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Abstract

Traffic flow prediction remains a critical issue in intelli-
gent transport systems. Despite significant efforts in traf-
fic flow modeling, existing approaches exhibit several no-
table limitations: (i) Most models fail to capture traffic flow
similarities over long distances and extended periods; (ii)
They struggle to account for spatio-temporal heterogeneity
induced by varying traffic flow patterns; (iii) Due to their
static modeling approach, they struggle to effectively capture
the intricate spatio-temporal entanglement. To address these
challenges, we propose a traffic flow prediction framework
based on self-supervised learning spatio-temporal entangle-
ment transformer(SSL-STMFormer). This framework adopts
a self-supervised learning paradigm, leveraging a transformer
architecture that captures richer spatio-temporal information
to better represent traffic flow patterns. Specifically, a tempo-
ral attention module and a spatial attention module are em-
ployed to capture the spatio-temporal dependencies of traffic
dynamics, respectively, and spatio-temporal entanglement-
aware methods are introduced to allow the model to per-
ceive spatio-temporal entanglement and thus better modelling
of real traffic environments. Furthermore, to achieve adap-
tive spatio-temporal self-supervised learning, adaptive data
augmentation is applied to the input traffic flow data, and
the traffic flow prediction task is enhanced with temporal
heterogeneity module and spatial heterogeneity module. Ex-
tensive experimental evaluations conducted on six publicly
available real-world transportation datasets demonstrate that
our method achieves substantial improvements across these
datasets.

Code — https://github.com/ZetaoLiPhD/SSL-STMFomer

Introduction

The rapid urbanization and continuous growth of urban pop-
ulations have led to significant challenges in urban traffic
management. Traffic congestion, increased travel time, and
air pollution are among the most pressing issues faced by
modern cities(Djahel et al. 2014). Effective traffic flow pre-
diction is crucial for mitigating these problems, enabling
better traffic management, efficient route planning, and im-
proved urban mobility(Wang et al. 2021).
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For traffic flow prediction, the fundamental challenge lies
in effectively capturing and modeling the spatio-temporal
correlations within traffic data(Yin et al. 2021; Jiang and
Luo 2022; Bui, Cho, and Yi 2022; Jin et al. 2023). Previous
studies have employed various methods to address this chal-
lenge. Initially, convolutional neural networks (CNNs) were
combined with recurrent neural networks (RNNs) to lever-
age CNNs’ efficacy in handling spatial data and RNNs’ pro-
ficiency in processing time series data, enabling the learning
of spatio-temporal correlations(Zhang, Zheng, and Qi 2017;
Yao et al. 2018; Vinayakumar, Soman, and Poornachandran
2017; Qiu et al. 2018). With the advent of graph neural net-
works (GNNs), the research focus shifted, as numerous stud-
ies demonstrated the superior capability of GNNs in model-
ing the graph structure of traffic data('Yu, Yin, and Zhu 2018;
Wu et al. 2019, 2020; Song et al. 2020; Li and Zhu 2021;
Fang et al. 2021; Choi et al. 2022). Recently, the trend has
been towards developing generalized traffic flow prediction
models that utilize pre-training strategies and unsupervised
learning methods to enhance model performance and gen-
eralizability across diverse traffic scenarios(Ji et al. 2023;
Zhang et al. 2023; Gao et al. 2024; Yuan et al. 2024).

Despite the promising outcomes of previous studies, these
methods still present certain limitations. First, traffic sys-
tems exhibit spatiotemporal entanglement, where both spa-
tiotemporal dependencies and heterogeneities dynamically
evolve over time due to varying travel patterns. As illustrated
in Figure 1, we selected the traffic flow data from three lo-
cations to elucidate this spatiotemporal entanglement: San
Francisco International Airport (Node A), Oakland Inter-
national Airport in the San Francisco Bay Area (Node B),
and Bernal Heights (Node C). In Figure 1(b), we observe
the traffic flow of these three locations from 2020/7/10 to
2020/7/17. From 7/10 to 7/13, the traffic flow trends of these
locations exhibit strong similarities. However, this similar-
ity sharply diminishes during the remaining period. Existing
methods, which model this phenomenon in a static man-
ner (pre-defined), fail to effectively capture these dynam-
ics. Second, due to the functional segmentation of urban ar-
eas, even two distant locations may exhibit similar traffic
patterns, though this similarity is also subject to dynamic
changes. Furthermore, the inherent over-smoothing problem
in GNNs hampers their ability to capture such dynamic long-
term dependencies.
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Figure 1: Research motivation statement. i.e., the long range
long time entanglement of traffic flow data.

