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Abstract

The increasing integration of renewable generation introduces highly stochastic operating
conditions, substantially enlarging the operating space and posing severe computational
challenges for traditional iterative power flow solvers. To address this, we propose a
Physics-Informed Graph Attention Network (PI-GAT) for fast and physically consistent
power flow assessment in power systems with high renewable penetration. PI-GAT repre-
sents buses and branches as graph-structured inputs and employs edge-aware multi-head
attention to adaptively capture electrical interactions between connected nodes. By em-
bedding AC power flow equations as residuals in the training loss, PI-GAT promotes
physical consistency, improving nodal power balance consistency even under high renew-
able variability and N−1 contingency scenarios. Experimental results on IEEE 30-bus and
118-bus systems demonstrate that PI-GAT reduces active and reactive power mismatches
by up to approximately 62% across the two benchmark systems relative to the edge-aware
GAT baseline. This improvement in physical consistency is accompanied by a modest
increase in point-wise voltage and phase-angle errors. Moreover, PI-GAT achieves sub-
stantial inference-time speedups over conventional numerical solvers, especially under
batched multi-scenario inference. These findings indicate that PI-GAT provides a reliable
and efficient surrogate model for real-time security assessment and contingency screening
in power systems with high penetration of renewable generation.

Keywords: graph attention network; physics-informed neural network; power flow;
renewable energy

1. Introduction
The increasing integration of renewable energy sources (RES), especially wind and

photovoltaic (PV) generation, has fundamentally altered the operational landscape of
modern power systems [1,2]. Unlike conventional synchronous generators, whose outputs
can be scheduled within relatively well-defined dispatch ranges, wind and PV generation
are strongly affected by weather-dependent variability and forecasting uncertainty [3–6].
This stochastic nature substantially expands the range of feasible operating conditions
within the system, posing significant challenges to voltage regulation, frequency stability,
and power balance across the network. As renewable penetration continues to grow in
response to decarbonization targets, grid operators must evaluate an enormous number
of operating scenarios in real-time to maintain security and stability, particularly under
frequent fluctuations in power injections [7–9].
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Conventional power flow solvers, such as Newton–Raphson [10] and fast-decoupled
methods [11], remain the standard tools for computing steady-state voltage and power
distributions in transmission networks, offering well-established convergence guarantees
and high numerical accuracy [12–14]. However, these methods are inherently iterative.
At each step, the system of nonlinear power balance equations is linearized around the
current voltage estimate, and the process is repeated until the power mismatch falls below
a prescribed tolerance. While this approach is reliable for individual scenario evaluation, its
computational cost scales poorly with both system size and the number of scenarios to be as-
sessed, making it increasingly burdensome in large-scale operational environments [15–17].
In online security assessment, operators may need to screen thousands of contingency
scenarios within seconds to make timely operational decisions [18–20]. As renewable pene-
tration rises and operating conditions become more diverse, the number of probabilistic
scenarios to evaluate grows dramatically, making it increasingly difficult to meet the real-
time dispatch and control requirements with conventional solvers alone. These limitations
have motivated growing interest in the development of data-driven surrogate models
that approximate power flow solutions with significantly reduced computational effort,
enabling faster and more scalable scenario evaluation without sacrificing much accuracy.

Data-driven machine learning approaches have emerged as promising alternatives for
accelerating power flow computation, offering the prospect of a near-instantaneous solution
once a model is trained offline. Early work demonstrated that multilayer perceptrons
(MLPs) could map bus power injections to voltage solutions with significant speedups over
iterative solvers, though generalization across varying topologies remained limited [21,22].
Among more recent approaches, graph neural networks (GNNs) are particularly well-suited
for power systems because they naturally capture the graph-structured topology of buses
and branches, allowing information to propagate along physical connections in a manner
that directly mirrors the locality of power flow equations [23,24]. Graph convolutional
networks (GCNs) have demonstrated competitive accuracy in approximating power flow
solutions and evaluating system stability across standard benchmark systems [25–28].
Building on this, graph attention networks (GATs) introduce learnable attention coefficients
that adaptively weight the contributions of neighboring nodes, enabling more expressive
representations of heterogeneous network interactions and improving prediction fidelity
under varying operating conditions [29–31].

However, most purely data-driven GNN or GAT surrogates are trained mainly by
minimizing prediction errors with respect to numerical power flow labels. As a result,
small voltage-magnitude errors do not necessarily imply that the predicted voltage phasors
satisfy the AC power flow equations. When the predicted voltages are substituted back into
the nodal power-balance equations, non-negligible active and reactive power mismatches
may still occur [32]. This issue is particularly important for real-time security assessment
and contingency screening, where physically inconsistent surrogate predictions may lead to
misleading operational decisions even if their point-wise voltage errors appear acceptable.

Physics-informed neural networks (PINNs) provide a natural way to improve the phys-
ical consistency of neural-network predictions by embedding governing equations or resid-
ual constraints into the training loss [33]. In power and energy systems, physics-informed
learning has been explored for state estimation [34], transient stability assessment [35],
load margin assessment [36], contingency screening [37], fault location [38], dynamic
parameter identification [39], and thermal anomaly prediction [40]. Power-flow-related
studies have also incorporated Kirchhoff-law-based constraints, DC/AC optimal power
flow constraints, or power flow residuals into neural-network training to reduce infeasible
predictions [41–43]. Hu et al. proposed a physics-guided deep neural network for power
flow analysis, in which Kirchhoff-law-related physical information and system topology
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were introduced to improve the generalization of data-driven power flow solvers [41].
Nellikkath and Chatzivasileiadis further applied physics-informed neural networks to
DC and AC optimal power flow, demonstrating that embedding OPF and power flow
constraints into neural-network training can reduce constraint violations and improve
the feasibility of predicted solutions [42,43]. These studies show that physics-informed
learning can improve the physical consistency of neural power-system surrogates.

Nevertheless, many PINN-based power flow or OPF formulations introduce physical
knowledge mainly through the training loss, while the neural-network architecture itself
does not always explicitly exploit branch-level graph structure or topology-dependent
electrical interactions. In particular, branch admittances, transformer tap ratios, and branch
operating status are not always directly used in the message-passing or attention mecha-
nism. This limitation may weaken the ability of the surrogate model to distinguish different
electrical couplings and topology-dependent operating conditions.

More recently, physics-informed graph-based models have been investigated for
power flow calculation and contingency-related tasks. For example, Jeddi and Shafieezadeh
proposed a physics-informed graph attention-based approach for power flow analysis [44],
while Zhang et al. developed a physics-informed line graph neural network that propagates
information between buses and transmission lines for power flow calculation [45]. These
studies combine graph representation with physical regularization and provide important
foundations for physics-informed graph learning in power systems. However, existing
studies usually emphasize only part of the requirements for fast and reliable power flow
assessment. Some methods focus on graph-based representation but do not enforce AC
power flow residuals. Some incorporate physical constraints but do not use branch electrical
parameters directly in the attention mechanism. Others consider topology changes but
require graph reconstruction or do not explicitly encode branch outage status in a fixed
graph. Therefore, the joint integration of branch-level electrical feature modeling, bus-type-
aware AC residual regularization, and fixed-graph N−1 contingency encoding remains
insufficiently explored.

To address these limitations, this paper proposes a physics-informed graph attention
network, termed PI-GAT, for fast and physically consistent AC power flow prediction.
The proposed model is designed around three key considerations. First, branch electrical
parameters are incorporated into the attention mechanism so that message passing is not
only topology-aware but also edge-aware. Second, AC power flow residuals are introduced
into the training objective to penalize physically inconsistent voltage predictions. Third,
branch-status variables are embedded into edge features, allowing normal and N−1 line-
outage scenarios to be represented on a fixed graph without repeated graph reconstruction.

To better position PI-GAT with respect to existing learning-based power flow surrogate
models, Table 1 summarizes the main differences among representative methods. As
shown in the table, existing studies usually focus on only part of the above requirements,
such as graph-based representation, attention-based aggregation, or physics-informed
regularization. In contrast, PI-GAT jointly integrates edge-aware attention, AC residual
regularization, and fixed-graph contingency encoding in a unified surrogate model. The
main contributions are summarized as follows:

• An edge-aware multi-head graph attention mechanism is designed to incorporate
branch electrical parameters directly into the attention computation. Multiple atten-
tion heads independently learn to capture different aspects of the electrical interactions
between connected buses, while each head jointly accounts for the states of both end-
point buses and the physical parameters of the connecting branch, enabling the model
to modulate neighbor influence according to impedance characteristics and opera-
tional status. Under N−1 contingency conditions, this design allows the attention
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mechanism to learn to suppress the contribution of faulted lines through the branch
status feature, without requiring dynamic graph recomputation at inference time.

