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Abstract—The increasing integration of renewable energy
sources (RES) and the inter-temporal constraints of generation
units necessitate real-time solutions to the AC multi-period
optimal power flow (MP-OPF) problem. RES exhibit spatio-
temporal correlations due to their geographically distributed
nature and time-varying generation patterns. This paper pro-
poses a novel graph recurrent neural networks (GRNN)-based
approach to learn an optimization proxy for the AC MP-OPF
problem. The proposed approach: (i) uses a graph attention
mechanism to extract grid topology features, enhancing scala-
bility for larger networks and improving topology adaptiveness;
(ii) uses a recurrent structure to capture temporal correlations,
and enable scalability for longer prediction horizons; and (iii)
jointly consider spatial and temporal dependencies in end-
to-end learning to improve prediction accuracy. Additionally,
a feasibility restoration layer minimizes constraint violations
during training and ensures feasibility during testing. Numerical
results on the IEEE 118-bus and PEGASE 1354-bus systems
demonstrate the superior performance of the proposed GRNN
over the baseline neural architectures, achieving up to 50%
lower prediction error, minor optimality gap of 0.5%, and 2-
4 orders of magnitude speed-ups. Under N-1 line outages, the
GRNN approach reduces the optimality gap by 4.5%, showcasing
its robustness to topology changes. These results highlight the
GRNN-FR as a promising approach for real-time applications
in large-scale power networks, whether for fast warm-start
initialization or rapid solution of numerous MP-OPF instances.

Index Terms—Multi-period optimal power flow, Graph recur-
rent neural networks, Optimization proxy.

I. INTRODUCTION

The ongoing energy transition increases the share of re-
newable energy sources (RES). However, the inherent inter-
mittency and variability of RES pose significant operational
challenges. In particular, in systems with a high share of
RES, rapid fluctuations in the net load (demand minus re-
newable generation) force system operators to apply more
re-dispatching and emergency costly measures. In addition,
the growing presence of distributed energy resources (DER)
with inter-temporal constraints, such as energy storage systems
and flexible loads, increases the operational complexity of the
system. Transmission system operators use the optimal power
flow (OPF) optimization to schedule the committed resources
in the system. As the share of RES and DER increases,
the OPF problem extends to a multi-period OPF (MP-OPF)

979-8-3315-2503-3/25/$31.00 ©2025 IEEE

problem, considering inter-temporal constraints such as gener-
ator ramping limits. However, this extension would drastically
increase the computational time of finding suitable schedules
for large-scale systems [1], [2].

Recent research has used supervised machine learning (ML)
to learn the mapping between net load input and generation
output of the single-period OPF (SP-OPF) problem. Prior
works train fully connected neural networks (FNN) to directly
predict OPF solutions [3], [4], classify active sets or detect
infeasibility [5], [6], and apply feasibility correction through
post-processing, differentiable layers, or dual-based penalties
[7], [8] to improve constraint feasibility. However, methods
in [3]–[8] struggle to scale to large-scale networks and as-
sume fixed topologies, despite practical transmission systems
frequently undergoing changes [9].

Graph neural network (GNN) architectures are specifically
suited for learning graph-structured problems. Works such
as [10]–[13] use GNNs to exploit grid topology and solve
OPF and unit commitment (UC) problems. However, these
approaches do not consider the inter-temporal constraints of
practical power systems.

With the growing integration of RES and DER, inter-
temporal constraints are increasingly important in practical
system operation, requiring MP-OPF solutions for day-ahead
planning. A FNN in [14] predicts day-ahead generation,
but trains a separate model per hour, limiting its ability to
capture inter-temporal relations. [15] uses an RNN to learn
temporal dependencies, though scalability and adaptability to
topological changes remain challenges. To address this, spatio-
temporal GNNs (ST-GNNs) have been proposed to capture the
spatial structure and temporal dependencies of time-varying
graph data [16], e.g., [17] presents an ST-GNN classifier to
predict the on/off status of units in UC problems.

