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LSFormer: workload-aware spatial heterogeneity transformer for traffic

flow prediction
LI Xuan, LI Yanhong', XU Haoxiang, HUANG Jianxiang, CHEN Liangliang
(College of Computer Science, South-Central Minzu University, Wuhan 430074, China)

Abstract Highly accurate traffic flow prediction can effectively alleviate the congestion pressure on smart city roads.
However, traffic flow prediction faces the challenge of how to effectively reveal the hidden spatio-temporal dependencies in
traffic flow data. Most of the current methods are based on graph neural network (GNN) or transformer models. The former
only considers short-range spatial information and is unable to capture long-range spatial dependencies, while the latter is
able to capture long-range dependencies, but most of the studies have not fully exploited the potential of the transformer
architecture. To this end, a novel load-aware spatial heterogeneity transformer for traffic flow prediction, LSFormer, is
proposed. Specifically, relative position coding is designed for the spatial self-attention module to optimize the spatial
location information perception problem so that the model can better capture location information. Then, a load-aware module
is introduced to highlight the influence of peripheral traffic flow on the centroid, which solves the problem of insufficient
modeling of peripheral area dependencies by existing methods. Extensive experimental results on five real-world public
transportation datasets show that the proposed model in this paper can achieve state-of-the-art performance. In addition,
the learned spatial embeddings are visualized to make the model interpretable.

Keywords traffic flow prediction; spatial-temporal features; transformer; graph neural network
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Square Error) 3 48 %} 1% 2% (MAE, Mean Absolute
Error) FIPE3 26 %) H 43 b i% 22 (MAPE, Mean Absolute
Percentage Error). iX $845 b5 £ A7 K LR 5t
AT LLMAS [R] £ B2 2565 PEAN R A 1 S0 4 R .
RMSE & 0 38 R 15 22 O BRI 3 557, IR B
RE R 15 2208, DT B M b S I AR AU 7 Al
Ui 0 T ORI MAE 3 ] 5 S R 22 1Y
Yy, R AL TR ZE AR Y XAE, AT DL
B T g 22 . 1T MAPE DU 55 62 0 o A X 15 22
AT B0, JEHGE T T PO R e A [ Kt 4k By 3R
B EY SR BT TR A AR AR E . Bk R

P
RMSE = / 1 E(le(,) = Yo ) (15)

i=1

1<
MAE = ;zlyreal([) - YPred([)I’ (16)
i=1
100% o YVieas = Yo
MAPE = | el el 1
P L:zl le(i) am)

44 EKWIgE

B A FAb R B AR R o S I G AR IR
A TR 5 8 6 1 Ak A 7R 14 P R AN A A e
BREE FERBIREZ N 2ES AR T
PHEAN A (BT 3 53 LU BRI 25458 . PEMS-BAY
FIMETR-LA 308882428 7: 1: 2 0 LU 20 N g 36
TEAE A1 4E | [WIF, PEMSO03 . PEMS04 11 PEMS08
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BHn 844 6:2: 2 A AT 431 L e Ah L (TR — /N Y
B A T i —/INBsF A S 30 O

BRI & T LI — A R T S fhas™
(NVIDIA®) GeForce 4090 GPU ({3 #1343 , I1-4i 1]
24 GB AL 78 R 1A I . 246 v i PyTorch
1.10.0 1 Python 3.8.18 33 W4 4™ T H A 44 2 Al 5
LSFormer #7545 A 23 A2 vpy , KR 3 46 1 42 B9
TR PR I AR, DU CRABE R 1) B M R fb e
J1 BRSRUE, f# H AdamOptimizer #4711 2%, i K
/NI 16, T Z2 2R 10039, LARSIERS Y (R Y1 2R 2R
4.5 TMEELEE

F 2R3 WoR T A SCHE T I RTE 5 58

B E SRR TR LA, AR SS R TiE a 5R
NGRS R T R R on AR 2-3 ] LIS DR
4518 : (1) LSFormer 7E 2= #B £ 4 45 119 BT A7 #6545 L
F-HRAE T A SRR AL (2) FEHE T GNN (9 A £
H, MTGNN B PEREARAT 52 5 ) IX LT GNN Ry
BITEAL A5 DI 25 T 2 (8] vy s i) QR L AH
2T, LSFormer [H A 2% 18 T 42 Jm) i Bl P IX B 2 (1]
AR RRLBL P 0 22 S P T HUAS: T SR AR MR 5 (3) TEAR
T A 5 I AR Ty 1T, PDFormer ik fe A JE 4
5 PDFormer #H k. , LSFormer 5| A T 7 %% Y 25 [8] 4%
AL A B B TR R G b A B A E A = T
BUAS T RAFITERE.

