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Learning-Accelerated ADMM for Stochastic Power
System Scheduling With Numerous Scenarios
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and Jochen Lorenz Cremer , Member, IEEE

Abstract—The increasing share of uncertain renewable energy
sources (RES) in power systems necessitates new efficient ap-
proaches for the two-stage stochastic multi-period AC optimal
power flow (St-MP-OPF) optimization. The computational com-
plexity of St-MP-OPF, particularly with AC constraints, grows ex-
ponentially with the number of uncertainty scenarios and the time
horizon. This complexity poses significant challenges for large-scale
transmission systems that require numerous scenarios to capture
RES stochasticities. This paper introduces a scenario-based de-
composition of theSt-MP-OPF based on the alternating direction
method of multipliers (ADMM). Additionally, this paper proposes
a machine learning-accelerated ADMM approach (ADMM-ML),
facilitating rapid and parallel computations of numerous scenarios
with extended time horizons. Within this approach, a recurrent
neural network approximates the ADMM sub-problem optimiza-
tion and predicts wait-and-see decisions for uncertainty scenar-
ios, while a master optimization determines here-and-now deci-
sions. Additionally, we develop a hybrid approach that uses ML
predictions to warm-start the ADMM algorithm, combining the
computational efficiency of ML with the feasibility and optimality
guarantees of optimization methods. The numerical results on the
118-bus and 1354-bus system show that the proposed ADMM-ML
approach solves the St-MP-OPF with 3-4 orders of magnitude
speed-ups, while the hybrid approach provides a balance between
speed-ups and optimality.

Index Terms—Stochastic multi-period optimal power flow,
ADMM, deep learning.

NOMENCLATURE

Indices and Sets
s ∈ Ωs Index for scenarios.
t ∈ T Index for time.
g ∈ Ωg Index for generators.
i ∈ V Index for nodes.
k Index for ADMM iterations.
n ∈ ΩN Index for ML data samples.
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Variables
xg Active and reactive power generation (H&N deci-

sions).
zg,t,s Active and reactive power generation (W&S deci-

sions).
λk
g,s Lagrangian multipliers.

rk, sk Primal and dual residual of ADMM.
(χk

s , y
k
s ) Input-output pair of ML model.

A,B,C Trainable linear operators for ML.

Parameters
di,t,s Nodal active and reactive net load.
x̂, ẑ Fixed value of variables x and z.
εx Exploration rate.

I. INTRODUCTION

POWER systems face significant operational challenges as
uncertain renewable energy sources (RES) replace flex-

ible dispatchable sources. The inherent stochastic nature of
RES causes fluctuations in the net load (actual demand mi-
nus RES generation), posing a challenge in maintaining the
supply-demand balance. Extensions of the optimal power flow
(OPF) optimization, notably the stochastic multi-period AC OPF
(St-MP-OPF) handle RES uncertainties [1]. However, solving
the St-MP-OPF for large-scale systems with a high share of
RES remains computationally challenging, as the computations
grow exponentially with the number of uncertainty scenarios
and the time horizon [2]. Therefore, this paper aims to accelerate
solving the St-MP-OPF using a machine learning (ML)-based
optimization proxy.

Two-stage stochastic programming (2SP) models uncertainty
realizations by generating a set of scenarios and integrating
them into the OPF formulation. When the number of scenarios
is sufficiently large, 2SP provides an accurate solution that
reflects the impact of the uncertainties [3], [4], [5]. For ex-
ample, St-MP-OPF with DC and linearized AC equations are
formulated in [6] and [7] to handle RES uncertainty. However,
such approaches [6], [7] face scalability challenges with a large
number of uncertainty scenarios. This challenge is particularly
pronounced for large-scale transmission systems with a high
RES share, demanding a multitude of scenarios to accurately
capture their stochasticity [4], [5]. Decomposition methods, such
as Benders decomposition (BD), improve the tractability of 2SP

© 2025 The Authors. This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see
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and address uncertainties in various power system scheduling
problems [8], [9], [10]. However, BD requires dual values of the
sub-problems to generate cuts, and it can exhibit non-smooth
convergence, introducing complexities for the use of ML-based
proxies.

The alternating direction method of multipliers (ADMM)
is a widely used distributed algorithm for convex optimiza-
tions [11]. [12] develops a scenario-decomposition based on
ADMM for model predictive control problems as an example
of generic 2SP; however, it faces scalability limitations with
increasing time horizons. Several ADMM-based approaches for
St-MP-OPF have been developed through geographical decom-
position [13], [14], [15], [16], [17], [18]. These approaches
decompose the original optimization into sub-areas [13], [14],
AC and DC sub-grids [15], electric and heat systems [19], and
multi-agent distribution systems [16], [17], to preserve privacy
when multiple cooperative agents (e.g., microgrid or sub-grid
operators) are responsible for their local resources [18]. How-
ever, these approaches [13], [14], [15], [16], [17], [18] are limited
in their scalability to a large number of scenarios. Addressing
this limitation, this paper proposes a scenario-based decom-
position using ADMM, and uses ML to enhance scalability
for handling a large number of scenarios with increased time
horizons.

