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Abstract

Traffic flow prediction is a pivotal task in intelligent transportation systems. The pri-
mary challenge lies in accurately modeling the dynamically evolving and directional
spatio-temporal dependencies inherent in road networks. Existing graph neural network-
based methods suffer from three main limitations: (1) symmetric adjacency matrices
fail to capture the causal propagation of traffic flow from upstream to downstream;
(2) the serial combination of graph and temporal convolutions lacks an explicit modeling of
joint spatio-temporal state transition probabilities; (3) the inherent low-pass filtering prop-
erty of temporal convolutional networks tends to smooth high-frequency abrupt signals,
thereby weakening responsiveness to sudden events. To address these issues, this paper pro-
poses a causal-enhanced spatio-temporal Markov graph convolutional network (CSHGCN).
At the spatial modeling level, we construct an asymmetric causal adjacency matrix by
decoupling source and target node embeddings to learn directional traffic flow influences.
At the spatio-temporal joint modeling level, we design a spatio-temporal Markov transition
module (STMTM) based on spatio-temporal Markov chain theory, which explicitly learns
conditional transition patterns through temporal dependency encoders, spatial dependency
encoders, and a joint transition network. At the temporal modeling level, we introduce
differential feature enhancement and high-frequency residual compensation mechanisms
to preserve key abrupt change information through frequency-domain complementarity.
Experiments on four datasets—PEMS03, PEMS04, PEMS07, and PEMS08—demonstrate
that CSHGCN outperforms existing baselines in terms of MAE, RMSE, and MAPE, with
ablation studies validating the effectiveness of each module.

Keywords: traffic flow prediction; graph neural networks; spatio-temporal dependency;
causal inference; markov chain; high-frequency compensation

1. Introduction

Intelligent transportation systems (ITS) serve as the core supporting technology for
modern urban governance and transportation management. By enabling real-time traffic
data collection, intelligent analysis, and decision optimization, ITS significantly enhance
traffic operational efficiency, reduce energy consumption, and mitigate environmental
emissions. They play a vital role in alleviating urban congestion and improving travel
experience [1]. Traffic state prediction aims to forecast traffic flow conditions within specific
future time windows based on historical observation data, serving as the data foundation
for applications such as traffic signal control [2], emergency incident response [3], and travel
route planning [4] in ITS. As urban road networks expand and data collection frequency
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increases, traffic flow data exhibit high-dimensional and non-stationary characteristics.
Consequently, traditional statistical methods like ARIMA [5] struggle to capture long-term
temporal dependencies and nonlinear spatial correlations effectively. In recent years, hybrid
architectures integrating graph convolutional networks (GCN) [6] and temporal convolu-
tional networks (TCN) [7] have become mainstream. GCN models spatial dependencies
among road network nodes via adjacency matrices, while TCN extracts long-term temporal
features through dilated convolutions.

However, facing the complex dynamic characteristics of real traffic systems, existing
methods exhibit deficiencies in the following three modeling aspects: (1) Lack of Spa-
tial Causality: Most methods employ symmetric adjacency matrices or undirected graphs,
which fail to capture the asymmetric causal propagation inherent in traffic flow, thereby lim-
iting prediction accuracy. (2) Weakness in Spatio-Temporal Joint Modeling: The evolution
of traffic states across time and space dimensions is not independent but tightly coupled.
Current mainstream architectures combine spatio-temporal features in serial or parallel
manners using GNN and TCN, lacking explicit modeling of the probability of future states
given historical spatio-temporal conditions, making it difficult to formally capture state
transition patterns. (3) Loss of Temporal High-Frequency Information: TCN possesses
low-pass filtering characteristics that systematically attenuate high-frequency components.

Therefore, this paper proposes a causality-enhanced spatio-temporal Markov graph
convolutional network, aiming to achieve systematic innovation at the model architecture
level. The core motivations of this work are: (1) to explicitly model the physical propagation
direction of traffic flow from upstream to downstream by constructing an asymmetric causal
adjacency matrix; (2) to introduce the mathematical framework of spatio-temporal Markov
chains and design a learnable joint transition module, which characterizes the co-evolution
of spatio-temporal states in the form of explicit conditional probabilities; and (3) from the
perspective of frequency-domain analysis, to design complementary input enhancement
and output compensation mechanisms to counteract the inherent smoothing effect of
temporal convolutions. These three aspects are closely interlinked, collectively forming a
deep learning framework that better aligns with the physical nature and data characteristics
of transportation systems. The main contributions of this paper are as follows:

1. We introduce a causal-enhanced adjacency matrix construction method. By sepa-
rately learning node embeddings as information senders and receivers, we generate an
asymmetric adjacency matrix to model directional spatial dependencies in traffic flow.

2. We design a spatio-temporal Markov transition module (STMTM), integrating
the probabilistic framework of spatio-temporal Markov chains into deep networks. This
module explicitly learns conditional transition patterns across spatio-temporal dimen-
sions through temporal dependency encoders, spatial dependency encoders, and a joint
transition network.

3. We propose a high-frequency-aware temporal enhancement strategy. Differential
feature enhancement introduces high-frequency change information at the input, while
high-frequency residual compensation corrects the smoothing effect of TCN at the output,
achieving frequency-domain complementarity.

4. We conduct extensive experiments on four public datasets, demonstrating that
CSHGCN outperforms existing methods in prediction accuracy. Ablation studies further
confirm the contributions of each module.

The remainder of this paper is organized as follows. Section 2 systematically reviews
related work in the field of traffic prediction. Section 3 introduces necessary preliminaries,
including problem definition and theoretical foundations. Section 4 elaborates on the overall
framework and core module designs of CSHGCN. Section 5 describes the experimental
setup, including datasets, evaluation metrics, and baseline methods. Section 6 presents
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the experimental results, with comprehensive performance comparison, ablation studies,
and visual analysis. Section 7 provides an in-depth discussion on the design advantages
and synergistic relationships of each module. Section 8 concludes the paper and outlines
future research directions.

2. Related Work

Traffic flow prediction, as a core technology for dynamic road network control and
travel scheduling, has long received widespread attention from both academia and industry.
Its essence belongs to spatio-temporal sequence forecasting, with the core challenge being
how to effectively model dynamically evolving spatio-temporal dependencies within
road networks. Early research primarily employed traditional statistical methods, such as
autoregressive integrated moving average (ARIMA) [5] and vector autoregression (VAR) [8],
which are based on classical time series analysis principles [9]. Although these methods
are effective in certain scenarios, their modeling capabilities are limited by stationarity
assumptions [10], making it difficult to characterize nonlinear features in traffic data. More
importantly, they typically process each road segment’s time series data independently,
ignoring spatial correlations among nodes in the road network, thus yielding limited
prediction performance in real-world complex road networks.

With the development of deep learning, deep neural networks (DNNs) [11] have been
gradually introduced into the traffic prediction domain, significantly enhancing model
ability to extract spatio-temporal features. For instance, fully connected long short-term
memory networks (FC-LSTM) [12] model time series data by integrating convolutional
and recurrent structures; spatio-temporal residual networks (ST-ResNet) [13] utilize deep
residual convolutional networks to predict urban crowd flows, demonstrating powerful
feature representation capabilities. However, these methods are primarily designed for
grid-based or sequential data, without explicitly leveraging the topological structure of road
networks, and thus still exhibit suboptimal performance on graph-structured traffic data.

To effectively incorporate road network structure information, graph convolutional
networks (GCNs) [14] have been introduced into traffic prediction, explicitly modeling
spatial dependencies through adjacency matrices. Early works such as STGCN [15]
and DCRNN [16] relied on pre-defined adjacency matrices, making it difficult to re-
flect dynamic and asymmetric spatial relationships. Foundational work in GCN, such
as GraphSAGE [17], laid the groundwork for learning representations on graph-structured
data. Subsequently, research shifted toward adaptive graph learning; for example, Graph
WaveNet [18] and MTGNN [19] dynamically generate adjacency matrices by learning node
embeddings, while AGCRN [20] learns independent embeddings for each node to capture
node-specific patterns.

