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Abstract—Solving the AC optimal power flow (OPF) problem
remains a computationally intensive task, particularly for large-
scale power networks where real-time decision-making is critical.
Traditional numerical solvers, while precise, are often too slow
for deployment in dynamic environments. Recent data-driven
approaches, including fully connected neural networks and stan-
dard graph neural networks (GNNs), have been introduced to
accelerate AC OPF predictions. However, these models typically
treat the power grid as a homogeneous graph, overlooking
the rich diversity in node and edge types, such as generators,
loads, and different transmission elements, which carry distinct
semantic roles. This limits their ability to generalize across
varying grid topologies and reduces robustness under structural
perturbations. To bridge this gap, we propose a unified frame-
work that extends conventional GNN architectures into their
relational counterparts. By allocating separate parameters for
each edge type, the relational GNN explicitly models the hetero-
geneous structure of power networks. This relational modeling
enables more accurate representation of physical interactions
within the network, leading to improved prediction performance
and stronger resilience to topology variations. Numerical results
on the IEEE 118-bus test power system demonstrate that the
proposed framework not only enhances accuracy in AC OPF
predictions but also sets a scalable path forward for future grid-
aware deep learning solutions.

Index Terms—Optimal power flow, graph neural network,
graph convolution network, graph attention network, graph
isomorphism network, relational graph neural network.

I. INTRODUCTION

Solving AC optimal power flow (OPF) problems is a critical
task in power system operations and planning, addressing both
technical constraints and economic efficiency for electrical
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utilities. Over the years, a variety of approaches have been
developed to tackle this challenge, ranging from linear and
nonlinear optimization techniques to heuristic and metaheuris-
tic algorithms [1]–[5]. Although these classical methods have
proven effective in many contexts, they often suffer from high
computational complexity, making them impractical for real-
time use and instantaneous decision-making, especially for
large-scale power grids.

In an effort to accelerate AC OPF computations, deep neural
networks (DNNs) have been explored as data-driven surrogates
for traditional solvers [6], [7]. Although DNNs can offer rapid
inference once trained, they typically struggle with scalability
across different grid topologies and sizes because of their
limited ability to encode structural and relational information
inherent in power networks. This shortcoming has motivated
a shift toward graph-based learning approaches.

The intuition of modeling power grids as graphs capable
of naturally modeling the topological structure of electrical
networks and building self-supervised graph networks to im-
itate complex algorithms [8] emerged early as a solution to
solve AC OPF problems. Graph neural networks (GNNs)
[9]–[12] followed as scalable and easy to train supervised
models that are well suited for AC OPF predictions. However,
early applications of GNNs in this domain often relied on
homogeneous graph representations, which treat all nodes
and edges uniformly. This simplification limits the ability of
the model to capture the true complexity of power systems
comprising multiple types of entities and various interactions.

To bridge this gap, recent research [13] has begun exploring
heterogeneous or relational graph representations, in which
node and edge types are explicitly modeled to capture the
semantic structure of power grids. Building on this founda-
tion, our work presents a generalized framework that extends
several well-known GNN architectures into their relational
counterparts. We benchmark these relational GNNs on a suite
of AC OPF prediction tasks under realistic power grid sce-
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narios. The results demonstrate that relational learning more
effectively captures complex interactions within heterogeneous
power networks, leading to enhanced predictive performance
and scalability compared to traditional homogeneous GNNs.

The remainder of this paper is organized as follows. Section
II details the relational variants of GNNs, motivated by the
heterogeneous structure of power grids, and presents the
proposed generalized relational framework. Section III details
the empirical study, including model training, evaluation setup,
and experimental results benchmarking the proposed models
in multiple AC OPF scenarios, followed by a discussion of
performance trends. Finally, Section IV concludes the paper
and outlines directions for future research.

II. RELATIONAL GNNS FOR HETEROGENEOUS POWER
GRID MODELING

A. Heterogeneous Topologies in Power Grids
Smart power grids are inherently heterogeneous, composed

of various types of interconnected components such as buses,
generators, loads, and transmission lines. Modeling these sys-
tems with homogeneous graphs oversimplifies their structure
and neglects the rich diversity and semantics of the entities
and their interactions.

