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Time-aware Transformer for Traffic Flow Forecasting
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4 School of Information Science and Engineering, Lanzhou University, Lanzhou 730000, China

5 School of Computer Science and Engineering, University of Electronic Science and Technology of China,Chengdu 611731,China

Abstract As a key part of intelligent transportation systems, traffic flow forecasting faces the challenge of long-term prediction
inaccuracy. The key factor is that the traffic flow has complicated spatial and temporal correlations. Recently, the emerging suc-
cess of Transformer has shown promising results in time series analysis. However, there are two obstacles when applying Trans-
former to traffic flow forecasting:1)it’s difficult for the static attention mechanisms to capture the dynamic changes of traffic
flow along the space and time dimensions;2)the autoregressive decoder in transformer could cause error accumulation problem
To address the above problems, this paper proposes a time-aware Transformer(TAformer) for traffic flow forecasting. Firstly,it
proposes a time-aware attention mechanism that can customize attention calculation solution according to the time features,so as
to estimate the spatial and temporal dependencies more accurately. Secondly,it discards the teacher forcing mechanism during the
training phase and proposes a non-autoregressive inference method to avoid the problem of error accumulation. Finally,extensive
experiments on two real traffic datasets show that the proposed method can effectively capture the spatial-temporal dependence of
traffic flow. Compared with the state-of-the-art baseline method, the proposed method improves the performance of long-term
prediction by 2. 09% ~4.01%.

Keywords Traffic flow Forecasting,Spatial-Temporal modeling, Time-aware attention, Non-autoregressive, Transformer
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Table 1  Statistics of datasets used in this paper
Datasets Nodes Edges Samples

METR-LA 207 1515 34249

PEMS-BAY 325 2369 52093
4.2 BEFHE

ARSCIEPE T — R R R EEE AL
E &0l iz N T A R WAL 55 .
1)HA(Historical Average ModeD) %), JFj 51 SF- #4485 5

LIRS

2) ARIMA,, (Autoregressive Integrate Moving Average
Model with Kalman filter) " . 3 F - /R 2 yE I #5819 2% 4 A 7]
VA% gl P A,

3)FC-LSTM(Fully Connected Long Short-Term Memory
unit) 0 4 A S I A2 B T AR A B T IR M 8 T 24 A
LI [1] A o

4) DCRNN (Diffusion Convolutional Recurrent Neural
Network) ™ " it ARG 1 B 26 W 45, 4 L T 9 06 AR T
FEIRH T,

5) STGCN ( Spatio-Temporal Graph Convolutional Net-
work) P 25 E BRI % 25 G T G BUR— iR ) B B

6)GWN(Graph WaveNet),
e [a) B Ak 5 1L

7) MRA-BGCN ( Multi-Range Attentive Bicomponent
GCN O Z i Bl 1 2 14 40 Tk 35 B 45

8)ST-GRAT (Spatio-Temporal Graph Attention)"” ; 3%
F BIH 3 Transformer 2844 (14 i 25 B 7 2 2 W 45
4.3 XWREMSHITE

ARSCH IR 721 52 (9 Lo Sl A I R AR L UE A RN D AR
KM z-score ApiEfl , I LA £ T=12 4NEFHA] A (60 min) B9 75
o A2 3 R R I R Sk T =12 AN ] H (60 min) #4528 1
. R DCRNN[“]EP%?IE& J A8 e A% 1 O 2 A B E
WANE ¢, X E 5 Al AT X L R Sk & O kR R —
., AL & HA — P NVIDIA Quadro RTX
4000 GPU H1 16 4~ Core 19-11900K CPU # B9 #% % - i
7. ZIUCJ‘I@FHT?”AFFiJIIf?WIﬂﬁﬁ*@éﬁ“”&ﬂiﬂé
WA Gk B b i A T, AR SCR T Adam ) fE#E T
TN R 5 2 i Ry 0. 005, FFZE I 2k 20 %‘)ﬁﬁ/}ﬁ}ﬂ?
B 1/10, REFBMBE N 1X10° 3k K/NBE N 64, 3
Y530 B, Ot RG4S R HE S 09 240 L =3, B YRR AE 4 B
dy=d,=d., =32,
4.4 EHERSHIR

