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Abstract: In order to improve the speed, accuracy and model interpretability of trajectory prediction in pedestrian inte-
raction, a GAN model based on social attention mechanism was proposed. Firstly, a new type of social relationship on
pedestrians was defined to model social relationships and a network model based on the attention mechanism was de-
signed to improve the speed and interpretability of network prediction. Secondly, the influence of different pooling me-
chanisms on the prediction results was explored to determine the pooling model with excellent performance. Finally, a
trajectory prediction network was built on this basis and trained on the UCY and ETH data sets. The experimental results
show that the model not only has better prediction accuracy than the existing methods, but also improves the real-time
performance by 18.3% compared with the existing methods.
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H Average Pooling [Pt 71, BEREXT 137 5t
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XL AN 85 715, BERAETI 8 S T 12
MUERLZE IS ¥)°F- 1) ADE H1°F-Y3) FDE #fSbifi 45 Ti0 £F 25
(R BE IR0, T P 2% DR FE FR bR B 5t 1 B
X5 TR B TAD A, I TN ¥ P K F = S AH )
No HEANPRK S, AN LE T 8 WyTF FHril
12 Mt 3 58 22 A A A AL TR 3

PRIl T IEVE R A AT N 22 T8 B2 A% 1 A
AT BT A SO, AR FEAN PO AT 55 v 2RI
7, {HA{E Hotel ##li4E " ADE Ml FDE f5Fr#1R
Uf, IXAHAESE T Hotel ¥ st/E N — MBI 5,
T NZ IR AE B, Bl R 2 4etkn. 5
LSTM LUK T W& I 73 BEAT I ALV B2 S-LSTM
L, 5T GAN BRI n) T4 e 2 S BEATL IR Bh
7, PCZ A B 2 e PR IR, AT S s RS
FERIAt o nl sz Ve o Je Ty BRI AL 250 3 T ALY
Sophie F2Y, L BE S A EH AR I,
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#=1 TR CEE XA ) SA-GAN 1%Z! ADE #0 FDE 3 tb 5} 47
ADE/m FDE/m
Kl e
Gumbel Pooling Max Pooling  Average Pooling Random Pooling Gumbel Pooling Max Pooling Average Pooling Random Pooling

ETH 0.58 0.55 0.64 0.60 1.17 1.05 1.24 1.14

Hotel 0.31 0.45 0.29 0.34 0.62 0.86 0.55 0.65

Univ 0.34 0.52 0.37 0.37 0.69 0.93 0.75 0.74
Zaral 0.21 0.54 0.22 0.21 0.45 0.98 0.42 0.41
Zara2 0.21 0.42 0.22 0.21 0.43 0.72 0.44 0.42

) 0.33 0.496 0.348 0.346 0.672 0.908 0.68 0.672
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=2 EHMEEZSLHIEET ADE 1 FDE 3 L4347
AN HEE ADE/FDE
AU ] e
Linear LST™M S-LSTM S-GAN Sophie Social-BiGAT SA-GAN
ETH 0.84/1.60 0.70/1.45 0.73/1.48 0.67/1.47 — — 0.58/1.17
Hotel 0.35/0.60 0.55/1.17 0.49/1.01 0.52/1.05 — — 0.31/0.62
tea =8 Univ 0.56/1.01 0.36/0.77 0.41/0.84 0.34/0.75 — — 0.34/0.69
Zaral 0.41/0.74 0.25/0.74 0.27/0.56 0.26/0.45 — — 0.21/0.45
Zara2 0.53/0.95 0.31/0.65 0.33/0.79 0.29/0.58 — — 0.21/0.43
B2 0.53/0.98 0.43/0.91 0.45/0.91 0.42/0.86 — — 0.33/0.67
ETH 1.33/2.94 1.09/2.41 1.09/2.35 0.92/1.73 0.70/1.43 0.69/1.29 0.72/1.28
Hotel 0.39/0.72 0.86/1.91 0.79/1.76 0.67/1.37 0.76/1.67 0.49/1.01 0.50/1.01
tea =12 Univ 0.82/1.59 0.61/1.31 0.67/1.40 0.76/1.52 0.54/1.24 0.55/1.32 0.58/1.19
Zaral 0.62/1.21 0.41/0.88 0.47/1.00 0.35/0.68 0.30/0.63 0.30/0.62 0.42/0.83
Zara2 0.77/1.48 0.52/1.11 0.56/1.17 0.42/0.84 0.38/0.78 0.36/0.75 0.39/0.85
R3] 0.79/1.59 0.70/1.52 0.72/1.54 0.62/1.23 0.54/1.15 0.48/1.00 0.52/1.03
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TR, A8 2 ZERMALERE, & B
I $a, Fmpiasertvt, thah, M FRast
IR GAT WIS TRAIEIC AR, 2 i i bR 44
JE AT NZIAINAZ HOG R, BA s IR v fig ke
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(OF. 3 YN#>75:3
2 SRR TN T AR EE

(f) BRI ER

S IR A 2B R A AN AE st A A R vp N TR I HL
i, i RS R R, W R R T &
AT A, Nk GAN RO, BEANBIR L AR
i e AR 2 AT S A S I B, X Se g
18— BE 55 % (1) 3 SR AR 26 otk Bl A 1 15 B b B A
RAFHITERE .

