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Abstract

Traffic prediction provides vital support for urban traffic man-
agement and has received extensive research interest. By
virtue of the ability to effectively learn spatial and tem-
poral dependencies from a global view, Transformers have
achieved superior performance in long-term traffic prediction.
However, existing methods usually underrate the complex
spatio-temporal entanglement in long-range sequences. Com-
pared with purely temporal entanglement, spatio-temporal
data emphasizes the entangled dynamics under the restric-
tions of traffic networks, which brings additional difficulties.
Moreover, the computational costs of spatio-temporal Trans-
formers scale quadratically as the sequence length grows,
limiting their applications on long-range and large-scale sce-
narios. To address these problems, we propose a decomposed
spatio-temporal Mamba (DST-Mamba) for traffic prediction.
We aim to apply temporal decomposition to the entangled se-
quences and obtain the seasonal and trend parts. Shifting from
the temporal view to the spatial view, we leverage Mamba, a
state space model with near-linear complexity, to capture sea-
sonal variations in a node-centric manner. Meanwhile, multi-
scale trend information is extracted and aggregated by sim-
ple linear layers. Such combination equips DST-Mamba with
superior capability to model long-range spatio-temporal de-
pendencies while remaining efficient compared with Trans-
formers. Experimental results across five real-world datasets
demonstrate that DST-Mamba can capture both local fluctua-
tions and global trends within traffic patterns, achieving state-
of-the-art performance with favorable efficiency.

Introduction

Traffic prediction plays an essential role in modern intelli-
gent transportation systems, with typical applications cover-
ing congestion alleviation (Bai et al. 2020) and route plan-
ning (Dai et al. 2020). It aims to leverage observed traffic
conditions within real road networks to forecast future traf-
fic conditions. Since prediction accuracy highly depends on
capturing spatial and temporal dependencies in traffic data,
spatio-temporal neural networks that can jointly learn fea-
tures from time series and graphs have become the main-
stream methods in the traffic prediction domain (Wu et al.
20205 Ji, Yu, and Lei 2023; Li et al. 2024).
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Recently, spatio-temporal Transformers (Xu et al. 2020;
Chen et al. 2022) have received great attention. Unlike tra-
ditional spatio-temporal neural networks that extract spa-
tial and temporal features with different deep learning ar-
chitectures, e.g., graph neural networks (GNNs) (Cao et al.
2024) and recurrent neural networks (RNNs) (Ounoughi and
Ben Yahia 2024), spatio-temporal Transformers attempt to
maintain a unified model architecture for both spatial and
temporal data with only slight differences that reveal data
structures. Technically, self-attention provides a global pic-
ture for traffic data, which equips Transformers with supe-
rior ability in long-term traffic prediction tasks.

However, the difficulty of traffic prediction increases as
the spatio-temporal ranges increase (Luo et al. 2024; Cai,
Wang, and Hu 2024). Current spatio-temporal Transform-
ers still face several challenges in long-term traffic predic-
tion tasks. First, long-term traffic data exhibits complex and
entangled spatio-temporal dependencies that hinder tradi-
tional Transformers from extracting perspicacious patterns.
Although variants like Autoformer (Wu et al. 2021) and
FEDformer (Zhou et al. 2022) attempt to address this prob-
lem through decomposition, they only focus on the tem-
poral entanglement, ignoring the effect of spatial restric-
tions from road networks. Second, Transformers usually re-
quire quadratic complexity, which brings computation bur-
dens particularly when both spatial and temporal Transform-
ers are used in traffic prediction. The advancements in linear
models have made progress in balancing the efficiency and
accuracy for long-range forecasting (Das et al. 2023; Zeng
et al. 2023; Wang et al. 2024). Unfortunately, these methods
are more suitable for capturing stable trends while failing to
perceive the frequent fluctuations in traffic conditions.

To address these challenges, we propose in this paper
a decomposed spatio-temporal Mamba for long-term traf-
fic prediction. The main aim of the proposed method is to
disentangle the patterns within large spatio-temporal ranges
and leverage efficient feature extraction backbones to reduce
the computation complexity. Mamba (Gu and Dao 2024)
is a selective structured state space model (SSM) that has
gained great popularity in many fields. Our core idea is to
first decompose spatio-temporal data into trend and seasonal
parts from the temporal perspective where a Mamba back-
bone and a linear model are leveraged to learn from the sea-
sonal and trend parts. Notice that the Mamba framework is



designed to model the seasonal part from the spatial per-
spective where a view shift happens after the decomposi-
tion. The Mamba architecture is known to be more efficient
in long-term sequence modeling than Transformers. Mean-
while, the remaining trends can be well captured by lin-
ear models. Hence, the proposed model can be effective in
long-term prediction tasks while maintaining lower compu-
tational costs.

