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Abstract—With recent advances in sensing technologies, a myr-
iad of spatio-temporal data has been generated and recorded in
smart cities. Forecasting the evolution patterns of spatio-temporal
data is an important yet demanding aspect of urban comput-
ing, which can enhance intelligent management decisions in var-
ious fields, including transportation, environment, climate, pub-
lic safety, healthcare, and others. Traditional statistical and deep
learning methods struggle to capture complex correlations in ur-
ban spatio-temporal data. To this end, Spatio-Temporal Graph
Neural Networks (STGNN) have been proposed, achieving great
promise in recent years. STGNNs enable the extraction of com-
plex spatio-temporal dependencies by integrating graph neural
networks (GNNs) and various temporal learning methods. In this
manuscript, we provide a comprehensive survey on recent progress
on STGNN technologies for predictive learning in urban comput-
ing. Firstly, we provide a brief introduction to the construction
methods of spatio-temporal graph data and the prevalent deep-
learning architectures used in STGNNs. We then sort out the
primary application domains and specific predictive learning tasks
based on existing literature. Afterward, we scrutinize the design of
STGNNs and their combination with some advanced technologies
in recent years. Finally, we conclude the limitations of existing
research and suggest potential directions for future work.
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I. INTRODUCTION

ITH the rapid advancement of sensing and data stream

processing technologies, vast amounts of data in urban
systems have been efficiently collected and stored. This has
laid the foundation for the era of urban computing, which aims
to understand the urban patterns and dynamics from different
application domains where the Big Data explodes, such as
transportation, environment, climate, etc. Predictive learning
is a typical supervised learning paradigm that learns from
historical data to forecast future trends. According to urban
computing theories [1], predictive learning based on massive
urban data is the most important loop, forming the founda-
tion for intelligent decision-making, scheduling, and manage-
ment in smart cities. In addition, the predictability of urban
Big Data can also provide the possibility for the develop-
ment of some new technologies such as digital twin cities and
metaverse [2].

The majority of urban data is spatio-temporal, representing
that it not only pertains to spatial locations but also changes
over time. Within urban systems, spatio-temporal data exhibits
ubiquitous properties of correlation and heterogeneity [3]. Cor-
relation refers to the data being auto-correlated not only in the
temporal dimension, but also in the spatial dimension. Hetero-
geneity is a property of spatio-temporal data wherein it displays
varying patterns across different temporal or spatial ranges.The
complex nature of the above characteristics has resulted in an
increased difficulty in feature engineering. As a consequence,
some methods that performed well in traditional time series
forecasting, such as Support Vector Regression (SVR) [4],
Random Forest (RF) [5], and Gradient Boosting Decision Tree
(GBDT) [6], are less effective in achieving accurate prediction
results. In the past decade, the rapid development of deep learn-
ing technologies has led to the emergence of hybrid neural net-
works based on Convolutional Neural Networks (CNN) [7] and
Recurrent Neural Networks (RNN) [8]. These hybrid networks
(e.g., ConvLSTM [9], PredRNN [10]) have been increasingly
applied to predictive learning of urban spatio-temporal data
and have shown significant advantages. However, the major
limitation of these methods is their inability to learn directly from
non-Euclidean data existing in urban systems, such as vehicle
flows over road networks, traffic on route networks, and entities
in urban knowledge graphs.
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Fig. 1. Publication trend of STGNN-related papers in Google Scholar over the
past five years. The blue bars represent the total number of relevant publications
and the red bars denote those focusing on predictive learning tasks.

Over the past few years, there have been significant
breakthroughs in representation learning of non-Euclidean data
through deep learning techniques, particularly Graph Neural
Networks (GNN) [11]. This has paved the way for predic-
tive learning of diverse and intricate urban data. Given the
spatio-temporal characteristics of urban data, such as traffic
flows, a line of studies integrated GNNs with various tempo-
ral learning methods to capture dynamics in both space and
time dimension [3]. This type of hybrid neural architecture is
generally known as Spatio-Temporal Graph Neural Network
(STGNN). Recently, STGNNSs have been widely used for pre-
dictive learning scenarios in urban computing, including trans-
portation, environment, public safety, health, energy, economy,
and other fields. Using the search engine of Google Scholar,
we perform meticulous keyword searches and tally the relevant
paper publications in the past five years. As depicted in Fig. 1,
we can witness a notable surge in the number of relevant papers
on STGNN year by year. In 2018, there are fewer than 20
papers, while in 2022, the number reaches nearly 140. This
trend of progress indicates that STGNN-related applications
have emerged as a highly sought-after research area in recent
years. It is worth noting that a majority of these publications
concentrated on predictive learning tasks.

Related Surveys: In recent years, there have been a few related
surveys on the applications of STGNN-based predictive learning
techniques across different fields. Wang et al. [3] conducted
a review of deep learning techniques for spatio-temporal data
mining involving a series of STGNNs in predictive learning
up to 2020. There were also several surveys [12], [13], [14]
investigating the blossom of STGNN in transportation domains.
To be specific, [12] analyzed multiple practical problems and
revisited related works about prediction, detection, and control
problems in urban traffic systems. Bui et al. [13] and Jiang
et al. [14] focused on the latest STGNN technologies in traffic
forecasting tasks. In recent months, there has been a small
number of works [15], [16] surveying applications of STGNNSs,
but their topics are broad and do not focus on predictive learning
in urban computing.

Our Contributions: In contrast to prior surveys, the contribu-
tions of our survey lie in four aspects:

¢ To our knowledge, this is the first comprehensive survey to

systematically review recent studies that use STGNNs for
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TABLE 1
SUMMARY OF SYMBOL NOTATIONS
Notation Definition
G Input ST-Graph at time ¢
Ay Adjacency matrix of input ST-Graph at time ¢
Et Edge set of input ST-Graph at time ¢
al ; Connection weight between nodes i and j at time ¢
Xt Input node features at time ¢
x! Input features of node i at time ¢
Fi0) An arbitrary nonlinear function
Hy The hidden state of input node features at time ¢
* Convolution operator
® Element-wise product operator

predictive learning in urban computing. We scrutinize the
progress of STGNN from both application and methodol-
ogy perspectives based on extensive literature.

® We categorize the primary application domains as well as
particular predictive learning tasks of STGNNSs in urban
computing, and sort out a list of public datasets attached
with the previous works on STGNNS .

e We provide an in-depth analysis of existing STGNN meth-
ods for temporal learning, spatial learning, and spatio-
temporal fusion. We further examine some recently emerg-
ing approaches that integrated STGNN with other ad-
vanced learning frameworks.

e We summarize the challenges shared by STGNNs for
predictive learning tasks in urban computing and suggest
future directions for addressing these challenging issues.

Organization: The rest is organized as follows. Section II

illustrates how to construct spatio-temporal graphs based on
prior knowledge. In Section III, a taxonomy of STGNNs for
predictive learning in urban computing is presented. Section IV
overviews various predictive learning tasks from different do-
mains that can be addressed by STGNNSs. Section V delineates
the fundamental deep learning architectures commonly used in
STGNNS. Section VI and Section VII delve into an in-depth
analysis of the neural architecture design methods of STGNNs
and popular advanced techniques that can be combined, respec-
tively. Section VIII further highlights the limitations of existing
works and suggests future directions. Finally, we conclude this
survey in Section IX. To facilitate a quick understanding of the
formulas in the paper, we have also compiled a list of symbols
that encompasses the most commonly used symbol notations,
as shown in Table L.

