
#2247 N (recursive social behavior graph, RSBG)
(R TTERIEATAT NPT . H BA ARRAT
H AT N4, FEXPH AT AT 5 R bR
HETT X AN 5 5 B AT N 9% R EAT TER R A L.
RSBG [ £ 3 12 8 I ) 77 200k 52 EL Ve 1 P9 F A ks
FEHEAT AN W S0, a2k T AR B B ) SN AR HOG &R
I J5 1 I LSTM fiff i #5% A2 s o A 1 Tl 25 2R . Shi
i NPT — B T AT N B0 T R 7
A 2% (sparse graph convolution network, SGCN)
B, fgde 7 O TR AT NS ST IR 28 B A AR

(VAR TUAR LA BB AT NI a3 i il . 1%
15 A FH A i AT ) 2 () B RHAT N A8 B R SR AT 2
B, A M B AT 0] I [] R @ AE s, Tt
S T7 1R BEAT TR0 o 5 i o V9 o it P A T
Hro HEIH A T PO TN ) XA v o AT S
1747 NEVE T . SGCN BB AE ETH/UCY %405 4k
SR TORSE AT NPT o H I 1% T VR T L
JEZHUHAT BUEWE , Joiid NAN A 1 22 B 5,
MR Z 50 B 2R s AT N Bhas =8 ok R I B e
77, PUCHARMEETC N S35 h RITH . 24T
N3 B FE A A7 A8 ()i BERERLE 7] @ 1, Bae 5§
NPV — i K 2 Ok R B B 2% (disen-
tangled multi-relational graph convolutional network,
DMRGCN), HAJH—H 7 ERERT NE R
DA HRER, MR HEET 428 R B EE R
ORI P E RS HAT N ek, B
I8 3 B[R] % FR ) 4% (temporal convolutional net-
work, TCN) Btit 7 — /4 R iy i ) 5% 401 b 4
FH T4 ME DR i B2 SBERIE 385 B s BB R 22 . SR &G
BRI, ZE R A I T Bk Al T 0T 5
e, ST B RTINS B AN, TEAT NE
A7 R I, Cadena 2% ANV ) —Fh Pedestrian
Graph+ B8 F T4l vHAT N 208 5 28 1 = I, 48
BUAT N AT BN R U 5008 BAE RN 3L
5, W GON BB HAZ B R, HEMmEST ATl
Hnse B3] T SRR PERE .

FEAT NP Fi0 &ids, 5133 = UL B B 38
MM 2] 72N AT A HEE
H, B BEASEEY) (FIEEEE . AR5
WEE) MARESY) (FImHART N BATEANR
LR R I SR AT Nissh k. Rk, % E
BIANFEARR I S, KA RPN EIRS S
AT NP 2 LB SERT A S TAE S, e
S RN Ty AL Dy vk e SR BT A
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Z [A]RTIRR CEE B R B oG R IR T, (HIXEE Ty
TEASBE B AR AN [RI WA LEAT N A2 O R Hh 52
Wi Fy. MHZ TR, B AP S — g A
IR 2 3R, SRR IS5 R FisT 4, REfsEea
Hi g P 19 2% &0 3 b ) AN 8] 1 A7 LA [R] A . ]
bE= WAl k<P IPEE N E PR Y =9 i0f iR Ty o X Nk 7/KuN b} -2
We) 7, RE A% B0 v b A 2 380 4 Ak 2 TR 1 58 LR
R, BRI AT NPT ) AERRE .

Tk, Huang 258 NPEAT A6 s 700 405K 51
N T B B R M4 (spatial-temporal graph atten-
tion network, STGAT) H T 3R &5 W A A& B
EHIZBHRFE . STGAT 5& —F¥ Seq2Seq J7 511 2244 ,
T B LR SRR AN 24T N7 () 22 BAT
FER, FHRHLSTM AT A B [ 28 HAS AT
G, AT SE I 1) 2 S B T &5 . SEge
SERRW], P I i AL e e Ut
N RATECAS FIALE, AR S8 S s RS
o3 W0 B E A, T A e X ) TR R
Lyu 2 NSt — Pl 25 500 3 S BB 4 (so-
cial soft attention graph convolution network, SSAGCN)
PR, Z AR RS R Ab ERAT N Z ] A 58 R