• A physics-informed graph attention network (PI-GAT) is proposed that embeds AC
power flow residuals as explicit penalty terms in the training loss. By substituting
predicted voltages back into the governing power flow equations, the physics residual
guides the predicted solutions toward lower nodal power-balance residuals without
requiring additional labeled data. A warm-up-ramp scheduling strategy is further
introduced to stabilize training across systems of different scales, preventing desta-
bilizing gradient signals in early training when predicted voltages are far from the
true solution.

• Comprehensive experiments on the IEEE 30-bus and IEEE 118-bus systems demon-
strate the effectiveness and efficiency of PI-GAT. PI-GAT reduces active and reactive
power mismatch by up to approximately 62% relative to the edge-aware GAT baseline
while maintaining voltage errors within the evaluated tolerance range, with the phys-
ical consistency advantage consistently preserved across both normal operating and
N−1 contingency scenarios, as verified through scenario-separated evaluation on both
benchmark systems. Furthermore, PI-GAT achieves clear single-scenario and batched
inference-time speedups over conventional numerical solvers, confirming its potential
for repeated multi-scenario contingency screening and dispatch-support applications.

Table 1. Comparison of PI-GAT with representative learning-based power flow surrogate studies.

Studies Main Focus Edge-Aware Modeling AC Residual N−1/Topology Handling

MLP-based PF surrogates
[21,22]

Injection-to-voltage
mapping No graph structure No Not considered

GCN-based PF
surrogates [23,25,26]

Topology-aware voltage
prediction Limited No Topology-dependent

graph

GAT-based PF surrogates
[30,31]

Attention-based
aggregation Partial No Topology-dependent

graph

PINN-based PF and OPF
surrogates [41–43] PF residual regularization Limited Yes Task-dependent

Physics-informed graph
models [32,44,45]

Graph learning with
physics Method-dependent Yes/partial Method-dependent

Proposed PI-GAT
Edge-/physics-
/contingency-aware PF
surrogate

Branch parameters in
attention

Bus-type-aware AC
residual

Branch status on fixed
graph

Note: The bolded row corresponds to the PI-GAT method proposed in this work, while all other rows summarize
existing research from previous literature. Bold formatting is adopted to clearly distinguish our novel approach
from prior power flow surrogate models listed in the table.

The rest of the paper is organized as follows. Section 2 formulates the power system
graph model and the AC power flow equations. Section 3 details the proposed PI-GAT
framework, including feature construction, the edge-aware graph attention architecture,
and the physics-informed training strategy. Section 4 describes the experimental setup and
discusses the results on both benchmark systems. Section 5 concludes the paper.

2. Problem Formulation and Representation
This section establishes the mathematical and structural foundation of the proposed

framework. The AC power flow equations are first presented to formalize the physical
constraints governing steady-state operation of the power network. The power system
topology is then abstracted as a graph, where buses and branches are represented as nodes
and edges, and admittance parameters are incorporated as edge attributes, providing the
structural basis for the graph attention network architecture.
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2.1. AC Power Flow Model

The steady-state operation of the network is governed by the AC power flow equations,
which express the active and reactive power balance at each bus i as

Pi = ViΣj∈N i
Vj(Gijcosθij + Bijsinθij)

Qi = ViΣj∈N i
Vj(Gijsinθij − Bijcosθij)

(1)

Here, Vi and θi denote the voltage magnitude and phase angle at bus i, respectively, and
θij = θi − θj. Let Yij = Gij + jBij denote the (i, j)-th element of the bus-admittance matrix
Y, where Gij and Bij are its real and imaginary parts, respectively. The set N i = Ni ∪ {i}
contains bus i and all buses directly connected to it, so that the diagonal self-admittance
term is included in the power flow summation. The slack-bus voltage magnitude is fixed
at its specified setpoint, while its phase angle serves as the angular reference.

Equation (1) is traditionally solved via iterative numerical methods, most commonly
the Newton–Raphson algorithm, which linearizes the power mismatch around the current
voltage estimate at each step until convergence is achieved. While the Newton–Raphson al-
gorithm offers reliable quadratic convergence under well-conditioned operating conditions,
it requires the repeated construction and factorization of a Jacobian matrix for each scenario,
resulting in computational costs that scale poorly with network size. In large-scale systems
subject to high renewable variability, where thousands of diverse scenarios must be evalu-
ated within operational time windows, these limitations become increasingly prohibitive.
This motivates the development of a learning-based surrogate capable of approximating
power flow solutions in a single non-iterative forward pass, while maintaining physical
consistency with the governing equations.

2.2. Graph Representation of the Power Network

The power grid topology is naturally modeled as an undirected graph G = (V , E),
where V = {1, 2, . . . , N} denotes the set of N buses and E ⊆ V × V denotes the set of
transmission branches and transformers. Although the physical network is topologically
undirected, each branch is represented by two directed message-passing edges, j → i
and i → j, in the implementation. Each node i ∈ V is associated with a feature vector
xi ∈ Rdv encoding its operational state, and each edge (i, j) ∈ E is associated with a feature
vector eij ∈ Rde encoding the physical parameters of the connecting branch. The specific
construction of these feature vectors is described in Section 3.

The bus-admittance matrix Y ∈ CN×N governs the electrical coupling among buses.
For a standard transmission line (i, j), let yij = gij + jbij = 1/(rij + jxij) denote its series
admittance. In the absence of an off-nominal transformer tap, the corresponding off-
diagonal bus-admittance entries satisfy (Yij = Yji = −yij). For transformer branches, these
entries are modified according to the complex tap ratio. Let ys = 1/(r + jx) denote the
branch series admittance, bc denote the total line-charging susceptance, and t = τejϕ denote
the complex off-nominal transformer tap ratio located at the i-bus side. The corresponding
branch contributions to the bus-admittance matrix are

Yii ← Yii +
ys + jbc/2
|t|2 ,

Yij ← Yij −
ys

t∗
,

Yji ← Yji −
ys

t
,

Yjj ← Yjj + ys + jbc/2.

(2)

For a branch without an off-nominal transformer, τ = 1 and ϕ = 0.
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The diagonal entry Yii = Gii + jBii aggregates the contributions of all incident branches,
line charging, transformer parameters, and bus shunt elements. The magnitude |Yij|
quantifies the strength of the electrical interaction between the two endpoints, naturally
playing the role of an edge weight in the graph.

The structural correspondence between the power flow equations and graph-based
computation motivates a neighborhood-aggregation representation of the network interactions

si = ϕ

xi,
⊕
j∈Ni

ψ(xi, xj, eij)

 (3)

where ψ computes a message from neighbor j to bus i using both node states and edge
parameters,

⊕
denotes a permutation-invariant aggregation operator, and ϕ updates

the state of bus i based on the aggregated neighborhood information. This formulation
establishes a direct structural correspondence with Equation (1). The power injection at
bus i is determined by aggregating contributions from its electrical neighbors, weighted by
the branch admittances Gij and Bij. The power flow problem thus admits a natural graph
computational interpretation, motivating the use of graph neural networks as a principled
architectural choice for surrogate modeling.

The AC power flow equations show that the electrical interaction between connected
buses depends on the corresponding entries of the bus-admittance matrix. These entries
are determined by the physical parameters of the connecting branches, including their
series impedances, shunt charging, and transformer tap ratios. This observation motivates
the use of edge-aware graph attention, in which branch-level electrical parameters are
incorporated directly into the message-passing mechanism so that the model can assign
different weights to neighboring buses according to the physical characteristics of each
connecting branch.

3. Physics-Informed Graph Attention Network
Building on the graph formulation established in Section 2, this section presents the

architecture and training objective of the proposed PI-GAT framework. The model takes the
graph-structured representation of the power network as input and produces bus voltage
magnitudes and phase angles as output. The architecture leverages multi-head graph
attention to propagate electrical state information along the network topology, while a
physics-informed loss function embeds AC power flow residuals directly into the training
objective to improve physical consistency of the predicted solutions.

3.1. Feature Construction

The input to PI-GAT consists of the node feature matrix X ∈ RN×8 and the edge feature
matrix E ∈ R|E |×7, constructed from the graph representation defined in Section 2.2. The
feature design aims to provide the model with the complete operational context necessary
to infer the voltage solution at each bus, while explicitly encoding the structural distinctions
between different generation types and bus roles.

Each node feature vector xi ∈ R8 encodes the operational state of bus i as follows:

• Pload
i , Qload

i : active and reactive load demand;
• Pren

i : active power output of renewable generation;
• Pgen

i : active power output of conventional dispatchable generation;
• Vset

i : voltage magnitude setpoint;

• isPQ
i , isPV

i , isre f
i : one-hot binary indicators encoding bus type.

