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Trajectory Prediction in Complex Scenes Based on
Multi-Head Attention Adversarial Mechanism
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Abstract  Pedestrian trajectory prediction plays a vital role in intelligent city construction and
public crisis management. Distinct from the single trajectory prediction which rely on strong
temporal correlation, in the complex scenes, the trajectory reflects not only the temporal
characteristics of a single person, but the interactive features between human and other moving
objects nearby. Therefore, how to deeply describe such temporality and interactivity, and then to
generate accurate trajectory prediction results according to the change of the scene has become a
major problem in the field of trajectory prediction today. In recent years, deep learning has
attracted great attention and achieved success in the trajectory prediction tasks. However, most
of these methods capture the influence between pedestrians from a single view, and they fail to
consider the multiple factors which have an effect on the decision of pedestrians, such as going
straight or turning. To this end, in this paper, we propose a multi-head attention generative adver-
sarial model (MAGAM) which combines the multi-head attention mechanism and the generative

adversarial network to model the pedestrian trajectory in the complex scenes. Specifically, the
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MAGAM model employs multi-head attention mechanism with relative displacement information
to learn the attentive weight of subspace features in the whole trajectory feature space on different
aspects, to realize the characterization of the interactive trajectory features that resulting from
mutual influence between pedestrians. Moreover, the adversarial generation strategy and multi-
trajectory generation strategy are used to achieve the reasonable generation of individual moving
trajectory in the complex scenes. During the training process, the generator firstly extracts the
personalized temporal features of pedestrians from historical observation sequences with long
short-term memory (LSTM) based encoders. Secondly, the locations of pedestrians and temporal
features are integrated into the multi-head attention model to learn the different weights and
output the interactive state of the pedestrians. Thirdly, the interactive states and the Gaussian
noise are fed into the LSTM-based decoders to generate multiple prediction trajectories. Then the
discriminators are employed to judge whether the input trajectory belongs to the truth trajectory or
generated trajectory as much as possible. By training with the adversarial mechanism, we could
obtain the approximate truth results when modeling convergences. Finally, in order to estimate
the performance of the proposed model, we conduct the experiments on two public datasets
(ETH and UCY) which are widely used in the trajectory prediction tasks. We evaluate the
prediction results based on three evaluation indicators: the average displacement error, the final
displacement error, and the average no-linear displacement error. Compared with the existing
trajectory prediction methods, the three metrics of the MAGAM model on all the datasets reduced
by 26.90% ., 21.02% and 24. 06 % on average. And the prediction results and the interactive scenes
among pedestrians are visualized and analyzed which demonstrates the rationality of the results.
Additionally, the performance of the MAGAM model including the average convergence accuracy,
the average convergence time and the average prediction time is verified through related experi-
ments, compared with the baselines, the MAGAM model gets the longest convergence time and
prediction time,
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Loan= m(m max By, ey [log DCT) ]+
£ =min| T-G(T.2)* | (23)
Horp Al e ¥ HESECERNE, gt &,
) 1) i B AT HE X L SE B0 ) b A R A 1, X
A I B A R AT 0. IR I T R R Ak )
FRIIC, A A T AH . o8 T (AR Bl s AR B B
Z M4k, 5 Social GAN ZE Bl A% SCXF AR J 0k i 47
ke UCRFE , B BEIR B /N B o A7 B ) A5 45

=

S X I§

AT E S A L g A T A ERE AR SRR IR T
W8 A FIE AE BT, SR J5 X BT i MAGAM 5
BE AR Y Y 52 25 45 2R O X MAGAM T 25 5L i
AT AT AT. I Ah AR SCER R MAGAM #EA ] T
0 08 I Y R S O ) T & R AT ) A AR
M. 3 A SO MAGAM 5 B A5 7 1) 11 55 FE i)
AT X FE RS . JeJm XA 1T SE g R AT B A
5.1 HES

