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Abstract

Spatiotemporal forecasting is a fundamental task in areas
such as traffic flow prediction, environmental sensing, and
urban planning. Recent advances have shown that decom-
posing temporal signals into multiple frequencies and mod-
eling them jointly with spatial structures can significantly
enhance forecasting performance. However, existing multi-
frequency forecasting models still face two critical limita-
tions. First, the importance of different temporal frequencies
evolves over time, yet most models assume fixed or static fre-
quency contributions. Second, spatial dependencies are inher-
ently frequency-sensitive. For instance, low-frequency com-
ponents often align with global spatial patterns, while high-
frequency components tend to correspond to localized inter-
actions. However, current approaches typically use a shared
spatial information across all frequencies, introducing spa-
tiotemporal inconsistency. To address these challenges, we
propose a novel Adaptive Frequency Pathways (AdaFre) for
spatiotemporal forecasting, which adaptively captures both
dynamic frequency relevance and frequency-aligned spatial
structures. AdaFre employs a multi-frequency routing mech-
anism to dynamically select and aggregate the most informa-
tive temporal frequency components, while associating each
with its corresponding spatial representation derived from
frequency-aware embeddings. Spatiotemporal backbones are
then used to model each path independently before final
aggregation. Extensive experiments on several real-world
datasets demonstrate that AdaFre significantly outperforms
state-of-the-art baselines.

1 Introduction

Spatiotemporal forecasting plays a vital role in real-world
applications such as traffic management, environmental
monitoring, and urban planning (Chen et al. 2021; Fang
et al. 2025b; Miao et al. 2024). The core challenge lies
in accurately modeling complex dependencies that evolve
across both space and time (Liu et al. 2025a,b,c; Miao et al.
2025). Traditional approaches often adopt unified modeling
paradigms, attempting to learn global spatiotemporal pat-
terns from raw observations (Liu et al. 2023). However, such
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Figure 1: Spatio-temporal frequency analysis. (a) A repre-
sentative sensor time series. (b) Varying frequency energy
patterns across time demonstrate the dynamic evolution of
temporal frequency importance. (c) Joint analysis of tempo-
ral and spatial frequency indices indicates that spatial depen-
dencies are frequency-specific.

monolithic designs tend to overlook the inherent multi-scale
nature of spatiotemporal dynamics, limiting their capacity
to generalize across varying temporal rthythms and spatial
granularities (Fang et al. 2023b; Liu et al. 2025d).

To overcome these limitations, recent studies have pro-
posed decomposition-based multi-path models that break
time series into components at different frequencies, and
then jointly encode spatial dependencies under each tem-
poral scale (Cao et al. 2025). This class of methods has
demonstrated substantial performance gains by allowing
models to capture spatiotemporal dependencies at multi-
ple resolutions. For instance, extracting periodic patterns
from low-frequency trends and detecting transient anoma-
lies from high-frequency components. By explicitly disen-
tangling frequency-specific information, these models have
achieved more robust and interpretable forecasting results.
Despite these improvements, existing frequency-aware spa-
tiotemporal models still face two fundamental challenges.

Temporal Frequency Dynamics. A critical yet underex-
plored aspect of spatiotemporal forecasting is the dynamic
importance of temporal frequency components. Unlike static
signals, real-world time series often exhibit non-stationary
frequency characteristics due to evolving external condi-



tions, human behaviors, or event-driven disruptions. For ex-
ample, in traffic systems, low-frequency components (such
as morning and evening commute patterns) dominate dur-
ing rush hours, while high-frequency components (such as
sudden traffic accidents or road closures) become more rele-
vant during off-peak periods or special events. As illustrated
in Figure 1 (b), the frequency energy distribution of a traffic
sensor in the PeMSD4 dataset varies significantly across dif-
ferent times of day. Specifically, low-frequency components
dominate during early morning hours (reflecting stable com-
muting trends), whereas high-frequency energy spikes in the
evening, possibly reflecting irregular behaviors, congestion,
or anomalies. This dynamic shift in frequency importance
suggests that a fixed-weighted fusion of all frequency com-
ponents, as adopted by most existing models, fails to capture
the changing predictive relevance of each component over
time. Instead, what is needed is a mechanism that can adap-
tively select and weight frequency components based on the
current temporal context