Separating renewable injection Pren
i from conventional generation Pgen

i as distinct input
channels reflects their fundamentally different operational characteristics. Conventional
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units operate within narrow dispatch bounds defined by generator capacity constraints,
whereas renewable sources exhibit wide and stochastic output variability that can range
from zero to rated capacity within short time intervals. This separation is particularly suit-
able for power systems with high renewable penetration, where heterogeneous distributed
energy resources ranging from dispatchable units to stochastic renewables coexist and
exhibit fundamentally distinct operational characteristics. The one-hot bus-type encoding
explicitly informs the model of the role each bus plays in the power flow problem, distin-
guishing between PQ, PV, and slack buses, and directly mirrors the variable classification
used in conventional power flow solvers, where different quantities are specified and
inferred at each bus type.

Each edge feature vector eij ∈ R7 encodes the physical parameters of branch (i, j):

• rij, xij: series resistance and reactance;
• shij: shunt charging susceptance;
• tapij: transformer tap ratio, set to 1.0 for non-transformer branches;
• statusij: branch in-service indicator;
• gij, bij: series conductance and susceptance derived from rij and xij.

The inclusion of both impedance parameters (rij, xij) and their derived admittance
counterparts (gij, bij) provides the model with complementary representations of branch
electrical characteristics, reducing the need to learn nonlinear transformations between
these quantities. Here, the lowercase quantities gij and bij denote the real and imaginary
parts of the branch series admittance yij, whereas the uppercase quantities Gij and Bij

denote the real and imaginary parts of the bus-admittance-matrix entry Yij used in the
AC power flow equations. The transformer tap ratio tapij allows the model to distin-
guish between transmission lines and transformer branches without requiring separate
architectural components.

Under N−1 contingency conditions, the faulted branch is retained in the graph with
statusij = 0 rather than removed from E . This design choice preserves the fixed graph
structure required for efficient batched inference, while enabling the model to learn the
effect of line outages implicitly from the training data. Encoding the outage as a feature
rather than a structural modification avoids the need for dynamic graph recomputation
at inference time, which would otherwise introduce significant overhead in real-time
contingency screening applications. All node and edge features are standardized to zero
mean and unit variance prior to training to ensure numerical stability and comparability
across features of different physical units. The output of PI-GAT is a matrix Ẑ ∈ RN×2,
where each row [V̂i, θ̂i] contains the predicted voltage magnitude and phase angle at bus i.
Voltage magnitudes and phase angles are not used as online input features; they serve only
as supervised labels generated offline by the numerical power flow solver.

3.2. Graph Attention Network Architecture

The overall architecture of PI-GAT for power flow surrogate is illustrated in Figure 1,
comprising a feature encoder, a stack of edge-aware graph attention layers, and an output
decoder connected in a forward inference pipeline. During training, the predicted voltage
solutions are substituted back into the AC power flow equations to compute the physics
residual, which is incorporated as an additional loss signal alongside the data fidelity term
to update the network weights.

The input encoder projects the raw node feature vector xi ∈ R8 into a hidden rep-
resentation h0

i ∈ Rdh through two successive linear layers, each followed by LayerNorm
and SiLU activations. This two-layer design allows the model to learn an expressive ini-
tial representation of each bus before message passing begins, while the normalization
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ensures that features of different physical scales contribute comparably to the subsequent
attention computation.

Node Features

Edge Features

Feature
Encoder Edge-aware Multi-head

Graph Attention
LeakyRelu( [ || || ])

LeakyRelu( [ || || ])
i j ij

ij

j i j ij

a h h e

a h h e
 



Concatenation

Decoder
Input

  AC Power Flow
ResidualData Loss + Physics Loss

Forward Propagation Backward Propagation

 

Magnitud

Prediction

Bus Level
Voltage

e

Phase
îV

î

Residual+LayerNorm

Figure 1. Overall architecture of the proposed PI-GAT framework.

Each graph attention layer computes edge-aware multi-head attention coefficients that
jointly account for the states of both endpoint buses and the physical parameters of the
connecting branch. For the k-th attention head at layer l, the attention coefficient from bus j
to bus i is computed as

α
(l,k)
ij = softmaxj

(
LeakyReLU

(
a(l,k) ·

[
W(l,k)hl

i ∥W(l,k)hl
j ∥W(l,k)

e eij

]))
(4)

Here, W(l,k) ∈ R(dh/K)×dh and W(l,k)
e ∈ R(dh/K)×7 are learnable projection matrices for node

and edge features respectively, a(l,k) ∈ R3dh/K is a learnable attention vector, K denotes the
number of attention heads, and ∥ denotes vector concatenation. The incorporation of the
branch feature vector eij directly into the attention computation is a key design. It allows
the model to adjust the influence of each neighbor according to the electrical characteristics
of the connecting branch, such as impedance and operational status, rather than relying
solely on node-level information. This is particularly important under N−1 contingency
conditions, where statusij = 0 signals the removal of a branch and the attention mechanism
can learn to suppress the corresponding message.

The updated node representation at layer l + 1 aggregates neighborhood information
weighted by the computed attention coefficients, with outputs from all K heads concate-
nated to form the full hidden representation

hl+1
i =

∥∥∥K

k=1
∑

j∈Ni

α
(l,k)
ij W(l,k)hl

j (5)

A residual connection is applied after ELU activation and dropout, followed by
LayerNorm, to stabilize gradient flow and mitigate the over-smoothing phenomenon that
causes node representations to become indistinguishable in deep graph networks

hl+1
i ← LayerNorm

(
Dropout

(
ELU

(
hl+1

i

))
+ hl

i

)
(6)

The output decoder maps the final node representations hL
i to voltage predictions

through a three-layer MLP with SiLU activations, producing a two-dimensional output
for each bus. The predicted voltage magnitude V̂i is obtained by adding 1.0 p.u. to the
first output channel, encoding the prior that bus voltages in normal and mildly perturbed
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operation remain close to their nominal value. The predicted phase angle θ̂i is taken directly
from the second output channel without additional transformation, as phase angles can
take both positive and negative values relative to the slack bus reference and require no
such initialization prior.

3.3. Physics-Informed Loss Function

A purely data-driven model minimizes the discrepancy between predicted and ground-
truth voltage solutions, but provides no guarantee that predictions satisfy the underlying
physical equations. Even when the mean prediction error is small, the substituted voltages
may produce substantial power mismatches when evaluated against the AC power flow
equations, rendering the predictions physically inadmissible for use in security assessment.
To address this, the training objective of PI-GAT combines a supervised regression loss
with a physics residual penalty

L = LMSE + λLphys (7)

where λ > 0 is a scalar hyperparameter that controls the relative weighting between data
fidelity and physical consistency. In practice, λ is tuned on the validation set and may differ
across systems of different scales.

The data fidelity term LMSE is the mean squared error between predicted and ground-
truth voltage solutions across all N buses

LMSE =
1
N

N

∑
i=1

(
(V̂i −Vi)

2 + (θ̂i − θi)
2
)

(8)

Voltage phase angles are represented in radians during model training and physics-residual
evaluation, and are converted to degrees only when the evaluation metrics are reported.
This term supervises the model using labeled power flow solutions generated by con-
ventional numerical solvers, ensuring that the predicted voltages remain close to the
ground-truth operating state.

The physics residual term Lphys penalizes deviations from nodal power balance by sub-
stituting the predicted voltage phasors {V̂i, θ̂i} back into the AC power flow Equations (1).
Since PQ, PV, and slack buses have different specified and unknown quantities in conven-
tional AC power flow, the residual is computed in a bus-type-aware manner. In particular,
the residual is evaluated only for power injections that are specified by the power flow
problem formulation, rather than for quantities obtained as dependent variables from the
numerical power flow solution. Let NPQ, NPV , and Nre f denote the sets of PQ buses, PV
buses, and the slack bus, respectively.

Let Psp
i and Qsp

i denote the specified net active- and reactive-power injections at bus i,
respectively, under the sign convention that generation is positive and demand is negative.
The specified active-power injection is constructed directly from the input features as

Psp
i = Pgen

i + Pren
i − Pload

i . (9)

For the PQ buses considered in the present datasets, no controllable reactive-power
generation is specified. Therefore, the specified reactive-power injection is given by

Qsp
i = −Qload

i , i ∈ NPQ. (10)

Fixed shunt capacitors and reactors at PQ buses are not included in Qsp
i . Instead,

their shunt susceptances are embedded in the diagonal entries of the scenario-specific bus-
admittance matrix and are therefore automatically included in the calculated reactive-power
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injection Q̂i. This treatment is consistent with the standard AC power flow formulation,
in which fixed shunt devices are modeled as network elements rather than controllable
reactive-power injections, and avoids double-counting their reactive-power contributions.
Thus, Psp

i and Qsp
i are constructed directly from the specified generation and load data

and do not use the reactive-power solutions at PV buses or the active- and reactive-power
solutions at the slack bus.

The active- and reactive-power injections implied by the predicted voltage solution
are calculated as

P̂i = V̂i ∑
j∈N i

V̂j
(
Gij cos θ̂ij + Bij sin θ̂ij

)
,

Q̂i = V̂i ∑
j∈N i

V̂j
(
Gij sin θ̂ij − Bij cos θ̂ij

)
,

(11)

where θ̂ij = θ̂i− θ̂j. Here, P̂i and Q̂i denote the active- and reactive-power injections implied
by the predicted voltage phasors.