A ICRABAA IR ETH 5 UCYD Ok
B iE MAGAM L7 ) 5000 fE 5 2. il 2ok B F
LS (1) 1 0 W A R e R T S A R Y
AT NI DA N Z2 R AT N S8 B b 5%, an AT Nk
XTI RN s 2 N Rl M4y SRAR 8l W5, ETH %k
AP N5, Horp Eth #8000 52 7 M 45 B
ROAE ECETH vt 3 8 T2 IR AT 18 2% 19 55
S A IR T2 8 min, ARVE T2 750 AN Y
17N s Hotel ATE 5% T M B RGBT R il 19— K
W 4 BRI AT B P& 1 5o g2 AR 3L 3129 13 min,
FRTE T 29 750 DA R AT N UCY a5 40 & >
Y5, ZARA Fll University. ZARA $ a8 5 T M
“ZARAYIRBEE 17 A i i AT NSRRI G S
T 13 min, 431t T 29 350 A [A] 9 47 A5 University
0N T R 2N — R RGE R B R M
AT 3T 7min, FRIC B2 620 SARE AL £ 1
TR TR A AR L

%1 ETH 5 UCY #iiE&E

Kl 4R (PN 8 s fili i T AR A B o3 PR R (RS
Eth 750 Outdoor on a path 123. 16 768X 576 4. 150 8908
Hotel 750 Outdoor at hotel entrance 16. 04 768 X576 5.935 6544
ZARA 350 At shopping streets 42.74 720X 576 7.575 4249
University 620 From student pedestrians 3.22 720 X576 10. 780 14115

5.2 ZWigE
7% 5256 ) FH I3 sk O 0 0 38 00 U R AR AR

XAT R SR B LR AT BUI. & e A T
TN B e 8 LALE B 5+ 4+ 14050 D9 Yl 2R 4 LBk
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AR IXHE I LA 8 A ] 2B A E AT 2331 B4~ I 1]
AN 0.4 s, G R AT 8 A I 20 9 0L B3
PR A 8 AN 2 B A7 N 1 B 2 AR A A
JRHL ) A 5CR  SE B BB T AN [R] A AR AS A 1A% 7
XAt 3 2o 22 U HORE 7 S R AR AN RO 1,10 A
20 PEAT R ITA . A5 AU 2 BB Ty T AR A Y D
D 24 J3E I figp RS 48 B 249 Oy 32,27 5] 3y 1X 107, £k
TERE L B T S B E 4 e S M R A Ol
8. YN Zkrb R M Adam {0 &1 D 451 5 e Bk B2 1 K
AP AL 3 HEACE Sk AR HO 1< 1077, IR ik
PR BB 200, HEAL BRI /Ny 32, A 52 45 R
Pytorch #E28, 7 NVIDIA GPU GTX1080 Ti i £
b5
5.3 MR

ABEFERHLLT 3 BRI MAGAM BLR .

(D) 07 #1% 22 (Average Displacement Error,
ADE). 7 A 17 A 1 1052 40305 48 7 55 B0 i
He bR Z B P24 L2 3222 HAH B A U

N

1
ADE=

i=

/“+/p

T =1 S [Gi— i) +Gi—507 ] (25)

Pyt
Horr ¢, e WM B3 7 A A BE L ¢, 3R TN L3
FIK .
(2) & 5 v & 1% 22 (Final Displacement Error,
FDE). IR Fr A 17 A 1000 0 26 6 A by 5 5K
U 2 AR AR Z 8] -2 7 R 25 A AN E

—i N ‘b s N2
FDE—N;(T,. T?)