II. SPATIO-TEMPORAL GRAPH CONSTRUCTION

Suppose we obtain some observations from sensors, denoted
as X = {X, e RV*F|t =0,..., T}, where N is the number
of spatial vertices and F' is the number of features. Spatio-
temporal Graph is an efficient structure to characterize the
relationships between different vertices in a certain spatial and
temporal range. We can represent a spatio-temporal graph as
G = (V, &, Ay), where V is the vertices set, &, is the edge set,
and A, denotes the adjacency matrix at time ¢. In most scenarios,
the size of V is static, while the size of & can be time-varying or
constant, which indicates that A; € R™V*" also changes with
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Fig. 2.  Schematic diagram of static and dynamic spatio-temporal graphs. The

color shades of the nodes represent the numerical differences in some predictable
features.

&;. Interms of connectivity, spatio-temporal graphs can be either
directed or undirected, as well as weighted or unweighted. From
the perspective of evolution, the structure of spatio-temporal
graphs can be either static or dynamic. Fig. 2 illustrates the dif-
ference between static and dynamic spatio-temporal graphs. The
appropriate type of spatio-temporal graph to construct depends
on the task and the given data conditions.

Generally, the construction methods of predefined spatio-
temporal graphs in urban computing systems can be divided
into four categories: topology-based, distance-based, similarity-
based, and interaction-based.

Topology-based graph: In the context of urban systems,
topology-based graphs are usually constructed based on given
topology structures, such as road networks [17], [18]. The adja-
cency matrix of a topology-based graph can be formulated as:

L,

where aﬁj denotes an element in adjacency matrix at time ¢, v;
and v; are different vertices in the graph. Since the connections
in topology structures can be symmetrical or asymmetrical, the
topology-based graphs can be directed or undirected. Topology
only represents connections in non-Euclidean spaces, thus the
topology-based graphs are unweighted. In addition, the topology
structures in urban systems are usually fixed for quite a long time,
so we can treat them as static graphs.

Distance-based graph: According to first law of geography,
i.e., “Everything is related to everything else, but near things are
more related to each other”, we can construct a distance-based
graph when a predefined topology is absent. In most applica-
tions, the elements in the adjacency matrix are calculated using
a kernel function that takes the distances into account [19], [20],
[21]. Gaussian radial basis function and inverted function are
two common kernel functions used in previous literature. For
example, the adjacency matrix of a distance-based graph with

if v; connects to v;
otherwise

) ey
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Gaussian radial basis can be computed as:

)

exp(—| di;
a.. = o

oot
, if dij <e€ , )
otherwise

)

where dﬁj denotes the distance between node 7 and node j at
time t; € is a predefined threshold to control the sparsity of
the adjacency matrix; o is a hyper-parameter to control the
distribution.

Similarity-based graph: Similarity can provide insights into
the relations between different entities from a semantic perspec-
tive. Similarity-based graphs can be constructed based on either
the proximity of time series [22], [23], [24] or similarity of the
spatial attribute, e.g., Point of Interest (POI) [25]. In scenarios
where additional data is unavailable, similarity-based graphs are
typically constructed based on the similarity of time series. Pear-
son Correlation Coefficient (PCC) and Dynamic Time Wrapping
(DTW) are two prevalent methods used to calculate the similarity
between time series. For instance, the adjacency matrix of a
similarity-based graph computed by PCC is defined as:

n 0:t 0:t 0:t 0:t
i (2ol ) (2 —af)

0y = 4 VI et VS () O)
0, otherwise

where z{°* and x?‘t represent the time series of node 7 and node
j of a given time span ¢, respectively; 2% and x?‘t are the mean
value of the time series of node ¢ and node j, and n denotes the
number of samples over the time span t.

Interaction-based graph: The interaction between different
locations can express their connection from the perspective of
information flow [19], [21]. This is especially important when
representing the characteristics of mobility, as the proportion
of flow between two nodes can indicate the strength of their
connection. Hence, the adjacency matrix of an interaction-based
graph can be written as:

Ft.
N ¥ B ; t
2omeny Fhn’ if F” >0 ,

3

t o _
a;; =

“

otherwise

where thj denotes the flow from node i to node j at time ¢; N (7)
indicates the set of nodes that interact with node 4; F}  is the
flow from node 7 to other nodes (e.g., m) in a set N (i) at time ¢.

In addition to the common predefined graph construction
methods mentioned above, many relations in urban systems are
implicit and difficult to be directly predefined. Therefore, spatio-
temporal graphs based on adaptive learning have been proposed
in some recent works. More details about these methods can be
found in Section VI-A2.

III. TAXONOMY

This section provides a taxonomy of STGNNS for predictive
learning in urban computing, which is also a generalization of
our follow-up content. As shown in Fig. 3, there are four main
parts in our survey that need to be highlighted: main applica-
tion domains, basic spatio-temporal learning neural architec-
ture, improved spatio-temporal learning methods, and advanced
methods combined with STGNNs. We present an overview of
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Fig. 3. Taxonomy for STGNN in our survey.
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Fig. 4. Summary of the different application domains of STGNN in urban
computing.

specific predictive learning tasks based on major application
domains in Section IV. In Section V, we review the funda-
mental neural architectures of STGNNs from three perspec-
tives: spatial learning, temporal learning and spatio-temporal
fusion. Subsequently, in Section VI, we examine the enhanced
spatio-temporal dependency learning methods from the same
perspectives as in Section V. Finally, we discuss the advanced
techniques combined with STGNNS in Section VII.

IV. APPLICATION DOMAINS & TASK DESCRIPTION

This section delves into the primary application domains and
specific predictive learning tasks in urban computing. Based on
the available literature in recent years, we conducted a statistical
analysis of the various application domains of STGNN in urban
computing. Fig. 4 illustrates the main application domains of
STGNN, which encompass transportation, safety, environment,
and public health. Among these, transportation is the most

widely studied application domain of STGNN, constituting over
60% of the existing literature.

A. Transportation

Modern urban systems have numerous sensors distributed
across traffic road networks and critical regions to monitor
changing traffic states, such as flow and speed. The objective
of traffic state prediction is to forecast future traffic states based
on historical traffic states within a particular spatial range. Traffic
state prediction can be divided into two main categories:

® Network-based prediction: The object of network-wide

prediction is usually the traffic flow or speed on the given
road networks [17], [20], [26], [27], [28], [29]. The ba-
sic graph structures can be directly converted from road
networks in most previous works.
Region-based prediction: This task aims to forecast the
traffic (e.g., crowd flow) in urban areas [30], [31], [32],
[33]. In this case, the whole urban area is partitioned into
irregular or regular regions, and a spatio-temporal graph
can be constructed based on the distances, connectivity,
semantic correlations between different regions, etc.

In general, traffic state prediction tasks can be summarized in
the following form:

()

where X € RN*4 denotes the traffic states of N vertices at
time step ¢, G is the constructed graph structure, f(-) is the
corresponding STGNN model for making predictions.

1) Traffic Demand Prediction: Accurately predicting urban
traffic demand patterns (e.g., taxi demands, rail transit passen-
ger demands, and bike-sharing demands) in various regions
can facilitate traffic scheduling to alleviate congestion during

[Xi—rrt1ys- - - [Xit1)s -5 Xer)] S
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rush hours. Demands can be broadly categorized into three
main types: origin demands, destination demands, and origin-
destination (OD) demands. Predicting origin and destination
demands is similar to region-based traffic state prediction, i.e.,
forecasting future demands based on historical demands in N
regions [21], [25], [34], [35]. However, OD demand predic-
tion is somewhat distinct, requiring prediction of future origin-
destination matrices using historical OD matrices [36], [37],
[38], [39], [40], [41]. To be specific, the outputs of OD demand
prediction are a series of matrices with size N x N, which can
characterize the flow demand among these region pairs.

2) Traffic Incident Prediction: With the dramatic increase in
the number of vehicles, more and more traffic incidents such
as congestion and accidents have occurred, placing significant
pressure on urban traffic management. The aim of the traffic
incident prediction task is to predict some important properties
(e.g., occurrence probability, occurrence time) of these incidents
that may occur on road networks [42], [43], [44], [45], [46]. In
addition to differences in the objects being predicted, similar
to the traffic state prediction task, accurate traffic incident pre-
diction also requires capturing spatio-temporal dependencies on
road networks by building STGNN models.