To address these issues, we propose a novel model, SSL-
STMFormer, which leverages self-supervised learning and a
spatio-temporal attention mechanism to enhance traffic flow
prediction. Our model addresses the limitations of existing
approaches by incorporating spatio-temporal entanglement-
aware module to better capture the real-world traffic envi-
ronment. The primary contributions of this paper are as fol-
lows:

L]

We introduce a spatio-temporal attention mechanism that
dynamically captures the dependencies between differ-
ent regions and time steps. This mechanism enhances the
model’s ability to understand complex traffic patterns and
their evolution over time.

To address the challenges of spatio-temporal heterogene-
ity, we design a self-supervised learning task that aids
the model in capturing the underlying structure of traffic
data. This task helps improve the model’s generalization.

We propose spatio-temporal entanglement-aware mod-
ules to capture the inherent spatio-temporal entanglement
in traffic data. These modules enable the model to per-
ceive the dynamic interactions within the transportation
system, allowing it to accurately detect evolving traffic
patterns and consequently improve prediction accuracy.

We conduct extensive experiments on six real-world traf-
fic datasets, including graph-based highway traffic data
and grid-based citywide traffic data. Our results demon-
strate the superiority of SSL-STMFormer over existing
state-of-the-art models.
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Preliminaries
Notations and Definitions

Definition 1 (Road Network) Road Network is represented
as a graph G = (V,E, A), where, V = {v1,--+ ,un}isa
set of N nodes ([V| = N),E CV x Vis a set of edges, and
A is the adjacency matrix of network G. Here, N indicates
the number of nodes in the graph.

Definition 2 (Traffic Flow Tensor) X; € RV*P is em-
ployed to denote the traffic flow at time t of N nodes in the
road network, where D is the dimension of the traffic flow.
We use X = (X1, Xq,--+, X7) € RIXNXD 15 denote the
traffic flow tensor of all nodes across total T time slices.

Problem Formalization

Traffic flow prediction seeks to forecast future traffic pat-
terns based on historical data. Formally, given a traffic flow
tensor X observed within a traffic system, our objective is to
learn a mapping function f that utilizes traffic observations
from the preceding 7' time steps to predict the traffic flow
for the subsequent 7" time steps,

[X(t—T-i-l)a"’ ,Xt;g} i> [X(t+1),"' ,X(t+T/)] . (D

Methodology

This section provides a detailed exposition of the technical
aspects of our SSL-STMFormer model, with the overall ar-
chitecture depicted in Fig. 2. We describe each module in
detail below.

Data Embedding Layer

The purpose of establishing a data embedding layer is to
transform the input data into a high-dimensional represen-
tation, thereby facilitating more effective learning and mod-
eling of complex patterns(Jiang et al. 2023). First, the raw
input X is converted to X4, € RT*NX4 through a
fully connected layer, d is the embedding dimension. In our
study, spatio-temporal information encompasses road net-
work structure data (spatial information) and urban traffic
flow data (temporal information). For spatial information,
Graph Laplacian eigenvectors is used to represent the road
network structure(Belkin and Niyogi 2003). This method ac-
curately describes the distance information between nodes in
the graph. A linear projection onto the & smallest non-trivial
eigenvectors generates the spatial graph Laplacian embed-
ding X pe € RNVxd,

For temporal information, the time-periodic embeddings
X, X4 € RT*4 are obtained by concatenating the embed-
dings (t,,() and gy € R?) of all T time slices to capture
daily and weekly periodicity in travel patterns(Ding et al.
2023). Here, w(t) and d(t) convert time ¢ into a weekly
index (1 to 7) and a minute index (1 to 1440), respec-
tively. Finally, we also utilize a temporal position encod-
ing Xype € R7*4 to incorporate the positional information
of the input sequence(Vaswani et al. 2017). The output of
the data embedding layer is then obtained by summing the
aforementioned embedding matrices(matrix addition is im-
plemented through dimensional replication), as follows:

Xemb:Xdata+Xspe+X11)+Xd+tie- (2)
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Figure 2: The overall architecture of SSL-STMFormer.

X emp will be fed into the following models, and we use X
to replace X ., for convenience.

