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Co-Forecasting for Multi-modal Traffic Flow Based on Graph Contrastive Learning

XIAO Yang',QIN Jianyang',LI Kenli* , WANG Ge®, LI Rui' and LIAO Qing'”’

1 School of Computer Science and Technology, Harbin Institute of Technology(Shenzhen) , Shenzhen, Guangdong 518055, China
2 College of Computer Science and Electronic Engineering, Hunan University,Changsha 410082, China

3 School of Computer Science and Technology,Xi”an Jiaotong University, Xi”an 710049, China
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Abstract An accurate traffic flow prediction in urban areas is of important significance to provide guidance for urban vehicle
scheduling and public transportation system optimization. So far.most existing traffic flow prediction methods only consider a sin-
gle type of traffic flow prediction in a regular grid area,ignoring the spatial irregularity and heterogeneity in the traffic network
and the interactivity among different kinds of traffic flow. To address these problems. this paper proposes a co-forecasting method
for multi-modal traffic flow based on graph contrastive learning, named CoF-MGCL,so as to reveal the effect of the interaction
among various traffic flows on the traffic demand in irregular and heterogeneous areas. Specifically, this paper collects multi-model
traffic data,including the individual and total traffic flow of various travel types(e. g. ,the traffic flow of bike and taxi) ; then, con-
structs a heterogeneous graph with multiple relations, including geographical proximity and functional similarity relations, for
irregular areas. By using a heterogeneous graph coding module, this paper can fuse multiple relations in a heterogeneous graph to
learn high-quality representations for various traffic flows in different areas. The learned representations of each individual traffic
flow are integrated via an attention mechanism, which is compared with the representation of total traffic flow via a graph con-

trastive learning,so as to capture the interactive correlation among different traffic flows. Finally, this paper introduces a mutual
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information regularization for multi-modal traffic flow co-forecasting, maximizing multi-modal information learning. To achieve

multi-modal traffic flow forecasting in irregular areas, two new multi-modal traffic flow datasets for the Manhattan Borough of

New York and Chicago have been constructed and used for experiments. Experimental results demonstrate that the proposed

method can be combined with existing uni-modal traffic flow forecasting methods to obtain 0. 60% ~12.13% performance gains

in terms of root-mean-square error(RMSE) and mean-absolute error(MAE) . verifying the effectiveness of the proposed method.
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Fig. 8 Irregular zoning of the borough of Manhattan in New York
City and Chicago
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D https://data. cityofnewyork. us/ Transportation/NYC-Taxi-Zones/d3c5-ddge

» https://data. cityofchicago. org/Facilities-Geographic-Boundaries/Boundaries-Community-Areas-current-/cauq-8yn6

® https://data. cityofnewyork. us/City-Government/Points-Of-Interest/rxuy-2muj

D https://wiki. openstreetmap. org/wiki/Overpass_API

» https://www. nyc. gov/site/tlc/about/tle-trip-record-data. page
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Table 1  Multi-modal traffic flow datasets details
B3 )
B & LS ; o B 18] 9 Bk B A
- B ’
NYC Manhattan ~ NYC Taxi 1.1665%107
) : . 2022-06-01—
Multi-modal Traffic  NYC Bike 69 30min 9.7650X10°
2022-09-30
Flow Dataset  NYC Overall 2.1430% 107
Chicago City CHI Taxi 1.722X106
. . R 2022-11-01— -
Multi-modal Traffic CHI Bike 77 1h 6.410X10°
2023-02-28 ,
Flow Dataset CHI Overall 2. 818106

(1) NYC Manhattan Multi-modal Traffic Flow Dataset:
21 2 T 2 0 X 20 5 2 RS U B 4R L i T AL T = s
X 69 4> A238 XM 2022 £ 6 H 1 HH| 2022 4 9 H 30 H

XA4AH MY R RN ZEER .