To be concrete, the seasonal part contains local and pe-
riodic patterns, where the large-scale spatial dependencies
from different locations play the dominant role in long-
range prediction tasks. Therefore, our model adopts a bi-
directional Mamba block to carefully capture these forward
and backward spatial correlations from the node perspec-
tive. We leverage the graph structure derived from time se-
quences to formulate the initial input tokens for Mamba
so that the spatial information can be incorporated. Since
Mamba mainly focuses on cross-node correlations, we ad-
ditionally design a learnable node embedding for each node
to maintain node-independent information. The aggregated
node tokens are combined with learnable embeddings for
further feature extraction. In contrast, the trend part contains
long-term patterns. We propose to utilize linear predictors
with multi-scale sampling and mixing to aggregate differ-
ent scales of trends. Finally, the outputs of these two par-
allel modules are combined to generate the final prediction
results. Notice that the discrepancy of models used for sea-
sonal and trend parts not only depends on their properties
but also relies on the difficulties in extracting information
from these parts.

To summarize, our contributions lie in three aspects:

* We uncover the entanglement in spatio-temporal traf-
fic data and propose a spatio-temporal decomposition
method for long-term traffic prediction. The trend and
seasonal inputs are processed with different modules
where effectiveness and efficiency can be well balanced.

* We design a Mamba-based architecture to leverage both
cross-node and node-independent spatial information.
The bi-directional correlations and graph structures are
combined to obtain spatio-temporal features and to re-
duce the sequential order bias.

The proposed method consistently achieves SOTA per-
formance across five public datasets with favorable effi-
ciency compared to current representative Transformers,
linear models, and Mamba-based models.

Related Work
Long-Term Traffic Prediction

Traffic prediction is a successive field of multivariate time
series forecasting, which further considers spatial restric-
tions of traffic networks. The powerful ability of Trans-
former to depict global dependencies attracts researchers to
adapt it to time series representation learning, most of which
focus on extending the sequence length while maintaining
efficiency (Zhou et al. 2021; Liu et al. 2022). However, the
typical use of cross-time attention to extract point-wise tem-
poral relations has recently been questioned to be less effec-
tive (Zeng et al. 2023; Liu et al. 2024). Another insight is
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to shift the view by applying attention along the variable di-
mension to generate more informative representations (Liu
et al. 2024). Besides, as an emerging alternative predictor,
linear models (Zeng et al. 2023; Das et al. 2023; Wang et al.
2024; Lin et al. 2024) excel at learning trends based on sim-
pler but more efficient point-wise mappings. However, com-
pared to Transformers, linear models often rely on longer
historical observations to make accurate predictions and per-
form worse in detecting cross-node dependencies.

To strike a better balance between accuracy and effi-
ciency, a novel model called Mamba (Gu and Dao 2024)
is proposed, which improves the expressive capability of
previous state space models (Gu et al. 2020; Gu, Goel,
and Ré 2022) by introducing parameterized matrices and a
hardware-aware parallel computing algorithm. Recently, the
applications of Mamba in diverse fields have drawn great at-
tention (Zhu et al. 2024; Ma, Li, and Wang 2024; Ahamed
and Cheng 2024; Liang et al. 2024). Similar to Transform-
ers, Mamba is also utilized to model either temporal (Zeng
et al. 2024; Xu et al. 2024) or spatial dependencies (Wang
et al. 2025; Lee et al. 2024) in time series forecasting. The
appealing properties of Mamba in sequence modeling in-
spire us to explore its potential to overcome the challenges
faced by current methods of long-term traffic prediction.

Temporal Decomposition

Temporal decomposition deconstructs time series into sepa-
rate components that exhibit more predictable patterns (Wen
et al. 2019; Oreshkin et al. 2020). It is widely used as
a pre-processing step or an inner block in Transformer-
based and linear models. For instance, Autoformer (Wu
et al. 2021) first proposes an inner module for progres-
sively decomposing not only the past sequences but also
the intermediate results. Based on Autoformer, FEDformer
(Zhou et al. 2022) further combines temporal decompo-
sition with Fourier analysis to better extract global infor-
mation. TimeMixer (Wang et al. 2024) proposes a fully
MLP-based forecaster with Past-Decomposable-Mixing and
Future-Multipredictor-Mixing blocks to take advantage of
disentangled variations and complementary forecasting ca-
pabilities from multi-scale series simultaneously. We notice
that these methods only focus on decomposing temporal pat-
terns and ignore the influence of spatial restrictions.