This paper develops a topology adaptive graph recurrent
neural network (GRNN) model to approach the MP-OPF
problem. A graph attention mechanism extracts the grid topol-
ogy information to improve topology adaptability, while the
recurrent structure captures temporal dependencies across time
steps to predict the generation output for the next 24 hours.
Despite the previous works with FNN [3]–[8], [14], GNN
[10]–[13], and RNN [15] approaches for OPF problem; to
the best of authors’ knowledge, joint consideration of spatial
and temporal information for the AC MP-OPF problem has20
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Fig. 1: The RHC-based solution algorithm for MP-OPF problem.

not been investigated before. By incorporating both temporal
and spatial features in an end-to-end learning approach, our
approach achieves better accuracy and scalability to larger
networks and longer prediction horizons. To ensure feasibility,
a restoration layer is considered to guide the training by
minimizing the power balance and ramping violations, and en-
suring feasibility during testing. Furthermore, receding horizon
control (RHC) is employed during the MP-OPF optimization
data generation to imitate a more realistic operation of the
system [18]. Instead of focusing on day-ahead prediction, we
train our model to predict for the next 24 hours at any given
time of the day, ensuring adaptability to varying load patterns.

II. MULTI-PERIOD AC OPTIMAL POWER FLOW

The MP-OPF determines the optimal dispatch of generators
for a given time horizon to supply the demand while satisfying
the operational limits of the generators and the network.
Consider a transmission network with a set of buses (nodes)
denoted by i ∈ V , and a set of lines (edges) denoted by
l ∈ E . The set of nodes with a generator are called generator
nodes and are represented by i ∈ Vg . The time horizon of the
problem is represented by t ∈ T = {t′, ..., t′ + T}, while t′

and T represent the current time step and number of time steps
in the future, respectively. The net load demand at each node
is xi,t, and the generation output is yi,t. The AC MP-OPF
optimization with SOCP relaxation [19] is written as:

min
∑

i∈Vg,t∈T
ci(yi,t) (1a)

s.t. g(yi,t) ≤ 0 i ∈ V, t ∈ T (1b)
h(xi,t, yi,t) ≤ 0 i ∈ V, t ∈ T (1c)

where the objective function (1a) minimizes the operational
cost of the generators for the time horizon T . (1b) de-
notes operational limits of the generators including mini-
mum/maximum generation and ramping limits. (1c) presents
the convex SOCP PF equations [19].

This paper uses RHC to solve the MP-OPF problem over
a period of 1 year of historical demand data to generate a
training data set for supervised ML models. Fig. 1 depicts a
schematic of the RHC-based solution algorithm. Assume the
system is operating at time t′. The RHC solver uses a rolling
time window horizon T = {t′, t′+T} to solve the problem for
the next T steps. The dispatch solution for for the next t′sh time
steps (i.e., {t′, t′+t′sh−1}) is applied, where t′sh is the number
of scheduled time steps. Then, the current time step and the
rolling window are shifted by t′ = t′+ t′sh. Now, the MP-OPF
is solved for the new time horizon T = {t′+t′sh, t

′+t′sh+T},
and the algorithm repeats until the final time step.

III. PROPOSED MP-OPF OPTIMIZATION PROXY

This section aims to learn an optimization proxy for the
MP-OPF problem. Here, we aim to learn a mapping f : x →
ŷ, where x ∈ RN×T represent a sequence of T input net
loads on a N -node network and y ∈ RNg×T represents the
corresponding sequence of Ng generator outputs.

A. Graph Convolutional Neural Network

The power grid can be modelled as a graph G = (V, E),
where nodes i ∈ V represent substations and edges l ∈ E
represent transmission lines. A layer of a GCN could be
written as follows:

ŷ = σ(H(S)x) = σ(

K∑
k=0

HkS
kx) (2)

where S is a graph shift operator (GSO) such as the adja-
cency matrix, Hk ∈ RFo×Fi is the learnable filter parameter
(convolutional filter), K is the number of shift operations (or
filter taps), and σ is a point-wise non-linear function. The GCN
uses the GSO to propagate information between adjacent graph
nodes.

