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Abstract
Graph Neural Networks (GNNs) offer a fast approach to dynamic
stability assessment of power grids, and edge-conditioned architec-
tures are especiallywell suited because they incorporate transmission-
line parameters directly into message passing. For deployment,
however, power grid operators need explanations that account for
all inputs influencing a prediction: bus states, line parameters, and
global operating context. Existing post-hoc GNN explanation meth-
ods are not designed for this setting: they focus mainly on node-
and graph-level classification tasks, provide limited treatment of
edge features, and often ignore graph-level features. We propose a
joint attribution framework for GNN predictions that decomposes
a prediction into node, edge, and graph-level contributions while
preserving completeness, establishing a first formal guarantee for
trustworthy joint explanations. In this work, we focus on edge-level
regression for dynamic stability assessment.
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1 Introduction
Assessing the effect of line outages on power-grid stability can be
formulated as an edge-level regression problem: for each transmis-
sion line, themodel predicts a scalar measure of the resulting system
impact. This setting is well suited to GNNs with edge-conditioned
message passing, such as NNConv [1], which incorporate line pa-
rameters directly into message passing.

For deployment, however, accurate predictions are not enough.
Power system operators need explanations identifying which buses,
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lines, and system-level conditions drove a predicted instability. Such
explanations support real-time decisions by helping operators un-
derstand and justify model predictions in safety-critical settings [2].

We propose a joint attribution framework for edge-level regres-
sion that explains a single prediction through node-, edge-, and
graph-level contributions, with completeness as an initial formal
guarantee. This allows one to distinguish whether a predicted insta-
bility is driven primarily by endpoint bus conditions, by the faulted
line itself, by the surrounding network, or by global operating con-
text, providing decomposed explanations that are interpretable and
actionable for power system operators in safety-critical settings.

2 Background and Gaps
Post-hoc explainers for GNNs include perturbation-based, gradient-
based, and game-theoretic methods. While effective on common
benchmarks, they only partially address our setting.

We begin with gradient-based attribution because it is efficient
and formally grounded. Integrated Gradients (IG) [5] assigns attri-
bution scores by integrating gradients along a path from a baseline
to the observed input, satisfying key axiomatic properties, most
notably completeness: the attributed contributions sum to the pre-
diction difference. Recent work partially extends this principle to
graph data through Graph-Based Integrated Gradients (GB-IG) [4].

In our setting, five gaps remain:
(G1) limited treatment of edge features;
(G2) frequent omission of graph-level operating features;
(G3) emphasis on node- or graph-level predictions rather than
edge-level tasks;
(G4) evaluation protocols designed mainly for classification rather
than regression; and
(G5) lack of realistic physics-grounded benchmarks for faithfulness
assessment.
(G6) limited consideration of computational and operational re-
quirements for deployment in real-time workflows.

Our goal is therefore to extend gradient-based post-hoc explana-
tions to dynamic stability, addressing limitations identified in prior
GNN-based work [3].

3 Problem Setting and Preliminary Result
We model the power grid as a graph with node features x𝑣 at each
bus (e.g. active power 𝑃 , reactive power 𝑄 , and voltage magnitude
𝑉 ), edge features e𝑣𝑤 on each transmission line (e.g. resistance 𝑅
and reactance 𝑋 ), and a graph-level feature u representing global
operating context (e.g. a power imbalance Δ𝑃 ). For an outage of
line (𝑖, 𝑗), the GNN predicts a scalar stability score 𝑦𝑖 𝑗 .

Our objective is to explain this prediction relative to a baseline
operating point. Here, 𝐴x𝑣 , 𝐴e𝑣𝑤 , and 𝐴u denote attribution scores,
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Figure 1: Joint attribution for an edge-level stability prediction on the faulted line (orange). Contributions are assigned to node
features (𝑃,𝑄,𝑉 ), edge features (𝑅,𝑋 ), and a graph-level operating feature (illustrated here as Δ𝑃) and sum to the prediction
difference relative to a baseline operating point.

i.e. contributions assigned to node, edge, and graph-level inputs
toward the prediction difference 𝑦𝑖 𝑗 − 𝑦base

𝑖 𝑗
:

𝑦𝑖 𝑗−𝑦base𝑖 𝑗 = 𝐴x𝑖 +𝐴x𝑗︸     ︷︷     ︸
endpoint buses

+ 𝐴e𝑖 𝑗︸︷︷︸
faulted line

+ 𝐴N +𝐴EN︸       ︷︷       ︸
surrounding network

+ 𝐴u︸︷︷︸
global context

,

(1)
𝑦base𝑖 𝑗 := 𝐹 (x′, e′, u′), 𝐴N :=

∑︁
𝑣≠𝑖, 𝑗

𝐴x𝑣 , 𝐴EN :=
∑︁

(𝑣,𝑤 )≠(𝑖, 𝑗 )
𝐴e𝑣𝑤 .

In practice, we take the baseline as the pre-contingency load flow
solution, which is operationally available in any contingency screen-
ing workflow. Figure 1 illustrates the decomposition in Eq. (1). We
next show that the decomposition in Eq. (1) satisfies completeness.
Proposition (Grouped completeness). For a locally Lipschitz,
almost-everywhere differentiable scalar-valued GNN 𝐹 , define the
straight-line path

𝛾 (𝑡) =
(
x′ + 𝑡 (x− x′), e′ + 𝑡 (e− e′), u′ + 𝑡 (u− u′)

)
, 𝑡 ∈ [0, 1] .

The grouped attributions are

𝐴x𝑣 :=
∫ 1

0
∇x𝑣 𝐹 (𝛾 (𝑡)) · (x𝑣 − x′𝑣) 𝑑𝑡,

𝐴e𝑣𝑤 :=
∫ 1

0
∇e𝑣𝑤 𝐹 (𝛾 (𝑡)) · (e𝑣𝑤 − e′𝑣𝑤) 𝑑𝑡,

𝐴u :=
∫ 1

0
∇u𝐹 (𝛾 (𝑡)) · (u − u′) 𝑑𝑡 .

They satisfy∑︁
𝑣∈𝑉

𝐴x𝑣 +
∑︁

(𝑣,𝑤 ) ∈𝐸
𝐴e𝑣𝑤 +𝐴u = 𝐹 (x, e, u) − 𝐹 (x′, e′, u′). (2)

Proof sketch.Apply integrated gradients to the grouped input (x, e, u)
along 𝛾 (𝑡), then use the chain rule and the fundamental theorem
of calculus.

In NNConv, line features enter message passing directly, so the
resulting attribution groupsmap naturally to buses, lines, and global
operating context.

4 Conclusion and Next Steps
This preliminary result establishes grouped completeness for joint
attribution over node-, edge-, and graph-level inputs, demonstrated
here for edge-level regression but applicable more generally to
node- and graph-level predictions. Remaining challenges are to
extend the approach beyond separable message passing and to
develop regression-specific faithfulness evaluation, for instance by
verifyingwhether the grouped attributions correspond to physically
influential components under dynamic re-simulation. More broadly,
the same methodology may extend to other edge-centric domains
where edge features carry independent meaning, such as traffic,
molecular, and communication networks.
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