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h TG A SC TFGCL HESR, 2R SCHE 3 LS8
A4 T T SE5, 4045 METR-LAY | PEMS04
1 PEMS08™,

METR-LA %4 510 5% T 35 EEAZ WL A B
207 A 4% B A8 1 22 U BCHE . PEMS04 Al
PEMSO08 it 5% T 3% [ Jin N 2 /> A 5] b X119 22 38 £
P, 3 2 B4 fh o 22 R U i R 48 (Caltrans
Performance Measurement System, PEMS) it 5 5%, 5
BB T A0 R ABE R 30 s AN s 2 B A
AP 283 P i | P-4 T RT3 5 R, A
& TN AT U HEAT SE I 434, B e A I AL
PE LA S min (B A 8 OV HEATIC B, AR A 288 4>
BOE A, SR IG T R Z-score SEUHE #EAT b EAL, If 342
HRO7:1:2 B L0 43 S U 2 L o e R K4 o

ULk, R TR 2228 TOAT 55, AR SCH 12 251

7 s K oA T A A 14 12 25 AR I s I B
B, Bk

. 2
A= exp <—dlSt((+vj)) dist(v;,v;) <k (12)
0 HoAty

e Ao &R B A R R OT 5 dist(v, v) i AE IR AR
v BIME JA v; Z TH] 1) 3% P BEES 5 o oy il A BE B I A
WE2Es kKA. A B ENgG I E R R 1
FR o

Fz1 BEGIHER

Table 1 Statistical information on data

Blade WA A0 MR BdREURE%
METR-LA 207 1515 34272 8.11

PEMS04 307 340 16 992 3.18

PEMS08 170 295 17 856 0.70

43 FEAERBEIThiER

ARSCHE 3 A VEAEHEFR T XS LT 8 AN FE A A,
PEA T8 BR A 55 Y4 48 X 1% 22 (mean absolute error,
MAE). ¥ 77 1% 2 (root mean square error, RMSE) #ll
SEFIY X T 43 1R 2% (mean absolute percentage error,
MAPE), X bt i BEHERI AL AN T

1) {4 A AL Jj 52 5F- 3 (historical average, HA)
BREAY W A8 30 Yt % 71 AR, D s 21 A A
BE i

2) ARIMA 58 . — Fh 28 it (g i 5] e 5] 952 0
BAY

3) b 28 YR 27 S BEAL . ] 45406 35 BT (gated
recurrent unit, GRU) # % . RNN AYZ8F, LI GRU 1k
Sk WS TR B T 1) G B 2 - A A SR AE 4R, 35 FH TR )R
HI I

4) JECE BRI 2 M 4% (diffusion convolution
recurrent neural network, DCRNN)" 4% %1 . J] 4™ i [&l
& PR i GRU (19 55 B AH e LA 3 412 2 [) 44 1 ¢
R, I G 2 - AR ) A S B T

5) B 25 B % B 4% (spatial-temporal graphcon-
volutional network, STGCN)™" 445 £ . 3t - 35 FH ® 2%
RS, 25 G A BRI — 446 B 43 i 4 412 25 ] il
I IE] Y AHOC R AR o

6) /N 2% (graph wavenet, GWNet)"™) 5 #1 .
TE G R g | A 3 008 422 e 4 42 30 2 Y 25
WA, It — 2 DR R A R B2 B () A Gk

7) AGCRN®BERY . {5 F 1 Pl JEVARL, S et 11 5
AR S 5 T AR e A R, TR 4 A B RNN
P LA R B 2 A DG

8) Z A8 Ht I [H] ¥ 31 K] #f 28 N 2% (multivariate

time series forecasting with graph neural networks,



128 b3 M2 it KR %% % ik

2024 4%

MTGNN)? A ; 72 > 73 [8] R AE (1 [ s 1k P 45
P LA 2 31 0 0 () 25 () R AF, P45 A TCN #2 iU 25
FEE AT 22 4 Bt 18] 7 51 T
44 TMHETEBSY