Frequency-Specific Spatial Dependency. In addition to
temporal dynamics, spatial dependencies are not uniform
across temporal frequencies. Different temporal frequency
components often correspond to qualitatively different spa-
tial interaction patterns (Liu et al. 2025e). For instance, low-
frequency trends—such as periodic weather changes or daily
traffic flows—typically reflect broad, globally coherent phe-
nomena, affecting most locations in a correlated manner.
In contrast, high-frequency variations—such as local ac-
cidents, construction activity, or sensor malfunctions—are
often spatially localized, impacting only small subsets of
nodes or regions. This phenomenon is evident in Figure 1
(c), where we analyze the joint distribution of temporal and
spatial frequency indices. The visualization reveals that tem-
poral high-frequency components co-occur with higher spa-
tial frequency indices, suggesting more fragmented or lo-
calized spatial influence. Conversely, low-frequency compo-
nents exhibit smoother spatial propagation, reflected by their
lower spatial frequency index. However, most existing spa-
tiotemporal models rely on a shared or static spatial graph
structure across all temporal components, implicitly assum-
ing that spatial dependencies are independent of temporal
frequency. This frequency-agnostic spatial prior introduces
inconsistency: it may enforce global interactions even when
only local, high-frequency patterns are relevant, or ignore
long-range influences in low-frequency regimes.

To address these limitations, we propose a novel Adap-
tive Frequency Pathways (AdaFre) for spatiotemporal fore-
casting, which can model frequency-aware temporal dynam-
ics and spatial structures in an adaptive and unified man-
ner. AdaFre first employs a multi-frequency routing mech-
anism that adaptively selects the most relevant temporal fre-
quency components, thereby mitigating the impact of dy-
namically irrelevant or noisy frequencies. Then, for each se-
lected frequency, AdaFre further associates it with a tai-
lored spatial embedding, capturing the corresponding spa-
tial dependency at that frequency level and avoiding con-
flicts arising from frequency-agnostic spatial graphs. Fi-
nally, frequency-specific spatiotemporal backbones are em-
ployed to encode and predict each frequency component
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separately, followed by a learned aggregation across fre-

quencies to produce the final prediction. Extensive experi-

ments on several spatiotemporal datasets demonstrate that

AdaFre consistently outperforms state-of-the-art methods.
In summary, this paper makes following contributions:

We introduce a novel AdaFre with adaptive frequency
pathways that dynamically selects most relevant temporal
frequency components, allowing the model to adaptively
focus on frequency-specific patterns over time.

We align spatial dependencies with temporal frequencies,
enabling the model to capture frequency-specific spatial
structures and mitigate spatiotemporal inconsistency.

Extensive experiments on multiple real-world spatiotem-
poral datasets demonstrate that our approach achieves sub-
stantial improvements over state-of-the-art baselines, es-
pecially in scenarios with strong frequency dynamics.

2 Preliminaries
2.1 Spatiotemporal Data

The spatiotemporal data is collected from a system of NV
spatial nodes (e.g., traffic sensors, weather stations, or mon-
itoring sites) over 7" discrete time steps. Let X € RTXN*C
denote the historical observations, where 7' is the number
of past time steps, IV is the number of spatial nodes, C' is
the number of features per node (e.g., traffic speed, temper-
ature). Each slice X; € RY*® corresponds to the observa-
tions of all spatial nodes at time step ¢. To model spatial
dependencies among the N nodes, we construct a spatial
graph G = (V, E), where V. = {v1,vq,...,un} is the set
of nodes, £ C V x V is the set of edges representing spatial
connections. The graph structure is encoded by an adjacency
matrix A € RV 'where A;; indicates the strength of spa-
tial dependency between node ¢ and node j. The adjacency
matrix can be defined based on physical distance, functional
correlation, or learned adaptively from data (Li et al. 2018).

2.2 Spatiotemporal Forecasting
Given the past T observations X € RT*NXC the goal of

spatiotemporal forecasting is to predict the future T time
steps of all nodes:

Y = {Xrq1, Xpgo,..., Xp 1} € RTNXC (1)
which can be predicted through a learnd function:
YV = Fp(X, A), 2

where Fy(-) is a spatiotemporal model that captures both
temporal dynamics and spatial correlations to produce accu-
rate predictions for each node at each future time step.

