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How to Break It Down for Building It Up?
Theory-Guided Graph Decomposition
Learning for Spatiotemporal
Traffic Prediction

Jiahao Ji"¥, Jingyuan Wang

Abstract—Traffic state prediction based on spatiotemporal data
has become a prominent focus in data-driven Al research. While
significant progress has been made, most mainstream approaches
assume uniform spatial and temporal correlations across conditions
and use shared parameters for all scenarios. This simplification
overlooks the complexity and heterogeneity inherent in human mo-
bility patterns, often leading to suboptimal predictions. Recently,
methods adopting the “decompose, then predict” (DTP) paradigm
have gained traction. These methods break down data into smaller,
manageable subcomponents, each predicted using dedicated pa-
rameters. Although effective in practice, DTP methods face un-
resolved theoretical questions: What type of decomposition truly
makes subcomponents more manageable than the original data?
To address this, we present an information theory-based analysis
that derives sufficient conditions for a decomposition algorithm to
reduce data-induced prediction errors. These conditions suggest
that an effective algorithm should ensure decomposed components
are as independent as possible, a principle we term the Component
Independence Principle. Guided by this principle, we introduce the
Theory-guided Graph Decomposition Learning (TGDL) frame-
work, which decomposes graph-based multivariate time series data
into approximately independent subgraph components that are
easier to predict than the original data. Moreover, TGDL is a
portable framework that can be integrated into any graph-based
traffic prediction model to improve its predictive performance.
Extensive experiments on four public datasets demonstrate the
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effectiveness of our approach. With a solid theoretical foundation,
our TGDL enhances the performance of diverse traffic prediction
models, yielding an average improvement of 19.37% across exper-
iments.

Index Terms—Decomposition prediction, Fano’s inequality,
data-induced error, theory-guided model design, time series
prediction.

I. INTRODUCTION

N RECENT years, the widespread adoption of the Internet of

Things (IoT) and GPS technologies has enabled large-scale
spatiotemporal data collection [1], [2]. This progress has fueled
significant advancements in spatiotemporal Al technologies [3],
[4], [51, [6]. Among these, traffic state prediction remains a criti-
cal and enduring area of research [7], [8], [9]. High-performance
traffic prediction models are crucial for various real-world trans-
portation and urban management applications [10], [11]. For
example, accurate traffic speed prediction models can enhance
online map and navigation services by improving traffic infor-
mation [12], [13], while precise traffic flow prediction models
can help urban transportation departments manage traffic con-
gestion more effectively [14], [15].

A typical traffic prediction model leverages historical data,
such as speed or flow, to forecast future conditions for specific
geographic units (e.g., road segments or land parcels). Early
studies in the literature treated traffic states as conventional time
series and employed shallow models for prediction, such as
ARIMA [16], Kalman filters [17], and similar approaches. As
deep learning technologies continue to advance, neural network-
based models have become the dominant approach for traffic pre-
diction [7]. These deep models build on classical neural network
architectures as their backbone, extending them to effectively
capture the temporal and spatial correlations in traffic state data.
For temporal correlation modeling, sequential deep learning
models—such as Recurrent Neural Networks (RNN) [18], [19],
Temporal Convolutional Networks (TCN) [20], [21], and Trans-
formers [22], [23], [24]—are widely adopted. For spatial corre-
lation modeling, Convolutional Neural Networks (CNN) [23],
[25] and Graph Neural Networks (GNN) [15], [26], [27] are
commonly used. Despite their success, most deep learning-based
models assume uniform spatial and temporal correlations across
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Fig. 1.

all geographic units. Under this assumption, a single set of
parameters is learned from the data of all units and applied
universally to predict traffic conditions across different locations
and time periods. However, real-world traffic data is inherently
complex and heterogeneous [15], [28], [29]. Human mobility
patterns—shaped by commuting, entertainment, and business
activities—introduce varying spatial and temporal correlations
(see Sect. I.B of the Supplementary Materials for illustration).
Many studies have demonstrated that traffic data can be decom-
posed into multiple subcomponents, each exhibiting relatively
simple yet distinct spatial and temporal patterns [30], [31], [32].

To address these complexities, a more effective modeling
paradigm, known as the decompose-then-predict (DTP) ap-
proach, has gained attention in traffic prediction. In this ap-
proach, traffic data is decomposed into distinct components,
each modeled and predicted with separate parameters. Early
studies employed traditional signal decomposition tools, such
as seasonal-trend decomposition [33] and wavelet [34], [35],
to preprocess traffic data into multiple components before ap-
plying models for prediction. More recent research integrates
decomposition techniques directly into deep neural networks,
facilitating end-to-end multi-component traffic prediction mod-
els [20], [36], [37], [38]. Empirical evidence from existing
studies indicates that the decomposition modules within DTP
frameworks significantly enhance prediction performance [32],
[39], [40]. Although many studies have emphasized the potential
of DTP methods, the following fundamental questions about
these decomposition methods remain unanswered.

Q1. What type of decomposition can theoretically ensure
that the decomposed components exhibit higher predictability
than the original spatiotemporal data? DTP paradigm adopts a
“divide-and-conquer” strategy to deconstruct a complex prob-
lem into simpler, more manageable sub-problems. However,
not all decomposition methods lead to improved predictive
performance. For example, if a traffic series is split into [V
components, each representing 1/N of the original series, the
prediction complexity of the individual components may remain
unchanged. Therefore, rigorous theoretical analysis is crucial to
identify decompositions that can effectively reduce prediction
complexity.

Q2. Can we design a decomposition-based predictive frame-
work with theoretical guidance to enhance the performance
of various traffic prediction models? If a theoretical solution
to Q1 is obtained, the next step is to develop a predictive

Tllustration of our theoretical and methodological innovations. Indep: Independence.

modeling framework based on decomposition theory. This pre-
dictive framework should ensure that the decomposed compo-
nents are more predictive than the original data. Furthermore,
to function as a true “framework,” it must be adaptable to vari-
ous traffic prediction models, maintaining compatibility across
different modeling approaches.

To address these two questions, our study consists of two
parts: a theory part and a method part, as illustrated in Fig. 1. In
the theory part, we address Q1 through a theoretical analysis
grounded in Information Theory. The core of QI concerns
how to quantify and enhance the intrinsic predictability of
data. Information theory provides a rigorous framework for
this purpose, with entropy serving as a principled metric to
measure uncertainty—lower entropy corresponds to higher pre-
dictability [41], [42]. Accordingly, a decomposition strategy
that reduces entropy is expected to improve predictability, and
we leverage this rationale to derive a sufficient condition for
effective decomposition. In the context of traffic prediction, the
goal is to forecast future states Y from historical data X. The
task difficulty, depending on the uncertainty in predicting Y
given X, is quantified by the conditional entropy H(Y| X). If X
and Y are decomposed into subcomponents X, and Y}, and the
total conditional entropy across all subproblem, H(Y}|X%), is
lower than H(Y"|X'), the subproblems become inherently easier
to predict. Intuitively, if these subcomponents are mutually
independent, the predictive uncertainty for each subproblem
becomes more manageable, resulting in a reduction in overall
uncertainty. We formalize this as the Component Independence
(CI) Principle, which serves as a theoretical foundation for
guiding decomposition-based learning. Formally, we model traf-
fic prediction as a noisy channel transmission and decoding
process, where historical states are treated as messages trans-
mitted through a noisy channel and decoded into future states
by a prediction function. Within this framework, we identify
two main sources of information loss: ¢) transmission noise
in the channel (data-induced errors), and i7) decoding errors
in the prediction process (model-induced errors). Building on
this model and leveraging Fano’s Inequality [43], we show that,
if the decomposed components are mutually independent, the
total data-induced error for all subproblems is lower than that
of the undecomposed problem. Consequently, the decomposed
subproblems exhibit higher predictability than the original one.

In the method part, guided by the above theoretical anal-
ysis of Component Independence (CI) Principle, we design a
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novel Theory-guided Graph Decomposition Learning (TGDL)
framework to address Q2. In TGDL, geographical units and
their traffic states are represented as a graph with dynamic
signals. The graph is decomposed into several independent
subgraphs through two key modules: structure decomposition
and signal decomposition. The structure decomposition employs
a soft graph mask matrix along with structure independence
regularization to partition the original graph into approximately
orthogonal subgraph structures. The signal decomposition uses
a residual decomposition flow to disentangle graph signals into
multiple subgraph signal components. To ensure the indepen-
dence of these components, a signal independence regularization
is designed to minimize their mutual information. By generat-
ing orthogonal subgraph structures with independent signals,
TGDL adheres to the CI Principle. Each subgraph is assigned
a specialized prediction model, and the predictions from all
subgraphs are aggregated to produce the final traffic forecast. As
a general framework, TGDL is compatible with and boosts the
performance of any graph-based traffic prediction model that can
serve as a subgraph predictor. We demonstrate the effectiveness
of our theory and framework through extensive experiments on
four public traffic datasets.

The contributions of our study are summarized as:

® To our best knowledge, this study provides the first theo-
retical analysis for identifying decomposition algorithms
that enhance traffic prediction. It establishes a theoretical
foundation for the decompose-then-predict paradigm.

® We propose a novel TGDL framework, guided by our
theoretical analysis, which decomposes graph-based traffic
data into approximately independent subgraph compo-
nents. These components are easier to predict than the
original data, and the framework is designed to improve the
performance of any graph-based traffic prediction model
with an encoder-decoder architecture.

* Extensive experiments on four real-world traffic datasets
demonstrate the performance gains achieved by integrating
the TGDL plugin into various graph-based models. Results
show that TGDL improves the performance of a wide range
of traffic models by an average of 19.37%.

The remainder of the paper is organized as follows. Section II
provides the related work. Section III presents the theoretical
analysis addressing Q1 in the Introduction part, while Section IV
introduces the design of our TGDL framework for Q2, guided
by the theoretical insights. Section V details the experimental
evaluation. The conclusion is provided in Section VI.

II. RELATED WORK

Traffic Prediction is a classic problem in spatiotemporal se-
ries prediction. Early approaches framed traffic prediction as a
regular time series forecasting problem, using shallow models
like ARIMA [16] and Kalman filtering [44]. Recently, neural
network-based deep learning models have become mainstream,
which extend classic deep learning model architectures to cap-
ture the spatiotemporal correlations in traffic data [5], [28].
For temporal correlation modeling, sequential deep learning
models—such as Recurrent Neural Networks (RNN) [18], [29],
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Long Short-Term Memory (LSTM) [45], Temporal Convolu-
tional Networks (TCN) [20], [21], and Transformers [22], [23],
[24]—serve as popular backbone models. Variants of these
models enhance temporal feature extraction by incorporating
periodicity [45], [46], thythm [11], [31], congestion propaga-
tion [14], and other traffic-specific factors. For spatial correlation
modeling, the backbone models often include Convolutional
Neural Networks (CNN) [23], [25] or Graph Neural Networks
(GNN) [15], [26], [27]. In these approaches, urban geographic
units are represented as cells within a raster grid [47] or as
vertices within a graph [10]. Models integrate topological in-
formation such as distances [19], connection relations [15],
[47], spatial semantic context [19], [24], and human mobility
behaviors [20], [48] to capture complex spatial relationships
between cells and vertices. Recently, some models based on
pure multi-layer perceptrons (MLP) have attracted attention
due to their efficiency and scalability [27], [49]. In addition,
there are also some studies that try to introduce LLM or its
ideas into the field of traffic prediction [23], [48], [S0]. From a
training perspective, traffic prediction models fall into the local
paradigm and global paradigm [51]. The local paradigm uses
data from specific road segments or land parcels [52], a common
approach for simpler, shallow models. The global paradigm, pri-
marily adopted by deep learning models, treats all geographical
units collectively, drawing on data from all units for a richer
training dataset and enhanced correlation modeling [24], [27],
[47]. While the global paradigm has greatly advanced traffic
prediction, it often overlooks the variability among different
traffic data components, which is our focus.