3 B (METR-LA \PEMS-BAY) I (O PEREXT L
Tab. 3 Performance comparison on datasets (METR-LA ,PEMS-BAY )

HmaE f&br HI DCRNN AGCRN STGCN GTS MTGNN STNorm GMAN PDFormer STID LSFormer
s 3 MAE 6.80  2.67 2.85 275 275 2.69 2.81 2.80 2.83 282 264
orizon
(15 min) RMSE 1421  5.16 5.53 527 527  5.16 5.57 5.55 5.45 553 510

min
MAPE/% 16.72  76.86 7.63 712 712 6.89 7.40 7.41 7.7 775  6.81
I MAE 6.80  3.12 3.20 315  3.14  3.05 3.18 3.12 3.20 3.19 296
orizon
METR-LA (30 min) RMSE 1421  6.27 6.52 635 633 613 6.59 6.49 6.46 657  6.06
min
MAPE/% 1672  8.42 9.00 862 862 8.16 8.47 8.73 9.19 939  8.17
MAE 6.80  3.54 3.59 3.60 359 347 3.57 3.44 3.62 355 335
Horizon 12
(60 min) RMSE 1420  7.47 7.45 743 744 121 7.51 7.35 7.47 755  7.07
min
MAPE/% 10.15 1032 1047 1047 1025 9.70 1024 10.07 1091 1095  9.80
MAE 3.06 131 1.35 135 137 133 1.33 1.35 1.32 1.31 1.31
Horizon 3
(15 min) RMSE  7.05 276 2.88 288 292 282 2.82 2.90 279 279 277
min
MAPE/%  6.85  2.73 291 291 285 276 2.76 2.87 278 278 2.6
. MAE 3.06  1.65 1.67 1.67 172 1.65 1.65 1.65 1.64 1.64  1.62
Horizon
PEMS-BAY (30 min) RMSE  7.04 375 3.82 382 3.8 3.77 3.77 3.82 3.73 373 3.69
min
MAPE/% 6.84  3.71 3.81 381  3.88  3.66 3.66 3.74 3.73 373 3.67
MAE 3.05 197 1.94 194 206 192 1.92 1.92 1.91 1.91 1.90
Horizon 12
(60 min) RMSE  7.03  4.60 4.50 450 460 445 4.45 4.49 4.42 442 437
min
MAPE/% 6.83  4.68 4.55 472 488 446 4.46 4.52 4.55 455  4.54
4.6 HELASKIE (2) AR, MFE RS A AR X7 & dntid i, WAL 2|

AT B0 E LSFormer A5 7Y 4538 0 X $ i 452 75 il
UHS B 1 5 B R B2, AR S 6 XA A8 (10 7 > A8 A4 i 4 7
TR, BRI

- @ wlo E S RMNER T TAR BRI AE, ;

@ /o rpe, : X — AR T A3 TR]AF X S A
rpe,.

5 R T bR 2H A R AR SR Y 1 fE 1Y) 52
% & ) PEMSO8 ¥4 4 72 2 > 4 4 rh i AUk
PE AT T IH RIS . 38 2o S I Rl S e Y 2
AT DA LU 4518

(1) EBR E, 2 BATEAF5 bR EAYTERE T M
L) B, A A 2

PERE R MR T B, W7 B A 350 1 3L T8 TR AN 45
A PR A FER 5 308 9 FH S s 1)
47 REIFAR

FEZAR T F B R LSFormer 27 > 2 i 71 2% B %
A E, SEAT AT AL 3, DA & FL T g R O o
T g A T I T oA T A R

E, W nl94L 8 5 GOAT 2 2] 3RA5 i T Rk S it
A BT IAES B R FE AR 52 PEMSO8 |, K24
SRR IPRIREE Y, P EU LA S CanE 6(a)
JRR ) X PG G5 K A Bk BT S S MR, X
AE B AN 326 19 T A4 97 5 A5 1 1 90 30 5 42 A [
A2 S A S RRE R 20 Wb, 2 myn] i
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