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Pedestrian Trajectory Prediction Based on Graph Convolution and
Adaptive Transformer

WANG Fang-fang, LIU Ming-hua’, QU Lian-en, WANG He, LI Dan-ning
(School of Information Science and Technology, Qingdao University of Science and Technology, Qingdao, Shandong 266061, China)

Abstract:  Pedestrian trajectory prediction is one of the core challenges in fields such as autonomous driving and ro-
botic navigation. Its key difficulty lies in effectively modeling complex interactions among pedestrians and extracting multi-
scale spatiotemporal features. This paper proposes a pedestrian trajectory prediction method based on graph convolution and
adaptive transformer (GCAT), which achieves high-precision trajectory prediction through hierarchical feature extraction
and adaptive interaction modeling.The model takes the position and velocity information of all pedestrians within a histori-
cal observation window as input. First, linear projection and sinusoidal positional encoding are applied to map the raw obser-
vations into a high-dimensional feature space, explicitly preserving temporal order information. Subsequently, a relational
graph convolutional network is introduced to capture local topological structures and spatial interaction strengths among pe-
destrians. An adaptive adjacency matrix based on feature cosine similarity is constructed in real time to model pedestrian in-
teractions, enabling the graph structure to dynamically adjust according to scene characteristics. In addition, an enhanced

multi-layer convolutional structure is employed, where learnable residual weights are used to adaptively balance the contri-
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butions of features at different layers. This design effectively alleviates the gradient vanishing problem in deep networks
and strengthens the representation capability of local interaction features. Furthermore, the model incorporates a spatially
adaptive Transformer to model global spatiotemporal dependencies. This module achieves continuous sampling over feature
maps through learnable spatial offsets. Specifically, spatial offsets and attention weights are generated from the input fea-
tures via linear layers. The offsets are added to reference point coordinates and normalized to obtain actual sampling loca-
tions. Bilinear interpolation is then used to extract feature values at these locations from the feature maps, which are subse-
quently aggregated using the attention weights. This process yields enhanced representations that capture both local geomet-
ric variations and global temporal dependencies. The continuous sampling strategy enables the model to focus on spatial re-
gions most relevant to trajectory prediction and to adaptively handle geometric layout variations across different scenes.
Meanwhile, the model further integrates multi-granularity temporal features, progressively extracting multi-level spatiotem-
poral representations ranging from local interactions to global dependencies. This design effectively addresses key limita-
tions of existing methods in modeling long-range dependencies, environmental adaptability, and multi-scale feature fusion.
For experimental validation, the proposed method is systematically evaluated on two widely used public pedestrian trajecto-
ry prediction datasets, ETH and UCY. Compared with existing baseline models, the proposed approach achieves improve-
ments of 5.1% and 13.2% in terms of average displacement error (ADE) and final displacement error (FDE), respectively,

demonstrating its effectiveness and superiority in complex interaction modeling and multi-scale spatiotemporal feature ex-

2025 4F

traction.
Key words:

prediction performance

1 5%

A7 N Fo0I 2 T3 e B A 5 i A0 TR 2
— 1E A Sh B A L B SE HLEE N S A
22 S R T T B G T . B AT B0 e Jy
R Sp o BT W AR R U5 vk B TS T
T3 L R B TR BE 2 S W O 1 . AR SR L T ) BAR Y
1Y 7 ¥ EROR B o ) AT i R (R A A X DA A B AT
T H R R FART R R Y. TG
P 3E ot BE R AT FE — e AR b 20 N e R 2 A
oA B TRA RN A IR X I A fE A R
FURL7) 5N D AR S I A R AN 2,

UTAERE , BEAG TR I 27 > ORI R e, B AR 22 1)
24 (Graph Convolutional Networks, GCN) Fl Transformer
BEAAEAT N ) AR S el 8 20 4 I 25 A 3. GCN RefgiE
ao i A A P 5 A, AR Ak 2 i 2 5 BT N Z T
F 43 (8] 1 1 5C 22 5 Jay B 28 AR, 7 A2 it 000 A 22
FREEBAT 55 R B T R AR T Transformer 8
b A R HLRITE 4 SR 3 B A A e AR OC R L e
% = R G Z RS S E R TE A S B s i 5
PRI 2 2 gy e vh R B s K A RS RE 7. SR TAT, B
B FH GCN B Transformer Y47 7€ &y BRPE : GCN X DA 2
A2 % 1 K I B M OC R, T AR 74 Transformer W) it =
XoF Jay i s [A) 25 4 (R BBURME | EL AR 52 A% B b A T B i
BRI A

