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Abstract
Spatio-temporal forecasting is inherently bottle-
necked by a phenomenon we term Spatio-Temporal
Duality: the paradoxical coexistence of time-
varying physical lags and instantaneous semantic
synchrony. Constrained by passive coupling, exist-
ing architectures often employ indiscriminate spa-
tial aggregation that fails to dynamically arbitrate
interaction intensity based on traffic states, forcing
models to rely on redundant deep stacking to ap-
proximate complex dynamics. We address this is-
sue by introducing Time Arbitrated Spatial GNN
(TAS-GNN), an efficient framework that arbitrates
spatial interactions through time. Our model lever-
ages deep temporal semantics to dynamically and
proactively manage the aggregation of spatial do-
mains, effectively decoupling physical connectiv-
ity from semantic relevance. In addition, to en-
sure model simplicity, we also introduce spectral
decoupling via Discrete Wavelet Transform (DWT)
to capture multiscale dependencies with minimal
overhead. Experiments on three real-world datasets
(PEMS04, 07, 08) show that TAS-GNN not only
outperforms the current baseline model in accuracy,
but also significantly improves the inference speed
while reducing the number of parameters.

1 Introduction
Accurate traffic prediction is the key to an Intelligent Trans-
portation Systems [Jiang and Luo, 2022]. The Spatio-
Temporal Graph Neural Networks (STGNNs) [Li et al.,
2018b; Yu et al., 2018] relies on the inherent homogeneity
assumption in graph neural networks-spatial proximity de-
termines the correlation of features, and this has led to sig-
nificant progress in this field. However, we believe that this
paradigm has significant theoretical deviations when applied
to complex transportation systems, due to the dual nature of
time and space in traffic evolution. That is, although the phys-
ical propagation follows a clear time-delay path through local
neighbors, the relevant semantic synchronicity is often not
limited by spatial distance.

∗Corresponding author.

Figure 1 illustrates this duality, which causes a fundamen-
tal conflict between physical propagation delay and semantic
synchronization. The figure shows that while the semantic
neighbor (node 35) exhibits immediate waveform synchro-
nization, the upstream neighbor (node 77) shows a significant
lag (60 minutes). This phenomenon creates a serious predica-
ment that is difficult to solve using the existing paradigm.
Traditional spatial-temporal neural networks (STGNNs [Yu
et al., 2018]) are limited by the reliance on static spatial priors
and thus cannot capture dynamic propagation delays. Mean-
while, recent Transformer-based models(STAEformer [Liu et
al., 2023]) have begun to address this by adopting redundant
deep stacking and complex dynamic changes. This not only
makes them susceptible to false correlations due to heteroge-
nous noise (node 92, 134) but also significantly increases
computational costs.

In this work, we propose TAS-GNN (Time-Arbitrated
Spatial GNN), a streamlined framework that shifts the
paradigm from Spatial-for-Temporal aggregation to Time-
Arbitrated Spatial Interaction. Unlike methods that treat
spatial dependencies as static or uniform, TAS-GNN lever-
ages deep temporal contexts to explicitly arbitrate spatial ag-
gregation. This mechanism dynamically engages topologi-
cal neighbors during flow propagation while pivoting towards
temporal inertia during saturation (congestion), effectively
decoupling physical delays from semantic synchronization
without requiring deep stacking. In summary, our key con-
tributions are as follows:

• Time-Arbitrated Spatial Interaction: We propose a
novel time arbitration mechanism that dynamically ad-
justs spatial aggregation by utilizing deep temporal con-
text as a gating signal. This model adaptively filters
noise and captures phase dependencies, effectively de-
coupling physical delays from semantic synchrony.

• Resource-Efficient Architecture: We designed an ef-
ficient framework that performs frequency disentangle-
ment through the integrated Discrete Wavelet transform
(DWT) and replaces computationally intensive global
attention with linearly complex arbitration units. TAS-
GNN significantly reduces parameter count and compu-
tational overhead, addressing the bottlenecks in deploy-
ing complex Transformers.