Motivated by the need for real-time OPF solutions, recent
research has investigated supervised ML approaches to learn an
OPF optimization proxy [20]. In works such as [21], [22], a deep
neural network (DNN) predicts an estimate of the centralized
single-period OPF solution. Other works focus on feasibility
restoration with the predict-and-reconstruct approach [23], [24],
[25], [26], predicting the active set of constraints [27], [28], self-
supervised learning [29], [30], approaching the MP-OPF [31],
[32], learning integer solutions [33], [34], and constraint-driven
approach for N-k SC-OPF [35]. Several studies, such as [36],
[37], [38], [39], have explored using ML within 2SP for compu-
tational improvements. In [36], a neural network approximates
the second stage objective value but does not determine the
second stage solution. [37] learns an iterative local search policy
for the first stage solution of a combinatorial optimization,
while [38] accelerates the L-shaped method substituting ML
predictions for second stage solutions. [39] accelerate the BD us-
ing a cut classifier to identify effective cuts from sub-problems,
reducing master problem complexity.

Learning-accelerated ADMM methods for multi-agent and
regionally decentralized OPF problems are developed in [40],
[41], [42], [43]. The approaches in [41], [42] learn convergence
trajectories, and [43] learns converged dual and consensus val-
ues, which are used as high-quality warm-starts for ADMM, pro-
viding speed-ups compared to ADMM methods [13], [14], [15],
[16], [17], [18]. These Learning-accelerated ADMM methods
are advantageous for multi-agent settings, preserving regional
privacy and convergence guarantees while ensuring feasibility
through local controllers. However, our work focuses on scala-
bility challenges of uncertainty scenarios in two-stage stochastic
optimization, solved by a system operator, rather than region-
ally decentralized OPF problems. To handle numerous future
uncertain scenarios derived from a probability distribution, we

develop a statistical ML model to predict these future uncertain
decisions.

This paper proposes an ML-accelerated ADMM approach for
solving the two-stage St-MP-ACOPF problem. In this respect,
we develop a scenario-based decomposition of St-MP-OPF via
ADMM, where a master problem determines here-and-now
(H&N) decisions, and numerous sub-problems determine future
wait-and-see (W&S) decisions of the uncertainty scenarios. Ad-
ditionally, we propose an ML-based approach that significantly
accelerates the developed ADMM-based approach. A recurrent
neural network (RNN) approximates scenario sub-problems,
providing fast close-to-optimal solutions for W&S decisions;
while a master optimization solves for H&N decisions and
guides the scenario sub-problems towards a consensus. The
RNN enables the parallelization of assessing numerous sce-
narios with GPU and the consideration of long time horizons.
Moreover, the master optimization ensures physical feasibility
for H&N decisions and consensus among scenarios by incorpo-
rating optimization constraints and objective penalization, while
a differentiable repair layer ensures the feasibility of ML W&S
decision predictions. Additionally, the ML predictions are used
to warm-start the ADMM algorithm in the proposed hybrid
approach. Therefore, the proposed approach bridges the gap
between ML and optimization, harnessing the computational
efficiency of ML models alongside the feasibility guarantees of
optimization methods.

The main contributions of this paper are:
� The scenario-based decomposition of the St-MP-OPF

based on the ADMM algorithm.
� The ADMM-ML approach that significantly speeds up

the ADMM-based algorithm and facilitates scalability to
numerous scenarios and long time horizons for large-scale
transmission systems, while ensuring physical feasibility.
The ML model is trained on samples with a few scenarios
during the training phase but can be used for samples with
numerous scenarios during the testing phase.

� The proposed hybrid approach to balance speed-ups and
optimality of the solution. The hybrid approach uses ML
predictions as a warm-start for the ADMM algorithm,
enjoying the same convergence guarantees.

� The proposed ε-greedy approach to generate training data
for the developed ADMM-ML. This approach balances
exploration and exploitation to improve performance.

The paper is organized as follows. Section II introduces the
proposed ADMM-based stochastic MP-SC-OPF formulation.
Section III presents the proposed ADMM-ML and training
data generation approach. Section IV presents the case studies,
followed by conclusion in Section V.

II. DISTRIBUTED STOCHASTIC MP-OPF

A. Stochastic MP-OPF Formulation

The St-MP-OPF schedules the optimal dispatch of generators
for a given time horizon to supply the demand, while considering
the operational limits of the grid, the N-1 security criteria, and
stochastic RES uncertainties. Consider a set of scenarios s ∈ Ωs

as shown in Fig. 1. Each scenario represents one realization
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Fig. 1. Schematic of two-stage stochastic multi-period OPF on a scenario tree.

of the uncertain parameter (i.e. net load) for a time horizon of
t ∈ T . The two-stage stochastic optimization involves two sets
of decisions: 1) the here-and-now (H&N) decision for the current
time step t0, denoted by x, 2) the wait-and-see (W&S) decisions
for each stochastic scenario, denoted by z. This approach deter-
mines the H&N decision while considering all realizations of
uncertain parameters through possible W&S decisions.