R TR BRI, A SR TR TERGIS A
i& W Transformer 947 A% 306 F 0 7 1= (pedestrian tra-
jectory prediction method based on Graph Convolution and
Adaptive Transformer, GCAT). TEETH UCY B4 Y

trajectory prediction; local topology structure; global temporal dependencies; multi-scale feature fusion;

Kt S R W A SO I 0 T 0 B2 5 i B
THAEE R VR T ORE FE ST . T Rl S 6 R M )
Brate— 2B 90 UE 1 AR SCRY 5 i T AVERf MR A T N
B2 A EAE R, IR R T AARRIZ S e . 23
TRk AEE IR

(1) 42 H )2 98 56 R 358 A GCN-Transformer Fli-5 22
R 5L ARUZ GONBEH G346 R iR A5 A i
2RO AR | RS 22 2 IR b A 24 T N ) A2 2 g ) 28
(RPN

(2) Mt 19 25 7 2 T SR ATL R AR 7Y R 6% A 45 4
S ol AN R O S TRl B AE R DG T BE , AT FE AN /] 22
HLEREE T S R A T 43 C - R Y 2 ) AR
AET .

(3) 51 A Z2hE I P RRAE Rl SR W, 38 2o AN [+] B ]
AL RE YR AE 42 JRORI 32 B AR, S XS A7 A AT A Y
Z R, k2R aR Al T RRIAE B 2 3 R I

ob
He JJ .

2 HEXIE
2.1 ETESRBEMZNIT ANHIETN

GCN B e A RO BT AR E 438 HC R L TE
AT N B30 ot 0 51 e R s S A A R
Social-GAN" (Generative Adversarial Networks) B ¥ ¥
P13 FRU O 28 5 | AT FUI AT 55, 38 3 A 2t 20 265 1R 45 )
ARAT N B2 2 BA, BE5E T GON FEIZ U1
FERH BEJ , Huang 8 A0 H s 25 (8193 3 7 285l oot
S5 45 I [] R 2 [ 25 B2 %) J61 45 AR 10 3 1 X
SR O 28 1 AR RE T 5 SCHR L 11 ] 00 SR T i 25 R A5 R



o112 M

FIF555E  FETFT KETS H i W Transformer AT A5 H0

4509

PR 3 a5 B HE B TR 3 B2 RN B () 3 A2 Sk b 3 B
AEFH); SCER 012 146 7 I8 R S FRBLE, e g sl
PRI AL SR B LAGE O A TR () 22 AR . SR, B T ik
K2 2R FH ] 7 1 LA 2 SR s, X DA 3 N 2 > 43
SR AOC RS, X — PR M 29 T AR 1)z ik
AE ). EEXT LR A, AR SCHE H GCAT ALY, g 3 T
AT NAFRAE A 4% 5% AR 0L 3h A5 A AR 2 4R B , 1 36 v b
2 S FEAR 2 T A A8 AR ANES A IF A 22 R AR e fiE 28
5 R R O ZR AR A 45 A, SE P T M AR A iR
A8 1 F B WUREAR S 25 0 4 O 6 TR 465 pe) A, A
T RS s O B v M AR R R R A
HEFNE 2428 B e R A fE
2.2  ETF Transformer B91T A #NiE i

AT 4E K, Transformer 5 71319062 (8 7R K 1 B K
A T () SRR RE T, JF RIS A N AT AR
P AT, . L T AR Yao 258 AN 32 A HsE K
) B P AR RE T, R AL AR Dy s B
PR B TR . ARTIT , 52 4% 28 B 37 S5 R ASUHH B I 15 8,
HBS R TI0I 68 T)AS 2 . oA R I A 2 AR 1 | I 2ot
FEBIA T 28 A2 A KL . Yu 28 N ) PRI 234 Sl fili ik
AT NI E 220978 A1 28 ., 18 B Transformer e 4ifi $2 3
B 57 1 AR )48 B L 1) 3h 2538 4 ; Mangalam 25 A1)

AT R AL B AR, R T T A A R] OC R Y HE
fifE 77 5 T Yuan 2 A G0 bR ARG 2 I HL
il , BT THF @B T NS 2838 B R . (Hik sy ik
FEAE Sl Z X 22 RUBE B 23 A 1 i G — R e g, sk L
[) B 47 0% AN [R] B [a) f25 2 A 43 ) ROBE T 1) 2 24 A8 LAt
K. OARFETF IR T ARSCHE ) GCAT BRI FE L (R 28
A RBEFRIEEBALE], JF 456 Bl %S
[B] J&% A1 Transformer , 34740 B FAE AT AN AR 715 5 R
TE5 FRAEZE B IFRAE . BT AR B TRk
By sh A e 1, HERE DL 2 ROBE Oy =X i s A1 AT
ML 2350, R B G A 52 2% Bsf 25 AR G 22, AT B T+
PN AR FE

