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Adaptable graph region for optimizing
performance in dynamic system long-term
forecasting via time-aware expert

Xuan Peng1,2, Zefeng Liu1, Peng Zhang1, Yufei Chen1, Zhanjun Shao 1,
Han Zhao 1, Xiaonan Xie1, Lizhong Jiang1, Zhuo Huang3, Zhouzhou Pan4,
Jianwei Yan5, Binbin Yin6 & Ping Xiang 1,7

Real-time and accurate prediction of the long-term behavior of dynamic sys-
tems is crucial for identifying risks during unexpected events, while compu-
tational efficiency is significantly influenced by the scale of the dynamic
system. However, existing neural network models mainly focus on optimizing
network structures to improve accuracy, neglecting computational efficiency.
To address this issue, we propose regional graph representation, which
reduces the scale of the graph structure by merging nodes into region,
extracting topological information through graph convolution or lightweight
convolution modules, and restoring the regions via fine-grained reconstruc-
tion. Notably, this method is adaptable to all graph-based models. Meanwhile,
we introduce a sparse time-aware expert module, which selects experts for
processing different scale information through a dynamic sparse selection
mechanism, enabling multi-scale modeling of temporal information. The
architecture we achieve an optimal balance between speed and prediction
accuracy, providing a practical solution for real-time forecasting.

Dynamic systems1,2 are those whose state evolves over time, con-
tinuously shaped by initial conditions, external inputs, and internal
laws. The evolution of the system typically follows specific mathema-
tical models or physical laws, which determine its behavior and
describe its trajectory. Examples of dynamic systems, such as urban
transportation systems3, global atmospheric systems4, and train-
bridge coupled systems5, all exhibit complex structures and highly
nonlinear characteristics.

Accurately and rapidly predicting the responses of these dynamic
systems is of great significance. Traffic flow is crucial for optimizing
urban traffic management, alleviating traffic congestion, and improv-
ing travel efficiency. Weather forecasting plays a critical role not only
in agricultural production and disaster prevention but also in

monitoring and responding to global climate change. The train-bridge
coupled system6–8 involves the interaction between trains and bridge
structures, with its dynamic characteristics being vital for safety and
infrastructuremaintenance. Factors suchas trainweight, speed, bridge
load capacity, and environmental conditions9–11 all influence the sta-
bility of the train-bridge system. Accurately predicting the dynamic
behavior of the train-bridge coupled system12 can effectively prevent
bridge structural damage, ensure train safety, and extend the infra-
structure’s lifespan. Hence, there is an urgent need for real-time,
accurate forecasting.

The technologies for modeling dynamic systems13 mature con-
siderably, with approach representing dynamic systems as graph
structures or grid structure14–16 format. In this framework, the system’s
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components are treated as nodes, and spatial topological information
are incorporated through convolution. However, as the scale of the
graph structure increases17–19, certain limitations arise. Specifically, the
model’s operational efficiency decreases and information exchange
becomes difficult.

Recent related worksmainly focus on three technical approaches:
The first approach is GPU-based sampling methods20,21, which aim to
improve sampling efficiency through hardware acceleration. The sec-
ond approach is structure-aware sampling strategies22,23, where graph
clustering is used to identify dense subgraphs and performblock-level
sampling, thereby limiting the scope of neighborhood exploration.
The third approach involves reducing the number of graph node
convolutions24–26, achieving improved computational efficiency while
maintaining model performance. Despite various attempts to tackle
the challenges of large-scale graphs, existing methods each have lim-
itations: GPU-accelerated sampling only boosts computational speed
without addressing the core algorithmic complexity and is highly
hardware-dependent; structure-aware sampling can identify dense
subgraphs but often requires task-specific strategies, limiting its gen-
erality; and reducing the number of convolutional layers can improve
efficiency but may compromise the model’s ability to capture long-
range dependencies, making it difficult to balance efficiency and
accuracy.

To address the aforementioned efficiency concerns, we introduce
the Regional Graph Representation (RGR) method, which aims to
simplify the graph structure while minimizing alterations to the ori-
ginal connectivity. The central concept of RGR is to treat connected
nodes as a single region, represented by a new node. The inter-region
connections are defined by the links between the nodes within each
region. By adjusting the “region order,” the size of each region can be
controlled, thereby balancing computational efficiency and accuracy.
In conjunction with RGR, we propose the Fine-Grained Reconstruction
(FGR) technique, which restores the original number of nodes within
each region, enabling the modeling of large-scale dynamic systems.
Unlike previous methods, RGR performs coarse-graining on the graph
structure, merging connected nodes into regions and applying fine-
grained restoration when needed, thereby significantly reducing
computational complexity. This compression strategy integrates
seamlessly with existing technologies such as GPU acceleration.
Through flexible control of the “region order,” the method not only
ensures prediction accuracy but also enhances computational effi-
ciency and memory utilization, offering an efficient and adaptive
solution for real-time prediction in large-scale dynamic systems.

Another key challenge in long-term time series forecasting lies in
balancing the correlation between short-term fluctuations and long-
term trends. Multi-scale analysis addresses this by decomposing tem-
poral information across different cycles, enabling the model to pro-
cess features at each scale in a targeted manner. Currently, two
primary temporal modeling techniques are widely utilized in graph
neural networks27–29. One involves Conv1D with a gating mechanism30,
while the other one utilizes an attention mechanism for temporal
information extraction. Both methods effectively address various
challenges within the field. However, for dynamic systems character-
ized by strong periodicity and frequent information exchange, mod-
eling acrossmultiple time scales is particularly important. For instance,
in weather systems, temperature fluctuates on both daily and annual
cycles. This suggests that analyzing the same temporal data across
different time scales can uncover information at different levels.

Toperformmulti-scalemodeling of time series data,wepropose a
mixture of expert module—sparse time-aware expert. This module
comprises multiple expert submodules, each focused on capturing
time information at specific time scales, such as short-term fluctua-
tions and long-term trends, by using different convolutional sliding
windows. For the input time series, the model dynamically selects and
adjusts the most appropriate expert via a router, automatically

determining the optimal time scale and weightedly combining the
results from each expert. At the same time, we introduce a shared
expert module to ensure the model maintains basic accuracy even
when the time scale of the input sequence is not obvious. Compared to
traditional methods31–33, the sparse time-aware expert can more accu-
rately capture the dependencies between different time scales,
avoiding issues like information loss or excessive smoothing, and
overcoming the limitations of single-model approaches in handling
multi-scale data.

In graph-based learning, the initial receptive field of a node is
typically set to its direct neighborhood, which serves as the core
inductive bias of the model. Existing methods for capturing global
information have their limitations: the first approach relies on itera-
tively expanding the receptive field through multiple layers of graph
convolution, requiring a large number of stacked layers, which can
lead to a bloated model and reduced computational efficiency. The
second approach allows nodes to directly access global information
(e.g., through global pooling or fully connected layers), which avoids
the efficiency issue but can erase the local features of the graph and
lose crucial local topological information—this is precisely the core
value that distinguishes graph data from other forms of data. To solve
the problem of difficult information exchange34,35 between distant
graph nodes, we propose fusion graph convolution (FGC), which
adaptively adjusts the balance between local node information and
global information, enabling each node to move beyond reliance on
local neighborhood data. By incorporating global information, the
method allows nodes to access a broader context, extending beyond
their local perspectives.