A more representative approach involves explicitly distin-
guishing between the different types of nodes and edges
that are constructing a heterogeneous graph that captures the
structural and functional asymmetry of the grid. This enriched
graph formulation enables the learning model to extract more
meaningful patterns by focusing on entity and relation types
during message passing. However, the main challenge lies in
adapting traditional GNNs, originally developed for homoge-
neous graphs, to effectively handle this semantic richness and
complex relational structure.

Here, we present different GNN architectures that will build
the proposed variants tailored specifically for AC OPF predic-
tive tasks. Various architectures were evaluated, and the most
prominent—those demonstrating the highest performance on
benchmark tests—were selected. Each model offers a unique
inductive bias and aggregation mechanism.

B. Relational Graph Convolutional Networks
Relational graph convolutional networks (R-GCNs) [14]

address the heterogeneity challenge by introducing relation-
specific transformations during message aggregation. For each
relation type r, a separate weight matrix is used to project
neighbor features, thus encoding the distinct semantics of each
edge type. The node update rule in R-GCNs is defined as [14]:
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where N r
i denotes the set of neighboring nodes of i under

relation r, W
(l)
r is the relation-specific weight matrix, and

ci,r is a normalization constant, typically set to |N r
i |. The

self-loop term W
(l)
0 h

(l)
i ensures that the node’s own features

are retained during the update.

C. Relational Graph Attention Networks

Relational graph attention networks (R-GATs) [15] enhance
the R-GCN structure by incorporating the adaptive learning of
GAT using the attention mechanism that learns the importance
of each neighbor per relation type instead of treating all
equally. This results in a finer-grained and relation-aware
neighbor aggregation.

The attention score between node i and a neighbor j under
relation r is computed as [15]:

erij = LeakyReLU
(
a⊤r [Wrhi ∥Wrhj ]

)
(2)

where ar is a learnable attention vector for the relation
r, ∥ denotes concatenation, and Wr is the shared linear
transformation for that relation. These scores are normalized
using a softmax function as [15]:

αr
ij =

exp(erij)∑
k∈N r

i
exp(erik)

(3)

The final node representation is obtained by aggregating the
weighted neighbor features across all relation types as [15]:
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where h
(l)
i and h

(l)
j represent the feature vectors of node i

and its neighbor j at layer l, respectively. The updated node
representation h

(l+1)
i is obtained by a weighted sum over its

neighbors’ transformed features. Here, W
(l)
r is the relation-

specific weight matrix, and αr
ij is the attention coefficient for

neighbor j under relation r.

D. Unified Relational GNNs

Inspired by the effectiveness of R-GCNs and R-GATs in
capturing semantic diversity, we extend this relational message
passing paradigm to other powerful GNN architectures. Fig. 1
provides a visual overview of the generalized relational GNN
architecture that makes it easier to integrate many other
relational variants. Designing a new relational GNN essentially
involves choosing a specific homogeneous GNN variant as the
backbone of the framework and adapting its learned weights
to handle each relation type independently. This allows the
model to capture distinct relational semantics and later aggre-
gate them into a unified, relation-aware latent representation
for each node that reflects structural diversity. The modular
nature of this approach facilitates flexible component selection,
interpretability, and seamless adaptation of different GNN
architectures to heterogeneous graph settings.

In this study, we introduce relational variants of Graph-
SAGE [16] and graph isomorphism network (GIN) [17],
referred to as R-GraphSAGE and R-GIN, respectively. These
models retain the structural foundations of their base coun-
terparts, but they are adapted to process and learn from
heterogeneous relations.
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Fig. 1: General relational GNN structure. For each relation type, the message passing is computed separately, and then all
relation types are aggregated altogether to compute the final node representation.

• In R-GraphSAGE, neighbor sampling and aggregation are
performed per relation, with each type having its own
transformation.

• In R-GIN, separate multilayer perceptrons (MLPs) and
parameters are used to reflect the semantics of the relation
types in injective aggregation.

Table I details the different aspects of the selected methods.
The proposed framework allows us to systematically bench-
mark different relational GNNs in the context of smart power
grids. We believe that power grids provide the proper ground to
test the capability of these models considering the semanticity
of relations between its entities and how different relations
can express extremely different inherent meanings, making a
relational framework the most suitable.