Consider a transmission network with a set of nodes i ∈ V ,
and a scenario tree of uncertain nodal net load denoted by di,t,s.
The St-MP-OPF optimization problem can be written:

min
zg,t,s

∑
s∈Ωs

∑
t∈T

∑
g∈Ωg

πsfg(zg,t,s) (1a)

s.t. zg,t,s ∈ Zg (1b)

h(zt,s, di,t,s) ≤ 0 i ∈ V, t ∈ T , s ∈ Ωs (1c)

xg = zg,t0,s : λg,s g ∈ Ωgs ∈ Ωs (1d)

where zg,t,s is the dispatch of each generator g ∈ Ωg , over the
time horizon and scenarios. Indices g, i are dropped in this paper
to lighten the notation. Moreover, in the case of AC-PF, z shows
the active and reactive dispatch. The objective function (1a)
minimizes the expected operational cost of the generators, where
fg is a quadratic function. The probability of all scenarios is
assumed equal, i.e., πs = 1/|Ωs|. (1b) denotes generator con-
straints, including maximum/minimum generation, and ramping
limits. h in (1c) is a convex function representing equality and
inequality constraints of the grid. We use SOCP-relaxed AC-PF
constraints [44]. Furthermore, we introduce an auxiliary variable
for the H&N generator dispatches denoted by xg . Respectively,
the non-anticipativity constraint (1d) ensures that all scenarios
have a consensus on the H&N decision for the current time step
t0. Moreover, λg,s denotes the Lagrangian dual variable of (1d).
The detailed formulation of (1) is provided in Appendix A.

B. Scenario-Based ADMM Approach

ADMM is a distributed algorithm to solve convex optimiza-
tion problems [11]. This paper uses the consensus-based ADMM
formulation to decompose the convex stochastic optimization (1)
into scenario-based sub-problems. Note that the consensus con-
straint (1d) couples the variables of scenarios; which impedes
the distributed decomposition. The Augmented Lagrangian of
(1) can be written by relaxing (1d):

Lρ =
∑
s∈Ωs

(∑
t∈T

f(zt,s) + λs (x− zt0,s)

Fig. 2. ADMM update at iteration k of the proposed approach.

Algorithm 1: ADMM-Based St-MP-OPF.

+
(ρ
2

)
||x− zt0,s||22

)
s.t. (1b)–(1c). (2)

where ρ is a positive constant parameter. The St-MP-OPF prob-
lem can now be decomposed into scenario sub-problems. The
ADMM algorithm iteratively updates the variables in three steps,
namely the X-update, Z-update, and dual-update:

xk+1 := argmin
x

Lρ

(
x, zk, λk

)
(3a)

zk+1
s := argmin

zs

Lρ

(
xk, zs, λ

k
s

)
s ∈ Ωs (3b)

λk+1
s := λk

s + ρ(x− zs) s ∈ Ωs (3c)

Fig. 2 and Algorithm 1 summarize the ADMM-based ap-
proach for St-MP-OPF. The H&N decisionx is derived by the X-
update optimization, while the W&S decisions for each scenario
zt,s are derived by independent local Z-update optimizations. In
Line 2, the x̂k, ẑkt0,s parameters can be initialized by historical
data or solving a MP-OPF optimization for t0; while λk0

s is
initialized with zero values.

1) X-Update: Given ẑkt0,s and the Lagrangian multipliers
λk
s from previous iteration k, the X-update at iteration k + 1

proceeds by solving (Algorithm 1-L4):

min
x

∑
s∈Ωs

λk
s

(
x− ẑkt0,s

)
+
(ρ
2

)
||x− ẑkt0,s||

2
2 (4a)

s.t. h(x, dt0) ≤ 0 (4b)
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The subscripts t and s are removed from the operational vari-
ables, as the X-update only solves for the H&N dispatches at t0.
Moreover, as the scenario tree of Fig. 1 shows, the net loads of all
scenarios are equal at the current time step t0. (4b) satisfies the
operational limits of the grid. The output of the X-update (i.e.,
x) is then passed to all scenario sub-problems as Algorithm 1-L5
and Fig. 2 shows.

2) Z-Update: The Z-update optimization determines the
generator dispatches over the given time horizon for each
scenario s ∈ Ωs in a distributed manner. In Algorithm 1-L7,
considering x̂k from X-update and the Lagrangian multipliers
λk
s at previous iteration k, the Z-update at iteration k + 1 is:

min
zt,s

(∑
t∈T

f(zt,s) + λk
s

(
x̂k − zt0,s

)

+
(ρ
2

)
||x̂k − zt0,s||22

)
∀s ∈ Ωs (5)

s.t. (1c).

The Z-update optimization (5) solves for each scenario s ∈
Ωs independently. Subsequently, the Lagrangian multipliers are
updated:

λk+1
s := λk

s + ρ (x− zt0,s) ∀s ∈ Ωs (6)

The new Lagrangian values and the Z-update outputs are passed
to the next ADMM iterations as Fig. 2 shows.

The ADMM algorithm stops when it reaches the maximum
iteration kmax, or if the primal and dual residual, rk, sk, become
less than specified thresholds of εr, εs (Line 10):

rk :=
1

|Ωs|
∑
s∈Ωs

||xk − zks ||22 (7a)

sk := ||ρ(xk − xk−1)||22 (7b)

By using convex SOCP-relaxed AC equations, the ADMM
algorithm is guaranteed to converge (rk, sk → 0) as k → ∞
[11], [44].