RGR offers a powerful new way to preprocess large-scale graphs,
compressing them by grouping connected nodes while preserving
essential structure. This approach can be seamlessly combined with
GPU acceleration and integrated into our Regional Graph Neural Net-
work (RGNN) framework. RGNN innovates across graph representa-
tion, information interaction, and temporal modeling to enable fast
and accurate, end-to-end time series prediction for dynamic systems,
laying the groundwork for real-world applications like risk early
warning and resource optimization.

Results
The impact of regional graph representation on graph con-
nectivity and computational efficiency
This section investigates the impact of regional graph representation
on graph structure size and connectivity under varying region orders.
As illustrated in Fig. 1, regional graph representation is applied to the
PEMS04 and PEMS08 datasets. The adjacency matrix after regionali-
zation stillmaintains a highdegreeof similarity to the adjacencymatrix
of the original graph structure. This indicates that the regional graph
representation preserves the topological information of the original
graph structure without destroying it, and also achieves effective
preservation of this information. As the region order increases, the
graph size gradually decreases. Specifically, the first-order repre-
sentation reduces the graph size by 50–60%, the second-order by
60–80%, and the third-order compresses the graph to 10–20% of its
original size.

To evaluate performance, wemeasure the model’s running speed
with a batch size of 64 and compare the results with and without the
regional graph representation. Furthermore, we calculate thememory
usage of the graph structure processed by the RGR to better under-
stand its contribution to efficiency optimization.

As presented inTable 1, the graph structureutilizingRGRachieves
significant reductions in node count, computation time, and memory
usage compared to the original graph structure. For the PEMS08
dataset, with region order of 3, the total number of nodes drops from
170 in the original graph to 22, marking an 87% reduction. Con-
currently, the computation speed is substantially improved: the
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processing timedecreases from1.646 s in theoriginal graph to0.036 s,
representing an approximately 45.7-fold acceleration. Memory con-
sumption also sees a notable decrease of 87%, falling from 23.15 MB to
2.99 MB. In the PEMS04 dataset, similar performance gains are
observed. When the region order is set to 3, the total node number
reduces from 307 to 64, a 79% decrease. The computation speed is
enhanced by about 22.4 times, with the processing time shortening
from 3.316 s in the original graph to 0.148 seconds. Additionally,
memory usage is reduced by 79%, declining from 39.79MB to 8.29MB.

Although RGR compresses the graph structure, this compression
process is not without losses. As the regional order increases, the finer-
grained inter-node connections and local features of the graph struc-
ture are inevitably lost. Such information loss may hinder fine-grained
analysis tasks, and is particularly noticeable in scenarios that require
high-precision node-level predictions.

Predicting the long-term response of the train-bridge coupled
system and global climate
Figure 2a demonstrates how to represent a dynamic system in a form
that can be understood by neural networks. To validate the general-
ization ability of RGNN on different graph structures, we used train-
bridge coupled systemwith varying bridge spans and train numbers to
predict the train’s response under seismic excitation with a hybrid
training method as presented in Fig. 2b. At the same time, we tested
RGNN’s capability to perform real-time predictions on large-scale
graph structures via traffic flow dataset. Both tasks are set with a
prediction length of 36 steps. Additionally, we designed a global

monthly average temperature time series prediction task, where the
model is constructed by inputting a 12-month sequence of multi-
dimensional meteorological features, including temperature, humid-
ity, and air pressure, to generate continuous predictions of the
monthly average temperature for the following 12 months with a
masked training method as presented in Fig. 2c. The detailed results
are as shown in Fig. 2d, e.

As presented in Table 2, the RGNN framework consistently out-
performs other models (GAT36, STGNN37, and GraphWaveNet38) across
various configurations of train numbers and spans, as reflected in the
lowest mse and mae values. The results indicate RGNN’s strong cap-
ability in spatiotemporal prediction, with its optimal performance
highlighted in bold.

This advantage highlights RGNN’s powerful ability to capture
complex spatiotemporal correlations in dynamic systems. This is
attributed to the refined spatial modeling capabilities of the RGNN
framework, particularly its significant performance in learning spatial
structures. Specifically, RGNN effectively extracts and leverages the
true topological information from graph structures by integrating
graph convolution operations.More importantly, evenwhen the graph
structure changes, it maintains efficient extraction capabilities. This
flexibility and stability enable RGNN to adapt to structural changes in
various dynamic systems, ensuring that it can still accurately capture
key relational patterns in complex spatiotemporal environments,
thereby enhancing prediction accuracy and reliability.

RGNN also demonstrates excellent performance in temperature
prediction tasks, with an average temperature error of only 0.8086°
per node. While the overall prediction accuracy is at a high level, there
are still relatively significant prediction deviations in some regions.
From a technical perspective, the model’s high accuracy is mainly
attributed to the multi-scale precise modeling capability of the Sparse
Time-Aware Expert module—this module can fully capture the com-
plex temporal dependencies inmeteorological data, providing reliable
support for prediction in the temporal dimension. Meanwhile, the
model extracts spatial information from meteorological data in grid
structure format through a lightweight convolution module, effec-
tively uncovering the spatial distribution patterns of temperature.

However, the current architecture still has certain limitations in
modeling local details, which is the main reason for the prediction
deviations in some regions. To address this issue, future work can
introduce a residual connection mechanism to fuse the fine-grained
local features extracted by shallow convolutions with deep features.
This will supplement the model’s ability to model meteorological
details in local regions (such as microclimate differences caused by

Table 1 | Comparison of graph structures with different
region orders

Dataset Graph
Structure

Region
Order

Total Node
Number

Speed Memory

PEMS08 Original
Graph

– 170 1.646 s 23.15 MB

RGR 1 64 0.115 s 8.71 MB

2 33 0.055 s 4.49 MB

3 22 0.036 s 2.99 MB

PEMS04 Original
Graph

– 307 3.316 s 39.79 MB

RGR 1 129 0.498 s 16.72 MB

2 78 0.152 s 10.11 MB

3 64 0.148 s 8.29 MB

Adjacent matrix K=1

Region matrix K=1

PEMS08 PEMS04

Adjacent matrix K=2

Region matrix K=2

Adjacent matrix K=3

Region matrix K=3

Adjacent matrix K=1

Region matrix K=1

Adjacent matrix K=2

Region matrix K=2

Adjacent matrix K=3

Region matrix K=3

Fig. 1 | The visualization of the regional graph matrix on PEMS04 and PEMS08. The total number of nodes in PEMS08 is 170, and the PEMS04 dataset contains
307 nodes.
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terrain, small-scale phenomena like local severe convection, etc.) and
further reduce regional prediction deviations.

Ablation experiment of RGNN based on the PEMS dataset
To thoroughly validate the independent roles and collaborative value
of each core component in the RGNN framework, we designed and
conducted a series of ablation experiments, and the results are shown
in Fig. 3. In the experimental design, we first clarified the functional
positioning of each component to be validated in the original RGNN

architecture: RGR is responsible for efficiently compressing the origi-
nal graph structure while retaining core topological information, and
FGR is responsible for restoring the region nodes to the target nodes.
Together, they form the core feature processingmodule of RGNN. The
spare time aware expert aims to capture dynamic spatiotemporal
associative features in the data, while the fusion graph convolution
achieves both local and global spatial information modeling.