RUKAT NG ABERSE 2 HEgRZ G R
WFHSZHAER, EAEAS I R GON 1R
T RE AR E . X TYHAZHAS S, 8 ALFR
W46 B 5 T 3 sl AT A 9. A& aETd
TCN K135 (K147 N85 . 32 Mohamed 25 AP
JE %, ZhousE NP —Fl AST-GNN AL 42
AT NIRRT . %5 AL ZE Social STGCNN
H B 2 AR E I TR AL, 32T T
LRIHAT NAEAZAT NI S HEFLRE . HAR SR,
AST-GNN #8 th S-GNN I T-GNN # # J7 A [1) i =
BRI 2, J8 78 Bk 22 9 28 b 5| N3 0L
i, 1E—@E A LI TAT NP R TR FE
g BT, 3T GON AT N Bz 50 75 v B
BVF 2 AR, WnRenE E AR 5 2% 1) 25 R FI R [A] O &
HAERGHITTY EE. fets 5 &N S5
Tict A 7] (R R B e LA 5 v 1O TOOU YR A P 55 . R
GOTEAAAAE Sl A, W R A . 5
JRE MR AR IR 22 HAE DUSLF T S
WS . BRI, ZITVEEAT N TN AT R
A Z IR AT B0 T 3 — B A et .
F AN HET GON 14T NPT 77 153047 110

<4 £TF GCN BT ABUETUM 7 A3 EE
Jiik HWNEE X 28 &5 4 K e
STGATR! T SR s 4 H5T GON [ %% \LSTM 45 1 GAT [ 4% 454 ETH/UCY
RSBGP® T3 Sa i B BT GON £ HI LSTM 4% .CNN [ 4% 45 4 ETH/UCY
Social-STGCNNFY P s 3T GON 2% il CNN 4% 45 4 ETH/UCY
SGCNPY T3 SRS B R IR S R BT AR A ) B AR 5 8 R ETH/UCY
DMRGCNE! JF3 SRR AT N £ HT GON FIVE ML 45 ETH/UCY
SSAGCNI®!] T ST HF GONLTCN My LIS & ETH/UCY .SDD
AST-GNN!® i SRS HT GON LML 5 ETH/UCY
Pedestrian Graph +°”! TANGLE G E T XEEFEREEGERE T GON MG RGN 4 45 4 JAAD/PIE

2.2.4 T Transformer 6947 ASIE M| 7 ik

J£ T Transformer (1) 77 15 O 4 BN TR 5 % 21T
SR — M, LT E BRI T A RE
Z 4P (natural language processing, NLP) Ut
S, ZJEAETH SN SR & ST AT
NPT 43k, 3T Transformer 147 A\ #1725 i
M7 ERAT NPT VRS 18] 7 51 504, FIH Trans-
former #E AU BEAT AN TN . 55FHET LSTM. GAN
1 GCN 25 IR AH L, FE T Transformer (145 714 H
AIAT IR AR RIS, Refg B 4F AL
PR b KRR 2 1 . BRI

TERAT NPUE R AL B S BN
J¥ %1, F H Transformer #5284 %6} 1y 41 33 47 9 5 A1 i
i, TFAT N R B . fEgwmbdid e, %
JriEiEE 2 Sk B ER TN 2T P B 2 8] AR B
2R, JEAE AL E g b e 51 ) A A R AT
B, FEARRYGIEAE A, %05 AR o i A2 453 20 1
5 RN PR RATIZE A R R, LA BRI
J T Transformer 747 N BIUIZE TN 75 9% 0] 7 B AL
A TOAN 2 AAS T P 28 o FRABEES FI0IN 2 Fi8 7 T
TN, REEAT N ST E ., E R —
BARELRE, AZEZFTRERE. 2T
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ARz H5%

MR TARES (EFXEE. THXRMAE
SRS ZEBIRER, @O RE AL A BT i
155, BN ZADARPINLE R, FHmd R mE
FERFATRL G, B v T AR 1

E RS TI J77% b, Giuliari 25 \P7F]
F Transformer $ 41 SE I 1 BB S AT N BU3ZE T A F:
%% o AR IE T Transformer 1) 4 5 25 A fF 5 2% 45 74
TN 2450 A 22 i Z0 AL B (S 34T I 2R AT,
FH T A0 AR AT NEIE o 2 5 15 A S 1 B
BB PIM R, 2 R R ARG 38 4 H I P
P 2238 S TIOI 25 SRR R ) IRl . Ak, Yao 5%
R T — Rl JE T Transformer [ 3 213 (4 %0325
TR, I AR AR RG2S A U 2R EE A NG Y 1)k
7= (M), AL SEl H RS 17, BT
SCHR[20] H HA UL AR I8 T3 00 455 SR 0 K % (1) ) i
Yu & NV T —Fh 5T 42 (Al 1] [&] Transformer
W 4% (spatio-temporal graph transformer networks)
() AL AT N T 5 3 o 1% 7 A% 72 ) -
i) Bk R mAT N s, S8 5 R S AR 42 )
2% F Transformer 45 F % AT NEUIE3EAT SR ASAN 0000
Hrp, BB & M 2% H T3 BUT NS IEEdE o i
T[] K F, Transformer A T 5% 2] J37 1 A 1) s ] O
2, AN HE G 04T N 2R B AT A AN SR
Saleh! 4 H} —Fh £ T~ b F 31938 Transformer I £%
(R AR AAT NN 7325 1% 7 A% g sk h ik
BRI OB R (Enib D Sk Ak
AT N . Forr, By S e de Ao B g b A
i) TR 2w %% N\ Transformer P25, T35 R SCfE
SIS GRS 25 gt FE5 7 s B B 1)
it T4 S . BJa, 18Id Transformer ffh5 75 il Hi
A RBT TN o %7 2 B iE S (ETH/
UCY) LtA7 7seiR i uE, B8 1 B i i
PERE.