III. LEARNING-ACCELERATED ADMM

A. Method Overview

The previous section presented an ADMM-based formulation
of the St-MP-OPF. Scenario sub-problems can be solved in
parallel to significantly speed up the ADMM algorithm and
improve scalability to a large number of scenarios. However,
the parallel implementation of ADMM with off-the-shelf solvers
like Gurobi requires many CPU cores [45]. Moreover, the com-
putations grows exponentially with the time horizon. These
factors pose challenges for near-real-time solutions of St-MP-
OPF for large-scale transmission systems that require numer-
ous scenarios. Therefore, this section presents the ADMM-ML
approach.

Fig. 3 depicts the proposed ML workflow. First, training
samples are generated based on historical data. Second, the
proposed approach in Section III-D generates a training dataset
with output labels. Third, the RNN is trained with supervised
imitation learning to approximate the sub-problem optimization

Fig. 3. Workflow of the proposed Hybrid ADMM-ML approach.

Fig. 4. The ADMM-ML approach for stochastic scheduling at iteration k.

(5). During online testing, the trained RNN provides a high
quality solution in Section III-B. This solution is then used
to warm-start the ADMM algorithm in the proposed hybrid
approach in Section III-C.

Fig. 4 presents the schematic of the proposed ADMM-ML
approach during testing. Similar to Fig. 2, the H&N dispatch of
the generators is obtained by solving the X-update optimization
(4), and then passed to the Z-update sub-problems. However,
here the Z-update optimizations (5) are replaced with an ML
optimization proxy. Given the X-update output, the Lagrangian
multipliers and the net load over the time horizon T , the trained
RNN predicts the W&S dispatch of the generators over T for
each scenario s ∈ Ωs. The dual-update step and the required
communications are the same as the ADMM Algorithm 1.

The following properties of the ADMM-ML approach pro-
vide computational speed-ups and ensure physical feasibility:
� As RNNs use simple matrix multiplications and the same

RNN is used for all sub-problems, several z-update sub-
problems can be run together in mini-batches by an RNN
forward pass.

� The recurrent structure of RNNs provides scalability to
increasing time horizons.

� As the uncertainty scenarios are drawn from the same
probability distribution, the same RNN is used for all
sub-problems. Notably, the RNN can be trained on problem
samples where each sample has a few scenarios (small
|Ωs|), and later be used for problems where each sam-
ple has many scenarios (large |Ωs|). Note that scenarios
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refer to the uncertainty scenarios s ∈ Ωs
n for each ML

sample n.
� The X-update optimization ensures the feasibility of H&N

decisions, while a differentiable feasibility restoration
layer satisfies power balance and ramping limits of W&S
decisions.

� The proposed hybrid approach leverages close-to-optimal
ML predictions to provide a high-quality warm starting
point for ADMM, enjoying the same convergence guaran-
tees while significantly reducing computations.

B. ADMM-ML Approach

1) Recurrent Neural Networks: We propose RNNs to learn
an optimization proxy, imitating the Z-update sub-problem
optimization (5). RNN is a widely used approach to capture
temporal relationships in time sequence data such as hourly
scheduling [32]. For each time step t ∈ T , the hidden state
ht ∈ RFh and the output yt ∈ RFo are calculated based on the
current input χt ∈ RFi and the previous hidden state ht−1:

ht = σ (Aχt +Bht−1) (8a)

yt = σ(Cht) (8b)

where A ∈ RFh×Fi , B ∈ RFh×Fh and C ∈ RFo×Fh are linear
operators, and σ is a pointwise non-linear function. Multiple
RNN blocks can be stacked together to capture more complex
relations.

In the case of the Z-update optimization (5) at ADMM it-
eration k, the nodal net load dt,s for a given scenario s, the
output of X-update x, and the Lagrangian multipliers λk

s are the
input features χk

s = {dt,s, xk, λk
s}t∈T . Furthermore, the output

of the Z-update optimization, i.e., yks = {zkt,s}t∈T for the given
scenario s is the output of the last layer. Therefore, the Z-update
optimization proxy Φ can be expressed as:

yks = Φ
(
χk
s

)
(9)

While we use RNNs in this paper, the proposed ADMM-ML
approach is general and can be extended to use other neural
architectures.

2) ADMM-ML Approach: Algorithm 2 details the proposed
ADMM-ML approach for the stochastic MP-SC-OPF. In com-
parison to the ADMM-based Algorithm 1, here a forward-pass
of Φ in (9) predicts the Z-update output (Line 7). Additionally,
in Line 8, a feasibility restoration layer ensures the prediction
feasibility, which is discussed in the next section. Note that the
forward pass of the RNN is done for a mini-batch of the sce-
narios. In this respect, the ADMM-ML approach can parallelize
the Z-update sub-problems, achieving significant speed-ups for
numerous scenarios. The rest of Algorithm 2 is the same as
Algorithm 1.