The prediction target of all ablation experiments is to predict the
responses of all nodes within the first region. The first region

Table 2 | Comparison of different models under varying numbers of trains and spans

Model Metric 4 trains 5 trains 6 trains 7 trains

5 spans 6 spans 7 spans 5 spans 6 spans 7 spans 5 spans 6 spans 7 spans 5 spans 6 spans 7 spans

GAT36 MSE 0.418 0.295 0.242 0.353 0.358 0.344 0.350 0.413 0.312 0.392 0.354 0.333

MAE 0.468 0.376 0.344 0.427 0.423 0.411 0.415 0.447 0.385 0.441 0.421 0.413

STGNN37 MSE 0.335 0.226 0.184 0.273 0.254 0.263 0.261 0.363 0.229 0.297 0.278 0.317

MAE 0.407 0.348 0.305 0.373 0.348 0.361 0.342 0.400 0.316 0.374 0.371 0.378

GraphWaveNet49 MSE 0.138 0.103 0.111 0.124 0.140 0.104 0.133 0.159 0.109 0.147 0.154 0.135

MAE 0.273 0.235 0.235 0.252 0.267 0.233 0.251 0.282 0.232 0.267 0.268 0.255

RGNN MSE 0.088 0.080 0.072 0.098 0.0991 0.084 0.092 0.122 0.070 0.098 0.107 0.095

MAE 0.221 0.204 0.189 0.227 0.224 0.209 0.205 0.242 0.186 0.217 0.223 0.211

The predicted length is 36, with the best result presented in bold.

Original grid Mask

c

Weather

Traffic

Structure

grid representation graph representation

Representation

time sequence

a

b

d

Regional graph

reprentation

Linear Linear Linear

structure 1 structure 3structure 2

RGNN

e True temperature

Predict temperature

Temperature error

Fig. 2 | Overview of long-term prediction results for dynamic systems.
a Illustration of dynamic systems represented as graph and grid structures.
b Hybrid training method to enable the model’s applicability to different graph
structures. c Mask training approach designed for adapting the model to various
grid structures. d The prediction task in the graph structure focuses on the

response of train nodes in the y and z directions within a train-bridge coupled
systemunder seismic action. Nodes 1 to 4 corresponding to the 1st to 4th carriages
respectively, feature 1–4 represent the acceleration of the carriage in the y and z
direction. e Global monthly average temperature prediction, corresponding to the
prediction task in a grid structure.
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represents the area with the most nodes, and selecting this region as
the prediction target helps to better evaluate themodel’s performance
on a large number of nodes without sacrificing overall prediction
accuracy. This approach allows us to find an ideal balance between
improving prediction performance and controlling computational
complexity.

Ablation for sparse time aware expert module. Table 3 presents the
results of the ablation study comparing the time-aware expert module
and the feedforward module, evaluated on two datasets. In the table,
“✓” indicates that the time-aware expert module is enabled, while “-”
indicates that the feedforwardmodule is enabled insteadwithout time-
aware expert module.

When the sparse time aware expert module is enabled, the
prediction accuracy of RGNN is significantly higher than when using
the attention mechanism. This advantage becomes more pro-
nounced as the prediction horizon increases. On the PEMS08 data-
set, enabling the time-aware expert module results in a 77.6%
reduction in mean squared error (from 0.5432 to 0.1215) and a 54.3%
reduction in mean absolute error (from 0.5581 to 0.2549) for a 36-
step prediction. Even for the shortest 12-step prediction, the time-
aware expert module still brings significant improvements, with MSE
and MAE decreasing by 31.3% and 16.9%, respectively. A similar trend
is observed on the PEMS04 dataset. For a 36-step prediction,
enabling the time-aware expert module reduces MSE by 49.5% and
MAE by 29.6% compared to using the feedforward module. For the

Fig. 3 | The resultof the ablationexperiment. a Sparse time-aware expertmodule impact onprediction accuracy and stability.bRegional graph representation impact on
prediction accuracy and stability. c Fusion graph convolution impact on prediction accuracy and stability. d Region order impact on prediction accuracy and stability.
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12-step prediction, MSE and MAE are reduced by 13.6% and 8.5%,
respectively.

The performance improvement of the sparse time-aware expert
module becomes more significant as the prediction length increases.
This is primarily due to the module’s ability to capture multi-level,
multi-scale information in time-series data using convolutional kernels
of varying sizes. These kernels process data at different time scales,
effectively identifying and extracting complex patterns between short-
term and long-term temporal dependencies. Particularly in long-
sequence prediction tasks, the different-sized kernels can accurately
distinguish patterns with varying periods, thus enhancing the model’s
ability to understand and forecast long-term trends.

However, when the prediction length is short, themodule’s multi-
scale convolutional kernels are less effective. In short sequences, there
is insufficient time to distinguish and extract information at different
scales, making it difficult to differentiate between long-term depen-
dencies and short-term fluctuations, which limits the model’s perfor-
mance. As the time series lengthens, the module can uncover more
prominent periodic variations and trends over a wider time window,
fully leveraging its ability to capture both short-term and long-term
dependencies, thereby improving prediction accuracy.

Ablation for regional graph representation and fine-grained
reconstruction. Table 4 presents the results of the ablation study on
RGR, conductedunder the condition thatboth FGRand the time-aware
expert module are enabled. The results indicate that the performance

of RGR is highly dependent on the specific scene. On the PEMS04
dataset, the model performs better without RGR for longer prediction
horizons. In contrast, on the PEMS08 dataset, enabling RGR sig-
nificantly improves the accuracy for prediction lengths of 36 and 12,
with negligible differences observed at a length of 24. The maximum
accuracy drop does not exceed 13.1%, which is acceptable given the
efficiency improvements brought by RGR. These results suggest that
the application of RGR is highly feasible, as it not only enhances
computational efficiency but also maintains a high level of prediction
accuracy in most cases.

The scene dependency of RGR is primarily determined by our
regionalization approach. This method introduces varying degrees of
distortion to the topological information of different original graph
structures, which is the root cause of its scene dependency. Addi-
tionally, the accuracy improvement brought by RGRmay be related to
the scale of the prediction target. Since the prediction target encom-
passes all nodes within the largest region, the influence of the central
node vector may outweigh the effects of simple graph convolution,
thereby enhancing prediction accuracy.

It is important to highlight that the main advantage of the RGR
method lies in its optimization of runtime efficiency and memory
usage. By simplifying the graph structure, RGR significantly reduces
computational complexity andmemory consumption, as confirmedby
prior regional partitioning experiments. Compared to the minor fluc-
tuations in accuracy, this efficiency gain is crucial for large-scale time-
series prediction tasks, especially in practical applications requiring

Table 3 | Ablation study on time-aware expert, the time-aware expertmodule is replacedwith a basic Feed Forwardmodule to
assess its effectiveness

Dataset Predict Length RGR FGC Time-aware expert Region Order MSE MAE

PEMS04 36 ✓ ✓ ✓ 1 0.1996 ± 0.0124 0.3230 ± 0.0059

- 0.4587 ± 0.0378 0.5089 ± 0.0237

24 ✓ 0.1257 ± 0.0009 0.2619 ± 0.0063

- 0.2510 ± 0.0397 0.3716 ± 0.0198

12 ✓ 0.0839 ± 0.0006 0.2123 ± 0.0018

- 0.0971 ± 0.0035 0.2321 ± 0.0065

PEMS08 36 ✓ ✓ ✓ 1 0.1215 ± 0.011 0.2549 ± 0.015

- 0.5432 ± 0.025 0.5581 ± 0.020

24 ✓ 0.1176 ± 0.015 0.2544 ± 0.018

- 0.3084 ± 0.034 0.4183 ± 0.031

12 ✓ 0.0942 ± 0.0115 0.2207 ± 0.0115

- 0.1372 ± 0.0005 0.2655 ± 0.007

(The optimal result is bolded).

