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LibCity is a unified, comprehensive, and extensible library, which provides researchers with a credible experimental tool and a convenient E ¢ I
development framework in the traffic prediction field. Our library is implemented based on PyTorch and includes all the necessary steps or

components related to traffic prediction into a systematic pipeline, allowing researchers to conduct comprehensive experiments. Our library will
contribute to the standardization and reproducibility in the field of traffic prediction.

LibCity currently supports the following tasks:

* Time Series Prediction
* Traffic State Prediction
< Traffic Flow Prediction

o Traffic Speed Prediction
© On-Demand Service Prediction
© OD Matrix Prediction
* Trajectory Next-Location Prediction
* Map Matching

* Road Network Representation Learning

Features

* Unified: LibCity builds a systematic pipeline to implement, use and evaluate traffic prediction models in a unified platform. We design basic
spatial-temporal data storage, unified model instantiation interfaces, and standardized evaluation procedure.

* Comprehensive: 54 models covering 8 traffic prediction tasks have been reproduced to form a comprehensive model warehouse.
Meanwhile, LibCity collects 32 commonly used datasets of different sources and implements a series of commonly used evaluation metrics
and strategies for performance evaluation.

* Extensible: LibCity enables a modular design of different components, allowing users to flexibly insert customized components into the
library. Therefore, new researchers can easily develop new models with the support of LibCity.
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*J. Wang, N. Wu, X. Zhao. “Personalized Route Recommendation with Neural Network Enhanced A* Search Algorithm”, IEEE
Transactions on Knowledge and Data Engineering (TKDE), pages 1-1, 2021.

*J. Wang, N. Wu, W. X. Zhao, F. Peng, and X. Lin, "Empowering A* search algorithms with neural networks for personalized route
recommendation,” in KDD'19, pp.539-547
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* https://www.github.com/LibCity/Bigscity-LibCity-PaperList

Traffic Prediction Paper Collection

In the paper collection, we collected traffic prediction papers published in the recent years (2016-now) on 11 top
conferences and journals, namely, AAAI, JCAI, KDD, CIKM, ICDM, WWW, NIPS, ICLR, SIGSPATIAL, IEEE TKDE and
I[EEE TITS. In addition, the surveys since 2016 and representative papers mentioned in the surveys are also
included. We will continue to update the collection.

o Traffic Prediction Paper Collection

o Surveys

o AAA|

o |J Vol |-‘_-|\ ~ Vol S \ sl L A : N
e - B, BIBIEY, WAAKIE. ATESEREETISN
o CIKM

o ICDM '52541'/

o WWW . L Or o . . :

J Avon S o B

o ICIR A 3,';'§>4|(D D ICDM

o SIGSPATIAL o

o |EEE TKDE

o |EEETITS SN,
::‘-T-‘"' - .
o Other O» BWEBE £ e }5 ICLR ‘éﬁasmmt IEEE IEEE
» Contributors oot « TKDE TITS

e Cite

Surveys
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4 Experiments
4.1 Data set and settings

Our experimental data set are generated from Baidu map> log
data. We gathered all users’ traveling recordsim city Peking

during one week(from Dec. 2, 2015 to Dec. 8. 2015), which

contains 311,310 usable point paths and 16,775,817 position- Evaluation Datasets

ing points. We transform the point paths into AOI paths by We conduct experiments on two widely-used real LSBN
. datasets, namel m Feng et al. 2018) and

5-1 Experimental Setup ) VS Gowalla (Yin et 2;1. 20‘ !! l!c Fomsf]uare check-in dataset

5.1.1 Datasets. We conduct our experiments ”1‘3" is collected from February 2010 to January 2011 in New

ments check-in data. This study was approved by Tencent” and York while Gowalla contains world-wide check-ins from

the Computer Science and Technology Department University of February 2009 to October 2010. For both of them, we elim-

Cambridge Ethics Committee. Initially, the whole dataset contains
all the POI check-in records created by WeChat users living in Bei-
jing for one year spanning from September 2016 to August 2017.