III. EMPIRICAL STUDY

To evaluate and compare the performance of various rela-
tional GNN architectures, we conducted a series of controlled
experiments on multiple scenario types derived from public
AC OPF datasets. Each type of scenario simulates different
operating conditions in power networks, including variations
in load, generation, and topology.

A. Graph Representation and Feature Encoding

Each power grid is modeled as a heterogeneous graph
G = (V,E), where nodes V represent electrical entities, such
as generators, loads, and slack buses, and edges E correspond
to physical components, such as transmission lines or trans-
formers. The node types are encoded explicitly, enabling the
models to differentiate among functional roles in the network.

The input features for each node include power injection
values (active P and reactive Q, when applicable), and voltage
magnitudes and phase angles from a flat start or previous
scenario state. The features of the generator nodes also include
the generator capacity and setpoint information, while the load
nodes carry demand forecasts. These features are normalized
and used as input to relational GNN models, which employ
type-aware message-passing mechanisms to propagate infor-
mation across the grid structure.

B. Loss Function and Prediction Targets

All models are trained to jointly predict voltage angle (VA)
and voltage magnitude (VM) in each bus. The loss is computed
by comparing the predicted values with the ground truth values
from the power flow simulations. To ensure that the models
learn concise and meaningful representations, the loss function
integrates both bus-level and generator-level predictions:

Ltotal = Lbus + Lgen (5)

where Lbus is the mean squared error between the predicted
and actual voltage magnitudes and angles on each bus, and
Lgen captures the error in the active and reactive power
predicted at the generator nodes. This dual-target setup ensures
that the model not only fits the global voltage profile but
also pays special attention to generator output, which plays
a critical role in system balance and control.

C. Experimental Protocol

We train and test the proposed variants of GNN models
using 75 thousand scenarios of the standard IEEE 118-bus test
power grid system in [18]. We train the various models using
consistent hyperparameter, on 90% of the scenarios grouped
into batches. The training is conducted over 50 epochs for all
the models to ensure a fair comparison across architectures.

We evaluate the relational variant of each of the four most
common GNNs as well as the normal homogeneous GCN on
the remaining 10% of the case scenarios, both in standard
configuration and topologically perturbed networks that reflect
real-world changes such as line failures or network reconfig-
urations. The evaluation includes errors on the predicted VA
and VM for each scenario type. Table II summarizes the test
performance, reported as Mean Squared Error (MSE), for each
model in all scenario types. The best-performing results are
highlighted in bold.

D. Evaluation Results

The quantitative results presented in Table II demonstrate
that all relational models consistently outperform the homo-
geneous baseline in all evaluation metrics. This performance
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TABLE I: Particular Differences between Selected Methods

Model Aggregator Type Relation Parameters Permutation-Invariant Expressiveness/Cost Trade-Off

R-GCN Normalized linear sum One weight matrix Wr

per relation and a self loop
weight matrix W0

Yes Simple and fast fewer parameters
but less expressive than GAT and
GIN.

R-GAT Attention-weighted sum One weight matrix Wr

and attention vector ar
per relation (often multi-
head)

Yes More expressive (learns relative
importance per neighbor) although
slower (attention overhead).

R-GraphSAGE Pooling
(mean/max/LSTM)

One weight matrix Wr

and potential pooling pa-
rameters per relation

Yes (if using mean/max;
LSTM variant breaks
strict invariance but
is made invariant by
shuffling inputs)

Flexible: can pick a cheap mean,
mid cost max-pool, or heavier
LSTM. Mid range expressiveness.
Addictional trade-off depending on
the number of neighbors to aggre-
gate from.

R-GIN Sum + MLP One MLP (deep, multi-
layer) per relation

Yes Highest expressive power (injective
sum + MLP), but MLPs per rela-
tion increase parameters.