For PQ buses, both active- and reactive-power injections are specified. Therefore, both
active- and reactive-power mismatches are included in the physics-informed loss

∆Pi = Psp
i − P̂i, ∆Qi = Qsp

i − Q̂i, i ∈ NPQ. (12)

For PV buses, the active-power injection is specified, whereas the reactive-power
injection is a dependent variable determined by the AC power flow equations. Therefore,
only the active-power mismatch is included for PV buses

∆Pi = Psp
i − P̂i, i ∈ NPV . (13)

The reactive-power mismatch is not evaluated at PV buses because Qsp
i is neither

constructed nor used for these buses. Consequently, the solved PV-bus reactive-power
injection is not introduced into the physics-informed loss. For the slack bus, the voltage
magnitude and phase angle are specified as the system reference, whereas the active- and
reactive-power injections are dependent variables determined by system power balance
and network losses. Therefore, the slack-bus active- and reactive-power mismatches are
excluded from the physics residual. The slack-bus voltage magnitude and phase angle
remain included in the supervised voltage-output loss for consistency with the full-bus
voltage prediction task.

The aggregate physics residual is then defined as

Lphys =
1

|NPQ| ∑
i∈NPQ

(
∆P2

i + ∆Q2
i

)
+

1
|NPV | ∑

i∈NPV

∆P2
i . (14)

The quantities Gij and Bij used in (11) are obtained from the scenario-specific bus-
admittance matrix. Therefore, branch series admittances, line-charging susceptances,
transformer tap ratios, bus shunt admittances, fixed shunt capacitors and reactors, and
branch-status changes under N−1 contingencies are reflected in the residual calculation.
In particular, fixed shunt elements are represented through the diagonal entries of the
bus-admittance matrix and are included in the calculated injections P̂i and Q̂i, rather than
in the specified injections Psp

i and Qsp
i .

For the neural-network input, an outaged branch is retained in the graph with its
branch-status feature set to zero in order to preserve a fixed graph structure. For physics-
residual evaluation, the corresponding post-contingency bus-admittance matrix is used
so that the electrical contribution of the outaged branch is removed. Generator reactive-
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power limits are not enforced during data generation. Therefore, Q-limit-induced PV-to-PQ
bus-type transitions are not considered in the present study.

This physics-informed regularization is particularly beneficial under distributional
shift, which arises naturally in power system operation due to N−1 contingency events
and high renewable output variability. Under such conditions, purely data-driven models
may encounter operating points that lie outside the training distribution and extrapolate
in physically inadmissible directions, producing voltage predictions that appear numeri-
cally reasonable but violate nodal power balance. The physics residual penalty provides
a corrective signal that reduces violations of the AC power flow equations, improving
generalization without requiring additional labeled training data. This property is es-
pecially important for dispatch-support and contingency-screening applications under
high-renewable-penetration operating conditions, where physically inconsistent power
flow predictions may lead to misleading assessments of voltage feasibility, power-balance
violations, and operational security margins.

4. Experimental Evaluation
This section presents a comprehensive evaluation of the proposed PI-GAT framework

against GCN and GAT baselines on the IEEE 30-bus and IEEE 118-bus benchmark systems.
All models are evaluated using voltage prediction errors, phase-angle errors, active/reactive
power-mismatch residuals, and load-normalized mismatch metrics. Specifically, V MAE
and V RMSE measure voltage magnitude prediction accuracy, θ MAE measures phase-angle
prediction accuracy, P mis. and Q mis. evaluate active- and reactive-power balance residu-
als, and P mis./active load and Q mis./active load normalize the corresponding mismatch
values by the total system load. The normalized metrics are reported in percentage and
are included to facilitate clearer comparison across systems with different load levels and
network scales.

4.1. Experimental Setup

Operating scenarios are generated using the pandapower simulation package. The
IEEE 30-bus and IEEE 118-bus systems are constructed from the standard pandapower test
cases, namely pn.case30() and pn.case118(). The AC power flow labels are obtained
using the pandapower numerical power flow solver (Newton–Raphson) with a convergence
tolerance of 1× 10−8 MVA and a maximum iteration number of 30. Scenarios for which
the numerical solver fails to converge are discarded before dataset splitting.

To reflect operating conditions with high renewable penetration, 60% of the eligible PV
generation buses, excluding the slack bus, are designated as renewable generation buses.
Specifically, using one-based bus numbering, buses 13, 22, and 27 are selected in the IEEE
30-bus system, while buses 1, 6, 8, 12, 18, 19, 25, 27, 31, 34, 40, 42, 49, 55, 56, 61, 65, 70, 72,
74, 77, 80, 87, 90, 91, 99, 103, 104, 107, 111, 112, and 116 are selected in the IEEE 118-bus
system. The selected buses remain fixed throughout data generation and are identical for
all compared models.

The aggregate rated renewable output is set to 60% of the total base load. In the follow-
ing, U (a, b) denotes a uniform distribution on [a, b]. The base total active loads of the IEEE
30-bus and IEEE 118-bus systems are approximately 189 MW and 4242 MW, respectively.
Individual active loads are independently scaled by factors sampled from U (0.80, 1.20),
while reactive loads are scaled by factors sampled from U (0.85, 1.15). Renewable source
outputs are perturbed as Pren

i = Pren,base
i · U (0.65, 1.35), reflecting the wide variability of

renewable generation. To maintain physical plausibility, a curtailment constraint caps
the aggregate renewable share at 95% of the current total load. Conventional generator
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outputs are scaled proportionally to balance the remaining load, with small perturbations
U(0.95, 1.05) applied to introduce dispatch variability.

N−1 contingency scenarios are generated by taking one branch out of service at a
time and resolving the AC power flow. Each candidate outage is first checked to ensure
that it does not create an islanded network. For non-islanding contingencies, the AC
power flow is solved using pandapower. Only cases that converge successfully under the
specified tolerance are retained, while islanding and non-convergent cases are discarded.
The same renewable-bus configuration and contingency-generation procedure are applied
to all models. The final dataset contains 75% normal operating scenarios and 25% N−1
contingency scenarios. Before applying the 70/15/15% train/validation/test split, the
number of valid scenarios is 6000 and 20,000 for the IEEE 30-bus and IEEE 118-bus systems,
respectively. The corresponding numbers of training, validation, and test samples, together
with the main model hyperparameters, are summarized in Table 2.

Table 2. Dataset and hyperparameter configuration.

Item IEEE 30-Bus IEEE 118-Bus

Total scenarios 6000 20,000
Training samples 4200 14,000
Validation samples 900 3000
Test samples 900 3000
Split (train/val/test) 70/15/15% 70/15/15%
N−1 ratio 25% 25%

Random seed (single run) 2026 2026
Multi-seed experiments [2026, 2027, 2028, 2029, 2030]
Epochs 300 500
Batch size 64 64
Learning rate 5× 10−4 4× 10−4

LR scheduler type ReduceLROnPlateau ReduceLROnPlateau
LR scheduler factor 0.5 0.5
LR scheduler patience 8 epochs 25 epochs
Minimum learning rate 1× 10−6 1× 10−6

Weight decay 1× 10−5 1× 10−5

Hidden dimension 128 256
GAT layers 3 4
Attention heads 4 4
Dropout 0.1 0.1
λ (physics weight) 0.003 0.0005
Physics warm-up epochs 20 300
Physics ramp epochs 50 50
Early stopping patience 40 70
Early stopping criterion 5× 10−8 1× 10−7

To benchmark the proposed PI-GAT, two baseline models are considered. The first is
a GCN with uniform neighborhood aggregation. The second is an edge-aware GAT that
shares the same attention architecture as PI-GAT but sets the physics-loss weight to λ = 0.
For a fair comparison, all models are trained and evaluated using the same generated
scenarios, train/validation/test split, input and output definitions, and evaluation metrics.
The hidden dimension, number of layers, dropout rate, optimizer settings, batch size,
and training epochs are kept comparable across different models. Therefore, the main
differences among the compared models lie in the neighborhood aggregation mechanism,
the use of edge-aware attention, and the inclusion of the physics-informed residual loss.

As shown in Table 2, different hyperparameter settings are adopted for the IEEE
30-bus and IEEE 118-bus systems to account for their different network scales and training
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difficulties. In particular, the IEEE 118-bus system uses a larger hidden dimension and
a longer physics-loss warm-up period, since the larger network involves more complex
electrical interactions and makes early physics-informed optimization less stable.

All models are implemented in Python 3.12.12 using PyTorch 2.9.1+cu128. The experi-
ments are conducted on a workstation equipped with an Intel Core Ultra 9 285K CPU and
an NVIDIA RTX 5090 GPU. GPU acceleration is performed using CUDA 12.8. The software
environment also includes NumPy 2.3.5 and pandapower 3.2.1.

