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Power systems demand scalable computational methods for critical tasks 

such as cascading failure prediction, dynamic stability assessment, AC 
power flow calculation, and wind power forecasting, for which Graph Neural 
Networks (GNNs) are a natural fit since the power grid is inherently a 

graph.

However, the message-passing mechanism introduces fundamental 
limitations: oversmoothing, where node representations become 

indistinguishable with depth; oversquashing, where information through 
sparse connections gets distorted; and limited expressiveness, where 
structurally different configurations appear identical to the model.

Recent work has shown these limitations are more nuanced than 
previously assumed and depend critically on graph topology and task 
structure. Energy graphs represent an underexplored and structurally 

diverse graph class, ranging from physically grounded network 
representations to more abstract relational structures depending on 
abstraction level and modeling choices.

In this work, we aim to provide the first systematic quantification of 
GNN limitations across power system tasks spanning node, edge, and 
graph prediction levels, using spectral properties of energy graphs to 

derive analytical predictions verified empirically through explainability 
methods (XAI).

We compare findings against traffic networks, molecular graphs, and social 
networks, and assess architectural remedies tailored to each limitation, 
including Graph Transformers for long-range dependencies, higher-order 
GNNs for expressiveness, and graph rewiring or normalization for 

oversmoothing.
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