3 HBATFHITHNA GCATEE

GCAT B R A RZ O TR T A — 25 3T S " B9 15
SAGEBHEH . B 5, M OC R B GON JZ R Bt T A 2848
4 J5) B A1 MR 5 B 38 2 38 B 4 E] BT Trans-
former 22 , B 13X 86 Jy MRk B, G O 42 SR S8 AR RAE, AT
SRR A R R A SR RO L A LA . Al 1
I, GCATBERIAL 5 44380 FrAE R IR Ak (22 T A1)
KA GON(Ze A ELRAEN ) | 3 B 23 ) R Trans-
former ( P[] HEZRAE A ) LA KRR Uk it 2 . o, A5
A RRHE N GON 2120 I3

—HEEH (ConviD)

——00000 - OOO0O0]:

FRBHHL (MLP)

{3
[0000g - Ouadd J
Wan)
>3

RS2

3.1 XZRBEGCN

AT —FhEE T GON 0GR A HEZE >R T 3y
ST PERT IR R AT A RARTE T e A
B NRUEBIRE S . WA 2 F7R, GON BARZ O AE T
SR R e 5 P A5 (5 R TRIE R G . T A
R AEAIE 1] i 22 T 2 o) RO [ O B S s, 5

GCAT RIS 1&]

AR R T IR, D Pl i T RS AR,
B2 B B PER T R  HARL OB RIS (1)
7R -

1 1
X'=c|D 2(A+I)D 2 XW (1)

Hovl, A FRIR AR FFE I, D N BEAE RS, X R R R, W



4510 CIN R T 2025 4

SR ] A A A R Jei T A AR AR R
EE —— . HO™ = AHOW® (3)
e Y PR 4 56 R gl A SO Y — 3 TR AE A A
L o R L DS
l }— ReLU —Z— x| | FSE AR . AR 2658 TR 2009 S RRIE AR
N ervereers z | W AT T S X R ] da #ﬁLZE b K L H A =
! o ! e 1 IR VAR G N ) = /b u g o= VN 150
N 7 XoF 4% SR AL # S I R SR B2 A0 I AL R ARIE S R
K2 GON b B BB R E M I W 1 — 25 48 5 X B VA — TR
ARG AN R, I N T S BERAE S, an=X(4) FR

T $EHE L — 2L R FIAUZ GCN 2844, &l 1 42

Lﬁj@?ﬁ,,ﬁ\ﬁ OJRERAE Tl i HE S GON 2B LB A
ZBABIEAS B, DL R AR RRIE SR, OF R FH 5%
FEVEHE R R A B AR R B | 5 — )2 GCN #7925
Y1 URFAE R 45 — R AR S (5 LR A, =X (2) s
HO= = AXOp® (2)
Horf WO e RIS — 2 T 2 S AT
O RTE AR AR A 2RO R L Bk
TR — 2 W 4540 G 1 B A RRAE , AT
TR IR AL RS SRR A RO R AL S B AS L PR

Y:D’%(AH)D’% (4)

TP AR AL ) AS PR T S [T o E S T
PINAREESE 1R ENE R (T OR T = By VAC L - [ N ]
5 Vb 3R A1 SCAHL B 21 R A

S A5 RRW A U O R AR GON HE SR R 98 A7 2L
FPEAT AN R0 5 2422 B, 0 2 B 20 o 7 oA
Wk BRI BT I B AN 2 2 s B B R R G
3.2 BHiEMNZ 82450 Transformer

A i Al A A N AL S 2 RE S
AR U A B2 8] R SCfE B, Wi 3 s

1= /4 Vevar)
B EAZ T, = (3) s . e RA TG W RHIE & 0 ik
// ____________________________________________ \\
/ \
/ \
[ = 1
| i . I
[ [ wmie e |
era o FR g
[ 00— "% —|EEE | = S |
i ye 2z RFl
: ] e e E % :
| H/n/n I
: HAKHE R :
: (]38 %7 4% 1) 2% 1 Trans former 45 1) | :
I I
I I
I I
: R :
i B R i
| — —> wmw |—> = |
Ap
I N I
| ALY X)(,%i?# HEH SO ImREEX |
| /ﬁw ,,,,,,,,, faz AN I
I - N I
| /// \\ 1
| I/_/_ ______________________________ > |
i
: I O Queries | :
| | R 24 BTG AR AED | |
I | - | I
I | | I
I | | I
I | - | I
| : ,,I | I
I o | I
| : x - x ] — I I
I 7:h I I
| : BT | |
I VS , ! I
' | M GRS E CELE !
: ) moge LRIEHERD | ]
| | CREMSEEZE | I
I | ZREPHEED | I
sttt I
| |
\ 6] E @RI R ) 44 |
\ /

