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Experiment Results

(1) Comparison with SOTA Methods

The results of traffic forecasting experiments in a future window of 60 minutes. Average RMSE, MAE, CRPS, and
their point values at 15/30/60 minutes are reported. Lower values indicate better forecasting performance. The best
results are marked in bold and the second best results are underlined. Improvements of SpecSTG on existing
methods are shown in percentage.
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Background

Traffic data such as vehicle are collected from sensors in the
continuous space of road networks, thus they present strong
spatio-temporal dependencies. This naturally leads to their
representation as Spatial-Temporal Graphs (STGs): the traffic
network is modelled as a graph, in which nodes are sensors and
edges are decided with some criteria such as geographic
distances. STG traffic forecasting aims at predicting future
values at all sensors based on past time series and spatial
connections in the traffic network

Motivation

Our work considers a critical limitation of existing diffusion methods for STG forecasting. Although these methods
emphasize on the importance of spatial information, they only use it in the backward kernel condition.
Consequently, the involvement of spatial information in the overall forward-backward diffusion learning process is
limited.

Contributions

To our best knowledge, this is the first work that explores probabilistic STG forecasting on the graph spectral
domain. 

1.

SpecSTG achieves up to 8% improvements on point estimations and up to 0.78% improvements on generating
compatible forecasting intervals. 

2.

SpecSTG’s training and validation speed is 3.33× of the most efficient existing diffusion method for STG
forecasting. Additionally, SpecSTG significantly accelerates the sampling process, particularly for large sample
sizes.

3.

(2) Visualized Analysis:

In traffic speed forecasting, SpecSTG’s mean estimation is closer to future time series, but the intervals generated
by TimeGrad and GCRDD sometimes better fit the variations in future values. Upon closer examination of the data
patterns, we observe that this impact is particularly pronounced in windows with very small variations. Our
hypothesis is that STG forecasting with larger variations benefits more from the spectral diffusion process.
Because more systematic fluctuations exist in such data, and thus more information can be captured by the Fourier
representation, and eventually learned by the diffusion process.
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