Decomposition Prediction aims to decompose a signal se-
quence into components for separate prediction, each influenced
by distinct latent factors. Originating from time series forecast-
ing [53], [54], it provides valuable insights and aids decision-
making in finance [55], health [56], [57], meteorology [58]
and etc. Popular methods include seasonal-trend decomposi-
tion [33], wavelet decomposition [34], and empirical mode
decomposition [59]. Recently applied to traffic data, decom-
position prediction follows two paradigms: two-stage and end-
to-end. The two-stage paradigm preprocesses traffic data into
components, then uses deep learning to model each [60], [61].
The end-to-end paradigm incorporates decomposition within
the prediction model, handling multiple traffic data components
simultaneously [37], [38]. Related methods often decompose
traffic signals into diffusion and non-diffusion [36], high and
low frequency [32], [39], trend and seasonality [40], and nor-
mal and abnormal signals [62]. These decomposed prediction
methods have shown empirical improvements by decomposing
complex signals into simple ones. However, most of them rely on
heuristic or domain-specific decomposition strategies, without
formal guarantees of their effectiveness. Besides, they are often
designed in an ad hoc manner, tightly coupled to specific tasks
or architectures, limiting their generalizability and portability. In
contrast, this paper explores an information-theoretic perspec-
tive to identify effective decomposition and designs a general
and pluggable framework that can be integrated into various
backbone models. More details can be found in Sect. III.A of
the Supplementary Materials.
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Graph Decomposition aims to break down complex graphs
into simpler subgraphs [63], [64]. Originally developed for
graph clustering, it seeks to create balanced partitions with
minimal inter-partition edges, also known as cuts [65]. Given
its combinatorial complexity, various approximation algorithms
have been developed, including multilevel partitioning [66],
spectral clustering [67], and simulated annealing [68]. Recent
approaches integrate deep learning techniques like contrastive
learning [69] and adversarial learning [70]. Graph decomposi-
tion is also applied in distributed graph computing for large-
scale graphs [71], though this lies beyond our study’s scope. In
summary, conventional graph decomposition methods primarily
focus on the graph structure itself, aiming to uncover meaningful
structural patterns. In contrast, this work differs in both the object
and the goal of decomposition: it targets spatiotemporal data
that integrate graph structures and series signals, and it pursues
decomposition not merely for pattern extraction, but explicitly
to enhance predictive performance.

Theory-guided Deep Model Design integrates scientific the-
ory and domain knowledge into deep learning models to ensure
physical plausibility and robust generalizability [72]. This ap-
proach has shown benefits across fields like transportation [11],
meteorology [3], and fluid mechanics [73]. Some studies also
leverage cross-domain theories, such as predictability theory
from signal processing for human mobility modeling [41], po-
tential field theory from classical mechanics for flood map-
ping [74] and traffic flow modeling [75], and causal infer-
ence theory from econometrics for spatiotemporal graph pre-
diction [47], [76], [77]. In this paper, we apply error decom-
position [78] and predictability theories [79] to guide traffic
prediction model design. Error decomposition theory classifies
prediction errors into bias, variance, and noise, with bias and
variance being model-induced and noise data-induced [80].
Most research focuses on reducing model-induced errors, of-
ten overlooking data-induced errors. To address this, we apply
predictability theory (using Fano’s inequality) not just to assess
predictability [79] but to enhance it by decomposing data into
mutually independent components.

III. THE THEORY ANALYSIS

In this section, we present an information theory-based analy-
sis of prediction errors in the decomposition prediction problem.
From this foundation, we derive a sufficient condition under
which the prediction errors for the decomposition problem are
lower than those of the original problem.

A. Information Theory Model for Traffic Prediction

Let X denote historical traffic states and Y the future traffic
states. Here, X and Y are random variables. The traffic state
prediction problem involves constructing a function:

Y = f(X.0), (D

where Y represents the predicted result and 6 the parameters of
the prediction function. The goal is to optimize € to minimize
prediction errors across all training samples.
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TABLE I
ANALOGY BETWEEN THE NOISY CHANNEL MODEL AND TRAFFIC PREDICTION

Notation ‘ Noisy Channel Model Traffic Prediction
Y = f(X,0) Decoder Prediction Model
Y Source Message Future Traffic State
X Compressed Message —
X Compressed Message with Noise Historical Traffic State
Yy Reconstructed Message Predicted Future Traffic State
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Fig. 2. Illustration of modeling traffic prediction as a transmission process
over a noisy channel.
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To analyze the underlying sources of prediction errors in the
traffic prediction problem, we adopt the noisy channel model
from information theory as follows:

Encoder < Noisy Channel Decoder
Y X X v. )

It considers a sender holding a source message Y that the receiver
cannot directly observe. From the receiver’s perspective, there is
intrinsic uncertainty in determining Y. When a communication
channel is established and the sender transmits Y, this uncer-
tainty can be reduced or eliminated. To minimize the amount
of transmitted data, the sender applies a lossless compression
algorithm to produce a compressed message X, which is then
transmitted. The receiver decodes X to reconstruct Y.
From an information theory perspective, traffic prediction
can be modeled as message transmission over a noisy channel.
This analogy is summarized in Table I and visually illustrated
in Fig. 2. In (2), the decoding step corresponds to the traffic
prediction process, where the Decoder represents the prediction
function defined in (1).
With the help of the noisy channel model, the prediction errors
Y # Y in traffic prediction arise from two sources:
® Noisy Channel: Channel noise results in information loss
for X compared to its original state X, preventing the
decoder from fully recovering Y. This type of error reflects
the information missing from historical traffic data X
relative to future traffic data Y and is termed Data-induced
Errors.

® Decoder Capability: Even if X retains complete infor-
mation, the decoder may still fail to accurately recover
Y due to limited decoding capability. Since the decoder
corresponds to the prediction functions f(-), this error
is determined by the prediction model’s capacity and is
referred to as Model-induced Errors.

Remark 1: Inthe prediction model, the objective of parameter
optimization is to minimize model-induced errors. However,
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even if model-induced errors are reduced to zero, data-induced
errors remain, representing an intrinsic performance upper
bound for the prediction model on a given traffic dataset. This
upper bound is a dataset-specific feature and is not affected by the
parameters of prediction models. Consequently, data-induced
errors serve as a measurement of dataset prediction difficulty,
i.e., large data-induced errors indicate a challenging dataset, and
smaller errors imply an easier one. In the following section, we
derive a sufficient condition to ensure that the data-induced error
in the decomposed prediction problem is lower than that in the
original problem, i.e., the sufficient condition for making the
decomposed prediction problem easier than the original.

B. Fano’s Inequality and Data-Induced Error Rate

In this section, we apply Fano’s Inequality from information
theory to derive a measure for data-induced errors.

Error Rate and Data-induced Error: We first give two con-
cepts about prediction errors:

1) Prediction Error Rate: We assume the traffic state Y is a
discrete variable with M possible values.! The Error Rate of the
Markov chain in (2) is defined as

e=Pr(Y #£Y). 3)
This error rate is an end-to-end measure of prediction error,
including both data-induced and model-induced errors.

2) Entropy of Data-induced Error: As mentioned in
Section III-A, data-induced error represents the information loss
from the future traffic state Y relative to historical traffic X.
Thus, data-induced errors can be expressed as the uncertainty of
Y given X, measured by the conditional entropy of Y given X,
ie.,

H(Data-induced Errors) = H(Y'| X), 4
where H(-) denotes entropy. Although H(Y|X) exclusively
represents data-induced errors, it cannot be directly calculated
due to the unknown distributions of ¥ and X.

Then, we adopt Fano’s inequality [43] in information theory to
build a bridge between the prediction error rate and the entropy
of data-induced errors.

Theorem 1 (Fano’s Inequality): Let ¥ — X — Y be a
Markov chain, where Y and Y are discrete random variables with
M different values. Let e = Pr(Y # Y'), we have the inequality
to describe the relations between e and H(Y | X) as

H(Y|X) < H(e) + e log(M — 1), 5)
Here, H(e) is the entropy of the error rate, which is calculated
as
H(e) = —e-loge — (1 —e) - log(1 —e). (6)

Equation (5) is Fano’s inequality, with its proof provided in
Appendix A.l. Here, the error rate e and the entropy of data-
induced error H(Y'| X)) are related through an inequality.

Lower Bound of Error Rate: Based on Fano’s inequality, we
can derive a lower bound for the error rate. We first define a
variable S as

S(e) = H(e) + elog(M — 1), (7)

!"This assumption can be satisfied through discretization for datasets with
continuous values.
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which is a function of the prediction error rate e. Considering
the monotonicity of the function in (7), we present the following
lemma.

Lemma 1: The function S(e) is monotonically increasing
when the condition e < 1 — 1/M holds.

It is easily to prove that d2S(e)/de < 0, and S(e) is strictly
concave function. The detailed proof is given in Appendix A.2.
Since Y has M distinct values, the error rate e cannot exceed
1 —1/M, allowing us to directly treat (7) as a monotonically
increasing function.

For the sake of argument, let’s define S™* = H(Y|X). Ac-
cording to Fano’s inequality in (5), i.e., H(Y|X) < S(e), S™in
serves as a lower bound for the function S(e). Since S(e) is
monotonically increasing, S™" uniquely corresponds to a lower
bound on the error rate, denoted as €™, which is implicitly
defined by

St = §(e™) = H(e™") + e™" log(M —1).  (8)

Data-induced Error Rate: Based on (8), there exists a mono-
tonically increasing implicit function e™® = f~1(S™in), Here,
e™in serves as a lower bound on the error rate, i.e., e > ™,
Moreover, e™i" is solely determined by the entropy of the data-
induced errors, indicating that e™" represents the data-induced
component of the overall prediction error rate e. We refer to
e™ ag the Data-induced Error Rate. This offers a measure of
the prediction error rate attributable to data-induced errors.

C. Data-Induced Error Rates in Decomposition

In this section, we analyze the relationships between data-
induced errors in an original prediction problem and its decom-
posed subproblems. We first give a formal definition of the data
decomposition algorithm.

Definition 1 (Decomposition Algorithm): Given input and
output data variables X and Y for a traffic prediction problem, a
decomposition algorithm is defined as a function f(-) such that
{Xl,...,Xk,...,XK} = f(X) and {Yl,...,yk,...,YK} =
f(Y), where X}, and Y}, represent the k-th decomposed compo-
nents. The decomposition algorithm ensures that { X7, ..., Xx }
and {Y7,...,Yx} can collectively reconstruct X and Y, re-
spectively. This process of data decomposition and reconstruc-
tion forms the Markov chains: X — {X1,..., Xk} — X and
Y- {V,....Yk} =Y.

Based on this definition, we derive the following lemma.

Lemma 2: Given the Markov chain X — {X3,..., Xx} —
X for a decomposition, we have H(X) = H(X,..., Xk).
Similarly, H(Y) = H(Y3,...,Yk).

The proof of this lemma is provided in Appendix A.3. Based
on Lemma 2, S™" can be expressed as

Smin — H(Y|X) =H(Y3,...,Yk|X)
=HM,....Y|X1,....XK). )
For the k-th subproblem, we also have the noise channel trans-
mission Markov chain Yy, — Xx — Y. Let Smin = H (Y| Xy).
According to (8), there is a data-induced error rate e’knin for the
subproblem, which is an implicit function of S, For e of

the subproblem and e™* of the original problem, we present the
following theorem.
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Theorem 2 (Condition for e™m > eg‘i“): Let Y € {1,...,
M}y and Yy, € {1,...,M} forall k € {1,..., K}. Suppose X
and X, are generated from the processes Y — X and Y, — X,
respectively, and that X, Y, X}, Y}, satisfy (9). Then, the inequal-
ity e™in > ein holds if Yy, L X, for all ¥’ # k.

Moreover, we have a more stringent theorem that can guar-
antee e is strictly less than e™™ in the following.

Theorem 3 (Condition for e™™ > eg‘i“ ): For Theorem 2, if
Yy L Yy forall k' # k, then the inequality €™ > e holds.

The proofs of Theorems 2 and 3 are presented in Appendix
A.5 and A.6, respectively.

Remark 2: Theorem 3 provides a sufficient condition for
emin > emin je Y, | Xy and Yy L Yy for all k' # k. This
implies that if the decomposition algorithm ensures that Y}, for a
subproblem is independent of the data in other subproblems, then
the prediction difficulty (measured by the data-induced error
rates) for each subproblem is lower than that of the original
problem.

D. Data-Induced Error Values in Decomposition

Section III-C establishes the relationships between the data-
induced error rates of the original problem and each subproblem.
However, two issues remain to be addressed. First, as defined
in Definition 1, the final prediction of the original problem
is achieved by integrating the results from all subproblems.
Therefore, we must compare the data-induced error between
the original problem and the integrated prediction of all sub-
problems. Second, while the prediction error rate treats traffic
prediction as a discrete problem, real-world applications often
consider it as a continuous problem. We address both issues in
this section.

1) Prediction Error Value: For a continuous prediction prob-
lem with a predicted traffic state Y € Rand groundtruthY € R,
the error value is defined as:

5:EKY—?Y}

In the predictive learning framework [81], prediction errors
are divided into error certainty and error magnitude. Error
certainty refers to the probability of a prediction error occurring,
denoted as the error rate ¢ = Pr(Y # Y'), while error magnitude
represents the size of the error. Let Y (¢) and Y (¢) be the variables
corresponding to Y and Y when Y # Y. The error magnitude
is then defined as:

HﬂZEKY@—Y@Y]

Using the error certainty e and error magnitude E[d], the predic-
tion error value £ can be expressed as:

¢=e E[f]. (12)

2) Data-induced Error Magnitudes: For error magnitudes,
we assume they consist of both a model-induced and a data-
induced component. Thus, the error magnitude in (11) can be
expressed as:

(10)

Y

E[§] =E [(y(e) _ (y(e) 4+ Amin Amodel>)2:| C13)
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where A™* and A™%! represent the data-induced and model-
induced components for error magnitudes, respectively. There-
fore, the Data-induced Error Magnitudes for an original prob-
lem can be expressed as:

. N 2 9

E[é‘mm] —F |:(Y(€) _ (Y(e) + AIIIIH)) :| —F |:<An11n) :| )

(14)
Assuming the decomposition algorithm cannot reduce the data-
induced error magnitudes, the data-induced components for
error magnitudes of all decomposed predictions satisfy A™i" =
Z,I::l A}C“i“, where A‘,:““ is the data-induced components for
error magnitude of the k-th decomposition. The data-induced
error magnitudes for the k-th decomposed subproblem is defined
as E[§1n] = E[(A")2]. Based on the above assumption, we
derive the following lemma.