Table 4 | Ablation study on RGR. The regions are restored to the original number of nodes through fine-grained reconstruction

Dataset Predict Length RGR FGC Time-aware expert Region Order MSE MAE

PEMS04 36 ✓ ✓ ✓ 1 0.1996 ± 0.0124 0.3230 ± 0.0059

- 0.2016 ± 0.0135 0.3239 ± 0.0090

24 ✓ 0.1257 ± 0.0009 0.2619 ± 0.0063

- 0.1195 ± 0.0026 0.2535 ± 0.0067

12 ✓ 0.0839 ± 0.0006 0.2123 ± 0.0018

- 0.0877 ± 0.0003 0.2109 ± 0.0008

PEMS08 36 ✓ ✓ ✓ 1 0.1215 ± 0.0110 0.2549 ± 0.0150

- 0.1411 ± 0.0082 0.2776 ± 0.0144

24 ✓ 0.1176 ± 0.0150 0.2544 ± 0.0180

- 0.1175 ± 0.0023 0.2514 ± 0.0015

12 ✓ 0.0942 ± 0.0115 0.2207 ± 0.0115

- 0.1171 ± 0.0067 0.2426 ± 0.0078

(The optimal result is bolded).
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real-time responsiveness and feasible deployment, where the effi-
ciency improvements provided by RGR far outweigh the slight loss in
accuracy.

Ablation for fusion graph convolution. As shown in Table 5, on the
PEMS08 dataset, when RGR is not used, the graph structure becomes
too large, and relying solely on neighborhood graph convolution for
information exchange results in insufficient communication between
nodes. This leads to significant shortcomings in the spatial information
modeling of themodel, causing poor performance of RGNN. However,
when fusion graph convolution is enabled, themodel’s performance is
significantly improved. This suggests that Fusion Graph Convolution
effectively alleviates the problem of information exchange in large-
scale graph structures. By expanding the receptive field of the nodes,
themodel can better capture the relationships between distant nodes,
leading to better spatial modeling performance. This confirms that
enhancing the receptive field of nodes is an effective approach.

However, on the PEMS04 dataset, the improvement is not as
significant. We believe this is because the PEMS04 dataset already has
sufficient global receptive field, and introducing too much redundant
information leads to a bottleneck in performance improvement.
Excessive redundant information may make the model’s learning
process more complicated, preventing the model from effectively
extracting valuable features, and thus limiting performance gains. This
phenomenon indicates that, while enhancing information exchange is
typically an important method for improving model performance, in
some cases, excessive information exchange and the expansion of the
receptive field can have a counterproductive effect, resulting in sub-
optimal model performance.

We also find that the combination of RGR and FGC achieves
optimal performance inmost scenarios. This is particularly interesting,
especially when using RGR to reduce the graph structure size, as
ordinary neighborhood graph convolution can sufficiently model
spatial information without the need for a global receptive field.
However, the fact is that using FGC improves the model’s perfor-
mance. We believe this may be because RGR causes some loss of
topological information in the graph structure, and FGC compensates
for this loss to some extent by weighting the global region node fea-
ture vectors.

Ablation for region order. The results presented in Table 6 demon-
strate that, across both the PEMS08 and PEMS04 datasets, increasing
the region order correlates with a consistent rise in the model’s MSE
and MAE values, indicating elevated prediction errors. This observa-
tion alignswith themodel’s theoretical design, stemming from two key
factors. First, increasing the region order yields coarser regional
granularity, which may introduce distortions or redundancies in the
topological connectivity between nodes. Second, a larger number of
nodes per region amplifies feature dimensional complexity, rendering
it more difficult to model and reconstruct the overall regional trends.

In the 36-step prediction for the PEMS04 dataset, Fig. 3 illustrates
thatwhen the region order is 3, themodel’sMSE (0.1850 ±0.0032) and
MAE (0.3103 ±0.0032) are lower than when the region order is 1 (MSE:
0.2009 ±0.0132, MAE: 0.3230 ±0.0060). This can be explained by the
fact that, although increasing the region order complicates recon-
struction, the region includes nodes with stable time patterns and low
fluctuations, which reduces prediction errors and allows stable feature
patterns to dominate the integration process, thereby slightly
improving overall prediction accuracy.

Overall, a region order of 1 is optimal for most dynamic system
prediction tasks, as it balances accuracy and efficiency and is well-
suited for applications with moderate accuracy requirements. When
faster prediction speeds are prioritized, increasing the region order
can enhance model efficiency: although this may lead to a slight
reduction in accuracy, it significantly decreases computational time—
particularly when processing large-scale datasets. Thus, selecting an
appropriate region order enables a deliberate trade-off between pre-
diction accuracy and computational efficiency, allowing system per-
formance to be optimized according to specific application needs.

Discussion
RGNN is a robust deep learning framework that balances accuracy and
efficiency, designed specifically for long-term sequence response
prediction in dynamic systems. During the development of deep
learningmodels in the past, manymethods often fell into the dilemma
of increasing the number of parameters and computational complex-
ity. Although the excessive pursuit of large-scale parameters and high
accuracy could enhance the model’s expressive power, it also led to a
sharp increase in computational complexity, especially when

Table 5 | Ablation study on RGR and FGC

Dataset Predict Length RGR FGC Time-aware expert Region Order MSE MAE

PEMS04 36 ✓ - ✓ 1 0.2538 ± 0.0217 0.3685 ± 0.0121

- - 0.2020 ± 0.0028 0.3286 ± 0.0059

✓ ✓ 0.1996 ± 0.0124 0.3230 ± 0.0059

24 ✓ - 0.1459 ± 0.0031 0.2780 ± 0.0049

- - 0.1347 ± 0.0079 0.2707 ± 0.0101

✓ ✓ 0.1257 ± 0.0009 0.2619 ± 0.0063

12 ✓ - 0.1200 ± 0.0042 0.2528 ± 0.0066

- - 0.1083 ± 0.0069 0.2389 ± 0.0073

✓ ✓ 0.0839 ± 0.0006 0.2123 ± 0.0018

PEMS08 36 ✓ - ✓ 1 0.1326 ± 0.0057 0.2687 ± 0.0043

- - 0.2140 ± 0.0031 0.3548 ± 0.0108

✓ ✓ 0.1215 ± 0.0110 0.2549 ± 0.0150

24 ✓ - 0.1108 ± 0.0055 0.2426 ± 0.0068

- - 0.1756 ± 0.0131 0.3117 ± 0.0094

✓ ✓ 0.1176 ± 0.0150 0.2612 ± 0.0092

12 ✓ - 0.1048 ± 0.0069 0.2309 ± 0.0075

- - 0.1870 ± 0.0170 0.3086 ± 0.0195

✓ ✓ 0.0942 ± 0.0115 0.2207 ± 0.0115

We replace FGR with a standard Graph Convolution layer for comparison purposes, which aims to validate the ability of FGR tomodel large-scale graph structures effectively. (The optimal result is
bolded).
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processing large-scale dynamic systems and long-term sequence data,
where the computational cost and storage requirements became
increasingly enormous.