(T,—T,)* (24)
1

(26)

(T? —T? )= (&lr =)y —yr) (21

(3) - 4E 2k M i #% % 22 ( Average no-linear
Displacement Error, AnlDE). An/DE & ADE {#)4%
A R AT IR T AR R AR XA -2 L2 3R 2%. 78
SEBG rp R o3 P04 5% 25 o th AR AR ZR R Bk b L A
GeAT Sk B AR AT E SR N TR IE MAGAM
RN 52 75 7 55 v A 2k B 8 1 T S8OR L AR SR T
VO 1Y B 08 0 AR PR B0 L 1A L2 3222,
5.4 EHEER

AR 3 A 28 B A B0 00 0 A R AR Sy X L
I IE MAGAM B R Bg A 21k 23 93 9 LSTM,
social LSTM L) & social GAN.

(1) LSTM #E B1AEAF7 A9 WL I B 325 v = )
iz Z R O R R Pl . 250 Pl A U R AT
7 A » B 55 1 53] % A1 28 BRI 2 OB B AR BT

LSTM (¥ 4 5 2% . FRAE$2 B DL ) LSTM [ i 5 4%
R EAAT NI ATk S R

(2)social LSTM £ (S_LSTM) iy Alahi 2 A
P&y R < social” B ] 4 AT N Z [8] 1 38 HLRFAE.
S HORE RN T OB BT B A O AE B — A
] 26T 23 137 5 8 A0 78 B3I I s N I AT N B
JZ RS AT AL

(3) Social GAN # R (S_GAN) ff Gupta 28 A
P S A T Bt 2R L 2R AT I 2R R 48 v Ak
BARBUAT N Z IR Y 38 B OC FR . SE B v 06 T 4 4 1Y
S_LSTM &4 , f LSTM # ik B A R i 4w IF
FEAE LA 2 B b 2 AR L e 28R 0 0 25 A A
SUESE
5.5 ZRHEREHH
5.5.1 A7 NBal Fuil 15 22 % b o3 A

AR SN 16 A I [A] SR B B P A AR S —
AL HT 8 A ZIAE A Dy S T A AT S 8 A
20t S5 53 N 0L 2 = N o = i e =
ADE FDE L)} AnlDE 55 . 3 5 3 v #5200 47
FoXF, RN SE e 245 R AN 3k 2 o B DL L |
1) L5

(1) N #E {KPE 58 |k B . MAGAM B ALAH L
LSTM.S_LSTM #1 S_GAN Hi#l,7¢ ADE $§#5 I
PR 22 43 ) B AIK 30. 61% ., 29.17% F1 20. 93% , 1E
FDE #5k5 I AKX T 24. 74 % .26. 26 % F1 12. 05% , 7F
AnlDE $8¥5 IR T 34.38% .31, 15% F1 6. 67 %. 7
ADE.FDE F1 AnlDE =/~ 4§ b5 I MAGAM #i %
bl 35 o B 7R 5 22 SF B R AR T 26.90%0. 21, 022 I
24.06 %0, LR gs B R, A L F 3 AL AL, MAGAM
TEREARPERE LA P4 .

(2) N ADE 545X L AT DA 78 K 2 50 =
™ LSTM #5221 iy T 5% 2% b S_LSTM A2 57, %
WIHE 2 J 5 P AT N Z B0 4k 28 PR 7% AT N A
LR L 7 R 5 A 28 R R BR A B s T B
WA HERPE. S_CGAN I MAGAM H A 1 12 22 K T
LSTM Fl S_LSTM #& A , i B 38 28 Xt Az 1l 99 2% 119
YIS R BE % AF B VR B A0 A7 AL, S_GAN Al
MAGAM B RVHR % [T 28 B AR AR B 2R B . 1B 7 %
7SS B R, S_GAN B F) ] T 4 38 3t 1k
T3 AE T S P A B fe — A B 20 A AT A
AR SRR AE 28 2o o A FE AT Bl 5 T MAGAM g6 7Y
TEBEA B Z0 R 22 3k 1 B 0 AL AE 3¢ B 3 =2 1Y) S Al
AT N Z ] A DG 4 52 e A5, DN 22 S AN TR Y
D5 AT N Z 8] B3 B ) R B 7R [ AR AR A 20 4>