3 Method

As shown in Figure 2, our Adaptive Frequency Pathway
(AdaFre) is composed of two main components: a spa-
tiotemporal multi-frequency decomposition and an adaptive
pathway mechanism. The first part aims to capture multi-
resolution temporal dynamics and corresponding spatial de-
pendencies. It begins by decomposing the input time se-
ries into multiple frequency components using a temporal
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Figure 2: The overview of the proposed AdaFre

transform, followed by generating frequency-specific spec-
tral spatial embeddings. The second part focuses on adap-
tively selecting and integrating frequency paths. A learnable
routing module dynamically identifies the most informative
frequencies for a given context, and a weighted fusion mod-
ule aggregates their outputs.

3.1 Spatiotemporal Multi-Frequency Network

To capture temporal dynamics at multiple resolutions and
their corresponding spatial structures, we first transform
the spatiotemporal data into the frequency domain and ex-
tract frequency-specific representations along with matched
spectral spatial embeddings. These are then jointly modeled
through a spatiotemporal backbone.

Frequency Decomposition via Temporal Transform.
Spatiotemporal data often exhibit behaviors at multiple tem-
poral scales. These multi-scale temporal dynamics are not
only informative for forecasting but also heterogeneous, i.e.,
different time scales may require distinct modeling strate-
gies. While some recent works attempt to model tempo-
ral hierarchies through sequential or multi-resolution de-
signs, they often do so implicitly, without explicitly sepa-
rating or exploiting frequency information. To address this,
we adopt the Discrete Fourier Transform (DFT) to decom-
pose temporal signals into constituent frequencies, which
projects time-domain data into the frequency domain us-
ing a well-defined and invertible basis. Compared to wavelet
or learned frequency decompositions, DFT separates differ-
ent components into distinct frequency channels, which can
be directly interpreted and manipulated. This design facili-
tates reduced interference between low- and high-frequency
signals and specialized processing of different temporal pat-
terns for downstream control (e.g., selective modeling or fu-
sion). Specifically, given an input spatiotemporal sequence,
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we first apply the Discrete Fourier Transform (DFT) along
the temporal axis:

X = FFT(X,dim = 0) € CT*NxC, 3)

The DFT produces a symmetric spectrum of complex-
valued coefficients that encode temporal periodicity at each
spatial node. Due to Hermitian symmetry for real signals,
only the first L%J + 1 frequency bins are unique and
meaningful. We denote this as the valid frequency range
X [0:| T | +1]- We divide this valid frequency range into P

non-overlapping frequency bands and each frequency band
I, (forp =1,..., P)is defined as a contiguous index set:

zp:“@—”(@“”J,.._, ’W“)J},«u

P P
- 5]+
so that each band covers approximately + fre-

quency components. This ensures that the entire frequency
space is evenly divided, with band I; covering the lowest-
frequency (i.e., long-term trend), band Ip capturing the
highest-frequency dynamics (e.g., noise or rapid changes),
and intermediate bands modeling medium-range temporal
fluctuations. For each band p, we zero out the DFT coeffi-
cients outside I,,, and apply the Inverse FFT to project the
frequency-limited signal back into the time domain:

H®) =Re (IFFT (X,,) ) e RTN*C - (5)
Each resulting H®) is a time-domain sequence that only
preserves the temporal patterns within the frequency band
I,,. Collectively, these form a set of band-limited temporal
views of the same signal:

H = {H<1>,H<2>,...,H<P>}. (6)
These frequency-specific representations provide diverse
and disentangled temporal features, which are then passed to
downstream adaptive pathway mechanism for dynamic fre-
quency selection and fusion.