• Comprehensive Evaluation: Extensive experiments
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Figure 1: Empirical observation of the duality of time and space in the transportation network. The main figure compares the traffic flow time
series of the target node 19 and its three different types of neighbors: (1) Upstream physical neighbors (node 77): shows a significant physical
propagation lag of approximately 12 time steps (60 minutes); (2) Semantic neighbors (node 35): although there is no direct connection, it
shows immediate semantic synchronization; (3) Heterogeneous nodes (nodes 92, 134): shows unrelated heterogeneous flow patterns. The
upper left inset shows the geographical spatial distribution of these nodes and their topological connection relationships.

on three real-world benchmarks (PEMS04, PEMS07,
PEMS08) demonstrate that TAS-GNN outperforms
competitive baselines, it offers superior inference speed
and low latency, providing a practical and scalable solu-
tion for real-time edge deployment.

2 Related Work
2.1 Graph-based Approaches
Modeling spatial dependencies in traffic forecasting has tran-
sitioned from rigid physical constraints to data-driven adap-
tation. Pioneering works, such as DCRNN [Li et al., 2018b]
and STGCN [Yu et al., 2018], anchored diffusion processes to
predefined adjacency matrices. While effective for extracting
local correlations, these methods are limited by the rigid as-
sumption of stationarity, restricting interactions to fixed phys-
ical connections. To mitigate reliance on incomplete physi-
cal priors, adaptive graph learning emerged. Although adap-
tive adjacency matrices (GraphWaveNet [Wu et al., 2019] and
AGCRN [Bai et al., 2020]) have been introduced to learn the
underlying structure, these methods inherently have the prob-
lem of passive coupling. They typically treat spatial depen-
dence as a static prior or auxiliary feature and apply a fixed
aggregation mechanism at all time steps. Therefore, they are
unable to dynamically distinguish between physical propaga-
tion lags and semantic synchrony, and often require redundant
depth to approximate these constantly changing patterns.

2.2 Attention-based Approaches
Recent works like GMAN [Zheng et al., 2020], PDFormer
[Jiang et al., 2023] and STAEformer [Liu et al., 2023] lever-
age global self-attention to capture long-range dependen-
cies.These models utilize the global self-attention mechanism
to identify long-range dependencies, effectively capturing the
semantically synchronous part of bivalence. However, this
approach also leads to the problem of indiscriminate aggre-
gation. Since there are no constraints of physical topology,
global attention is prone to be affected by false associations
from different nodes. Furthermore, to compensate for the lack
of topological induction, these models rely on deep stacking
of attention layers, resulting in heavy computational overhead
that hinders edge deployment.

2.3 Spatio-Temporal Interaction: From Passive
Coupling to Active Arbitration

For spatio-temporal interactions, existing research has pri-
marily explored different coupling methods between spatial
and temporal modules [Wang et al., 2020], but most fol-
low the paradigm of spatial serving temporal. Whether em-
ploying alternating convolutional layers (STGCN [Yu et al.,
2018]) or integrating graph convolutions into recurrent unit
gates (DCRNN [Li et al., 2018b]), these approaches treat
spatial aggregation as a preprocessing step to enhance tem-
poral features [Guo et al., 2019; Song et al., 2020]. While
effective for simple dependencies, this paradigm performs
Indiscriminate Aggregation, failing to reconcile the inherent
Spatio-Temporal Duality: the conflict between time-delayed
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physical propagation and instantaneous semantic synchrony.
By passively mixing these conflicting signals, prior methods
struggle to adapt to rapid traffic state transitions.

TAS-GNN fundamentally inverts this hierarchy by im-
plementing the Time-Arbitrated Spatial Interaction (TASI)
paradigm. Rather than treating spatial features as static in-
puts, we leverage deep temporal contexts as a governing sig-
nal to explicitly arbitrate spatial weight allocation. Unlike
indiscriminate aggregation, this design ensures that spatial
message passing is strictly synchronized with evolving traf-
fic trends, effectively decoupling physical connectivity from
semantic relevance.