3) Feasibility Restoration: Supply-demand imbalances and
violations of generator ramping constraints can compromise sys-
tem security, making the feasibility of ML predictions essential
for the secure operation of power systems. To address this, we de-
velop a feasibility restoration layer (FRL) to repair ML dispatch
W&S predictions, ensuring the satisfaction of generator and
power balance constraints. The implicit differentiable layers [46]

Algorithm 2: ADMM-ML Approach.

embed the feasibility restoration within the neural architecture
and enable end-to-end training. Considering an initial dispatch
prediction {zt,s}t∈T from the RNN block as input, the proposed
FRL determines a feasible prediction z′t,s by:

z′t,s = argmin
z′
t,s

||z′t,s − zt,s||2 (10a)

s.t. z′t,s ∈ Zg (10b)

h′(z′t,s, dt,s) = 0 (10c)

where (10a) finds the feasible point z′t,s closest to zt,s. (10b)
ensures that z′t,s satisfies the ramping limits of the generator,
and (10c) satisfies the supply-demand balance. Therefore, during
the forward pass, (10) solves a simple LP to project the RNN
prediction into the feasible space, and during the backward pass,
gradients propagate through the FRL to update the RNN weights.
Moreover, the minimum and maximum generation limits are
satisfied using a Sigmoid function as the activation function of
the RNN output layer, which predicts a value between [0,1] and
then scales to [zmin, zmax].

C. Hybrid Approach (ADMM-ML-H)

Although the FRL ensures the satisfaction of the power bal-
ance and generator constraints, other PF constraints, such as line
thermal limits and voltage limits for W&S decisions in (1c), still
need to be addressed. Additionally, while the ADMM approach
is guaranteed to converge to optimality, the ADMM-ML ap-
proach lacks such assurances. We propose a hybrid approach
of ML-based Algorithm 2 and optimization-based Algorithm 1,
denoted by ADMM-ML-H. Initially, the ADMM-ML approach
is used for a fixed number of iterations to provide fast and high-
quality predictions zt,s and Lagrangian values λs. These values
are then used to warm-start the ADMM approach, which runs for
one or a few iterations. Therefore, the proposed ADMM-ML-H
approach benefits from prediction speed-ups, all constraints
feasibility, and convergence guarantees.
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Algorithm 3: Training Data Generation.

D. ε-Greedy Training Data Generation

The previous subsections presented the ADMM-ML approach
during the test phase. This section presents the training proce-
dure of the ML model.

Inspired by the ε-greedy algorithm [47], we propose a novel
approach to generate training data for the ADMM-ML approach.
The ε-greedy algorithm is commonly used in reinforcement
learning (RL). With probability ε the RL agent explores a
random action, and with probability 1− ε, it exploits the cur-
rently known best action. Trading off between exploration and
exploitation balances the learning and the performance in the
test phase [47]. Previously developed ML proxies use either
a full-exploration [21], [22], [23], [24], [25], [26], [27], [28],
[29], [30], [31], [32] or a full-exploitation algorithm [40], [41],
[43]. A full-exploration algorithm (i.e., random sampling of the
input parameters) encounters diverse samples during training
but may struggle with similarity during testing. Moreover, a
full-exploitation algorithm (i.e., sampling from ADMM iter-
ations) focuses on exploiting similar samples during training,
potentially leading to difficulties in adapting to novel situations
during testing.

We propose Algorithm 3 that explores the space around the
optimal λs values with ε-greedy exploration. εx ∈ [0, 1] is the
exploration rate. The Lagrangian multipliers for iteration k0 are
set by generating normal random values N (0, σ2), where σ2

is a pre-defined hyper-parameter (Line 4). In Line 7-11, the
X-update and Z-update optimizations are solved similarly to
Algorithm 1. Respectively,χk

s = {P d
t,s, x̂

k, λk
s}t∈T are stored as

input features, and yks = {ẑkt0,s}t∈T values are stored as output
labels for the Z-update ML proxy (Line 12-13). Then, random
uniform values us are generated and compared with εx to decide
between exploration and exploitation. For exploration (Line 16-
18), new random values are generated for Lagrangian multipliers
of the next ADMM iteration k + 1. Whereas for exploitation
(Line 19-21), Lagrangian multipliers are updated based on (6).
The Algorithm 3 starts with full-exploration (εx = 1) in the first
iteration, but gradually decays over ADMM iterations with Δεx
until it reaches a minimum exploration rate εmin

x (Line 22). The
training data generation algorithm is run for all data samples of
n ∈ ΩN for a specified number of ADMM iterations kmax.

Given a training dataset of input-output values {(χk
s , y

k
s )} for

the Z-update optimizations, the RNN is trained with supervised
learning using backpropagation on a loss function over the
training dataset ΩN . The trained RNN is used during the testing
phase according to Algorithm 2. Notably, the RNN is trained on
samples with small Ωs, and tested on samples with large Ωs.