(2)Chicago City Multi-modal Traffic Flow Dataset: 2 il
T 2SS IR AR AR i TR A 77 A XA
20224F 11 A 1 HEI 2023 4F 2 A 28 Hix 4 A~ A M A% JL
HEMBRENZEFER.

4.2 XWiEHE

Python i & IR AN 3. 6. 9. ffi i Pytorchl. 9. 0 HE 2 ¥
NVIDIA A30 TENSOR CORE GPU F #4725 528, R
Adam VE R ILAL AR . W62 2] R E S 0,001, XF T BT 47 i
4E il Min-Max J7ikIH — k. B A JH 4R R Y R 2, 1)
SERER 3, SR B A E 4 3 Ay 64, I 1) 48 B - 5 B R RN
7 3, AN B K /NE BN 32, Y SR e B4 IR AE (9 R 43
By 6:2:2, WS IKINK RN ESE « F1pREN
1o BRT UL ESBOR E AN AR 3 A 26 1 1 SOk
BN LI B . VAR 3 AR O O R DAY 2 5E 10 45 A, B
SE 24 XF iR 2% (Mean Absolute Error, MAE) 1 #4 77 1R 1% 22
(Root Mean Square Error,RMSE) ,

MAE= 5 51y =3

(15)

1 & A,
RMSE=—2> (y; —y;)*
Q.=

4.3 REEBEHESRK

R T B 2 A5 A [ 5 TR SR W (0 A AP L R X T R
3 P LA AR 0 (7 P TR 2 2 10 AL A A 3 I e A TR AT R
W& fei AT A B S8R . 3 3 PR AR 40 1) s 3 T T 7 £
25 B BB 4 ASTGCNT I 23 1 5 1 Z % UM 45 STA-
MGCN AR 25 2 B B M 4% ST-MGCN™/

Xof A — PR Y 7E S8 B 21 24 T B W X R 2 R T
W) 22 ASE 25 B 4 1 43 R AT R 4 | 3 = B A2 R U i B
A 38 Yt T 28 ) B T SRS R AT A3 B b AR AR L Y R T
g 7 S5 g TR 14 22 5 25 BT 6 [ (CoF-MGCL) 19 )5 2 4T 2 A7
R L A 2 4 TR0 25 T L 5 ARG S ) T 4 e

£ 24 T o W T DX R 2N BF T 2 AR AR S R S O A S
25 Ry g 2 M 3 g,
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Table 2 Comparison of multimodal traffic flow forecasting performance in Manhattan, New York city
before-and-after combining multimodal prediction strategy
NYC Taxi NYC Bike NYC Overall
HA MAE RMSE MAE RMSE MAE RMSE
In Out In Out In Out In Out In Out In Out

ASTGCN 6.305 6.911 9.831  10.968  6.514 6.934  10.311  10.888  9.557  10.106 14,696  15.077
ASTGCN+ Ours 6.124 6.703 9.657 10.903  6.198 6. 481 9.907  10.364 9.177 9.809  14.133  14.562
Improvements +2.87% +3.01% +1.77% +0.59% +4.85% +6.53% +3.92% +4.81% +3.98% +2.94% +3.83% +3.42%
STA-MGCN 5.789 6.356 9.284  10.453  5.999 6.272 9.623  10.064  8.865 9.371  13.865  14.551
STA-MGCN+Ours  5.703 6.288 9.031  10.192  5.963 6.230 9. 451 9.914 8.744 9.324  13.612 14.684
Improvements +1.49% +1.07% +2.73% +2.50% +0.60% +0.67% +1.79% +1.49% +1.36% +0.50% +1.82% -0.91%
ST-MGCN 5.133 5.190 8.282 8.700 5.275 5.501 8. 544 8.918 8. 048 8.289  12.489  13.041
ST-MGCN+Ours 5.104 5.102 8.139 8.560 5.284 5.411 8. 469 8.835 7.946 8.184  12.187 12.809
Improvements +0.57% +1.70% +1.73% +1.61% -0.17% +1.64% +0.88% +0.93% +1.28% +1.27% +2.42% +1.78%