Preliminaries
Problem Formulation

Traffic data collected by multiple sensors is a special mul-
tivariate time series under the restrictions of road networks.
The traffic series can be denoted as X, and its road network
can be represented as a graph G with an adjacency matrix
S € RVXN where N is the total number of nodes.

Given the input historical observations over the previous
L time steps Z = {X} XL .- ,Xﬁv}le and the predic-
tion horizon T', where X! represents the traffic state of the
i-th node at the ¢-th time step, the model aims to generate
the output future prediction O = {X}, X%, - - ,X?v}f:g 41
through a parametrized neural network F ().



State Space Models

State Space Models (SSMs) originate from the continuous-
time linear time-invariant system and describe the evolution
of dynamic systems by latent state transition. This process
can be expressed using ordinary differential equations:

h'(t) = Ah(t) + Bx(t),
y(t) = Ch(?),
where A, B, and C are learnable matrices. The first equation
describes how the current state changes over time under the
impact of the input, while the second equation describes how
the current state translates to the output.

The continuous SSMs can be discretized by zero-order
holding as follows:

ey

h; = Ah;_; + Bx,,
yf, = Chta

where A = exp(AA) and B = (AA) ™! (exp(AA)—I)-AB.
A is the step size. The discretized SSMs can be trained in
a parallel convolutional manner and make predictions in a
recurrent neural network manner.

Mamba (Gu and Dao 2024) introduces a data-dependent
selection to parameterize matrices B, C, and A. Given an
input sequence x € R, where D is the hidden dimen-
sion, Mamba first expands D to eD with an expansion factor
€ by linear projection. The expanded representation passes
through convolution operations and a SiLU activation to get
x’ € R¢P . The parameter matrices A, B, C, and A are gen-
erated and discretized following the aforementioned strate-
gies. Then, these matrices together with x’ are processed by
the discretized selective SSM to obtain the state representa-
tion y. The final output y € R is obtained through a linear
transformation with the residual connection.

@

Methodology
Model Overview

The overall structure of the proposed DST-Mamba is illus-
trated in Figure 1. Generally, the input traffic series X is
first decomposed into separate trend part Xz and seasonal
part Xsz, which contain the global trend and local dynam-
ics respectively. These two parts are then processed by the
multi-scale linear prediction module and the spatio-temporal
Mamba encoder according to their properties.

The multi-scale linear prediction module down-samples
X1y into m scales through average pooling and obtains a set
of trend series. Before being fed into the linear predictor,
each trend series is sequentially mixed with its coarser trend
to remove the noise. This module then ensembles the out-
puts from multi-scale trends and obtains Yrr. As node inter-
actions are more important for long-term prediction in Xgg,
we shift the view and embed the entire series as a node to-
ken through efficient linearized graph aggregation. The node
tokens are then combined with learnable node embeddings
to formulate the input of the bi-directional Mamba block so
that the correlations among different nodes can be captured.

Finally, the outputs of these two parts are combined to
generate final predictions. The following subsections will
describe the main components of DST-Mamba.
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Temporal Decomposition Module

Due to the intricate spatio-temporal entanglement in traffic
data, it is difficult to effectively capture the hidden patterns
from entangled inputs. Specifically, traffic conditions can be
viewed as a mixture of seasonal and trend parts that corre-
spond to short-term and long-term dynamic patterns sepa-
rately. The trend part is less relevant to the node interactions
and can be well captured by linear mappings. Meanwhile,
the spatial correlations make the traffic states of neighbor
nodes influence each other frequently, resulting in dynamic
fluctuations. Therefore, instead of directly extracting these
spatio-temporal correlations with different properties from
entangled traffic series, it is beneficial to decompose the traf-
fic series into separate parts, with each part being processed
by suitable model architectures.