Frequency-Aware Graph Spectral Embeddings. Spa-
tiotemporal data often reside on irregular spatial graphs,
where node-wise correlations are best captured by the un-
derlying graph topology. To encode this spatial structure
into learning, graph spectral embeddings, typically derived
from the Laplacian eigendecomposition, have been widely
adopted in spatiotemporal forecasting tasks (Jiang et al.
2023). These embeddings act as frequency-like bases that re-
veal multi-scale diffusion patterns and spatial heterogeneity,
greatly benefiting spatial relational modeling. While spec-
tral embeddings are effective, existing approaches typically
adopt a single set of graph spectral features for all temporal
components, implicitly assuming that spatial patterns are in-
variant across time frequencies. This assumption, however,
is often unrealistic. In real-world scenarios low-frequency
temporal trends often reflect global, stable spatial interac-
tions, while high-frequency components may correspond to



localized or rapidly changing spatial dependencies. Apply-
ing a shared spectral embedding across all temporal fre-
quency bands introduces an inductive bias mismatch, i.e.,
the spatial representation may amplify irrelevant correla-
tions or suppress informative local signals and lead to rep-
resentation inconsistency and noisy error propagation. To
bridge this inconsistency, we propose to co-decompose the
graph spectrum into P partitions, aligned with the temporal
frequency bands. Concretely, given the normalized Lapla-
cian matrix L € RV>*N | we compute its eigendecomposi-
tion:

L=UAUT, (7
where U € RV*¥ contains the eigenvectors (graph Fourier
bases), and A € RV*¥ is a diagonal matrix of eigenval-
ues. Then we partition the eigenvectors into P contiguous
spectral groups:

U<P>:U[:,fp], p=1,2,...,P, 8)

N

where each index set fp covers L PJ consecutive eigenvec-
tors. The ordering follows the eigenvalue magnitudes (from
low to high graph frequency), ensuring that U(!) captures
global spatial modes, U") captures high-frequency local
patterns, and intermediate U (?) model meso-scale spatial de-
pendencies. This results in a set of graph spectral embed-
dings U = {U® }_1. where each is specialized for a par-
ticular temporal frequency band. Such pairing enables us to
inject frequency-specific spatial priors into the model in a
fully disentangled fashion.

3.2 Adaptive Pathways

Although the multi-frequency representations enable com-
prehensive temporal decomposition, the model so far treats
all frequencies equally, regardless of the specific spatiotem-
poral context. However, in real-world systems, the impor-
tance of different frequency components often varies de-
pending on the scenario, e.g., rush hour traffic patterns or
seasonal climate shifts. Thus, we propose an adaptive path-
way to dynamically identify and utilize the most relevant
frequency components for each input sequence, enhancing
both efficiency and accuracy.

Multi-Frequency Routing. Let the input sequence be
X € RT*N*C Given P extracted frequency-specific rep-
resentations { H () }5:1, we compute their relevance scores
of each node via a learned score function g, (-), which maps
input X into a soft frequency importance distribution:

R = gs(X) € RN*P, 9)

Then we apply softmax normalization with temperature
scaling to derive probability. The process for node ¢ can be
formulated as:

exp(rip/T)

S exp(ri /7))

and select the top-K frequency indices I = TopK (R, K) on
the frequency dim. This mechanism allows the model to pri-
oritize frequencies most aligned with the current dynamics,
while discarding irrelevant components.

(10)

’rip =
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Frequency-Specific Spatiotemporal Modeling. Each
pair (H*), 7)) in top-K frequencies captures temporal
behavior and corresponding spatial structure at the I-
th frequency. We feed each pair into Ij-th spatiotemporal

backbone network felk). In this paper, we adopt STID (Shao
et al. 2022) to highlight the improvements introduced by
our frequency adaptation mechanism, avoiding confounding
effects from overly complex backbones:

Y = f{I0 (g gy, (11)

Frequency-Aware Fusion. Even among the selected fre-
quency representations, not all contribute equally. For in-
stance, low-frequency components may reflect long-term
trends, while high-frequency ones carry short-term bursts.
Therefore, we design a context-aware fusion mechanism that
dynamically weighs selected frequency-specific predictions
based on their utility. After obtaining the predictions ¥ (/+)
from the spatiotemporal backbone for selected frequency in-
dices I, we perform a weighted aggregation:

12)

The fusion weights are computed via softmax normaliza-
tion. This soft fusion step ensures that the model captures
complementary patterns across frequencies while maintain-
ing flexibility in how much each contributes.