38 )3 23 [A] 8 A Transformer A5 84 [&]



o112 M

F 59555 LT A BLS A 3 N Transformer (947 A5 5 4511

ARSCR I 25 (8] 38 0 AL R 38 N %S )
S Transformer /2 B Z 40, BRE R I 5 h 3h
AR Y 25 (R AF S, A Ny b e R R A . 4
AT SSRHIE X € RV N1 S8R, d R FRIEAERE . 28
[B) /& H Transformer B 5638 15 25 [0] [ 36 N {3 2 1AL T
AR AR IE FUELRRAE, =X (5) P
0=XW,
K=XW, (5)
V=XW,

Wy Wy W, RO 3] LT

B 5, B T A R RN 275 05 p 22 2 R e S 1
Ap RS Ap PRI RAEALBR p', 412X (6) 7, p
R R A% 22 . NI AR RS AR I N 25 50
AV RAEN B, RS b OG0 8 Y 2 W] X3, B

p'=p+Ap (6)

FERFEBY B, 1B B SR FH XUk P 4 1 7 2 2 %5 i)
TRORS B0 $2 ISRy P AR, LSk oA 225 5 00 At X LA 55 A8 KL
Wiz SRRy ). 22 ROBERRAE 1B i i A0 SRR 28
AR A R RO 1 22 ROBE A R G 1T >, DA TG R A1E
AN A RS2 BE R N Y 25 ) R SOE B . TR AR AR bR
p I AR R, TOTE AR T B HURA AR K A
122 REFRHE R E DL p" S oty | 76 AR 38 09 A 5 3l 1)
g AR BRA T T I AR ) XL PR A, DT AR A5 5

_—— i —————

AR AE YT 2

|
|
|
|
L o s
\

FUBE (R B RAFRFAE F e BTG K2R AR RUBE 1Y

AR ERS P85 G R I AGE a AT AR & 7431

BN X, s (7)) B, Hoh W e ROt $0%

FEFE . AL AE S Bh A5 S WA [R] SR AR o7 B RS A Y B 22
P, DA TIT SECHE Wty A P 45 4 v 10 5 e s ARG &%

X'=aF o (7)

R SRR AR SRIA RE ) R HE— P I A TREE R

B X, P12 [ BRI X 0 RURAE S RS BR7)

SRR SRR RS B A5 R i s (e e, A TR o

B 28 AR AN — A B X, AN (8) TR

X, :LayerNorm(X+X +Xspm,+X’) (8)

A, H & W 2S [8] 8 Transformer BE 1% [ 33 N 24
Gt RURE 23 [ AR , S50 9 22 s P8 A5 LAl AR O et - 58
e [FE IR S S AR TR LT, T sl A
BRI OC R . BT 456 4 )m B ad W & ) 525 1)
G AR A AU S R HIME B S 2R E
(AR , AT T GCAT 7852 2% R 45 F 254 | B s i
27 > 5 Fi g
3.3 ZHEMNFHIEMSIEZ

AR SCHRE H B 2200 BE I RRIE RS HE AR AN 5] 4 s
ZAE SR 0 J2 22 RO 2544, R 4% [ B 4l 12 Jmy 3 e
BRST EE 2t ) NN BN 3 35 W RZ A (B | S A AN
70 55 AN 2 A8 L R AR Y R B

—_—— — — —

9 \
O |
O
00,000,
O O| | sy
O O
@
M) O |
—— 18 e )

4 200 Rl 5 HE S A

PRME 2 S 4 A B8 X = () e
YEREAE 25 i) 38 3o R A5 3 2 A e
= (9) B

H,=Embed(X)+PE(X) (9)
Forp  FRAEHRA BREC Embed () 2 USRS | fin 2 8 4512 2y
AR 03 B Y B PEE () Y A R G

B R FHOURUJE I 474 B0 e 4 T 447 )
B2 25 T R T S A R 58 B
ey 22 )5 5 A 25 18 35 0 R 0 28 T 19 2 26 X
Hye PN OB R AT A3 (10) B 5%
ORI 3o U MR 30— A W SR A T ek R T L 025

PRS2 BT
H, .= Concat([Hlocal + Hglobal}) (10)

TE TN B B, HE B ] 22 3k i A 4 47 A2 il 22 48
AU I3, DA TITAT SO X R R LI B AN E M S 2
FEVE . R ik 5 SR HESR ST 1 HORDAE
I 2L E P U A R BB, i A AL e N
HEMPIE R .