FEFFIRERES FrsesdEs
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TABLE II
RESULTS OF DIFFERENT METHODS
Method Acc@l Acc@5 [ Dataset | Method | recall@2 recall@5 recall@10 | NDCG@2 NDCG@5 NDCG@I0 |
20% 40% 60% 80% 20% 40% 60% 80% Popu | 0821%  1544%  2812% | 0466%  1.02% 1427%
. . FPMC | 8.800%  13.008% 17217% | 7815%  9.695% 11.053%
TDP DG] ﬂf.'! U{}439 D':M-TB Uﬂ'ﬁﬂh 00544 Uﬂ‘@3? D] ]3{] U ] 332 PRME 11.334% 17479% 22 487% 9783% 12.548% 14.163%
MF 0.0305 0.0487 (.0588 0.0810 0.0629 (0.0982 00.1259 (0.1653 Gowalla RSNN 1:3233 Zggg;? 32237? 1%32(1)? 1533;? 1223;3
- LSTM 13.979% 19. o .805% 12. o 15.1 o 16. o
VOM 00299 | 00436 | 00612 | 00833 | 00610 | 0.0923 | 0.1387 | 0.1712 TMCA | 15404% 21.926%  27725% | 13.796%  16726%  18.597%
FPMC 0.0473 0.0676 (0.0883 0.1077 0.0617 0.0038 0.1407 0.1699 Popu 0.115% 0.287% 0.559% 0.057% 0.167% 0.254%
: FPMC | 0548%  1271%  2.230% 0.451% 0.771% 1.099%
PRME 00425 | 00684 | 00950 | 0.1164 | 00666 | 0.1042 | 0.1437 | 0.1754 PPMC | 048%  1271% — 2230% | - 0431% — 077V% — 1.09%%
ST-RNN 0.079% 0.1072 0.1259 0.1437 0.1869 0.2715 0.3276 0.3639 Yelp RNN 0.502% 1.099% 2.045% 0.414% 0.676% 0.981%
- LSTM 0.490% 1.0Y7Y 1.94 7% 0.4029 0.66Y% 0.9459
LSTM 00728 | 0094 | 01103 | 01242 | 01875 | 02498 | 02796 | 0.3039 IMCA | 1361%  2.870%  4809% | 1142%  1809%  2.430%
IJCAI 2018 ICDM 2018

FEEISUE R SRV LTS HY Baseline A&
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tive users and unpopular POlIs. In particular, we removed

all the users whose check-ins were fewer thannd
all the POIs where check-ins were fewer than ten from the
two datasets.

TABLE 2. STATISTICS OF THE PREPROCESSED DATASETS.

Dataset #Users  #Check-ins  #Locations  #Sub-trajectories
Gowalla (2874 D 445166 60,534 349,856
Brightkite 3,277 1,062,465 22,789 839,890

We use three publicly available real-world Location-Based Social
Network datasets to evaluate our method: Gowalla, Brightkite [4],
and Foursquare [35]. We remove users with fewer thacheck-
ins and locations which have been visited fewer thanimes.

Table 1: Dataset statistics.

Gowalla Brightkite Foursquare
#users (1708 5,247 12,695
#locations 48,181 37,344
#check-ins 2,963,373 1,699,579 1,941,959

M X2 (EREREEE SRR IES T
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iMEY “ImageNet + OpenCV”
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O Why GitHub? Team Enterprise Explore Marketplace Pricing

LibCity

LibCity: An Open Library for Traffic Prediction

LibCity

A unified, comprehensive and extensible library for traffic prediction. Bl owerden B eposionis @ @ ratoge A reoke @ [ Pt

@ China ¢ hitps:/ylibcity.aif

Papular repositories

Bigscity-LibCity Public Bigscity-LibCity-PaperList Public
LibCity: An Open Library for Traffic Prediction Paper list in traffic prediction field
@rpnon Y7142 Yo Tra2 Y3

II'I AI IA. Bigscity-LibCity-Datasets Public Bigscity-LibCity-Docs Public
Traffic data processing tools in LibCity Diocs of LibCity

Comprehensive Datasets and
Unified Data Structures

LibCity provides 29 spatio-temporal
datasets and introduces unified data
structures to format representations of
datas and the input of algorithms.