6 & h%E. BT 2 EE S HULE R 243 S AT B0 F 1141
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. MAGAM
18 b Dataset LSTM S_LSTM S_GAN-VP20
Samples=1 Samples=10 Samples=20
Zaral 0. 27 0.27 0.22 0.28 0. 230 0.20(13.04%)
Zara?2 0.33 0. 30 0.27 0.23 0. 20 0.18
University 0. 35 0.49 0. 46 0.41 0.34 0. 35
ADE
Eth 0.93 0. 87 0. 69 0.71 0.67 0.63
Hotel 0.55 0. 47 0. 50 0.54 « 0.41(24.07% <) 0.36
Awverage(y)  0.49(30.61%) 0.48(29.17%) 0.43(20.93%) 0.43V 0.37(13.95% V)  0.34(8.11%)
Zaral 0.58 0.63 0.45 0.52 0.46 0. 41
Zara2 0.68 0. 65 0.57 0. 42 0.41 0.36
University 0.73 1. 04 0. 96 1. 06 1.01 0.75
FDE
Eth 1.76 1.70 1.20 1.32 1. 30 1.29
Hotel 1. 09 0. 94 0.98 1. 05 0. 80 0.82
Average(yv)  0.97(24.74%) 0.99(26.26%) 0.83(12.05%) 0. 87 0. 80 0.73
Zaral 0.35 0.31 0. 20 0. 27 0.21 0.17
Zara?2 0.33 0.28 0.18 0.19 0.18 0.15
. University 0.58 0. 68 0. 50 0. 55 0.51 0. 46
AnlDE
Eth 1.81 1. 69 1.29 1.28 1.26 1.27
Hotel 0.14 0.08 0.07 0.07 0. 06 0.04
Average(y)  0.64(34.38%) 0.61(31.15%) 0.45(6.67%) 0. 47 0. 44 0.42

T 30 1 AL T s MAGAM B R 98 I 52 22 L
S_GAN BARUIK . Ui W 2 3k 11 5 07 WL ] BE 98 8 47 Hh
FHPRAT N Z (8] (%) 28 FLAFAE o DT B2 75 55 780 1 o 1ff 232
[A B} 78 FDE #5465 b DL 7 HAT A ] 1 2538

(3) 7£ University 3% o LSTM #5255
If 3 ADE F1 FDE $5 t3 B AR T Al 455 8. 3 3o 43
Frat s F A1) LA & B, University 3 5t b () 2% 4 47
N K ZH0h BERE 5 4 ol o R3S B 3 i i B A
XF /0N S K] ] Y AT 58 B0 AR X i . AR R T
FEAZ K R K S_LSTM F1 S_GAN F #I %if
TAT NS H ) 5 AT BB 23 10 I 500 A T A 24 B
o B AT N B R SRR M Z T,
MAGAM ¥Rl ) ADE fil FDE 225 LSTM #i#l
BRI, B MAGAM R FE R ] 2 3k 1 )
MU 27 20 15 N 28 BRRAE B BE % 24 2 245 A4k &
R WA X T B0 1Y 20 1 ) TS RS Bl
FRAE.

(D) XF A ALAE AnlDE $5 45 F 145 R 7T L
F i MAGAM #5577 =F e MR B0 () 10 Hp 152 22 A
AN BT ARG B 3 R AT AN R A £
Sk R AU AR A B ] DL R 2 IR R A
PRAT N Z 8] A8 B G FR o DT 2 o T30 25 5L . A0 43
DGy AR L Bk R 25 {8 . AT LA B Eth 501
T 58 22 d5c K Hotel 3 5 09158 22 F5c /. X b 48 3¢
R 2 o Eth 5 b A7 N Z 8 #9232 BAT 8 8
Z 1 Hotel 35 b 28 HAT Ry 85/ 38 3 Jit BE A3 AT LA
K Eth s h REEA DR AATIEE LT 7 F
X I ARBENAT NS AT EATERNAT NA

B2 WA H. T Hotel 355 fr il B vE e . AT N Z A Y
PE B 3, 28 B D AT NI K 2 2 k.