2.4 Efficient Modeling: Beyond Deep Stacking via
Multi-Scale Reconstruction

Achieving SOTA accuracy often relies on stacking deep at-
tention layers [Zheng et al., 2020; Liu et al., 2023], yet this
incurs quadratic complexity (O(L2)) that hinders edge de-
ployment. Multi-resolution modeling offers a viable path to
efficiency. Notably, MedGNN [Fan et al., 2025] validated hi-
erarchical graph learning in medical classification, achieving
SOTA results by capturing physiological correlations at vary-
ing scales. Nevertheless, transposing this to traffic forecast-
ing encounters a fundamental granularity discrepancy. Unlike
medical tasks identifying global discrete states, traffic fore-
casting demands capturing continuous, fine-grained propaga-
tion delays. Static hierarchical graphs remain insufficient to
model such time-varying physical lags.

To bridge this gap, TAS-GNN reformulates the multi-
resolution paradigm for ITS. Rather than relying on static hi-
erarchies, we integrate Discrete Wavelet Transform (DWT)
within our Time-Arbitrated framework. This design re-
tains the spectral efficiency of multi-scale feature extrac-
tion—inspired by MedGNN—while dynamically decoupling
physical propagation from semantic synchrony. The result
is a Pareto-optimal architecture that surpasses heavyweight
baselines without the burden of deep recursive stacking.

3 Problem Definition
We represent the traffic network as a graph G =
(V,E,Astatic), where V denotes the set of sensor nodes N .
Astatic is constructed using the k-nearest neighbors (k-NN)
algorithm with Gaussian kernel weights. The edge weight
formula is Aij = exp(− dist(vi,vj)

2

σ2 ), where node j is among
the top K nearest neighbors of node i (with k set to 8). Fi-
nally, row normalization is applied to the matrix to ensure
propagation stability. Let Xt ∈ RN×C denote the traffic fea-
tures at time t (flow), where C is the number of feature chan-
nels. Given a historical observation sequence of length T ,
X = {Xt−T+1, . . . , Xt}, our goal is to predict the future traf-
fic states for the next τ time steps, Y = {Xt+1, . . . , Xt+τ}.
This task aims to simultaneously capture stable physical de-
pendencies induced by Astatic and instantaneous semantic
correlations driven by dynamic attention. The forecasting
problem can be formalized as learning a θ-parameterized
mapping function Fθ:

Ŷ = Fθ(X , G, T ), Ŷ ∈ Rτ×N×C (1)

where Ŷ is the predicted sequence and T denotes auxiliary
temporal information (time-of-day).

4 Methodology
4.1 Overall Framework
We model traffic flow as a non-stationary spatio-temporal
signal consisting of low-frequency trends, high-frequency
fluctuations, and topology-constrained propagation (Spec-
tral–Temporal–Spatial triangulation). Motivated by this de-
composition, we adopt a wavelet-enhanced temporal encoder
to provide multi-scale temporal representations without re-
lying on deep stacking. To capture diffusion-like propaga-
tion over the road network while maintaining structural sta-
bility, we combine a multi-order spatial propagation module
with a static-graph-biased attention mechanism. Building on
these designs, we propose TAS-GNN, a time-arbitrated spa-
tial model (Figure 2, which consists of four components: (1)
Domain-Differentiated Embedding, (2) Shallow Temporal
Context Encoding, (3) Time-Arbitrated Spatial Genera-
tion, and (4) Residual Decoding.

4.2 Domain-Specific Embedding and Feature
Extraction

Unlike traditional methods, we adopt the domain-
differentiated embedding approach based on the fundamental
differences between time series and spatial topology. The
temporal flow achieves the reduction of the encoder’s learn-
ing complexity by integrating Wavelet Feature Extraction,
Position Embedding, Adaptive Embedding, and Shared
Temporal Context (TOD & DOW). At the same time, it
establishes causal logic based on the sequence order and
captures the implicit non-periodic dynamics to complement
the relatively rigid clock-like pattern of the latter.

The spatial flow utilizes Node Embedding and Shared
Temporal Context (TOD & DOW) to index the geograph-
ical spatial identity. The shared time context plays a unique
role in achieving mode decoupling: In the temporal flow, it
stipulates the periodic patterns, while in the spatial flow, it
gives dynamic spatial correlation to the static signals.