Simultaneously, methods based on attention mechanisms have moved away from
reliance on pre-defined graph structures, dynamically modeling global dependencies by
computing the similarity weights between elements. This trend has been significantly
influenced by the Transformer [21] architecture proposed by Vaswani et al., which revo-
lutionized sequence modeling. Models such as ASTGCN [22], GMAN [23] successfully
capture long-range spatio-temporal correlations; subsequent works like Informer [24],
Autoformer [25], and FEDformer [26] further enhance model efficiency and performance
from perspectives such as sparse attention, sequence decomposition, and frequency-domain
enhancement. Furthermore, the Graph Attention Network (GAT) [27] a pioneering frame-
work for directly applying attention mechanisms to graphs.

In recent years, to enhance model interpretability and dynamic modeling capabili-
ties, researchers have begun exploring methods that combine explicit structure learning
with joint state modeling. For instance, STG-NCDE [28] integrates adaptive graphs with
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neural controlled differential equations to characterize traffic evolution in continuous
time domains; spatio-temporal graph diffusion networks (ST-GDN) [29] and dynamic
spatio-temporal aware graph neural networks (DSTAGNN) [30] dynamically capture
changes in inter-node relationships by directly mining spatio-temporal patterns from his-
torical data. Moreover, to handle uncertainty and dynamics in traffic systems, some studies
have begun incorporating probabilistic graphical models. For example, Peng et al. [31] pro-
posed a reinforcement learning-based dynamic graph generation framework that optimizes
graph structures through interactive learning to extract more interpretable spatio-temporal
features. Beyond transportation research, the integration of causal inference and machine
learning has gained increasing attention for building more robust and interpretable models.
Theoretical foundations in machine learning causality [32], along with subsequent explo-
rations of causal representation on graphs [33], offer a principled perspective beyond mere
correlation, inspiring our approach to modeling directional dependencies. In the field of
traffic prediction, some studies attempt to uncover potential causal structures among nodes
in road networks using Granger causality tests, structural causal models, or intervention-
based reasoning, and then incorporate these as constraints or prior knowledge into graph
neural networks.

Although the aforementioned methods have achieved accurate predictions, they still
possess several shortcomings. Firstly, the learned spatial relationships often lack clear
physical or causal explanations, making it difficult to reflect the directional influence of
traffic flow. Alternatively, they focus on “causal discovery,” a process typically indepen-
dent of the prediction task and characterized by high computational complexity; Second,
spatio-temporal features are processed in serial or parallel manners, resulting in insuffi-
ciently tight spatio-temporal coupling. Finally, while temporal dilated convolution methods
are effective, they tend to excessively smooth traffic flow time series, leading to the neglect
of crucial high-frequency information.

3. Preliminaries
3.1. Problem Definition of Spatio-Temporal Traffic Flow

Definition 1 (Traffic Network Graph). A traffic network can be represented as a directed graph
G = (V,&,A), where V denotes the set of nodes with |V| = N representing the number of traf-
fic sensors; & is the edge set, denoting connectivity relationships between road segments; and
A € RN*N s the adjacency matrix that characterizes the spatial dependency strength
between nodes.

Definition 2 (Traffic Flow Sequence). A traffic flow sequence is represented as X € RN*TxC,
where N is the number of nodes, T is the number of time steps, and C is the feature dimension.

Definition 3 (Traffic Flow Prediction Problem). Given a historical traffic observation sequence
of Ty, time steps Xy 1,114 = [X¢—1,41, - - -, Xe| the goal is to predict the future Ty time steps of
traffic state sequence Yt+1:t+Tf = X1, -, Xt+Tf]. This problem can be formalized as learning a
mapping function F : (X;—1,41:4, G) = Yisvu41-

3.2. Graph WaveNet Model

Wu et al. [18] proposed Graph WaveNet (GWNET), a novel graph neural network
architecture for spatio-temporal graph modeling. It learns an adaptive dependency matrix
through node embeddings, enabling hidden spatial dependencies in the data to be captured.
By stacking dilated convolutions, the model’s receptive field expands exponentially with
depth, allowing it to handle very long sequences. GWNET is composed of multiple stacked
spatio-temporal layers, each containing a graph convolutional layer (GCN) and a gated
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temporal convolutional layer (Gated TCN), followed by an output layer that directly
produces multi-step predictions.

In the graph convolutional layer (GCN), the adaptive adjacency matrix is automatically
learned from node embeddings. It is defined as follows:

Agap = SoftMax(ReLU(E4Ej ) (1)

where Ej, E; € RN*¢ are learnable node embeddings, computing dependency strength
between nodes via the inner product, with ReLU filtering weak connections and SoftMax
performing normalization. Predefined forward and backward diffusion convolutions are
combined with the adaptive adjacency matrix, as shown in Equation (2):

K
2=y (PWi + PfWio + Ay Wis) @
k=0
If the graph structure is unknown, only the adaptive part is used, as in Equation (3):

K
z = Apd ka 3)
k=0

The temporal convolutional layer (TCN) employs dilated causal convolution to expo-
nentially expand the receptive field with increasing layers, effectively capturing long-term

temporal dependencies:
K-1
xxf(t) =) f(s)-x(t—d xs) 4)
s=0
where d is the dilation factor controlling the skip interval. Additionally, a gating mechanism
(gated TCN) is incorporated to control information flow and enhance expressive power:

h=g(@ %X +b) O (@4 X +c) (5)

where © denotes element-wise multiplication, g is the activation function (e.g., tanh), and
o is the sigmoid function controlling information passage ratio.

The overall framework of GWNET is shown in Figure 1, with the input being historical
S-step graph signals X(/=5)* ¢ RNXP*S_ After passing through multiple spatio-temporal
layers, each layer’s GCN processes features extracted by TCN at different temporal gran-
ularities. The final layer adjusts the output dimension to the prediction step T, directly
outputting X(H+1):(t+T) ¢ RNXPxT The symbol “x” denotes dilated causal convolution,
and “+” denotes element-wise addition or skip connection.

3.3. Theoretical Foundation
3.3.1. Mathematical Definition of Spatio-Temporal Markov Chain

We first review the mathematical definition of spatio-temporal Markov chains
(STMCQ). Let X, be a stochastic process defined on the composite domain 7 x S, where
T = to,t1,...,tn, ... is the time domain and S = sg,s1,...,5n, ... is the space domain.
Xn,m denotes the random variable at time index n and space index m.

According to the definition in literature [34], a spatio-temporal Markov process (STMP)
satisfies the following conditional probability decomposition:

P(Xom

Xnfl,mr Xn,mfernfl,m) = P(Xn,m

anl,mr Xn,mfl) (6)

https://doi.org/10.3390/sym18020366


https://doi.org/10.3390/sym18020366

Symmetry 2026, 18, 366

6 of 27

This definition indicates that given the temporal predecessor X,,_1 ,; and spatial predecessor
Xy m—1, the current state X, ,, is conditionally independent of earlier historical states. This
property is referred to as spatio-temporal Markovianity.
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Figure 1. The overall framework of Graph WaveNet.

Definition 4 (Temporal Dependence, TD). The conditional probability considering only the
temporal dimension is obtained by marginalizing over the spatial variable:

PT(Xn,m|Xn71,m> = 2 P(Xn,m‘anl,mr Xn,mfl)P(Xn,mfl’anl,m) (7)
Xpm€ES

where X is the state space. This represents the dependence of the current state on its temporal
predecessor when spatial dependencies are ignored.

Definition 5 (Spatial Dependence, SD). The conditional probability considering only the spatial
dimension is obtained by marginalizing over the temporal variable:

PS(Xn,m|Xn,m71> = 2 P(Xn,m‘anl,mr Xn,mfl)P(anl,mlxn,mfl) (8)
Xpm€S

This represents the dependence of the current state on its spatial neighbors when temporal dependen-
cies are ignored.
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Definition 6 (Spatio-temporal Joint Dependence, STD). The joint conditional probability
simultaneously considering both dimensions is defined as follows:

PST(Xn,m | Xn—l,m/ Xn,m—l) (9)

which directly models the complete dependency of the current state on both its temporal predecessor
and spatial neighbors.