3.4 IKREH

TR T4 A EAS BT g A Dy S B0 X i
DR ARSI ) PEIMEL , ECSE AR KRB Y. %) T g — 1ot
BIEE AT B85 R BOE AN (1) PR



4512 H, +

EE 2025 4F

1 B N T

1 R
T BxN ’Z z min ?z(yh»,n,k.t_yhvnvt)z

FCH By WS b AR A 0 AT ATESES b 4 L
SRS L T B, b B LS B R
151K BB RS A7 50 R LR A A 8 T 1T 5 o A
A, JLBGE T T 2 W 5t A7 B A0 2 ) ) o
U AN REAL RO 531

4 HEREHWHR
4.1 BIEERTLEEENT

(DB . BT PSR, SEI6GAE 2 4N TF O R
FEETH M UCY FF-T THAIE. W3R 1 s, 31X 2450
ARG S EAMATE A S0 5, 32 206 447 N BT

L (11)

PR Adam PEAERERY IR 2] 3R E 4 0.001. K
B LA AR S A0 I s S8, A SCHE BRI 2R 1001 epoch
Ja o, B ) R DL 0.5 HE AT R . % M4 il
NVIDIA GeForce RTX 5000 #£ 47l 5 , fT 47 5 3L AR J2:
£ F PyTorch 2.1.0%%,

) PHbFaR . PR L RE A SCR T 21
Eiskay S5 #1522 (Average Displacement Error, ADE)
Fl it Z443i #% 1% 2 (Final Displacement Error, FDE). ADE &
EiepuRlIE7 RIIBS RS 7 BT Yeadl IR S IR CTPA VR S Y@ S
PR RS, TR T I A 3 A A T e ] B A
Y15 2% . FDE S48 15000 4050 9 e 47 B 55 L Sk 1)
2L E Z A B WO L AR B RS, B S e T S e A
AN 2R 2E . BRI AN (12) M (13) s

(2) S Yor e B . T AT O 0 U il B A ADE= LS LS 50) (12)
%1 ETH/UCY #iE&E NG ? =
Wi | R W | | AR | B FDE = %Zl( PY-pY) (13)
ETH 1448 360 243 44 . -
i HOTEL 1168 390 623 25 4.2 IWERILER
UNIV 41 134 297 16 KT EEA TG T GCAT BRL R HERE , A SCHE 24
UcY | ZARAL 366 148 o1 4 TP SEEER RS ETH A UCY B3 T T — R AR
ZARA2 1052 204 140 34 X HCSEE , AN 2 B
£2 EETHUCY HiEE LMWL RILR Bfim
Tk GO ETH HOTEL UNIV ZARAI1 ZARA2 AVG

Social-STGCNN 2020 0.64/1.11 0.64/1.11 0.64/1.11 0.64/1.11 0.64/1.11 0.64/1.11
STAR 2020 0.36/0.65 0.17/0.36 0.31/0.62 0.26/0.55 0.22/0.46 0.26/0.53
AST-GNN™! 2021 0.69/1.27 0.36/0.62 0.46/0.83 0.32/0.53 0.28/0.44 0.40/0.66
GCH-GAT? 2022 0.63/1.10 0.38/0.73 0.55/1.16 0.33/0.66 0.30/0.64 0.44/0.86
PTP-STGCN® 2022 0.63/1.04 0.34/0.45 0.48/0.87 0.37/0.61 0.30/0.46 0.42/0.68
EvoSTGAT?) 2022 0.64/1.19 0.35/0.51 0.44/0.82 0.31/0.50 0.28/0.47 0.41/0.70
SRAI-LSTME” 2022 0.32/0.59 0.18/0.34 0.35/0.72 0.24/0.51 0.23/0.50 0.26/0.53
SKGACNPY 2023 0.55/0.83 0.30/0.50 0.39/0.75 0.30/0.51 0.26/0.45 0.36/0.61
Social TAG?! 2023 0.61/1.00 0.37/0.56 0.51/0.87 0.33/0.50 0.30/0.49 0.42/0.68
MRGTraj™” 2024 0.28/0.47 0.21/0.39 0.33/0.60 0.24/0.44 0.22/0.41 0.26/0.46
SMEMO®" 2024 0.39/0.59 0.14/0.20 0.23/0.41 0.19/0.32 0.15/0.26 0.22/0.35
WTGCNE? 2024 0.60/0.95 0.25/0.37 0.36/0.65 0.27/0.46 0.23/0.39 0.34/0.56
DSTIGCN™ 2025 0.43/0.70 0.22/0.41 0.25/0.45 0.20/0.37 0.17/0.32 0.25/0.45
GCAT — 0.38/0.50 0.14/0.23 0.25/0.45 0.16/0.29 0.14/0.23 0.21/0.33