D https://ride. citibikenyc. com/system-data
2 https://data. cityofchicago. org/

3 https://divvybikes. com/system-data
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Table 3 Comparison of multi-modal traffic flow forecasting performance in Chicago before-and-after combining multimodal prediction strategy
CHI Taxi CHI Bike CHI Overall
#A MAE RMSE MAE RMSE MAE RMSE
In Out In Out In Out In Out In Out In Out
ASTGCN 2.655 3.262 6.047 8.051 3.130 3.273 6.305 6.677 3.190 3.795 7.557 9. 484
ASTGCN+ Ours 2.603 3.136 5.769 8.016 3.020 3.086 6.062 6. 585 3.172 3.620 7.474 9.359
Improvements +1.96% +3.86% +4.60% +0.43% +3.51% +5.71% +3.85% +1.38% +0.56% +4.61% +1.10% +1.32%
STA-MGCN 2.594 3.050 5.729 7.785 2.861 3.043 5.529 6.029 2.921 3.434 6. 440 8.416
STA-MGCN+ Ours 2.562 2.985 5.526 7.500 2.773 2.970 5.334 5.770 2.908 3.409 6.312 8.364
Improvements +1.23% +2.13% +3.54% +3.66% +3.08% +2.40% +3.53% +4.30% +0.45% +0.73% +1.99% +0.62%
ST-MGCN 2.272 2.484 5.458 6.758 1.277 1.352 3.900 4.161 2.668 2.935 6.794 8.198
ST-MGCN+ Ours 2.193 2.364 5.198 6. 468 1.209 1.188 3.695 3.900 2.623 2.898 6.673 7.938

Improvements

+3.48% +4.83% +4.76% +4.29% +5.33% +12.1% +5.26% +6.27% +1.69% +1.26% +1.78% +3.17%
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4.4 HEIFEL LG

R T k2 R B BT 4R Oy vk (O A K L SR A kv S
B 3 T AR B U BB B ST-MGCN %45 & 7 32 J7 ¥ CoF-
MGCL 7E R4 A 8 ST-MGCL, I 1% B £ Fh B A7 2 FF 01
4 BPLAE 25 2 3 U T TOU I A TR A AR 20 A S A 5 U T AR 4
PEATPERE LA . X HGAY JE v DT R L3
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1%,

FC-LSTM™ . & ¥ 2 19 4 Ji 12 4 2 N 4%, B 115 43 %K
HEABE T 51 40 081 1Y) X 45 254

STGCNMY i 53 [&] 45 BUR 4%, {8 ) 25 (8] 4 B /9 ChebNet
AN ) 4 B A 2 A AR 4 A2 A B U R A M OG kA
HAL

STSGCN™ . i 53 6] 25 &1 46 BUR 4%, 42 1 9 i 2 [R) 45 #L
i B AT 603 B A2 2 A R S I s A S, BT T 24 AR i

Vi) 5 g e L2 4R 3 s 2 00 1 S b

GMAN'S [ (1) Z2 78 2% F7 W 4%, [ i (8 P BsF i) 3 3 L 8
6] 9 7 0 DA B B R 3 3 g 3 R O T A A .

MTGNN" 58 2o [ 2 2] 46 B il A 41 355 0 R0 A8 & 2 Ji]
BB ] 56 2R mix-hop &% )2 FI T 25 [ RE B, 7 i (] 455 e 1)
dilated inception i 2 B ¢ 45 it

Bi-STAT™V . —FpoBL] i 25 [ 38 I A8 46 4% , S BB AR 4%
214 T A o T A f A 17 L R AR 5 4 i I T g R R
AT 5 T A 12 T 4 A R

DGCRN"Y . 4N ] 25 A 25 18] 15 0 J8 M op 32 B3 25 4
TEAE B A I 8 3 25 5 T SO e 25 TR 48 W F 38 i 9
ST L R4 T — R0 OE 2R T vk ok i e WO AR

