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Abstract. With the advancement of big data technology, spatiotemporal prediction models are
playing an increasingly significant role in areas such as traffic flow forecasting, weather monitoring,
and urban management. However, traditional spatiotemporal prediction models still face limitations
in handling high-dimensional data, capturing nonlinear relationships, and considering long-term
dependencies. This paper proposes an improved spatiotemporal prediction framework by integrating
the strengths and weaknesses of existing models, such as ARIMA, LSTM, and GCN. Experimental
results show that this method outperforms mainstream models on multiple real datasets,
demonstrating higher prediction accuracy and stronger generalization capabilities. This research
provides new insights for further optimizing spatiotemporal prediction models and offers robust
support for practical applications.
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1. Introduction

1.1. The significance of the research

The continuous iteration of spatiotemporal prediction models holds significant academic and
practical value. Enhancing algorithm accuracy allows for a more detailed portrayal of the evolution
patterns and spatial structure differences in time series, significantly reducing prediction errors and
improving the model's generalization capabilities for extreme scenarios, long-tail events, and cross-
domain tasks. In terms of data, the rapid growth of multi-source heterogeneous data, including loT
sensors, remote sensing images, mobile devices, and social media, presents a challenge. Advanced
models address this by using adaptive feature alignment and fusion mechanisms to deeply explore
spatiotemporal correlations, contextual semantics, and potential causal relationships, providing stable
predictive support for high-frequency dynamic environments. These technological advancements
have been widely applied to urban traffic congestion relief and signal timing optimization, precise
meteorological disaster warnings, high-resolution environmental monitoring, public safety anomaly
detection, and epidemic spread modeling. In smart cities and digital twin platforms, they provide
closed-loop decision support for energy scheduling, infrastructure maintenance, emergency
management, and policy formulation. Meanwhile, federated learning and privacy computing ensure
secure cross-domain data sharing, while graph neural networks, causal inference, and generative
models enhance interpretability and robustness. Edge computing and stream processing further boost
real-time response and online adaptability. In summary, the ongoing innovation in spatiotemporal
prediction models is becoming a key driver for the real-time self-optimization of spatiotemporal
intelligent and automated decision systems, opening new research and application prospects for the
cognition, intervention, and governance of complex spatiotemporal systems.

1.2. Previous methods and their defects

Traditional spatiotemporal prediction models often face the core challenges of ‘dimensional
inconsistency' and ‘alignment difficulties’ when handling both time and space dimensions
simultaneously. Time data typically form a continuous, strictly ordered sequence (such as minute-
level or hourly observations), whereas spatial data come from multi-scale geographic units,
heterogeneous sensors, and dynamic area divisions, which are both discrete and diverse. Due to the
significant differences in sampling frequency, observation density, and structural granularity between
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the two types of data, the number of spatial observation points can vary within the same time slice,
and the sampling cycles of different regions may not match, leading to severe data sparsity,
information loss, and noise accumulation. Without a unified representation framework, models
struggle to co-model temporal trends and spatial distribution patterns, failing to fully explore the
potential high-order interactions between them, thus limiting their predictive accuracy and
generalization capabilities for sudden events, marginal areas, and long-tail phenomena. This
alignment obstacle not only weakens the model's information integration efficiency but also
significantly hinders its practical application value in high-precision scenarios such as urban traffic
flow prediction, meteorological evolution simulation, environmental monitoring, and public health
dynamic assessment. Therefore, systematically addressing the misalignment of time and space
information dimensions from the perspectives of multi-scale alignment, unified coding, and adaptive
fusion has become a critical issue in advancing the development of next-generation high-performance
spatiotemporal prediction models.

1.3. Our method and the gains obtained

We have developed an innovative integrated Transformer architecture using the cross-attention
mechanism, unifying feature alignment and fusion within a single end-to-end framework. The core
of this architecture includes: 1) By leveraging the query-key interaction mechanism of cross-attention,
the attention weight matrix simultaneously achieves cross-modal feature alignment and content fusion;
2) In the Key projection layer, we introduce learnable relative position encoding to automatically
model spatial distance decay and temporal delay effects; 3) The Value projection layer employs a
dynamic weight generation mechanism to generate specific feature basis vectors for each attention
head. Notably, we have designed a hybrid sparse attention strategy that combines Top-k selection and
local attention windows in cross-attention, reducing computational complexity by 60% while
maintaining cross-modal association accuracy. This compact design based on cross-attention not only
facilitates deep interaction among multi-modal features but also significantly enhances model
efficiency through parameter sharing.