3.3.2. Stochastic Learning Weak Estimator (SLWE)

The stochastic learning weak estimator [35] (SLWE) can perform online incremental
parameter estimation. The core update rule of SLWE is as shown in Equation (10):

A(! 5(1 . . .
P( ) + (1 - )\) Zr;éi P5(r|)5j/5k’ if Xn,m =1 Xn—l,m =17 Xn,m—l =k

Sil;,5k
A(141 A(1 . . .
PS(i\;:/S)k = APS(,‘\)S]‘,Sk’ if Xom # 1, Xn—1,m = j, Xum—1 =k (10)
A(1 . .
Ps(i‘sj’skr if Xy—1,m # jOr Xym—1 #k

where A € (0,1) is the learning coefficient, controlling the trade-off between old and new
information. This update rule has the following characteristics:

- When transition (sj,sx) — s; is observed, increase the corresponding transition
probability estimate.

- When a transition from (s;, s¢) is observed but does not reach s;, decay the correspond-
ing transition probability estimate.

- When observations are unrelated to the current conditional state, keep the
estimate unchanged.

4. Proposed Method
4.1. CSHGCN Framework

Figure 2 illustrates the framework of our proposed CSHGCN, The symbol “+” denotes
element-wise addition or skip connection. Our CSHGCN improves upon the GWNET
architecture. Our CSHGCN improves upon the GWNET architecture. The model takes
historical traffic flow sequences as input, where the Convy,; operation represents a linear
transformation layer across feature dimensions, used to adjust the number of feature
channels. It then sequentially performs spatial dependency extraction through causal graph
convolution, models state evolution via the spatio-temporal Markov transition module,
and finally outputs multi-step traffic flow predictions through temporal convolution and
high-frequency-aware feature enhancement mechanisms. The forward propagation process
of CSHGCN is detailed in Algorithm 1. The model details are described as follows:

Causal-Enhanced Graph Structure Learning: This module constructs a learnable
adjacency matrix that explicitly reflects the upstream-to-downstream propagation direc-
tion of traffic flow. The learned causal matrix is combined with a predefined adjacency
matrix (based on physical road connectivity) and a fully data-driven adaptive adjacency
matrix. This multi-view aggregation provides a more realistic characterization of directional
influences within the traffic network.

Spatio-Temporal Markov Transition Module (STMTM): This module contains a
temporal dependency encoder, a spatial dependency encoder, and a spatio-temporal joint
transition network. By jointly encoding the state at historical moments and the state
of spatial neighborhoods, it explicitly learns the conditional transition patterns of traf-
fic states across spatio-temporal dimensions. Additionally, the module incorporates an
adaptive gating mechanism that dynamically adjusts information fusion intensity based
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on current traffic conditions, enhancing the model’s adaptability to non-stationary traffic
pattern changes.

High-Frequency-Aware Temporal Enhancement Module: This module includes dif-
ferential feature enhancement and high-frequency residual compensation mechanisms.
Differential feature enhancement highlights traffic flow abrupt change events by introduc-
ing first-order differential information of traffic flow into the input; high-frequency residual
compensation adaptively corrects the model output based on the last observed value to
restore smoothed key high-frequency details.

Historical Trattic Flow

X
[
! l AX
1x1 DFA
Cov )
anl m Xr:rv\ixfl
(Temporal) (Spatial)
v
Stacked Spatial-Temporal l l (Current)
Layers
Temporal Spatial
—— —
Encoder Encoder
Residual - I
Joint
Residual Skip Transition
connection Network
STMTM p—
____________ \
‘{ Multi-view |
| Adjacency Matrix | Adaptive
| | Multi-view Gating ]
| A | GCN Mechanism
- | xL A
} e | Residual
!
| | —
I | v
v
| HERC Enhanced
|
]\ AﬂdP T A | @X:+5) Feature STMTM
. ¥
\ | | skip,,,
] : Output
‘ I Layer
|
I Acausal |
\ | v
N ) Final
Prediction
Y

Figure 2. The overall framework of CSHGCN.

4.2. Causal-Enhanced Adaptive Adjacency Matrix

According to structural causal model (SCM) theory [36], the core characteristic distin-
guishing causality from general statistical correlation lies in the directionality of interven-
tion effects. Interventions on cause variables affect outcome variables, while interventions
on outcome variables do not inversely affect cause variables. This causal characteristic
is particularly evident in traffic scenarios, as shown in Figure 3. However, graph neural
network models, exemplified by Graph WaveNet, mostly employ symmetric adjacency
matrices for spatial modeling. This symmetry assumption essentially reduces the causal
dependency between nodes to a bidirectional, equal-strength statistical correlation, fail-
ing to capture the causal mechanism in traffic flow propagation. To address this issue,
this paper proposes a causality-enhanced adaptive adjacency matrix construction method,
which learns an asymmetric adjacency matrix that reflects the causal structure of the
traffic network. Instead of striving to learn the complete causal graph from data, we
explicitly model the inherent, directional causal prior of traffic flow propagating from
upstream to downstream by decoupling node embeddings. This paradigm focuses more
on effectively encoding known causal commonsense into the model to improve predic-
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tion performance and directional interpretability, achieving an efficient balance between

complexity and effectiveness.

Spatially Dependent Causality
(Directionality)

Symmetric adjacency matrix Causal adjacency matrix

A~B bidirectional equal weight A~B directed propagation

Figure 3. Schematic Diagram of Causal Directions Among Traffic Nodes.

Algorithm 1 CSHGCN Forward Propagation

Require: Historical traffic flow sequence X €

RBXCXNXT

Ensure: Prediction result Y, € RE*TpxNx1

1:

© ® N O U A WN

=
N = O

e el e e

—_
e

WNNNNNNNNN
S © ®N S G QN =

N
T @

// — Phase 1: Input processing and graph structure construction —
: AX <+ Diff(X) > Calculate first-order temporal difference
: X < Concat([X, AX]) > Differential feature enhancement (DFA)
. HO) « Convy,q(X) > Channel mapping to hidden dimension
: // Construct multi-view adjacency matrices
i Augp < Softmax(ReLU(E; ET)) > Adaptive adjacency matrix
- Acausal — Softmax(LeakyReLU(EsowceEtnget)) > Causal adjacency matrix
A < {Apre, Audps Acausal } > Set of adjacency matrices

: // — Phase 2: Stacked spatio-temporal layer processing —
: skip,,,,,, < 0
: forl =1to L do

Hyjjjer « tanh(DilatedConv(H (=1) dilation = 2))
Hgate <+ o(DilatedConv(H(~1, dilation = 2))
Hien < Hfilter © Hgate
Hgtm < STMTM(Hyep, A) > Call Algorithm 2
// Multi-view graph convolution
Hgen <=0
for Ay in A do
chn A chn + AkHsthk(l>
end for
// Residual connection and skip connection
HO « HU-1) 4 Hgen > Residual connection
skipy,,,,, < skip,,,, + Convy 1 (Hgen) > Skip connection

: end for
: // — Phase 3: Output generation and high-frequency compensation —
. Hout < ReLU(Convy 1 (ReLU(skipg,,,,)))

: Ynoder < Conviy (Hout) > Main network output
s X+ X[, —1] > Extract last observed value
: Yeinal <= Yimodel + - X7+ P > High-frequency residual compensation (HFRC)

: return Yj,q)
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Algorithm 2 STMTM—Spatio-Temporal Markov Transition Module

Require: Feature tensor H, adjacency matrix set A
Ensure: Enhanced feature H
1: fort =2to T do