3) Travel Time Prediction: Travel time prediction is highly
valued in industries, especially in online map navigation and
ride-hailing software, which can significantly enhance the user
experience. This task aims to predict the travel time of a given
trajectory based on historical traffic states on road networks.
To predict travel time more accurately, not only trajectory char-
acteristics need to be considered, but also the spatio-temporal
dynamics (e.g., flow, speed) attached to road networks should
be addressed. Under this circumstance, spatio-temporal graphs
are established based on road networks. So far, large technology
companies such as Baidu [47], [48], Google [49], and DiDi [50]
have developed practical travel time prediction functions on their
online platforms.

4) Trajectory Prediction: Trajectory prediction is a crucial
task for comprehending the intricate group dynamics of humans
and vehicles [78], [80], [82], [106], [107], [108], which fosters
advancements in autonomous driving and urban monitoring
technologies. There are some correlations or interactions in the
movement patterns of agents in the group, thus we can build
spatio-temporal graphs based on the relations between different
agents within a group. Upon creating these spatio-temporal
graphs, STGNNs can be devised to predict the coordinates that
agents may occupy in the future, considering their historical
traversal coordinates, thereby facilitating the predictions of fu-
ture trajectories.

B. Environment

1) Air Quality Prediction: Air quality has become a pressing
issue that needs immediate attention and improvement. Accurate
air quality prediction can not only assist governments in formu-
lating energy-saving and emission-reduction policies but also
provide guidance for residents’ outdoor activities. Air quality
index (AQI), PM2.5, and emissions are the indicators we are
among the most significant indicators of concern. The related

IEEE TRANSACTIONS ON KNOWLEDGE AND DATA ENGINEERING, VOL. 36, NO. 10, OCTOBER 2024

data are collected by city-level or national-level monitoring
stations [85], [109]. Due to the fluidity of the air, monitoring
stations that are geospatially close or sharing the same wind
direction may collect correlated results [110], [111], [112].
Hence, utilizing STGNN models can not only establish such
spatial dependencies but also capture the time-varying dynamics
of air quality.

2) Meteorological Prediction: Meteorological forecasting is
another research topic intimately connected to the environment
and human society. Similar to air quality data, meteorologi-
cal data are also collected by distributed monitoring stations.
Howeyver, the correlations between different stations could be
more complex and susceptible to a greater number of factors. In
recent years, STGNN-based approaches have been progressively
applied in various meteorological prediction scenarios such as
temperature prediction [86], [113], [114], frost prediction [115]
and wind prediction [87], [88], [116], showcasing their superior
performance in practice.

C. Public Safety

1) Crime Frequency Prediction: Effectively combating and
preventing crime is the foundation for ensuring urban safety.
Accurate prediction of crime frequency can assist governments
in understanding real-time crime dynamics and allocating police
resources rationally. Most existing work in this research line
focus on crime frequency prediction in urban areas. Given
that different urban regions have distinct functions, POI, and
other characteristics, these factors could contribute to varying
crime types and trends. However, regions with similar char-
acteristics or close distances may exhibit latent correlations in
crime incidents [89], [117], [118]. Consequently, many previous
studies [89], [91], [93], [98], [117], [119], [120], [121] have
introduced a series of STGNN to capture these correlations to
reduce the prediction errors.

2) Disaster Situation Prediction: Natural disasters, e.g.,
earthquakes, have posed big challenges to the safety of human
society since ancient times. Disaster situation prediction can
enable governments to implement disaster prevention measures,
allocate disaster relief materials, and evacuate residents in a
timely manner. STGNNs have been a fruitful approach in this
task to model correlated and heterogeneous features across
geographical locations. Currently, literature has introduced the
STGNN models into scenarios such as flood prediction [122],
[123], fire prediction [94], [124], typhoon forecasting [95], [96],
[125] and earthquake prediction [97], [126], [127].

D. Public Health

1) Epidemic Prediction: Epidemics are one of the greatest
challenges to the public health systems, especially the novel
coronavirus that has been prevalent in recent years, which has
caused more than six million deaths worldwide. Therefore,
accurately predicting the spread of epidemics is an important
but challenging task, which can provide data support for the
strengthening strategy of the urban public health systems. Some
recent existing works have employed STGNN models to address
the national-level [100], [102], [103], [128], [129], [130] or
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TABLE IT
PUBLIC DATASETS FOR MAIN APPLICATION DOMAINS

Domain Dataset Link Reference
California-PEMS http://pems.dot.ca.gov/ 17], [23], [51]-[54
METR-LA https://www.metro.net/ 20], [28], [55]-[59
NYC taxi https://wwwI.nyc.gov/site/tlc/about/tlc-trip-record-data.page 32], [33], [35], [60], [61]
San Francisco taxi https://crawdad.org/ crawdad/epfl/mobility /20090224 / 26], [62
T-Drive Taxi https://www.microsoft.com/en-us/research/publication/t-drive-trajectory-data-sample/ 63], [64
NYC bike https://www.citibikenyc.com/sytem-data 19], [31], [61], [64]-[66]

Transportation | Chicago bike https://www.divvybikes.com/system-data 19], [67], [68
NYC accident https://data.cityofnewyork.us/ 42], [45], [69], [70]
Chicago accident https://data.cityofchicago.org/ 42],[71
Chengdu taxi trajectory http://www.dcjingsai.com./ 72]-[76
Porto taxi trajectory https://www.kaggle.com/crailtap /taxi-trajectory. 741-[77
ETH walking pedestrians | https://data.vision.ee.ethz.ch/cvl/aem/ewap_dataset_full.tgz 78]-[83
UCY walking pedestrians | https://graphics.cs.ucy.ac.cy /research/downloads/crowd-data 78]-[80], [83]
Beijing air quality https:/ /biendata.com/competition/kdd_2018/data/ 84], [85
Shanghai air quality http://www.cnemc.cn/en/ 85

Environment WeatherBench https://mediatum.ub.tum.de /1524895 86
Denmark wind speed https://sites.google.com/view /siamak-mehrkanoon/code-data 87], [88]
Dutch wind speed https://github.com/HansBambel /multidim_conv 87
NYC crime https://data.cityofnewyork.us/ 89]-[91
Chicago crime https://data.cityofchicago.org/ 89]-[93

. San Francisco crime https://datasf.org/openda 67], [94

Public safety San Francisco fire httgs:/ / datasf.org/ ogenda 67], [94
Japan typhoon http://agora.ex.nii.ac.jp/digital-typhoon/ 95], [96
California earthquake https://service.iris.edu/ 971, [98
US Covid-19 https://github.com/CSSEGISandData/COVID-19 99]-[103]

Public health Ttaly Covid-19 https://github.com/pcm-dpc/COVID-19 104
Japan-Prefectures ILT https://tinyurl.com/y5dt7stm 105
USILI https://tinyurl.com/y39tog3h 105

international-level [131] epidemic prediction tasks. Many of
them combine the mathematical formulations of epidemic dy-
namics and the modeling of spatio-temporal graphs, which have
achieved better prediction results than traditional methods [104],
[130], [132], [133].

2) Ambulance Demand Prediction: In today’s aging society,
the allocation of ambulance resources is a challenging task
that needs careful consideration. Accurate ambulance demand
prediction can effectively alleviate the burden on the urban
healthcare systems. Since there could be time-varying corre-
lations in public medical resources, traffic conditions, and de-
mand patterns among different regions of the social systems,
STGNN-based methods have increasingly been exploited to
learn these multi-view spatial correlations in recent years [134],
[135], [136].