Spatial-Temporal Encoder Layer

We propose a spatio-temporal encoder layer, grounded in
a attention mechanism and entanglement-aware methods,
to effectively model the complex and dynamic dependen-
cies within spatio-temporal data. The encoder layer is com-
posed of four key components: (1) a spatial attention mod-
ule designed to capture both short- and long-range dynamic
spatial dependencies, (2) a temporal attention module that
similarly captures dynamic patterns over varying temporal
scales, (3) a spatial entanglement-aware module, and (4)
a temporal entanglement-aware module. These latter two
components are critical for enhancing the model’s ability
to grasp intricate spatio-temporal relationships and interwo-
ven dynamics. The attention operations within this frame-
work are formalized using the following slice notation. For
a tensor X € RT*NXD the t-th slice is represented by
the matrix X ;.. € RY¥*P and the n-th slice is denoted as
X, € RTXD,

Spatial Attention (SA). The spatial attention module is de-
signed to capture complex dynamic spatial dependencies
within traffic data. Formally, at time t, the query, key, and
value matrices for the self-attention operations are derived
to as follows:

=X, W5 V¥ =

- Xt::WS7K1(£S)

QES) X t:: W\S} )
3
where W%, Wi, Wi € R¥*? are learnable parameters
and d’ is the dimension of the query, key, and value ma-
trix in this work. Subsequently, attention operations in the
spatial dimension are applied to model the interactions be-
tween nodes and to derive the spatial dependencies (atten-

12132

tion scores) among all nodes at time ¢ as follows:

s s
(@)K
- .
Vd
It is evident that the spatial dependencies between nodes
vary dynamically across different time slices. Therefore, the
SA module is employed to capture these dynamic spatial de-
pendencies, and F' stands for the so ftmax function. The fi-
nal output of the spatial attention module is then obtained as
follows:

SAQY, KP VD) = FAPWE. 35

Spatial Entanglement-Aware. It is important to note that
Equation(5) implies that each node interacts with all other
nodes, which does not accurately reflect real transport sys-
tems. To more closely simulate the actual traffic environ-
ment and to enhance the model’s ability to capture com-
plex spatio-temporal entanglement relationships and inter-
woven dynamics, we design spatio-temporal entanglement-
aware module based on multiple masking strategies inspired
by pre-trained linguistic models and visual models.

A = )

* Random Masking. This strategy is analogous to
the approach utilized in Masked Autoencoders
(MAE), where spatio-temporal patches are ran-
domly masked(Feichtenhofer et al. 2022). The primary
objective is to capture fine-grained spatio-temporal
relationships.

Tube Masking. This strategy simulates scenarios in
which data for specific spatial units is completely missing
across all time instances, reflecting real-world situations
where certain sensors may be nonfunctional—a common
occurrence(Yuan et al. 2024). The primary objective is to
enhance the model’s capability for spatial extrapolation.

Block Masking. A more challenging variant of tube
masking, block masking involves the complete absence



of an entire block of spatial units across all time in-
stances. This approach makes the reconstruction task
more complex due to the reduced context information,
with the goal of enhancing spatial transferability(Yuan
et al. 2024).

In addition to the three aforementioned masking strate-
gies, it is important to acknowledge that interactions be-
tween only a subset of node pairs are crucial in a traffic
system. This includes both nearby node pairs and those that
are geographically distant but exhibit similar traffic flow
patterns. Therefore, two graph masking matrices are con-
structed to simultaneously capture the spatial dependencies
within the traffic system. Specifically, the short-range mask-
ing matrix, denoted as M 4p,,¢, 1S assigned a weight of 1
if the distance (i.e., the number of hops in the graph) be-
tween two nodes is less than a threshold )\, and 0 otherwise.
The long-range masking matrix, denoted as M4, is con-
structed using the Dynamic Time Warping (DTW) algorithm
to compute the similarity of historical traffic flows between
nodes(Berndt and Clifford 1994). For each node, we iden-
tify the K nodes with the highest similarity as its long-range
neighbors, and then construct M, by setting the weights
between the current node and its long-range neighbors to 1,
and to 0 otherwise. Finally, we apply these masking strate-
gies to the spatial attention module, which can be defined
as:

RandSAQ\Y K{” vt D =P o M3 )V,
TubeSA( <5>, )y 9 :F(A(S) @Mgfgeww
BlockSA(Q! S> V(S)) — FA® o M) v,
ShortSA(Q§S) K® v = FA® 6 M om) VY,
LongSAQY® K9 v9) = F(A®) & M)V,

(6)

where © indicates the Hadamard product. In this manner,
the spatial entanglement-aware module is enabled to capture
more comprehensive spatial information.