AR SC kPO 14 45 % iR 2% (Mean Absolute Error, MAE) |
75 HR % 2% (Root Mean Squared Error, RMSE) -2 4 %} 75
4y iR 2% (Mean Absolute Percentage Error. MAPE) 1E i 1l
D BE 1) PP 4 A o 3 S8 A A AT AR A8 2 19 T30 44 g -
F2ME 34T &SI EFE METR-LA ¥ ¥ 4 Fi
PEMS-BAY 44 b 7000 #: BE .
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Table 2 Experimental results on METR-LA Dataset
15 min 30 min 60 min

Model MAE RMSE MAPE/% MAE RMSE MAPE/% MAE RMSE MAPE/%
HA 4.16 7. 80 13.0 4.16 7.80 13.0 4.16 7.80 13.0
ARIMA Kl 3.99 8.12 9.6 5.15 10. 45 12.7 6. 90 13.23 17.4
FC-LSTM 3. 44 6. 30 9.6 3.77 7.23 10.9 4.37 8.69 13.2
DCRNN 2.77 5.38 7.3 3.15 6.45 8.8 3. 60 7.60 10.5
STGCN 2.88 5.74 7.6 3.47 7.24 9.6 4.59 9. 40 12.7
GWN 2.69 5.15 6.9 3.07 6.22 8.4 3.53 7.37 10.0
MRA-BGCN 2.67 5.12 6.8 3.06 6.17 8.3 3.49 7.30 10.0
ST-GRAT 2. 60 5.07 6.6 3.01 6.21 8.2 3.49 7.42 10.0
TAformer 2.52 5.17 6.5 2.90 6.14 7.9 3.35 7.13 9.5

# 3 PEMS-BAY Hii4E Ly
Table3 Experimental results on PEMS-BAY Dataset
15 min 30 min 60 min

Model MAE  RMSE MAPE/Y% MAE  RMSE MAPE/% MAE  RMSE MAPE/%
HA 2.88 5.59 6.8 2.88 5.59 6.8 2.88 5.59 6.8
ARIMAK. 1.62 3. 30 3.5 2.33 4.76 5.4 3.38 6.50 8.3
FC-LSTM 2.05 4.19 4.8 2.20 1. 55 5.2 2.37 4.69 5.7
DCRNN 1.38 2.95 2.9 1.74 3.97 3.9 2.07 4.74 4.9
STGCN 1. 46 3.01 2.9 2.00 4.31 4.1 2.67 5.73 5.4
GWN 1. 30 2.74 2.7 1.63 3.70 3.7 1.95 4.52 4.6
MRA-BGCN 1.29 2.72 2.9 1.61 3.67 3.8 1.91 4.46 4.6
ST-GRAT 1.29 2.71 2.7 1.61 3.69 3.6 1.95 4,54 4.6
TAformer 1. 30 2.78 2.7 1. 60 3.66 3.6 1.87 4.33 4.3

1) TAformer £ 30 min F1 60 min B &9 7000 ¥4 BE 4 T r A

P L 28 7k AR B R AR L AT 60 min TN A, TAformer #H 1 %
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Fig.5 Performance of three attention mechanism on two datasets
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Fig. 6 Performance comparison between TAformer and TAformer-auto
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Table 4 Running speed on PEMS-BAY dataset
(¥ (s/epoch))

Model Training Inference
TAformer 608. 44 46.77
TAformer-auto 615. 33 187.73

3 FE ARG Rk R
ARICE BT LR LR TAformer #7844, LI i 455 5
TR 2L 4 A AT

1) w/o Topology: % Bk 25 Al i B 1 8 B o J&y #8
BRI AME S .
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*hIEAE R
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Table 5 Ablation experimental results on METR-LLA dataset
Model 15 min 30 min 60 min
ode MAE RMSE MAPE/Y% MAE RMSE MAPE/% MAE RMSE MAPE/%

w/o Topology 2.57 5.30 6.7 2.95 6.25 8.1 3.38 7.20 9.7

w/o Supplement 2.54 5.21 6.5 2.95 6.22 8.0 3.40 7.24 9.7

w/o Laplace 2.53 5.18 6.5 2.91 6.17 7.9 3.36 7.14 9.6

w/o SPE 2.63 5.38 6.8 3.10 6.47 8.5 3.70 7.65 10.7

w/o TPE 2.81 5.93 7.7 2.89 6.11 8.0 3.56 7.54 10.0

w/o STPE 2. 80 5.76 7.7 3. 14 6.53 8.7 3.97 8.21 11.1

TAformer 2.52 5.17 6.5 2.90 6.14 7.9 3.35 7.13 9.5
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