Lemma 3: Given mutually independent decomposed compo-
nents {Y7y,..., Yx}, if variables { X1, ..., Xk} are also mutu-
ally independent, then E[6™"] = Zszl E[61in], where E[§{"]
is the data-induced error magnitude for the k-th decomposed
subproblem.

The proof of this lemma is provided in Appendix A.4.

3) Data-induced Error Value: For a given prediction prob-
lem, the Data-induced Error Value for the original problem and
its decomposed subproblems are defined as:

gmin _ emin . E[émin], Ircnin _ er];nin _E[(;]znin], (15)

where €™ represents the error value for the original problem,
and &M represents the error value for the k-th subproblem.
The relationship between the data-induced error value £™* for
the original problem and the integrated data-induced error value
Zszl §,‘cnin for all of the decomposed subproblems is established
in the following theorem.

Theorem 4 (Condition for £™n > 215:1 grin): Let Y €
{1,...,M}, Y, e{l,...,M}, and Y; € {1,..., M} for all
ke{l,..., K}, and let X and X}, be variables generated from
the Markov chains Y — X and Y, — X, respectively. Assume
that X, Y, Xy, Y}, satisfy (9). The inequality £™ > Zle £min
holds if the following conditions are satisfied:

1) Forany Yy, Y, L Xy forall & # k;

2) For any pair Y, and Yy in {Y3,..., Yk}, Yi L Yis;

3) For any pair X}, and Xy in {X1,..., X}, X L Xp.

Proof: Using (15), the data-induced total error value for all
of the subproblems can be expressed as:

K K

min __ min min
ka _Zek -E[6;™]
k=1 k=1

K K
< Z emin E[é‘]rcmn} — hmin ZE[(SII;;IHHL (16)
k=1 k=1
where the inequality applies Theorem 3, which states that e <
e™n if conditions 1) and 2) are satisfied.

From condition 3), { X1, . .., X } are mutually independent.
According to Lemma 3, this implies that:

K
E[§™"] = > E[5"). (17)
k=1
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Substituting this equation into (16), we get:
K
emin ZEM?IH] — emin E[(Smm] _ é-rmn. (18)
k=1

From (16) and (18), it follows that:

K

é-min > Z flrcnin.

k=1

19)

Thus, the theorem is proved. O

Theorem 4 establishes the relationship between the data-
induced error in the original problem and that in its decomposi-
tion (integrated prediction across subproblems) for a continuous
prediction problem, effectively addressing the two unresolved
issues.

E. Component Independence Principle

According to Theorem 4, if a decomposition algorithm yields
components satisfying Y, L X, Y, L Yy, and X L Xy for
all k' # k, the total data-induced error in the decomposed pre-
diction is no greater than that of the original prediction. This
resultindicates that enforcing independence among decomposed
components provides a sufficient condition for reducing the
intrinsic difficulty of the prediction problem. Under the idealized
assumption of a sufficiently expressive prediction model that
can eliminate model-induced errors, such a decomposition can
in principle lead to improved prediction performance compared
to the undecomposed setting.

In a traffic prediction task, the variables X and Y denote the
traffic state time series, i.e., {X(, ..., X® Y+ where
X represents the observed traffic state at time ¢. To sat-
isfy the sufficient conditions stated in Theorem 4, a decom-
position algorithm needs to encourage statistical independence
between the decomposed sequences {X ,gl), X ,(Ct), Yk(tﬂ)}
and {X,g,l), e ,X,Ef), Yk(,tH)} for all k # k'. This observation
motivates the following design guideline for decomposition
algorithms:

® An effective decomposition algorithm may benefit from

promoting independence among decomposed components.

We refer to this guideline as the Component Indepen-
dence (CI) Principle, which serves as a sufficient and the-
oretically grounded design principle for the development of
decomposition-based prediction models in the subsequent sec-
tions.

Remark 3: The CI Principle is established as a sufficient
condition for reducing data-induced uncertainty, rather than a
necessary or exhaustive characterization of all effective decom-
position strategies. Decompositions that do not strictly satisfy
the CI Principle may still be beneficial in practice, but they fall
outside the scope of the current theoretical analysis. Neverthe-
less, by identifying independence as a sufficient mechanism for
uncertainty reduction, the CI Principle provides a useful and
theoretically grounded guideline for the design of decomposition
algorithms.
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IV. THE TGDL MODEL

In this section, we propose a Theory-guided Graph Decom-
position Learning (TGDL) framework, grounded in the CI prin-
ciple outlined in Section III. The CI Principle states that decom-
posing a traffic prediction problem into mutually independent
subcomponents can effectively reduce data-induced errors and
thus improve predictability. This provides a theoretical founda-
tion for designing decomposition-based learning frameworks.
Guided by this principle, our TGDL framework is designed to
produce traffic subgraphs that are as independent as possible
in both structure and signal. This theoretical goal is achieved
through two decomposition modules and two regularization
terms:

o Structure Decomposition Module (Section IV-B) partitions
the original traffic graph into multiple structurally inde-
pendent subgraphs. The corresponding Structure Indepen-
dence Regularization (25) penalizes structural overlaps
among subgraphs by minimizing the pairwise Frobenius
inner product of their adjacency matrices.

o Signal Decomposition Module (Section 1V-C) disentangles
the dynamic graph signals into multiple temporal com-
ponents aligned with the subgraphs. The Signal Indepen-
dence Regularization (34) minimizes mutual information
between the extracted representations of signal compo-
nents.

A. Preliminaries

The TGDL framework organizes traffic state data as a graph
with dynamic signals, referred to as the Traffic Graph. The
structure of the traffic graph is defined as follows:

Definition 2 (Structure of Traffic Graph): The structure of a
traffic graphis denotedby G = (V, A), where V = {v1,...,vr}
is the set of vertices, with each vertex representing a geograph-
ical unit (e.g., a road segment or land parcel). The adjacency
matrix A € RV*VI contains the edge weights, where the (4, 5)-
th element, denoted as a;;, represents the weight of the edge
from vertex v; to vertex v;.

Edge weights can be calculated using various methods, such
as geographic distance [19], [21], correlation between vertex
features [82], [83], or other relevant metrics.

For a traffic graph, the dynamic traffic state is represented as
graph signals.

Definition 3 (Traffic Graph Signals): The timeline is dis-
cretized into time slots. Given a traffic graph G, the signal
of vertex v; at time slot ¢ is the vector x;; € RF, where the
elements of x; ; represent the traffic states, F' is the number of
traffic state channels (e.g., inflow, outflow, speed). The signal of
entire graph at time ¢ is the matrix X; € RV*F where the i-th
row is @; 4.

Original Prediction Problem: Given a traffic graph G, its
historical signals over a time window {¢ — T, ..., ¢} are denoted
as X = {X, r,..., X} The future traffic states for time slots
> ¢ are denoted as Y ;. The original traffic state prediction
problem is formulated as

Y>t = fg (Xt7G7 9)7 (20)
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Fig. 3.

where Y>t represents the predicted future traffic states, and ©
are the learnable parameters.

Decomposition Prediction: Given an original traffic graph
G = (v, A1) with historical signals ng), a decomposition
algorithm divides the original graph into K subgraph compo-
nents, denoted as {G(l), L, GE) }, with corresponding signals
{Xil), e XEK)}. These subgraphs satisfy

K K
A9 — ZA(k) and ng) — ngk),
k=1 k=1

21

where A(¥) is the adjacency matrix of the k-th subgraph. The
decomposition prediction problem is then defined as

K
f’(ft) = f4 (xik),G(k)7@(k)) st Y(ft) - ZY@) (22)
k=1

where © () is the parameters of the k-th prediction function.
The TGDL framework implements decomposition prediction

through three steps (see Fig. 3): Graph Structure Decomposition,

Graph Signal Decomposition, and Integrated Traffic Prediction.

B. Graph Structure Decomposition

The TGDL framework first applies a Structure Independent
Decomposition (SID) to partition the structure of the original
graph G(9) into subgraphs. For the k-th subgraph, the vertex
set remains the same as the original graph, while the adjacency
matrix A*) for each subgraph is calculated as

A®) = M o A9, (23)
where © denotes the Hadamard product, and M) is a mask
matrix with elements m;; € [0, 1] representing the interaction
between nodes in the k-th subgraph.

To ensure that the summation of the subgraph adjacency
matrices equals the original graph, i.e., satisfying (21), we use
a SoftMax function to calculate m;; as

exp (wff))

k./
S e (uF)

) (24)

m,;j =

Graph Signal Decomposition

Integrated Traffic Prediction

The pipeline of our TGDL framework. Indep: Independence. Reg: Regularization. Agg: Aggregation.

(k)
ij
that Zle ml(»f) =1 in the mask matrix, and consequently,
e agf) = ag) for each edge.

According to the CI Principle derived in Section III, an
effective decomposition algorithm should ensure that the de-
composed subgraph components are mutually independent. To
this end, we introduce a Structure Independence Regularization
L, to penalize correlations among the adjacency matrices of
different subgraphs:

K
1 N2
fom 2SS a0Ta L s
K(K-1) vt F

where w; .’ are learnable parameters. This formulation ensures

where || - || is the Frobenius norm. Minimizing £, encour-
ages these adjacency matrices to be approximately orthogonal,
thereby promoting the generation of non-overlapping and min-
imally interfering subgraph structures.

Remark 4: Our proposed regularization explicitly promotes
structural decoupling by discouraging shared components be-
tween subgraphs, thereby encouraging the decomposition to
satisfy the CI Principle. To illustrate this point even further, we
propose a theoretical property of the Structure Independence
Regularization (see Sect. III.C of the Supplementary Materials
for details).

C. Graph Signal Decomposition

Next, the TGDL model employs a Residual Decomposition
Flow (RDF) to iteratively extract independent signal compo-
nents for each subgraph structure from the original graph.

1) Residual Decomposition Flow: Let X Eg) denote the sig-
nal of the original graph at time ¢. For the first subgraph G(1), its
signal at ¢ is extracted from X’ §9 ) using a spatiotemporal block
(ST block) as:

(Y = sTBlock (2, A0, 0"}, (26)

where X" = (X .. XM} is the signal of GV, and
921) denotes the learnable parameters. The function STBlock(+)
is a graph neural network, detailed in Section IV-C2.
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Subsequently, we remove the signal X’ El

graph signal as

) from the original

xl) —x9 _x. @7

Here, X Egz) represents the residual signal after subtracting the
signal of G") from the original signal. The ST block is then

used to extract the signal of G(?) from X’ E‘”) as

x? = STBlock (X,Eg?), A®) @gZ>) . (28)

Given the K subgraphs, we iteratively apply (26) and (27) to
construct a residual decomposition flow (RDF), where the input
signal for the k-th subgraph is calculated as

xo) = plon) _ x D, (29)
The signal component for the k-th subgraph is
x") = STBlock (ng’”, AR, @,ﬁ“) . (30)

Here, we set X Eg Vox §9 ) to maintain notational consistency.

Through the algorithmic flow defined by (29) and (30), the
original signal X Eg ) is decomposed into a series of subgraph
signals, i.e., {Xl(kl)7 e XEK)}.

According to the definition of decomposition prediction in
(21), the sum of the subgraph signals should equal the original
signal. Thus, we introduce a Decomposition Consistency Loss
to constrain the subgraph signals:

K 2

k
PRI SPYC
k=1

L= (€19}

F
In the RDF process described in (29), each subgraph’s signal
component is sequentially removed from the original signal.
Consequently, the subgraph signals extracted by (30) are de-
coupled from one another, partially satisfying the CI principle.
2) Spatiotemporal Blocks: The TGDL framework imple-
ments the ST block (i.e., STBlock(-) function) in (30) as a neural
network with an encoder-decoder structure. Specifically, given
the residual graph signal X Eg’“) for the k-th subgraph, the ST
block uses an encoder to extract signal representations as

H{" = Encoder (¥, 40, 01), (32

where H §’“)

subgraph k. Each row hl(k) € RP corresponds to the representa-
tion of vertex v;, with D as the dimension of the representation

€ RVI*D is the matrix of signal representations for

vectors. @ék) denotes the learnable parameters of the encoder.
Next, for the k-th subgraph signals, the ST block adopts a
decoder to covert the representations H (¥) as

ng) = Decoder (Hgk), A(k), @Ep) , (33)

where X Ek) is the decomposed signal of the subgraph G*), and
@fik) is the learnable parameter for the decoder. The encoder
in (32) and the decoder in (33) form the STBlock(-) function in
(30). The encoder and decoder functions can be implemented by

any encoder-decoder models that are designed to handle graph-
based traffic data [15], [21], [84].
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3) Signal Independence Regularization: According to the
CI principle in Theorem 4, the signal components of different
subgraphs should be mutually independent. In the algorithm flow
formed by (29) and (30), the original signal is processed into
a series of decoupled subgraph signals. To further enforce the
independence between subgraph signals, we introduce a Sig-
nal Independence Regularization (SIR) to constrain the signal
representation matrices generated by the ST blocks.