B. Recurrent Neural Network

Given a sequence of Fi-dimensional data points {xt}t∈T ,
a RNN learns the mapping to a hidden state zt ∈ RFh and
output yt ∈ RFo , using the current input xt, and previous
hidden state zt−1, as shown:

zt = σ(Axt +Bzt−1) (3a)
ŷt = σ(Czt) (3b)

where A ∈ RFh×Fi , B ∈ RFh×Fh , and C ∈ RFo×Fh are
linear operators, and σ is a pointwise non-linear function.

C. The Proposed Graph Recurrent Neural Network

We propose a graph recurrent neural network (GRNN) to
learn the MP-OPF optimization proxy. GRNN can adapt the
recurrent operations of the RNN to consider the power system
graph structure [16]. Considering the inherent graph structure
and the recurrent structure of the MP-OPF data by GRNN
enables us to 1) efficiently parameterize our model for MP-
OPF problems with larger grid size and longer time horizon,
and 2) achieve higher accuracy due to better inductive biases
provided by the spatial and temporal information. Therefore,
GRNN is a suitable model for the MP-OPF problem that is
solved on large-scale power systems with spatial and temporal
dependencies.

Assume that for each time step, the net load input data
xt ∈ RFi , generator output data yt ∈ RFo , and hidden states
zt ∈ RFh could be seen as graph signals. Therefore, the hidden
state can be calculated by parameterizing the linear maps A,B
in (3a) to give the generic GRNN cell architecture written as:

zt = σ(A(Φ)xt +B(Φ)zt−1) (4)

where A(Φ) and B(Φ) are parameterized graph attention
filters with K filter taps similar to (2). Here, Φ is the attention-
learned graph, i.e., S = Φ. The graph attention mechanism
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Fig. 2: The proposed GRNN-based approach for learning the MP-
OPF optimization proxy. The GRNN layers take the current step’s
net load xt and the previous step’s hidden state zt−1 as inputs. The
output from the final GRNN layer is processed by the FNN decoder
to predict generator outputs ŷt, which are then refined by the FRL
to ensure feasibility.

provides parametric edge weights from the node features by
computing attention coefficients αij between nodes i and j:

αij = softmax(eij) (5a)

eij = σ(aT (Wxi||Wxj)) (5b)

where || denotes concatenation, W ∈ RFo×Fi is a learnable
weight matrix, and a ∈ R2Fo is a learnable attention vector
[20].

Notably, the number of learnable parameters in the filters
A(Φ) and B(Φ) do not depend on the MP-OPF time horizon
T , nor the power system grid size N . This parameter sharing
across the time and spatial dimension enables scalability to
larger power systems and longer horizons for the task of MP-
OPF prediction.

Fig. 2 presents the schematic of the proposed GRNN-based
architecture for learning MP-OPF optimization proxy. The net
load xi,t for each node i ∈ V and each time step t ∈ T is the
input feature to the first GRNN layer, i.e. Fi = 1. The GRNN
takes current step features xt and previous step hidden features
zt−1 as input and outputs the hidden state features zt. The
hidden state features have extracted the spatial and temporal
dependencies in MP-OPF data. Furthermore, a global FNN
is employed as a decoder to map the GRNN hidden state zt
into the target value of generator outputs yi,t for i ∈ Vg at
the current time step t. Therefore, the output dimension of the
FNN decoder layer is Fo = Ng .

D. Feasibility Restoration Layer

Supply-demand imbalances within power systems can trig-
ger various operational issues. Additionally, violations of
generator ramping constraints may cause generators to trip,
further compromising system security. Therefore, prioritizing
the feasibility of MP-OPF predictions takes precedence over
the pursuit of absolute accuracy and optimality to ensure
the secure operation of power systems. We use the implicit
differentiable layers in [21] to develop a feasibility restoration
layer (FRL). The FRL repairs the GRNN dispatch predictions
to satisfy power balance and ramping constraints.