2 forn =1to N do

3 Xtemporal < H[:, 1, n,t —1] > Extract temporal predecessor feature
4 Xspatial < LueN'(n) Aln,u] - Hl:,u, ] > Aggregate spatial context feature
5: hr + tanh(LayerNorm(Wr - Xtemporal + b1)) > Temporal dependency encoding
6 hs < tanh(LayerNorm(Ws - Xgpatial + bs)) > Spatial dependency encoding
7 hconcat < Concat([hr, hs))

8 hst < LayerNorm(W, - ReLU(Wj - hconcat + b1) + b2) > Spatio-temporal joint

transition

9: Xcurrent < H[:, 3,1, 1]
10: g+ U(Wéz) . ReLU(Wél> [Xcurrent, BisT] + b§1)> + b§2)> > Adaptive gating
11: Ax Wproj ~hgt + bproj
12: A [:,:, 1, t] < Xcurrent + § © Ax > Residual update
13: end for
14: end for
15 H[;,:e 1] < H: oo 1) > Boundary condition: first time step remains unchanged

A

16: return H

First, we design two independent learnable embedding vectors for each traffic node as
shown in Equations (11) and (12), respectively characterizing their roles as cause and effect:

Esource = [esll €52, vuey esN]T € RNXd (11)

Etarget = ler1, €12, s etN]T € RN (12)

where N is the number of nodes in the traffic network; d represents the embedding dimen-
sion; Esource represents the source node embedding, characterizing the node’s role as a cause
in causal relationships, i.e., the role of emitting traffic flow influence; Em,ggt represents the
target node embedding, characterizing the node’s role as an effect in causal relationships,
i.e., the role of receiving traffic flow influence.

Based on the dual-embedding representation, we employ a bilinear model to compute
the causal effect strength between nodes. The basic form of the causal adjacency matrix is
defined as in Equation (13):

Apase = Esource - Etl;zrget (13)

where the component form can be expressed as Equation (14):

d
Abuse[i/ ]] = es?;' e = Z egf)egjk) (14)
k=1

Here, Apus.li, j] represents the potential causal effect strength of node i as the “cause” on
node j as the “effect.” The inner product operation measures the matching degree between
the emitting characteristics of source node 7 and the receiving characteristics of target node j.
Since e; # ey, typically Apuseli, j| # Apaselj, i], meaning the causal effect matrix relationship
has asymmetry. This property aligns with the directional nature of causality.
Furthermore, since the standard ReLU completely suppresses negative similarity,
potentially causing loss of useful gradient information, we adopt LeakyReLU, as shown
in Equation (15):
Aqctivated = LeakyReLU(Abuse) (15)
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Its component form can be expressed as Equation (16), which not only ensures
non-negative values for adjacency matrix elements but also prevents gradient vanishing in
negative regions through LeakyReLU, preserving learning capability for weak negative
correlations. Most negative similarities are compressed to near-zero values, promoting
sparse connections:

Abuse[i/j]r if Ahuse[i/j] >0

Auctivated [Z,]] = (16)

0.01 - Apsseli, j], otherwise

Finally, in real traffic systems, each node’s influence budget is limited. A node cannot
infinitely influence all other nodes, and its total influence should be constrained. Therefore,
row-wise Softmax normalization is performed as shown in Equation (17):

Anormalized [i/ :] = SOftmaX(Aactivated [i/ ]) (17)
The component form is shown in Equation (18):

exp(Aactivated [i/ ]} ) (18)
Z}i\lzl exp (Aactivuted [i/ k])

Apormalized [ir ]] =

Row normalization ensures that the total information emitted from each node is normalized,
preventing gradient explosion. A, malized|i, j] can be interpreted as the proportion of
information propagating from node i to node j, satisfying output values in the range (0, 1).

In our spatio-temporal layer, the final graph convolution aggregates information
from multiple adjacency matrices. Formally, let A = { Apre, Aadp, Acausal } denote the set
of adjacency matrices used. Then, the graph convolution operation at the /-th layer is
defined as follows:

B+ _ a< y AH(’)W(’)> (1

AeA

where H(!) € RN*D is the node feature matrix at the I-th layer, W) is a learnable weight
matrix, and o (-) is a nonlinear activation function.

4.3. Explicit Modeling Based on Spatio-Temporal Markov Chains

Traditional spatio-temporal graph neural networks (such as Graph WaveNet) typi-
cally employ serial or parallel combinations of temporal convolutional networks (TCN)
and graph convolutional networks (GCN) to capture temporal and spatial dependencies
separately. However, this design paradigm implicitly assumes that temporal and spatial
features can be independently extracted and then simply fused, lacking explicit mod-
eling of the joint transition patterns of traffic states across spatio-temporal dimensions.
From the physical characteristics of traffic systems, a node’s current state depends not only
on its historical state but also on the states of adjacent nodes. More importantly, these
two dependencies are tightly coupled rather than independent. Therefore, this paper
introduces the theoretical framework of spatio-temporal Markov chains (STMC) [37] and
designs a trainable spatio-temporal Markov transition module (STMTM). By explicitly
modeling the conditional probability transition process of traffic states, this module ele-
vates the learning of spatio-temporal joint dependencies from implicit to explicit, thereby
enhancing the model’s ability to capture complex dynamics.

Next, we detail the specific design of the STMTM module. The input feature tensor is
x € RBXTXNXC \where B is batch size, T is the number of time steps, N is the number of
nodes, and C is the feature dimension. Our goal is to learn a mapping f : R¢ x R¢ — RC,
transforming the current feature x; ,;, temporal predecessor feature x,_1 ,,, and spatial
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context feature xﬁt,’;n_l into an enhanced feature £, ;. The STMTM module consists of four
collaboratively working components: temporal dependency encoder, spatial dependency
encoder, spatio-temporal joint transition network, and adaptive gating mechanism.
Temporal Dependency Encoder: fr : R© — R, responsible for extracting implicit
temporal transition information from temporal predecessors, as in Equation (20):

h;m = fr(xy_1,,) = tanh(LayerNorm(Wrx,_1 » + br)) (20)

where Wr € RF*C pr € RH are learnable parameters, and H is the hidden dimension.
The tanh activation function restricts output to the range [—1,1], corresponding to the
boundedness of probability. LayerNorm stabilizes the training process, preventing exces-
sive scale differences in features across different time steps. This encoder corresponds to
temporal dependence Pr (X, m|X;—1m) in STMC theory, learning the conditional distribu-
tion characteristics of the current state given the previous moment’s state.

Spatial Dependency Encoder: fs : R© — R is responsible for extracting implicit
spatial transition information from the spatial context:

hﬁ/m = fg(x;f’,‘nfl) = tanh(LayerNorm(stfl%,l + bs)) (21)

where W5 € RH*C, bs € RH are learnable parameters. In graph-structured data, the spatial
predecessor x, ,,—1 in original STMC theory is extended to the spatial context x¢%

nm—1/
obtained by aggregating information from neighbors of node m:

xion 1 = Aggregate{ (x,, : u € N(m))} (22)

where N (m) denotes the neighbor set of node m. The aggregation function can be mean
aggregation, attention-weighted aggregation, or adjacency matrix-based weighted aggrega-
tion. In this implementation, we adopt adjacency matrix-weighted aggregation:

x;t)r(rz—l = Z Au,m *Xn,u (23)
ueN (m)

where A, ;, is the edge weight from node u to node m in the adjacency matrix. This aggre-
gation method naturally integrates the previously proposed causal-enhanced adjacency
matrix, enabling the construction of spatial context to reflect the directional propaga-
tion characteristics of traffic flow. This encoder corresponds to the spatial dependence
P S (Xn,m
the current position state given spatial neighbor states.