Temporal Attention (TA). Phenomena such as the period-
icity and transient nature of traffic flows suggest that de-
pendencies exist between flows across different time slices.
Consequently, the temporal attention module is introduced
to model these dynamic dependencies. Formally, for node n,
the query, key, and value matrices are computed as follows:

ngT) = X:n:Wgy K7(«LT) = X:n:W%;7 V;,T) = X:n:W€>

(N
where W5, WZI;, W‘:C € R%*d" are Jearnable parameters.
Similarly, the attention mechanism is applied along the time
dimension to capture the temporal dependencies across all
time slices for node n:

@) (E)T
vd
Temporal Entanglement-Aware. Clearly, temporal atten-
tion is capable of revealing diverse temporal patterns across

different nodes in the traffic data. However, this capability
assumes data completeness, which is often compromised in

AT —

n

®)
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real-world traffic environments due to data loss. To address
this issue, we apply the first three masking strategies used
in the spatial entanglement-aware module to the temporal
entanglement-aware module. Additionally, we introduce a
temporal masking strategy that involves masking future data,
thereby compelling the model to reconstruct future traffic
conditions based solely on historical information. The ob-
jective is to enhance the model’s ability to capture tempo-
ral dependencies from the past to the future, which in turn
makes the model obtain ability to perceive temporal entan-
glement.

TAQD, KD vl = F(A) VD,
TempTAQ'Y, K1Y V9 = F(AY) & M yepy) VY,

(€))

where © indicates the Hadamard product. In this way, the
temporal attention module is enabled to capture more com-
prehensive temporal information.

Multiple Attention Fusion. Multi-attention fusion module
is employed to fuse temporal and spatial attention, thereby
reducing the computational complexity of the model while
fully integrating spatio-temporal information. In the afore-
mentioned process, we obtain multiple heads, whose re-
sults are concatenated and projected to yield the outputs.
This process enables the model to merge the distinct tem-
poral and spatial information into a comprehensive spatio-
temporal representation. Formally, this can be described by
the following equation:

STA = cat(Z;%me

1---hsrand’
hort
ZS

long
1 hsnort? “1-hiong’
T Block
Zl"'hTBlock’

STube

1---hsTupe’
T Rand
1---hrRand’

SBlock

1---hsBiock’
TTube
1--hrrube’

Z VA

temp
Zl htemp

1 “hy )Wl

10
where cat represents concatenation, all of Z in the Equation
stand for output concatenations, and all of h stand for the
corresponding number of attention heads, respectively, and
W' is a learnable projection matrix. Additionally, we apply
a position-wise fully connected feed-forward network to the
output of the Multiple Attention Fusion to obtain the outputs
X, € RT*Nxd_ Consistent with the original Transformer ar-
chitecture, layer normalization and residual connections are
incorporated in this step.

Output Projection

We employ an output projection, consisting of 1 x 1 con-
volution, after each spatial-temporal encoder layer to con-
vert the outputs X, into a temporary dimension Xiep,), €
RTXNxXdiemp  \where dyepy, is the temporary dimension. Fi-
nally, the final hidden state X},;q € RT*N Xdtems is obtained
by summing the outputs of each output projection. We use
H,; ¢ RV*demp 1o represent the embedding matrix of the
i-th time slice. And h; ,, € R%em» denotes the n-th row in
H , i.e., the embedding of n-th region(node) r,.

Adaptive Data Augmentation

Regarding the traffic patterns of the transportation system,
an adaptive data augmentation scheme has been designed for



the traffic flow tensor and road network data to improve the
model’s perception of heterogeneous regional dependencies.
Traffic Flow Augmentation. Inspired by data augmenta-
tion strategies(Zhu et al. 2021; Ji et al. 2023), an augmen-
tation operator is introduced for the constructed traffic ten-
sor Xy_741 - -+ Xy, which adapts to the learned time-aware
traffic pattern dependencies of each region. Specifically, our
goal is to mask less relevant traffic volume at the 7-th time
step of the region 7,, to mitigate noise perturbation. This
is based on a derived mask probability p;,, drawn from a
Bernoulli distribution, p, ,, ~ Bern(1 —p; ,,). A higher p, ,,
value indicates that the traffic volume z, ,, at the 7-th time
step for region r,, is more likely to be masked, due to its
lower relevance to the overall traffic regularities of the region
ry,. The augmented data with this traffic-level augmentation

is denoted as X741 --- X,.
Road Network Augmentation. In addition to traffic flow
augmentation, road network augmentation is applied to the
road network G((Ji et al. 2023; Hu et al. 2024). This approach
allows our model to not only mitigate biases in region con-
nections with low inter-correlated traffic patterns but also to
capture long-range regional dependencies within the global
urban context.

Finally, augmented flow data and road network data

[,X/(thle)a e 73(/1% Gv} are obtained.

Spatial Heterogeneity Modeling (SHM)

To enable region embeddings to efficiently capture spatial
heterogeneity through auxiliary self-supervised signals, we
introduce a spatial heterogeneity modeling (SHM) mod-
ule based on self-supervised learning with soft clustering(Ji
et al. 2023).