T MR R B as R, N R FoR AR S,

MOE- 4 Fm 15 22 Average Prediction Error, AVG )i
Bl LUE i, 5 00 AR B ) 00 s SR LB R AT L, GCAT
JEBLH T AT R EREDLF . L SMEMO £ AL 4 3]
SRR A OB B T SO A AR E M B
ETH % b 37 5 v, T I s ie A2 ik R AL ] g
M LRI o 13 5 & 132 3284k . AR Z T, GCAT idid
FETREAE AR RURE () 3 N R 42 R I, 78 B 1k ] 2P B

B FeR /N ADE/f/)N FDE.

B EM TS, AT S 1042 B A] RP R Y i
oA 78 ETH R4 T, GCAT #E ADE/FDE |43
BESMEMO 42T} T 2.5% 5 15.2% , B:30F T sh 2 h b s
1EARF RS B b A Rk

[ s, AR F MRG Traj 58S, A HZ RS [H1H
Bl 25 JEIEAE B 2 A8 Horh RIS, {HAE UNIV . ZARA1
LEEE BT R B P — 0 BAURZE L GCAT



o112 M

F 59555 LT A BLS A 3 N Transformer (947 A5 5 4513

7E UNIV F1 ZARA1 375 528 T 0.08 m/0.15 m i) ADE/
FDE ik . 33X — R4 B2 P TR 9 [ 35 W 4R H AR
P 5 i RUBE 225 [ SRS AL, 10 & R 6% 2 S AP BT A
FE I SCBE A T AT, 5 7 W) 2ok 4R A9 3% SRR AIE
KA B IE T B H T WU NIGE R 2%, T TE 42 )R
JEA AR B R Ry kb T b A ST R R ARG

25 L iR, GCAT AMUAE S it 48 b5 L T SMEMO
FIMRGTraj 55 fe i HE 4L, B0 2, Bl i itk sh 85
A8 H SR 5 2 TR R (1) 75 S M 33X T A S B
UEBA T HAZ OB T I X 22 0 52 24 7 5 B 1R AT Ak vk
Sz kg

AL, GCAT FERS AL 2 f AL NS R0R Jr T 2 A
L MR PR, SSHEIDHEFE T EELT
JT B E 2 BERIAH HE , GCAT i S 8RR 0.91 x 10°, 5K
BT ML 90% () S BUHI . FEIHIR R 4R R g I,
19.0 x 10°# MAC A T PECNet fl GroupNet 55 51 , H:
2 5 MID*HL, e HAReE L3I T 30 g . Xl i
HIRCFRI LA ERE AN, SSEEAHE Y STARAHLL,
GCATFEVHADERIFDE Fr5HeFt 1 19.2%137.7%.

#3 FHRHAESRFA RO ERE L

Jrik SHa T
PECNet 2.1x10° 259.2 x 10°
STAR 1.0 x 10° 12.0 x 10°
MemoNet™ 10.7 x 10° 6.0 x 10°
GroupNet™ 22%10° 411.5 x 10°
MID#*5! 9.0 x 10° 40.3 x 10°
EqMotion™” 3.0x 10° 147.1 x 10°
GCAT 0.9 x 10° 19.0 x 10°

T O F R B LA AR

MR AT LA 1, GCAT YRR [RI{ R 0.009 42 s,
TE T A N e 7 vk S BT de O A P G . R
WTGCN F1 GADG 45 K] 45 R ok [ A 54 25 v g 2
BOR, GCAT AR R RE SR e . 3k — 45 SR 78 /1R Bt
T GCAT I R i e e % 2 KU I S R A i 152 11
P FA 3 3k v A5 A (R A N S AL A A i )
LREEN LSBT NS B S TR ASOR I e AT A
AHEE T A% 48 1 JE T 8 12 9 2% (Long Short-Term
Memory, LSTM) (¥ /77 , W1 SRAT-LSTM H13& 4 2% F1HL
il (/) 52 24550, GCAT 75U UE i i 2 403 1000 7y [ it
B FRAR T T, SO0 TS 5, R TR
F1 2728 e R A8 AV A5 X o 7 i ] g Je% ) 4500 2L
3% v o g AN