(5) X} tb MAGAM #5475 A= B30 55 i 43 5l
1,10 F1 20 B BB 22 . 0] DU IR, AR AR BB
o N 1R 10 B, MAGAM 557 1) F 0 5% 2 bl
Z FFt. UL ADE $8 4%} 48] - MAGAM (Sam ples = 10)
H MAGAM(Sam ples=1) [f] V-3 % 22 FEAIK 13. 95%6 5
e KR 22 B AR B 7E Hotel %04l 5 B, R 22 1%
fiK 24. 07 %. M4 BB B0 i AN 10 34 Jim & 20 1,
MAGAM 5 RY {) T AR A 2F— 25 38 T (R iR 22
R R BE AH X 45 /. LA ADE 48475k il . MAGAM
(Samples=20) ttk MAGAM (Samples=10) )1 %
PR 8. 11%. MAGAM £52 BU 7 AN [ A= B L b
B A SL B 25 5L . — O T U BH 2 B AR A AL D RE 65
PR L A B B, A R B R 22, 5 —
AT 7F — 2 70 BB PN 2 1o 26 B 00300 50 R A8 2 v 500
ROR AR B 3 KT 2 B AP R 1 o i 25 431 N A
Hotel 3 5 o #8158 508 M 10 34 5] 20, MAGAM
BRI FDE 48 bR {8 36 K. B b AR R 0 300 %50 11 B
EL 2438 Hp s FL 2 ARl AS (5] 114 7 5 1 B kA 7 0 2
5.5.2 A7 Nl B 25 5 n] WAk 2

K5 &5 T MAGAM,LSTM.S_LSTMAIS_GAN
BT {8 00 0500 5 LS A AT N Bk AE UCY B 4
H ZARA Y5 R R E R A 22 i o 2 AR AR
F AT X L 5 R SR R T Bl . i Ak R
N TN AL 5 A4 300 Dy 052 3 5 v B T AR X L 2
FEMA I oh ,S_GAN il MAGAM 57 34 7= 1 20
AN B I IR 2 /N BB R AT T AL
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N Our Model Predicted Trajectory

------ P> Sgan Predicted Trajectory

8 =+ = SLSTM Predicted Trajectory ya
LSTM Predicted Trajectory *':_%

6 H = Real Trajectory ' N

—— Our Model Predicted Trajectory
Sgan Predicted Trajectory
——— SLSTM Predicted Trajectory
i LSTM Predicted Trajectory
Real Trajectory

0 N
N
Q
72 n
-2 0 2 4 6 8
(a) (b)
10 =225 Our Model Predicted Tra jectory Our Model Predicted Trajectory
....... P> Sgan Predicted Trajectory Sgan Predlctef:l Tra Jectory
8H = - =>SLSTM Predicted Trajectory SLSTM Predlcted Trg]ectory
. . LLSTM Predicted Trajectory
LSTM Predicted Trajectory Real Trajectory
6H = Real Trajectory

-2 0 2 4 6 8

()