For model training, the Adam optimizer is used with β1 = 0.9, β2 = 0.999, and a
weight decay of 1 × 10−5. Each of the five independent training runs uses a different
random seed, which simultaneously varies the train/validation/test split, the model
weight initialization, and the mini-batch shuffle order. Gradient clipping with a maximum
norm of 2.0 is applied to improve training stability. A ReduceLROnPlateau learning-rate
scheduler is adopted, where the validation loss is used as the monitored metric. The
detailed learning rates, scheduler patience values, and other training hyperparameters are
provided in Table 2.

For PI-GAT, the physics loss weight λ is introduced through a warm-up-ramp schedule
instead of being applied from the first training epoch. Specifically, λ is set to zero during
the warm-up period and is then linearly increased to its target value during the ramp
period. This design allows the supervised regression loss to dominate the early stage of
training, while the AC power flow residual gradually contributes to the gradient updates
in later epochs.

4.2. Results on IEEE 30-Bus System

The IEEE 30-bus system (Figure 2) serves as the first benchmark, comprising 30 buses
and 41 branches. Figure 3 shows the training dynamics of PI-GAT on this system. Both
the total loss and the physics residual exhibit generally decreasing and stable trends.
This continuous convergence indicates that the short warm-up period is sufficient for a
network of this scale, allowing the physics constraints to be introduced into an already
well-conditioned optimization landscape. Consequently, the model achieves stable volt-
age predictions while improving physical consistency and reducing the power-balance
deviations commonly observed in purely data-driven approaches.

Table 3 presents the IEEE 30-bus test-set performance over five independent runs.
Compared with GCN, GAT improves voltage and angle prediction accuracy, indicating the
benefit of adaptive attention-based neighborhood aggregation. PI-GAT achieves a voltage
MAE comparable to GAT, with mean values of 0.000984 and 0.000989, respectively, while
introducing a modest increase in voltage RMSE and angle MAE.

Table 3. Performance comparison on the IEEE 30-bus system over five independent runs.

Model V MAE V RMSE θ MAE (◦) P Mis. Q Mis. P Mis./Active
Load (%)

Q Mis./Active
Load (%)

GCN 0.001170
(2.8 × 10−5)

0.003335
(1.0 × 10−5)

0.2153
(3.6 × 10−3)

0.0242
(2.2 × 10−4)

0.0130
(3.5 × 10−4)

1.28
(1.1 × 10−2)

0.6854
(1.8 × 10−2)

GAT 0.000989
(4.7 × 10−5)

0.001758
(5.5 × 10−5)

0.1704
(3.1 × 10−3)

0.0187
(5.9 × 10−4)

0.0115
(6.7 × 10−4)

0.9874
(3.1 × 10−2)

0.6063
(3.5 × 10−2)

PI-GAT 0.000984
(4.5 × 10−5)

0.001975
(1.1 × 10−4)

0.1804
(4.4 × 10−3)

0.0139
(2.1 × 10−4)

0.007607
(2.0 × 10−4)

0.7341
(1.1 × 10−2)

0.4020
(1.1 × 10−2)

Note: Values are reported as mean (standard deviation) over five independent runs. V-related errors and
power mismatches are reported in p.u.; θ MAE is reported in degrees. P/load and Q/load denote active- and
reactive-power mismatches normalized by the total active load.

The main advantage of PI-GAT lies in physical consistency. Compared with GAT
without the physics-informed loss, PI-GAT reduces the mean active-power mismatch
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from 0.0187 to 0.0139 and the mean reactive-power mismatch from 0.0115 to 0.007607.
In normalized terms, P/load decreases from 0.9874% to 0.7341%, and Q/load decreases
from 0.6063% to 0.4020%. These results indicate that PI-GAT improves power-balance
consistency while maintaining voltage prediction accuracy at the same order of magnitude
as the data-driven GAT baseline. The small standard deviations further show that these
trends are stable across five independent runs.
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Figure 2. IEEE 30-bus system.
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Figure 3. Training and validation loss curves of PI-GAT on the IEEE 30-bus system. (a) total loss;
(b) physics residual loss.

To further evaluate scenario-separated generalization, the IEEE 30-bus test set is
divided into normal operating samples and N−1 contingency samples, as reported in
Table 4. Under normal operating conditions, PI-GAT achieves the lowest voltage MAE
and produces the smallest active- and reactive-power mismatches among the three models.
Compared with GAT without the physics-informed loss, PI-GAT reduces P/load from
0.8806% to 0.6459% and Q/load from 0.5361% to 0.3585%. This indicates that the physics-
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informed residual improves physical consistency without degrading voltage magnitude
accuracy under normal operating conditions.

Table 4. Generalization performance on the IEEE 30-bus system under normal and N−1 contingency
conditions over five independent runs.

Condition Model V MAE V RMSE θ MAE (◦) P Mis. Q Mis. P Mis./Active
Load (%)

Q Mis./Active
Load (%)

Normal GCN 0.0008
(2.8 × 10−5)

0.0011
(3.7 × 10−5)

0.1594
(4.4 × 10−3)

0.0245
(2.2 × 10−4)

0.0130
(4.2 × 10−4)

1.2938
(1.2 × 10−2)

0.6894
(2.2 × 10−2)

Normal GAT 0.0008
(3.9 × 10−5)

0.0009
(3.0 × 10−5)

0.1369
(1.9 × 10−3)

0.0167
(7.0 × 10−4)

0.0101
(8.4 × 10−4)

0.8806
(3.7 × 10−2)

0.5361
(4.4 × 10−2)

Normal PI-GAT 0.0007
(2.6 × 10−5)

0.0009
(2.4 × 10−5)

0.1472
(4.6 × 10−3)

0.0122
(3.4 × 10−4)

0.0068
(1.2 × 10−4)

0.6459
(1.8 × 10−2)

0.3585
(6.1 × 10−3)

N−1 GCN 0.0023
(3.7 × 10−5)

0.0061
(2.6 × 10−5)

0.4006
(2.2 × 10−3)

0.0272
(3.0 × 10−4)

0.0150
(4.6 × 10−4)

1.4375
(1.6 × 10−2)

0.7952
(2.4 × 10−2)

N−1 GAT 0.0017
(8.3 × 10−5)

0.0031
(1.4 × 10−4)

0.3035
(7.1 × 10−3)

0.0259
(1.4 × 10−3)

0.0159
(8.5 × 10−4)

1.3711
(7.5 × 10−2)

0.8422
(4.5 × 10−2)

N−1 PI-GAT 0.0017
(9.4 × 10−5)

0.0035
(2.2 × 10−4)

0.3230
(9.6 × 10−3)

0.0182
(3.5 × 10−4)

0.0105
(2.4 × 10−4)

0.9620
(1.9 × 10−2)

0.5568
(1.3 × 10−2)

Note: Values are reported as mean (standard deviation) over five independent runs. Normal denotes test samples
without line outages, while N−1 denotes test samples with single-line outages. V-related errors and power
mismatches are reported in p.u.; θ MAE is reported in degrees.

Under N−1 contingency conditions, all models exhibit larger voltage and angle errors
than in the normal case, reflecting the additional difficulty introduced by line outages and
topology perturbations. In this setting, GAT achieves slightly lower voltage RMSE and
angle MAE than PI-GAT. However, PI-GAT maintains better physical consistency, reducing
P/load from 1.3711% to 0.9620% and Q/load from 0.8422% to 0.5568% compared with GAT.
These results show that the physics-informed residual substantially improves normalized
power-balance consistency under post-contingency conditions, although it may introduce
a slight trade-off in point-wise voltage or angle accuracy.

4.3. Results on IEEE 118-Bus System

The IEEE 118-bus system (Figure 4) provides a larger-scale benchmark with 118 buses
and 186 branches. Due to the increased topological complexity, the physics loss warm-up
period is extended to 300 epochs. This ensures that the regression objective first establishes
a stable baseline approximation of the system state before the physics-informed regulariza-
tion is applied. As shown in Figure 5, the total loss exhibits a distinct inflection point at
epoch 300, accompanied by a sharp drop in the physics residual. This behavior suggests
that the delayed activation strategy effectively stabilizes training for larger networks, suc-
cessfully guiding the model from an initial data-driven fit toward highly accurate voltage
predictions with improved physical consistency of voltage magnitude and phase angle.

Table 5 reports the IEEE 118-bus results over five independent runs. Compared with
the IEEE 30-bus system, the larger network contains more buses, branches, and generator
buses, making accurate and physically consistent prediction more challenging. GCN and
GAT show comparable voltage prediction performance on this system: GCN obtains the
lowest voltage MAE, while GAT achieves the lowest voltage RMSE and angle MAE. This
indicates that the data-driven baselines can provide accurate point-wise voltage predictions,
but their physical consistency remains limited.