SCHE R BT Bl 2 2 SRR RUER ] Pytorch
SEEL. AR TEGCL HEZR i, Xof T F 43 3¢, A SCHE S
T 2 JZWGH B Transformer 53 51l 4 Ay I 25 4 i
AT 23 i, Horp i 28 RAE R 4EFE D = 128, A X
W 4 AR ) SR R R 2% ST RUR , H ST AL
il 5 J5 4 W AS 1Y Transformer — 3 o f% 5, 2l ik
Transformer (1% Hif [n] % 4 /1 Fe 6 SR T 80K 256, XF
TR LAz 2 4 3, g Sk iR AR AL T AR 1R Y

fay 1 4E 2 256, X A R T IR EE 2 8 = 0.1, &
M @;={0.05,0.1,0.15,0.2,0.25}, @, ={0.01,0.03,0.05,
0.07,0.09}, a3 = {0.1,0.3,0.5,0.7,0.9}, LA K vy = {O min,
30 min, 60 min, 120 min} AR P A5 5 7E 55 IE 4L T 92K
SRR VB S MR 1 5R 0 B . AU R R B
187 K060 1 WA AR A A = {0.01,0.05,0.1,0.5, 1.0}
W E o A SCR TBERLES BE T BEOL AL 25, BEAY A
KINLRFECH 100, HER K /NK 128, X F Fr A 1
SLE, A SCAERF M BENLAY - BB R 5K, IR
TR TE AR P M
45 MINLERHH

32 WA SRS . A3 2 ] DLUE .

%2 FEIHEBIEHIEE METR-LA, PEMS04 71 PEMS08 EAIMEEELLER
Table 2 Performance comparison of different models on the METR-LA, PEMS04 and PEMS08 datasets

MAE MAPE RMSE
Hdi sk il

15 min 30 min 60 min 15 min 30 min 60 min 15 min 30 min 60 min
HA 4.145 4.145 4.145 0.129 0.129 0.129 7.772 7.772 7.772
ARIMA 3.853 4.925 6.915 0.093 0.137 0.174 6.475 9.608 14.539
GRU 3.879 3.971 4.101 0.109 0.113 0.120 7.468 7.746 8.231
DCRNN 2.709 3.125 3.599 0.070 0.085 0.105 5.254 6.386 7.620
METR-LA STGCN 2.793 3.167 3.540 0.073 0.087 0.102 5.455 6.514 7.525
GWNet 2.804 3.206 3.587 0.074 0.091 0.108 5.491 6.530 7.421
AGCRN 2.836 3.209 3.574 0.075 0.089 0.102 5.507 6.535 7.424
MTGNN 2.660 3.038 3.467 0.069 0.083 0.099 5.114 6.132 7217
TFGCLEAE 2.517 2.827 3.245 0.066 0.079 0.093 4.875 5.806 6.763
HA 24.520 24.520 24.520 0.167 0.167 0.167 39.838 39.838 39.838
ARIMA 21.822 24.681 28.869 0.146 0.170 0.221 35.521 41.218 53.266
GRU 22.441 22.506 22.583 0.155 0.156 0.157 36.286 36.342 36.447
DCRNN 19.581 21.467 24.864 0.133 0.147 0.175 31.125 34.067 39.228
PEMS04 STGCN 19.149 20.133 21.567 0.133 0.140 0.150 30.301 31.886 34.200
GWNet 17.692 18.574 19.956 0.125 0.131 0.149 28.516 29.888 31.848
AGCRN 18.132 18.834 19.851 0.124 0.130 0.139 29.221 30.464 31.965
MTGNN 17.929 18.760 20.135 0.133 0.140 0.150 28.837 30.296 32.510
TFGCLHESY 17.377 18.093 19.290 0.122 0.127 0.135 28.271 29.080 30.668
HA 21.193 21.193 21.193 0.138 0.138 0.138 36.644 36.644 36.644
ARIMA 20.992 24.998 28.953 0.140 0.168 0.179 36.570 39.545 48.436
GRU 19.992 20.126 20.461 0.124 0.125 0.127 32.276 32.569 33.200
DCRNN 15.139 16.619 19.345 0.098 0.107 0.125 23.476 25.982 30.058
PEMS08 STGCN 15.166 16.188 17.819 0.100 0.106 0.116 23.615 25.401 27.818
GWNet 13.486 14.349 15.672 0.091 0.093 0.108 21.615 23.375 25.855
AGCRN 14.146 14.962 16.427 0.092 0.097 0.121 22.241 24.055 26.557
MTGNN 14.001 14.883 16.583 0.097 0.101 0.116 21.968 23.624 26.128
TFGCLHESL 13.277 14.057 15.221 0.090 0.091 0.105 21.280 22.900 25.112