Assume a total input demand of xt for t ∈ T . Given a
GRNN prediction ŷi,t, the FRL finds a feasible prediction ŷ′i,t
by solving:

min
ŷ′
i,t

LFRL = ||ŷ′i,t − ŷi,t||2 (6a)

s.t. hr
i (ŷ

′
i,t) ≤ 0 i ∈ Vg, t ∈ T (6b)

hb(xt, ŷ
′
t) = 0 t ∈ T (6c)

where hb models the total power balance equality constraint,
and hr

i denotes the generator ramping limit inequality con-
straints. The objective (6a) finds the closest feasible point to
the GRNN prediction. Additionally, to enforce the minimum
and maximum generation limits, the last output layer employs
a Sigmoid activation function, which maps outputs to the range
[0,1] and subsequently scales them to the specified limits.

Consider an MP-OPF training data set {(x, y)}Ω, including
input net loads x and the corresponding generator outputs y.
The proposed GRNN predicts outputs ŷ, and the FRL refines
outputs ŷ′. The GRNN-FR model is trained by minimizing a
loss function L(x, y, ŷ, ŷ′) over the training data set Ω:

L(x, y, ŷ, ŷ′) = Lo(y, ŷ) + λLFRL(x, ŷ, ŷ′) (7)

where Lo represents standard ML loss functions, such as mean
squared error, while LFRL is the loss function in (6). λ is a
hyper-parameter to balance the two loss terms.

IV. NUMERICAL RESULTS

A. Settings and Test Networks

The proposed GRNN-based model is tested on the IEEE
118-bus and PEGASE 1354-bus networks [22]. To provide
time-varying input demand for the MP-OPF problem, the
hourly net load profile of the Netherlands in 2021 [23] is used.
Respectively, the 8760 instances of the hourly load demand
profile are scaled down to the nominal demand values of the
IEEE networks in addition to a random noise drawn from a
Kumaraswamy(1.6,2.8) distribution with a Pearson correlation
coefficient of 0.75 to model the correlation pattern between
loads. Moreover, ramping limits of 8 hours are assumed for
generators. In order to gather instance labels, the MP-OPF
problem is solved by the RHC-based algorithm with a rolling
time horizon of T = 6, and t′sh = 4 hours. Then, random
sequences of T = 24 hours are used for training and testing.
The MP-OPF instances are modeled by Pyomo and solved
with Gurobi 10.0 in Python 3.10.

The data set is randomly divided into 70% training, 15%
validation, and 15% testing sets. ML models are implemented
using PyTorch 2.0.0 and PyG 2.5.3 in Python. The mean
squared error (MSE) is used as the loss function Lo during
training. λ = 0.01 is assumed after a hyper-parameter opti-
mization on the validation data set. All models are trained
with the Adam optimizer for a maximum of 20 epochs with
a learning rate of 10−3 and a weight decay of 10−5. Training
and testing are done on the DelftBlue supercomputer with
Intel(R) Xeon(R) Platinum 8358P CPU at 2.60GHz, 32GB
RAM, and NVIDIA V100S GPUs [24]. For case studies, all
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models are run over 5 random seeds for data shuffling and
weight initialization. The reported results are the average over
these runs. Testing accuracy is measured as the mean absolute
error (MAE) normalized by the total input load.

The proposed GRNN approach is compared with four
baseline neural architectures. The models predict for a time
horizon of T = 24 hours ahead on a N -node power system
(graph), with Ng generators. The tested approaches are:

• Gurobi: the MP-OPF optimization (1) solved by Gurobi
for a 24-hour horizon (T = 24), serving as the ground
truth.

• Gurobi-TD: the MP-OPF optimization decomposed using
a temporal decomposition and solved with a rolling time
horizon of T = 1, and t′sh = 1.