3.3 Training Objective

Supervised Forecasting Loss To guide the backbone to-
ward accurate frequency-specific modeling, we apply the
mean absolute error (MAE) loss the final fused prediction:

Loea = ||Y = V|2, (13)

where Y is the ground truth future observation. This loss en-
courages each frequency branch to learn effective spatiotem-
poral representations relevant to its spectral focus.

Frequency Balancing Loss Without additional con-
straints, the frequency router may overfit to a few dominant
frequencies (e.g., always selecting low-frequency trends),
ignoring others even if they are useful in rare but important
cases. To avoid this, we introduce a frequency usage regular-
izer to encourage balanced exploration and utilization of all
frequency paths. Let 7, be the average selection probability
for the p-th frequency over a mini-batch:

3YY

i=1j=1

NO)
Tip»

(14)
where B is the batch size. We define the balancing loss as:

any

This term penalizes deviation from uniform frequency usage
across the training set, promoting diverse routing decisions.

P

Lpa = Z

p=1

1

Iz 5)



Datasets | Nodes Interval Length Time Span

PeMSD3 | 358 Smins 26208 (09/2018-11/2018
PeMSD4 | 307 Smins 16992  01/2018-02/2018
PeMSD7 | 883 Smins 28224  05/2017-08/2017
PeMSD8 170 Smins 17856  07/2016-08/2016

Table 1: Dataset statistics.

Overall Objective The final objective combines the main
spatiotemporal prediction loss with the balancing loss:

»Ctotal = Epred + Cbab (16)

4 Experiments
4.1 Experimental Setting

Datasets We evaluate our model on four widely used
real-world spatiotemporal datasets: PeMSD3, PeMSD4,
PeMSD7, and PeMSDS, all collected from the Caltrans
Performance Measurement System (PeMS) in California.
These datasets cover diverse urban and highway regions
with varying numbers of sensor nodes and temporal spans,
thereby offering a comprehensive benchmark for spatiotem-
poral forecasting. Following previous works (Song et al.
2020), we split each dataset into 60% training, 20% valida-
tion, and 20% testing based on chronological order. To sta-
bilize model training, we apply Z-Score normalization using
the mean and standard deviation computed from the train-
ing set. For spatial structure, the adjacency matrix is con-
structed based on pairwise physical distances between sen-
sor stations, with a Gaussian kernel applied to define edge
weights. This setting aligns with widely adopted practices in
spatiotemporal GNN literature (Li et al. 2018). The detailed
statistics of each dataset are provided in Table 1.

Baselines To comprehensively evaluate the effectiveness
of our proposed AdaFre, we compare it against 22 baseline
models spanning a wide range of modeling paradigms. We
first include traditional non-deep learning approaches such
as HA (Pan, Demiryurek, and Shahabi 2012), ARIMA (Ku-
mar and Vanajakshi 2015), VAR (Chandra and Al-Deek
2009), and SVR (Castro-Neto et al. 2009). We then con-
sider deep learning models that focus purely on temporal
modeling, including LSTM (Zhao et al. 2017) and TCN (Bi
et al. 2021). For static spatiotemporal deep models, we
adopt STGCN (Yu, Yin, and Zhu 2018), DCRNN (Li et al.
2018), GWN (Wu et al. 2019), STSGCN (Song et al.
2020), AGCRN (Bai et al. 2020), STNorm (Deng et al.
2021), STFGNN (Li and Zhu 2021), STGODE (Fang et al.
2021), and STID (Shao et al. 2022). To capture dynam-
ically changing spatiotemporal patterns, we also evaluate
dynamic modeling baselines such as ASTGCN (Guo et al.
2019), PDFormer (Jiang et al. 2023), STAEFormer (Liu
et al. 2023), and HimNet (Dong et al. 2024). In addition,
to verify the contribution of frequency-aware modeling, we
include decomposition-based models STWave (Fang et al.
2023b) and STDN (Cao et al. 2025).
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Metrics To evaluate the predictive accuracy of all mod-
els, we adopt three widely used metrics: Mean Absolute Er-
ror (MAE), Root Mean Squared Error (RMSE), and Mean
Absolute Percentage Error (MAPE). These metrics provide
a comprehensive assessment of both absolute and relative
forecasting performance across different datasets.