Given the signal representation matrices H®*) for k e
{1,... K} generated by (32), the SIR is defined as

) ZZMI(H(’“ H )

k 1k'#k

(34)

where MI(H %), H %)) represents the Mutual Information (MI)
between the signal representations of subgraphs &’ and k, defined

as
, Pr(H®*) H®)
MI (H(’“)7H(k)) - E llog r( ) )

Pr (H®)) . Pr (H®)

1 EA)

where Pr(H *)), Pr(H*")), and Pr(H*), H®)) correspond to
the marginal and joint distributions of H (%) and H*"),

Due to the intractability of the closed-form expressions for
the joint and marginal distributions of H¥) and H®), direct
computation of the MI in (35) is not feasible. As an alternative,
we approximate the MI using the CLUB method [85]. Specifi-
cally, we compute an upper bound on the MI between H (*) and
H®) a5

1\//I\IUB (H(k,)a

LN
) = 43 s (12
17N /
- Z log gy (Hgf)‘H%k))] ,
n'=1

(36)

where N is the number of samples, and H 5’“) and H Ek/)
denote the ¢-th sample of the signal representations for sub-
graphs k and k', respectively. The gy (H *)|H*)) in (36) repre-
sents a variational approximation of the conditional probability
Pr(H*)|H®), assumed to follow a Gaussian distribution

N (g, 03 )s ie.

1 (z— )?
(k))Z_ieXp _ﬂ '
V2O ) 20H<k)

(37)
here, the mean 1 g7(x) and variance orf{( x) are estimated using a
multi-layer perceptron (MLP) network with H(®) as input, i.e.,

{ gz, %00 } = MLP (H(k), @)mlp) ,

where @, represents the learnable parameters of the MLP.
Finally, we substitute Miyg(H*), H®)) from (36) into
(34) to implement the signal independence regularization. By
minimizing the mutual information between H*) and H*),
our objective is to promote the independence of signals within
subgraphs k and k’. This ensures that the RDF aligns with the
decomposition independence principle outlined in Theorem 4.

do ( H®)

(3%)
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Remark 5: The SIR L, is minimized when the mutual in-
formation term in (34) is minimized. This indicates that each
subcomponent fully discards the correlated part, thereby en-
forcing the CI Principle. The point is proved in Sect. IIL.D of
the Supplementary Materials.

D. Integrated Traffic Prediction
For each subgraph G*), the traffic state is predicted using a
decoder with the signal representations H(¥) as input, i.e.,

Y(ft) = Predictor (Hgk)7A(k)7®§7k)) .

(39
here, Predictor(+) is a prediction function, implemented similarly
to the decoder in (33), but with distinct outputs and learnable
parameters @](gk). The final prediction of the original signal
is obtained by aggregating the predicted subgraph signals via
summation operation, i.e.,

K
- (9) (k)
v =Yv.. (40)

k=1

The loss function for the final prediction is then defined as

N 2
Ly =y - ¥4

(41)

In the TGDL framework, both the decoder in (33) and the pre-
dictorin (39) share the same architecture but with distinct param-
eters. This encoder-decoder (predictor) pair can be implemented
using any graph neural network-based traffic prediction model
that adopts an encoder-decoder structure [15], [21], [84]. The
model used for the encoder-decoder (predictor) implementation
is referred to as the base model in the TGDL framework. Thus,
TGDL can be viewed as a decomposition prediction framework
that enhances the performance of various base models.

E. Model Training

The objective function for training the model consists of three
components: 7) the loss function £, in (41) to minimize predic-
tion error; 77) the decomposition consistency loss L. in (31) to
enforce subgraph signals to satisfy the decomposition prediction
requirements; and ¢:¢) the independence regularization terms
L, and L in (25) and (34) to ensure the graph decomposition
adheres to the CI principle outlined in Theorem 4. The final joint
objective function is defined as

L =Ly +YaLla +VeLe + Vs Ls. (42)
To avoid manually selecting hyperparameters, the weights
VpsVasVes Vs are set through a Dynamic Weight Averaging
(DWA) strategy [86], with an initial value of 1. DWA dynami-
cally adjusts the weight of each loss term based on its change
rate during training to balance the loss changes of all tasks. This
prevents any single task from dominating, promoting balanced
learning across all tasks.
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V. EXPERIMENTS

A. Experimental Settings

1) Data Description. Datasets: To evaluate the effectiveness
of our proposed method, we conduct experiments on four real-
world spatiotemporal traffic datasets, detailed as follows:

® NYCBike: A public traffic flow dataset collected in New
York City, containing bike rental data from 04/01/2014
to 09/30/2014 [25]. We divide the city into a 16 x 8 grid
and map bike rental records as traffic flow between zones.
Traffic flows are measured hourly, totaling 4,392 samples.

® NYCTaxi: Another public dataset from New York City, con-
taining taxi GPS data from 01/01/2015 to 03/01/2015. The
city isdivided into a 20 x 10 grid to map taxi trajectories as
traffic flow between zones [45]. Traffic flows are recorded
every 30 minutes, resulting in 2,880 samples.

o PEMSD4: A public traffic dataset collected by California’s
Performance of Transportation (PeMS) [87], comprising
data from 307 sensors in the San Francisco Bay Area over
two months (01/01/2018 to 02/28/2018) [88]. Traffic data,
recorded every 5 minutes, is aggregated into 30-minute
intervals, yielding 2,832 samples.

e PEMSDS: Another dataset from PeMS, consisting of
data from 170 sensors in District 08 over two months
(07/01/2016 to 08/31/2016) [88]. Originally recorded ev-
ery 5 minutes, data is aggregated into 30-minute intervals,
resulting in 2,976 samples.

For each prediction sample at time slot ¢, we use two types
of historical data as inputs: ¢) data from the 4 hours preceding
time ¢; ¢7) data from 2 hours before and after time slots £ — Tgay,
t — 2 X Tgay,and t — 3 X Tyay, where Ty,y is the number of slots
in a day. The second type incorporates periodicity information
into the prediction. We use a sliding window strategy to generate
samples, and each dataset is split into training, validation, and
test sets in a 7:1:2 ratio.

Graph Structure Construction: The traffic graph structure is
represented by an adjacency matrix A. Let a;; denote an entry in
A; following [19], we construct A using a thresholded Gaussian
kernel:

Qi = €Xp (_D(’U;i’:jy)) D(”i»”j)gﬂ
N 0, D(vi,vj) > .

where D(v;, v;) denotes the distance between nodes v; and v;,
o is the standard deviation of distances, and the threshold r is
set to 0.6. For PEMSD4 and PEMSDS, we compute D(v;, v;)
based on actual road distances between sensors. For NYCBike
and NYCTaxi, we measure the distance using dynamic time
warping (DTW) on the traffic time series between nodes, i.e.,
D(’Ui, ’Uj) = DTW(CBZ, :cj).

Task Description: For NYCBike and NYCTaxi, the datasets
provide inflow and outflow counts for each region. This enables
direct modeling of spatially distributed inflow/outflow patterns.
Following prior works [15], [25], [45], we adopt a single-step

prediction setting, where the model predicts both inflow and
outflow at the next time step. For PEMSD4 and PEMSDS, the
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datasets contain aggregated traffic volume at each sensor loca-
tion, without separate inflow and outflow information. There-
fore, consistent with common practice in existing works [37],
[88], [89], we adopt a multi-step prediction setting, where the
model forecasts the total traffic flow from 30 minutes to 2 hours
ahead (i.e., 1-4 future steps). To validate that our framework
generalizes across different prediction settings, we have also
included multi-step prediction results on the NYCBike and
NYCTaxi datasets in Sect. IL.F of the Supplementary Materials.

In theoretical derivation, we assume the traffic state Y is
a discrete variable. Empirically, our experiment focuses on
traffic flow data, whose smallest unit is 1. This allows them
to be treated as discrete variables without further discretization,
thus satisfying the “discrete value” assumption. For inherently
continuous traffic states like speed, discretization is done based
on practical needs, such as categorizing speed into levels for
congestion scenarios [42].

2) Experiment Scenarios & Baselines. Experiments with Dif-
ferent Base-models: We employ two experiment scenarios to
assess the performance of the proposed TGDL framework. In
the first scenario, called experiments with different base-models,
we use various GNN-based spatiotemporal prediction methods
as the base model for TGDL, comparing the performance of
TGDL with that of the original base models. This scenario not
only verifies TGDL’s effectiveness over the base models but
also demonstrates its robustness across different base models.
The baselines in this scenario include five state-of-the-art GNN-
based spatiotemporal prediction models:

® STGCN [84]: 1t is a graph convolution-based model that
uses 1D convolution to capture temporal correlations.

o GWNet [21]: This work combines diffusion graph convo-
lution with dilated causal convolution to capture spatiotem-
poral dependencies.

® MTGNN [89]: This method integrates mix-hop graph con-
volution and temporal convolution for multivariate time
series prediction.

® MSDR [18]: It is an RNN variant incorporating graph
convolution in each time unit for spatiotemporal prediction,
explicitly using hidden states from multiple past steps as
input.

e STSSL[15]: This modelis aself-supervised spatiotemporal
prediction model, which designs two auxiliary tasks to
learn effective hidden embeddings.

All baselines follow an encoder-decoder structure, serving as

the base models for TGDL and providing a basis for comparison.

Comparison with Decomposition Baselines: The second ex-
perimental scenario is comparison with decomposition base-
lines. In this setting, we compare the TGDL model with
decomposition-based prediction baselines across three cate-
gories. The first category is mainly two-stage decomposition
prediction approaches.

e PTD-XFMR [60]: This is a classic two-stage method,
where the decomposition is performed using Periodic-
Trend Decomposition (PTD), and forecasting is conducted
using sequence learning models such as LSTM. To enhance
this model, we replace the LSTM with the powerful Trans-
former (XFMR) model.
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o EMD-XFMR [90]: The decomposition step is performed
by the two-level Empirical Mode Decomposition (EMD).
The prediction step is realized by GRU, which is re-
placed with Transformer (XFMR) for stronger modeling
capacity.

The second category includes state-of-the-art models with

signal decomposition.

® CoST [33]: Tt uses contrastive learning to decompose
seasonal-trend representations for time series forecasting.

® D2STGNN [36]: The model decomposes data into diffu-
sion and non-diffusion signals for traffic prediction.

o STWave [39]: It separates complex traffic data into stable
trends and fluctuating events for improved prediction.

e SCNN [32]: This work iteratively decomposes input data
into long-term, seasonal, short-term, and co-evolving com-
ponents for spatiotemporal prediction.

The third category comprises prediction models with both
structure and signal decomposition. Since existing decomposi-
tion prediction models primarily focus on signal decomposition,
we apply TGDL’s signal decomposition alongside two state-of-
the-art graph structure decomposition methods as baselines for
this category.

® TGDL-METIS: This variant replaces the graph structure
decomposition module in TGDL with METIS [63], a hier-
archical, node-based graph decomposition algorithm.

o TGDL-DBH: The model replaces the graph structure de-
composition module with degree-based hashing [64], an
edge-based graph decomposition method.

Moreover, we include two types of classic non-deep models

as a basic performance reference.

® HA: It models ST data as a seasonal process, predicting
values by averaging historical data at the target time.

® SVR: A regression model using linear support vector ma-
chines, representing a classic non-deep learning approach.

3) Implementation Details: We implement our model using
Python 3.9 and PyTorch 1.12.0. The model is trained with
the Adam optimizer, with the learning rate set to 0.001. The
number of subgraphs is optimized within the range [2, 15] for
all datasets, with optimal values of 6, 6, 7, and 12 for NYCBike,
NYCTaxi, PEMSD4, and PEMSDS, respectively. The batch size
is set to 32. The hidden dimension is based on the original
implementations in the open-source code of each base model.
For additional details, please refer to our public code repository:
https://github.com/bigscity/ TGDL.