Overall, domain embedding provides disentangled priors
by modality and strengthens the multi-scale expression of
temporal modeling and the time-arbitrated modeling of spa-
tial dependence, thereby laying the foundation for decoupling
physical constraints from semantic relevance.

4.3 Shallow Temporal Context Encoding
To capture global temporal context, we employ a 4-layer
Transformer encoder[Vaswani et al., 2017] to contextually
encode the time series, aggregating information into node-
specific deep temporal representations Htemp ∈ RN×T×D

via multi-head attention mechanisms. Concurrently, a pre-
processed Discrete Wavelet Transform (DWT) decomposes
the input into low-frequency trends and high-frequency de-
tails, achieving information orthogonality. The wavelet trans-
form decomposes the input into frequency subbands, facilitat-
ing the separation of high-frequency components from low-
frequency trends. This allows the shallow Transformer to fo-
cus solely on synchronizing semantic waveforms within traf-
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Figure 2: Time-Arbitrated Spatial Graph Neural Network TAS-GNN

fic flow data, eliminating the need for deeper layers to fit
noise. The detailed analysis related to this is provided in Sup-
plementary Material 1. (Supplementary materials are avail-
able at https://github.com/highhhhh/TAS-GNN).

Furthermore, the deep context encoding is strictly con-
fined to the time domain (T ≪ N ), combined with an ef-
ficient spatial attention mechanism in the subsequent gen-
eration stage that differs from the O(N2) complexity of all
layers in standard spatio-temporal Transformers. It effec-
tively avoids computational redundancy from spatio-temporal
stacking, thereby reducing the model’s parameter count.

4.4 Time-Arbitrated Spatial Generation
The deep temporal feature Htemp conditionally guides the
dynamic spatial graph. Through three coupled steps, Htemp

modulates spatial generation as a control signal, capturing
macro-scale traffic patterns [Bai et al., 2020; Wu et al., 2019].
Static-Graph-Biased Spatial Attention. We treat the
static network structure as a structural bias, directly inject-
ing it into the dynamic attention computation process. For
the dynamic spatial features of a given input, we first gener-
ate the query matrix, key matrix, and value matrix through
linear projection [Vaswani et al., 2017]:

Q = XspatialWQ,K = XspatialWK ,V = XspatialWV (2)

Although purely data-driven attention mechanisms can
capture global semantic correlations, they are prone to over-

fitting on coefficient signals [Wu et al., 2020]. Therefore, we
introduce Astatic as a structural prior to anchor the attention
mechanism to physical topological structures. The attention
scores are computed as follows.

Scoreij =
QiK

⊤
j√

d
+ λ ·Astatic,ij (3)

By making λ · Astatic learnable, the model automatically
balances dependencies between rigid physical topology and
data-driven semantic relevance, adaptively optimizing struc-
tural biases across different flow patterns. This mechanism
enables the model to focus on physically adjacent nodes,
effectively preventing attention mechanisms from diverging
on coefficient data while retaining the ability to capture la-
tent long-range correlations. After computing the attention
scores, we perform a weighted sum over the Value matrix,
then add residual connections and layer normalization (Lay-
erNorm) to obtain the dynamic spatial feature Hspatial ∈
RN×D for each time step given the input.
Time-Arbitrated Spatial Interaction Unit. After acquir-
ing spatial features Hspatial that fuse static and dynamic in-
formation, we employ an arbitration fusion layer to achieve
on-demand spatial aggregation. Traffic flow exhibits state-
dependent interactions: free-flow is governed by tempo-
ral continuity; congestion formation actively recruits spatial
neighbors for physical propagation; whereas saturated con-
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gestion relies on temporal inertia, utilizing spatial informa-
tion merely as a corrective signal. Therefore, we process
the spatio-temporal state—generated by concatenating local
spatial features Hspatial with the aligned node-wise tempo-
ral feature Htemp —through a multilayer perceptron to pro-
duce arbitration coefficients z ∈ [0, 1]N×D that participate
in spatio-temporal information fusion. During the interaction
phase, we slice the temporal feature Htemp at the current time
step t to obtain H

(t)
temp ∈ RN×D, ensuring strict point-wise

alignment with the spatial feature Hspatial.