We propose a regional graph representation that makes a sig-
nificant contribution to improving the computational efficiency of
graph structures. Specifically, we treat multiple mutually connected
nodes as a single region, reducing the number of nodes in the graph. At
the same time, the regional design retains the fundamental topological
relationships between nodes in the original graph, ensuring the
integrity of information transmission and the overall graph structure.
This approach allows us to achieve more efficient computational per-
formance without sacrificing the accuracy of the graph. Moreover, as
the size of the graph continues to grow, the regional graph repre-
sentation provides a new solution for large-scale graph computations.
It not only holds broad theoretical applications but also brings sub-
stantial performance improvements in practical engineering applica-
tions. Therefore, this method has significant practical and research
value in improving computational efficiency and optimizing resource
consumption in graph structures.

To address the issue of insufficient information exchange
between nodes in large-scale graph34,35, we propose fusion graph
convolution, which adaptively adjusts the balance between local
information and global information, which enables each node to bal-
ance local and global information, thereby maintaining access to local
information while possessing a global receptive field. This approach
enhances the comprehensiveness and precision of information flow.
This design is particularly effective for handling complex dynamic
systems. Although the regional graph representation reduces the size
of the graph structure, the graph attention mechanism introduced by
fusion graph convolution still leads to some time-consuming opera-
tions. Furthermore, the running efficiency is quadratic with respect to
the number of nodes. If necessary, the graph attentionmechanism can
be removed to improve computational efficiency.

Although the framework excels in enhancing efficiency, it still
has certain limitations. When predicting nodes across multiple
regions, simultaneous information recovery for these regions intro-
duces redundant computational overhead, undermining overall
model performance. To mitigate this issue, we propose an enhanced
solution: instead of considering all nodes within a region, we focus

exclusively on those that are relevant to the prediction targets.
Specifically, we map the dimensions of regional nodes directly to
those of the target nodes, thereby eliminating unnecessary compu-
tations for irrelevant nodes. This approach resolves the redundancy
problem, particularly in cross-region prediction tasks involving large-
scale graph.

As presented in Table 3, in time series forecasting tasks—parti-
cularly in long-term scenarios with a prediction length of 36—the
RGNN architecture integrated with the time-aware expert module
demonstrates significantly superior predictive accuracy, out-
performing the version without this module by a considerable margin.
This comparative result strongly validates the core value ofmulti-scale
temporal analysis in long-term time series forecasting: through the
precise capture and modeling of information across different time
scales via the time-aware expert module, the model can effectively
mine and integrate the implicitmulti-cyclic features within time series,
thereby maintaining sensitivity to key patterns even in forecasts
spanning long temporal length. The time-aware expert module inte-
gratesmultiple specialized subnetworks—termed sparse experts—each
designed to capture temporal patterns at distinct scales. Simulta-
neous, shared expert module is added to enhance the model’s repre-
sentational capacity. During inference, an adaptive routingmechanism
dynamically assigns input subsequences to relevant sparse experts by
evaluating temporal patterns embedded in each feature. Finally, the
outputs of all expert modules are fused with the output of the shared
expert module to generate the final prediction. This process is adap-
tively adjusted by the modules, with the routing mechanism auto-
matically selecting andoptimizing themost suitable expertmodule for
processing based on the input time series.

The RGNN framework is proven to be an effective model that
strikes a good balance between speed and accuracy, providing solid
technical support for real-time prediction and monitoring of dynamic
systems. We plan to apply the RGNN framework to traffic flow man-
agement in smart transportation systems, enhancing traffic efficiency
and reducing congestion through real-timemonitoring and prediction
of traffic conditions. Additionally, the frameworkwill alsobe applied in
large-scale structural health monitoring, analyzing and predicting the
health status of structures in real-time to help identify potential risks
and failures promptly.

Table 6 | Ablation study on region order impact

Dataset Predict Length RGR FGC time-aware expert Region Order MSE (Mean ± Std) MAE (Mean ± Std)

PEMS08 36 ✓ ✓ ✓ 1 0.1215 ± 0.0113 0.2549 ± 0.0124

2 0.1485 ± 0.0025 0.2866 ± 0.0052

3 0.2041 ± 0.0085 0.3306 ± 0.0086

24 1 0.1112 ± 0.0124 0.2456 ± 0.0092

2 0.1233 ± 0.0136 0.2504 ± 0.0076

3 0.1838 ± 0.0034 0.3079 ± 0.0027

12 1 0.0942 ± 0.0115 0.2207 ± 0.0115

2 0.1287 ± 0.0026 0.2490 ± 0.0011

3 0.1733 ± 0.0146 0.2962 ± 0.0140

PEMS04 36 ✓ ✓ ✓ 1 0.2009 ± 0.0132 0.3230 ± 0.0060

2 0.2624 ± 0.0092 0.3451 ± 0.0035

3 0.1850 ± 0.0032 0.3103 ± 0.0032

24 1 0.1178 ± 0.0126 0.2529 ± 0.0050

2 0.2190 ± 0.0087 0.3132 ± 0.0092

3 0.1581 ± 0.0080 0.2860 ± 0.0097

12 1 0.0839 ± 0.0005 0.2123 ± 0.0018

2 0.1537 ± 0.0064 0.2551 ± 0.0090

3 0.1122 ± 0.0031 0.2382 ± 0.0007

We explore the influence of different region orders on prediction accuracy. (The optimal result is bolded).
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Methods
Representation for dynamic system
The representation methods for dynamic systems include two
approaches: graph structure and grid structure. Each approach is sui-
table for different types of systems, and thenode features aredesigned
based on the system’s characteristics.

In the graph structure representation, the components of the
system (such as different subsystems or states) are represented as
nodes in the graph, with the relationships or interactions between the
nodes represented by edges. The graph structure is suitable for sys-
tems with significant interdependencies and connections, such as
transportation networks, social networks. In this structure, the fea-
tures of the nodes typically reflect the system’s state or attributes,
while the features of the edges represent the interactions or trans-
mission processes between the nodes. Depending on the nature of the
system, node features can include physical quantities such as position,
velocity, and acceleration, or specific behavior patterns and control
parameters.

The grid structure representation is typically used for systems
with a regular spatial layout, such as fluid dynamics simulations,
weather forecasting, or finite element analysis. In the grid structure,
the system is divided into multiple uniform grid cells, with each cell
corresponding to a node, and the nodes usually arefixed positions and
relationships in space. The grid structure is suitable for dynamic sys-
tems that require precise spatial distribution. In this representation,
the node features are often related to the spatial distribution of
quantities suchas position, time, temperature, and pressure, reflecting
the system’s dynamic changes at different locations or times.