Vs HOHP LIRSS SR LA R, U S T R

1) TFGCL HEZR7E A [a] B H i 2 R i Koo 4
I N et o BOPE BB A 3 AN B s 4 B A e
5 (W 1), A TFGCL HEZR7E T A5 B 4 3%

B O fe e, AR A B AL A [R] An P 4 BT e, A5
RUVEREHE R B/ BT, 140 7E PEMSO8 | J& GWNet,
fEMETR-LA %1/ MTGNN, [AJif GWNet 7 METR-
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= PEMS04 909 o0edo0 7 )
< s 77
8 METR-LA =~ =
Rl =
S 5 6
l\. -
B 6 o oL Te o 5
= R = st
= o % < 12
3\% 4 :m mm - 4 L L L
= 15 30 60
5 A a T 24 /min
¥ 5 TFGCL HEZRAEA IR TN A T B R B L A A iy 4 7

S S ST
& Q- 9 L N
Qy&@o & C’@%&Qo‘% &S
<
4 REAUPERETE A A B AR BRI HE R XT L
Fig.4 Comparison of model performances of average

ranking on different datasets

LA FRIHEA S 5. X2 A TFGCL HE AL 78 I 25
I i e A B B SR AN ) B A ) L iE N T B
ool B4, RIS FE B8 B B A5 0 T W Re 2= 21 &
Jo s B9 AR, DA ARG SRR Y | 2 5080 4 3 5% i
TN T

2) TFGCL HEZE7E Bl 28 T R i Bl 4R H 4 Tt
W2 BB SR AE N R B0 4 9 HE Y S METR-
LA>PEMS04>PEMSO08( .3 1), Mi4nZ% 3 fi/r TFGCL
HE SR AR 3¢ T i L S A AU 1 42 7 HE P 401 )& METR-
LA>PEMSO04>PEMS08., XFEIL — vt e A
) 22 38 i i O AE AR % T A0 e R UK, 5y —
D7 A B IE T A SCH1 A X H 2 20 5 0 11 1 7
AN X IR B o

%3 TFGCL ERB S EEER MRS
Table3 The improvement of TFGCL compared to

optimal baselines model

Hntk MAE MAPE RMSE SRS
METR-LA 6.24 4.54 5.42 5.40

PEMS04 2.57 2.03 242 2.34

PEMS08 2.15 2.12 2.15 2.14

3) TFGCL HEZRAE K I 1 b A4 FH e . an
& 5 B/~ TFGCL HESRFEA B F50 b AH#E T e L 5
LAY (1) $2 T 38 0K, O TFGCL AE 42 7E 45 if
U s S 1 %) B T A7 b T e, T DAL XA
(7] 4 J32 (18 B ) 20 7% o 00 S o R ke, i R A e 2 A Y
T Bt U o A R A 2 b A PR L A R B

AT 3N RIULH] T A S TFGCL HE 4L 7F FL 5L
B B 1) 5 I T ) AL B M O R, R
WS AN [ B0H0E Bk 2 24 S AN [R) 991 0 B+ <, TFGCL
HEZE AR T I AR E A B B i 52T
4.6 EBRREMEST

g it — 3P4 TEGCL HE 42 i) Fa fele vk, 353152

Fig. 5 Improvement of TFGCL compared to optimal baseline

model on different prediction horizon

BN T« % bR AL A4 25 808 BE AL TR I e 1 gk
DB G L R R R V= B SR IVARYE = &/ T
Bl Horpr, e 7 IR A BRHE LE K 2045, B8 LBl
10%. 20%. 30%. 40%. 50%. W47k, X3 9t 3h i %k
P B 10% 1 LU RS 3 B0a i 2, AH Y T AR TR
FREE B2, AR SR AR P (B 0) S 30 £k 45
P o AN Al ASE A 1) 22 240 300000 1 e RO S8 fELAE iz
A VERESR b, 7 [6) S5 B0 0 30 Lo ] i A 00 1, A5 A
MUz AR RE A AT, AR F M AR . A SCAN &5
L RMSE 1E Jy ¥FAli 5 A5 A [7) 52 8 76 PEMS08 i 4%
4 LY SCIRZE A, DR LA DA 8 s R0 E b B 4 4
INGUERE ey N