F5 A7 N BUEE TN 45 2R aT 1k

LS Ha] DU o A [R) 55 7 5000 250 378 ) i 22
TSR BAE Jr 1) b LR, DAL A K e RT A T A
PR AT A T8 8 1 AN [v) 10000 45 2. X6 Eb S [ s 220 ) 45
WA LUE A R AT I ] ik R AT E W
MAGAM #5271 T30 81505 5 3052 900300 J2 B #2301 [
5(a) 5 5(b) KW, MAGAM AL A L j, J) Hl 15
D LR H ARA T N 38 380 i TR 2R R 0 T IS A B AT
s S_GAN 588 15 % A7 A dF R E M N,
S_LSTMAEL R TR 247 N by ik bt N BE 11 5% ) 47 56
1M LSTM AT A id 28 ik 542 A H#E . 5 3 Fh Hti
SR S5 RE AR, FEE 5 (o5 E 5 (D iR,
HARAT A0 388 8 157 7747 A B 250 4 I B 7T A
5 AT E. N SE B 45 R AT DLk B, MAGAM #55 #Y
FETT0I J5 ) 4 B8 141 B0 R 5 BB 8 7 AR 5 L S L
JE TN 7 1) 5 Ry AEARL ) 25 2 L T S_GAN 8 4K [] K 1
0 e 3k 55 s 3% T 10 5 AELFE T 1) H02 DR A s i S 2
i 7.

BT B E MAGAM 8RR &2 2% 3 50 b it 247
NZEEAT 0 AR A S 0B A [ B 20 F 4 A4
AT N TIN50 32E 45 0] A0 AR R 7 L 9 R A 0 3
SIS BT AT AT AR S IE , AN B 6 BT, Hor

ZEAN R 4 A AT NI 52 H R B B S Y
JrAT KR A 4 A7 N0 B0 23 5 7 0=
{2.4.6.8) I 2 iy Al ML AL 45 2R IAE & 6 Ca) L 7
t=2 W A7 N3 AT 4 AR AT - BT IR X 1 ok
N BT S )5k B iR TR RT3 5 4
PR DO 1) TR 2E 5 1 A 22 s TR AT N T S AT A
2R TN A R RO 1) T T 1) 0 ZE 0 1 P A TR
[ T 2 N 4“5l k74T . B e =4 mFL AT N3
RPN ) R i = R K E N R L N UK Y A K )
N3 RN SGEAT A 4 57 A1 (S0 5% i B 2 e
ERAT AN 4sAT N1 57N 2 S8R T ik i A 3
(=6 W A7 N 3 S8 TAT N AL B E] T I I R 14T
N LT 3 X FAT A1 8 56 T fie R 468 28
TN 3 547 AT Z (8] Bk 5 & PN I 2% 1)
EERUIEITRE A
5.5.3  E AR P AT AL S0 A

B HR I A AT B 1R DS R L L O PR AIE 2
AT B O R O T R R B R SR
WS e RS S SR W [ AR AR AT . N IRER
MAGAM FER a] P J& o A 15 4% MAGAM 5 7
JSEFA 52 23 b 3 e A 0 LI PN T R
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(b) t=2 t=4

P, 2o,
Rl | Be e T > L R | o
t="6 t=8

(c) t=2 =4

6 ZAiT AL H A LSS

oK A T P 250 S FH 2 B A Y — Bl B
WEE LA A A6 1 T 2019 4F 4 F 22 H Y 14 B
A AR 2 10 min. B8 DL 1. 2s /T2 47
VI 5 7 G o = 0 3] 00 25 55 28 45 B Ak b 0T 0 i
Xof B 1Y 4 4 1D,
FEAERANE 7 FroR. R 7 (o H AR AR
JAHIAFAE 3 DB 50, NPT AT BBl & i
26 SE A AT Bk Rl L 20 i O ) S G A B e A

i F LA e b 5 5 A A O ) 4 9. MAGAML 528 il
% R B 2 A8 T AT B B R O R AT 7 45 4.
7Ch) AT 4 A EL Bl A A 0 B0 S L RE
Skl 45 5 T B 0 ) B B AR B L5 R 5 B
7o) I A LB AR I N TE R T W A AT N
PR T L 3 2 AN T A Z I 2 3. B 7 (D
AAT A JoiE ZE Se Ayt i 5 SE B MR K Bl
A LB AT SRR AT T A K B