For example, we establish the graph structure of the train-bridge
coupled system39. Nodes can be categorized into three types: train
nodes, bridge nodes, and pier nodes. Each type possesses distinct
physical properties and behaviors, resulting in different feature vec-
tors. Figure 4 illustrates the graph representation of the TBC, where a
high-speed train with three carriages travels over a three-span simply
supported bridge. Each train carriage is abstracted as a train node, and
each span of the bridge is abstracted into one bridge nodes16. The
number of nodes per bridge span unit can be modified; the more
nodes there are, the more information the structure contains. Each
pier is abstracted as a pier node. Moreover, every train node is inter-
connected with all bridge nodes; bridge nodes are connected to
adjacent bridge nodes; and pier nodes are interconnected with all
nodes within their adjacent bridge span units.

For TBC, the x-direction is the driving direction of the train, while
y and z are the lateral and vertical directions, respectively. For train
nodes, in practical situations, displacement may not always be a fea-
sible option. Generally, the state of a train under seismic influence is

mainly determined by the seismic effects and the train’s acceleration.
Therefore, even if displacement is used as a feature vector, its impact
on the final prediction results is relatively small. So their feature vector
consists of displacements and accelerations in the y and z directions.

Xtrain = f yacc, zacc, ydis, zdisg 2 RNtrain × 4

For bridge nodes, real-time responses are not available, so their
feature vector

Xbridge = fLspan, Ematerial, Izg 2 RNbridge × 3

where Lspan is the length of each span; Ematerial is the elastic modulus of
thematerial, and Iz is themoment of inertia of the section with respect
to the z-axis.

For pier nodes, which serve as input nodes for seismic accelera-
tions, the feature vector

Xpier = fxacc, yacc, zaccg 2 RNpier × 3

consists of seismic accelerations in the x, y, and z directions.
Thus, the graph structure of theTBC is established. The subscripts

“acc” and “dis” represent acceleration and displacement, respectively.
The prediction target can be flexibly set according to specific task
requirements; it can either be the dynamic response of the train (such
as operating status, vibration feedback, etc.) or the train’s VSI index40.

Regional graph representation
The graph structure represents spatial relationships, consisting of
nodes and directed edges. Nodes represent system components, and
edges demonstrate how information is transmitted between them.
Graph structure is represented by the equation:

G= ðV , EÞ ð1Þ

Where G is the graph, V are the nodes, and E are the edges. An
edge between node vi and node vj is denoted as eij, and the neighbors
of node vi are defined as:

N ðviÞ= fvj 2 V ; eij 2 Eg ð2Þ

The graph structure can be compressed to an adjacency matrix
A 2 Rn×n, where n is the number of nodes. The adjacency matrix is

Bridge NodeTrain Node Pier Node

trainX

bridgeX

pierX

Earthquake action

Train
Bridge

Pier

trainX

trainX

Fig. 4 | Graph representation for train-bridge coupled system. A graph structure is constructed by treating the actual components of the dynamic system as graph
nodes and defining the characteristic attributes of these nodes. Notably, the specific attributes of different nodes are determined by the corresponding task requirements.
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defined as:

Aij =
1, if eij 2 E

0, if eij =2 E

(
ð3Þ

This matrix captures the relationships between nodes, repre-
senting the graph’s topological structure.

To reduce the size of graph structures while preserving essential
information, we propose regional graph representation method, as
illustrated in Fig. 5. Graph convolution operations inherently introduce
an inductive bias, assuming that a node’s features are primarily influ-
enced by its neighboring nodes. Based on this assumption, we intro-
duce a strategy: the neighbors of a node are pre-aggregated, with the
node itself serving as the central hub of a region, thus consolidating
multiple nodes into a single region. In this approach, nodes with the
highest connectivity are iteratively identified and assigned as regional
centers, while excluding those already regionalized. Through this
iterative process, other nodes are progressively aggregated into new
regions. To precisely control the scale of regions, we introduce the
concept of “regionorder,” as shown inFig. 6,whichdefines thenumber
of neighboring layers included within a region. In essence, the region
order determines how many levels of neighboring nodes are con-
sidered during regionalization. By adaptable adjusting the region
order, a flexible balance between information retention and compu-
tational efficiency can be achieved. Specifically, the graph structure’s
order is defined as follows:

Ak =
1, if ðAkÞij >0
0, if ðAkÞij =0

(
ð4Þ

Ak represents the adjacency matrix using the k-th region order.
Where ðAkÞij refers to the element in the i-th row and j-th columnof the
matrix Ak.

The RGR exhibits two typical extreme cases, both of which
effectively validate the rationality of its design logic. The first
extreme case is a graph where all nodes are disconnected. Since such
a graph lacksmeaningful topological relationships, the RGRwill leave
the original graph structure unchanged during processing, neither
forcibly merging nodes nor adding additional edges. The second
extreme case is a fully connected graph. In this case, the RGR will
merge all nodes in the graph into a single regional node, significantly
simplifying the original graph structure. This simplification aligns
perfectly with our design goal of—reducing the graph size through
region merging. It essentially performs a highly efficient graph
pooling process, preserving the global information of the entire
graph while minimizing computational complexity. The behavior in
these two extreme scenarios fully supports the correctness of the
RGR design rationale: it neither disrupts the original state of graphs
without topological relationships nor fails to simplify highly con-
nected graphs effectively.

The regional graph representation compresses the graph struc-
ture, but still face a limitation: whennode-level predictions are needed,
individual node features are merged into a central node representa-
tion, hinderingdetailed analysis. To address this, we introduce thefine-
grained reconstruction mechanism, which redistributes the central
node’s feature vector to all constituent nodes in the region, optimizing
the use of information.

The fine-grained reconstruction process is described by:

vr 0= reshape Wr � vr
� � ð5Þ

3

2

5

4

1 3

5

3 3 3 3

5

5

5

51

1

1

1

1

3 5

1 5

1 2 3 4 5

region order 1 region order 2 region order 3

a

b

Fig. 5 | Detailed explanationof regionorder. aThe size of the region is controlled
by adjusting the order of adjacent nodes of the central node (i.e., the order of
neighbors). The figure illustrates the connection path of node 1: node 1 first
associates with node 3, and then connects to node 5 through node 3, forming the

second-order neighbor relationship of node 1. b Different region orders corre-
spond todifferent sizes of the regionalized graph. As theorder increases, the sizeof
the graph region grows, incorporating more neighboring nodes.
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Where v0r 2 Rnr ×d is the feature vector of the nodes in the region,
Wr 2 Rdr × ðnr ×dÞ is the linear transformationmatrix, and vr 2 Rdr is the
feature vector of the center of the region. Here, d is the feature
dimension of the nodes within the region; dr is the feature dimension
of the region center, and nr is the number of nodes need be restored.

The fine-grained reconstruction mechanism, via refined feature
mapping and node-level information decoding, accurately recovers
individual node features compressed during regional aggregation. To
address feature loss issues—such as blurred local details and attenua-
tion of critical attributes—that may arise from regionalization opera-
tions, the mechanism constructs a reverse mapping pathway from
regional global features to node-level local features, thereby effec-
tively mitigating prediction biases induced by feature loss. On one
hand, it preserves the enhanced computational efficiency afforded by
regional graph representation through node aggregation and scale
reduction, anchoring the model framework consistently in simplifica-
tion. On the other hand, by prioritizing recovery of node features
critical to prediction tasks, it enhances the targeting of detailed
information restoration. This “simplification as foundation, restoration
as application” design philosophy ultimately achieves a dynamic bal-
ance between computational efficiency and feature integrity: it avoids
redundant computations in the original graph structure while over-
coming information loss from excessive regionalization, thus provid-
ing technical support integrating efficiency and accuracy for precise
prediction of complex dynamic systems.