IV. CASE STUDIES

A. Settings and Test Networks

The case studies are performed on the IEEE 118-bus, and
the PEGASE 1354-bus transmission networks [48] for two St-
MP-OPF formulations: 1-St-MP-SC-DCOPF considering DC
PF, 2-St-MP-ACOPF considering AC PF equations with SOCP
relaxation [44]. The critical contingency set Ωc for the SC-
DCOPF is obtained offline by performing a contingency screen-
ing assuming 20% additional demand than the nominal demand.
The hourly load demand and wind profile of the Netherlands
in 2015 are obtained from publicly-available data in [49], [50]
to generate |ΩN | = 8˜K net load samples. 10 wind farms of
size 50MW (100MW) are added to the IEEE 118-bus (PEGASE
1354-bus) networks [51]. Stochastic hourly scenarios for a time
horizon T = 24 hours are generated using ARIMA models [3]
with StatsModels package [52]. Moreover, the hourly profiles
are scaled to the nominal values of the benchmark networks
in addition to a ±10% random uniform noise. See Appendix B
for details on the scenario generation algorithm. The samples are
then randomly split between training, validation and testing with
70%-10%-20% ratio. For each training sample n, |Ωs

n| = 10
uncertainty scenarios are generated and used in Algorithm 3, to
generate the training dataset. However, for each testing sample
n′, |Ωs

n′ | =100-1000 scenarios are generated and solved based
on Algorithm 2, investigating the scalability of the proposed
ADMM-ML approach. Note the difference between sample and
scenario. Sample n ∈ ΩN refers to each training or testing
sample n, while scenarios refer to the stochastic uncertainty
scenarios s ∈ Ωs

n for each sample n. Therefore, testing samples
with |Ωs| = 100 does NOT mean 100 test samples, rather it
means each test sample considers 100 uncertainty scenarios.

The AC-OPF and the DC-SCOPF problems are modelled in
Pyomo [53] and solved with Gurobi [45]. The ADMM stopping
criteria εr = εs = 10−4 and ADMM step ρ = 0.01 are assumed.
Moreover, the BD model stops when the optimality gap reaches
0.01%. Sbase = 100MW is assumed for per-unit calculations.
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The RNN model is implemented with PyTorch package [54],
with 3 hidden layers, fh = 64, ReLU activation functions, and
Sigmoid function for the last layer. The mean squared error
(MSE) is used as the loss function during training. All models
are trained with the Adam optimizer with 16 mini-batches, 50
epochs, 10−3 learning rate. The hyper-parameters are selected
through local tuning on the validation dataset, based on MSE
loss on MP-OPF prediction task. The mini-batch size of 100
(1000) is considered during the testing phase of the 118-bus
(1354-bus) system. The numerical experiments are run on the
DelftBlue supercomputer with 32GB RAM and NVIDIA V100S
GPUs with Python 3.9 [55].

The following models are compared to investigate the efficacy
of the proposed approach for the St-MP-OPF:
� Central optimization (CO): this baseline solves the St-MP-

OPF in a single optimization. This is the ground truth that
the accuracy of other models is compared with.

� Benders decomposition (BD): this baseline solves the St-
MP-OPF using a scenario-based multi-cut Benders decom-
position [8].

� ADMM: the proposed ADMM-based Algorithm 1.
� ADMM-ML: the proposed Algorithm 2, integrating

ADMM and the RNN model with feasibility restoration
layer.

� ADMM-ML-H: the proposed hybrid approach, where the
output of the ADMM-ML model warm-starts the ADMM
model that runs for one step.

When reporting the computational time of distributed opti-
mization approaches (BD and ADMM), scenario sub-problems
are assumed to be solved in parallel. Therefore, the computa-
tional time is t =

∑
k(t

x
k +maxs∈Ωs(tzs,k)), where txk, t

z
s,k are

the computational times of the X-update and Z-update subprob-
lem in iteration k, respectively. We assume 50 CPU cores to en-
sure a fair comparison between ADMM and ADMM-ML, as the
latter relies on GPU-accelerated computations, while ADMM
achieves speed-ups through parallelization of sub-problems.
Although we implement ADMM sequentially due to hardware
limitations, we report results equivalent to parallel computation
with 50 cores, reflecting a realistic setup.

B. Scalability to Scenarios With Distributed Optimization

Fig. 5 investigates the scalability issues of CO and distributed
optimization models (i.e. BD and ADMM) to the number of
scenarios. Fig. 5 presents the computational time of the models
when solving St-MP-SC-DCOPF with 1 to 1000 scenarios in
the IEEE 118-bus system. The computational time of the CO
exhibits exponential growth, reaching a point where the solution
for CO with |Ωs| = 1000 scenarios is intractable. The CO for
|Ωs| = 1000 scenarios was run on a system with 128GB RAM
and encountered an out-of-memory error. In contrast, the BD
and ADMM demonstrate better scalability to the number of
scenarios, as they apply a scenario-based decomposition and
solve scenario sub-problems in parallel. However, the increase in
computation time for 1000 scenarios is due to the assumption of
50 CPU cores, which leads to 20 batches of sub-problems. while
the BD and ADMM enable solving for numerous scenarios,

Fig. 5. Computational time of different models to solve St-MP-SC-DCOPF
with 1 to 1000 scenarios on the 118-bus system. The CO solution for |Ωs| =
1000 is intractable, and thus interpolated.

Fig. 6. Convergence of ADMM and BD models in solving the St-MP-SC-
DCOPF with |Ωs| = 100 on the 118-bus system.