B. Overall Performance

1) Experiments With Different Base-Models: The experi-
mental results for the “experiments with different base-models”
scenario are presented in Table II. Here, the TGDL framework
combined with each base model is denoted as “base model+”.
We use three common metrics to evaluate prediction accuracy:
Mean Average Error (MAE), Root Mean Square Error (RMSE),
and Mean Absolute Percentage Error (MAPE). Each experiment
was run five times with different random seeds, and the aver-
age performance along with standard deviation is reported as
“mean.q”. The relative error reduction rate (RERR) of TGDL

Authorized licensed use limited to: BEIHANG UNIVERSITY. Downloaded on September 04,2026 at 14:59:01 UTC from IEEE Xplore. Restrictions apply.


https://github.com/bigscity/TGDL

JI et al.: HOW TO BREAK IT DOWN FOR BUILDING IT UP? THEORY-GUIDED GRAPH DECOMPOSITION LEARNING

TABLE II

5453

PERFORMANCE COMPARISON ON ALL FOUR DATASETS REGARDING MAE, RMSE, AND MAPE (%). THE BEST RESULT IS BOLD, WHILE THE SECOND-BEST
RESULT IS UNDERLINED. “IN” AND “OUT” DENOTE INFLOW AND OUTFLOW. “30 MIN” AND ‘2 HOURS” DENOTE THE PREDICTION HORIZON OF 30 MINUTES

(1 STEP) AND 2 HOURS (4 STEPS). “RERR” IS THE RELATIVE ERROR REDUCTION RATE OF TGDL ENHANCED MODELS COMPARED WITH THE
ORIGINAL BASE MODELS.

Dataset NYCBike NYCTaxi

Metric MAE | RMSE | MAPE | MAE | RMSE | MAPE |

Type In Out In Out In Out In Out In Out In Out
STGCN 5.2640.02 5.53+0.04 7.65+0.05 8.234+0.11  22584+0.20 23134038 | 12874021 109340.13 23.09+0.50 23.6240.47 17.2540.16 17.2340.20
STGCN+ | 5.07+0.05 536+0.02 7364011  795+0.07 21.7740.08 22.55+0.05 | 11.84+0.12 9684015 21171026 17.6140.79 17131084 16.80+0.01
RERR -3.61% -3.07% -3.79% -3.40% -3.59% -2.51% -8.00% -11.44% -8.32% -25.45% -0.70% -2.50%
GWNet 5.1510.02 5.4310.02 7.3810.03 8.0110.04 22.671021 232410920 | 1270002 10.3910.08 22481006 1829+0.12 17451112 17.7940.4s8
GWNet+ | 4.9741002 5.2510.01 T.1240.04 7-T54005 21.611021 22.2840.02|11.5340.08 9.3210.04 20971021 16.1540.07 15.78410.21 16.28.10.32
RERR -3.50% -3.31% -3.52% -3.25% -4.68% -4.13% -9.21% -10.30% -6.72% -11.70% -9.57% -8.49%
MTGNN 5.26-£0.03 5.57+0.03 7.68+0.06 8.314+0.03 22.77+0.10 23.83+061 | 12714003 10.1940.03 22.374+0.05 18.00+0.12 17.0340.06 17.7140.25
MTGNN+ | 5.1210.01 54210.01 7.46+0.04 8.1240.02 22.2810.13 23.1840.03 | 11.9440.15 9.714+0.00 21.0710.26 1690+0.19 16.38+0.36 16.98+0.47
RERR -2.66% -2.69% -2.86% -2.29% -2.15% -2.73% -6.06% -4.71% -5.81% -6.11% -3.82% -4.12%
MSDR 5.65+0.10 6.004+0.14 8.2640.15 8.9910.23 24541059 2589+0.10 | 18494120 15.89+1.02 33.74+2.00 33174167 25274173 25784193
MSDR+ 52510.05  555+0.07 7.68+0.11  83lio.10 23224024 23.86+0.30 | 14.7240.10 11531028 2631i0.3a 21441063 20.6111.00 20.3710.64
RERR -7.08% -7.50% -7.02% -7.56% -5.38% -7.84% -20.39% -27.44% -21.93% -35.36% -18.44% -20.99%
STSSL 518+0.04 544+0.05 7.56+0.06 8.15+0.03 22.53+0.17 23.2240.08 | 12.19+0.14 10.00+0.00 21.70+0.18 19.05+0.37 16.51+0.04 17.21+0.06
STSSL+ 510+0.02  5.35+0.03 745+0.04  8.0310.03 22.36+0.04 22.99+0.05 | 11.83+0.10 9.7410.04 20.8610.10 17.0640.13 16.36+0.01 17.06+0.02
RERR -1.54% -1.65% -1.46% -1.47% -0.76% -0.99% -2.95% -2.60% -3.87% -10.45% -0.91% -0.87%
Dataset PEMSD4 PEMSDS8

Metric MAE | RMSE | MAPE | MAE | RMSE | MAPE |

Type 30 min 2 hours 30 min 2 hours 30 min 2 hours 30 min 2 hours 30 min 2 hours 30 min 2 hours
STGCN 28.8810.55 30.0710.14 42.3640.89 44204021 22214071 209640.45 | 23.6110.42 26.9640.310 34.69410.64 40551073 14.65+0.30 15.35+0.49
STGCN+ | 12451090 15.8710.03 20.001021 26371027 8.111i0.16 9.9240.11 9.75+0.02 12451021 159710.15 21.46+0.31 5.6810.07 6.9810.27
RERR -56.89% -47.22% -52.79% -40.34% -63.48% -52.67% -58.70% -53.82% -53.96% -47.08% -61.23% -54.53%
GWNet 12.5240.09 18.394+0.15 19.96+0.07 29.1810.36 8.40+0.34 11.80+0.25 9.83+0.09 14.5940.16 16.2040.10 23.4640.19 5.9210.16 8.48410.19
GWNet+ | 11.2240.05 14.5840.03 18.27410.05 24.6110.25 7.34+0.02 9.37+0.08 | 8.6240.04 11.8610.07 14.6810.04 20.3010.14 4.8310.06 6.5240.04
RERR -10.38% -20.72% -8.47% -15.66% -8.82% -20.59% -12.31% -22.14% -9.38% -13.47% -22.25% -23.11%
MTGNN 12.2840.07 18.38+0.15 19.8440.00 3040+0.24 7.7040.10 11.2340.32 | 9.6540.08 13.5540.19 15954+0.00 23.1140.18 5.8840.11 7.78+0.30
MTGNN+ | 11.2940.04 15.39+0.07 18.6240.03 25.84+0.25 6.88+0.03 9.30+0.13 | 8.60+0.02 11434011 14.8240.05 20311018 495+0.09  6.89+0.08
RERR -8.06% -16.27% -6.15% -15.00% -10.65% -17.19% -10.88% -15.65% -7.08% -12.12% -18.79% -11.44%
MSDR 27754210 25.66+41.70 44441140 3881+1.96 19.014094 1825417192 | 23.2140.36 23.5640.22 39464051 34.75+0.38 14.0340.33 14.694+0.38
MSDR+ 19.094+0.56 20.59+0.68 31.27+0.91 33171122 12964026 14154054 | 17.6540.14 17.9840.21 34.7240.18 30.62+0.23 99141036 10.4240.25
RERR -31.21% -19.76% -29.64% -14.53% -31.83% -22.47% -23.96% -23.68% -12.01% -11.88% -29.37% -29.07%
STSSL 28.87i0_64 29-22i0.57 41-85i0.66 43.6210_65 21.4810_49 19.9010_59 22.95i0_25 27.1810_85 34.2610.28 40.0110.81 14.7410.22 16.03i0_45
STSSL+ 12.9040.21 1617+0.55 20514020 26.814+0.82 8.2240.17 10.1140.34 | 10.504+0.06 13.77+0.21 16.89+0.16 229140.23 6.30+0.05 8.40+0.15
RERR -55.32% -44.66% -50.99% -38.54% -61.73% -49.20% -54.25% -49.34% -50.70% -42.74% -57.26% -47.60%

compared to the original base models is also shown in Table II.
From the table, we make the following observations.

e Firstly, for all base models, the performance of TGDL
+base-models is significantly better than the corresponding orig-
inal base models in every case, with an average error reduction
rate of 19.37%, 17.62%, and 19.49% in MAE, RMSE, and
MAPE, respectively. This validates the effectiveness of TGDL
as a framework to enhance the predictive capabilities of various
GNN-based models. Such effectiveness can also be generalized
to more traffic data types and even other spatiotemporal domains
beyond traffic. (see Sects. II.D and ILE of the Supplementary
Materials).

e Secondly, GWNet+ outperforms other enhanced models for
two main reasons: (1) Its base version, GWNet, is already a
powerful model capable of capturing complex spatiotemporal
dependencies, thereby providing a strong foundation for accu-
rate prediction. This results in a lower model-induced (MI) error.
(2) With the integration of TGDL, which reduces data-induced
(DI) error, GWNet’s modeling capabilities are fully leveraged.

Consequently, GWNet+ achieves the lowest total error, which
is defined as the summation of the MI and DI errors.

e Thirdly, although the enhanced GWNet achieves the best
overall performance, the relative improvement brought by
TGDL is more pronounced in simpler models such as STGCN.
This finding demonstrates that TGDL effectively reduces the
intrinsic difficulty of the prediction task, thereby diminishing
the necessity for highly complex models. As a result, TGDL
enables lightweight models to achieve competitive accuracy,
making them more suitable for practical applications where
computational resources may be limited.

e Fourthly, for base models with relatively lower original per-
formance, integrating the TGDL framework results in a greater
enhancement, reducing performance differences between base
models with TGDL. Fig. 4(a)—(c) provide additional insight into
this phenomenon. In this figure, we plot the standard deviations
of prediction performance for TGDL +base models and the orig-
inal base models. The white bars show the standard deviations
of base model performance, while the blue bars represent those
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proposed TGDL framework.

of TGDL +base models. The reduced performance standard
deviations for TGDL +base models indicate that, with decom-
position by TGDL, the complexity of the subproblem decreases,
narrowing the performance gap across different models.

e Finally, the performance gains for the PEMS datasets
are significantly greater than those for the NYC datasets be-
cause datasets with higher uncertainty, measured by the entropy
H(Y'|X), tend to benefit more from our TGDL. Fig. 4(d) il-
lustrates the relationship between TGDL’s average performance
gains and data complexity for each dataset, where each point
represents a dataset, and the fitted curve highlights the trend.
As shown in Fig. 4(d), datasets like PEMSD4 and PEMSDS,
which have higher entropy, achieve larger improvements than
NYCBike and NYCTaxi. This disparity arises from dataset
composition: the NYC datasets, limited to a single vehicle type
within one city, exhibit simpler traffic patterns, while the PEMS
datasets include multiple vehicle types across diverse regions,
resulting in more complex and heterogeneous patterns. As a re-
sult, TGDL achieves greater performance improvements on the
PEMS datasets due to their richer structure and decomposability.
Therefore, calculating the entropy of a dataset before applying
TGDL can help identify where the model is likely to provide the
most significant benefits.

2) Comparison With Decomposition Approaches: Table 111
presents the results of TGDL in comparison to other
decomposition-enhanced baselines. Here, the base model for
TGDL is STGCN, chosen as the most widely cited base model.
The following observations can be made:

e Firstly, the classic non-deep methods, HA and SVR, yield
suboptimal results due to their limited expressive power. In
contrast, deep learning models, particularly those enhanced
with TGDL, can capture complex spatiotemporal relationships,
resulting in more accurate predictions.
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e Secondly, the two-stage decomposition prediction ap-
proaches generally underperform compared to end-to-end
paradigms, primarily due to the objective inconsistency between
the decomposition and prediction stages.

e Thirdly, among the baselines with signal decomposition,
SCNN achieves the best average performance. Compared to
other signal decomposition baselines, SCNN decomposes the
input data into a wider variety of component types, increasing the
likelihood of their independence from each other. This approach
aligns with the CI principle, benefiting performance. However,
none of these baselines include explicit mechanisms to ensure
maximal independence of decomposition components, leading
to lower performance than TGDL and its variants.

e Fourthly, the variants TGDL-METIS and TGDL-DBH out-
perform other representative baselines, highlighting that graph
structure decomposition, in addition to signal decomposition, is
also crucial for ensuring component independence and reducing
prediction error. Furthermore, the TGDL framework in these
variants promotes component independence, which contributes
to improved performance.

e Finally, our proposed TGDL consistently outperforms all
other baselines across all four datasets (including more recent
SOTA methods in Sect. II1.C of the Supplementary Materials),
verifying the effectiveness of our method. The performance of
TGDL-METIS and TGDL-DBH is slightly lower than that of
TGDL, likely because these variants separately optimize the
structure and signal decomposition modules, whereas TGDL
jointly optimizes both modules in an end-to-end manner.

C. Further Analysis of TGDL

1) Ablation Study: We conduct an ablation study to analyze
how each of the proposed components affects the final prediction
performance. We prepare five variants for comparison: 1) w/o
GSD: This variant removes the graph structure decomposition
module, using the original graph as the input structure for each
ST block. 2) w/o RDF: This variant removes the residual decom-
position flow described in Section IV-C. 3) w/o IR: This variant
excludes all independence regularization terms, including those
in (25) and (36). 4) w/o GSD+IR: This variant is the combination
of w/o GSD and w/o IR. 5) w/o RDF+IR: This variant is the
combination of w/o RDF and w/o IR. The last two variants aim
to examine the synergistic effects among different modules and
constraints.