Implementation Details All models are implemented us-
ing the PyTorch framework and trained with the Adam op-
timizer. Our model is trained for 100 epochs with an initial
learning rate of 0.001. The learning rate is halved at the 2nd,
50th, and 80th epochs to improve convergence stability. Fol-
lowing previous works, we forecast the next 12 time steps
(corresponding to 1 hour) but significantly extend the histor-
ical input to 288 steps (i.e., 1 day) to better capture temporal
patterns and highlight the role of frequency decomposition.
For hyperparameter settings, we divide the input time series
into P = 4 frequency bands and select the top K = 2 bands
in the frequency routing stage, enabling the model to adap-
tively focus on the most informative frequency components.

4.2 Main Results

The main experimental results are summarized in Table 2,
where our model, AdaFre, is compared against 22 base-
line methods across four real-world spatiotemporal datasets.
From the table, we derive the following key observations:

Superiority of Dynamic Modeling. Models that dynam-
ically capture the evolving spatiotemporal dependencies
(e.g., STAEFormer, PDFormer, and HimNet) generally out-
perform static counterparts (e.g., GWN and AGCRN). This
confirms the necessity of dynamic modeling, as spatial re-
lationships often drift over time, making static assumptions
suboptimal for future predictions.

Effectiveness of Frequency Decomposition.
Decomposition-based models (e.g., STWave and STDN)
outperform vanilla deep learning models, demonstrating
that modeling different temporal components (e.g., trend
and seasonal) separately can reduce interference among
them and yield more accurate predictions. This aligns with
the intrinsic hierarchical nature of time series data.

Consistent Superiority of AdaFre. Our model outper-
forms all baselines across all metrics and datasets, showing
not only strong accuracy but also robustness across diverse
settings. We attribute this consistent advantage to the com-
bination of both dynamic modeling and multi-frequency de-
composition, as well as our novel design that incorporates
spatial hierarchy through frequency-aligned spectral embed-
dings. This allows AdaFre to fully capture the complex and
evolving spatiotemporal structures of the data.

4.3 Ablation Study

To assess the effectiveness of each major component in
AdaFre, we conduct ablation studies by evaluating the fol-
lowing three variants: w/o FD: Removing frequency decom-
position, where the input is routed directly without band sep-
aration. w/o FSE: Removing frequency-aware spectral em-
beddings, by sharing the same spectral embedding across all



Methods | PeMSD3 PeMSD4 PeMSD7 PeMSD8
| MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE
HA 31.58 5239 33.78% 38.03 59.24 27.88% 45.12 65.64 2451% 3486 5924 27.88%
ARIMA 3541 4759 33.78% 3373 48.80 24.18% 38.17 5927 19.46% 31.09 4432 22.73%
VAR 23.65 38.26 2451% 2454 38.61 17.24% 5022 7563 32.22% 19.19 29.81 13.10%
SVR 2197 3529 2151% 28.70 4456 1920% 3249 5022 14.26% 2325 36.16 14.64%
LSTM 21.33 3511 2333% 2677 40.65 1823% 2998 4594 13.20% 23.09 35.17 14.99%
TCN 1932 3355 1993% 2322 3726 1559% 32772 4223 14.26% 22772 3579 14.03%
STGCN 17.55 3042 1734% 21.16 3489 13.83% 2533 3934 11.21% 17.50 27.09 11.29%
DCRNN 17.99 3031 1834% 2122 3344 14.17% 2522 38.61 11.82% 16.82 2636 10.92%
GWN 19.12 3277 1889% 24.89 39.66 17.29% 2639 4150 11.97% 1828 30.05 12.15%
ASTGCN 17.34 2956  17.21% 2293 3522 1656% 24.01 37.87 10.73% 1825 28.06 11.64%
STSGCN 1748 2921 16.78% 21.19 33.65 13.90% 2426 39.03 10.21% 17.13 26.80 10.96%
AGCRN 1598 2825 1523% 19.83 3226 1297% 2237 3655 9.12% 1595 2522 10.09%
STNorm 1532 2593 1437% 1896 3098 12.69% 20.50 34.66 8.75% 1541 2477 9.76%
STFGNN 16.77 2834 1630% 2048 3251 16.77% 23.46 36.60 921% 1694 2625 10.60%
STGODE 16.50 27.84 16.69% 20.84 3282 13.77% 2259 37.54 10.14% 16.81 2597 10.62%
STID 1533 2740 16.40% 1838 2995 12.04% 19.61 3279 830% 1421 2328 927%
STWave 1493 26,50 15.05% 1850 30.39 1243% 1994 3388 838% 1342 2340 8.90%
PDFormer 1494 2539 15.82% 1836 30.03 12.00% 1997 3295 855% 13.58 2341 9.05%
STAEFormer | 1535 27.55 15.18% 18.22 30.18 1198% 19.14 32,60 8.01% 13.46 2325 8.88%
HimNet 15.11  26.56 1549% 18.14 29.88 12.00% 19.21 3275 8.03% 13.57 2322 8.98%
STDN 14.89 25.66 15.68% 18.40 3041 12.21% 20.08 33.73 9.29% 13.67 2349 9.22%
AdaFre | 14.27 2422 15.04% 17.89 29.76 11.97% 1858 31.55 7.85% 1299 2232 8.88%
w/o FD 1451 2436 16.24% 1835 30.13 12.18% 19.05 31.86 842% 1350 2246 9.45%
w/o FSE 1444 2434 16.19% 18.14 30.12 12.06% 18.78 31.68 7.96% 1326 2239 923%
w/o AP 1437 2431 1555% 1828 2999 12.79% 18.70 3158  7.93% 1341 2242 9.44%