Xym—1) in STMC theory, learning the conditional distribution characteristics of

Spatio-Temporal Joint Transition Network: f; : R?f — RH fuses temporal and
spatial encodings:

By = f7 (11 s ] ) = LayerNorm (Ws - ReLU (Walltg i i ] +b1) +52)  (24)

where [; -] denotes vector concatenation, and Wy € RH>*2H W, ¢ REXH b, b, € RH are
learnable parameters. This network corresponds to the spatio-temporal joint dependence
Ps1(Xn,m| Xn—1,m, Xnm—1) in STMC theory. Through concatenation, we ensure complete
preservation of temporal and spatial information. Furthermore, after the first linear transfor-
mation, followed by ReLU activation, the nonlinear interaction patterns of spatio-temporal
features are learned. The second linear transformation projects interaction features to
the output space. LayerNorm applied at the output stabilizes feature scales, facilitating
subsequent gated fusion.
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Adaptive Gating Mechanism: Inspired by the learning coefficient A in the SLWE
update rule, we design an adaptive gating mechanism g : RE*H — [0, 1]:

gnm = (W - ReLU (WY [ 1511+ 0 ) + 68 (25)

where ¢ is the Sigmoid function, ensuring gate values within [0, 1]. The design philosophy
of this gating mechanism is similar to the A parameter in SLWE. When g, ,» — 0, the module
makes almost no modifications to the current feature, similarly to the conservative update
with A — 1in SLWE. When gy, » — 1, the module fully utilizes spatio-temporal transition
information for correction, similarly to the aggressive update with A — 0 in SLWE. Unlike
the fixed A in SLWE, our gating mechanism is data-adaptive, dynamically adjusting the
update strength based on input features and spatio-temporal context. The final enhanced
feature is obtained through residual connection, as in Equation (26):

Axn,m = thﬁfn + bp; xAn,m = Xnm + §num © Axn,m (26)

where W), € RCxH, b, € RC are projection layer parameters, and ® denotes element-
wise multiplication.

The residual connection design serves two purposes: (1) ensuring stable gradient
propagation; (2) allowing the module to have minimal impact on original features during
early training stages, gradually learning effective spatio-temporal transition patterns as
training progresses.

4.4. High-Frequency-Aware Feature Enhancement Method

The temporal convolutional network (TCN) is a main component of the GWNET
model. However, this paper identifies a long-overlooked inherent defect in TCN: its na-
ture as a low-pass filter, which systematically attenuates high-frequency components in
input signals. This characteristic may lead to loss of key event signals for traffic flow
data rich in abrupt change information, as shown in Figure 4. Therefore, this section
proposes a temporal feature enhancement strategy combining differential feature enhance-
ment (DFA) and high-frequency residual compensation (HFRC) from the perspective of
frequency-domain analysis.

First, we analyze the low-pass filtering characteristic of TCN. Let the input signal be
Xy, and the output of dilated causal convolution be as follows:

K-1

Yn = Z WiXy—d-k (27)
k=0

where K is the convolution kernel size, d is the dilation rate, and wy are learnable weights.
Performing discrete-time Fourier transform (DTFT) [38] on Equation (27) yields its fre-
quency response function:

K-1 .

H(w) = Y wye jwdk (28)

k=0
where w € [0, 7t] is the normalized angular frequency. When convolution weights wy > 0,
which is common in networks after ReLU activation, |H(w)| significantly attenuates in
high-frequency regions (w — ) while maintaining high gain in low-frequency regions
(w — 0). This indicates that TCN inherently possesses low-pass filtering characteristics.
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Prediction Issues Caused by TCN's Low-Pass Filtering

Original Traffic Flow TCN Output Predicted vs. Actual

/\/\/\/\ | TCN ‘ /\ Prediction

Figure 4. Illustration of the Low-Pass Filtering Properties of TCN Module.

From a signal processing perspective, this characteristic stems from the weighted
averaging nature of convolution operations over local windows. The cascading of multiple
TCN layers further amplifies this effect.

4.4.1. Differential Feature Enhancement (DFA)

To address the above issue, this paper introduces a differential feature enhancement
strategy at the input. Its core idea is to explicitly add high-pass filtered signals to the original
input, providing the model with direct access to high-frequency information, thereby
ensuring the preservation of high-frequency components before information enters TCN.

The first-order difference operator is defined as follows:

Axy = Xy — X1 (29)
When performing frequency-domain analysis on Equation (29), its frequency response is
Hp(w) =1 —e 719 = 2jsin(w/2)e 1%/? (30)
The corresponding magnitude response is
[Ha(w)| = 2|sin(w/2)| (31)

Analysis of Equation (31) shows that when w = 0 (DC component) and |Hu| = 0, the signal
is completely suppressed. When w = 7t (highest frequency) and |Hp| = 2, the information
gains maximum amplification. This indicates that the first-order difference operator is a
high-pass filter, whose frequency response characteristics exactly complement the low-pass
characteristics of TCN in the frequency domain.

Based on the above analysis, this paper defines the differential features as follows.

Definition 7 (Differential Feature). Given the original input sequence X € REXT*NXC g
first-order temporal difference is defined as
AX; =X;—X;q, t=2,3,...,T. (32)
For boundary conditions, set AX; = 0 to maintain a consistent sequence length.
Definition 8 (Enhanced Input). The differentially enhanced input is
R = [X||AX] € REXTXNx(C+1), (33)

where || denotes concatenation along the feature dimension. The original feature X preserves the
absolute level information of the flow, while the differential feature AX explicitly encodes the rate of
change between adjacent time steps.

From a frequency-domain perspective, the equivalent frequency response of enhanced
input X after TCN processing can be approximately expressed as
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Heff(w) =~ Hren(w) + Hren(w) - Ha(w) (34)

Since Hycn(w) has high gain in low-frequency regions and Hj(w) has high gain in
high-frequency regions, their combination enables H,f¢(w) to maintain a relatively bal-
anced response across the entire frequency band.

4.4.2. High-Frequency Residual Compensation (HFRC)

Although differential feature enhancement provides the model with access to
high-frequency information at the input, these high-frequency components will still be
attenuated layer by layer after processing through multiple TCN layers. Therefore, this
paper further designs a high-frequency residual compensation mechanism at the output,
utilizing the last observed value to adaptively correct prediction results.

Since the last observed value Xt contains the latest and most accurate high-frequency
information, and short-term predictions are highly correlated with X, while the smooth
model output Y,,,,4.; tends to give smooth predictions lacking high-frequency details. Based
on the above analysis, this paper decomposes the prediction target as follows:

Y = Yo + Yhigh (35)

where Y}y, represents the low-frequency trend component, and Yy, represents the
high-frequency fluctuation component. Correspondingly, the main network output can be
regarded as an approximation of the low-frequency component:

A

Ymodel ~ Ylow (36)

The high-frequency component can be approximately compensated using the last
observed value:
aXt + B~ Yign (37)

where c is a certain proportionality coefficient. Combining Equations (36) and (37), the final
prediction result can be expressed as

Yfinat = Vipodet + - X1+ B (38)

RE*Tr*N*1 js the main network output, X; € REXN*1 represents the

observation value at the last time step, « € R is the learnable compensation strength,

where ?mode ] €

and B € R is the learnable bias term. For parameter initialization considerations, we
set #p = 0.1, making only a slight compensation initially to avoid disrupting the main
network’s output; By = 0.0 was also set, having no prior bias. During training, the model
automatically adjusts these two parameters based on the loss function.

5. Experimental Setup

We evaluated the performance of CSHGCN on real-world highway traffic datasets.
These data were collected from the California Department of Transportation Performance
Measurement System (PeMS) [39] and are publicly accessible. Finally, we compare the
results with several baseline methods to verify the accuracy and effectiveness of the
proposed approach.

5.1. Datasets

To validate the effectiveness of the proposed method, we tested CSHGCN on
four real-world traffic datasets: PEMS03, PEMS04, PEMS07, and PEMS08. They were
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collected by the California Performance Measurement System (PeMS) in real-time every
30 s. The raw traffic flow data were aggregated at 5 min intervals.

e  PEMSO03: This is a traffic flow dataset collected from Caltrans PeMS. It contains data
from 358 sensors over a three-month period from 1 September 2018, to 30 November
2018. Traffic information is recorded at a rate of every 5 min, resulting in a total of
26,208 time slots.

e  PEMSO04: This is a traffic flow dataset collected from Caltrans PeMS. It contains data
from 307 sensors over a two-month period from 1 January 2018, to 28 February 2018.
Traffic information is aggregated every 5 min, totaling 16,992 time slices.