The results, using STGCN as the base model, are shown in
Table IV. As illustrated, each component contributes to perfor-
mance improvement. Specifically, the performance of variants
(1) and (2) shows a significant decrease on the PEMSD datasets,
suggesting that our proposed decomposition of structure and
signal is particularly effective for modeling traffic data with
complex component coupling. The performance drop in variant
(3) highlights the effectiveness of the independence constraint.
Moreover, variants (4) and (5) exhibit a notable decline in perfor-
mance, suggesting the presence of a synergistic effect among the
proposed modules, i.e., the combined effect of multiple modules
exceeds the sum of their individual contributions. Additionally,
variant (5) performs worse than variant (4), indicating that the
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TABLE III
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PERFORMANCE COMPARISON OF VARIOUS METHODS REGARDING MAE, RMSE, AND MAPE (%), WITH THE BEST IN BOLD AND THE SECOND-BEST UNDERLINED

Dataset NYCBike NYCTaxi
Metric MAE | RMSE | MAPE | MAE | RMSE | MAPE |
Type In Out In Out In Out In Out In Out In Out
HA 10.85 11.09 16.91 17.50 45.68 46.98 36.76 28.51 66.87 56.68 46.72 44.02
SVR 8.48 8.59 13.67 14.31 34.63 34.63 35.81 28.65 68.91 58.05 45.62 4347
PTD-XFMR 7.77 +0.08 81240.12 11214013 12444022 33434028 35124043 | 17.53+0.15 13.56+0.06 30.8940.32 23.86+0.14 22.79+0.15 22.06+0.08
EMD-XFMR | 7.1840.21 7831024 10611036 11571044 31351076 33731074 | 17154085 12624013 29194061 22321028 21321038 21.38:0.21
CoST 6.5840.01 7.06+0.03  947+0.03 10.2940.04 30.10+0.23 31.5510.38 | 174510.16 13.73+0.05 30271029 24.9640.28 24704022 23.6640.17
D2STGNN 5.63+0.34 5.9540.45 8.07+0.57 8.80+0.905 24741156 25.73+1.45 | 1650+£0.99 13.60+0.42 29241164 2529+067 20.071055 19.20+40.22
STWave 7114+0.36 7.63+0.47 10304053 11.3340.81 30.3941.34 32.60+1.79 | 16.38+0.54 12.5540.25 28.89+1.16 22.64+051 21.3140.66 20.78+0.40
SCNN 6.10+0.14 6.5940.14 8.79+0.25 9.87+0.26 27771060 29.31+o61 | 14324030 11.39+0.16 24.671059 19.63+0.31 21.0310.34 21.2310.23
TGDL-METIS | 5.184+0.02  546+0.02  7.62+0.04  8.09+t0.07 22111012 23.0910.34 | 11941010 9.8340.15 21.62+0.22 18.721052 18.81tos5 17.2540.30
TGDL-DBH 5.16+0.04  550+0.06  7.50+0.05 8154032 22104052 23.0940.62 | 12.35+0.03 10.01+0.15 21.8140.22 18.30+0.27 18.20+0.05 18.54+0.32
TGDL 5.0710.05 5.8364002 7.3610.11 7.951007 21.77T10.08 22.5510.05|11.8410.12 9.681015 21.1710.26 17.611079 17.131084 16.8010.01
Dataset PEMSD4 PEMSDS8
Metric MAE | RMSE | MAPE | MAE | RMSE | MAPE |
Type 30 min 2 hours 30 min 2 hours 30 min 2 hours 30 min 2 hours 30 min 2 hours 30 min 2 hours
HA 40.70 63.33 61.78 89.72 32.80 53.44 37.03 55.74 54.15 77.98 24.84 36.67
SVR 40.80 47.59 61.57 71.09 32.75 34.17 36.83 41.43 54.88 59.99 26.20 26.67
PTD-XEMR | 20.1940.32 28184018 30194024 42244045 12254005 183741025 | 18224024 28524011 26924041 41674014 10171021 164240.20
EMD-XFMR 19.2710.63 26954051 2855+0.73 39.8l+0.75 11.7640.54 17.0740.52 | 17.754+0.45 27.0240.39 25184063 41.37+0.62 9.8640.45 15.58+0.41
CoST 21.00+0.46 24.59+0.60 32711056 37.07+0.73 14791030 17961071 | 20.87+0.03 25.04+0.07 3278+0.11  37.90+0.13 12.00+0.05 14.78+0.06
D2STGNN 17.07+1.99 229141.26 24.6441.35 34784119 15214576 16.6543.07 | 155140.18 23934083 232540.05 349841057 12374062 21.8541.44
STWave 18.4641.12 26.03+1.51 28.03+1.45 39794176 11514096 16.89+1.14 | 16924159 26.20+0.59 25.0942.04 39454123 9.6240.87 15464078
SCNN 13.7940.28 21.7240.69 22.074+0.45 34.83+1.19 837+0.19 13.7440.44 | 10.7840.26 16.8240.18 17194040 26.20+0.31 6244015 9.91+0.09
TGDL-METIS | 13.2140.45 17154021 21.304+0.76 28.80+0.44 8.33+0.39 10.3640.11 | 10.85+0.08 13.2940.22 17454029 2240+0.12 6.4640.15 7.6440.10
TGDL-DBH 12824055 16.3540.27 21.0740.13 27304027 8274018 10.0940.15 | 10.3140.04 13.1840.12 16.5910.22 22204062 6.1940.10 7.6040.32
TGDL 12.4510.20 15.87+0.03 20.00+0.21 26.371027 8.1110.16 9.9240.11 | 9.7510.02 12.451021 15.9710.15 21.4610.31 5.68+0.07 6.9810.27
TABLE IV B .25 025,035,031 0.16 047 0.13 011 016 005 0.05 [ 1o
ABLATION STUDY ON ALL DATASETS REGARDING THE OVERALL BB051 0.13 014 0.13 0,110
036 0.32 0.13 014 013 0.11 0 o.0s [T “0s
PERFORMANCE 0.35 0.40 0. pRCIVE] 0.34 0.32 0.32 0.29 0.30 0.25 0.24|
031 031 0.32[REREN 043 0.47 0.42 0.37 0.44 0.34 0.31 NN o6
Dataset NYCBike NYCTaxi
04 o4
Metric MAE RMSE MAPE | MAE RMSE MAPE
02 02
(0): TGDL 522 7.66 2252 |10.63 18.88 17.07
(1): w/o0 GSD 528 773 2254 |10.71 1925 1736 00 oo
(2): w/o RDF 530 779 2278 |11.37 21.01 1743 ind b
3): w/o IR 527 775 2257 |1140 2134 17.29 (@) w/oin (b) TGDL
(4): w/o GSD+IR | 545 8.05 23.14 (1194 21.76 17.61 Fie. 5. Visualizati ¢ ati i dicti ¢ different
ig. 5. isualization of correlation matrices among predictions of differen
(5): w/oRDF+IR | 589 846 2577 |12.65 23.13 19.30 & ! & pree jere
components on the PEMSDS8 dataset. Higher values and brighter colors signify
Dataset PEMSD4 PEMSDS lower levels of independence.
Metric MAE SE_MAPE | MAE SE_MAPE decomposed components of different subgraphs are shown in
(0): TGDL 14.25 2351 896 |11.56 19.46 6.57 ]i) A P h he (k. k')-th lg P h
(1): w/0 GSD 15.63 25.33 999 |12.67 21.40 7.04 a corre ?tlon matrix, where the ( ,/ )-t element represents the
(2): w/0 RDF 1535 2508 982 |1313 21.67 7.49 correlation between the k-th and &’-th subgraphs. Values closer
(3): w/o IR 15.67 2558 9.80 |12.63 21.13 7.22 to 1 indicate higher correlation.
(4):w/0o GSD+IR | 16.12 2597 1024 |13.09 2244 7.28 Fig. 5(a) presents the correlation matrix for TGDL without in-
(5): w/oRDF+IR | 1679 2693 1032 |14.32 2478  7.96 dependence regularization (denoted as w/o ind), while Fig. 5(b)

synergy between signal decomposition and the independence
regularization term plays a particularly critical role in enhancing
model performance.

2) Analysis of Independence Regularization: Guided by the
CI principle, the TGDL framework incorporates two indepen-
dence regularizations to encourage mutual independence among
the decomposed components across different subgraphs. Fig. 5
illustrates the effects of independence regularization using the
PEMSDS dataset with STGCN-based TGDL as an example. In
this experiment, we decompose the traffic state of the PEMSDS8
dataset into twelve subgraphs. The correlations between the

shows the matrix for the complete TGDL model. As illustrated,
the correlations among subgraphs in TGDL are substantially
lower than those in w/o ind, demonstrating that the proposed
independence regularization effectively promotes component
independence. Notably, some non-zero inter-component corre-
lations persist after decomposition, indicating that TGDL re-
tains the flexibility to model long-range or global interactions
when necessary. Additionally, Table V reports results for other
datasets, summarizing the average correlations from the upper
triangular portion of the correlation matrix. As shown, indepen-
dence regularization reduces correlation by over 50%, thereby
significantly lowering DI errors.
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(a) w/o TGDL

(b) w/o training (S = 0.27)
Fig. 6.
TABLE V

NORMALIZED MUTUAL INFORMATION BETWEEN PREDICTIONS OF DIFFERENT
COMPONENTS. A MEASURES THE RELATIVE REDUCTION RATE

Dataset NYCBike NYCTaxi PEMSD4 PEMSDS8
w/oind  0.2305 0.6197 0.2306 0.3616
TGDL 0.0957 0.1678 0.0603 0.0585
A -58.48%  -72.92%  -73.85%  -83.82%

3) Analysis of Signal Representations: To further examine
the role of the independence regularization terms in TGDL, we
visualize the embedding distribution for the signal representa-

tion matrix H §k) generated by the signal decomposition in (32).
Here, H Ek) represents the ¢-th sample of subgraph k. For the
visualization, we generate H Ek) for all samples in the PEMSD8

dataset and apply the ¢-SNE algorithm [91] to convert H §"’) into
two-dimensional embedding vectors.

Fig. 6 illustrates the embedding distributions under various
conditions. Specifically, Fig. 6(a) shows the embeddings of
the base model (STGCN), Fig. 6(b) presents the TGDL model
without training, Fig. 6(c) depicts the TGDL model without in-
dependence regularization, and Fig. 6(d) represents the complete
TGDL model. For comparison, Fig. 6(e) shows the embedding
distribution of the best signal decomposition-based baseline,
SCNN. In these figures, each scatter point represents a sam-
ple, with colors distinguishing different subgraphs. To quantify
these distributions, we calculate the silhouette score [92], which
reflects the cohesion and separation within clusters.

The embeddings generated by the base model are relatively
dispersed, lacking clear clustering patterns. In TGDL without
training, the embeddings show some spread, which is expected
given that training has not started. For TGDL without inde-
pendence regularization, most embeddings are well separated,
though some overlap remains. The complete TGDL model,
however, clearly separates all embeddings, demonstrating the
effectiveness of the independence regularization. We also find
that the decomposed components in Fig. 6(d) correspond to
distinct and interpretable traffic patterns (see Sect. I.A of the
Supplementary Materials). Furthermore, while the SCNN model
can distinguish the embeddings, it struggles to cluster samples
from the same subcomponent effectively. Comparing the sil-
houette scores between SCNN and the TGDL variants, we find
that the decomposition effect of TGDL without independence
regularization is still superior to SCNN. This result helps explain
TGDL’s performance advantage over SCNN.

() w/oind (S = 0.68)
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Scatter plots for embeddings trained by different models. The color indicates distinct decomposed components. “S” is Silhouette Score.
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4) Scalability Experiments: The TGDL model decomposes
the input traffic data into multiple components and employs
multiple base models to predict future traffic states. As a result,
a TGDL model with K base models contains K times the
parameters of a single base model. This raises a natural question:
is the observed performance improvement of TGDL merely a
consequence of increased model parameters? To investigate this,
we conduct scalability experiments, as shown in Fig. 7. In these
experiments, we evaluate the performance, training time, and
memory usage of TGDL with 2 to 11 subgraphs, using STGCN
as the base model and PEMSDS as the dataset. For comparison,
we construct standard STGCN models with 2 to 11 layers,
connected via residual connections, so that an STGCN model
with K layers has approximately the same parameter count as
TGDL with K STGCN base models.

As shown in Fig. 7, increasing the number of layers allows the
TGDL-enhanced model to effectively utilize additional param-
eters for improved performance. In contrast, the performance of
the stacked base model remains stable, indicating that STGCN
may have already minimized MI errors for the original data.
However, TGDL can further reduce the total error by decreasing
the DI error in each subgraph. Regarding training time and
memory usage, both models perform similarly, with only a slight
increase in training time as parameter count grows and memory
usage remaining relatively stable between 2-3 GB. Overall,
TGDL enhances the scalability of the base model without in-
creasing time or memory costs.