To be concrete, we apply temporal decomposition to de-
construct the entangled inputs into seasonal and trend parts.
For the traffic series X € RZ*Y | the moving average is
used to highlight the global trend and smooth out the pe-
riodic fluctuation. It is implemented as average pooling with
the padding method to keep the sequence length unchanged,
which can be formulated as:

X1z = AvgPool(Padding(X)),

3
XSE:X_XTRa ( )

where X1z and Xgg denote the extracted trend and seasonal
parts with the same shape of X € RE*N,

Multi-Scale Linear Prediction Module

Since linear models have demonstrated great potential in ex-
tracting long-term trends from time series, we employ point-
wise linear mappings as the basic structure to capture the
hidden patterns within X;z. Based on the observations that
traffic series exhibit multiple patterns at different scales, we
extend the uni-scale trend extraction to the multi-scale situ-
ation by applying down-sampling and scale-mixing.

First, X1g is down-sampled to obtain the multi-scale trend
series {Xrry, -, Xrx,,_,}» Where m is the number of

scales and Xz, € RLL/2'JXN - Ag observed from Figure 1,
the series lengths at different scales decrease as the process
of down-sampling continues. The lowest level of trend series
X1r, is the original input containing the finest information
while the highest level of trend series Xrr _, reflects the
most coarse and macroscopic information.

To eliminate the noise caused by detailed variations in
trend series, we apply a top-down mixing strategy. The
top-level series with the coarser trend is progressively
added to the down-level one with the finer trend so that
the information interactions among different scales can
be achieved. Specifically, for the multi-scale trend series

{Xr1zo, ", X7R,,_, J» the top-down mixing process can be
formulated as follows:

X{I‘Ri = XTRi + SCaleMiX(XTR(i+1) ), (4)
where i € {0,--- ,m— 1} and ScaleMix(-) is used to match
the temporal dimension between X1z, and Xrx,,, , which
is implemented by an MLP.
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Figure 1: Overall framework of DST-Mamba. After decomposition, the multi-scale linear prediction module aggregates trend
information at each scale, while the bi-directional Mamba jointly learns cross-node and node-independent representations from

the spatial perspective.

After top-down mixing, scale-wise linear predictors map
the mixed trends into corresponding m scales of predictions.
Then, these outputs are aggregated to generate overall trend

predictions Y 1z, which empowers DST-Mamba to capture
long-range variations within historical traffic series.

Spatio-Temporal Mamba Block

To learn informative spatio-temporal representations from
the seasonal part in a node-centric manner, we propose a
bi-directional spatio-temporal Mamba block.

Tokenization The seasonal series contains high-frequency
information where the spatial proximity among nodes plays
a dominant role. Unlike conventional Transformers that cap-
ture seasonal patterns from the temporal perspective, we
shift our view to the spatial side and adopt the spatial to-
kenization method to formulate initial inputs. The shift from
temporal tokens to spatial tokens empowers DST-Mamba
to aggregate global temporal representations within the en-
tire series and explicitly capture spatial dependencies. Con-
cretely, node tokens are obtained through graph aggregation:

&)

where S is the adjacency matrix and E; € RV *P+ is the ob-
tained node tokens, D7 is the hidden dimension of the node
tokens. The adjacency matrix can be obtained from a pre-
defined graph or by the results of Dynamic Time Warping
(DTW) distances. Such aggregation integrates graph struc-
tures into tokens to reveal spatial dependencies.

Except for the cross-node interactions, the unique infor-
mation for each node also impacts traffic patterns. The traf-
fic conditions from distinct regions tend to behave differ-
ently, while nearby nodes should be more similar in vari-
ations. Thus, we introduce an adaptive spatial embedding
E, € RV*Px (o jointly consider node-specific patterns. The

EI = SXSE7
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spatial embeddings are learnable parameters that can be ad-
justed along with the training process.

Finally, the hidden representation E € is obtained
by concatenating the token/embedding above, where the di-
mension D equals to D1 + Dj.

RNXD

Bi-directional Mamba Encoder This module consists
of a bi-directional Mamba for modeling node correlations
within seasonal variations and a feed-forward network for
learning temporal patterns on each node.

The selective mechanism of Mamba is designed to deal
with uni-directional sequences with inherent orders. How-
ever, the index of spatial nodes does not reflect real orders
and the cross-node correlations should be bi-directional.
Therefore, directly applying uni-directional Mamba in-
evitably leads to unsatisfactory results. To mitigate this
gap, we extend the uni-directional architecture to a bi-
directional one. It can be seen from Figure 1 that the two
Mamba pipelines, namely the forward Mamba and back-
ward Mamba, are identical except that they receive nodes
from two distinct directions.