• FNN: takes a N×24-dimensional vector input demand,
and predicts a Ng×24-dimensional vector output gen-
eration. This model includes 2 FNN layers with 64-
dimensional hidden features.

• GCN: takes a 24-dimensional vector input demand over
a N -node graph. This model includes 2 GCN layers with
64-dimensional hidden features and 3 filter taps. The
output of GCN on generator nodes Vg is concatenated
with the respective generator features and passed through
a local FNN that outputs a 24-dimensional vector. Note
that the local FNN shares parameters across different
generator nodes [13].

• RNN: takes a sequence of 24 inputs of N -dimensional
load input, and predicts a sequence of Ng-dimensional
output generation. This model includes 2 RNN blocks
with 64-dimensional hidden features, followed by a FNN
to map the output to a Ng-dimensional vector.

• GRNN: takes a sequence of 24 inputs of 1-dimensional
load input over a N -node graph. We use two GRNN
layers with 64-dimensional hidden features and K = 3
filter taps. A global FNN maps the flattened output of the
GRNN cell (zt) to a Ng-dimensional vector.

• GRNN-FR: extends the GRNN model by considering a
feasibility restoration layer (FRL).

B. Prediction Accuracy and Computational Efficiency

Table I compares different models for the 118-bus and 1354-
bus networks. In the case of the 118-bus network, the proposed
GRNN effectively captures spatio-temporal correlations and
outperforms the FNN and RNN models, achieving 21% lower
MAE. In contrast, the GCN demonstrates poor performance
with a 10% optimality gap, primarily due to parameter sharing
among generator nodes, which can cause issues when genera-
tor production levels have different biases. Additionally, the
RNN and GRNN exhibit less infeasibility for balance and
ramp constraints, as the ignorance of inter-temporal dependen-
cies by the FNN and GCN models results in more constraint
violations. The proposed GRNN-FR incorporates the FRL
into the training loop via (7) to guide the GRNN towards
producing feasible predictions. As a result, the GRNN-FR
not only eliminates constraint violations during testing but
also reduces the optimality gap to 0.5%. For the 1354-bus

TABLE I: Performance comparison of models on the 118-bus and
1354-bus networks over a 24-hour horizon.

Sys Model
MAE Gap Violation (%) Time
(%) (%) Balance Ramp (sec)

118-bus

Gurobi - - - - 4.0E+00
Gurobi-TD 0.015 0.4 0 0 7.6E+00

FNN 0.101 2.5 2.4 0.2 2.6E-4
GCN 0.233 10.7 9.6 0.5 1.8E-3
RNN 0.033 0.6 1.2 0.1 2.3E-5

GRNN 0.026 0.6 1.1 0.1 9.4E-3
GRNN-FR 0.027 0.5 0 0 3.4E-2

1354-bus

Gurobi - - - - 2.2E+2
Gurobi-TD 0.001 0.0 0 0 1.5E+2

FNN 0.037 0.8 8.7 0.1 5.0E-4
GCN 0.109 1.1 11.8 1.5 4.8E-3
RNN 0.058 1.3 13.6 0.3 2.6E-5

GRNN 0.011 0.2 2.0 0.0 1.0E-2
GRNN-FR 0.018 0.3 0 0 4.1E-2

network, a similar pattern is observed in Table I, with the
GRNN effectively capturing spatio-temporal dependencies and
outperforming other models by reducing the MAE by 70%,
and the optimality gap to 0.2%. Moreover, the GRNN-FR
eliminates the constraint violations while slightly increasing
the MAE and achieving a minor gap of 0.3%.

Regarding the computational time, all ML models achieve
significant speed-ups of 2 to 5 orders of magnitude compared
to the Gurobi for the 118-bus network. Moreover, the Gurobi-
TD, which considers a temporal decomposition, even increases
computational time while yielding a 0.4% optimality gap.
For the 1354-bus system, the advantage of ML models is
even more pronounced, achieving speed-ups of 4 to 7 or-
ders of magnitude. In comparison, the Gurobi-TD achieves
only a marginal improvement in computational time for the
larger system, remaining insufficient for real-time applications.
This highlights the scalability and efficiency of the proposed
GRNN-based approach for large-scale networks.

