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Results

Graph-based methods have witnessed tremendous success in traffic
prediction, attributed to their superior ability in capturing and modeling spatial
dependencies. Spatial-Temporal Graph Neural Networks (STGNNs) are one of 
the most primary tool for graph-based traffic prediction. However, urban-scale
traffic data are usually distributed among various owners, limited in sharing due to
privacy restrictions like GDPR. This fragmentation of data impedes the utilization 
of inter-client spatial dependencies even when using vanilla Federated Learning.

Introduction

Design of FedGTP

Co. 1 Co. 2 Co. 3

Co. 4 Co. 5

A toy example predicts the traffic flows of five taxi companies in a city and 
reveals that removing inter-client dependencies (in red lines) from training data 
results in up to 15% error increase for each taxi company.
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Plan A：SprtReLU
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Plan B：AdptPoLU
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Throw the softmax and
separate ReLU anyway!
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can be Taylor expanded as 

𝒫) % = <
*+,

)
𝑝* %

ℱ) % = ⨂* % *+,
)

⨂/ +  transforms a matrix from ℝ"×1 to ℝ"×1! by
applying a 𝑘−order Cartesian power on each row
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Vanilla Federated Learning on STGNNs
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