The details of the regional graph representation algorithm are
described in Algorithm. 1.

Algorithm 1. Regional graph representation for graph structure
Input: Original adjacency matrix A; Region order k; feature vec-

tor xv
Output: Adjacency matrix A0 of regional graph structure; Region

feature vector xvr
1: Initialize Ak (as defined in equation (4)), and initialize setsR and

E to record region centers and edges, respectively.
2: While sum (Ak) ≠ 0 do
3: Find the node v with the highest degree and add v to R:
4:

v = argmax
i

X
j

Akij

 !

5: Select node v as the center of the region
6: Find the k-hop neighbors of node v:
7:

NkðvÞ= fi : dði, vÞ≤ kg

8: Compute the feature vector for the region:

8

5

4

7

6

1

2

3

2

5

4

1

3

top-1 node top-2 noderegion-1 region-2 top-3 node region-3

10

11 12

13

14 15

16
17

Fig. 6 | Specific implementation of regional graph representation and fine-
grained reconstruction. a Visualization of regional graph representation. The
graph is divided into three independent regions. The original structure, initially
with 16 nodes, is simplified by merging redundant nodes based on regionalization.
After the process, the node count reduces to 5. b Fine-grained reconstruction

method. After information interaction, regional nodes are projected into a high-
dimensional space,wherepotential associations are preservedvia featuremapping.
A reshape operation is then applied to restore the complete nodes in the region,
achieving precise reconstruction from simplified regional nodes to the origi-
nal graph.
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9:

xvr, i =
1

jNkðvÞj
X

i2Nk ðvÞ
xvi

10: Remove the region nodes from Ak:
11:

Ak =Ak � Ak ½NkðvÞ,NkðvÞ�

12: end while
13: Establish connectivity between regional center nodes
14: for each pair ri, rj 2 R do
15: If ∃ u ∈ ri, ∃ v ∈ rj such that Au,v ≠ 0 then
16: E  E∪ fðr1, r2Þg
17: end if
18: end for
19:

A0i, j  
1 if ðri, rjÞ 2 E,
0 otherwise :

�

20: xvr  fxvri
ji 2 Rg

Fusion graph convolution
We introduce fusion graph convolution (shown in Fig. 7), which inte-
grates both local and global information in graph structure. This
method utilizes a gating mechanism to selectively regulate the flow of
local (neighbor) and global information at the node level.

For global information aggregation, node-wise information
exchange is performed via an attention mechanism41. For each pair of
nodes (vi, vj) in the graph, a learnable attention mechanism is
employed to calculate the importance of node vi to node vj, as shown
in the following formula:

αt
ij =

expð LeakyReLU ða>½Wxt
i jWxtj �ÞÞP

k2N ðiÞ expð LeakyReLU ða>½Wxti jWxtk �ÞÞ
ð6Þ

where a⊤ is a learnable attention weight vector, ’∣’ denotes con-
catenation, W is a feature transformation matrix, and αt

ij is the atten-
tion weight of node vj to vi (normalized via softmax).

Node features are aggregated using these attention weights, with
neighbors defined as all nodes in the graph to enable global

information propagation:

ht
i = σ

X
j2N ðiÞ

αt
ijWxtj

0
@

1
A ð7Þ

Multi-head attention42 enhances expressiveness by performing
the aggregation K times with distinct attention heads, then con-
catenating results:

ht
i = kKk = 1 σ

X
j2N ðiÞ

αt, k
ij Wkx

t
j

0
@

1
A ð8Þ

where k indicates the k-th attention head.
Tobalanceglobal and local information, fusiongraph convolution

is defined as:

βt
i = σðW βx

t
i +bβÞ

ht
i = ð1� βt

i Þσ
P
j2 all

W globalx
t
j

 !
+ βt

iσ
P

j2N ðiÞ
W localx

t
j

 !
ð9Þ

where Wβ, Wglobal, Wlocal are linear transformation matrices; t is the
time step; “all” denotes all graph nodes;N ðiÞ is the local neighborhood
of node i; and βt

i (gating coefficient) weights the fusion of global and
local features.

Detail module in RGNN architecture
As shown in Fig. 8, RGNN adopts an encoder-only architecture and is
trained via a one-step prediction approach based on supervised
learning. Specifically, before the data is processed by RGNN, we
abstract the dynamic system into either a graph structure or a grid
structure, depending on the differences in the dynamic system’s
structure. We then perform feature embedding for each node and
simultaneously upsample the features of the embedded nodes,
ensuring that all nodes have the same feature dimension.

The feature fusion component of RGNN specifically consists of
two parts: temporal information extraction and spatial information
extraction. Specifically, temporal information extraction is controlled
by the sparse time-aware expert module, which contains several dis-
tinct temporal experts. Only a subset of these experts is activated at
each time, ensuring operational efficiency. Finally, by selecting

Linear + Sigmoid α 1-α

fusion

Fig. 7 | The details of fusion graph convolution. fusion graph convolution employs a gate mechanism to dynamically adjust the influence weights of each node on both
local (neighbor) and global information within the graph structure, facilitating adaptive selection of diverse information sources.

Article https://doi.org/10.1038/s41467-025-64984-w

Nature Communications |        (2025) 16:10213 12

www.nature.com/naturecommunications


different experts and fusing their results, multi-scale modeling of
temporal information is achieved.

Each expert model is specifically dedicated to processing infor-
mation at a distinct scale, thereby enabling multi-scale modeling.
Specifically, we achieve targeted extraction of scale-specific informa-
tion by adjusting the kernel size of the Conv1d layer within each expert
module. From a technical perspective, linear layers are appended to
both the input end (head) and output end (tail) of each expertmodule,
which are respectively utilized for feature dimension-wise information
projection and temporal dimension-wise information aggregation.
Within the expert module, a gating mechanism is employed: first, a
convolution operation is performed on the input temporal features
along the temporal length dimension; subsequently, the convolution
output is subjected to gating weighting via a convolution operation
from an auxiliary branch, followed by a sigmoid activation function.
The specific formulas are as follows:

Z in = LinearDðZ inÞ Zweight =Conv1Di, 2ðX in,KiÞ ð10Þ

Zhidden =Conv1Di, 1ðX in,KiÞ Zgate = Zhidden � Zweight ð11Þ

Zout =Zgate +Conv1Di, 3ðX in, 1Þ Zout = LinearLðZoutÞ ð12Þ

Here, LinearD and LinearL denote linear layers for the feature
dimension and temporal dimension, respectively, which are used to
perform linear mapping on the feature information of the

corresponding dimensions. For Conv1Di,j (where j ∈ {1, 2, 3}), the
subscript i represents the i-th time-aware expert, and the subscript j
corresponds to the j-th Conv1D operation shown in Fig. 8a.

In terms of input, X in 2 RN × L×D represents the time series infor-
mation input to the time-aware expert module. N is the number of
nodes, L is the temporal length, andD is the feature dimension. For the
output,Xout 2 RN × L×D denotes thefinal output after processing by the
time-aware expert module.