Initially, regions are projected into multiple latent repre-
sentation spaces, each corresponding to distinct urban func-
tions, such as residential zones and commercial districts.
Subsequently, we generate a set of K cluster embeddings,
denoted as {ci,...,ck}, where each ¢; represents a la-
tent factor used for clustering regions based on their func-
tional characteristics. Formally, the clustering process is per-
formed using the following equation:

Zink = e hin (1n
Here, h;,, € R%emr is the region embedding of region
r, encoded from the augmented traffic flow and road net-
work of i-th time slice. The term Z; ,, ; represents the es-
timated relevance score between the embedding of region
r, and the embedding cj, of the k-th cluster. Subsequently,
the cluster assignment of region r,, is generated as z;,, =

(Zinas--- ,Ei,n7K)T, capturing the degree of association
with each cluster.
To incorporate self-supervised signals within a

heterogeneity-aware soft clustering framework, we in-
troduce an auxiliary learning task designed to predict cluster
assignments based on region embeddings h;,, which are
encoded from the original road network G. The predicted
cluster assignment score 2; ,,  for z;, ; is computed as:
Zink = ckThm,where Zin,; represents the predicted
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assignment score for Z; ,, . The self-supervised enhance-
ment task is then optimized using the following objective
function:

exp (Zin,k/7)
> exp (Zin,j/7)
where v is a parameter that controls the smoothing degree

of the softmax output. The overall self-supervised objective
across all regions is defined as follows:

4 (hi,na 21,’!},) = - Z gi,n,k 10g
k

12)

t—T+4+1 N

Ls= Y > l(hin Zin).
=1 n=1

To reflect the true distribution of regional features in urban
space, we employ a distribution regularization strategy for
regional clustering(Ji et al. 2023). SHM module significantly
enhances the regional embedding h,, to capture the spatial
heterogeneity within the urban environment. The integration
of the SHM module enables the model to capture complex
spatial dependencies, enhancing the representation of urban
spatial structures. This improved embedding is essential for
accurately modeling traffic patterns by reflecting the unique
characteristics and interactions of urban areas.

(13)

Temporal Heterogeneity Modeling (THM)

A Temporal Heterogeneity Modeling (THM) module is in-
troduced to systematically capture and analyze variations in
traffic patterns at specific time steps.(Ji et al. 2023).
Initially, we combine the time-dimension embeddings en-
coded from both the original and augmented data as fol-
lows: vy, = w1 © hyy + wz © hyy, where © de-
notes the Hadamard product, and w; and wy are learn-
able parameters. Subsequently, the urban-level representa-
tion s; at time step ¢ is generated by aggregating embed-
dings from all regions (o represents the sigmoid function):

o (4

St

- N
ability of representations across different time steps, district-
level and urban-level embeddings (v, s¢) corresponding
to the same time step are treated as positive pairs within the
self-supervised learning (SSL) task, while embeddings from
different time steps are considered as negative pairs. This
approach ensures that positive pairs align city-wide traffic
patterns—such as rush hours and weather impacts—within
a specific time step, thereby reinforcing temporal consis-
tency. Conversely, negative pairs enhance the model’s abil-
ity to capture temporal heterogeneity by effectively differ-
entiating between distinct time steps. Formally, the time-
heterogeneity-enhanced SSL task is optimized by minimiz-
ing the following loss function using the cross-entropy met-
ric:

25:1 vt}n). To enhance the discriminatory

N N
Ly==> logg(vin,s1) = Y log(1—g(vyn 1)),
n=1 n=1

(14)
where g is an abbreviation for the function g (vy,s;) =
o (v/, Wss;). W3 € RV*N is a learnable transformation
matrix.



Datasets Nodes Edges Timesteps Interval Range
PeMS04 307 340 16992 Smin  01/01/18-02/28/18
PeMSO07 883 866 28224 5min  05/01/17-08/31/17
PeMSO08 170 295 17856 Smin  07/01/16-08/31/16
NYCTaxi 75 (I5%5) 484 17520 30min  OI/01/14-12/31/14
CHIBike 270 (15x18) 1966 4416 30min  07/01/20-09/30/20
T-Drive 1024 (32x32) 7812 3600 60min  02/01/15-06/30/15
Table 1: Data Description