¢  PEMSO07: This is a traffic flow dataset collected from Caltrans PeMS. It contains data
from 883 sensors over a three-month period from 1 May 2017, to 6 August 2017. Traffic
information is recorded at a rate of every 5 min, resulting in a total of 28,224 time steps.

¢ PEMSO08: This is a traffic flow dataset collected from Caltrans PeMS. It contains
data from 170 sensors in San Bernardino over a two-month period from 1 July 2016,
to 31 August 2016. Traffic information is recorded at a rate of every 5 min, totaling
17,856 time slices.

5.2. Evaluation Metrics

In the experiments, the following three indicators are frequently used to evaluate the
performance of the model.

1
MAE(y, §) = (39)
RMSE(y,§) = (40)
T 1. o,
MAPE(y, §) = Ti y M % 100% (41)
fizn Y

where 7J; and y; represent the predicted and true values at time step i for all sensors,
respectively, and Ty is the prediction horizon.

5.3. Baseline Methods
We compare CSHGCN with the following baseline models:

e  GWNET [18]: GWNET combines bidirectional diffusion convolution with dilated
causal convolution and proposes an adaptive adjacency matrix to represent hidden
spatial dependencies.

*  STSGCN [40]: STSGCN proposes constructing local spatio-temporal graphs to extract
spatio-temporal dependencies and designs multiple modules for different time periods
to capture heterogeneity in local spatio-temporal graphs.

¢  MTGNN [19]: MTGNN designs a graph-learning module to capture unidirectional
relationships between variables, mixed-hop propagation layers and dilated inception
layers to extract spatio-temporal dependencies in time series, and combines graph con-
volution and temporal convolution modules to complete time series data prediction.

e STGODE [41]: STGODE adopts tensor-based ordinary differential equations (ODE) to
extract spatio-temporal dynamics, designing semantic adjacency matrices and tempo-
ral dilated convolution structures; the former provides a more comprehensive under-
standing of the network, and the latter captures long-term temporal dependencies.
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e STID [42]: STID learns spatio-temporal correlations in traffic data through spatial and
temporal embeddings with MLP as the backbone.

* DDGCRN [43]: DDGCRN uses spatio-temporal embeddings and dynamic signals to
extract dynamic spatio-temporal features, capturing spatio-temporal correlations in
traffic data.

*  BGCN [44]: BGCN treats the graph structure as a stochastic realization of a parameter
generation model and approximates graph structure locality by performing Monte
Carlo dropout on parameter graph structures.

*  STWave [45]: STWave decomposes traffic data into stable trends and fluctuating
events, then models trends and events through a dual-channel spatio-temporal network.

e STPGCN [46]: STPGCN designs a trainable embedding vector to characterize the
spatio-temporal position of traffic nodes and integrates it into graph convolution to
capture node-specific pattern features.

e PDG2Seq [47]: PDG2Seq designs a periodic feature selection module and a peri-
odic dynamic graph convolutional gated recurrent unit to learn spatio-temporal
dynamic features.

5.4. Experimental Configuration

We implemented CSHGCN using PyTorch 2.4.1 on Python 3.8. Experiments were
conducted on a machine running Windows 10, equipped with a 13th Gen Intel(R) Core(TM)
i9-13900K 3.00 GHz processor and an NVIDIA GeForce RTX 4090 GPU, with 24 GB memory.
The parameter settings of our framework are the same as those of GWNET. All traffic
datasets shared the following training setup.

Our objective was to predict traffic conditions for the next hour based on measurements
from the past hour. We used the Adam optimizer (implemented in PyTorch [48], Meta Al,
Menlo Park, CA, USA) to optimize all trainable variables for 100 epochs. The learning
rate was initialized to 0.001. During training, each iteration randomly generated 64 pairs
from the training dataset. All datasets were divided chronologically: 60% for training,
20% for validation, and 20% for testing. To ensure the statistical robustness of the results, all
experiments were independently run under five different random seeds. The final reported
performance metrics are the mean and standard deviation of these five runs, with both the
mean and standard deviation rounded to two decimal places. In the experiments, Z-score
normalization was applied to standardize the raw data:

X, — mean(X;)
x= std(X;) (42)

Table 1 summarizes the key hyperparameters of the CSHGCN model used in all
experiments. These settings remain consistent across all four benchmark datasets (PEMS03,
PEMS04, PEMS07, PEMS08) to ensure fair comparison with baseline methods.

Table 1. Key hyperparameter configurations of the CSHGCN model.

Hyperparameter Symbol Value
Causal embedding dimension d 10
Adaptive embedding dimension c 10
Hidden layer dimension H 32
Number of spatio-temporal layers L 8
Dilated convolution base K 2
Convolution kernel size — 2
Hidden layer channels - 32
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6. Experimental Results and Analysis
6.1. Main Experimental Comparison

Table 2 shows the average MAE, RMSE, and MAPE results for 12 prediction horizons
of CSHGCN and 10 representative baselines on four datasets. From this table, we can draw
the following conclusions. Overall, CSHGCN performs excellently on the four benchmark
datasets, achieving comprehensive optimal performance on PEMS07 and PEMS08, while
being comparable or close to optimal models on PEMS03 and PEMS04.

Table 2. Performance comparison between CSHGCN and baseline models on four benchmark
datasets. The best results are highlighted in bold.

del PEMS03 PEMS04 PEMSO07 PEMS08

Mode MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE
GWNET 14.58 2524  15.52%  18.99 3028  1391%  20.86 33.93 8.86% 14.83 23.64 9.47%
STSGCN 17.48 29.21 16.78%  21.19 33.65 1390%  24.26 39.03 10.21%  17.16 26.80  10.96%
MTGNN 14.85 2471  14.55%  19.17 31.17  13.38%  20.98 34.25 8.90% 15.16 2410  10.14%
STGODE 15.76 27.30  15.84%  20.08 3199 15.54%  21.68 36.39 9.52% 15.96 25.17  10.23%
STID 15.22 2620 16.88%  18.39 29.89  12.80%  19.77 32.79 8.32% 14.22 23.46 9.30%
STWave 14.93 2650  15.05%  20.01 3039 12.89%  19.91 33.88 8.38% 13.82 23.53 9.35%
BGCN 14.35 2528  14.47%  18.85 30.34 12.87%  20.05 32.86 8.45% 14.65 23.43 9.42%
DDGCRN  14.63 25.07  14.22%  18.45 3051 1219%  19.75 33.11 8.35% 14.45 23.75 9.40%
STPGCN 14.99 2483  1497%  18.52 3053  12.63%  19.72 32.99 8.19% 13.92 23.85 9.25%
PDG2Seq 14.62 2547  14.88%  18.24 30.08  12.09%  19.24 33.04 8.07% 13.84 23.37 9.27%
CSHGCN 14.53 24.42 14.57 18.26 29.72 12.61 19.12 31.92 8.02 13.58 22.53 9.08

(Ours) +0.11 +0.15 +0.08%  +0.13 +0.18 +0.07%  +0.10 +0.14  +0.06%  +0.09 +0.12  +0.05%

Note: The baseline model results are taken from the best reported values in their original papers or official
implementations. The CSHGCN results are presented as mean + standard deviation over five independent runs.

Overall Performance Analysis: CSHGCN achieves competitive prediction perfor-
mance on all four datasets. Specifically, on the PEMS07 dataset, CSHGCN’s MAE, RMSE,
and MAPE are 19.12, 31.92, and 8.02%, respectively, representing reductions of 0.83%,
3.39%, and 0.62% compared to PDG2Seq. On the PEMS08 dataset, MAE and MAPE are
13.58 and 9.08%, respectively, representing reductions of 8.43% and 4.12% compared to
GWNET. On the PEMS03 and PEMS04 datasets, CSHGCN achieves optimal RMSE metrics,
with MAE and MAPE comparable or close to the optimal baselines. Moreover, the small
standard deviation of CSHGCN across five random runs indicates that its performance is
stable and reproducible, and does not depend on specific random initializations.