FEEE R E 6 fian, Nh A 3 A EH: O
Wil 4 B T 2l 26 B K, AR T R ok L T
A, B R BR Bl 25 SR BT A ok T4 S 3k g
Rk () 2 VR BE 2 ) SR 1 BT 1 B HL A% e s A
PR, 3 U BH B 28 R B 2 ) B 25 ) A7 B0 B B Bl 5
M5 3 TFGCL HEHE Ay Pk fE T 1 78 T A B 25 IR =%
SRR dR /N, et TFGCL HE 28 il Ao il 1 e i
DR SR AR SC& 11T T 3000 348 i A Bl iy A 5080 ik
AN, RN L 2 2 5 2% R EI00E T A58 B HRHT X
Fi T4 B RE T, DT 3 202 ik 1) 2 388 7 o T
4.7 1BEEGHRRSIIE

ASCHE S 3 R B TR VA A L MR AR A T

60
=eo—=HA == ARIMA
55+ GRU DCRNN
==STGCN == GWNet
50t —e=AGCRN —o— MTGNN
m 45 | —e=TFGCL
22}
E 40 +
35+
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25
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Bla sl e fil/ge
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Fig. 6 Robustness comparison of different models on

PEMSO08 dataset
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U8 S W SR K T TFGCL AE 2R 1K BT B4 e 7= Tt 1Y) g
J1, BETHELARL R g o R X A A b
PEATHGIE . Mk, 51 TFGCL HEZRfY 4 AR Fh Al
43 2 D w/o EM, AR R & A 158 PR HL Y TFGCL
FEZ; @ w/o NM, 82 B 15 o J& e s 24 45 e 114
TFGCL HE4L; B wio TL, A% 3% 15 A7 it [l 4 B 455 B 11
TFGCL fE42; @ w/o FN, 1R % A & i BE A 1 %
W) TFGCLAESR . M T g R, X H
25 8581 DL RMSE A VAl 48 A5 75 S0 UE 4R | 1y 7 3
EE N

SCERAE RN T s, H G, wio NM 5 w/o FN
FHEL T TFGCL HE SR (PR E T BEAC K, B ik 1797 4

Ji A R SRR AR S SR A 1Y
P 4 2o T 8 Y A5 — B 18] N 9 ) 1 R 0,
AU T A2 3 WAL i A R A R P RS B R
i R IR, 3 P EOR AR WA 57 B o3 Kl Bk 2k
FR 1 0 T A A 0 I, DR IR R i T ik
(A B8 foe ot o B DAURE A 2o D SR I HE B 4 1 IR 4
T SO AL ST 2 GREAR X A RE AR, i B 1 A8 Y
SRR IR T, WA R R T [ AL S 8L, N
A T i i AR AT A R S ) A A A AR AR
8 RURE A 22 JROT IR AR 8 5 7 A B 2 Y AR R AR
X, PRI T2 SR ) A R R AR, sk B T T
Paxd Hog o v HEBR B SRR AS B E 220

9.0 33.0 26.0
851 255
8.0 25.0
75¢ 24.5
% % %
7.0 b 24.0
2 2 2
6.5 235
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Fig. 7 Ablation study on different data augmentation methods and strategies

Kk, wio EM 5 wio TI M5 F TFGCL HE4L 1
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PR SR BIR 132007 ¥R A 80PE , WL IS A 3 8K
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5 7 VR R A SSOVEHE AR s T RUB MR RY > i
FREATIUE > Y > I [A)4E

48 ITEMEITLL

AR SO T AN [R)B R A T A e 4R B AT
R N T AR I, EZXT H P RE R Y B 2 IR
BEE S Tk VAT X SRR B AN IR (epoch) 11
SRR K (train) DL KR 56 GE b 0000 37 #E
B (eval), PhULAE s F7RORMEATX 1L, 2045
e 4 .