TE £ 20T 5 XN 2 R T A 22 S O A L i S
ZER RN 4 ML 5 Fil. WFEH T LLAE I, ST-MGCL
TER ZHOBIRAE LA B AR ANTEA AT AR AT
FRBAESE L 3 A AR AR T MTGNN, 1 A6 AR R K T
Bi-STAT, KA R BN AR 4L F AL M E., fF2AKT
I TIT RS i i A AR Ak b R s T8 G fE B, LSVR R FC-
LSTM Y R ISR 2 . W 5 A B HEAT S A5 45 B 7 F &1 (1 47
BAE B A3 ST- MGCL # 04: RE U T 10 % IR 35 6 R 1
STGCN 1 STSGCN #& #, [F] #f, R & ST-MGCL & 1%
GMAN i F A 32 J3 L) 2 25 478 42 b 2 ke AF  F HG 3 5 16 % L
2 3] W] DA SR 22 A2 A5 800 38 B, IO 5O vl BB AL T G-
MAN #E#I

F4 ALY 0 DX AN [F] 32 3 R T Tk A TOI  AE LL A (NYO)
Table 4 Comparison of forecasting performance of different traffic flow forecasting methods in Manhattan, New York city(NYC)
Datasets Metric Type LSVR FC-LSTM STGCN STSGCN GMAN MTGNN  Bi-STAT DGCRN ST-MGCL

In 6.125 6.128 5.557 5.437 5.369 5.274 5.462 5.387 5.104
MAE

NYC Out 6.482 6.479 5.907 5.834 5.820 5.668 5. 886 5.739 5.102

Taxi In 9.031 8.966 8.991 8.475 8.460 8.158 8.453 8.331 8.139
RMSE

Out 9. 891 9.852 9.699 9.268 9.362 9. 060 9.427 9.133 8.560

In 6.724 6.674 5.813 5.746 5.592 5.511 5.456 5.489 5.284
MAE

NYC Out 6.921 6.856 5.794 5.903 5.605 5.589 5.651 5.721 5.411

Bike In 10. 290 10. 107 9.256 9.106 8.910 8. 487 8.521 8.658 8. 469
RMSE

Out 10. 454 10. 250 9.262 9.233 8. 784 8.673 8.799 8.942 8. 835

MAE In 9.667 9.665 8.813 8.324 7.953 7.947 7.929 7.958 7.946

NYC Out 9. 948 9.943 8.828 8.617 8.319 8.277 8.433 8. 382 8. 184

Overall In 14.275 14.155 13.407 12.769 12.195 11.918 11.948 12.050 12.108
RMSE

Out 14.711 14.622 13.799 13.174 12. 894 12. 458 12. 940 12.912 12. 809
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Table 5 Comparison of forecasting performance of different traffic flow forecasting methods in Chicago(CHI)

Datasets Metric Type LSVR  FC-LSTM STGCN STSGCN GMAN MTGNN  Bi-STAT DGCRN ST-MGCL
MAE In 3.602 3.507 2.704 2.819 2.680 2.595 2.670 2.562 2.193
CHI Out 4.054 3.895 2.834 3.499 3.154 2.951 2.917 2.872 2.364
Taxi RMSE In 9.318 8.414 8. 868 6.778 6.373 5.937 6.253 5.966 5.198
Out 10. 405 9.908 9.571 9.920 8.593 7.722 7.335 7.533 6.468
MAE In 3.921 3.478 1.482 3.475 3.151 2.947 2.803 2.911 1.209
CHI Out 3.835 3.467 1.464 3.548 3.097 2.921 2.779 2.865 1.188
Bike RMSE In 8.134 6.943 5.522 7.229 6.769 6.159 5.711 6.258 3.695
' Out 7.799 6.780 5.233 7.563 6.559 6.191 5.632 6.314 3.900
MAE In 4,434 4.241 3.510 3.548 3.338 3.008 3.182 3.098 2.623
CHI Out 4.859 4.661 3.442 4.180 3.611 3.496 3.558 3.499 2.898
Overall RMSE In 12.166 10. 190 8.236 7.563 8.301 6.945 7.405 7.457 6.673
Out 12. 871 11.695 11.032 11.564 9.522 8.965 8.596 9.195 7.938