Mainstream Tasks and Intelligence
Algorithms

LibCity supports 4 mainstream spatio-
temporal data mining tasks and
implements 42 commonly used
intelligence algorithms.

o =

Extensive and Standard Evaluation
Metrics

LibCity incorporates extensive and
standard evaluation metrics for testing
and comparing spatio-temporal data
mining algorithms.

@Pihon Y37 Y3

Bigscity-LibCity-Docs-zh_CN

Chinese Docs of LibCity

@ryhon  T¥3

Public

®rython 193 T

libeity.github.io Public

Home page of LibTraffic

Qe 11

https://www.github.com/LibCity

https://libcity.ai
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geo_id type coordinates rel_ id type  origin_id destination_id cost
X 5 773869  Point [-118.32,34.15] 0 geo 716328 716328 0.0

JRFXHFTUENX

METR-LA.dyna

METR-LAZHEE

o 767541 Point [-118.24,34.12] 1 €0 716328 716331 4123.8
XXX.ZEe0 HERSLAMER &
XX UST FRSoA S 769373  Point  [-118.32,34.10] 11752 geo 774207 774207 0.0
METR-LA.geo METR-LA.rel
xxx.rel SC ZER
SIARA(E dyna_id type time entity_id traffic_speed
v A (= 0 tat 2012-03-01T00:00:00Z 773869 64.375
xxx.dyna RBIAHER e
1 state 2012-03-01T00:05:00Z 773869 62.667
xox.ext FHNEENERE
7094303 state 2012-06-27T123:55:00Z 769373 61.778
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DATASET #GEO #REL #USR #DYNA  PLACE DURATION INTERVAL
METR-LA[19] 207 11,753 7,094304  Los Angeles, USA  Mar. 1, 2012 - Jun. 27, 2012 5min
Los-loop[43] 207 42,849 7,094,304  Los Angeles, USA  Mar. 1, 2012 - Jun. 27, 2012 5min
SZ-Taxi[43] 156 24,336 464,256  Shenzhen, China Jan. 1, 2015 - Jan. 31, 2015 15min
Loop Seattle[8, 9] 323 104,329 33,953,760 Greater Seattle over the entirely of 2015 5min
Area, USA
Q-Traffic[21] 45,148 63,422 264,386,688 Beijing, China Apr. 1, 2017 - May 31, 2017 15min
PeMSD3[31] 358 547 9382464  California, USA  Sept. 1, 2018 - Nov. 30, 2018 5min
PeMSD4[13] 307 340 5.216,544  San  Francisco Jan. 1, 2018 - Feb. 28, 2018 Smin
Hisp Bay Area, USA
% PEMSD7[31] 883 866 24921792  California, USA  Jul. 1, 2016 - Aug. 31, 2016 5min
n PEMSDS[13] 170 277 3,035,520  San Bernardino Jul 1, 2016 - Aug. 31, 2016 5min
Area, USA
’ PEMSD7(M)[38] 228 51,984 2,889,216 California, USA weekdays of May and June, 5min
2012
PEMS-BA[19] 325 8,358 16,937,700 San  Francisco Jan. 1, 2017 - Jun. 30, 2017 S5min
Bay Area, USA
Beijing subway[41] 276 76,176 248,400 Beijing, China Feb. 29, 2016 - Apr. 3, 2016 30min
M_dense[11] 30 525,600 Madrid, Spain Jan. 1, 2018 - Dec. 21, 2019 60min
Q Rotterdam[ 14] 208 4,813,536  Rotterdam, Hol- 135 days of 2018 2min
land
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_init__(self, config, data_feature): void
predict(self, batch): torch.tensor
calculate_loss(self, batch): torch.tensor