TABLE I
CONVERGENCE PERFORMANCE ON THE 118-BUS SYSTEM (IN PU)

they still require many CPU cores for parallel computations.
This limitation motivates using ML approaches to facilitate
parallel computations on GPU and provide better scalability to
the number of scenarios.

C. ADMM Convergence Analysis

Fig. 6 and Table I provide a comparison of the convergence
performance between the ADMM and BD in solving St-MP-
SC-DCOPF samples with |Ωs| = 100 on the IEEE 118-bus
system. Ten random data samples are executed for 50 iter-
ations. Fig. 6 shows the MSE loss of the solution obtained
by the ADMM and BD over iterations, with respect to the
ground truth of CO. The convergence rate is defined as cr =
(log(eimax)− log(ei0))/ log(imax), where ei is the MSE loss
at the i-th iteration. The BD solutions change more abruptly
between iterations due to the added cuts, which can introduce
complexities to ML-based proxies. In contrast, ADMM shows a
faster and smoother convergence due to objective penalization,
making it more suitable for ML-based proxies.
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TABLE II
COMPUTATIONAL TIME, OPTIMALITY GAP, AND ACCURACY RESULTS FOR

ST-MP-SC-DCOPF ON THE 118-BUS SYSTEM TEST SAMPLES WITH

|Ωs| = 500

Fig. 7. Computational time of ADMM and ADMM-ML for different time
horizons T .

D. ADMM-ML Accuracy and Computational Time

Table II presents the computational time, optimality gap, and
accuracy of different models on testing samples of St-MP-SC-
DCOPF with |Ωs| = 500, |T | = 24 for the 118-bus system.
The proposed ADMM model reduces computational time by
one order of magnitude compared to the CO model; however,
it remains insufficient for real-time operations, particularly in
large-scale systems. Moreover, the ADMM model computes the
Z-updates in 10 batches of 50 scenarios, leading to scalability
issues with numerous scenarios. The proposed ADMM-ML
model significantly reduces the computational time by 2.5 orders
of magnitude, with a minor 0.6% optimality gap and 0.1 pu MAE
error. Additionally, the proposed ADMM-ML-H offers a balance
between time and accuracy. By using the ADMM-ML predic-
tions to warm-start the ADMM, the ADMM-ML-H achieves
an optimality gap of 0.02% and MAE error of 0.03%, with an
order of magnitude speed-up compared to ADMM. Therefore,
we recommend the ADMM-ML model when fast solutions are
essential, and the ADMM-ML-H model when the optimality and
feasibility of the solution is preferred.

Fig. 7 investigates the scalability of ADMM and ADMM-ML
with respect to the time horizon |T | on testing samples of St-MP-
SC-DCOPF with |Ωs| = 500 for the 118-bus system. The com-
putational time of ADMM exhibits exponential growth as |T |
increases. In contrast, the computational time of ADMM-ML
remains relatively constant, as the RNN efficiently determines
the Z-update solutions over T .

E. ML for MP-OPF Prediction

Table III compares SOCP-relaxed AC-OPF with several neu-
ral architectures for MP-OPF prediction over a 24-hour period on

TABLE III
PERFORMANCE COMPARISON OF NEURAL ARCHITECTURES FOR MP-OPF

OVER A 24-HOUR HORIZON ON THE 118-BUS SYSTEM

the IEEE 118-bus system. The following models are compared:
feed-forward neural network (FNN), graph convolutional net-
work (GCN), recurrent neural network (RNN), long short-term
memory (LSTM), and the proposed RNN-FR with the feasibility
restoration layer. While the RNN and LSTM are comparable
with the FNN in terms of accuracy and optimality gap, the RNN
and LSTM exhibit improved feasibility for ramp constraints, as
the ignorance of inter-temporal dependencies by the FNN and
GCN models results in more constraint violations. The GCN
demonstrates poor performance with a 2.4% optimality gap,
primarily due to parameter sharing among generator nodes. The
proposed RNN-FR eliminates constraint violations and reduces
the optimality gap to 0.3%. In terms of inference time, all
ML models achieve significant speed-ups of 2 to 5 orders of
magnitude compared to the SOCP optimization for the 118-bus
system. Regarding training time, the RNN and LSTM require
less training time than FNN and GCN due to their recurrent
structure. However, the FRL in RNN-FR increases the training
time, as the FRL optimization, though a simple LP, is solved on
CPU cores at each forward pass.

It is noteworthy that the proposed ADMM-ML approach is
general. While we focus on the day-ahead operational schedul-
ing of power systems, if one were to apply this approach to other
problems or datasets, the selection of the neural architecture
should be based on the specific characteristics of the problem or
datasets.