For the seasonal series Xz € , the sequential or-
der is defined as the forward direction. The reversed input
is obtained by flipping its node dimension. Two sequences
with different directions are then passed through forward
and backward Mamba to generate a global view of spatial
correlations. Specifically, each Mamba block contains two
branches, where one branch contains the core selective SSM
module, serving as the information filter, and another branch
is the gate. The process is described as follows:

H;y; = ForwardMamba(Xsz),
H;,; = BackwardMamba(Flip(Xsg)),
Hsp = Hpy + th(HBW)7

where Hyy; and Hyy; are features extracted by two Mamba
pipelines and Hsz denotes the learned seasonal patterns.

RNXD

(6)



Feed-Forward Network The encoded seasonal represen-
tations processed by Mamba are then fed into a feed-forward
network (FFN) to obtain the predictions Ygg. For tradi-
tional temporal embedding methods, FFN may fail to extract
meaningful representations as temporal tokens typically fuse
multiple nodes at the same time step and are too localized
to provide long-range temporal patterns. However, as each
node token inherently contains the entire time series, FFN
can implicitly encode temporal dependencies by keeping the
dynamic sequential relationships.

Traffic Prediction
After obtaining the outputs from the two components, DST-
Mamba generates the final predictions Y via

Y = Yoz + AYqs, 7

where ) is the weight of trend information. Then, we can
construct the training objective for traffic prediction through
Mean Squared Error (MSE) loss:

L= |§ - Y|§7
where Y is the ground truth.

®

Experiments
Datasets and Baselines

To evaluate the performance of DST-Mamba, we carry out
experiments on five real-world traffic datasets (Wang et al.
2025), including Traffic and the PEMS datasets. Table 1
gives the detailed statistics of these datasets. Z-Score nor-
malization is applied to each time series to stabilize the
training process and accelerate convergence. We adopt the
same data processing and dataset split setting in S-Mamba,
which strictly follows the chronological order to avoid the
data leakage issue.

DST-Mamba is compared with 8 baselines from three cat-
egories to demonstrate its effectiveness: (1) Transformers:
iTransformer (Liu et al. 2024), Crossformer (Zhang and Yan
2023), PatchTST (Nie et al. 2023), FEDformer (Zhou et al.
2022), and Autoformer (Wu et al. 2021); (2) Linear models:
DLinear (Zeng et al. 2023); (3) Mamba models: S-Mamba
(Wang et al. 2025) and SOR-Mamba (Lee et al. 2024).

The experiments are conducted on a single NVIDIA
GeForce RTX 4090 with 24 GB memory. We use MSE as
the loss function and ADAM as the optimizer with an ini-
tial learning rate of 1073. The batch size is set to 32, and
the training process is early stopped within 10 epochs. DST-
Mamba adopts an encoder-only architecture where the num-
ber of encoder layers (bi-directional Mamba block) varies

Datasets | Nodes Timesteps Interval
Traffic 862 17,544 lhour
PEMSO03 | 358 26,209 Smin
PEMS04 | 307 16,992 Smin
PEMSO07 | 883 28,224 Smin
PEMSO08 170 17,856 Smin

Table 1: The statistics of datasets.
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from {1, 2, 3,4}. The weight of the trend predictions is se-
lected from the range 0.5 to 1. Our code is available at
https://github.com/Anle-He/DST-Mamba.

Long-Term Traffic Prediction Results

Following the experimental setting in previous works, we set
the input series length to 96 for all datasets and evaluated the
models with different prediction horizons. MSE and MAE
are selected as the evaluation metrics. The performances of
our method and baselines are listed in Table 2.

From the results across different prediction horizons, we
can observe that these models that explicitly capture cross-
node dependencies (DST-Mamba, SOR-Mamba, S-Mamba,
and iTransformer) achieve superior performance compared
with traditional cross-time Transformers and linear models.
This phenomenon implies that effectively extracting spa-
tial dependencies concealed in traffic data can obtain bet-
ter results than methods that directly extract temporal de-
pendencies. The results verify the important roles of spa-
tial information in traffic prediction. Compared with Cross-
former which jointly captures the cross-time and cross-node
dependencies with a two-stage attention module, our model
obtains better results, which demonstrates that the back-
bone to extract spatial dependencies is also important for
high prediction accuracy. We also observe that the predic-
tion deviations of linear models increase sharply as the out-
put length grows. Although they require low computational
costs, they cannot obtain satisfactory results when facing
complex spatio-temporal patterns. This indicates that linear
models are not capable of fitting the non-linearity within dy-
namic spatial correlations.