TABLE II: Comparison of Various GNN Models on AC OPF Prediction: Voltage Magnitude (VM) and Voltage Phase Angle
(VA) Mean Squared Errors (MSE) under Normal and Perturbed Topologies

Model VA Error (Normal) VM Error (Normal) VA Error (Perturbed) VM Error (Perturbed) Training Time
(s/epoch)

Parameters
(×10³)

Homogeneous GCN 1.2e−3 9.6e−5 3.5e−3 1.7e−4 117.60 1.5

Relational (Heterogeneous) GNNs
R-GCN 6.4e−4 3.7e−5 2.7e−3 7.4e−5 285.86 13
R-GAT 6e−4 3.5e−5 2.4e−3 8.3e−5 557.02 14
R-GraphSAGE 7.9e−4 7.3e−5 2.73e−3 1.24e−4 332.66 13.5
R-GIN 5.7e−4 5.6e−5 2.2e−3 9.3e−5 368.04 20

gain can be attributed to their abilities to distinguish between
different types of relationship within the power grid, unlike
homogeneous models that operate under a single-type edge
representation and thus fail to capture relational diversity.

Among the relational models, R-GIN achieves the strongest
performance on VA prediction, consistent with the fact that
VA depends on global power balance and long-range phase
coupling; R-GIN’s injective aggregation is well suited to cap-
turing these broad structural dependencies. In contrast, R-GAT
performs best on VM, which is driven mainly by local power
injections and immediate electrical connections—interactions
that attention mechanisms model effectively by prioritizing
the most influential neighbors. R-GCN shows the highest
robustness under perturbed topologies, as its relation-specific
transformations preserve the physical meaning of different
edge types, allowing the model to generalize reliably when
the network structure changes. Meanwhile, R-GraphSAGE
underperforms across all metrics: its mean-based aggregation
tends to oversmooth features, and its neighborhood sampling
strategy is inefficient in power networks where nodes typically
have only one neighbor of each relation type, leaving little
benefit to GraphSAGE’s sampling-based design and limiting
its expressiveness in this domain.

Fig. 2 shows a comparison of training dynamics of the
various GNN models. As illustrated in Fig. 2a, relational
models exhibit faster convergence during training as compared

to the homogeneous baseline model. Despite the additional
parameters introduced by relation-specific processing, they
achieve optimal performance in fewer epochs. This suggests
that relational GNNs are more effective in capturing the
semantic structure of the grid early in the training process,
leading to more efficient learning and ultimately improved
predictive performance. Fig. 2b shows the training loss curves
of the various relational GNN models. It is observed that all
relational models show similar behavior with a slightly more
remarkable convergence for R-GIN.

As reported in Table II, while relational models achieve
higher predictive performance, they do so at the expense
of computational efficiency. They exhibit substantially larger
parameter counts and require roughly three to five times
longer training times as compared to the homogeneous model.
This trade-off is expected, as relational architectures introduce
additional learnable parameters through their relation-specific
weight parametrization.

IV. CONCLUSION AND FUTURE WORK

This work introduced a unified framework for extending
various GNN architectures into their relational counterparts,
making them more suitable for modeling the heterogeneous
structure of power grids. A comparative evaluation showed
that the models instantiated within this framework consistently
outperform baseline homogeneous GNNs in both standard
and contingency grid configurations. Furthermore, relational
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(a) Training accuracy of the various GNN models throughout
training: Different relational models converge faster and show better
performance than homogeneous GNN. Accuracy here refers to the
R2 score calculated from the predicted voltage magnitude and angle.

(b) Training loss curves of the various relational GNN models:
All relational models show similar behavior with a slightly more
remarkable convergence for R-GIN. The calculated loss here refers
to the total loss function in (5).

Fig. 2: Comparison of training dynamics of the various GNN models.

models exhibit faster and more stable convergence during
training, highlighting their improved learning efficiency.

Although our experiments focus on the IEEE 118-bus case,
we believe that the modular relational design can extend to
larger systems; future work will test the scalability on grids
with thousands of buses. The flexibility of the proposed frame-
work facilitates the exploration of additional GNN backbones
within the context of power systems, and it supports the in-
tegration of diverse prediction targets for practical, real-world
scenarios where minimizing forecast errors is critical. We
believe that this work lays the foundation for future research
that can extend the relational paradigm to capture higher-
order, global graph interactions to achieve more expressive
and scalable representations for power systems’ analytics.
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