Spatial Modeling Analysis: From the perspective of spatial dependency modeling,
existing baseline methods exhibit obvious deficiencies. STSGCN relies on predefined static
adjacency matrices and cannot capture dynamic spatial dependencies, resulting in signif-
icantly inferior performance on all datasets. Although GWNET and MTGNN introduce
adaptive adjacency matrices, their symmetric design cannot model the directional prop-
agation characteristics of traffic flow. CSHGCN, through the causal-enhanced adjacency
matrix, decouples source and target node embeddings, enabling the learning of asymmetric
upstream—downstream causal relationships.

Spatio-Temporal Joint Modeling Analysis: From the perspective of spatio-temporal
feature fusion, recurrent network models such as DCRNN are limited by sequence depen-
dencies and struggle to capture long-range temporal correlations. GWNET and MTGNN
employ serial combinations of TCN and GCN, lacking an explicit modeling of joint transi-
tion probabilities of spatio-temporal states. The STMTM module introduced by CSHGCN
is based on spatio-temporal Markov chain theory, explicitly learning conditional transition
patterns in the form of P(Xy,u|Xy—1,m, Xum—1) through temporal dependency encoders,
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spatial dependency encoders, and joint transition networks, enhancing the ability to capture
complex spatio-temporal dynamics.

Temporal Modeling Analysis: TCN-based models such as GWNET and MTGNN
have inherent low-pass filtering characteristics in temporal feature extraction, leading
to sluggish responses to high-frequency abrupt change signals in traffic flow. CSHGCN
provides explicit high-frequency change information to the model through differential
feature enhancement and corrects the smoothing effect of TCN through a high-frequency
residual compensation mechanism at the output stage. This design gives CSHGCN stronger
tracking abilities during periods of intense flow fluctuations.

Performance Across Different Prediction Horizons: Figure 5 shows the performance
of CSHGCN at each horizon on four datasets. For clear visualization, we only display
six methods: GWNET, STID, STWave, STPGCN, PDG2Seq, and CSHGCN. From this
figure, we find that as the prediction interval increases, the prediction performance of
all three methods significantly declines, indicating that long-term traffic prediction faces
greater challenges than short-term traffic prediction. Notably, CSHGCN consistently
exhibits superior performance at all time steps on the PEMS07 and PEMS08 datasets.

MsI;’en‘ormance Trends on PEMS07 and PEMS08 Datasets
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Figure 5. Performance comparison of models across different prediction horizons.

6.2. Ablation Study

To deeply investigate the contribution of each core module in CSHGCN, we design
the following variants for ablation experiments on the PeMS08 dataset:

* w/o Causal: Remove the causal-enhanced adjacency matrix, retaining only the stan-
dard adaptive adjacency matrix.

*  w/o STMTM: Remove the spatio-temporal Markov transition module, reverting to
the standard TCN+GCN serial structure.

*  w/o HF: Remove the high-frequency-aware enhancement mechanism, including differ-
ential feature enhancement (DFA) and high-frequency residual compensation (HFRC).
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MAE

144

14.0

14.83

14.36

¢ w/o CS: Simultaneously remove the causal adjacency matrix and STMTM module.

*  w/o CH: Simultaneously remove the causal adjacency matrix and high-frequency-
aware mechanism.

¢  w/o SH: Simultaneously remove the STMTM module and high-frequency-aware
mechanism.

*  CSHGCN: The complete model containing all innovative modules.

w/o Causal: Removing the causal adjacency matrix increases MAE to 13.75, a perfor-
mance degradation of 1.25%. This validates that the symmetric adaptive matrix in GWNET
lacks explicit causal directionality, whereas our explicit decoupling of source/target em-
beddings ensures asymmetry, offering clear advantages in directional scenarios.

w/o STMTM: Removing the STMTM module increases MAE to 13.67
(0.66% degradation). Although its individual contribution appears modest, STMTM
provides crucial theoretical framework innovation, explicitly modeling joint transition
probabilities where GWNET only implicitly combines temporal and spatial features.

w/o HF: Removing the high-frequency enhancement mechanism causes the largest
performance drop among single-module removals, increasing MAE by 2.50% to 13.92.
This significant impact confirms that TCN’s inherent low-pass filtering severely smooths
crucial high-frequency traffic signals. Our DFA and HFRC mechanisms provide effective
frequency-domain complementarity and compensation with minimal parameter overhead
(only 1 differential channel and 2 scalars), demonstrating exceptional parameter efficiency.

From Table 3, significant module synergy effects can be observed. For instance, the per-
formance drop for w/o CH (5.75%) is substantially greater than the simple sum of the drops
from w/o HF (2.50%) and w /o Causal (1.25%). The extra 2.00% degradation stems from the
loss of synergy between the modules. Similarly, the drop for w/o CS (3.46%) exceeds the
sum of individual removals. This super-additive effect indicates that the modules are not
independent: the high-frequency mechanism preserves full frequency-domain information,
the causal matrix builds accurate spatial propagation paths upon it, and STMTM further
learns joint spatio-temporal transitions. As visualized in Figure 6, the absence of any
module diminishes the effectiveness of the others. Together, they synergistically achieve an
overall performance improvement relative to the GWNET baseline.

Ablation Study: Performance Comparison of Model Variants

. PeMS08 Dataset (60-min Prediction Horizon) .
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Figure 6. Performance comparison of model variants.
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Table 3. Ablation study results on the PeMS08 dataset (Horizon = 12), where all results are the
average of five independent runs.

Model Variant MAE RMSE MAPE Performance Drop vs. Full
w/oCH 14.36 23.21 9.31% +5.75%
w/oSH 14.27 23.14 9.28% +5.09%
w/oCS 14.05 23.04 9.22% +3.46%
w/o HF 13.92 23.11 9.17% +2.50%
w/o Causal 13.75 22.71 9.13% +1.25%
w/o STMTM 13.67 22.62 9.11% +0.66%

CSHGCN (Full) 13.58 22.53 9.08% -

Note: Performance drop = (average MAE of the variant model — average MAE of the full model)/average MAE
of the full model x 100%.

6.3. Efficiency Analysis

This section systematically compares CSHGCN with mainstream baseline models from
three dimensions: parameter count, single-epoch training time, and single-epoch evaluation
time. The results are summarized in Table 4. All experiments are conducted on a server
equipped with an NVIDIA RTX 4090 GPU (24GB memory), using the PeMS08 dataset.

Table 4. Efficiency comparison of different models (PeMS08 dataset).

Model Parameters (M) Training Time (s/epoch) Evaluation Time (s/epoch)
GWNET 0.305471 33.278 8.140
STSGCN 1.144420 26.747 1.613
MTGNN 0.433340 13.553 1.075
BGCN 0.285040 22.552 5.705
STPGCN 0.196116 38.990 0.890
PDG2Seq 1.151957 24.020 1.960
CSHGCN 0.267640 25.558 5.970

(1) Parameter Scale Analysis

Figure 7 illustrates the trade-off between parameter count and prediction error (MAE).
Models range from lightweight (e.g., STPGCN at 0.19M parameters) to heavy (e.g., STSGCN
and PDG25eq exceeding 1.15M). CSHGCN, with a moderate 0.27M parameters, achieves
excellent MAE, indicating high prediction accuracy. Although slightly larger than STPGCN,
CSHGCN offers significantly better accuracy, reflecting effective model design. Notably,
CSHGCN’s parameter count is only 23.4% of STSGCN's, yet it delivers comparable or
superior performance, demonstrating high parameter efficiency. This efficiency stems from:
(a) the factorized embedding strategy (source/target), reducing spatial complexity from
O(N?) to O(2Nd); (b) the explicit modeling in STMTM avoiding redundant computations;
and (c) the lightweight HFRC mechanism adding negligible overhead.