Table 2: Performance comparison of AdaFre and baselines on four datasets. Bold: Best, underline: Second best.

routing branches. w/o AP: Removing adaptive path selec-
tion and importance-based weighting. The results in Table 2
reveal several key insights:

Benefit of Frequency Decomposition. Without decom-
position, the model’s performance degrades significantly.
This suggests that improvements are not merely due to in-
creased parameters, but from explicitly separating temporal
components to reduce interference.

Importance of Spectral Coordination. Using shared
spectral embeddings across all routes leads to a noticeable
performance drop. This highlights the necessity of aligning
temporal frequency content with spatial patterns, i.e., when
spectral embeddings do not reflect the localized temporal se-
mantics of each band, the model fails to capture the joint
spatiotemporal structure effectively.

Effectiveness of Adaptive Pathway. Simply aggregating
all routing outputs without selective weighting results in
suboptimal predictions. This demonstrates that the impor-
tance of different frequency bands is dynamically varying
across both time and space, and a static aggregation cannot
adapt to these changes. The adaptive selection mechanism is
essential for exploiting the most relevant pathways at each
timestep and location.
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4.4 Hyperparameter Analysis

We conduct a systematic study on three key hyperparameters
in AdaFreas shown in Figure 3: the historical input length
T, the number of frequency bands P, and the number of
selected frequency bands K in the adaptive routing phase.

Input length 7. We evaluate four settings: 144 (half day),
288 (one day), 576 (two days), and 864 (three days). The
results show that using 288 achieves the best performance.
A shorter input fails to capture sufficient periodicity, while a
longer input introduces redundant or noisy information that
may not contribute to immediate prediction.

Number of frequency bands P. We vary P from 2 to 5
with K = 2. The best performance is achieved at P = 4,
indicating that the temporal signals benefit from being de-
composed into a moderate number of frequency bands. Too
few bands result in coarse granularity and mixed semantics
and too many lead to data fragmentation and insufficient in-
formation in each sub-band.

4.5 Efficiency Analysis

We compare the training time and GPU memory consump-
tion of AdaFre with a wide range of baselines. As shown in
Table 3, our method achieves a favorable balance between
accuracy and efficiency. Specifically, AdaFre’s training time
and memory usage are only slightly higher than STID, a
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Figure 3: The influence of input length and frequency bands.