z = σ
(
Wg2 · ReLU

(
Wg1 ·

[
Hspatial ⊕Htemp

])
+ bg

)
(4)

Hfused = z ⊙Hspatial + (1− z)⊙Htemp (5)
This arbitration unit functions as a traffic condition classi-

fier. By taking into account the current traffic flow conditions
and using time states to distinguish between physical propa-
gation delay and semantic synchronization, the model is able
to dynamically decide whether to focus on time dependence
or capture the characteristics of physical traffic propagation.
Multi-Order Propagation. To simulate the physical diffu-
sion process of traffic flow across road networks, we feed
the time-corrected feature Hfused into a Multi-Order Graph
Convolutional Network(GCN) [Li et al., 2018b], employing
a multi-hop diffusion strategy to expand the receptive field of
nodes [Wu et al., 2019]. To rigorously simulate the physical
diffusion process, define H(0) = Hfused, and define the row-
normalized transfer matrix as Ã = D−1Astatic. The k-th
order propagation is then formulated as:

H(k) = nconv(H(k−1), Ã) = ÃH(k−1) (6)
This normalization ensures that feature magnitudes remain
stable across multi-hop diffusion steps.

By stacking K layers of graph convolutions, the model cap-
tures spatial influences ranging from immediate neighbors to
Khop distant neighbors. To avoid the over-smoothing issue in
deep GCNs [Li et al., 2018a], we employ a Recursive Inter-
action Aggregation layer instead of using the last layer’s out-
put. This layer sequentially fuses features of different orders
{H0, H1, HK} through a series of interaction layers, thereby
integrating global context (higher-order features) while pre-
serving local details (lower-order features). The resulting
spatio-temporal context HST incorporates temporally vali-
dated, multi-scale spatial dependencies, providing discrimi-
native feature representations for subsequent decoding.

4.5 Decoding and Optimization
To address the nonstationarity of traffic data, we designed a
residual decoder based on GRU [Chung et al., 2014]. Un-
like directly predicting absolute values, this decoder uses the
spatiotemporal hidden state Hsr generated by the encoder as
its initial state, focusing on predicting the increment at the
current time step relative to the previous moment. The final
prediction result is:

∆Ŷ = GRUdec(HST ), Ŷ = Xlast +∆Ŷ (7)
This residual architecture reduces fitting difficulty and ac-

celerates convergence. To further enhance stability, we em-
ploy two strategies:

Curriculum Learning via Teacher Forcing. During the
initial training phase, the model uses ground truth labels as
the next input for the decoder with a high probability to ac-
celerate convergence. As training progresses, this probability
linearly decays, forcing the model to gradually adapt to us-
ing its own predictions as input. This ensures an effective
balance between rapid convergence during training and long-
term prediction stability [Bengio et al., 2015].
Differential Learning Rate Mechanism. In the spatial
modeling module of the model, in order to prevent the sen-
sitive Sigmoid activation function in the early fusion gate
from experiencing polarization of weights due to a uniform
and high global learning rate. To address this, we assign a
lower learning rate multiplier to the Arbitration parameters
[Howard and Ruder, 2018]. This strategy ensures a smooth
evolution of the gate weights, enabling the model to more ro-
bustly search for the optimal spatio-temporal fusion ratio.

5 Experiments
5.1 Experiment Setup

Dataset. We evaluate TAS-GNN on three standard
real-world public traffic benchmarks collected by the Cal-
trans Performance Measurement System (PeMS)[Chen
et al., 2001]: PEMS04 (N = 307, T = 16, 992),
PEMS07 (N = 883, T = 28, 224), and PEMS08
(N = 170, T = 17, 856). All data are aggregated at
5-minute intervals, focusing on traffic flow prediction.
Baselines. We compare TAS-GNN against a wide range of
baselines, ranging from statistical methods (HA, ARIMA)
and deep time-series models (LSTM) to advanced spatio-
temporal neural networks. Specifically, we include classic
GNN-based models such as STGCN, DCRNN, ASTGCN,
GWNet, STSGCN, and AGCRN. Furthermore, we bench-
mark against recent Transformer-based SOTA models, in-
cluding PDFormer, STAEformer, as well as advanced GNN
variants such as MedGNN, and LightST.
Settings. Implemented in PyTorch on an NVIDIA A6000
GPU, our model is trained using AdamW and Huber Loss
[Huber, 1964] (δ = 2.0). Data is split 6:2:2 with horizon
T = τ = 12. The encoder uses 4 layers (D = 96, H = 6).
We set the batch size to 32 and max epochs to 200 (early stop-
ping patience=30). Notably, a 0.25 learning rate multiplier is
applied to the arbitration parameters for stability.