P 7 A T I 45 2R T Al

S YRR PR 2 M — B AR SO TR B B R
P8R 2 JUR 0T v Y 1) 2 B AT E 5 .
T B ACUK A 2 > A 45 A AR 1 Y1 25 A 0300 i 7

5.5.4 BIRIPEREXT HL
ARG X MAGAM 5571 13 o 45 7Y () 14 RE 0k
AT HE— 5256 F 6 T8, O 1 7 92 5 0 7 AR B
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H AR SN L3 B R 4 B 1ELAE O AR 1 B X L
WA AEASTIRL I L5 B, S 50K L -1 SRASE 7 1) -1y
WA SAORS J3E R B3 AL SICRE ) 5 76 AR o A v, S G
AP 370 328 B Sy D B 48 . 7 3K 2 4 b v, o
PJUSC SRS B 3 7 A A 3k B I SSCHR S B 78 5 UE 4 1)
T Y TR FE 5 7 240 SRR ) 2 78 AR AR I 25 T 1 )
IR 35 SIS SACPR 2 BT T4 B 19 B I S B0 S /N Cho
S 1A T A B 2 % MR AR T B 0 2 90 K 5 1) T
THFE I IR, B0 R FD ().

e 3 T LU Y AR 25 4k AT A, BRI 5 fif
ST FE 11 B [R]  22 458D 35 B SIOIR 25 1 7 2 RE B
R 34 BT 5T 2k B 1 38 5 L AE ) — A 0l AR
AT 3 (1 SF- 24 RE B R KLk 3R AR A A
A it EAE B 22 (1 B[R] O BE AT RS BRI 25 DL B A AR
M3 7EF Y SRS BE T T R P A — B AT LLR
B AR R B SICIR S e BRI R A ME A 2 8
FE W e, A AR MAGAM 783 iF 42 - 15 51 f
1R FRORG B2 O6F BE LAt SE ME BT R, MAGAM 55 781 200 1
53 )

x3 KRBMREXL

! RS E PGB /b PRI FER/ s
LSTM 0.338 1.34 4.78
S_LSTM 0. 310 1.76 4.99
S_GAN_VP20 1.022 2.21 39. 85
MAGAM 1.073 4.06 120. 03
5.5.5 FLKITig

JEUE MAGAM B2 % B8 A1 o] § & L A&
SCANAHEAT T AT N0 500 552 565, 3% o A% A0 o,
TH I A 0 1 O AT: 55 b, A 3 T A R T
AR HAD LI X MAGAM H5 A4 55 5 i 455 7 1) B
] LA HEAT s MAGAM B 7 50 FE B o, A5 78
B e e PR B T T B 3 s AT AL
R TR L RE % 15 B B A0 A R (H T R
AT MAGAM R 55 3L i 55700 11, F6 1145 1
VIR 4518 .

158 23k A ) P AR 05 % B T 4 T b 4R
M7 NZ BB B R S). 23K B S HLE  F
24 1 B A R W R AE 25 8] vh i 384T N Z 115
i) 77 A R il B 22 3 R A 2 [) (9 B 7 AT A
SR 7, RIS FTAT TR B 20 37 5% ok Al AT N 56
VERERE. O T 22 3K R A 07 P B 47 4 2 ) 58 BB
fiE FE A I T AT R B 1R S
I A o] s O CELEE AS N IZ ShRRE R A A T AT
NZ I fE B SR 2s AR 23k Ty HLii Agfs s

T 3 2 A TR AR DR RO B E B i v MAGAM
T F A7 N 1) 1 00 7 %

LU A RGN 5 1) 22 0508 A2 T vk RE 48 T3
T A5 A S PR . MAGAM i) i Az Bk Bt AL il
PEAT YN G5 45 T AE 2R s o 4006 T I & 7 531
o HH A5 A LS LT R A I AT R L o R 2 [
1 B A i IR AT 2 B0 Ak LA 3k 3 5 4 A Wi S5 s R
T A 22 A BT AT I I AR R ) A R R
TINT R S0 MR R AR R A R K T 45 X MR P AU
JE IR — @R B T AR O 2 2 LI Z 18] Y
FHACLIE . 368 b S92 6 245 SR AT R o A 00 g S0 R P 114 22 L5
A AL ] BB % 5 Il A 8 91 00 A0 38 AR L S P 38 22 ] Y
TR 22, S0 B S MERS AT 5 52 B b A s T
4