E. Other Application Domains

In addition to the four main application domains mentioned
above, other scenarios where the spatio-temporal graph struc-
tures can be established based on the intrinsic relations of data
are potential areas for the development of STGNN-based predic-
tive learning models. In recent years, STGNN-based predictive
learning models have also been promoted to other domains such
as energy, economy, finance, and production. In the energy
domain, STGNN models have been utilized in wind power
prediction [137], [138] and photovoltaic power prediction [139].
In economy, a typical application is nation-level regional econ-
omy prediction, where researchers have explored the usage of
STGNN models [140], [141].

F. Open Datasets and Benchmarks

As depicted in Table II, we have compiled a list of some of
the most frequently used public datasets from previous works in

the primary application domains, including their details such
as source links and related publications. These datasets are
widely used in the research field of transportation and urban
mobility, particularly for traffic state prediction. Due to their
high granularity, realistic nature, and real-world applicability,
they serve as valuable resources for researchers working on
spatio-temporal forecasting and traffic modeling.

There are also some well-known benchmarks in these primary
application domains, especially in traffic prediction, such as
BasicTS,! Traffic-Benchmark,? DL-Traff® and LargeST.4 For
other application domains, there are fewer benchmarks, but there
are some as follows, e.g., weatherbench?2? for meteorological
forecasting and PM2.5-GNN® for air quality forecasting.

V. BASIC NEURAL ARCHITECTURES

Here we introduce basic neural architectures for STGNN . As
shown in Fig. 5, the basic framework of STGNNSs for predictive
learning contains three main modules: Data Processing Module
(DPM), Spatio-Temporal Graph Learning Module (STGLM),
and Task-Aware Prediction Module (TPM). For predictive learn-
ing tasks in urban computing, DPM is responsible for con-
structing the spatio-temporal graph data from the raw data;
STGLM seeks to capture hidden spatio-temporal dependencies
from complex social systems, while TPM aims to map the
spatio-temporal hidden representations from STGLM into the
space of downstream prediction tasks. STGLM serves as the
most vital component of STGNNs, which usually combines

"https://github.com/zezhishao/BasicTS
Zhttps://github.com/tsinghua- fib-lab/Traffic- Benchmark
3https://github.com/deepkashiwa20
“https://github.com/liuxu77/LargeST
Shttps://github.com/google-research/weatherbench?2
Shttps://github.com/shuowang-ai/PM2.5-GNN
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spatial learning networks and temporal learning networks or-
ganically through a certain spatio-temporal fusion method. Spa-
tial learning networks may utilize spectral graph convolutional
networks (Spectral GCNs) [142], spatial graph convolutional
networks (Spatial GCNs) [11], [143], and graph attention net-
works (GATs) [144] as potential options. Temporal learning
networks, on the other hand, may incorporate recurrent neural
networks (RNNs), temporal convolutional networks (TCNs),
or temporal self-attention networks (TSANs). Compared with
STGLM, TPM is a relatively simple neural network, thus the
majority of existing research focuses on the design of the neural
architectures in STGLM.

A. Graph Neural Networks

Graph neural networks (GNNs) are fruitful tools for learning
spatial dependencies in non-Euclidean space. In recent years,
popular GNNs can be divided into three categories: spectral
GCN:s, spatial GCNs and GATs.

1) Spectral Graph Convolutional Network: Initially, most
GNNs were based on the Fourier transform, which converts the
graph signal in the spatial domain into the spectral domain to
conduct convolution calculations [145]. The notation ® is the
convolution operator, U denotes the matrix of eigenvectors of
the normalized graph Laplacian and U”'g is the filter in the
spectral domain. The graph convolution operation is defined as:

g, xr=Ug, U x. 6)

Most of the subsequent GNNs based on the spectral domain
mainly improve the calculation method of g,,. For example,
ChebNet [142] is one of the most popular Spectral GNN meth-
ods. According to the theory that g,, can be approximated by a
truncated expansion of Chebyshev polynomials [146].

2) Spatial Graph Convolutional Network: While spectral
graph convolutional networks (GCNs) have made significant
advancements, their primary limitation lies in their dependence
on the graph Laplacian matrix. Whenever there is a change in the
underlying graph structure, the graph Laplacian matrix must be
recomputed, rendering spectral GCNs better suited to scenarios
where the graph structure remains constant. To overcome the
dependency on the graph Laplacian matrix, Kipf et al. simplify
the graph convolution operation [11] by performing message
passing in the spatial domain. We called this new form as spatial
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GCNs, which is defined as:
gw*ac:w<IN+D_%AD_%) x, 7

where A is the adjacency matrix; D is the degree matrix; w is
the learnable parameters in the spatial GCN.

3) Graph Attention Network: To account for the importance
of neighbor nodes in learning spatial dependencies, GAT [144]
integrates the attention mechanism into the node aggregation
operation as:

hi—i_l =P <Z O‘quhz> )

uENu

~ exp (LeakyReLU (a” [Wh,||Wh,]))
Y kew, xp (LeakyReLU (a” [Wh,||Why]))

, (8)

Ayy

where a,,,, denotes the attention scores of neighbor node u to the
central node v, W is the weight matrix associated with the linear
transformation for each node, and a is the weight parameter for
attention output.

B. Recurrent Neural Networks

Recurrent neural networks (RNNs) are a class of deep neural
networks for sequential learning based on recursive compu-
tations, and have found extensive applications in time series
modeling. However, the vanilla version of RNNs is subject to
a significant limitation — the gradient vanishing or explosion
problem during the training process [147]. In response to this
challenge, two of the most prominent variants of RNNs, i.e.,
Long Short-Term Memory (LSTM) [148] and Gated Recurrent
Units (GRU) [149], have been proposed. So far, GRU is the
most widely used variant because it takes into account both high
performance and low computational complexity.

GRU only has two efficient gated computational units: an
update gate and a reset gate. u, represents the update gate, which
determines how to combine the information of the new input time
step with the memory of the previous time step. r; represents the
reset gate, which defines the amount of memory reserved from
the previous time step to the current time step. Although the
learnable parameters of GRU are streamlined, its performance
can be compared with LSTM in previous works, while improv-
ing the training and inference efficiency. The calculation process
of GRU is defined as follows:

u=o(Wy -2, +U, -Ci1+by),

ro=0cW, 2, +U, -Ci_1+b,),

ét = tanh(Wc - Ty + UC(T‘t O) Ct—l) + bc),

Ct = U ® Ct,1 + (1 — Ut) ® ét. (9)
where C, represents the candidate state of the current GRU unit

after the calculation of the reset gate, C, represents the state of
the GRU unit after the calculation of the update gate.
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C. Temporal Convolutional Networks

RNNs have been extensively applied for temporal learning
in many spatio-temporal tasks, but their disadvantage is readily
apparent: the recurrent structures necessitate the computation of
sequences at every time step, leading to a substantial increase
in computational cost and a consequent decrease in model ef-
ficiency. In contrast, Temporal Convolutional Networks (TCN)
with their parallel 1D-CNN structures can address this problem
effectively.

1) Gated Temporal Convolutional Network: Inspired by the
gated mechanism in LSTMs and GRUs, we can also integrate
it with pure 1D-CNN architecture to enhance the capability of
temporal learning. We called this hybrid neural architecture a
gated temporal convolutional network (Gated-TCN) [150]. The
calculation process of Gated-TCN is defined as follows:

F(x) =tanh(©®1 xx) ® 0(O2 x x), (10)

where ®; and ®5 represent the learnable parameters of the
convolution kernel in two different 1D-CNNs, respectively; x
denotes the convolution operation; ® is the element-wise multi-
plication mechanism; o (@2  x) indicates the gating unit, which
is utilized to control the utilization rate of historical information.