H 3 —42 19 /& , MTGNN, Bi-STAT Fl DGCRN 1t fiE HAF B e/ R 98 A TUAR AR I X T 28R /Y R L 7 2 R

PR T Al B 2 U AR A, B P O X 3 AR AR 5 B
BT ZMER ., Hb MTGNN g 88 1 2748 i i 8] /7 1) £ 48
Hh B X A ik 2 (8] ) T T 2 1B MR A Bi-STAT [ i ) il i 25
ARk B 22 T A A AL T RS B2 DGCRN 3@ i A= )y
AR TSR A RIS, (SR 45 5 m] LA 3
ASCT7 AR AL 2 A0 Z B B 4 B P RE R UL PR T

MTGNN, Bi-STAT Hl DGCRN #i %, 36 B T £ 46 28 22 38 i i
LHKEEE,
4,5 HFRZLE

AT PR G e b P B A5 e v e A ] 2 ) 56 R
AN ESDO W A e W o B N S R B N S R S 1 B Y L]

T 2 20 I AOUE 4 B AT Al S 86 o ST-MGCL &
3843 o 7= — B AR K (w/0) D, (w/0) P, (w/0) Mi #l (w/0)
Gel R BEAT HUMBOR X LG, Hodr, (w/o) D Hl (w/o) P 43l &
B Tt B SG FR RN T 2 RE G R L A PR RO R IR EAT IR
Gl s (w/o) Gel BEBLKE I RA o BT, IR 8 X L 4
& (w/o MK HAR BIR/MEBUR R pIRE NE., WAL
SCEG AR 9 Fras . B R LU B R X I A SR

S A R R TE W T 2 RS 2008 i (R B A R B A, BR

I DA A ASCAGf T o B A57 i 2 i 0 R ) B 06 AR R AT 1A 2
2 oA 0 2 SR A 22 ) LA SR A ] Y U AR T R
Xk T 4 2 I AR BN BT —E IR

o (w/0)D 475 a (w/0)D
a (w/o)P - a (w/o)P
60 75 o (w/o)Mi B (w/o)Mi
& (w/0)Gel 450 B (w/0)Gel
= ST-MGCL = ST-MGCL
70 4%
55
5 8 E§ 400
5 5 Lo SERYS
50
60 350
325
45
55 300
Taxi Inflow Taxi Outflow Bike Inflow
(a) (b) (o)
525 O (w/0)D 800 O (w/0)D 925 o (w/0)D
a (w/o)P O (w/o)P o (w/o)P
o (w/0)Mi 775 a (w/o)Mi 9.00 2 (w/o)Mi
500 = (w/0)Gel . ® (w/0)Gel ® (w/0)Gel
m ST-MGCL 750 = ST-MGCL 875 = ST-MGCL
475
) 8 850
8 150 (é) g
825
% 425 & &
800
400
775
375
750
350 X 5
Bike Outflow Overall Inflow Overall Outflow
(d (e) [€))]

&9
Fig. 9

4.6 ROIFFR
AR /N YT B B 3 X AR R A X I 0 TR &5 2R
TR RAL UL Ml 0 2% T A SR . K A 2 T 2 i XY
69 5 X IR AT A [ A7 77 = #0045 S 0 W] Ak, 43 0l A5
BT HOMAE A A & P R R B A
RFEIAE A 10 Prox, WEHATLLE B, 0 b AN
AT 77 2 2 i B S B R HIO R S5 2R 5

2R T 2 25 T A O AR B A A

Ablation results on multimodal traffic flow dataset in Chicago
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