Model PeMS04 PeMS07 PeMS08

MAE MAPE RMSE| MAE MAPE RMSE| MAE MAPE RMSE
DCRNN [22.73 14775 36.57[23.63 12.28 36.51| 1818 11.23 28.17
STGCN | 21.75 13.87 34.76|22.89 1198 3544 17.83 11.21 27.12
GWNET |19.35 1330 31.71 2122 9.07 34.11| 15.06 9.51 24.85
MTGNN | 19.07 1296 31.56|20.82 9.03 34.08| 1539 10.17 24.93
STSGCN |21.18 13.88 33.64|24.26 10.20 39.03 | 17.13 10.96 26.78
STFGNN |19.83 13.02 31.87|22.07 9.21 35.80| 16.63 10.54 26.20
STGODE |20.84 13.78 32.82|22.97 10.14 36.19| 16.81 10.62 26.24
STGNCDE| 19.21 12.77 31.08|20.62 8.86 34.03| 1545 9.92 24.81
STTIN 19.47 13.63 3191[21.34 993 3458 1548 10.34 2496
GMAN 19.13 13.19 31.60[20.96 9.05 34.09| 1530 10.13 2491
TFormer | 1891 12.71 31.34[20.75 8.97 34.06| 1519 992 2488
ASTGNN | 18.60 12.63 31.02|20.61 8.86 34.01| 1497 948 2471
PDFormer | 18.32 12.10 29.96 | 19.83 8.52 32.87| 13.58 9.04 23.50
ST-SSL 18.56 12.74 31.01]20.36 9.64 33.98| 14.73 10.05 24.49
GraphST |[19.10 1291 31.57[20.87 1031 3397 I5.13 10.61 2484
STD-MAE [*17.80 *12.07 *29.25|*18.65 *8.47 *31.71| *13.44 *8.98 *22.47
Ours 17.06 11.32 28111853 841 3144 12.05 811 20.15
Improve [4.15% 6.21% 3.89%]0.64% 0.70% 0.85% (10.34% 9.68% 10.32%

Table 2: Performance on Graph-based Datasets.

Model Trainning

During the training process of SSL-STMFormer, the hidden
embeddings Ajq € RT*N*dem are fed into MLP to predict
future traffic flow &1 447/ [X(t+1), ceey X(t+T/)] .
The model is optimized by minimizing the loss function be-
low:

15)

Finally, the overall loss function is formulated by integrat-
ing the spatial and temporal heterogeneity modeling losses,
as described in Equations (13) and (14), into the joint learn-
ing objective Lioine = Lp + Ls + Ly.

Lp = MSEI0sS(Tt 1,477, Tt 41,0477

Experiments

Datasets. We evaluate the performance of SSL-STMFormer
using six real-world public traffic datasets. These in-
clude three graph-based highway traffic datasets (PeMS04,
PeMS07, PeMSO08)(Song et al. 2020) and three grid-
based citywide traffic datasets (NYCTaxi(Liu et al. 2020),
CHIBike(Wang et al. 2021), T-Drive(Pan et al. 2019)). De-
tailed descriptions of these datasets are provided in Tab. 1.

Baselines. We selected 19 baselines for comparison with
our proposed model, categorizing them into three dis-
tinct groups: (1) grid-based dataset models, including:
STResNet(Zhang, Zheng, and Qi 2017), DMVSTNet(Yao
et al. 2018) and DSAN(Lin et al. 2020). (2) graph neu-
ral network-based models, including: DCRNN(Li et al.
2018), STGCN(Yu, Yin, and Zhu 2018), GWNET(Wu
et al. 2019), MTGNN(Wu et al. 2020), STSGCN(Song
et al. 2020), STFGNN(Li and Zhu 2021), STGODE(Fang
et al. 2021) and STGNCDE(Choi et al. 2022). (3) self-
attention-based models, including: STTN(Xu et al. 2020),
GMAN(Zheng et al. 2020), TFormer(Yan, Ma, and Pu
2021), PDFormer(Jiang et al. 2023) and ASTGNN(Guo
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et al. 2021). (4) Self-supervised learning-based and pre-
training-based models, including: ST-SSL(Ji et al. 2023),
GraphST(Zhang et al. 2023), STD-MAE(Gao et al. 2024).
This classification allows for a comprehensive evaluation of
our model’s performance against a diverse set of established
approaches.

Dataset Processing and Evaluation Metrics. To en-
sure consistency with most studies, the three graph-based
datasets were divided into training, validation, and test sets
in a 6:2:2 ratio. Data from the past hour (12 steps) was em-
ployed to predict the traffic flow for the next hour (12 steps).
Additionally, the three grid-based datasets were split in a
7:1:2 ratio, utilizing traffic inflow and outflow data from the
past six steps to predict the inflow and outflow for the next
single step. In our experiments, three metrics are employed
for evaluation: Mean Average Error (MAE), Mean Average
Percentage Error (MAPE%) and Root Mean Squared Error
(RMSE).