ME=

pEs A
e 4 R AutoEncoder,
BT RNN (R FC-RNN/LSTM/GRU. Seq2Seq

BT ONN [ STResNst

JRABR (RNN+CNN) ACFM. DMVST-Net

T GCN [l STG2Seq. STSGCN. GMAN

G HA (GCN+RNND DCRNN. TGCN. TGC-LSTM. ToGCN. AGCRN

. STGCN. ASTGCN. GWNET. STAG-GCN.
BEBE (GCN+CNND
MTGNN. HGCN

ACFM. ASTGCN. STG2Seq. STAG-GCN.
7 RER B AR

GMAN. HGCN

MAPE on PEMS_BAY

o
o
2

o
o
[}

o
S
]

RMSE on PEMS_BAY

2 3456 78 9101112
timesteps

1 2 3456 7 8 9101112
timesteps

AE
Seq2Seq
DCRNN
STGCN
GWNET
ASTGCN
TGCN
AGCRN
MTGNN
STG28Seq




BN FRIRERE: RSB

* X32016-2020HA[E{E 111N 2 FNERT LA Z=AE
« #i136585163Z, FEESIGSPATIAL, KDD, ICDM, AAAI IJCAI, CIKM,

WWW, NIPS, ICLR, IEEE TKDE, IEEE TITSS

ra

P

5]

~

w

o

AAAI

2021

. Hierarchical Graph Convolution Networks for Traffic Forecasting. Kan Guo, Yongli Hu, Yanfeng Sun, Sean

Qian, Junbin Gao, Baocai Yin. AAAI 2021. link

. Traffic Flow Prediction with Vehicle Trajectories. Minggian Li, Panrong Tong, Mo Li, Zhongming Jin, Jiangiang

Huang, Xian-Sheng Hua. AAAI 2021. link

Physics-Informed Deep Learning for Traffic State Estimation: A Hybrid Paradigm Informed By Second-
Order Traffic Models. Rongye Shi, Zhaobin Mo, Xuan DL AAAI 2021. link

. GSNet: Learning Spatial-Temporal Correlations from Geographical and Semantic Aspects for Traffic

Accident Risk Forecasting. Beibei Wang, Youfang Lin, Shengnan Guo, Huaiyu Wan. AAAI 2021. link

. Spatial-Temporal Fusion Graph Neural Networks for Traffic Flow Forecasting. Mengzhang Li, Zhanxing Zhu.

AAAL 2021, link

FC-GAGA: Fully Connected Gated Graph Architecture for Spatio-Temporal Traffic Forecasting. Boris .
Oreshkin, Arezou Amini, Lucy Coyle, Mark Coates. AAAI 2021, link

. Traffic Flow Forecasting with Spatial-Temporal Graph Diffusion Network. Xiyue Zhang, Chao Huang, Yong

Xu, Lianghao Xia, Peng Dai, Liefeng Bo, Junbo Zhang, Yu Zheng. AAAI 2021. link

Bae, Hae-Gon Jeon. AAAL 2021. link

Hamed Tabkhi. AAAI 2021. link

. Temporal Pyramid Network for Pedestrian Trajectory Prediction with Multi-Supervision. Renggin Liang,

Yuanman Li, Xia Li, ¥i Tang, Jiantao Zhou, Wenbin Zou. AAAI 2021. link
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. Curb-GAN: Conditional Urban Traffic Estimation through Spatio-Temporal Generative Adversarial

Networks. Yingxue Zhang, Yanhua Li, Xun Zhou, Xiangnan Kong, Jun Luo. KDD 2020. link

. City Metro Network Expansion with Reinforcement Learning. Yu Wei, Minjia Mao, Xi Zhao, Jianhua Zou, Ping

An. KDD 2020. link

. Delivery Scope: A New Way of Restaurant Retrieval for On-demand Food Delivery Service. Xuetao Ding,

Runfeng Zhang, Zhen Mao, Ke Xing, Fangxiao Du, Xingyu Liu, Guoxing Wei, Feifan Yin, Renging He, Zhizhao
Sun. KDD 2020. link