6 =2 2
BRI 2 5 b AT N i) Z A6 5 AT N Z 18]
IR HRFR AR TR T 238 x4t
MU A AT 050 000 A B . 15 5%, A LSTM 42 Bt
BT AP R 28 )5 38 i 2 3k v = T AL
filVE TAT AR A5 B B L B IR 25 50 B rh 2 )
AT NZ I AE B O Z o XA T R 7 1 R AiE
o] 5t HE AT AR A A5 2 B0 . MAGAM #5574 5 T Xf
PO AE AL T 0 e 307 R P DR AU G A2 2 R T AT AT A
Uil B MAGAM FE5 (1 P 68, A SCRALEAT
TAT NI TR S5, R AR N T
8 1) TSI 55 L AR 3 T A B O B AR (ERE B
F social LSTM #il social GAN #£7% , MAGAM
TR AR AR AT IR R AL T ik R 5
THAER BT, e A, 76 SEBR N 5 ZEAR A B Y
Y5 UL B H AR A 7% 3 00300 1) R ALE o X 85 7 1 JR) 8
SRR S5 AT SRk RO Ak DA T S X 2 2 3 s

(T bR TR A T RO AZ 4R
5

£ x #t
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Background

In this paper, we research the pedestrian trajectory
prediction in the complex scene, where the pedestrian trajec-
tory is affected by a wide range of factors, such as people
nearby and social relations. Since people have interactions with
a nearby moving entities for a period of time, it can be formu-
lated as a time series problem. We should predict the future
trajectory for each pedestrian based on her/his historical tra-
jectory and the interactions between the pedestrians. There-
fore, the most significant problem of the pedestrian trajectory
prediction in the complex scene is how to model the interac-
tion relationship between the pedestrians. In recent years,
many works have been made to extract the interactive influence
between the pedestrians and generate the future trajectory.
For example, Social LSTM employed social pooling to aggre-
gate the interaction information of each person and predict the
trajectory with LSTM. Social GAN improved the social pool-
ing and predicted with GAN model. Some researchers
employed attention mechanisms to learn the interaction rela-
tions. They have achieved success in this task, however,
they model the interaction influence of pedestrians only from
a single aspect, fail to consider the multiple aspect influential
factors.

Therefore, this paper proposes a multi-head attention
generative adversarial model (MAGAM) to model the multiple
influential factors in the interaction process between pedestri-
ans in complex scenes. The MAGAM model consists of a

trajectory generator and a trajectory discriminator. In the
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trajectory generator, there are three modules; the trajectory
encoder, the interactive feature extractor, and the trajectory
decoder. The discriminator is made up of the trajectory encoder.
In the MAGAM model, the multi-head attention mechanism
with relative displacement information is employed to learn
the attentive weight of subspace features in the whole
trajectory feature space on different aspects, to realize the
characterization of the interactive trajectory features that
result from mutual influence between pedestrians. Moreover,
the adversarial generation strategy and multi-trajectory gener-
ation strategy are used to achieve the reasonable generation of
individual moving trajectory in the complex scenes. During
the training process, the LSTM-based encoder and decoder
are employed to extract the temporal features of the pedestri-
an and predict the future trajectories, respectively. The dis-
criminators are employed to judge whether the input trajectory
belongs to the truth trajectory or generated trajectory as much
as possible. This paper conducted experiments on two public
datasets (ETH and UCY). The experimental results show
that the performance of the MAGAM model is superior com-
pared with the baselines. And it could predict the reasonable
trajectory for pedestrians.
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