Performance Comparison

The results for the graph-based and grid-based datasets,
compared to the baselines, are presented in Tab. 2 and Tab.
3, respectively. The best results are highlighted in bold, and
the second-best results are marked with an asterisk (*). The
analysis of the results presented in Tab. 2 and Tab. 3 leads to
the following conclusions: (1) On the graph-based dataset,
SSL-STMFormer achieves superior performance across all
metrics, demonstrating average improvements of 5.04%,
5.53%, and 5.02% in MAE, MAPE, and RMSE, respec-
tively, compared to the next best results. (2) On the grid-
based datasets, SSL-STMFormer significantly outperforms
all baseline models across all metrics and datasets, achiev-
ing average improvements of 10.91%, 9.86%, and 7.18% in
MAE, MAPE, and RMSE, respectively, over the next best
results.

Ablation Study

To evaluate the effectiveness of the different components
in SSL-STMFormer, we compared SSL-STMFormer with
the following variants: w/o SSL: This variant omits the
self-supervised learning component, thereby impairing the
model’s ability to capture spatial and temporal heterogene-
ity. w/o EA: This variant excludes temporal and spatial
entanglement-aware modules, limiting the ability of the
model to perceive spatio-temporal entanglement. w/o SEA:
This variant removes the spatial entanglement-aware mod-
ule, resulting in every node being connected to all others.
w/o TEA: This variant excludes the temporal entanglement-
aware module. w/ STEA: This variant replaces the sepa-
rate temporal and spatial entanglement-aware methods with
a hybrid entanglement-aware method.

Tab.4 presents a comparative analysis of these variants
on the PeMS08 and T-Drive datasets. The ablation experi-
ment results reveal the following insights: (1) The perfor-
mance of the hybrid temporal-spatial masking strategy is in-
ferior to that of SSL-STMFormer. Moreover, removing ei-
ther the temporal or spatial masking individually leads to
a degradation in model performance. This underscores the



NYCTaxi T-Drive CHIBike
Model Inflow outflow Inflow outflow Inflow outflow
MAE MAPE RMSE| MAE MAPE RMSE | MAE MAPE RMSE| MAE —MAPE RMSE| MAE MAPE RMSE| MAE MAPE RMSE
STResNet | 1449 1454 24.05 [ 1279 1436 2063 | 1963 1783 3480 | 1961 1850 3439 | 476 3138 670 | 462 3057 655
DMVSTNet| 1437 1431 2373 | 12.56 1431 2040 | 19.59 17.68 3447 | 1953 17.62 3430 | 468 3211 663 | 45 3131 645
DSAN 1428 1420 23558 | 1246 1427 2029 | 1938 1746 3431 | 1929 1737 3426 | 461 3162 669 | 449 3125 636
DCRNN | 1442 1435 23.87 [ 1282 1434 2006 | 22.12 1775 3865 [ 2175 1738 38.16 | 423 3126 599 | 421 3082 35.82
STGCN 1437 1421 23.86 | 1254 14.09 1996 | 2137 17.53 3805 | 2091 1698 37.61 | 421 3122 595 | 414 3078 577
GWNET | 1431 1419 2379 | 1228 13.68 19.61 | 1955 17.18 36.15 | 1955 1593 36.19 | 415 3115 591 | 410 3069 5.69
MTGNN | 1419 13.98 23.66 | 1227 13.65 19.56 | 1898 17.05 3538 | 1892 1576 3599 | 4.11 31.14 580 | 408 3056 5.66
STSGCN | 1560 1520 26.19 | 13.23 1469 21.65 | 23.82 1854 41.18 | 2428 19.04 4225 | 425 3299 594 | 426 3261 587
STEGNN | 1533 1486 26.11 | 13.17 1458 21.62 | 22.14 18.09 40.07 | 22.87 1898 41.03 | 423 3222 593 | 426 3232 587
STGODE | 1462 1479 2544 | 12.83 1439 2020 | 21.51 1757 3821 | 2270 1850 4028 | 4.16 31.16 592 | 412 3072 5.69
STGNCDE | 1428 1417 2374 | 1227 13.68 1960 | 1934 17.13 3609 | 1923 1587 3614 | 412 3115 591 | 409 3059 567
STTN 1435 1420 2384 | 1237 1376 1982 | 2058 1732 3722 2044 1599 37.06 | 416 3120 593 | 411 3000 5.72
GMAN 1426 1411 2372|1227 1367 1959 | 1924 17.11 3598 | 1896 1578 36.12 | 411 3115 591 | 409 30.66 567
TFormer | 13.99 13.91 2348 | 1221 13.61 1952 | 1882 1691 3447 | 18.88 1567 3521 | 407 31.14 587 | 403 3064 563
ASTGNN | 13.84 13.69 23.17 | 12.11 13.60 1920 | 1879 16.10 33.87 | 1879 1558 3399 | 406 3113 581 | 398 3061 560
PDFormer | 13.15 1274 2195 | 11.57 12.82 1839 | 17.83 1471 31.60 | 1774 1464 3150 | 395 #3021 555 | *3.83 *2991 *5.40
ST-SSL 1297 1239 2174 978 1193 1686 | 1621 13.11 3139 | 1669 13.72 31.04 | 403 3107 576 | 394 3048 549
GraphST | 11.67 12.07 19.32 | 1079 12.14 1805 | 1597 13.04 31.06 | 1584 1297 3081 | 401 31.06 559 | 3.86 30.11 546
STD-MAE | *10.71 *11.12 *18.94| ¥0.53 *11.29 *16.49 | #1542 *12.71 *30.53| *14.93 *11.80 *30.03| *3.91 3093 *541 | 3.89 30.17 5.52
Ours 949 1006 1812 | 898 1033 1584 | 1285 9.68 2900 | 1279 9.60 20.00 | 3.49 2981 5.09 | 344 2934 5.04
Tmprove | 11.39% 9.53% 5.77% 8.50% 3.94% 16.66% |10.34% 23.83% 4.68% [14.33% 18.64% 3.42% [10.74% 1.32% 5.91% [10.18% 1.90% 6.66%
Table 3: Performance on Grid-based Datasets.
Model MAE o o MSEIMAE o IV D L), over the set {2, 4, 6, 8, 10}, to determine the optimal depth
w/o SSL 1370 9.16 2330 (1414 1076 30.90 [T4.15 10.69 30.92 for accurately modeling the intricate spatio-temporal depen-
wio EA 13.59 9.14 23.52[1420 11.04 30.79 |1421 11.00 30.78 . . -
wlo SEA 1346 900 2322|1351 10,60 2983 |13.47 10.64 29.80 dencies. Furthermore, we evaluate the masking probability
wlo TEA 1340 9.12 23.32(13.47 10.16 29.61|13.38 10.06 29.50 ; :
w/ STEA 13.86 9.31 23.61|13.65 10.89 29.90 [13.60 10.82 29.83 over the set {0'05’021’0'15’0'2’ 0.25}, Emalyz;ng how vary
SSL-STMFormer[12.05 8.11 20.15 [12.85 9.68 29.10[12.79 9.60 29.00 ing degrees of masking affect the model’s ability to general-