Compared with other Mamba-based models and iTrans-
former which extract features from a similar spatial per-
spective, DST-Mamba achieves better performance on most
datasets. According to our analysis, the series decompo-
sition makes the separate sub-series exhibit more obvious
and predictable patterns, which improves the effectiveness
of cross-node dependency modeling in the bi-directional
Mamba block. Meanwhile, the adaptive spatial embedding
and the extra trend patterns aggregated from multiple scales
can further enhance the learned representations.

Notice that the computational cost of DST-Mamba mainly
lies in the bi-directional Mamba module to extract cross-
node dependencies. Since DST-Mamba adopts a spatial per-
spective, the computation complexity is related to the num-
ber of nodes instead of the sequence length. Therefore, based
on the efficient Mamba block, the complexity is near O(N),
which allows our model to achieve effective long-term traf-
fic prediction with favorable efficiency.

Ablation Analysis

To evaluate the effectiveness of different components in
DST-Mamba, we perform detailed ablation studies based on
the PEMSO0S dataset. Specifically, the following seven vari-
ants are included: w/o AE removes the adaptive node em-
beddings. w/o Dec. removes the decomposition method in
DST-Mamba. w/o Bi-D replaces the bi-directional Mamba
with a uni-directional Mamba. w/o Tre. removes the trend
component and keeps the seasonal component. In contrast,



DST-Mamba
Models (Ours)

Metric MSE MAE

SOR-Mamba
(2024)
MSE MAE

S-Mamba
(2024) (2024)
MSE MAE \ MSE

iTransformer

MAE

PatchTST
(2023)
MSE

DLinear
(2023)
MAE \ MSE MAE

FEDformer
(2022)
MSE MAE

Autoformer
(2021)
MSE MAE

Crossformer
(2023)
MSE MAE

12 10.061 0.162
24 10.077 0.184
48 [0.105 0.217
96 |0.160 0.273
Avg 0.101 0.209

0.066 0.170
0.088 0.197
0.134 0.245
0.193 0.297
0.121 0.227

0.065 0.1690.071
0.087 0.1960.093
0.133 0.243|0.125
0.201 0.305|0.164
0.122 0.228|0.113

PEMSO03

0.174
0.201
0.236
0.275
0.221

0.099
0.142
0.211
0.269
0.180

0.216]0.122 0.243
0.25910.201 0.317
0.319]0.333 0.425
0.370]0.457 0.515
0.291]0.278 0.375

0.090 0.203
0.121 0.240
0.202 0.317
0.262 0.367
0.169 0.281

0.126 0.251
0.149 0.275
0.227 0.348
0.348 0.434
0.213 0.327

0.272 0.385
0.334 0.440
1.032 0.782
1.031 0.796
0.667 0.601

0.071 0.172
0.083 0.188
0.105 0.218
0.140 0.258
0.100 0.209

0.074 0.175
0.086 0.192
0.106 0.214
0.129 0.233
0.099 0.203

0.076 0.180]0.078
0.084 0.1930.095
0.115 0.224|0.120
0.137 0.248|0.150
0.103 0.211|0.111

PEMS04

0.183
0.205
0.233
0.262
0.221

0.105
0.153
0.229
0.291
0.195

0.22410.148 0.272
0.275]0.224 0.340
0.339]0.355 0.437
0.389]0.452 0.504
0.307{0.295 0.388

0.138 0.262
0.177 0.293
0.270 0.368
0.341 0.427
0.231 0.337

0.098 0.218
0.131 0.256
0.205 0.326
0.402 0.457
0.209 0.314

0.424 0.491
0.459 0.509
0.646 0.610
0.912 0.748
0.610 0.590

0.055 0.148
0.070 0.165
0.093 0.189
0.126 0.225
0.086 0.182

0.059 0.155
0.076 0.174
0.098 0.199
0.117 0.218
0.088 0.186

0.063 0.1590.067
0.081 0.183]0.088
0.093 0.192(0.110
0.117 0.217|0.139
0.089 0.1880.101

PEMSO07

0.165
0.190
0.215
0.245
0.204

0.095
0.150
0.253
0.346
0.211

0.207|0.115 0.242
0.262]0.210 0.329
0.340|0.398 0.458
0.40410.594 0.553
0.303]0.329 0.395