Methods | #Params Time/Batch Time/Epoch Mem Usage

STID 123K 10ms 15s 1679MB
GWN 309K 48ms 69s 2046MB
AGCRN 763K 63ms 102s 2679MB
HimNet 11B 103ms 189s 6784MB
STDN 3B 73ms 118s 3533MB
AdaFre | 337K 14ms 23s 2137MB

Table 3: Efficiency comparison on PeMSD4 dataset.

lightweight fully-connected model known for its simplic-
ity. Compared to more sophisticated architectures such as
STAEFormer, PDFFormer, and STFGNN, our method re-
quires significantly less computational resources. This effi-
ciency arises from the sparse selection strategy where only
the most relevant K frequency paths (out of P) are activated
per sample. This avoids unnecessary computation on unin-
formative branches and effectively reduces model overhead.
Moreover, rather than using complex global spatiotemporal
attention or full-graph propagation (which are both costly),
we divide the problem into localized frequency subspaces.

5 Related Work
5.1 Spatiotemporal Forecasting

Early spatiotemporal forecasting relied heavily on statis-
tical and classical machine learning techniques, including
ARIMA (Kumar and Vanajakshi 2015), Kalman filters (Ku-
mar 2017), and Gaussian processes (Zhao and Sun 2016).
These models typically assume stationarity and linearity and
are limited in capturing nonlinear temporal dynamics or in-
tricate spatial interactions. Machine learning methods such
as SVMs (Feng et al. 2018) and random forests (Evans, Wa-
terson, and Hamilton 2019) improve on nonlinear model-
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ing capabilities but require extensive feature engineering and
generally fail to represent spatial relations explicitly. With
the rise of deep learning, static GNN-based spatiotempo-
ral frameworks became mainstream (Fang et al. 2021; Deng
et al. 2021; Shao et al. 2022). These models represent sen-
sors or spatial units as graph nodes and use graph convolu-
tion layers to capture spatial dependencies, combined with
sequential temporal modules such as RNNs or 1D CNNss for
time modeling (Li et al. 2018; Yu, Yin, and Zhu 2018; Wu
etal. 2019; Bai et al. 2020). More recent works leverage spa-
tiotemporal Transformer architectures to model long-range
dependencies and dynamic interaction patterns (Guo et al.
2019; Jiang et al. 2023; Liu et al. 2023; Dong et al. 2024;
Cao et al. 2025; Yi et al. 2024; Zhou et al. 2025; Fang et al.
2025a). These Transformer variants dynamically model in-
teractions over time and space but typically assume fixed
temporal decomposition.

5.2 Spatiotemporal Decomposition

To handle signals of different temporal scales, several works
decompose time series into trend, seasonal, and residual
components (via Fourier, wavelet, VMD or SSA meth-
ods) and model each separately. For example, TFD (Yang,
Cheng, and Li 2022) extracts interpretable modes for down-
stream forecasting through variational mode decomposition.
StemGNN (Cao et al. 2020) jointly transforms temporal
and spatial signals into the spectral domain using DFT and
Graph Fourier Transform to model temporal and spatial cor-
relations in unified spectral space. Other systems such as
STWave (Fang et al. 2023a) and DSTAGNN (Lan et al.
2022) apply wavelet-based multi-scale decomposition fol-
lowed by graph-based attention modules to capture inter-
actions across time scales. Independent of decomposition,
some studies design multi-scale spatial graphs, either hierar-
chical or multiresolution, to capture local and global struc-
tural dependencies. These methods build multiple graphs
ranging from local neighborhoods to global connectivity and
fuse information across graph views to enrich spatial mod-
eling (Wang et al. 2021, 2022; Fang et al. 2023b; Tian et al.
2023). Such multi-graph strategies enable richer spatial rep-
resentation but often remain agnostic to temporal frequency
components.

6 Conclusion

In this paper, we propose AdaFre, a novel spatiotemporal
forecasting model that adaptively routes input signals across
frequency-specific pathways. By explicitly decomposing
time series into multiple frequency bands, AdaFre captures
latent hierarchical structures across both temporal and spa-
tial dimensions. The model further enhances flexibility by
dynamically selecting the most relevant frequency compo-
nents through a sparse routing mechanism, allowing it to
adjust to the evolving importance of different signals over
time and space. Extensive experiments on four real-world
datasets demonstrate that AdaFre achieves consistent state-
of-the-art performance across all benchmarks. We believe
AdaFre offers a generalizable paradigm that can benefit
a wide range of time-series forecasting tasks beyond spa-
tiotemporal prediction in the future.
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