Table 4: Performance of Ablation Experiment.

importance of employing masking strategies to identify crit-
ical node pairs, thereby demonstrating the necessity of these
strategies in accurately modeling real traffic environments.
(2) The reduction in model performance when the SSL com-
ponent is removed can be attributed to the variant’s inability
to account for complex spatio-temporal heterogeneity. This
omission prevents the model from recognizing underlying
spatio-temporal features, which are crucial for accurate traf-
fic flow prediction.
(a)

(b) (c)
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Figure 3: Effect of hyperparameters on PeMS08 and T-
Drive.

Effect of Different Parameters

In this section, we conduct a comprehensive investigation
into the impact of various parameters on the model’s per-
formance. Specifically, we examine the hidden dimension d
across the set {8, 16, 32, 64, 128}, assessing how different
dimensionalities influence the model’s capacity to capture
and represent the underlying traffic patterns. Additionally,
we explore the depth of the spatio-temporal encoder layer,

ize and handle data with missing or noisy information. These
parameter searches are crucial for fine-tuning the model to
achieve the best performance across different datasets and
traffic scenarios. Based on our extensive experimentation,
we present the results in Fig. 3. These results inform our se-
lection of optimal parameters for the model.

Related Work

Transformer. Large-scale pre-trained models based on the
Transformer, such as BERT, have achieved considerable suc-
cess in the NLP community(Devlin et al. 2019). More re-
cently, with the advent of models like GPT, it has become
evident that the Transformer architecture excels in represen-
tation learning(Liu et al. 2023; Kalyan 2023; Yenduri et al.
2024).

Self-Supervised Learning for Representation Learning.
Self-supervised learning seeks to extract valuable informa-
tion from input data to enhance the quality of its repre-
sentation(Ji et al. 2022). This approach typically involves
augmenting the input data and devising auxiliary tasks that
serve as pseudo-labels for representation learning (Ren et al.
2021).

Conclusion

In this study, we propose SSL-STMFormer, a novel model
for traffic flow prediction that combines self-supervised
learning with spatio-temporal attention and entanglement-
aware methods. This approach effectively captures dynamic
traffic patterns and complex spatio-temporal dependencies,
while enhancing the model’s ability to interpret real-world
traffic complexities. Extensive experiments on real-world
datasets validate its superior performance. Future work will
extend SSL-STMFormer to other spatio-temporal prediction
tasks, such as crime rate forecasting (Zhou et al. 2023).
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