2) Causal Temporal Convolutional Network: While TCN is
an efficient parallel neural architecture for sequential learning,
it violates the temporal order of spatio-temporal graph data.
Compared to standard TCNs, Causal TCNs, which are proposed
in Wavenet [151], offer the additional benefit of explicitly mod-
eling the causal nature of temporal data. This is achieved by
removing connections between future time steps and past time
steps, which eliminates the possibility of data leakage from
future time steps to past time steps. Furthermore, in order to
more effectively capture longer-range temporal dependencies,
ID-CNN with dilated factors [152] can be used. By increasing
the dilated factors layer by layer, this model has the capacity to
learn temporal dependencies from a short range to a long range.
A Causal TCN with dilated factors can be expressed as:

k-1
F(s) = (x *a f) (S)ZZf(i)'szfd-m (1)

where s is the input time series; d represents the dilation factor,
and the ordinary convolution operator is a special case of the
dilated convolution operator when d = 1; s — d - i refers to the
positioning of certain historical information.

D. Temporal Self-Attention Networks

Self-attention networks represent a highly effective approach
for capturing long-range temporal relationships among differ-
ent time steps, with the most prominent example being the
Transformer model [153]. The Transformer comprises three
primary components: a scaled dot-product attention network,
a feed-forward network, and position encodings. The scaled
dot-product network is the core part of Transformers, in which
the attention calculation is formulated as:

T

K
Attention(Q, K, V') = Softmax <Q

vV, 2
\@I (12
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Fig. 7.

Overview of T-GCN [26].

where queries @, keys K, values V' are three basic elements in
the self-attention mechanism, which are obtained by non-shared
linear transformations from the original input. dj;, denotes the
scaling factor, whose value is equal to the dimension of the
model. Since Transformer contains no recurrence or convolution
operator, we have to inject some positional information (eg.,
trigonometric function-based encoding) about the tokens in the
sequence to consider the order of the sequence.

E. Spatio-Temporal Fusion Neural Architecture

In addition to spatial learning networks and temporal learning
networks, spatio-temporal fusion neural architecture represents
another critical area, as it determines how spatial learning
networks and temporal learning networks are integrated into
the complete STGNN. Existing fusion neural architectures can
be divided into two categories — factorized or coupled neural
architecture.

1) Factorized Neural Architecture: In factorized neural ar-
chitectures, spatial learning networks and temporal learning net-
works are stacked in parallel or serially like building blocks layer
by layer. There are two typical examples for factorized neural
architectures in STGNN models, as shown in Figs. 6 and 7,
respectively. The first example is STGCN [20], whose temporal
learning network is TCN. In each ST-Conv block of STGCN, two
TCNs and one GCN are stacked in series, forming a sandwich
structure. Since this model learns temporal information through
convolutional structures, its spatio-temporal learning method

"The figures used in this paper but are not drawn by us (including Figs. 6 to
13) are all with the permission of their authors.
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is parallelized, i.e., it receives all information of a given time
window length as input at the same time. Mathematically, the
calculation of each ST-Conv block in this model can be defined
as follows::

v =Tt 7 ReLU (@ ¢ (T + T0')), (13)

where '}, and I'} denote the upper and lower temporal convo-
lutional kernel within block [, and ©' is the spectral kernel of
graph convolution.

The second one is T-GCN [26], which utilizes GRUs for tem-
poral learning. This model captures the spatio-temporal depen-
dencies in a recursive manner. For each time step, graph signals
are sequentially processed by GCN and GRU to learn spatial
and temporal dependencies separately. The whole process of
each stacked GCN and GRU in this model can be expressed as:

F(X, A) = 0 (AXW)
u =0 (W, [f (A X), Hi1]+by),
ro=0(W,[f(AX),H,_1]+b,),

tanh (W [f (A, &%), (re * He1)] +be),

(14)

Ct =
Ht:Ut*Ht,1+(1*ut)*Ct,

where f(A, X;) denotes the output of spatial GCN at time step
t. Then f(A, X;) is put forward into GRU to obtain the hidden
state at t.

2) Coupled Neural Architecture: In coupled neural archi-
tectures, spatial learning networks are usually integrated into
the architecture of temporal learning networks as embedded
components. In STGNN, this type of neural architecture oc-
curs almost exclusively in combinations of GNN-based spatial
learning networks and RNN-based temporal learning networks.
One example of a coupled neural architecture in STGNNSs is
the DCRNN [28], which integrates GCN into the architecture of
GRU, as illustrated in Fig. 8. In this model, the original linear
units in LSTM are replaced with a graph convolution operator,
which can be written as:

ri=0(0, %G Xy, H 1| +b,),
U =0 (0, *«G X, H, 1]+ by,),
Ct = tanh (@c * g [Xt, (T‘t © Htfl)] + bc) s

H =u0H; 1+ (1—-u)©Cy, (15)
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where ©,. x G denotes the graph convolution operator with
parameter ®,.. Compared with the equation 9 of the original
GRU, we can find that except for the internal graph convolution
operator, the external calculation methods of the recurrent net-
work are not much different. Similar to some neural translation
models [154], DCRNN can also employ sequence-to-sequence
structure to improve predictions.

VI. STGNN VARIANTS

In Section V, we have introduced the basic neural architec-
tures of STGNNSs, thereby augmenting the comprehension of the
spatio-temporal learning paradigm within this research domain.
However, in recent years, there have been numerous innovative
methods devised to enhance the learning of spatio-temporal
dependencies. In this section, we elaborate on some advanced
STGNN variants that can better capture spatio-temporal depen-
dencies for predictive learning in urban computing.

A. Spatial Learning Methods

1) Multi-Graph Convolution: In urban systems, there are
often multiple types of spatial relations that exist simultaneously.
For instance, in transportation systems, adjacent regions and
regions with similar POIs may exhibit similar traffic patterns.
Hence, jointly considering multiple spatial relations is necessary
for spatio-temporal learning in STGNN. In recent years, a series
of STGNN variants that integrate multi-graph convolutions have
been proposed to address this challenge [19], [21], [22], [25],
[34], [155], [156], [157]. Among them, STMGCN [25] is a
typical model for urban ride-haling demand prediction, as shown
in Fig. 9. This model first constructs multi-graph based on neigh-
borhood, function similarity, and connectivity to characterize
multiple spatial correlations. For each graph, contextual gated
RNN and ChebNet are respectively adopted to capture temporal
and spatial dependencies. Finally, the final prediction is obtained
by fusing the parallelized multi-graph spatio-temporal hidden
information.

2) Adaptive Graph Learning: Despite its capability to cap-
ture multiple spatial correlations to some extent, multi-graph
modeling still suffers from two limitations. Firstly, the graph
construction process may be insufficient and fail to account for
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other implicit correlations. Secondly, the rationality of graph
construction may be questioned, particularly in the absence of
sufficient domain knowledge to support it. To overcome these
challenges, adaptive graph learning methods have been devel-
oped gradually. According to existing literature, adaptive graph
learning methods in STGNN can be broadly categorized into
two main categories: random initialization-based and feature
initialization-based approaches.

Random initialization-based methods perform adaptive
graph structure learning via randomly initialized learnable ma-
trices [35], [57], [59], [91], [158], [159], [160], [161]. Two
prominent models in this category are Graph WaveNet [57] and
MTGNN [159], which have been widely applied or improved
upon in subsequent works. In Graph WaveNet, the adaptive
graph is produced as follows:

A,qp = SoftMax (ReLU (E{EY)), (16)
where E; € RV*¢ and E5 € RVN*C are source node embed-
ding and target node embedding, respectively. They are two
learnable matrices with the random initialization, where N
denotes the number of nodes in the graph and C' denotes the
dimension of the embedding.

In contrast, the generation process of the adaptive graph in
MTGNN is defined as:

M, = tanh («E10,),

Mg = tanh (aE2®2) 5 (17)

Aqap = ReLU (tanh (a (M M3 — M>MTY))), (18)
where E; € RV*C and Eo € RV*C represent two randomly
initialized node embeddings; 81 and 6 are learnable parameters
within the model; « is a hyperparameter for controlling the
saturation rate of the activation function. Numerous subsequent
random initialization-based adaptive graph learning methods
are proposed based on the two aforementioned methods. For
example, CCRNN [35] introduced a layer-wise adaptive graph
learning mechanism to adjust the graph structures layer by layer.
DMSTGCN [59] presented an adaptive graph learning approach
with tensor decomposition.