TE 2R PUE T 7%, Yin 2 NP2 & 5|
CNN B¢ RNN 7ERf #2477 A AT H 2 2 [ 1 S sh 12 3
L EHFHETT ARG, Wit 7T — MRS
Transformer /W 2% 224 (multimodal transformer net-
work, MTN), il 51 A\OGiRRAME B 2 F1T A2
() ) S B A B S RRAE, 3T BUAT N 2 RS 5k
SCIREE R, % AR AR S AR T N 2
Byerf. Li%s NU9gE5 £ 35 [ ¥4 1A] Transformer
A AZ B RO S B 7 18] 22 AR B AT R A
FEH A IE T BT R TR A — S n) 8. Z 5Tk

FEZAT NPT SRS EdkeT T, 5%
FRESHERCRLEAT 7 LU, SRIR s R IIZ iR
TE 22 525 P FUIAE 55 b AR AR 75 ) 1t g . SusE
R T — R 3 T 548 XA Transformer ()42 i
MESERHEATAT NENIE M o 2B AL . 15 AN
I 23 {5 AR R B [F] — B A, B 10 2 A e
MIAbH . SEIREE R, ZEAE 2 A EdE4E B
g 7 mtedn R, ik 7 HAE SRS
BRI RN AE 55 v A AR

gk BFTiR, & T Transformer 1947 A $U32E T
77 AT DUARAE TR0 4 N\ A5 J2 50 9 BRSO AT 22
BESTINF . ERBEsTid, RFEEITAA S
() 7 SRR BT I, AR 2 ST, b
2 EAEE B HAAT NRIE S EZMRAN. &
W E, LRSS EZHESTN, KT
Transformer [ 47 N U328 TN 75 9% 8 8 2 30 HE i K
KRR RE /T FRATTHERE ) AL E i fE
71, UAREA Z kB EE IR SRR . H
ST, ST IEFRIFE AL G 0 50T 51 () b B A T R
ANt GEREAY DL R AR B G50 B B IR S
Ak, FE T Transformer (19 77 12 05 K HERSE (1) 4 8 4
SRR B, AR 2 BT IR R Y A
TR MG ILAHE T RIS e Edls s, Bl E
Y&, XA Z DT IEAE % IR R R 7 B T A
B, 35 %3 Transformer (47T N HUZE S 77 143k
1T TR
23 ITAMBETUNGEERA R SR

FELL EFRZRR RS, BRIV AN [FIPR 4
28 (AT NS 77325, R T H R H R 5t
A, EAfEE Ve R SR — A F 2 A,
AR BT A 77 1580 2 S0 6 N 2 B 22 2 1 75 SR 3 53¢
JIrr= e o 2 R 380 B T 2 s SR s AT N s Fiinl 77
VAR YT PG I BB T 7 v, B SRR X DA
VB R AT R IR Bl AT N T T v A
Wit AT oA

(1) T LSTM BAT N Bk e 77 32

T VEIBE IS T R 2 SRR R 117
50, BIAT NAEE RS S R s, BT
LSTM FIAT NI P AsE 8w A 25 (1) )y 52 e
PR EAT A, AT A AR AR TN R R AT AL
. T LSTM A] LA AL R 7 71 504 1 4K s 44 i =
2, e ETNAKIIT NPT R M R G 2R
MM, LSTM#R AR SR, Hiknlge
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x5 T Transformer F1T NFEE TN 75 75

7 i PN S, W 2 25 1) HAE
Saleh %5 A7 3 S R A 3:F Transformer [ A 45 4 ETH/UCY
STAR" P SR EEE R FF R (GCN) I Transformer 25 #4945 & ETH/UCY
Giuliari Z AP s 3T Transformer IS ARFS 451 ETH/UCY .SDD
Yin 2 \ 17 J3 S L bR fE 3T Transformer [ 4 75 45 1) JAAD/PIE
Yao % A% JT3 ST I 51 B35 11 Transformer R 45 14) ETH/UCY
Lizg A\ T S L RGB BUE B I 5B SUE R ST I A4 Fl Transformer 125 45 & ETH/UCY . VIRAT/ActEV
suze A T3 S L AT P £ T 42 XA 1 Transformer %4 42 g JAAD/PIE

ANIE G AE SN R SR () T N 2 Bk e Ve b s
S o AHL A FE A A M 48 R 3 T A E K A5 3 =
TR B AR B

(2) BT GAN BI47 Nz Fini 772

%7 148 GAN HEAT X B 18 25 >k 1 4 0 2% A
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