PI-GAT shows a clear advantage in reducing power-balance residuals. Compared with
GAT without the physics-informed loss, PI-GAT reduces the mean active-power mismatch
from 0.6043 to 0.2319 and the mean reactive-power mismatch from 0.1383 to 0.0525. In
normalized terms, P/load decreases from 1.42% to 0.5466%, and Q/load decreases from
0.3261% to 0.1237%. This confirms that the main benefit of PI-GAT on the larger IEEE
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118-bus system lies in improving physical consistency, although this improvement is
accompanied by larger point-wise voltage and angle errors than the purely data-driven
GAT baseline. The small standard deviations indicate that this trade-off and the physical-
consistency improvement are stable across five independent runs.
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Figure 4. IEEE 118-bus system.
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Figure 5. Training and validation loss curves of PI-GAT on the IEEE 118-bus system. (a) total loss;
(b) physics residual loss.

Table 5. Performance comparison on the IEEE 118-bus system over five independent runs.

Model V MAE V RMSE θ MAE (◦) P Mis. Q Mis. P Mis./Active
Load (%)

Q Mis./Active
Load (%)

GCN 0.000614
(3.1 × 10−5)

0.001151
(2.2 × 10−5)

1.16
(9.6 × 10−3)

0.6427
(1.0 × 10−2)

0.1421
(2.3 × 10−3)

1.51
(2.5 × 10−2)

0.3350
(5.5 × 10−3)

GAT 0.000669
(1.3 × 10−5)

0.001075
(8.4 × 10−6)

1.12
(5.7 × 10−3)

0.6043
(5.5 × 10−3)

0.1383
(1.7 × 10−3)

1.42
(1.3 × 10−2)

0.3261
(3.9 × 10−3)

PI-GAT 0.000934
(1.2 × 10−5)

0.001505
(2.3 × 10−5)

1.21
(7.6 × 10−3)

0.2319
(4.2 × 10−3)

0.0525
(1.7 × 10−3)

0.5466
(9.8 × 10−3)

0.1237
(4.0 × 10−3)

Note: Values are reported as mean (standard deviation) over five independent runs. V-related errors and
power mismatches are reported in p.u.; θ MAE is reported in degrees. P/load and Q/load denote active- and
reactive-power mismatches normalized by the total active load.
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Table 6 further reports the scenario-separated generalization performance on the IEEE
118-bus system under normal operating and N−1 contingency conditions. Under normal
operating conditions, GCN and GAT obtain lower voltage and angle errors than PI-GAT.
Nevertheless, PI-GAT substantially reduces the active- and reactive-power mismatches.
Compared with GAT without the physics-informed loss, PI-GAT reduces P/load from
1.4327% to 0.5451% and Q/load from 0.3282% to 0.1235%. This demonstrates that the
embedded AC power flow residual guides the model toward solutions that better satisfy
nodal power balance, even when the supervised voltage error is not the lowest.

Table 6. Generalization performance on the IEEE 118-bus system under normal and N−1 contingency
conditions over five independent runs.

Condition Model V MAE V RMSE θ MAE (◦) P Mis. Q Mis. P Mis./Active
Load (%)

Q Mis./Active
Load (%)

Normal GCN 0.0006
(3.2 × 10−5)

0.0008
(3.2 × 10−5)

1.0867
(1.0 × 10−2)

0.6509
(1.0 × 10−2)

0.1447
(2.5 × 10−3)

1.5335
(2.4 × 10−2)

0.3410
(5.8 × 10−3)

Normal GAT 0.0006
(1.4 × 10−5)

0.0009
(1.9 × 10−5)

1.0729
(2.1 × 10−3)

0.6081
(5.3 × 10−3)

0.1393
(1.7 × 10−3)

1.4327
(1.3 × 10−2)

0.3282
(4.1 × 10−3)

Normal PI-GAT 0.0009
(1.1 × 10−5)

0.0013
(2.4 × 10−5)

1.1595
(4.1 × 10−3)

0.2314
(3.8 × 10−3)

0.0524
(1.7 × 10−3)

0.5451
(8.9 × 10−3)

0.1235
(4.0 × 10−3)

N−1 GCN 0.0007
(3.1 × 10−5)

0.0017
(1.6 × 10−5)

1.2038
(8.0 × 10−3)

0.6462
(1.1 × 10−2)

0.1443
(2.3 × 10−3)

1.5228
(2.6 × 10−2)

0.3399
(5.5 × 10−3)

N−1 GAT 0.0007
(1.3 × 10−5)

0.0014
(7.3 × 10−6)

1.1625
(4.3 × 10−3)

0.6076
(4.4 × 10−3)

0.1396
(1.6 × 10−3)

1.4318
(1.0 × 10−2)

0.3289
(3.7 × 10−3)

N−1 PI-GAT 0.0010
(1.1 × 10−5)

0.0017
(1.8 × 10−5)

1.2435
(5.9 × 10−3)

0.2364
(3.8 × 10−3)

0.0542
(1.6 × 10−3)

0.5570
(9.0 × 10−3)

0.1277
(3.8 × 10−3)

Note: Values are reported as mean (standard deviation) over five independent runs. Normal denotes test samples
without line outages, while N−1 denotes test samples with single-line outages. V-related errors and power
mismatches are reported in p.u.; θ MAE is reported in degrees.

A similar trend is observed under N−1 contingency conditions. Although PI-GAT
has slightly higher voltage and angle errors than the purely data-driven GAT baseline, it
consistently yields much smaller normalized power-mismatch values. Specifically, PI-GAT
reduces P/load from 1.4318% to 0.5570% and Q/load from 0.3289% to 0.1277% compared
with GAT. The preservation of this advantage under contingency scenarios indicates that
the physics-informed residual remains effective for post-contingency samples included
in the test distribution. Therefore, for the larger IEEE 118-bus system, PI-GAT should
be interpreted as providing a more physically consistent surrogate rather than uniformly
minimizing every point-wise voltage or angle error.

4.4. Application-Oriented Evaluation

To further validate the applicability of predicted voltage states for operational evalua-
tion, we adopt application-oriented metrics on the IEEE 118-bus test system with 3000 test
samples. Metrics are split into two categories. Bus-level metrics include voltage magnitude
error, phase angle error, and active/reactive power mismatches. Branch-level metrics cover
active and reactive line flow errors.

All metrics share a consistent averaging process unless stated otherwise. We first
calculate metric values for each test scenario and average the results over all samples. For
bus-level MAE, absolute residuals are averaged over relevant buses in every sample: non-
slack buses for active power and only PQ buses for reactive power. Per-sample averages
are then aggregated to obtain the final MAE.

The 95th-percentile error uses the same two-step workflow. We first extract the 95th
percentile of bus-wise residuals within each sample, then average these percentile values
across the test set. The maximum bus-level error is the largest absolute residual observed
over all buses and test samples.
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Branch flow errors follow identical averaging rules for MAE and the 95th percentile.
All branch-flow quantities are evaluated at the from-bus end, as defined by the branch ori-
entation in the MATPOWER data structure. These metrics directly quantify how surrogate
predictions influence power-flow-based security analysis.

As shown in Table 7, PI-GAT achieves a voltage-magnitude MAE of 0.000909 p.u. and
a 95th-percentile voltage-magnitude error of 0.002554 p.u., indicating that most voltage-
magnitude predictions remain accurate. At the branch level, the active and reactive branch-
flow MAEs are 13.2261 MW and 3.5935 MVAr, respectively. These results suggest that
PI-GAT preserves voltage magnitudes and branch power flow information with reasonable
accuracy for most test samples.

Table 7. Application-oriented evaluation metrics on the IEEE 118-bus test set.

Metric MAE Mean Per-Scenario P95 Maximum

Voltage magnitude error (p.u.) 0.000909 0.002554 0.071537
Voltage angle error (◦) 1.2025 3.8126 16.9823
Active-power mismatch (MW) 25.0495 87.9206 608.0801
Reactive-power mismatch (MVAr) 5.7410 18.0986 129.9013
Active branch-flow error (MW) 13.2261 56.7225 146.5554
Reactive branch-flow error (MVAr) 3.5935 14.6191 36.7699

Note: This table reports the test outcomes corresponding to random seed 2026.

The maximum errors are larger than the average and 95th-percentile values, indicating
the presence of a small number of difficult post-contingency samples. This is expected
because certain N−1 outages can cause stronger redistribution of power flows and volt-
age phase angles than typical samples. Therefore, the maximum-error values should be
interpreted as worst-case stress indicators rather than as representative errors of the overall
test distribution. For critical operating points or near-limit contingencies, the surrogate
should be used for fast screening and should be followed by conventional AC power flow
verification before final operational decisions are made.