2 g T ETH Bi4ER Zaral 354 GT
CSEBREIE ). S-LSTM. S-GAN F1 SA-GAN [HI4T A
B AT B, G S B G R A 2R U 21 (1)
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BRI G, AR 2(b), FTLLE Atk
AR AHLEIER, S-GAN Hi TR FH f kit
WHATICAR, FOGHN TAT N S8 i K IRRHE, 1
Bl 20yl ER 2 AT, TAE 2R, R—
MR BN AT N s KRR S B, B =47 5
FLS B AR ZE RN T, TR A S =
IR 5 A0 e A A58 28 56 ) AT N AR5 A I B AT 4
SR ST ERR R AU ACRAE, AR Rl S B
EEEAYIG . B 2(c) sk IHHT E AT N4
TEVM, AR BRI AL B, 5
S-LSTM J7iERT ORI, A S 7 kil i fe Ak 25K
FRIB A G R A FEAT N7 RIS, AT BASE IS
B PORSMETIN, S-LSTM JA[ il 5 5 551047 A
HEATRERE (R B AT 2% L8 AT N Z IR AT JE 5 1), T = A
T EAT NS . 7R 2(e)fE 2D, 24k
WO T S-LSTM [TIIEEAR %, iFET GAN
(R A T IRE Gl 7y TR IR L. 721 2(e) R 2(f)
1, SA-GAN Ty 7 247 NP ik /iy 747 A
G A AT A
5.2.3 ARk 5T

ABE 20 R) PO 3 5 %of T A% 284 ) P I 280 N
RAA R CEEME N, JUI R A3 B WA 5%
B/ TN S AT LSS A3 A M RS %
(140 S5 IS s T AT AR HE 5 PRI R 53, T DA BE G S fR 4
AT TR R FTE B 224 o A0 T4 9K 30 (1) 5 %
HEAT T80 I 0 7 T R EE A AT

R YIS BURE R 5.1 38 Frfg iy
#ILT Ubuntu 18.04 R%E, EHA GPU AbHLgs
Tatian X HOIEAT TN o Ay 56 3IE YOO PR AP 2501, KA
R3S TR 8 MU 12 i i iy ) B TR EA T 40 #T
SERIE 3 PR, fHE 3 A4S, TR IR B TR
IE PRI PE R T 3 0 o J T LSTM [R3BUI25 T A% 784 4]
A B D TG E 5, 3% 2 T2 0 VR B o T B

(1) LSTM A58, {HIZ 7 VL T (PIRS FEAR, TR TA
AR, WM. S-LSTM T BEx) Ji) FED MR 1 e 7t
B, BAUN S N Z MEH TS H, e k. Hoft
3T S-LSTM (W70 T 3R i 47t
ST AN 2 TS A P B IR S, AT 94 T
TR, 5T GAN 5759, SA-GAN #ilf7 R
(TRE R, X2 IR A SR O ALE] et
AL SN RIS B IR 41 GAN 4284, Alifsizy
REAS ST RO RAE S BB TR 20T, 08T s huze e
FERFEE R, AR AN R SR . 2R
RIPIRESE, TR S PR3 TH T 18.3%.

*3 A58 T AR B TR FE 53 A

TR TR 8 it H]/min T 12 Wi 1) /min
LSTM 0.029 0.042
S-LSTM 0.504 0.825
S-GAN 0.202 0.341
SA-GAN 0.163 0.282
6 #ZHRiIT

ASCHR M FhIET GAN UL AESE,
TEEHAT A B350 N R Jdad e Spk sy
R IHUE, AT N Z B A8 AR R AT Ao
B, LIS O AT N s R0 g ok B 221K
FE, B RRE RPN SIS LSTM
FRILE . AT ARSI AT E M, T
AR TSR e 19 288 S0 A8 1R A A o e AR R A
TEEHE 4R rhon & AN FEAE RS2 30 PPAS R W], B 2
AN ST L, SA-GAN ZEMIRE 4, A
ACHE T TR PR AR RS, i AR ek D B
RUTUARTE . $2 s A 20w AR R 4 L % 3t e il 43 7 1
AT PERE

A PO TII T4, TG T8 A TR B U )
eI/ GAN &5t, W KR A%EN, 2801
AR ZHAE I RCEREAL, IRy 85t .
RATFEH, 75 SA-GAN [FLAk 3% F AT 5575 18
K HI I ] 25 #1245 (TCN, temporal convolutional
network) FI BV 5 ) S MR, IR B T
SEREEA BRI, LRI B, AR EA AT
ST R 4= R SUAF AL BRI 2%, X AT
B35 AT NUZE . By e AT NSl AT I &
15, KA B SEIIAT NP RIAT NS R Tioil,
AT $ re TN () O o R m] AR Ak o
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