Additionally, we compare our model with recent unified large
models in terms of generalization performance and training cost
(see Sect. II.LB of the Supplementary Materials). The results
indicate that, while unified models provide some cross-scenario
generalization, they require large parameter sizes and still need
fine-tuning for new scenarios. In contrast, TGDL achieves com-
parable or superior performance with a lightweight base model,
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demonstrating greater efficiency and adaptability at significantly
lower computational cost.

5) Impact of Hyper-Parameters: In our experiments, we use
the default hyper-parameter setups from the official open-source
code of the base models. These parameters have been carefully
configured by the original authors to ensure state-of-the-art per-
formance. The only hyperparameter introduced by our approach
is the number K of decomposed subgraphs. To examine the
impact of this parameter, we vary K from 2 to 15 across all
four datasets, using STGCN as the base model. As shown in
Fig. 8, too few subgraphs significantly degrade performance, as
this configuration fails to capture the effects of multiple factors
within the traffic data. As K increases, performance stabilizes
or improves marginally. Based on these findings, we set K to 6,
6,7, and 12 for NYCBike, NYCTaxi, PEMSD4, and PEMSDS,
respectively, achieving an optimal balance between performance
and model complexity.

VI. CONCLUSION AND FUTURE WORK

Conclusion: This work addressed the traffic prediction prob-
lem from a decomposition perspective. Specifically, we adopted
a “decompose, then predict” paradigm and established a ro-
bust theoretical foundation for it using information theory.
We derived sufficient conditions under which a decomposition
algorithm could improve traffic prediction, formalized as the
Component Independence Principle. Building on this, we pro-
posed a flexible Theory-guided Graph Decomposition Learning
(TGDL) framework, which comprises (1) a graph structure de-
composition module with structure independence regularization
that divides the input traffic graph into independent subgraphs,
(2) a graph signal decomposition module that iteratively decou-
ples signals for each subgraph using a residual decomposition
flow with signal independence regularization, and (3) a traffic
prediction module that combines the predicted signals of each
subgraph to generate final predictions. Extensive experiments on
four traffic datasets validated the portability and effectiveness of
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TGDL. As a framework, TGDL can be flexibly applied to sig-
nificantly improve a range of base models in spatiotemporal pre-
diction tasks. Further analysis of the decomposed components
confirmed that the proposed model adhered to the Component
Independence Principle.

Limitation and Future Work: Our work has several limitations
that warrant further investigation. First, while the current theo-
retical framework based on the CI principle establishes a suffi-
cient condition for effective decomposition, it does not address
necessity. Decompositions that do not satisfy the CI principle
may still be beneficial in practice, but they are not covered by
the current theoretical analysis. This leaves room for deeper
theoretical exploration in future work. Second, we employ the
CLUB estimator to approximate the mutual information between
components in (36); however, it may introduce estimation errors,
potentially affecting the accuracy of the regularization. Third,
from a theoretical perspective, the CI Principle is not explicitly
limited to traffic state data. However, in the present work, we
restrict our attention to urban traffic data for both model design
and empirical evaluation. Consequently, the applicability of the
CI principle and the proposed TGDL framework to other spa-
tiotemporal graph domains has not been explored in a systematic
manner. Investigating such extensions remains beyond the scope
of this study and is left for future work. Fourth, although our
theoretical analysis characterizes how reducing data-induced
uncertainty constrains the probability of prediction errors, it does
not yield tight, metric-level guarantees for continuous regression
losses such as MAE or RMSE. Establishing a stronger theoret-
ical connection between uncertainty reduction and continuous
prediction metrics remains an open direction for future research.

REFERENCES

[1] J. Cheng et al., “POI-Enhancer: An LLM-based semantic enhancement
framework for POI representation learning,” in Proc. AAAI Conf. Artif.
Intell., 2025, pp. 11509-11517.

[2] J.Jietal., “Precision CityShield against hazardous chemicals threats via
location mining and self-supervised learning,” in Proc. 28th ACM SIGKDD
Conf. Knowl. Discov. Data Mining, 2022, pp. 3072-3080.

[3] K. H. Hettige et al., “AirPhyNet: Harnessing physics-guided neural net-
works for air quality prediction,” in Proc. Int. Conf. Learn. Representa-
tions, 2024, pp. 1-12.

[4] C. Han et al., “Bridging traffic state and trajectory for dynamic road
network and trajectory representation learning,” in Proc. AAAI Conf. Artif.
Intell., 2025, vol. 39, no. 11, pp. 11763-11771.

[5] Q. Zhang et al., “Efficient traffic prediction through spatio-temporal dis-
tillation,” in Proc. AAAI Conf. Artif. Intell., 2025, pp. 1093-1101.

[6] J. Wang et al., “High-resolution data on human behavior for effective
COVID-19 policy-making—Wuhan City, Hubei Province, China, january
1-february 29, 2020,” China CDC Weekly, vol. 5, no. 4, pp. 76-81,
2023.

[7]1 G.Jinetal., “Spatio-temporal graph neural networks for predictive learning
in urban computing: A survey,” IEEE Trans. Knowl. Data Eng., vol. 36,
no. 10, pp. 5388-5408, Oct. 2024.

[8] J. Wang et al., “LibCity: An open library for traffic prediction,” in Proc.
29th Int. Conf. Adv. Geographic Inf. Syst., 2021, pp. 145-148.

[91 W. Zhang et al., “VecCity: A taxonomy-guided library for map entity

representation learning,” Proc. IEEE Symp. Very Large-Scale Data Anal.

Vis., vol. 18, no. 8, pp. 2575-2588, 2025.

Y. Hong et al., “STKOpt: Automated spatio-temporal knowledge opti-

mization for traffic prediction,” in Proc. Int. Conf. World Wide Web, 2025,

pp. 2238-2249.

J. Ji et al., “STDEN: Towards physics-guided neural networks for traffic

flow prediction,” in Proc. AAAI Conf. Artif. Intell., 2022, vol. 36, no. 4,

pp. 4048-4056.

[10]

(1]

Authorized licensed use limited to: BEIHANG UNIVERSITY. Downloaded on September 04,2026 at 14:59:01 UTC from IEEE Xplore. Restrictions apply.



5458

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

IEEE TRANSACTIONS ON PATTERN ANALY SIS AND MACHINE INTELLIGENCE, VOL. 48, NO. 5, MAY 2026

J. Wang et al., “Empowering A* search algorithms with neural networks
for personalized route recommendation,” in Proc. 25th ACM SIGKDD Int.
Conf. Knowl. Discov. Data Mining, 2019, pp. 539-547.

R. Dai et al., “Hybrid spatio-temporal graph convolutional network:
Improving traffic prediction with navigation data,” in Proc. 26th ACM
SIGKDD Int. Conf. Knowl. Discov. Data Mining, 2020, pp. 3074-3082.
J. Wang et al., “Traffic speed prediction and congestion source explo-
ration: A deep learning method,” in Proc. Int. Conf. Data Mining, 2016,
pp. 499-508.

J. Ji et al., “Spatio-temporal self-supervised learning for traffic flow
prediction,” in Proc. AAAI Conf. Artif. Intell., 2023, pp. 4356—4364.

S. V. Kumar and L. Vanajakshi, “Short-term traffic flow prediction using
seasonal arima model with limited input data,” Eur. Transport Res. Rev.,
vol. 7, no. 3, p. 21, 2015.

I. Okutani and Y. J. Stephanedes, “Dynamic prediction of traffic volume
through Kalman filtering theory,” Transp. Res. Part B, Methodological,
vol. 18, no. 1, pp. 1-11, 1984.

D. Liuetal., “MSDR: Multi-step dependency relation networks for spatial
temporal forecasting,” in Proc. 28th ACM SIGKDD Conf. Knowl. Discov.
Data Mining, 2022, pp. 1042—1050.

Y. Lietal., “Diffusion convolutional recurrent neural network: Data-driven
traffic forecasting,” in Proc. Int. Conf. Learn. Representations, 2018,
pp. 1-10.

J. Wang et al., “Traffic flow prediction based on spatiotemporal po-
tential energy fields,” IEEE Trans. Knowl. Data Eng., vol. 35, no. 9,
pp. 9073-9087, Sep. 2023.

Z. Wu et al., “Graph wavenet for deep spatial-temporal graph modeling,”
in Proc. Int. Joint Conf. Artif. Intell., 2019, pp. 1907-1913.

J. Jiang et al., “PDFormer: Propagation delay-aware dynamic long-range
transformer for traffic flow prediction,” in Proc. AAAI Conf. Artif. Intell.,
2023, vol. 37, no. 4, pp. 4365-4373.

Y. Yuan et al., “Unist: A prompt-empowered universal model for urban
spatio-temporal prediction,” in Proc. 30th ACM SIGKDD Conf. Knowl.
Discov. Data Mining, 2024, pp. 4095-4106.

Y. Fang et al., “Efficient large-scale traffic forecasting with transformers: A
spatial data management perspective,” in Proc. 31st ACM SIGKDD Conf.
Knowl. Discov. Data Mining, 2025, pp. 307-317.

J. Zhang, Y. Zheng, and D. Qi, “Deep spatio-temporal residual networks
for citywide crowd flows prediction,” in Proc. AAAI Conf. Artif. Intell.,
2017, pp. 1655-1661.

X. Zhang et al., “Traffic flow forecasting with spatial-temporal graph
diffusion network,” in Proc. AAAI Conf. Artif. Intell., 2021, vol. 35, no. 17,
pp. 15008-15015.

J. Han et al., “BigST: Linear complexity spatio-temporal graph neural
network for traffic forecasting on large-scale road networks,” Proc. VLDB
Endowment, vol. 17, no. 5, pp. 1081-1090, 2024.

Y. Yao, X. Dai, and Y. Lv, “Leveraging heterogeneous experts with
advantageous pattern memory learning for traffic prediction,” in Proc.
IEEE Int. Conf. Data Eng., 2025, pp. 3342-3355.

Z. Dong et al., “Heterogeneity-informed meta-parameter learning for
spatiotemporal time series forecasting,” in Proc. 30th ACM SIGKDD Conf.
Knowl. Discov. Data Mining, 2024, pp. 631-641.

Z. Fan, X. Song, and R. Shibasaki, “Cityspectrum: A non-negative tensor
factorization approach,” in Proc. ACM Int. Joint Conf. Pervasive Ubiqui-
tous Comput., 2014, pp. 213-223.

J. Wang, J. Wu, Z. Wang, F. Gao, and Z. Xiong, “Understanding urban
dynamics via context-aware tensor factorization with neighboring regular-
ization,” IEEE Trans. Knowl. Data Eng., vol. 32, no. 11, pp. 2269-2283,
Nov. 2020.

J. Deng et al., “Disentangling structured components: Towards adaptive,
interpretable and scalable time series forecasting,” IEEE Trans. Knowl.
Data Eng., vol. 36, no. 8, pp. 3783-3800, Aug. 2024.

G. Woo et al., “CoST: Contrastive learning of disentangled seasonal-trend
representations for time series forecasting,” in Proc. Int. Conf. Learn.
Representations, 2022, pp. 1-11.

J. Wangetal., “Multilevel wavelet decomposition network for interpretable
time series analysis,” in 24th ACM SIGKDD Conf. Knowl. Discov. Data
Mining, 2018, pp. 2437-2446.

S. Soltani, “On the use of the wavelet decomposition for time series
prediction,” Neurocomputing, vol. 48, no. 1-4, pp. 267-277, 2002.

Z. Shao et al., “Decoupled dynamic spatial-temporal graph neural net-
work for traffic forecasting,” Proc. VLDB Endowment, vol. 15, no. 11,
pp. 2733-2746, 2022.

S. He, J. Ji, and M. Lei, “Decomposed spatio-temporal mamba for
long-term traffic prediction,” in Proc. AAAI Conf. Artif. Intell., 2025,
pp. 11772-11780.

[38]

[39]

[40]

[41]
[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]

[52]

[53]

[54]

[55]

[56]

[57]

[58]

[59]

[60]

[61]

[62]

Z. Li et al., “SSL-STMFormer: Self-supervised learning spatio-temporal
entanglement transformer for traffic flow prediction,” in Proc. AAAI Conf.
Artif. Intell., 2025, pp. 12130-12138.

Y. Fang et al., “When spatio-temporal meet wavelets: Disentangled traffic
forecasting via efficient spectral graph attention networks,” in Proc. IEEE
Int. Conf. Data Eng., 2023, pp. 517-529.

L. Cao et al., “Spatiotemporal-aware trend-seasonality decomposition
network for traffic flow forecasting,” in Proc. AAAI Conf. Artif. Intell.,
2025, pp. 11463-11471.

C. Song et al., “Limits of predictability in human mobility,” Science,
vol. 327, no. 5968, pp. 1018-1021, 2010.

J. Wang et al., “Predictability of road traffic and congestion in urban areas,”
PLoS One, vol. 10, no. 4, 2015, Art. no. e0121825.