4.5. Ablation Study

To identify the contribution of each component in PI-GAT, an ablation study is con-
ducted on the IEEE 118-bus system. The main performance comparison has already
been reported on both the IEEE 30-bus and IEEE 118-bus systems. The ablation study
is performed on the IEEE 118-bus system because it is larger and contains more buses,
branches, generators, and possible N−1 contingency scenarios. Therefore, it provides
a more challenging and representative setting for evaluating the effects of edge-aware
attention, physics-informed residual regularization, branch-status contingency encoding,
and warm-up-ramp scheduling.

As shown in Table 8, the physics-informed residual is the main factor responsible for
reducing active- and reactive-power mismatches. Compared with GAT without the physics-
informed loss, the full PI-GAT reduces the active-power mismatch from 0.6119 to 0.2585
and the reactive-power mismatch from 0.1382 to 0.0597, corresponding to reductions of ap-
proximately 57.8% and 56.8%, respectively. The comparison between node-only GAT with
the physics-informed loss and the full PI-GAT further indicates that physics-informed regu-
larization alone can already improve physical consistency, while edge-aware attention helps
maintain a more balanced trade-off between voltage prediction and physical residuals.

The branch-status ablation further shows the importance of explicitly encoding
contingency information. Removing branch-status features increases the voltage MAE
from 0.000980 to 0.001074 and increases the active- and reactive-power mismatches from
0.2585 and 0.0597 to 0.2755 and 0.0636, respectively. This confirms that branch-status
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features help the model distinguish post-contingency operating conditions within the
fixed-graph representation.

Table 8. Ablation study on the IEEE 118-bus N−1 contingency test set.

Model Voltage MAE Voltage RMSE Angle MAE (◦) P Mismatch Q Mismatch

GCN 0.000744 0.001747 1.1991 0.6461 0.1428

GAT without
physics-informed loss 0.000739 0.001405 1.1667 0.6119 0.1382

Node-only GAT with
physics-informed loss 0.000976 0.001961 1.2776 0.2381 0.0559

PI-GAT without
warm-up-ramp scheduling 0.001030 0.001832 1.2659 0.2297 0.0508

PI-GAT without
branch-status features 0.001074 0.002205 1.3022 0.2755 0.0636

Full PI-GAT 0.000980 0.001668 1.2371 0.2585 0.0597
Note: This table reports the test outcomes corresponding to random seed 2026.

The comparison between the full PI-GAT and PI-GAT without warm-up-ramp schedul-
ing shows that directly applying the physics-informed loss from the beginning of training
can further reduce the mismatch residuals in this case, but it also increases voltage and
angle errors. Therefore, the warm-up-ramp strategy is retained because it provides a more
balanced optimization process between supervised voltage fitting and physical consistency.

4.6. Sensitivity to the Physics-Loss Weight

To further examine the effect of the physics-informed loss weight, a sensitivity analysis
is conducted on the IEEE 118-bus N−1 contingency test set. The purpose of this analysis
is to evaluate how λ affects the trade-off between point-wise voltage prediction accuracy
and physical consistency. Since the supervised voltage-regression loss and the AC residual
loss have different numerical scales, a small numerical value of λ does not imply that the
physical constraint is unimportant. Instead, λ balances the gradient contributions of the
data-fitting term and the physics-residual term during training.

As shown in Table 9, increasing λ generally reduces active- and reactive-power mis-
matches, but it also increases voltage and angle prediction errors. When λ = 10−4, the
model achieves the lowest voltage MAE among the tested settings, but the active- and
reactive-power mismatches remain relatively large. Increasing λ to 10−3 and 5× 10−3

further improves physical consistency, but the voltage MAE and phase-angle MAE become
noticeably larger. Therefore, the selected setting is not chosen to minimize only the residual
mismatch. Instead, it is selected as a balanced value that substantially improves physical
consistency while avoiding excessive degradation of point-wise voltage and angle accuracy.

Table 9. Sensitivity analysis of the physics-loss weight on the IEEE 118-bus N−1 contingency test set.

Model V MAE V RMSE θ MAE (◦) P Mis. Q Mis.

PI-GAT, λ = 10−4 0.000819 0.001471 1.1990 0.3522 0.0772
PI-GAT, λ = 5× 10−4 0.000980 0.001668 1.2371 0.2585 0.0597
PI-GAT, λ = 10−3 0.001119 0.001890 1.2935 0.1856 0.0436
PI-GAT, λ = 5× 10−3 0.001451 0.002305 1.4201 0.1288 0.0344

Note: This table reports the test outcomes corresponding to random seed 2026. The bolded row represents the
hyperparameter configuration adopted for all main experiments in this paper.
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4.7. Generalization to Unseen N−1 Contingencies

To further evaluate whether PI-GAT can generalize to topology changes not observed
during training, an unseen N−1 contingency split is constructed on the IEEE 118-bus
system. Among the 166 unique N−1 line-outage types present in the IEEE 118 dataset, 116
lines (70%) were allocated to training, 24 (14.5%) to validation, and 26 (15.6%) were entirely
withheld for testing. Normal no-outage samples were split randomly across the three sets
in the standard 70/15/15 proportion. No training or validation sample contains an outage
on any of these 26 lines, ensuring that the test evaluates generalization to genuinely unseen
topological configurations. The metrics in Table 10 are calculated exclusively over the N−1
samples associated with the 26 withheld outage types.

Table 10. Results on unseen IEEE 118-bus N−1 contingencies.

Model and Split Voltage MAE Voltage RMSE Angle MAE (◦) P Mismatch Q Mismatch

GAT without physics-informed
loss, standard split 0.000731 0.001247 1.1256 0.5957 0.1331

PI-GAT, standard split 0.000963 0.001514 1.2073 0.2504 0.0573
GAT without physics-informed
loss, unseen N−1 split 0.000788 0.001321 1.1531 0.6004 0.1373

PI-GAT, unseen N−1 split 0.001006 0.001566 1.2392 0.2431 0.0593
Note: This table reports the test outcomes corresponding to random seed 2026.

As shown in Table 10, the unseen-contingency split is more stringent than the standard
random split because the tested line-outage types are not observed during training. Under
this setting, PI-GAT reduces the active-power mismatch from 0.6004 to 0.2431 and the
reactive-power mismatch from 0.1373 to 0.0593 compared with GAT without the physics-
informed loss, corresponding to reductions of approximately 59.5% and 56.8%, respectively.
These reductions are close to those observed under the standard split, indicating that the
physics-informed residual improves physical consistency not only for randomly mixed
contingency samples but also for unseen outage types.

Although PI-GAT has slightly larger voltage and angle errors than the purely data-
driven GAT baseline, it provides substantially smaller power-balance residuals, which is
important for physically reliable contingency screening.

4.8. Noise Sensitivity Analysis

To examine the robustness of the proposed PI-GAT model under measurement un-
certainty, a noise sensitivity analysis is conducted on both the IEEE 30-bus and IEEE
118-bus test sets. During testing, independent zero-mean Gaussian noise is added to the
continuous measured input features x ∈ Pload, Qload, Pren, Pgen, with standard deviation
σ = η|x|, where η ∈ {0, 0.5%, 1%, 2%, 5%}. Voltage setpoints, bus-type indicators, and
branch-status variables are kept unchanged because they represent scheduled or categorical
information rather than measured continuous quantities. The noise standard deviation is
set as a percentage of the corresponding feature magnitude. The model is trained on the
original noise-free training set and is directly evaluated under noisy test inputs, so this
experiment measures the robustness of the trained model to measurement noise rather
than retraining adaptation.

As shown in Table 11, PI-GAT exhibits stable performance under moderate measure-
ment noise. For the IEEE 30-bus system, increasing the noise level from 0% to 2% only
slightly changes the voltage MAE from 0.000956 to 0.000964 and the P mismatch from 1.40
to 1.44. A larger noise level of 5% leads to more visible degradation, with the voltage MAE
increasing to 0.001004 and the P mismatch increasing to 1.69. A similar trend is observed
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on the IEEE 118-bus system. The voltage MAE increases from 0.000919 under noise-free
inputs to 0.000924 under 2% noise and 0.000944 under 5% noise, while the P mismatch
increases from 25.26 to 25.70 and 27.72, respectively.

Table 11. Noise-sensitivity results of PI-GAT on the IEEE 30-bus and IEEE 118-bus systems under
Gaussian noise injected into continuous input features.

System Noise Level V MAE V RMSE θ MAE (◦) P Mismatch (MW) Q Mismatch (MVAr)

IEEE 30 0% 0.000956 0.001905 0.1762 1.40 0.74
IEEE 30 0.5% 0.000957 0.001905 0.1771 1.40 0.74
IEEE 30 1% 0.000957 0.001905 0.1782 1.41 0.74
IEEE 30 2% 0.000964 0.001910 0.1847 1.44 0.75
IEEE 30 5% 0.001004 0.001948 0.2262 1.69 0.81

IEEE 118 0% 0.000919 0.001483 1.2158 25.26 5.77
IEEE 118 0.5% 0.000919 0.001483 1.2196 25.30 5.77
IEEE 118 1% 0.000920 0.001484 1.2274 25.40 5.79
IEEE 118 2% 0.000924 0.001489 1.2721 25.70 5.85
IEEE 118 5% 0.000944 0.001514 1.4932 27.72 6.23

These results indicate that the proposed model has a certain degree of robustness
to moderate measurement noise in the input features. However, the degradation under
larger noise levels also shows that real-world deployment should consider measurement
uncertainty explicitly. Because all training and evaluation data are simulation-generated,
the present results demonstrate performance under controlled benchmark conditions but
do not eliminate the synthetic-to-real domain gap. Validation using SCADA, PMU, or
state-estimation data remains necessary before field deployment.