XEEZE R e I T AR SO R I B AR S H IS
R Transformer Bl F 288 097G 501, Z ZRA REME H 38 W
B ZL B 2SR OC R L MR AL B R Eh A,

R4 MEETRTE LR

Fik HEWTHET ]/
NMMP&® 0.015 26
STAR 0.027 12
Introver™' 0.120 00
GADG™ 0.01270
SRAI-LSTM 0.019 00
WTGCN 0.011 60
GCAT 0.009 42

TE IR R e R AL
AT S5 A A P 23 S0
4.3 1EREHHEREE

RN B AR Y rh % A% 0 LA B AR A Sk
177 —RINBYIHRBEIE , B 16 € 500 B A [R5 P ) A
RUBEARPERERY DTRK . Ry 1 0 M7 ) e A S A
ASCIFAL T GON A HES 22X (layers ) LA S I ZR5E %L (ep-
ochs ) XJ U PR BE Y 52 1A, S 96 45 R AR 5 s . | o,
M\ GCN JZELHRT e al IR H Y 2805 8 2 I, B A
£ ADE Ml FDE #8451 b 343K B AE R 5 92 HER LT,
BEARD X v B <08 4mi A5 S 110 44 BBURE 7 A2 IR, S0 4G 3 A e
B 5 T RO 0 % 3 )25 5 R, PERE AN T R X
Al B TIR)Z GCN G 11 By e~ B4, {145 SRR
T F BT, DT 55 AN TR AT N2 ) g 40 i . R,
TEVNASETT T, S50 45 5 B /R B epochs DA 200 14 fii
% 300, # AU RERS AL - T A 300 56 B 1 W 84 ; 4k 22|
Y52 350 e IFoRAT Rk — 2 A PERE G , BTG AN 1 4
AMUNZTERS . PRI, A SCR 2R H 2 )2 GCON 4548 0%
YIZREEE 2 300, ATE TR B Fe0E P 58 A
2Z ) S B e A

&5 GCNE#(layers) I ZRELEI (epochs) B BEFA 5T
WAl GCN 2% (epochs=300) YIZREE R (layers=2)
ks | 1 2 3 5 200 | 250 | 300 | 350
ADE | 022 | 021 | 023 | 022 | 023 | 022 | 0.21 | 0.21
FDE | 0.34 | 033 | 033 | 0.35 | 0.36 | 0.35 | 0.33 | 0.33
TE IR R e R

FEFR 6 BLHH Al L, i S PR, TR A
1% W 7S [8] JB AT Transformer BEHE A PR RE . 1728 1A B AE T
FEEF AR, (5 i = AT N2 8] O &R ) ot
55, HOV- 4 PR R 2 (I T e 38 80 UEP T GCN 7R 2%
Yrse i Rl 22 B A5 M B2 . Rl SUE R OC R
A GCN F5 B 4 748 PR 1 B0 B S R, 3% BH o el s
KA BT Bl A XTI i 235 SR AT FE ) L AR SO
HH AR AR R T 1k A KRl GON () 2% [a) JE AT RE /1 5 Trans-
former [ B} 7 AL 0L #5 , BUAS T fe fE°F- 34 ADE/FDE 14
Al , UESE B X T AT 45 2 EAN HAS T sl ey




4514 CER S R 2025 4F:
F6 BANEHRBHBIEE A :m
KHRBGCN | FIEN % &S Transformer | GCAT ETH HOTEL UNIV ZARA1 ZARA2 AVG
— N — 0.38/0.52 0.16/0.26 0.27/0.50 0.18/0.31 0.13/0.22 0.22/0.36
N — — 0.41/0.55 0.32/0.59 0.34/0.61 0.17/0.29 0.25/0.41 0.29/0.49
N N N 0.38/0.50 0.15/0.23 0.25/0.45 0.17/0.29 0.14/0.23 0.21/0.33

T BUEF R /N ADE/HR/NFDE.

BRI AR SR ) R AR R 2 A
ORI 2R B AT T i Ak b . g 7 R i i
SR AT 2 G E AR R T TR RAR
7 XFRBEGCNE5BIERMZ8BAN Transformer BT BRI phSLIE

i SHE T3
KZIGCN 0.1 x10° 0.1x10°
[ 3 % 55 [8] J8 1 Transformer 0.3 x10° 6.1 x10°

SUGEE L AMIFI T GCAT RIS 1 b 5
A, L RRAE 7 A A 2 A48 (R 22 B G R Y[R
A7 HE AR AR AT BT B L 3 T A AR ) 3 AR R R AR
R AZ BRI SR N B L ISR T T R AR
BRRGBE B A EE
4.4 KIWTFEXTLE