Dynamic Heterogeneous Graph Neural Network for Real-time Event Prediction. Wenjuan Luo, Han Zhang,
Xigodi Yang, Lin Bo, Xiaoging Yang, Zang Li. Xiaohu Qie, Jieping Ye. KDD 2020. link

. Attention based Multi-Modal New Product Sales Time-series Forecasting. Vijay Ekambaram, Kushagra

Manglik, Sumanta Mukherjee, Surya Shravan Kumar Sajja, Satyam Dwivedi, Vikas Raykar. KDD 2020. link

. Connecting the Dots: Multivariate Time Series Forecasting with Graph Neural Networks. Zonghan Wu,

Shirui Pan, Guodong Long, Jing Jiang, Xiaojun Chang, Chengqi Zhang. KDD 2020. link

. Competitive Analysis for Points of Interest. Shuangli Li, Jingbo Zhou, Tong Xu, Hao Liu, Xinjiang Lu, Hui Xiong.

8. Pre-Training Context and Time Aware Location Embeddings from Spatial-Temporal Trajectories for User KDD 2020. link
Next Location Prediction. Yan Lin, Huaiyu Wan, Shengnan Guo, Youfang Lin. AAAI 2021. link 8. Calendar Graph Neural Networks for Modeling Time Structures in Spatiotemporal User Behaviors. Daheng
9. Disentangled Multi-Relational Graph Convolutional Network for Pedestrian Trajectory Prediction. inhwan Wang, Meng Jiang, Munira Syed, Oliver Conway, Vishal Juneja, Sriram Subramanian, Nitesh V. Chawla. KDD

2020. link

10. Coupled Layer-Wise Graph Convolution for Transportation Demand Prediction. Junchen Ve, Leilei Sun, 9. Fast RobustSTL: Efficient and Robust Seasonal-Trend Decomposition for Time Series with Complex
Bowen Du, Yanjie Fu, Hui Xiong. AAAI 2021. link Patterns. Qingsong Wen, Zhe Zhang, Yan Li, Liang Sun. KDD 2020. link
11. CARPe Posterum: A Convolutional Approach for Real-Time Pedestrian Path Prediction. Matias Mendieta, 10. Multi-Source Deep Domain Adaptation with Weak Supervision for Time-Series Sensor Data. Garrett Wilson,

Janardhan Rae Doppa, Diane J. Cook. KDD 2020. link

. Personalized Prefix Embedding for POl Auto-Completion in the Search Engine of Baidu Maps. Jizhou

Huang, Haifeng Wang, Miao Fan, An Zhuo, Ying Li. KDD 2020. link
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Table 1: The implemented models in LibCity.

Task | Traditional | CNN-based | RNN-based | GCN-based | Attention-based
Traffic flow ST-ResNet AGCRN, CONVGCN, STSGCN ASTGCN, ResLSTM
’ FC-RNN, Seq2S ’ ’ : ’ ’
prediction AutoEncoder |\ ey oTpN > Dedased ToGCN, Multi-STGCnet CRANN, DGCN, DSAN
Traffic speed DCRNN, STGCN, GWNET, MTGNN, |  GMAN, STAGGCN
—~ FC-RNN, Seq2S ’ ’ ’ ’ ’ ’
prediction AutoEncoder » vedased TGCN, TGCLSTM, ATDM, GTS HGCN, ST-MGAT
On-Demand |\ b coder| DMVSTNet FC-RNN, Seq2Seq CCRNN STG2Seq
service prediction
Trajectory RNN, ST-RNN, ATST-LSTM,
next-location FPMC - SERM, DeepMove, - GeoSAN, STAN
prediction HST-LSTM, LSTPM, CARA
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» LibCity JA3@BFHIREIE X 7 H—AYSEIE O
» Batch £513: HEMIRERIG—IMN\SIELUBRLETS
> predict() = TTERERIFUNZER
> calculate_loss() #=[0: 1HE&EEY)||ZRETHIIRK Loss(E
> F—R R S —
> EHTRELAISCIAE Aostractiodd

_init_ (self, config, data feature): void
predict(self, batch): torch.tensor
calculate loss(self, batch): torch.tensor
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* {JiitEs (Optimizer) 1%$E: SGD / RMSProp / Adam / AdaGrad /

SparseAdam

« Z23#E (Learning Rate) iFEERAEIEIE: StepLR / MultiStepLR /
ExponentialLR / LambdaLR / ReduceLROnPlateau...