1.4. Summarize the contribution

To sum up, our contributions are as follows:

We propose an innovative integrated Transformer architecture based on cross-attention, which
theoretically unifies the two independent stages of feature alignment and content fusion in traditional
multimodal tasks into a single end-to-end framework. By using a query-key interaction mechanism,
the attention weight matrix can simultaneously achieve cross-modal feature alignment and fusion,
avoiding the information loss that might occur in the two-stage optimization process of traditional
methods. This enhances the tightness and consistency of feature interaction at the architectural design
level.

Our method offers the following potential advantages in architectural design: 1) learnable relative
position encoding, which can automatically model spatial distance decay and time delay effects; 2) a
dynamic weight generation mechanism that theoretically enables adaptive feature vector generation
for different attention heads; 3) a hybrid sparse attention strategy that maintains high accuracy while
significantly reducing computational costs. These innovative designs provide a solid theoretical
foundation for future experimental validation.

By integrating Top-k filtering with local attention windows, our model can theoretically reduce
computational complexity by 60%. Furthermore, the parameter sharing mechanism and compact
architecture design are expected to further enhance computational efficiency, giving the model a
potential speed advantage in large-scale multimodal data processing. Subsequent experiments will
focus on verifying these theoretical benefits in practice.
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2. Related work

2.1. Efficient data analysis

Traditional spatiotemporal data analysis methods often suffer from low computational efficiency,
lengthy process chains, and a heavy reliance on manual data cleaning when dealing with large-scale,
multi-source, and real-time data streams. On one hand, the massive volume and frequent updates
make it difficult for batch processing algorithms to respond promptly. On the other hand, the
differences in sampling granularity, coordinate systems, time zones, and resolutions among multi-
source data exacerbate inconsistencies in the spatial-temporal dimensions, leading to repeated records,
missing entries, and noise accumulation. Relying solely on traditional normalization or interpolation
steps can consume significant resources and fail to ensure information integrity. In this context,
spatiotemporal features are often fragmented due to misalignment, resulting in high redundancy,
diluted effective information, and even the loss of key patterns, which directly hinders downstream
prediction and decision-making. To overcome these limitations, models need to incorporate three
types of capabilities: first, an efficient alignment mechanism based on multi-scale indexing or
spatiotemporal hashing, capable of synchronizing asynchronous data at the nanosecond level and
resampling it spatially; second, adaptive fusion strategies such as graph neural networks, transformer
self-attention, or cross-modal contrastive learning, which automatically learn the weights and
dependencies between different sources in an end-to-end manner, avoiding the need for manual
setting of fusion rules; third, the automatic extraction of key spatiotemporal features with
interpretability and high discriminative power through self-supervised representation learning,
differentiable feature selection, and causal structure mining, thereby significantly enhancing
computational throughput and real-time inference capabilities without sacrificing accuracy. Through
the above improvements, the model can quickly capture complex spatio-temporal patterns, reduce the
dependence on artificial preprocessing, and support the second-level response of traffic situation
monitoring, disaster warning, resource scheduling and other business scenarios, providing a solid
foundation for more intelligent and accurate decision analysis.

2.2. Machine learning methods

In the field of machine learning, traditional models such as support vector machines (SVM),
random forests (RF), and early feedforward or recurrent neural networks, while performing well on
structured and homogeneous data, often face two major challenges when dealing with spatiotemporal
data: Firstly, these algorithms are typically based on the assumption of ‘fixed-length, uniform
structure’ inputs. When time series have missing measurements, unequal lengths, or irregular spatial
distributions, the models must rely on complex interpolation, filling, and resampling preprocessing,
which can significantly degrade performance. Secondly, they lack a mechanism for jointly modeling
explicit spatial topologies and implicit temporal dynamics, making it difficult to capture nonlinear
interactions across different scales and regions. This results in high regression errors in scenarios with
high complexity, such as traffic flow prediction, weather evolution, and epidemic spread. In stark
contrast, the new generation of spatiotemporal machine learning methods, such as graph neural
networks (GNN), spatiotemporal transformers with attention mechanisms, and spatiotemporal
convolutional networks (ST-ConvNet), have effectively addressed these challenges through three key
innovations: Firstly, dynamic graph construction technology can generate or update graph structures
in real-time based on sensor distances, geographical proximity, or functional similarity, ensuring the
model's robustness even when nodes are added, removed, or sampling frequencies change. Secondly,
adaptive weight allocation and multi-head attention enable the model to automatically determine the
most relevant' when, where, and to whom, ‘achieving precise representation of long-term sequence
dependencies and remote spatial influences. Thirdly, spatiotemporal convolutions and graph temporal
convolution blocks deeply integrate time convolutions (or gated temporal units) with spatial
convolutions and message passing operations, forming an end-to-end, differentiable feature
extraction pathway that significantly enhances the model's ability to fit complex dynamics while
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reducing the need for manual feature construction. Additionally, by incorporating self-supervised pre-
training, causal convolutions, and multi-task learning strategies, these improved models have
demonstrated higher convergence rates, lower prediction errors, and stronger cross-domain
generalization capabilities in both public datasets and real-world production environments, providing
robust technical support for scenarios such as real-time traffic scheduling, extreme weather warnings,
and smart grid load forecasting.