0.094 0.200
0.139 0.247
0.311 0.369
0.396 0.442
0.235 0.315

0.109 0.225
0.125 0.244
0.165 0.288
0.262 0.376
0.165 0.283

0.199 0.336
0.323 0.420
0.390 0.470
0.554 0.578
0.367 0.451

0.069 0.167
0.088 0.185
0.125 0.221
0.194 0.263
0.119 0.209

0.078 0.178
0.103 0.205
0.159 0.250
0.229 0.295
0.142 0.232

0.076 0.178]0.079
0.104 0.209|0.115
0.167 0.228|0.186
0.245 0.2800.221
0.148 0.224|0.150

PEMSO08

0.182
0.219
0.235
0.267
0.226

0.168
0.224
0.321
0.408
0.280

0.232]0.154 0.276
0.281]0.248 0.353
0.35410.440 0.470
0.417]0.674 0.565
0.321]0.379 0.416

0.165 0.214
0.215 0.260
0.315 0.355
0.377 0.397
0.268 0.307

0.173 0.273
0.210 0.301
0.320 0.394
0.442 0.465
0.286 0.358

0.436 0.485
0.467 0.502
0.966 0.733
1.385 0.915
0.814 0.659

0.372  0.253
0.388 0.259
0.401 0.276
0.446 0.291
0.402 0.270

0.378 0.261
0.393 0.269
0.399 0.272
0.437 0.290
0.402 0.273

0.382 0.2610.395
0.396 0.267|0.417
0.417 0.276|0.433
0.460 0.300|0.467
0.414 0.276]0.428

Traffic

0.268
0.276
0.283
0.302
0.282

0.462
0.466
0.482
0.514
0.481

0.295|0.650 0.396
0.296 10.598 0.370
0.304|0.605 0.373
0.322]0.645 0.394
0.304|0.625 0.383

0.522 0.290
0.530 0.293
0.558 0.305
0.589 0.328
0.550 0.304

0.587 0.366
0.604 0.373
0.621 0.383
0.626 0.382
0.610 0.376

0.613 0.388
0.616 0.382
0.622 0.337
0.660 0.408
0.628 0.379

Table 2:

Results of DST-Mamba and baselines on traffic-related datasets. The input length is fixed to 96 and the output lengths

are set to 96, 192, 336, and 720 for Traffic and vary from 12 to 96 for PEMS. The best results are marked in bold and the

second-best results are marked with underlines.

w / 0 Sea. removes the seasonal component while keeping
the trend component. w/o Dec.+L. is the model without de-
composition and feeds the original inputs into the spatio-
temporal Mamba module. w/o Dec.+M. removes the decom-
position method and feeds the original inputs into the multi-
scale linear prediction module.

DST-Mamba
MSE MAE

w/o Dec.+L.
MSE MAE

w/o Tre.
MSE MAE

w/o Dec.
MSE MAE

0.069 0.167
0.088 0.185
0.125 0.221
0.194 0.263
0.119 0.209

0.076 0.176
0.094 0.193
0.141 0.233
0.246 0.284
0.139 0.222

0.075 0.175
0.097 0.193
0.135 0.225
0.227 0.289
0.134 0.221

0.077 0.174
0.098 0.198
0.135 0.229
0.256 0.289
0.142 0.223

Model
Metric

w/o AE
MSE MAE

w/o Bi-D
MSE MAE

w/o Dec.+M.
MSE MAE

w/o Sea.
MSE MAE

12
24
48
96
Avg

0.073 0.173
0.095 0.196
0.139 0.237
0.213 0.297
0.130 0.226

0.070 0.169
0.091 0.190
0.131 0.224
0.220 0.275
0.128 0.215

0.125 0.236
0.238 0.331
0.550 0.531
1.137 0.795
0.513 0.473

0.124 0.235
0.238 0.331
0.551 0.530
1.130 0.792
0.551 0.472

PEMS08

Table 3: Ablation results of seven variants for DST-Mamba
on the PEMSO08 dataset.
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The experimental results of the ablation studies are pre-
sented in Table 3. First of all, it can be observed that
the decomposition step is essential for DST-Mamba. In the
cases where the spatio-temporal patterns are entangled with-
out introducing the decomposition method, the overall per-
formance is generally decreasing. This phenomenon indi-
cates that the entangled traffic series increases the diffi-
culty of learning informative representations despite the fact
that Mamba and linear models are kept. In addition, re-
moving the trend or seasonal modeling module will also
degrade the overall performance. Removing the seasonal
part generates a larger performance degradation compared
to removing the trend one. The phenomenon corresponds
to our analysis that effectively extracting information from
the seasonal part is helpful for long-term traffic prediction.
A uni-directional Mamba setting would result in the loss
of half semantic information, making it less effective than
bi-directional Mamba in capturing global information. The
adaptive embeddings are used to maintain node-independent
information in addition to the cross-node information cap-
tured by Mamba and the graph aggregation process. The re-
sults also indicate that inserting node attributes into meth-
ods that focus on modeling correlations among traffic series
(e.g., Transformers and Mamba) can improve the represen-
tation ability.