Feature initialization-based approaches aim to construct
adaptive graph structure learning based on the given inputs or
the hidden states [58], [66], [94], [162], [163], [164]. These
models usually adopt learnable matrices or attention mecha-
nism to incorporate with the given features for generating the
adaptive graph structures. For example, DGCRN [58] proposed
a recurrent adaptive graph learning mechanism based on the
hidden states to construct the graph structures for each time
step. GTS [164] presented a novel probabilistic graph structure
learning method based on input features.

3) Muti-Scale Spatial Learning: Due to the wide existence
of spatial heterogeneity in urban systems, entities can be divided
into communities with different functions. Entities in the same
community may have inter-community correlations, while enti-
ties in different communities could also have cross-community
correlations. In light of these facts, some recent methods have
investigated multi-scale spatial learning based on community
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partitioning. These methods often leverage domain knowledge
to guide the community partitioning process.

In this research line, some studies obtain partitioned com-
munities by artificial division [45], [69] or clustering algo-
rithms [21], [68], [165] while others obtain them by neural
networks [89], [166], [167]. For example, ST-SHN [89] and
ST-HSL [90] learn the hyperedges, i.e. communities, of the
hypergraph to capture global spatial dependencies for crime
prediction. Besides, GAGNN [166] is a group-aware STGNN
model for air quality prediction among hundreds of Chinese
cities. This model first proposed a differentiable grouping net-
work for learning the assignment matrix, which automatically
computes the mapping relationships between cities and city
groups. Another notable research line involves THINK [168]
and DMGCRN [169], which utilize hyperbolic graph neural
networks on the Poincare ball to capture multi-scale spatial
dependencies more directly. The hyperbolic space is particularly
suitable for modeling hierarchies, including local and global de-
pendencies of spatio-temporal data, which makes it a promising
approach for improving STGNN models.

4) Heterogeneous Spatial Learning: As mentioned in the
introduction section, heterogeneity is an essential property of
spatio-temporal data in smart cities wherein it displays vary-
ing patterns across various temporal or spatial ranges. Dif-
ferent from the above multi-scale spatial learning methods,
some works focused on the fine-grained node-to-node hetero-
geneous relationships in the spatio-temporal data. To distin-
guish between the influence of static undirected edges (e.g.,
distance-based edges) and the dynamic directed edges (e.g.,
vehicle’s mobility-caused edges) in the spatio-temporal graph,
HMGCN [134] performs heterogeneous aggregation on the spa-
tial dimension. Similarly, MasterGNN [85] constructs a hetero-
geneous graph structure based on multiple relations between
air quality and weather monitoring stations, while HTGNN
aggregates heterogeneous information from spatial-based intra-
edges, temporal-based inter-edges, and spatio-temporal-based
across-time-edges. Another line of heterogeneous spatial learn-
ing utilizes transportation, time, and geographical information to
capture intricate spatio-temporal message passing. For instance,
HeGA [170] and MOHER [171] design multiple transportation
mode-based heterogeneous graphs to receive information from
multi-sources at the same time, e.g., bike, bus, vehicle, etc.

B. Temporal Learning Methods

1) Multi-Scale Temporal Learning: Given the prevalence of
short- and long-range correlations in spatio-temporal data, cap-
turing multi-scale temporal correlations has emerged as a crucial
direction for improving temporal learning. So far, there are two
mainstream design directions for multi-scale temporal learning
in STGNNs. The first direction utilizes TCNs with receptive
fields of varying scales [88], [159]. A typical example is MT-
GNN [159] which employs multiple TCNs with various kernel
sizes for learning temporal dependencies in different scales. The
second direction involves integrating other temporal learning
networks [18], [21], [52]. For example, DMVST-VGNN [21]
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Fig. 10.  Overview of ASTGCN [172].

jointly utilizes TCNs and Transformers for long-short range
temporal learning.

2) Multi-Granularity Temporal Learning: There are multi-
ple types of temporal characteristics in spatio-temporal data.
For instance, the traffic flow at a given time is not only related
to the recent traffic flow but may also exhibit similarities to
the traffic flow at the same time on the previous day or even
the previous week. This reflects the closeness, periodicity, and
trend, respectively. To consider the temporal characteristics at
these three granularities, many previous works [31], [32], [33],
[172],[173] adopted a three-branch architecture to learn features
from different temporal granularities separately, and then fuses
the learned hidden states for predictions. As shown in Fig. 10,
ASTGCN [172] employs a typical three-branch architecture
for multi-granularity temporal learning, where A}, X; and
X, represent the spatio-temporal data for the latest one hour,
the data of the same hour from the previous day, and the data
of the same hour from the previous week, respectively. After
going through separate branches, they are finally fused by the
learnable weight matrix.

3) Decomposition Temporal Learning: Individual temporal
patterns usually contain a variety of hidden components, such
as inherent components, diffusion components, and periodic
components. To better capture these complex temporal depen-
dencies, decomposition-based temporal learning methods have
been proposed, which can automatically decompose and in-
tegrate different temporal components through special neural
designs [158], [174], [175], [176], [177]. FC-GAGA [174] is
a noteworthy example of decomposition methods that adopt
the subtraction residual from N-BEATS [178] to decompose
different components in traffic data and model spatial corre-
lations of each component. In addition to FC-GAGA, other
works also adopted decomposition-based ideas. For example,
StemGNN [176] decomposed the temporal components by the
subtraction residual from N-BEATS, but modeled spatial cor-
relations in the spectral domain. D2STGNN [158] proposed a
temporal residual decomposition method to incorporate with
graph structure learning. STWave [175] directly utilized the
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discrete wavelet transform to disentangle the event and the trend
from the spatio-temporal graph data.

C. Spatio-Temporal Fusion Methods

1) Spatio-Temporal Joint Modeling: In Section V-E, we
have discussed basic spatio-temporal fusion architectures of
STGNNSs, which are either factorized or coupled by spatial
learning networks and temporal learning networks. Although
these architectures can effectively learn spatial and temporal
dependencies separately, they lack the ability to model the joint
spatial-temporal dependencies, making it challenging to capture
complex spatio-temporal relations across different time steps.

In recent years, some literature focused on jointly modeling
spatial-temporal dependencies based on 3D GCN [179], Spatio-
Temporal Joint GCN (STJGCN) [180] and Spatio-Temporal
Synchronous GCN (STSGCN) [53]. Among them, STSGCN has
become a mainstream method for spatio-temporal dependencies
jointly fusion. This type of neural architecture enables the mod-
eling of spatio-temporal dependencies in a unified graph struc-
ture, which can replace the separated spatial learning networks
and temporal learning networks. The crucial part of STSGNN is
the construction of the spatio-temporal synchronous graph. The
original spatio-temporal synchronous graph is simple, whose
nodes with the same location are connected to each other across
adjacent time steps. This graph construction approach not only
characterizes spatial neighbors, but also temporal neighbors,
establishing unified spatio-temporal relations. After graph con-
struction, STSGNN employs a simple GCN model to capture
the spatio-temporal dependencies.

There are some follow-up works [23], [51], [52], [54], [181],
[182], [183], [184] based on STSGCN to further improve the
spatio-temporal synchronous graph modeling in recent years.
For example, STFGNN [52] proposes to construct the spatio-
temporal synchronous graph using not only topology-based
but also similarity-based graphs, thereby making the spatio-
temporal synchronous graph more informative. On the other
hand, S2TAT [181] proposes a spatio-temporal synchronous
Transformer framework that employs attention mechanisms to
enhance the learning capability.