5.2 Overall Performance
The overall performance of TAS-GNN and all baselines on
PEMS04, PEMS07, and PEMS08 is reported in Table 1.
The results show that deep spatio-temporal models such as
AGCRN and GWNet generally outperform traditional meth-
ods by better modeling spatial dependencies. TAS-GNN
achieves the best or highly competitive performance across
the three datasets, with stable multi-run results on PEMS08,
e.g., MAE 3.42 ± 0.04, RMSE 22.83 ± 0.05, and MAPE
8.45%± 0.07%. These results indicate that TAS-GNN effec-
tively captures dynamic traffic patterns and reduces forecast-
ing errors through temporal-context-guided spatial modeling.
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Datasets PEMS04 PEMS07 PEMS08

Method MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE

HA [Ahmed and Cook, 1979] 26.35 42.16 16.74 30.32 56.66 12.80 23.30 40.58 14.49
ARIMA [Box et al., 2015] 33.71 48.8 24.18 38.17 59.27 19.46 31.09 44.32 22.73

LSTM [Hochreiter and Schmidhuber, 1997] 32.07 44.29 16.11 31.59 54.33 14.03 27.58 38.09 10.39
DCRNN [Li et al., 2018b] 24.41 37.78 17.10 26.8 41.44 11.67 19.91 30.94 12.39
STGCN [Yu et al., 2018] 20.95 32.51 14.40 22.54 33.82 11.20 16.72 24.81 11.58

ASTGCN [Guo et al., 2019] 25.89 40.24 17.00 29.42 45.05 13.00 21.83 33.4 13.00
GWNet [Wu et al., 2019] 22.64 35.70 16.03 23.77 37.99 10.09 16.83 27.08 11.18

STSGCN [Song et al., 2020] 21.68 34.02 14.50 24.87 39.77 10.65 17.67 27.44 11.42
AGCRN [Bai et al., 2020] 19.79 32.49 13.10 22 36.85 9.09 16.77 26.43 10.51

PDFormer [Jiang et al., 2023] 18.33 29.99 12.25 19.73 32.76 8.39 13.57 23.29 9.19
STAEformer [Liu et al., 2023] 18.29 30.43 12.11 19.14 32.58 8.01 13.46 23.25 8.88
LightST [Zhang et al., 2023] 18.12 29.72 11.87 19.29 32.4 8.06 13.46 23.06 8.87
MedGNN [Fan et al., 2025] 22.21 37.14 14.71 29.34 52.59 12.53 20.70 32.38 12.26

STD-PLM [Huang et al., 2025] 18.16 30.21 11.89 19.25 32.84 8.06 13.31 23.19 8.84

TAS-GNN(ours) 17.94 29.79 11.57 19.01 32.47 7.78 13.38 22.79 8.38

Table 1: Performance comparison on the PEMS04, PEMS07, and PEMS08 datasets, evaluated by MAE, RMSE, and MAPE (%).

Figure 3: Efficiency–accuracy trade-off on PEMS08. The x-axis re-
ports computational cost in GFLOPs and the y-axis reports MAE
(lower is better). Bubble size and color indicate the number of pa-
rameters (in millions).

5.3 Efficiency and Computational Complexity
Analysis

As shown in Figure 3, we evaluate overall efficiency by
jointly considering parameter counts and theoretical compu-
tational costs (GFLOPs). The results show that TAS-GNN
lies on the Pareto-efficient frontier between predictive perfor-
mance and resource consumption.