PEMS03

PEMS04

PEMSO07

Traffic Flow
Traffic Flow

—— DST-Mamba
Seasonal Component
Trend Component
—— Ground Truth

—— DST-Mamba
Seasonal Component
Trend Component

W— Ground Truth

Traffic Flow

—— DST-Mamba
Seasonal Component
Trend Component
—— Ground Truth

0 50 100 50

Time Steps

150 200

100
Time Steps

150 200 50 100 150 200

Time Steps

Figure 2: The prediction showcases on the PEMS03, PEMS04 and PEMSO07 datasets with output length set to 96. Note that the

feature values are normalized during training.

Parameter Sensitivity

In this subsection, we present the influence of four hyper-
parameters on the model performance: the weight for the
trend output ranging from 0.5 to 1; the down-sampling win-
dow size to generate different scales of trend series with the
range of {2, 3, 4}; the number of Mamba blocks with a range
from 1 to 4, and the dimension of the adaptive spatial em-
bedding from {16, 32, 64, 128}. The results on the PEMS08
dataset have been reported in Figure 3.

It is observed that the performance of DST-Mamba with
different trend weights is relatively stable, which corre-
sponds to the fact that traffic dynamics rely more on local
fluctuations. The results conform to our model design where
the seasonal component is modeled by a complex sequential
model while the trend component is captured by simple lin-
ear mappings. We should also notice that explicitly perceiv-
ing trend information provides a global overview and can
also improve prediction performance. The down-sampling
window size is directly related to the magnitude of the trend
information at each scale. When it is too large or too small,
the down-sampled sub-series contains more homogeneous
patterns, leading to information loss. The spatial embedding

0.15- 0.14 -
0.14 -
D013 90— o o o HN013 g —6—*
= =
0.12 -
0.11 - ! . . 0.12 -, ' !
0.6 0.8 1.0 2 3 4
Weight of trend Down-sampling window
0.16 - 0.14 "
N 0.14-‘\\/’ L 013
2] 2]
2 . 2 0.12.\/.\.
0.10 - ! ) 0.11 - ! !
2 4 50 100

Bi-Mamba block layers Dimension of AE

Figure 3: The parameter sensitivity of DST-Mamba on the
PEMSO0S dataset.
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dimension reflects the degree of node-specific features. A
moderate dimension (i.e., 32) is more effective since it can
balance the use of node-independent and node-dependent in-
formation. The number of Mamba blocks reveals the capac-
ity of the model, where a small or large number of blocks
can impact the prediction accuracy.

Visualization of Prediction Results

To provide an intuitive demonstration of model performance
and the effectiveness of decomposition, we present a set
of prediction showcases on the PEMS03, PEMS04, and
PEMSO07 datasets. As illustrated in Figure 2, DST-Mamba
can make precise long-range predictions across various traf-
fic scenarios. Besides, the seasonal outputs made by the
spatio-temporal Mamba block can already capture the fre-
quent fluctuations and preserve detailed variations, while the
trend outputs supplement the model with stable patterns to
adjust the global ranges of final predictions. These obser-
vations also correspond to the fact that, compared to other
time series data, traffic series exhibit flexible patterns that
are closely related to spatial interactions.

Conclusion

In this paper, we developed a spatio-temporal traffic predic-
tion model based on temporal decomposition and Mamba.
The proposed model aimed to deconstruct original inputs
into trend and seasonal parts, and leverage efficient fea-
ture extractors to capture the hidden patterns respectively.
In the trend part, linear mappings were leveraged to ex-
tract multi-scale information. In the seasonal part, we shifted
the view and used a bi-directional Mamba to capture the
spatial dependencies. Since Mamba requires less computa-
tional burdens in long-term prediction, its combination with
linear models exhibited effective and efficient properties.
The experimental results indicated that DST-Mamba had
low computational costs and achieved leading performance
compared with advanced Transformers. Particularly, we de-
signed a bi-directional Mamba model with the help of spatial
aggregation and node-independent embedding to effectively
handle sequences under spatial networks. Our analyses also
demonstrated the validity of these modules and the rational-
ity of spatial modeling in the seasonal part.
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