Kl 5 BEn T GCAT #: & 78 ETH, HOTEL, UNIV,
ZARATFIZARA2X S FEERCHE S 1 AUl R >k 12 Aif [i)
H (4.8 ) BN B iR 22t vTUEH A Y
S TN 5% 25 57 I A 1) 2 B4 i Ree T AF & T
AF 388 0 S ORI 2 1 SRR 3 KA . A TR )

R E, AR B B TR 25 B T AR AT Nis
S F= TS B B 25 i 2 2 W B, e P A
RUAE K i BT 45 oh B RAF iz eseJr . B 6 Xttt
T AR SE B I N GCAT 5 MRGTraj i YI Zrad 72 . 25
7R, GCAT 78 ADE H1 FDE W35 +5 4% b 241 HA B AL
B IR 2R L TE 70% 3B 5 #a T RS, Wit R 4f 5 i
MRGTraj SFFEE T B, (HHZE TR IAZAILT GCAT.

—o— ETH
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S
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&
IS
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0220
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e
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. L L L . L L . . . .
04 08 12 1.6 20 24 28 32 36 40 44 48
TR 125/

5 GCATHRIAE AR I o] 2 i 7 B i 22754k

N
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s
3

40 50 60 70 80 90 100
WERL %

Ko IZkidFor

4.5 HTAHL

Sy kG A AT JA R SR 114 2 L 45 4 T 7 T
FEGIXT R 37 50 (1) -2 22 (ADE/FDE) #4717 &4k 70 #r .
W2 Fi7R , 7E ETH 594, GCAT () ADE/FDE 4 0.38 m/
0.50 m, H:i% 22 7K F-4 F SRAI-LSTM (0.32 m/0.59 m) Fll
MRGTraj(0.28 m/0.47 m) ; 7E UNTV 5t H1, GCAT ) ADE/
FDE } 0.25 m/0.45 m, [A] £ Ik T SRAI-LSTM (0.35 m/
0.72 m) 1 MRGTraj(0.33 m/0.60 m). #ALZ5 R 5K 7R
B A RRAL A 3 — 3, F2 W GCAT ASAXAE T 0050 45 i 5
PEIT B0 A B DR 22 A, DI 56 0E 1 4570 13
TDHS B2 B4R

f£ ETH . HOTEL , UNIV 1 ZARA1 iX 4 4095 4 19
AL RE v (1B 7) o] i — 28 A B 45 A AL 7R R TR
SRR 25 . 7E ETH 375 (55 281 ) o, MRGTraj 1
SRAI-LSTM ) T3 #1305 55 T2 52 2900300 7 4% A4 1] FZE 1
B AR AR AS ; 1 7E UNTV 5% (55 451 v 2 Fb
STk R R e ) A 22 B S AT,
GCAT £z sl e ka3 2 3l 5 1 28 Ak & H bR s
S SRR R AE TN AT B MR T RAL AE
52 5= 5 ) I AR e

I, 5 MRGTraj FI SRAI-LSTM 45 44 #fi [ & [ &%
P G B I 25 114 07 W M EE , GCAT 1Y 22 RS B A sh 25
T ML el A A BN 4R A8 B 2 e
22 I T %) 0 9 A 2%, DT A BT O A IS 1Y
B .
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(b) 43 HIXFR; SRAI-LSTM ., MRGTraj 5 GCAT REAY (1) i3 45 5 il WAk
%7 SRAI-LSTM. MRGTraj 5 GCAT i 3 FlvR 84 13 2% 5 i nl MR AL X L

5 g

AR T —FpFEF B GRS H i N Transformer
FAT NS0 T 5 3, 3 2 5 2R 1A AR ) 45 ARy 5
& H. IR 2 ROEE B 23 RRAE 32 JOCPL 1 34 3% Trans-
former ()22 Jm S A EBLRE J1 , W E RER 5 4R 21~ )2
T A R T % 5 24 5 5 b A7 Nz s X i AR AR )
WAL FE ETH UCY 17 AN Bl Ecdi 4 i pFAh , r et th i)
TR TE 2 A st P BUS T 845 3, 735 ADE/FDE
0.21 m/0.33 m, Jiik 7 ALY AEA T AP FiAE: 45 v i A
S e .

ARSI VR EEE XTI AEAT A 5t T IR, R
K TR B TH oy R 2T ) 12 8 Be Rk
B SR TN s NER S B R, DU IR
R 5 ERZARRE ) . RIS FRATTI RIS A 5 1 2R
Bl W5 B 5 1R SCR, Uit — R R R B 2
S IO AR E PR S SRR R F B g R e
PRI AMLAS A I AR T mT 5 A4 2030 1o =2 4 .
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