2) Automated Spatio-Temporal Fusion: Given the complex-
ity of STGNN:Ss, designing optimal neural architectures can be
a challenging task. Existing spatio-temporal fusion methods
are usually designed empirically, and may not generalize well
to different data scenarios due to the various spatio-temporal
attributes present in different scenarios. Neural architecture
search (NAS) methods offer opportunities for automated spatio-
temporal fusion in STGNNs, and have shown promising results
in discovering optimal architectures for various applications.

AutoSTG [185] presented the first attempt to involve
DARTS [186] (i.e., the most classical gradient-based NAS
method) into STGNN. In AutoSTG, the whole neural network
is divided into different stacked cells, and these cells are the
basic units to perform NAS. Following AutoSTG, a series of
studies [23], [54], [75], [187], [188], [189], [190], [191] to
integrate NAS into STGNNSs in recent years. For example, Au-
toSTS [23] integrates NAS into the spatio-temporal synchronous
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graph neural networks for searching the optimal architecture
of different GCNs and TCNs. Likewise, Auto-DSTSGN [54]
also integrates NAS into the spatio-temporal synchronous graph
neural networks, but focuses on searching the optimal adjacency
matrices of spatio-temporal synchronous graphs.

VII. ADVANCED LEARNING FRAMEWORKS

Inrecent years, more and more advanced learning frameworks
have been developed to enhance the performance of STGNN in
terms of deep representation and prediction accuracy. In this
section, we review and discuss some typical advanced learning
frameworks that are combined with STGNNSs.

A. Adversarial Learning

As traditional loss functions, such as L1 and L2 norms, are
commonly used to measure prediction errors, they may lack
the ability to capture the distribution and correlation between
the predictions and real data. This limitation could potentially
lead to distorted prediction results. Hence, the adversarial loss
can be introduced to incorporate with the traditional loss for
addressing this problem to some extent, which has been widely
applied in time series prediction. To incorporate the adversar-
ial loss, Generative Adversarial Networks (GANs) have been
proposed, with the neural predictors as the generators and the
neural architecture of discriminators designed separately. We
have witnessed a blossom of works [85], [192], [193], [194],
[195], [196] to combine the adversarial loss with STGNNs for
predictive learning tasks.

B. Meta Learning

Meta learning is an advanced learning paradigm focusing on
the concept of “learning to learn”. Incorporating meta learning
techniques in STGNN models is important since they can capture
high-dimensional heterogeneity and dynamic spatio-temporal
dependencies from raw data, and teaching them how to learn
can significantly improve their prediction performance. Typ-
ically, meta-learning-based STGNNSs involve extracting addi-
tional spatio-temporal attributes through a meta-learner. ST-
MetaNet [197] (see Fig. 11) is the pioneering study to intro-
duce meta learning into STGNNSs, which is composed of RNN,
Meta-GAT, and Meta-RNN, and utilizes two types of meta-
knowledge learners, namely Node Meta-Knowledge (NMK) and
Edge Meta-Knowledge (EMK) learners, to effectively incorpo-
rate additional spatio-temporal information.

In light of the success of ST-MetaNet, some other STGNN
models have been proposed that incorporate meta learning. For
example, ST-MetaNet+ [198] fuse the dynamic spatio-temporal
state and meta-knowledge for weight generation of GAT and
GRU. AutoSTG [185] also adopts a meta learning method
similar to ST-MetaNet while introducing neural architecture
search, using meta-knowledge to generate weight parameters for
graph convolution and temporal convolution. MegaCRN [199]
introduced an attention-based memory network, which stores the
typical features in seen samples for further pattern matching,
thus improving the capability of graph structure learning. In
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addition, meta learning can also be used for spatio-temporal
graph knowledge transfer in predictive learning scenarios [200],
[201].

C. Self-Supervised Learning

Self-supervised learning is a type of method that transforms
an unsupervised learning task into a supervised task by con-
structing its own labels. The goal of this learning paradigm
is to learn better representations for downstream supervised
tasks. By using self-supervised learning, a representation with
strong generalization performance can be learned. Combining
STGNN models with self-supervised learning can enhance the
capability of spatio-temporal graph learning, which can improve
the accuracy of downstream predictive learning tasks.

Contrastive learning is one of the most important self-
supervised learning methods realized by constructing positive
and negative samples, which has been introduced into STGNN
models in recent years. One notable example is STGCL, which
was introduced by Liu et al. [202] and was the first work to
incorporate contrastive learning into STGNN architectures. As
shown in Fig. 12, the first step of STGCL is the data augmen-
tation to construct the positive and negative samples, where
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positive and negative samples are constructed using techniques
such as edge masking, input masking, and temporal shifting.
After obtaining the positive and negative samples, the same
STG encoder is employed to learn the spatio-temporal graph
representation for both the original data and the augmented data.
Then, STGCL splits into two branches — a predictive branch and
a contrastive branch. In the predictive branch, the STG decoder
directly outputs the prediction results and traditional data point
errors, such as mean absolute error (MAE), can be used as
the loss function. In the contrastive branch, the two types of
representation H' and H” are put forward into the projection
head to further obtain the latent representation z’ and z”. For
the two latent representation, the contrastive loss proposed in
GraphCL [203] was adopted in this case

Based on STGCL, several other contrastive learning methods
have been proposed to enhance the learning capabilities of
STGNN in recent years. For example, SPGCL [204] proposed to
learn the informative relations by maximizing the distinguishing
margin between positive and negative neighbors for generating
an optimal graph structure. ST-SSL [205] proposed an adaptive
augmentation method over the spatio-temporal graph data at
both attribute and structure levels. START [77] presented a
spatio-temporal graph-based contrastive learning method for
trajectory representation learning. This model proposed multiple
negative trajectories construction methods such as trajectory
trimming and road segments mask, to aid the STGNN model
in achieving better performance in travel time prediction tasks.

D. Continuous Spatio-Temporal Modeling

Most existing STGNN-based approaches capture the spatial
and temporal dependencies in a discrete way, leading to discon-
tinuous latent state trajectories and higher prediction errors. To
address this problem, some research has focused on continuous
spatio-temporal modeling. Motivated by the success of Neural
Ordinary Differential Equation (Neural-ODE) [206], a well-
known approach for continuous system modeling, STGNNs
combined with Neural-ODE can improve the capability of
spatio-temporal graph representation learning in a continuous
manner. STGODE [207] was the first attempt to introduce
Neural-ODE into STGNNSs, however, it only considers integrat-
ing Neural-ODE with GCN and neglects continuous modeling
for temporal patterns. To achieve a joint continuous modeling
for spatio-temporal dependencies, MTGODE [208] introduced
the integration of Neural-ODE with graph convolution operators
and temporal convolution operators to enable continuous spatio-
temporal encoding. In addition, MixRNN+ [209] combined
Neural-ODE and RNN for continuous recurrent hidden state
modeling. STG-NCDE [210] developed a STGNN combined
with the neural controlled differential equation (Neural-CDE)
for better continuous modeling, compared with Neural-ODE-
based methods.

In addition to epidemic prediction tasks, there are also a few
works in other domains. For example, STDEN [27] proposed
a unified framework that combines traffic potential energy field
differential equations and neural networks for traffic flow pre-
diction.
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E. Physics-Informed Learning

In the last few years, a new paradigm called Physics-Informed
Neural Networks (PINNs) [211] have emerged for exploring and
computing real-world dynamics integrating physical differential
equations and neural networks with powerful fitting capabili-
ties. The main advantage of PINNSs is their ability to enforce
physical constraints on the predictions, thereby ensuring that
the model’s outputs are consistent with the laws of physics.
Inspired by PINNs that are based on simple neural networks,
physical-informed learning methods can be also combined with
STGNNS, especially in epidemic prediction tasks [104], [130],
[132], [133]. As shown in Fig. 13, STAN first integrates the
constraints of SIR differential equations into the STGNN ar-
chitecture. This model used GAT and GRU to capture the
spatial and temporal dependencies respectively and performed
a multi-task prediction. There are four components in the output
of this model: transmission rate /3, recovery rate -y, time-varying
number of infections Al and recoveries AR. These components
need to satisfy physical constraints based on the SIR equation.