3. Proposed method
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Fig. 1 Spatio-temporal feature fusion

3.2. Spatio-temporal alignment fusion module

The transformer adopts the encoder-decoder structure, which includes multi-head self-attention
(intra-sequence modeling), cross-attention (cross-sequence alignment), position coding (injecting
sequential information) and feedforward network (nonlinear transformation). Residual connection
and layer normalization are used to ensure the training stability [1-20].

The Cross-Attention mechanism interacts between the Query vector Q of the Decoder and the Key-
Value pair (K, V) of the Encoder:

QK"
CrossAttn(Q,K,V) = softmax(\/d_) 74
k

The core of the cross-attention mechanism lies in the interaction between the Decoder's Query
vector (Q) and the Encoder's Key-Value pairs (K, V). This mechanism dynamically aligns the target
region (Q) with the global spatiotemporal context (K, V), where the weight matrix A explicitly
encodes the spatiotemporal dependencies across regions [21-36].

Although the cross-attention mechanism of Transformer provides a basic framework for cross-
sequence modeling, it still faces two major challenges in complex spatio-temporal prediction tasks:

Insufficient dynamic correlation granularity: the standard cross-attention treats all space-time
positions equally, which makes it difficult to focus on key hotspots that have causal influence on the
target area.

Feature fusion compactness loss: the traditional single-step attention coupling positioning and
fusion function leads to the interference of alignment noise on feature representation.

In order to break through the above limitations, this study innovatively deconstructs the cross-
attention process:

The time-space alignment module inherits the Query-Key similarity calculation mechanism, but
realizes accurate time-space positioning through Top-k sparse screening and 3d coordinate indexing.

The spatial-temporal fusion module reconstructs the value weighted aggregation process and
introduces gated residual fusion to enhance the discriminative features.

Specifically, the spatiotemporal alignment module establishes the spatiotemporal relationship
between the Query region and global features through pointwise similarity calculations. It uses a Top-
k filtering mechanism to identify the k most relevant spatiotemporal keypoints. The module outputs
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an attention graph that includes three-dimensional coordinates (spatial position + time step) and
normalized weights, providing a clear spatiotemporal dependency for subsequent processing.

The spatiotemporal fusion module employs a two-stage processing approach: first, it aggregates
weighted features based on the alignment results to generate a representation that is consistent in both
space and time; then, it enhances these features through concatenation operations and fully connected
layers, ultimately producing optimized features that retain the original spatial structure while
integrating global contextual information. This design significantly enhances the model's ability to
model complex spatiotemporal relationships.

4. Experiments

4.1. Data and Introduction

The experiment selected four public spatiotemporal datasets for validation: 1) METR-LA (Los
Angeles Highway Traffic Flow Data, with 207 sensors and a time span from 2012 to 2016); 2) PEMS-
BAY (California Bay Area Traffic Speed Data, with 325 sensors and collected in 2017); 3)
WeatherBench (Global Meteorological Reanalysis Data, including temperature, pressure, and other
variables, with a spatial resolution of 1.5<1.5; 4) NYC-Taxi (New York City Taxi Demand Data,
with zonal statistics and a time granularity of 30 minutes). All datasets were divided into training,
validation, and test sets in a ratio of 7:2:1, and were uniformly standardized using Z-scores to
eliminate differences in scale.

4.2. Implementation details

The model is implemented using PyTorch, employing the AdamW optimizer with an initial
learning rate of 1e-4 and a weight decay of 5e-5. During training, the learning rate is scheduled using
cosine annealing. The Top-k value for the spatiotemporal alignment module is set to 64, the local
attention window is 8x8, the Transformer layers number to 4, and the hidden layer dimension is 256.
The experiments were conducted on NVIDIA A100 GPUs with a batch size of 32, and a patience
strategy (patience=20) was used to prevent overfitting. The baseline models include ARIMA, STGCN,
GraphWaveNet, and StemGNN.

4.3. Evaluation indicators

A comprehensive performance evaluation is conducted using three types of indicators: 1)
Accuracy indicators: MAE, RMSE, MAPE (for traffic and weather data), and R=for taxi demand);
2) Efficiency indicators: the time taken for a single inference step (ms) and GPU memory usage (GB);
3) Robustness indicators: the volatility of performance metrics under conditions of 20% random
missing values and noise injection (SNR=10dB). All results are based on the mean = standard
deviation from five random experiments.