Specifically, compared with the heavyweight SOTA STAE-
former, TAS-GNN achieves comparable or superior accu-
racy while reducing the parameter count by 37% and signif-
icantly lowering GFLOPs, validating that the proposed time-
arbitrated interaction is a more efficient alternative to deep
stacking. While the lightweight PDFormer exhibits slightly
lower computational costs, it suffers from a performance bot-
tleneck. TAS-GNN surpasses PDFormer in accuracy with
only a marginal increase in computation, effectively trading

negligible cost for robustness grounded in physical topology.
Detailed complexity derivations are provided in Supplemen-
tary Material 2.

To further validate practical deployment capabilities on
resource-constrained edge devices, we conducted latency
testing on the PEMS08 dataset: the model achieves an in-
ference speed of just 6.79 ms/sample under high-throughput
scenarios with Batch=32 (10.57 ms/sample at Batch=1). This
result fully demonstrates that TAS-GNN not only possesses
low theoretical complexity but also exhibits outstanding ef-
ficiency in practical large-scale data stream processing and
real-time prediction scenarios.

5.4 Ablation Study
To verify the effectiveness of each key component in the pro-
posed framework, we conducted the following ablation tests
and comparisons on PEMS04 and PEMS08: (1)Temporal-
only: Removes the spatial module, retaining only the
Transformer-based temporal modeling and decoding process.
(2)Serial Stack: Adopts a “time → space” serial architec-
ture (Transformer → MRGNN → Decoder). (3)Late Fu-
sion (Gated): Fuses temporal and spatial features via a gat-
ing mechanism before decoding. (4)w/o Arbitration: Re-
moves the time arbitration unit. Replaces the time arbitration
unit with simple element-wise summation for feature fusion.
(5)w/o Spectral: Removes the Discrete Wavelet Transform
(DWT) module. (6)w/o Static Graph Prior: Removes the
predefined static adjacency matrix, relying entirely on data-
driven graph learning. All the ablation variants were eval-
uated under the same experimental settings as the complete
model, using MAE, RMSE, and MAPE as evaluation met-
rics. The results are summarized in Table 2.

Table 2 quantitatively validates the contribution of each
component, with TAS-GNN consistently achieving the lowest
error rates. Specifically, the performance drop in Temporal-
only confirms the necessity of spatial modeling, while the
poor results of Serial Stack highlight the superiority of our
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Setting PEMS04 PEMS08
MAE RMSE MAPE MAE RMSE MAPE

Full model 17.94 29.79 11.57 13.38 22.79 8.38
Temporal-only 18.18 30.31 11.66 13.58 22.98 8.55
Serial Stack 18.55 30.70 12.01 14.20 23.56 9.35
Late Fusion 18.07 30.26 11.66 13.60 23.04 8.55
w/o Arbitration 18.06 30.23 11.76 13.60 22.93 8.47
w/o Spectral 18.09 30.25 11.79 13.54 24.13 9.01
w/o Static 18.03 30.35 11.68 13.63 22.95 8.59Graph Prior

Table 2: Ablation study on PEMS04 and PEMS08.

Figure 4: Performance comparison of traffic flow prediction be-
tween TAS-GNN and ablation variants under typical peak conges-
tion scenarios.

parallel interaction paradigm. Crucially, the w/o Spectral
variant exhibits a notable rise in RMSE, confirming that a pri-
ori frequency disentanglement is essential for the lightweight
encoder to resist noise.

Although global metrics show modest gains, Figure 4
reveals the robustness of the model under critical conditions.
In the dynamic trend scenario (Sample 1767), the Temporal-
only variant (green) fails to capture the rapid upward
momentum due to a lack of spatial context. In contrast, TAS-
GNN leverages its parallel architecture to track surges with
minimal lag. Crucially, the w/o Arbitration variant (brown)
also suffers from severe mean reversion, failing to track the
peak despite having access to spatial features. This indicates
that static fusion alone is insufficient for regime shifts.
In contrast, TAS-GNN (red) leverages the time-arbitrated
mechanism to actively detect the state change and engage
spatial neighbors, successfully tracking the surge with
minimal lag. We have provided more diverse visualizations
of transportation modes in Supplementary Material 3.