R. M. Fano and D. Hawkins, “Transmission of information: A statistical
theory of communications,” Amer. J. Phys., vol. 29, no. 11, pp. 793-794,
1961.

F. Chen et al., “Graph convolutional networks with Kalman filtering for
traffic prediction,” in Proc. 28th Int. Conf. Adv. Geographic Inf. Syst., 2020,
pp. 135-138.

H. Yao et al., “Revisiting spatial-temporal similarity: A deep learning
framework for traffic prediction,” in Proc. AAAI Conf. Artif. Intell., 2019,
pp. 5668-5675.

J. Zhang, Y. Zheng, J. Sun, and D. Qi, “Flow prediction in spatio-temporal
networks based on multitask deep learning,” IEEE Trans. Knowl. Data
Eng., vol. 32, no. 3, pp. 468478, Mar. 2020.

J. Jiet al., “Seeing the unseen: Learning basis confounder representations
for robust traffic prediction,” in Proc. 31st ACM SIGKDD Conf. Knowl.
Discov. Data Mining, 2025, pp. 577-588.

X. Yu et al., “BIGCity: A universal spatiotemporal model for unified
trajectory and traffic state data analysis,” in Proc. IEEE Int. Conf. Data
Eng., 2025, pp. 4455-4469.

C.-C. M. Yeh et al.,, “RPMixer: Shaking up time series forecast-
ing with random projections for large spatial-temporal data,” in
Proc. 30th ACM SIGKDD Conf. Knowl. Discov. Data Mining, 2024,
pp. 3919-3930.

Z. Li et al., “UrbanGPT: Spatio-temporal large language models,” in
Proc. 30th ACM SIGKDD Conf. Knowl. Discov. Data Mining, 2024,
pp. 5351-5362.

P. Montero-Manso and R. J. Hyndman, “Principles and algorithms for fore-
casting groups of time series: Locality and globality,” Int. J. Forecasting,
vol. 37, no. 4, pp. 1632-1653, 2021.

Z. Xu et al., “Ultra-flexible, explainable, and scalable traffic prediction
with dynamic future routes,” in Proc. IEEE Int. Conf. Data Eng., 2025,
pp. 3288-3301.

J. Wang et al., “WHEN: A wavelet-DTW hybrid attention network for
heterogeneous time series analysis,” in Proc. 29th ACM SIGKDD Conf.
Knowl. Discov. Data Mining, 2023, pp. 2361-2373.

C. Yang et al, “Learning universal multi-level market irra-
tionality factors to improve stock return forecasting,” in Proc.
31st ACM SIGKDD Conf. Knowl. Discov. Data Mining, 2025,
pp. 1739-1750.

J. Wang et al., “Alphastock: A buying-winners-and-selling-losers invest-
ment strategy using interpretable deep reinforcement attention networks,”
in Proc. 25th ACM SIGKDD Conf. Knowl. Discov. Data Mining, 2019,
pp. 1900-1908.

H. Ren, J. Wang, and W. X. Zhao, “Generative adversarial networks
enhanced pre-training for insufficient electronic health records modeling,”
in Proc. 28th ACM SIGKDD Conf. Knowl. Discov. Data Mining, 2022,
pp. 3810-3818.

H. Ren, J. Wang, and W. X. Zhao, “RSD: A reinforced Siamese network
with domain knowledge for early diagnosis,” in Proc. 31st ACM Int. Conf.
Inf. Knowl. Manage., 2022, pp. 1675-1684.

C. Duchon and R. Hale, Time Series Analysis in Meteorology and Clima-
tology: An Introduction, Hoboken, NJ, USA: Wiley, 2012.

X. Qiu et al., “Empirical mode decomposition based ensemble deep
learning for load demand time series forecasting,” Appl. Soft Comput.,
vol. 54, pp. 246-255, 2017.

W. Zhou et al., “Real-time traffic flow forecasting via a novel method
combining periodic-trend decomposition,” Sustainability, vol. 12, no. 15,
2020, Art. no. 5891.

K. Pholsena, L. Pan, and Z. Zheng, “Mode decomposition based deep
learning model for multi-section traffic prediction,” World Wide Web,
vol. 23, no. 4, pp. 2513-2527, 2020.

W. Weng et al., “A decomposition dynamic graph convolutional recur-
rent network for traffic forecasting,” Pattern Recognit., vol. 142, 2023,
Art. no. 109670.

Authorized licensed use limited to: BEIHANG UNIVERSITY. Downloaded on September 04,2026 at 14:59:01 UTC from IEEE Xplore. Restrictions apply.



JI et al.: HOW TO BREAK IT DOWN FOR BUILDING IT UP? THEORY-GUIDED GRAPH DECOMPOSITION LEARNING 5459

[63]

[64]

[65]
[66]
[67]

[68]

[69]

[70]

[71]

[72]

(73]

[74]

[75]

[76]

(771

[78]
[79]
[80]

[81]

[82]

[83]

[84]

[85]

[86]

[87]

[88]

[89]

[90]

G. Karypis and V. Kumar, “METIS: A software package for partitioning
unstructured graphs, partitioning meshes, and computing fill-reducing
orderings of sparse matrices,” Dept. Comput. Sci. Eng., Univ. Minnesota,
pp. 21-33, 1997.

C. Xie et al., “Distributed power-law graph computing: Theoretical
and empirical analysis,” in Proc. Adv. Neural Inf. Process. Syst., 2014,
pp. 1673-1681.

A. E. Feldmann and L. Foschini, “Balanced partitions of trees and appli-
cations,” Algorithmica, vol. 71, no. 2, pp. 354-376, 2015.

G. Karypis and V. Kumar, “Multilevel k-way hypergraph partitioning,” in
Proc. 36th Annu. ACM/IEEE Des. Automat. Conf., 1999, pp. 343-348.
A.Y.Ng, M. I Jordan, and Y. Weiss, “On spectral clustering: Analysis and
an algorithm,” in Proc. Adv. Neural Inf. Process. Syst., 2001, pp. 849-856.
T. Kawamoto, M. Tsubaki, and T. Obuchi, “Mean-field theory of graph
neural networks in graph partitioning,” in Proc. Adv. Neural Inf. Process.
Syst., 2018, pp. 4366-4376.

M.-S. Chen, X.-R. Zhu, J.-Q. Lin, and C.-D. Wang, “Contrastive multiview
attribute graph clustering with adaptive encoders,” IEEE Trans. Neural
Networks Learn. Syst., vol. 36, no. 4, pp. 7184-7195, Apr. 2025.

Z. Tao et al., “Adversarial graph embedding for ensemble clustering,” in
Proc. Int. Joint Conferences Artif. Intell. Org., 2019, pp. 3562-3568.

T. Mallick et al., “Graph-partitioning-based diffusion convolutional recur-
rent neural network for large-scale traffic forecasting,” Transp. Res. Rec.,
vol. 2674, no. 9, pp. 473-488, 2020.

S. Monaco, D. Apiletti, and G. Malnati, “Theory-guided deep learning
algorithms: An experimental evaluation,” Electronics, vol. 11, no. 18,
2022, Art. no. 2850.

R. Wang et al., “Towards physics-informed deep learning for turbulent
flow prediction,” in Proc. 26th ACM SIGKDD Conf. Knowl. Discov. Data
Mining, 2020, pp. 1457-1466.

M. Xie, Z. Jiang, and A. M. Sainju, “Geographical hidden Markov tree for
flood extent mapping,” in Proc. 24th ACM SIGKDD Conf. Knowl. Discov.
Data Mining, 2018, pp. 2545-2554.

J. Ji et al., “Interpretable spatiotemporal deep learning model for traffic
flow prediction based on potential energy fields,” in Proc. Int. Conf. Data
Mining, 2020, pp. 1076-1081.

P. Deng et al., “Spatio-temporal neural structural causal models for bike
flow prediction,” in Proc. AAAI Conf. Artif. Intell., 2023, vol. 37, no. 4,
pp. 4242-4249.

Y. Xia et al., “Deciphering spatio-temporal graph forecasting: A causal
lens and treatment,” in Proc. Adv. Neural Inf. Process. Syst., 2024, vol. 36,
pp. 37068-37088.

1. Goodfellow, Y. Bengio, and A. Courville, Deep Learning. Cambridge,
MA, USA: MIT Press, 2016.

G. Boffetta et al., “Predictability: A way to characterize complexity,” Phys.
Rep., vol. 356, no. 6, pp. 367474, 2002.

P. Domingos, “A unified bias-variance decomposition,” in Proc. Int. Conf.
Mach. Learn., 2000, pp. 231-238.

J. E. Taylor, G. A. Rousselet, and S. C. Sereno, “Can prediction error
explain predictability effects on the nl during picture-word verification?,”
Imag. Neurosci., vol. 2, pp. 1-24, 2024.

X. Geng et al., “Spatiotemporal multi-graph convolution network for
ride-hailing demand forecasting,” in Proc. AAAI Conf. Artif. Intell., 2019,
vol. 33, no. 01, pp. 3656-3663.

F. Li et al., “Automated spatio-temporal synchronous modeling with
multiple graphs for traffic prediction,” in Proc. 31st ACM Int. Conf. Inf.
Knowl. Manage., 2022, pp. 1084-1093.

B. Yu, H. Yin, and Z. Zhu, “Spatio-temporal graph convolutional networks:
A deep learning framework for traffic forecasting,” in Proc. Int. Joint Conf.
Artif. Intell., 2018, pp. 3634-3640.

P. Cheng et al., “CLUB: A contrastive log-ratio upper bound of mutual
information,” in Proc. Int. Conf. Mach. Learn., 2020, pp. 1779-1788.

S. Liu, E. Johns, and A. J. Davison, “End-to-end multi-task learning with
attention,” in Proc. IEEE Conf. Comput. Vis. Pattern Recognit., 2019,
pp. 1871-1880.

C. Chen et al., “Freeway performance measurement system: Mining loop
detector data,” Transp. Res. Rec., vol. 1748, no. 1, pp. 96-102, 2001.

S. Guo et al., “Attention based spatial-temporal graph convolutional net-
works for traffic flow forecasting,” in Proc. AAAI Conf. Artif. Intell., 2019,
vol. 33, no. 01, pp. 922-929.

Z. Wu et al., “Connecting the dots: Multivariate time series forecasting
with graph neural networks,” in Proc. 26th ACM SIGKDD Conf. Knowl.
Discov. Data Mining, 2020, pp. 753-763.

W. Lu et al., “Traffic flow prediction for highway vehicle detectors
through decomposition and machine learning,” Transp. Lett., vol. 17,no. 2,
pp. 260-280, 2025.

[91] L. Vander Maaten and G. Hinton, “Visualizing data using t-SNE,” J. Mach.
Learn. Res., vol. 9, no. 11, 2008.

[92] P. J. Rousseeuw, “Silhouettes: A graphical aid to the interpretation and
validation of cluster analysis,” J. Comput. Appl. Math., vol. 20, pp. 53-65,
1987.

Jiahao Ji received the BS degree in 2019 from
Beihang University, where he is currently working
toward the PhD degree with the School of Computer
Science and Engineering. His research interests in-
clude spatiotemporal data mining, interpretable ma-
chine learning, and urban computing.

Jingyuan Wang received the PhD degree from the
Department of Computer Science and Technology,
Tsinghua University. He is currently a professor with
the School of Computer Science and Engineering
and School of Economics and Management, Beihang
University. He is also the head of Beihang Interest
Group on SmartCity (BIGSCity) and vice director of
Beijing City Lab (BCL). His research interests data
mining and machine learning, with special interests in
smart cities and spatiotemporal data analytics. He was
the recipient of the various national awards including

NSFC Excellent Youth and first prize of technical invention of Ministry of
Education.

Yu Moureceived the BS degree in 2022 from Beihang
University, where he currently working toward the
graduation degree with the School of Computer Sci-
g = ence and Engineering. His research interests include

road representation learning and spatiotemporal data
mining.

Cheng Long received the BEng degree from the
South China University of Technology, China, in
2010, and the PhD degree from the Hong Kong Uni-
versity of Science and Technology, Hong Kong, in
2015. He is currently an associate professor with the
College of Computing and Data Science, Nanyang
Technological University. His research interests in-
clude data management and data mining.

Junjie Wu received the BE degree in civil engi-
neering and the PhD degree in management science
and engineering from Tsinghua University. He is
currently a full professor with Information Systems
Department, School of Economics and Management,
Beihang University, director of the Social Comput-
ing Center, and the vice director of the Beijing Key
Laboratory of Emergency Support Simulation Tech-
nologies for City Operations. His research interests
include data mining and complex networks, with spe-
cial interests in social media analytics and quantitative

financial analytics. He was the recipient of various national awards including
NSFC Excellent Youth, MOE Changjiang Young Scholars, and MOE Excellent
Doctoral Dissertation.

Authorized licensed use limited to: BEIHANG UNIVERSITY. Downloaded on September 04,2026 at 14:59:01 UTC from IEEE Xplore. Restrictions apply.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