C. Robustness to Topology Changes

The previous section investigated the effectiveness of the
ML models for the MP-OPF problem under normal operating
conditions with a fixed network topology. However, practical
power grids frequently undergo topology changes, due to
events such as maintenance, or N-1 line outages. This case
study investigates the robustness of the proposed GRNN
approach compared to other baseline neural architectures to
N-1 line outage conditions. To this end, a new training dataset
is generated, where a random non-radial line is taken out of
service in 50% of the samples. Moreover, for the FNN and
RNN models, an additional feature vector of size |E|, with one-
hot-encoding of topology changes, is appended to the input
features; whereas GCN and GRNN models use the adjacency
matrix and the attention coefficients, respectively.

Table II compares different models under N-1 line outages.
For the 118-bus network, while the FNN and RNN provided
high-quality predictions for a fixed topology in Table I, their
performance significantly drops under topology changes, with
large optimality gaps about 5% to 6%. This drop in accuracy
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TABLE II: Performance comparison of models on the 118-bus and
1354-bus networks under N-1 line outages over a 24-hour horizon.

Sys Model
MAE Gap Violation (%)
(%) (%) Balance Ramp

118-bus

FNN 0.142 6.0 6.2 0.2
GCN 0.255 6.3 5.9 0.4
RNN 0.121 5.2 5.8 0.0

GRNN 0.038 0.5 1.7 0.0
GRNN-FR 0.043 0.6 0 0

1354-bus

FNN 0.012 1.6 1.7 0.0
GCN 0.145 8.6 8.5 0.2
RNN 0.013 2.0 14.4 0.0

GRNN 0.004 0.3 1.1 0.0
GRNN-FR 0.006 0.4 0 0

is expected, as these models do not effectively consider the
topology features. The GCN faces a similar challenge as in
Table I due to the parameter sharing across nodes. In con-
trast, the graph attention mechanism of the proposed GRNN
effectively extracts graph structure information, achieving a
minor optimality gap of 0.5% and outperforming the baseline
models. Additionally, the GRNN-FR satisfies the ramping and
total balance constraints, albeit with a slight increase in the
optimality gap to 0.6%. For the 1354-bus system, the proposed
GRNN similarly outperforms the baseline neural architectures.
However, the difference in performance is less pronounced, as
an N-1 line outage in a larger grid has a relatively smaller
impact on generator dispatches compared to a similar outage
in a smaller grid.

V. CONCLUSION
This paper proposes a novel GRNN-based approach for

learning an optimization proxy for the AC MP-OPF prob-
lem with inter-temporal constraints. The proposed GRNN
model considers the inherent graph structure and the recurrent
structure of the MP-OPF data to effectively capture spatio-
temporal dependencies. Additionally, a feasibility restoration
layer (FRL) minimizes constraint violations during training
and eliminates them during testing. Numerical case studies on
the IEEE 118-bus and PEGASE 1354-bus system demonstrate
that the proposed GRNN-FR outperforms the baseline learning
models, achieving up to 50% lower MAE, a minor optimality
gap of 0.2-0.5%, and 2-4 orders of magnitude speed-ups.
Furthermore, the graph attention mechanism of the GRNN
model improves robustness to N-1 line outages, reducing the
optimality gap by up to 4.5%. These results highlight the
GRNN-FR as a promising approach for real-time applications
in large-scale networks, whether as a fast warm-start solution
or for rapidly solving numerous MP-OPF instances, such
as in stochastic optimization. However, two main limitations
remain. First, the GRNN’s transductive design limits its gen-
eralization to new power systems and cost functions. Second,
incorporating the FRL increases training time due to the
need to solve an LP in each forward pass. Future work
should explore inductive GRNN architectures and develop
more efficient training methods for better transferability and
scalability.
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