MNF% 4 0] LR BT A AR R (1 I R )R] A |
500 s T B, 0 5 B A 4 A AR 3 e ]
i H B TFGCL HE 42 132 17 308 B R L T HoAth
AL PR TFGCL fESLR T 3R =AY Transformer
R A B 4 JR) 9 B 1) AR OC M, T L T RNN 2244 1
DCRNN, AGCRN 7 Sk AT | FERF A, 3T
CNN ) STGCN, GWNet % 78 4l it 4= Jay A 56 1 if 7
BEMBRZHEBRZE SRR I TR, BR
GWNet 7F PEMSO08 %45 4 [ 1y PEAl B 4 15 A< SO
I TFGCL HEZR %1, {H TFGCL HE 242 () I R K 458
ji, BAEZEWREE |, TEGCL HEZRAYPEREDE T GWNet
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Table 4 Operational efficiency comparison of different models S
train eval
A
METR_LA PEMS04 PEMS08 METR_LA PEMS04 PEMSO08
DCRNN 382.9 274.9 262.3 28.6 21.2 19.2
STGCN 40.3 8.7 20.3 4.7 3.8 2
GWNet 33.7 25.4 15 12 1 0.5
AGCRN 374 25 18.6 2.1 1.4 1
MTGNN 34 24.4 15.7 1.5 12 0.7

TFGCLHESE 24.2 17.4 11.6 0.8 0.6 0.4
('J—ll_,%% 2)o Artificial Intelligence, 2020, 34(4): 5956-5963.
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Robust traffic flow prediction based on graph contrastive learning
LIU Wei', JIA Suling

(School of Economics and Management, Beihang University, Beijing 100191, China)

Abstract: Robust traffic flow prediction, as the core technology of Intelligent Transportation Systems, is a long-
standing but challenging task. The fact that current models need a lot of training data and are susceptible to noise
disturbance is a major factor that is restricting the growth of this subject. In academia, graph contrastive learning can
alleviate the data-demanding issue and improve the model’s ability to resist data noise through data augmentation and
contrastive learning. Therefore, this paper proposes a Traffic Flow prediction framework that incorporates graph
contrast learning (TFGCL) for robust traffic flow prediction. The framework has three contributions: First of all, given
the unique spatio-temporal characteristics of traffic flow graph (TFG) data, TFGCL proposes three TFG data
augmentation methods from the perspective of time and space. Secondly, in order to learn high-quality
representations, this work also suggests a filtering method to shield the model from harsh negative samples with
identical semantics. Finally, TFGCL jointly trains the traffic flow prediction task and the graph contrastive learning
task. Extensive experiments with 8 baselines on 3 real traffic datasets show that the prediction performance of the
TFGCL framework is more robust (an improvement of 6.24% compared to the best baseline), especially in datasets
with obvious data missing and long-term traffic flow forecasting tasks.

Keywords: traffic flow prediction; traffic flow graph; noise perturbation; graph contrastive learning; robustness

of prediction

Received: 2022-04-07; Accepted: 2022-05-14; Published Online: 2022-05-31 14:22
URL: link.cnki.net/urlid/11.2625.V.20220530.2025.004

* Corresponding author. E-mail: wayne@buaa.edu.cn


link.cnki.net/urlid/11.2625.V.20220530.2025.004
mailto:wayne@buaa.edu.cn

	1 相关工作
	2 问题定义
	2.1 交通流量图
	2.2 交通流量预测

	3 交通流量图对比学习框架
	3.1 图对比学习
	3.2 交通流量图对比学习
	3.2.1 交通流量数据增强
	3.2.2 时空编/解码器
	3.2.3 双任务联合训练


	4 实验结果与分析
	4.1 实验平台
	4.2 数据集
	4.3 基准模型与评估指标
	4.4 实现细节与超参数
	4.5 测试结果分析
	4.6 模型稳健性分析
	4.7 模型消融实验
	4.8 计算效率对比

	5 结　论
	参考文献