5.5 Arbitration Weight Visualization
To intuitively understand the efficacy of the time-arbitrated
mechanism, we visualize the dynamic arbitration weights (α)
of the early fusion module for Node 297 in PEMS04 (Fig-

Figure 5: Gate behavior visualization on PEMS04 (Node 297). The
black curve shows the traffic flow, while the red dashed curve shows
the arbitration weight (spatial importance, normalized to [0, 1]). The
x-axis is indexed by 5-minute time steps.

ure 5), where the red dashed curve represents the learned im-
portance of spatial neighbors. Initially, during free-flow pe-
riods (Steps 0–50), the spatial weight remains low (< 0.2),
indicating that traffic evolution is dominated by temporal
inertia (semantic synchrony) rather than physical interac-
tions. As traffic volume increases (Steps 50–100), the weight
rises dramatically, reflecting the active recruitment of up-
stream/downstream information to capture physical propaga-
tion lag. Crucially, during the peak congestion phase (Steps
100–250), the spatial weight stabilizes at approximately 0.35.
This dynamic adaptation serves as compelling empirical evi-
dence for the Spatio-Temporal Duality: it confirms that traf-
fic states are not static but oscillate between propagation-
dominant and synchrony-dominant modes. By stabilizing at
this specific coupling coefficient, TAS-GNN effectively ar-
bitrates this duality, balancing dominant temporal continuity
(65%) with necessary spatial correction (35%) to filter out
high-frequency noise without overreacting to transient oscil-
lations.

6 Conclusion
This paper re-examines the fundamental challenges of traf-
fic prediction from the perspective of temporal-spatial dual-
ity theory. By proposing TAS-GNN, we have demonstrated
that the inefficiency of existing models is not due to insuf-
ficient depth, but rather to the passive coupling of physical
and semantic dependencies. Our research results show that
replacing indiscriminate stacking with an active arbitration
mechanism (TASI) enables the model to switch between cap-
turing physical lags and semantic synchronizations in real
time, thereby achieving the optimal balance between accu-
racy and efficiency. Moreover, it validates that precise mech-
anism modeling not only reduces the number of parameters
and accelerates the training convergence speed, but also can
serve as a powerful alternative to the brute force of parame-
ter redundancy. This provides a solution for deploying high-
performance, context-aware prediction models on resource-
constrained edge devices.

PRELIMINARY PREPRINT VERSION – DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of IJCAI-ECAI 2026.

IJ
CA

I-E
CA

I 2
02
6
PR
EP
RI
N
T



Acknowledgments
This work was supported in part by the National Natural Sci-
ence Foundation of China (NSFC) under Grants 62576183
and 62073082.

References
[Ahmed and Cook, 1979] M. S. Ahmed and A. R. Cook.

Analysis of freeway traffic time-series data by using box-
jenkins techniques. Transportation Research Record,
722:1–9, 1979.

[Bai et al., 2020] Lei Bai, Lina Yao, Can Li, Xianzhi Wang,
and Can Wang. Adaptive graph convolutional recurrent
network for traffic forecasting. In Proceedings of the
34th Conference on Neural Information Processing Sys-
tems (NeurIPS), pages 17804–17815, Vancouver, Canada,
December 2020. Curran Associates, Inc.

[Bengio et al., 2015] Samy Bengio, Oriol Vinyals, Navdeep
Jaitly, and Noam Shazeer. Scheduled sampling for se-
quence prediction with recurrent neural networks. In Pro-
ceedings of the 28th International Conference on Neural
Information Processing Systems (NeurIPS), pages 1171–
1179. MIT Press, 2015.

[Box et al., 2015] George E. P. Box, Gwilym M. Jenkins,
Gregory C. Reinsel, and Greta M. Ljung. Time Series
Analysis: Forecasting and Control. John Wiley & Sons,
Hoboken, New Jersey, 2015.

[Chen et al., 2001] Chao Chen, Karl Petty, Alexander Sk-
abardonis, Pravin Varaiya, and Zhanfeng Jia. Freeway
Performance Measurement System: Mining loop detector
data. Transportation Research Record, 1748(1):96–102,
2001.

[Chung et al., 2014] Junyoung Chung, Çağlar Gülçehre,
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