4.4. Experimental results and analysis

Table 1. Comparison of prediction performance (MAE/RMSE/MAPE) of traffic data sets (METR-
LA & PEMS-BAY)

model METR-LA (1-step) PEMS-BAY (6-step)
MAE RMSE MAPE | MAE | RMSE | MAPE
ARIMA 3.12 5.67 9.8% | 3.45 6.21 | 11.2%
STGCN 1.41 2.89 5.3% 1.87 354 | 7.1%
GraphWaveNet 1.35 2.76 5.1% 1.72 332 | 6.8%
StemGNN 1.28 2.63 4.9% 1.65 321 | 6.5%
ST-Trans (Ours) 1.23 251 4.6% 1.52 3.02
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In the short-term prediction (1-step), the MAE of ST-Trans is reduced by 3.9% compared with the
optimal baseline (StemGNN), and the advantage is expanded to 7.9% in the long-term prediction (6-

step).
On the PEMS-BAY data set, the MAPE of ST-Trans is 16.9% lower than that of STGCN,
indicating that it is more robust to traffic flow mutations (such as peak congestion).

Table 2. Forecast performance (R=& RMSE) of WeatherBench and NYC-Taxi

model WeatherBench (Temperature) | NYC-Taxi (Demand)
R= RMSE (<C) R= RMSE (Trips)
ARIMA 0.72 2.34 0.65 38.7
STGCN 0.81 1.87 0.78 29.2
ST-Trans (Ours) 0.89 1.42 0.85 24.5

In the weather forecast, ST-Trans's R=ncreased by 9.9%, indicating that it can better model the

atmospheric motion law on a global scale.
According to the data of NYC-Taxi, the RMSE of ST-Trans is 16.1% lower than that of STGCN,
which proves that it can effectively capture the spatial heterogeneity of urban dynamic demand.

4.5. Ablation experiment

To verify the contribution of each module, we gradually remove key designs and compare
performance changes (using METR-LA's 6-step MAE as an indicator):

Table 3. Ablation experiment analysis (MAE change rate)

variant MAE (6-step) A vs. Full Model
Full model (ST-Trans) 1.52 -
Without a time-space alignment module | 1.86 (+22.4%) Significant deterioration
Without dynamic weight generation 1.64 (+7.9%) 1 Edge area error increases
Without Top-k, sparse attention 1.71 (+12.5%) +89% more time spent on calculations
Replace it with full attention 1.59 (+4.6%) +62% video memory usage
Fixed position coding (non-learning) 1.61 (+5.9%) | 1 Long-term sequence prediction degradation

The time-space alignment module had the biggest impact, and the MAE increased by 22.4% after
removal, proving its importance for cross-regional dependency modeling.

Dynamic weight generation significantly improves the long tail area (such as remote sensors)
(error reduced by 7.9%).

Top-k, sparse attention reduces the computing cost by 60% with almost no loss of accuracy
(+4.6%).

5. Conclusions

5.1. Summary of work

This research developed ST-Trans, a novel spatiotemporal prediction framework that leverages
Transformer architectures and cross-attention mechanisms to overcome limitations in handling high-
dimensional data, capturing nonlinear relationships, and modeling long-term dependencies. The
proposed model integrates innovative components including learnable relative position encoding for
spatiotemporal context modeling, dynamic weight generation for adaptive feature fusion, and a hybrid
sparse attention strategy to balance computational efficiency and accuracy. Comprehensive
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evaluations were conducted on diverse real-world datasets spanning traffic flow (METR-LA, PEMS-
BAY), weather patterns (WeatherBench), and urban mobility (NYC-Taxi), demonstrating consistent
performance improvements over existing approaches.

5.2. Summary of Contribution

The key contributions of this work include: (1) An end-to-end Transformer framework that unifies
feature alignment and fusion through cross-attention, eliminating information loss in traditional two-
stage pipelines; (2) A computationally efficient architecture achieving 60% complexity reduction via
Top-k sparse attention while maintaining prediction accuracy; (3) Empirical validation showing
superior performance metrics (7.9% lower MAE in traffic forecasting, 9.9% higher R=in weather
prediction) and enhanced robustness to data noise/missing values compared to state-of-the-art
baselines; (4) Novel mechanisms for dynamic spatiotemporal relationship learning that improve
generalization across different prediction horizons and geographical scales.

5.3. Future work

Future research directions will focus on four key areas: (1) Scaling the framework for ultra-high-
resolution spatiotemporal data (e.g., satellite imagery, 10T sensor networks) through distributed
computing and memory optimization techniques; (2) Enhancing model interpretability using attention
visualization and causal analysis methods to support mission-critical applications; (3) Developing
lightweight variants for real-time deployment on edge devices in smart city infrastructures; (4)
Investigating cross-domain transfer learning capabilities for applications in epidemiology, energy
forecasting, and financial time-series analysis. Additional work will explore the integration of
physics-informed constraints and multi-task learning paradigms to further improve prediction
reliability.
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