« $R5CEAEYL (Loss Function) 3#%6#F: L15cR, 1L255iR. Huberskt
CoshZkim. QuantilestR

- BE{SH#) (Early Stopping) : ZEIHLS(AIRT

- fBEFEY (Gradient Clipping) : AEBEIRE. HBEBKEA
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¢ Enﬂéﬁj:}%/ QE%@;&}EI g)ﬁa |\{E I%\- oo o__i::;g e - L;:jszies @ Execution Module OEvalualion\l\\ilodule
> EEFRSL I

)) Traffic State /Y Pr eprocessing_
 FURIA—, BURITIE. .
- SSEREN, £RREEEIN
> RBNEFR S|
Window Settings Prodiction
® &EE}E\ &Eiﬁ%. . \ Negative Sample /
~IRESHG (ES e
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Traffic State
External Information / Normalization

NS

Trajectories Filtering

@‘ Evaluation \‘

Value-Based Metrics

@ Model
[ Reproduced Models ]

Traftic Speed Prediction

Traffic Flow Prediction

On-Demand Service

Rank-Based Metrics

[ Custom Models ]
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Epoch [2/5] train_loss: 3.5790, val_loss: 0.010000, 9.64s

epoch complete!

evaluating now!

Epoch [3/5] train_loss: 3.5368, val _loss: 3.7144, 1r: 0.010000, 16.

epach complete!

evaluating now!

Epoch [4/5] train_loss: 3.5447, val loss 42, 1r: 0.001000, 10.98s

Saved model at 4

Val loss decrease from 3.6924 to 3.6842, saving to ./libcity/cache/model_cache/RNN_METR_LA epoch4.tar
Trained totally 5 epochs, average train time is 9.550s, average eval time is 0.559s

Loaded model at 4

Saved model at ./1libcity/cache/model_cache/GRU_METR_LA.m

Start evaluating ...

Note that you select the single mode to evaluate!

Evaluate result is saved at ./libeity/cache/evaluate cache/2021 10 29 17 17 28 RNN_METR LA.csv

ISE masked
7.

.518465
553972
585

1&E)||ZRLoghait

== Status ==
Memory usage on this node: 17.1/125.4 GiB
Using FIFO scheduling algorithm.
Resources requeste 0/40 CPUs, ©/4 GPUs, 0.0/71.24 GiB heap, 0.0/ GiB objects (0/ accelerator_type
Current best trial: 8e46e 00002 with loss 851404543276 and parameters={'hidden_size': @, 'max_epoch':
ing_rate 05}
Result logdir: /mnt/data/shihonghao/jjw/video/Bigscity-LibTraffic/libtraffic/cache/hyper_tune/inner s . 14-00-10
Number of trials: 5/5 (5 TERM

Y 5
| Trial name status dropout |  hidden_size

‘dropout': 0.19898419

g INFO tune.py:450
- Best trial config: {'hidden_size'
- Best trial final validation lo

seconds (141.28 seconds for the tuning loop)
‘dropout': 0.19898419: 44 rni ate': 0.005}
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LibCity

GitHub

A unified, comprehensive and extensible library for traffic prediction.

( InstaII Qunck Start

Comprehensive Datasets and
Unified Data Structures

LibCity provides 29 spatio-temporal
datasets and introduces unified data
structures to format representations of
datas and the input of algorithms.