F. Transfer Learning

Due to the scarcity of some spatio-temporal graph data, trans-
fer learning techniques have become a cost-effective approach to
extend the same basic STGNN model to different data scenarios.
However, there are two main limitations in conducting transfer
learning for STGNNS . The first one is the heterogeneity of spatial
structures and the other one is the heterogeneity of temporal
patterns in different circumstances. To be specific, in different
scenarios, the spatial topology, relations, etc. are completely
different as well as the temporal patterns such as periodicity
and trend.

The existing literature on spatio-temporal graph transfer
learning can be roughly divided into three categories: clustering-
based [212], [213], [214], domain adaptation-based [215],
[216] and meta-learning-based [200], [201]. For example, TL-
DCRNN [212] proposed a graph partitioning method to di-
vide the entire highway network into different sub-clusters
and then used the DCRNN model to learn the spatio-temporal
dependencies from source sub-clusters to target sub-clusters.
DASTNet [215] combined the graph representation learning
and multi-domains adversarial adaptation methods to obtain
domain-invariant node embeddings, achieving the knowledge
transfer among different scenarios with different spatial struc-
tures.
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VIII. CHALLENGES AND FUTURE DIRECTIONS

We have investigated the applications, basic neural archi-
tectures, and recent advancements of STGNN for predictive
learning in urban computing. Although STGNN models have
achieved remarkable performance in recent years, there are
still some challenging problems to be addressed, which point
to potential future research directions. We summarize these
challenges and suggest potentially feasible research directions
as follows:

® Lack of interpretability: So far, the vast majority of
STGNN-related work has focused on improving predictive
performance through sophisticated model design. How-
ever, research on the interpretability of models has been
relatively lacking, that is, we cannot clearly understand
which spatio-temporal features take a leading role in im-
proving predictive performance. In the most recent work,
STNSCM [217] proposed to construct a causal graph to
describe the bike flow prediction and analyze the causal
relationship between the spatio-temporal features and pre-
diction results. In addition to the spatial perspective, some
deep time series models have incorporated statistical mod-
eling techniques to enhance the understanding of predictive
outcomes [218]. Hence, constructing interpretable STGNN
models from both spatial and temporal perspectives is a
potential direction.

o Lack of calibration methods: How to establish trust among
frontline urban managers regarding the predictive capabil-
ities of STGNN:S is a practical problem that needs further
exploration. Hence, the significance of uncertainty quan-
tification that can reflect the trustworthiness of prediction
results needs to be emphasized. In order to improve the
trustworthiness of the deep models, appropriate model
calibration methods are necessary, which have been widely
used in image recognition [219] and graph representation
learning [220] in recent years. At present, only works [221],
[222] have studied the uncertainty of STGNN models, and
there is a lack of research on calibration methods. Cali-
bration for the STGNN models need to take into account
the characteristics of spatial and temporal simultaneously,
thus it is more challenging than previous related works.

® Lack of physical constraints: Most STGNN models capture
the complex spatio-temporal dependencies through the in-
tegration of deep neural networks, while ignoring the con-
sideration of physical constraints in different application
domains, which makes the model less recognized in some
professional fields. In recent years, although some STGNN
models for epidemic prediction have combined profes-
sional differential equations as physical constraints [104],
[130], [132], [133], such work is still lacking and needs to
be improved in other application fields.

e Lack of pre-training techniques: Pre-training techniques
have been greatly developed in the fields of time series
and graph representation learning in recent years, but they
are relatively lacking in STGNN-related work. In the most
recent work, STEP [223] proposed a pre-training model
combined with the Mask Auto-Encoder (MAE) [224]
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architecture to efficiently learn temporal patterns from very
long-term history spatio-temporal graph data. In the future,
pre-training techniques for long-range spatial and long-
term temporal learning are necessary, which are of great
value to the scalability and deployability of the STGNN
models.

Lack of fine-grained NAS: Due to the relatively complex
components of STGNNSs, automatically designing effec-
tive and reliable neural architectures is an urgent task.
Although some existing works [54], [185], [189], [191]
have proposed the integration of NAS and STGNNs, most
of them are all limited to coarse-scale and lack of search for
fine-grained architectures in GNN (eg, aggregation meth-
ods, activation functions, etc.). Therefore, inspired by some
current state-of-the-art NAS methods for GNNs [225],
[226], proposing efficient fine-grained NAS for STGNNs
is a promising direction.

Hurdle of distribution shifts: Spatio-temporal dataare often
collected from various locations and time periods, resulting
in significant differences in the distribution of the training,
validation, and test sets. For instance, we visualize the
temporal distribution on Beijing Air Quality dataset. As
shown in Fig. 14, the training data (periods A and B)
and test data derive from different distributions, namely
Py(x) # Pp(x) # Piest(x). This can pose a challenge
for STGNNS, as training a model on one dataset may
not perform well on validation and test sets due to dis-
tribution shifts, which is similar to the distribution shift
issue in domain adaptation (where the joint distribution
of inputs and outputs differs between the training and test
stages). Despite its importance, this problem has received
less attention in the spatio-temporal research community.
While several studies [227] investigated defeating distri-
bution shifts in time series, they fail to encode the spatial
correlations among locations.

Exploring new training strategies: Previous studies have
primarily focused on introducing novel STGNNs with
sophisticated layers or modules to enhance human mobil-
ity analytics. However, another promising direction is to
investigate new training strategies. For instance, in traffic
prediction tasks, every location is treated equally, and
the data belonging to these locations are jointly fed into
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neural networks. Nevertheless, the complexity of modeling
the spatio-temporal correlations of each location can vary
significantly, necessitating a new training strategy such as
curriculum learning. Curriculum learning trains a machine
learning model on increasingly difficult data, starting from
simpler data, and may be effective in addressing this issue.

® Scalability issue: One particularly challenging case for
designing efficient STGNNSs is when the number of lo-
cations in the sensor network is very large. For example,
there are over ten thousand of loop detectors in PEMS sys-
tems. In this scenario, there is a need to develop STGNNs
that can efficiently process and analyze the vast amounts
of spatio-temporal data generated by the network while
maintaining high prediction accuracy. Under this circum-
stance, more efficient Al solutions are appreciated, e.g.,
through model pruning/distillation, graph sampling tech-
niques, or exploring the next-generation Al models with
high efficiency. There are also a few studies probing into
graph-free approaches [229] to reduce computational costs
when scaling up to large-scale sensor networks. In addition,
some advancements in time series prediction research have
also challenged the necessity of employing overly complex
temporal learning models [230], [231]. Therefore, reducing
the complexity of both spatial and timing computations
to improve the scalability of STGNNs is a promising
direction.

IX. CONCLUSION

In this paper, we present a systematic survey of spatio-
temporal graph neural networks (STGNN5) for predictive learn-
ing in urban computing. We start with a basic form and construc-
tion method of spatio-temporal graph data, and then summarize
the predictive learning tasks involving STGNNs from different
application domains in urban computing. Next, Moving on,
we delve into the fundamental neural network architectures
that underpin STGNN:S, including the spatial learning network
and temporal learning network, which consist of graph neural
networks (GNNSs), recurrent neural networks (RNNs), tem-
poral convolutional networks (TCNs), self-attention networks
(SAN:Ss), and explore the basic fusion techniques used to integrate
these spatio-temporal neural architectures. To stay up-to-date
with the latest developments in STGNNs, we review notable
recent works, focusing on spatial learning methods, temporal
learning methods, spatio-temporal fusion methods, and other ad-
vanced techniques that can be combined. Finally, we summarize
the challenges of current research and suggest some potential
directions.
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