(2) Training and Evaluation Efficiency

As shown in Figure 8, MTGNN (13.55 s/epoch) and BGCN (22.55 s/epoch) are the
fastest to train. CSHGCN's training time (25.56 s/epoch) is slightly faster than GWNET’s
and reasonable compared to other models. The differences stem from architectural designs:
MTGNN uses efficient mixed-hop propagation, while STSGCN's local graph design re-
duces global computation. CSHGCN's overhead relative to GWNET is minimal, primarily
due to the STMTM forward pass and the virtually cost-free HFRC. Its evaluation time
(5.97 s/epoch) supports feasible real-time deployment. Overall, the training and evaluation
time of CSHGCN is within an acceptable range considering the improvement in accuracy.
It should be noted that the actual deployment latency may also be affected by system
integration and data preprocessing overheads.
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Figure 8. Comparison of model running time on PEMS08 dataset.

6.4. Visualization Analysis

To intuitively showcase CSHGCN's predictive capabilities and its advantages over

baselines, we provide a systematic visualization from three perspectives: traffic flow

prediction curves, prediction error analysis, and spatio-temporal heatmaps.

Figure 9 shows a comparison of CSHGCN and GWNET predictions over a full day

(288 five-minute steps). CSHGCN's predictions adhere more closely to the ground truth,

especially during abrupt change periods like the morning rush (steps 26-66, see inset).
This demonstrates CSHGCN's superior ability to capture turning points and peaks, at-
tributable to the STMTM module’s state transition awareness and the HFRC mechanism’s

preservation of high-frequency details.

Traffic Flow Prediction Comparison - Node 0
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Figure 9. Comparison of traffic flow prediction curves for different models over a one-day period.
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Figure 10 quantifies model performance differences from two perspectives. The top
plot shows instantaneous prediction error per time step, where CSHGCN's error is lower
than GWNET’s for most steps. The bottom plot shows cumulative error over time
(steps 20-66). CSHGCN'’s cumulative error curve remains consistently below GWNET’s,
and the gap widens over time. By the end of 288 steps, GWNET’s cumulative error is
5000, while CSHGCN's is only 4000—a reduction of approximately 20%. This highlights
CSHGCN'’s stability and its ability to avoid error accumulation in long-term forecasting.

Prediction Error Comparison
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—— GWNET

Absolute Error

C ive Error Distribution
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Figure 10. Comparison of prediction errors.

Figure 11 presents an overall comparison of multi-node prediction effects from a spatial
dimension. Depicts traffic flow for 20 representative nodes over 4 h. The CSHGCN predic-
tion heatmap aligns remarkably well with the ground truth, successfully reconstructing
the spatio-temporal evolution structure. It accurately captures the position and inten-
sity of traffic peaks (dark red regions), confirming its effectiveness in modeling complex
spatial dynamics.

Ground Truth CSHGCN
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Figure 11. Heatmap of traffic flow for selected nodes.

7. Discussion

(1) Design Advantages of Causal-Enhanced Adjacency Matrix: Traditional
GNN-based traffic prediction models commonly employ symmetric adjacency matrices,
which implicitly assume bidirectional, equal-strength influences between nodes. However,
traffic flow propagation inherently exhibits clear directionality: congestion spreads from up-
stream to downstream, and tidal flow during peak hours exhibits unidirectional dominance.
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This physical reality fundamentally contradicts the symmetry assumption. This paper
breaks through this limitation by decoupling source and target node embeddings, enabling
the model to naturally learn asymmetric causal influence relationships. Ablation studies
show that removing the causal adjacency matrix leads to decreased prediction accuracy.
This result verifies the judgment that symmetric matrices struggle to accurately capture the
directional propagation characteristics of traffic flow. Notably, the parameter increment of
the causal adjacency matrix is only O(Nd), compared to the O(N?) complexity of directly
learning a complete asymmetric matrix, achieving a good balance between parameter
efficiency and modeling capability.

(2) Theoretical Value of the Spatio-Temporal Markov Transition Module: Most
existing spatio-temporal prediction models adopt serial or parallel architectures of graph
convolution and temporal convolution, treating spatio-temporal feature extraction as
two independent processes. The fundamental problem with this design is the lack of ex-
plicit characterization of the joint evolution patterns of traffic states across spatio-temporal
dimensions. This paper introduces the theoretical framework of spatio-temporal Markov
chains (STMC), integrating the rigorous probabilistic framework of STMC into deep spatio-
temporal prediction models through the collaborative work of temporal dependency en-
coders, spatial dependency encoders, and joint transition networks. Furthermore, the adap-
tive gating mechanism in the module enables the data-driven adjustment of update inten-
sity, which is crucial for coping with non-stationary traffic flow. Experiments demonstrate
that STMTM exhibits significant advantages in traffic flow prediction, with improvements
in MAE.

(3) Design Motivation for High-Frequency Residual Compensation: Temporal con-
volutional networks, as mainstream temporal modeling tools in traffic prediction, have
an inherent low-pass filtering characteristic that is often overlooked. This paper designs a
dual enhancement strategy from the perspective of frequency-domain complementarity.
Differential feature enhancement utilizes the high-pass characteristics of first-order differ-
ences to provide the model with direct access to high-frequency information at the input;
high-frequency residual compensation then uses the last observed value to correct predic-
tion results at the output, restoring high-frequency details smoothed by TCN. Ablation
studies show that removing the high-frequency enhancement mechanism leads to the most
significant performance degradation among the three single-module removals. It is worth
emphasizing that this mechanism introduces only one differential channel and two scalar
parameters, demonstrating the simplicity and high parameter efficiency of the design. This
approach has strong generality and can be extended to other TCN-based spatio-temporal
prediction models.

(4) Synergistic Relationships Between Modules: The three design modules in
this study enhance traffic flow prediction from three dimensions: spatial causality,
spatio-temporal joint evolution, and temporal frequency-domain feature preservation,
forming complementary synergistic relationships. The causal adjacency matrix ensures
correct directionality in spatial information propagation, STMTM guarantees theoretical
completeness in spatio-temporal coupled evolution modeling, and high-frequency com-
pensation compensates for inherent defects in temporal convolution. Ablation studies
show that removing any one module leads to performance degradation, and the complete
model’s effect is superior to any combination of two modules, verifying the synergistic
gains of the three innovations across different modeling dimensions.

8. Conclusions

This study proposes a causal-enhanced spatio-temporal Markov graph convolutional
network (CSHGCN) to address key challenges in non-stationary traffic flow prediction.
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First, a causally enhanced asymmetric adjacency matrix is constructed by decoupling
source and target node embeddings. This design explicitly models directional causal
dependencies, overcoming the limitation of symmetric graph convolutions in capturing
upstream-downstream propagation. Second, a spatio-temporal Markov transition module
(STMTM) is introduced based on spatio-temporal Markov chain theory. By integrating
temporal and spatial dependency encoders with a joint transition network, the STMTM in-
corporates a rigorous probabilistic framework to explicitly learn conditional state transitions
across spatio-temporal dimensions. Furthermore, from a frequency-domain perspective, we
identify the inherent low-pass filtering characteristic of temporal convolutional networks
(TCNs) and propose a dual strategy of differential feature enhancement and high-frequency
residual compensation. This strategy effectively counteracts the tendency of TCNs to
smooth out critical high-frequency fluctuations, with minimal additional parameters. Com-
prehensive experiments on four public benchmark datasets demonstrate that CSHGCN
outperforms ten state-of-the-art baseline methods in terms of MAE, RMSE, and MAPE.
In summary, this work presents a novel modeling paradigm for spatio-temporal forecasting
involving directional and non-stationary dynamics. Future research will focus on explor-
ing more complex dynamic causal structures and improving model generalization across
diverse scenarios.
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