4.9. Computational Efficiency

To provide a fairer computational-efficiency comparison, we redesign the timing
protocol and separately evaluate numerical power flow solvers and PI-GAT inference
under different device and batching settings. All numerical solvers are executed using pan-
dapower with the PYPOWER backend on CPU only, since pandapower does not support
GPU acceleration. The Newton–Raphson solver is configured with a maximum iteration
number of 30 and a convergence tolerance of 1× 10−8 MVA. Voltage-angle calculation
is enabled, generator reactive-power limits are not enforced, and the convergence check
is based on the MVA mismatch. Only successfully converged cases are included in the
timing comparison.

For numerical solvers, only the pp.runpp() call is timed, while network copy-
ing, scenario perturbation, and input assembly are excluded. For PI-GAT, only the
model.forward() call is timed. Data transfer between CPU and GPU, feature standardiza-
tion, and input assembly are excluded. Graph construction, including edge_index and edge
attributes, is treated as a one-time cost for a fixed network topology and is not included
in per-scenario inference time. The timing evaluation is performed on 100 successfully
converged test scenarios after 10 warm-up runs. For batched PI-GAT inference, the batch
size is set to 64.

As shown in Table 12, PI-GAT provides clear acceleration over Newton–Raphson
power flow under both CPU and GPU inference settings. For single-scenario inference,
PI-GAT achieves speedups of 16.93× and 8.74× on CPU for the IEEE 30-bus and IEEE
118-bus systems, respectively. GPU single-scenario inference also achieves speedups of
9.59× and 8.12×, respectively. The CPU single-scenario inference is slightly faster than
GPU single-scenario inference in these benchmark systems because the graphs are relatively
small and GPU kernel-launch overhead can dominate the actual computation time.
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Table 12. Computational-efficiency comparison under different solver and inference settings.

System Method Device/Mode Time per Scenario (ms) Speedup over NR

IEEE 30 Newton–Raphson power flow CPU, single 10.8434 1.00×
IEEE 30 Fast Decoupled BX power flow CPU, single 10.9951 0.99×
IEEE 30 Fast Decoupled XB power flow CPU, single 10.9726 0.99×
IEEE 30 Iwamoto Newton–Raphson CPU, single 11.2513 0.96×
IEEE 30 PI-GAT GPU, single 1.1307 9.59×
IEEE 30 PI-GAT GPU, batch-64 0.0272 398.65×
IEEE 30 PI-GAT CPU, single 0.6406 16.93×
IEEE 30 PI-GAT CPU, batch-64 0.0665 163.06×
IEEE 118 Newton–Raphson power flow CPU, single 12.2187 1.00×
IEEE 118 Fast Decoupled BX power flow CPU, single 12.0824 1.01×
IEEE 118 Fast Decoupled XB power flow CPU, single 12.2117 1.00×
IEEE 118 Iwamoto Newton–Raphson CPU, single 12.5392 0.97×
IEEE 118 PI-GAT GPU, single 1.5052 8.12×
IEEE 118 PI-GAT GPU, batch-64 0.0475 257.24×
IEEE 118 PI-GAT CPU, single 1.3978 8.74×
IEEE 118 PI-GAT CPU, batch-64 0.4428 27.59×

Note: The speedup is computed relative to the Newton–Raphson power flow time of the same system. For PI-GAT
batch-64 inference, the reported value denotes the average per-scenario time within a batch.

The advantage of GPU inference becomes more evident in batched evaluation. With
a batch size of 64, PI-GAT reduces the per-scenario inference time to 0.0272 ms on the
IEEE 30-bus system and 0.0475 ms on the IEEE 118-bus system, corresponding to speedups
of 398.65× and 257.24× over Newton–Raphson power flow, respectively. This result
is consistent with the intended use of the surrogate model for repeated multi-scenario
assessment, where many renewable-generation, load-variation, and contingency scenarios
are evaluated under the same network topology.

It should also be emphasized that the reported PI-GAT timing corresponds to forward-
pass inference after the graph structure and model inputs are available. Therefore, the
results should be interpreted as inference-time acceleration for repeated power flow assess-
ment, rather than as a full end-to-end replacement of all data-preparation procedures. Since
the graph representation is fixed for a given benchmark network and branch outages are
encoded through edge-status features, graph construction can be reused across scenarios
and is treated as an offline or one-time preparation step.

4.10. Training Time and Scalability Discussion

In addition to online inference efficiency, the offline training time is also evaluated
because PI-GAT must be trained before deployment. Table 13 summarizes the training time
of GCN, GAT, and PI-GAT on a single GPU. The IEEE 118-bus system requires a longer
training time than the IEEE 30-bus system for all compared models because it contains
more buses, branches, and operating scenarios, and because larger model dimensions and
more training epochs are used for the larger system.

Table 13. Training-time comparison on a single GPU.

Model IEEE 30-Bus IEEE 118-Bus

GCN ∼2.6 min ∼16 min
GAT ∼3.6 min ∼34 min
PI-GAT ∼4.4 min ∼37 min

Note: Values are averaged over five independent runs.
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As shown in Table 13, PI-GAT requires approximately 4.4 min on the IEEE 30-bus
system and approximately 37 min on the IEEE 118-bus system. The increase is mainly
due to the larger graph size, larger hidden dimension, more training samples, and longer
training schedule used for the IEEE 118-bus system. Compared with GAT without the
physics-informed loss, the additional training cost of PI-GAT is moderate on the IEEE
118-bus system, increasing from approximately 34 min to 37 min. This indicates that
the physics-informed residual introduces additional computational overhead, but the
dominant cost still comes from graph neural-network training and message passing on the
larger dataset.

It should also be clarified that the number of trainable parameters in PI-GAT is not
directly proportional to the number of buses. The graph attention layers share their weights
across all buses and branches. Therefore, the parameter count is mainly determined by
the input feature dimension, hidden dimension, number of attention heads, and number
of layers, rather than by assigning independent weights to each bus. However, the com-
putational cost per epoch does increase with the number of buses and branches because
message passing is performed over more edges and the AC residual is evaluated over
more buses.

For systems with thousands of buses, the proposed framework remains conceptually
applicable because it is based on shared graph operations and fixed-graph branch-status
encoding. Nevertheless, practical deployment on such large-scale systems would require
additional engineering considerations, including sparse tensor implementation, efficient
batching over operating scenarios, graph partitioning, hierarchical message passing, and
optimized physics-residual evaluation. Therefore, the IEEE 30-bus and IEEE 118-bus
experiments should be interpreted as benchmark validation of the proposed framework,
while scaling to systems with thousands of buses is an important direction for future work.

5. Conclusions
This paper proposed PI-GAT, a physics-informed graph attention network for rapid

and physically consistent power flow assessment in power systems with high penetration of
renewable generation. By adding a bus-type-aware AC power flow residual to the training
objective, PI-GAT substantially reduces nodal power-balance mismatches, which is essential
for reliable security assessment under complex operating conditions. The edge-aware multi-
head attention mechanism allows the model to adaptively modulate neighbor influence
according to branch electrical parameters, enabling physically meaningful information
aggregation along the network topology. A warm-up-ramp scheduling strategy is further
introduced to stabilize physics-informed training, allowing the regression objective to first
establish a stable voltage approximation before the physics constraint begins to shape
the gradient.

Experiments on the IEEE 30-bus and IEEE 118-bus benchmark systems demonstrate
the effectiveness of the proposed framework. PI-GAT reduces active and reactive power
mismatch by up to approximately 62% relative to the edge-aware GAT baseline while main-
taining voltage errors within the evaluated tolerance range, with the physical consistency
advantage preserved across both normal and N−1 contingency scenarios. Furthermore,
PI-GAT achieves up to 16.93× speedup in single-scenario inference and up to 398.65×
speedup in batched inference under the reported core-inference timing protocol. These
results suggest that embedding physics constraints directly into the training objective
provides a more reliable path toward more physically consistent surrogate models than
purely data-driven approaches, particularly under distributional shift introduced by re-
newable variability and contingency events. Future work will investigate adaptive physics
loss weighting, the extension to unbalanced distribution networks within high renew-
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able contexts, and the integration of PI-GAT within broader dispatch optimization and
security-assessment frameworks.
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