For the input time series, we adopt a sparsemechanism to extract
information from the temporal dimension. The specific implementa-
tion process is as follows: First, a Router calculates theweight scores of
each temporal expert, and the top-k experts are selected to participate
in subsequent multi-scale feature processing—where k is a hyper-
parameter, whose value directly controls the number of currently
activated expert modules, thereby realizing the sparsity regulation of
the model. Meanwhile, to ensure the stability of basic temporal
information processing capabilities, we additionally set up a shared
time-aware expert to serve as a supplement to the core processing
modules. The specific formulas for the relevant calculation process are
as follows:

s = RouterðX inÞ 2 RN ð13Þ

gi =
si if i 2 Topk , ðk <NÞ
0otherwise

�
ð14Þ

Fig. 8 | The detail module in the RGNN architecture. a The operational logic of
the temporal expert module, which uses Conv1D to extract temporal information,
followed by a gating mechanism. A linear layer is then employed to integrate
multiple feature inputs.bDetailed implementation of the convolution block for the
grid structure. This is achieved by designing depthwise separable convolutions and
partial convolutionmodules to reducecomputational load and improveprocessing
speed. c Sparse time-aware expertmodule. The router allocates the input temporal

information to different time experts, each processing temporal information at
various scales. The results from all temporal experts are then weighted and fused.
d The operational logic of the RGNN framework: The input dynamic system is
transformed into graph or grid-formatted data. The input is fed into the RGNN
architecture for feature extraction. Then it is passed through fine-grained recon-
struction or upsampling to reconstruct all nodes.
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g 0i =
giPk
j = 1gj

ð15Þ

X spare =
Xk
i= 1

g 0i � TimeExpertðiÞðXi
down Þ ð16Þ

X share = TimeExpertðX inÞ ð17Þ

Xout =X spare +X share ð18Þ

Since the spatial structure of the input dynamic system exists in
two distinct forms—graph structure and grid structure—we design two
targeted spatial information extraction schemes to adapt to this dif-
ference. Specifically, for graph-structured data, we adopt the method
defined in Eq. (9) for spatial feature extraction; for grid-structured
data, we realize the effective capture of spatial information through
the module illustrated in Fig. 8b. Specifically, we employ a lightweight
convolution design by combining depthwise convolution with partial
convolution.

RGNN introduces the sparse time-aware expert module for multi-
scale fusion. After the multi-scale fusion, RGNN proceeds with spatial
information extraction. Different methods are used to extract spatial
information depending on the data structure. For graph-structured
data, fusion graph convolution is employed to extract spatial infor-
mation. For grid-structured data, convblock (as illustrated in Fig. 8) is
used for spatial information extraction. This process is repeated N
times for the extraction and fusion of temporal and spatial informa-
tion, ultimately outputting the condensed result. Finally, for graph-
structured data, the Fine-grained Reconstructionmethod is applied to
restore the details of regional nodes; for grid-structured data,
Upsampling Fusion Convolution is used to restore the data to its ori-
ginal size.

Training setting
In order to ensure consistency inmodel configurations across different
datasets and enable fair comparisons, a unified experimental protocol
is employed. All models and modules are implemented using PyTorch
to maintain consistency in implementation. Regarding dataset parti-
tioning and normalization, the datasets are split into training, valida-
tion, and test sets with proportions of 60%, 30%, and 10%, respectively.
Only the training set is used for normalizing the validation and test sets.

For the optimizer and learning rate, the Adamoptimizer is chosen
with adefault learning rate of 3e-3, and the learning rate is decayedby a
factor of 0.8 every 5 epochs during training. In termsofmodel training,
a triple independent training scheme is adopted, where each model
configuration is trained from scratch three times with different ran-
dom initializations. Early stopping is implemented during training.
Two checkpoints are saved for each training run: one corresponding to
themodel with the lowest validation loss, and the other corresponding
to the final model at the end of training. The checkpoint yielding the
best performanceon the test set is selected as the representative result
for that configuration. Model performance is evaluated using two
standard metrics: Mean Squared Error (MSE) and Mean Absolute
Error (MAE).

To balance computational efficiency, we set the number of layers
in the RGNN to 2. Additionally, when using sparse time-aware experts,
we set five time aware experts by default, with a sparsity coefficient k
set to 3. At the same time, we default to using regional graph repre-
sentations for all models, with the default region order set to 1.

Training method. To enable the RGNN architecture to better adapt to
dynamic systems with diverse structures, two innovative training

methods is introduced as shown in Fig. 2: the hybrid trainingmethod43

and the masked training method. These methods are optimized for
graph and grid structures, respectively. The combination of these
approaches aims to improve the RGNN architecture’s performance
across various complex datasets and enhance its generalization
capabilities.

Specifically, the hybrid training method integrates the training
processes of multiple graph structures, designing a dedicated linear
layer for each structure to output the corresponding node results.
Despite structural differences, the core architecture of RGNN remains
consistent, ensuring scalability and efficient utilization of graph
information. By sharing the RGNNmodule, thismethod eliminates the
high cost of training each graph structure individually. In contrast, the
masked trainingmethod employs amaskingmechanism, ensuring that
the model focuses only on unmasked grid nodes, thereby ignoring
irrelevant nodes. This approach not only reduces computational
resource waste but also improves training efficiency and accuracy
when handling diverse grid structures. Consequently, the model can
simultaneously train on different grid data, enhancing its adaptability.

Dataset. In the research framework and experimental verification
process of this paper, the three core datasets involved each
possess distinct and unique intrinsic attributes and structural char-
acteristics. These characteristics are not only reflected in basic
aspects such as data sources, scale, and content dimensions but
also profoundly influence data quality, usability, and applicable
scenarios.

The TBC dataset, obtained from Matlab computations44,45, exhi-
bits negligiblediscrepancieswhen compared to structural simulations.
Therefore, future research will prioritize data from numerical
computations46, using seismic waveforms based on the Clough-
Penzien model45and recorded by high-precision sensors during
actual earthquake events.

CRU-TS47 dataset, includes key climate variables like average
minimum and maximum temperatures (∘C) and total precipitation
(mm). It is essential for studying global climate dynamics, regional
weather patterns, and climate change impacts. The dataset spans 384
longitudes, 512 latitudes, and covers 360 months of monthly data.

The PEMS48 dataset comprises data from multiple sensors across
different highways in California, used for real-time monitoring of
traffic flow, vehicle speed, lane occupancy, and other traffic informa-
tion. Each sensor records data such as traffic flow, average speed, and
occupancy rate.

Data availability
The supporting data for this study comes from open-source datasets,
and the relevant data are cited within the paper. The train-bridge
coupled system dataset will be open-sourced in the future. For further
details and access to the datasets, please refer to the UCI Machine
Learning Repository at https://archive.ics.uci.edu/.

Code availability
The full implementation code for theRGNN frameworkcanbe foundat
the following link: https://github.com/Amos-Yooupi/RGNN. This
repository includes the complete model implementation, along with
the associated training and evaluation scripts, making it easier for
researchers and developers to reproduce and further optimize the
framework. Additionally, the code for all comparison models has also
been open-sourced. Users can access and use this code for compara-
tive experiments, thereby gaining a deeper understanding of the per-
formance of the RGNN framework across different tasks and datasets.
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