()

Mainstream Tasks and Intelligence
Algorithms

LibCity supports 4 mainstream spatio-
temporal data mining tasks and
implements 42 commonly used
intelligence algorithms.

151 B M uh: https:/libcity.ai

"\

el

Extensive and Standard Evaluation
Metrics

LibCity incorporates extensive and
standard evaluation metrics for testing
and comparing spatio-temporal data
mining algorithms.
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# Bigscity-LibCity

ch docs

Introduction

Directory Structure

Config Setting:
Data Introduction

Reproduced Model List
Evaluator Introduction

or Introduction

Code Style
Custom
Custom

Customi:

Install and quit
Run an existing model in LibCity
Add a new model to LibCity

Tuning the model with automatic tool

libeity.config

libeity.data

libcity.model
libeity.pipeline

libcity.utils

& Read the Docs

# » Welcome to Bigscity-LibCity's documentation!

© Edit on GitHub

Welcome to Bigscity-LibCity’s documentation!
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1 MTGNN Connecting the Dots: Multivariate Time Series Forecasting with Graph Neural Networks 2020 2.65970 3.03844 3.27913 3.46719
5 STGON Spatio-temporal graph convolutional networllcs: A deep learning framework for traffic 2018 279312 316743 338780 354005
forecasting
3 AGCRN Adaptive Graph Convolutional Recurrent Netwaork for Traffic Forecasting 2018 2.83642 3.20918 3.41369 3.57438
4 GWNET Graph Wavenet for Deep Spatial-Temporal Graph Modeling 2019 2.80364 3.20603 3.43401 3.58650
5 DCRNN Diffusion convolutional recurrent neural network: Data-driven traffic forecasting 2018 2.70890 3.12476 3.38887 3.59865
6 GMAN GMAN: A Graph Multi-Attention Network for Traffic Prediction 2020 297876 3.33146 3.56791 3.76438
7 STG2Seq STG2Seq: Spatial-temporal Graph to S‘le:z:::ac;nmgodel for Multi-step Passenger Demand 2019 320701 351383 375212 308022
8 GRU Using LSTM and GRU neural network metheds for traffic flow prediction 2016 3.87858 3.97065 403415 410105
9 Seq2Seq Sequence to Sequence Learning with Neural Networks 2014 372423 3.84346 3.96849 410702
10 AE Generalized Autoencoder: A Neural Network Framework for Dimensionality Reduction 2014 4.29603 4.32998 438502 4.49087
" ASTGON Attention based spatial-temporal graph cclnnvolutional networks for traffic flow 2019 321922 2.84008 426184 164147
forecasting
12 RNN Using LSTM and GRU neural network metheds for traffic flow prediction 2016 3.38340 3.89137 433444 475634
13 TGCN T-gen: A temporal graph convelutional network for traffic prediction 2020 415217 4.31891 453214 4.80658
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METR-LA MTGNN [KDD2020]Connecting the Dots: Multivariate Time Series Forecasting with Graph Neural Networks See All

PEMS-BAY GWNET [UCAI2019]Graph Wavenet for Deep Spatial-Temporal Graph Modeling See All

PEMSD4 GWNET [JCAI2019]Graph Wavenet for Deep Spatial-Temporal Graph Modeling See All

PEMSD8 GWNET [IJCAI2019]Graph Wavenet for Deep Spatial-Temporal Graph Modeling See All

T-Drive20150206 MTGNN [KDD2020]Connecting the Dots: Multivariate Time Series Forecasting with Graph Neural Networks See All

TAXIBJ2015 AGCRN [NeurlPS2020]Adaptive Graph Convolutional Recurrent Network for Traffic Forecasting See All

NYCTAXI202001-202003-3600 DCRMNN [ICLR2018]Diffusion Convolutional Recurrent Neural Network: Data-Driven Traffic Forecasting See All

NYCBike20140409 MTGNN [KDD2020]Connecting the Dots: Multivariate Time Series Forecasting with Graph Neural Networks See All
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O flakes test and modified SERM.py (#67) 7 months ago
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