F. ML Scalability to Large Systems With Numerous Scenarios

Fig. 8 presents the primal residual rk of the ADMM-ML
model on testing samples of St-MP-SC-DCOPF with |Ωs| =
1000 for the 1354-bus system. Notably, solving the St-MP-SC-
DCOPF on a 1354-bus system with 1000 uncertainty scenarios
over a 24-hour horizon is highly time-consuming for the baseline
CO, BD, and the proposed ADMM model. The ADMM-ML
model efficiently provides a solution in under 5 minutes, while
the CO is intractable and the ADMM model would require
approximately 5 hours. The ADMM-ML model achieves the
stopping criteria of εr = 10−4 after 20 iterations, a value suf-
ficiently low for a consensus, ensuring no generator ramping
constraint will be violated. Moreover, the ML model here is
trained on |ΩN | = 6˜K samples with |Ωs| = 10, whereas the
testing samples consider |Ωs| = 1000. This demonstrates the
efficacy of the proposed ADMM-ML approach, which can be
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Fig. 8. The residual rk during testing of the proposed ADMM-ML model over
ADMM iterations on the 1354-bus system with |Ωs| = 1000 and |T | = 24.

TABLE IV
COMPUTATIONAL TIME, OPTIMALITY GAP, AND ACCURACY RESULTS FOR

ST-MP-ACOPF ON THE 118-BUS SYSTEM TEST SAMPLES WITH |Ωs| = 100
UNCERTAINTY SCENARIOS

trained on samples with a few scenarios, and later be used for
samples with many scenarios. This property of the proposed
model significantly reduces computations during offline date
generation, especially for large-scale system with a high RES
share.

G. Application to AC-OPF

Table IV presents the computational time, optimality gap,
and accuracy of different models on testing samples of St-MP-
ACOPF with |Ωs| = 100 for the 118-bus system. The accuracy
of each model is determined by comparing the active generation
against the solution of CO with AC-PF equations. Models re-
lying on DC approximation significantly reduce computational
time by orders of magnitude; however, the DC approximation
results in high optimality gaps of 17% and MAE errors of 0.4
pu. The proposed AC-ADMM model significantly reduces the
optimality gap and error to negligible values, with x60 speed-
ups compared to CO. The proposed AC-ADMM-ML model
improves computational time by ×103.6 to only 7 seconds,
with a minor optimality gap of 1.6% and an MAE error of
0.1 pu. Furthermore, the proposed AC-ADMM-ML-H improves
the optimality gap to 0.7% and the MAE error to 0.1 pu, with
×500 speed-up compared to the CO, offering a balance between
time and accuracy. These results underscore the computational
efficiency of the ADMM-ML model, especially for large-scale

Fig. 9. The primal residual rk during training data generation: (a) without
exploration, (b) with the proposed exploration algorithm.

Fig. 10. The primal residualrk during testing for the ADMM and two ADMM-
ML models: (a) trained on the dataset without exploration, (b) trained on the
dataset with the proposed exploration algorithm.

systems with numerous uncertainty scenarios, where its advan-
tages become even more pronounced.

H. Training Data Generation

Figs. 9 and 10 investigate the efficacy of the proposed training
data generation Algorithm 3 on the IEEE 118-bus system. To
this end, two distinct training datasets, labelled (a) and (b) are
generated by solvingΩN samples of the St-MP-SC-DCOPF with
|Ωs| = 10 scenarios for 30 ADMM iterations. Dataset (a) uses
a data generation algorithm without exploration (i.e., εx = 0),
whereas dataset (b) employs the proposed data generation al-
gorithm with an exploration-exploitation trade-off. For dataset
(b), the exploration rate is initially set to εx = 1, and gradually
decayed by Δεx = 0.05 over 20 iterations, reaching εmin

x = 0
when only exploitation is performed.

Fig. 9 presents the primal residual rk over ADMM iterations
during training procedure of both datasets. Dataset (a) achieves
significantly low values of rk, while dataset (b) initially explores
the input space for the first 20 iterations, resulting in higher
values of rk. Subsequently, full exploration starts after the 20th
iteration, leading to lower rk values.

Furthermore, two RNNs are trained for the ADMM-ML ap-
proach: model (a) trained on dataset (a) without exploration, and
model (b) trained on dataset (b) with the proposed exploration
algorithm. It is noteworthy that, although the RNNs are trained
on |ΩN | = 6˜K samples with |Ωs| = 10 scenarios, they are
tested on samples with |Ωs| = 100 scenarios. Fig. 10 presents
the primal residual rk during testing for the ADMM model
and the two ADMM-ML models (a) and (b). The ADMM-ML
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model (a) diverges after a few iterations due to insufficient
exploration during the training (a). Inaccurate predictions of
model (a) during testing lead to λ values that the RNN has not
encountered during training, triggering a positive feedback loop
with further inaccurate predictions. In contrast, the ADMM-ML
model (b) effectively adapts to these testing samples, achieving
consensus and mitigating the impact of deviations in its pre-
dictions. Furthermore, the mean values of rk for the ADMM-
ML (b) closely follow the mean values of the ADMM. This
showcases the adaptability and effectiveness of the proposed
exploration-exploitation trade-off in improving the robustness
of the ADMM-ML during the testing phase.

I. Discussion

The presented case studies demonstrate promising results for
the proposed ML-accelerated ADMM-based model approaching
the St-MP-OPF with convex AC constraints. The scenario-based
decomposition using ADMM enables scalability to a large num-
ber of uncertainty scenarios and shows comparable convergence
to the BD baseline. The proposed ADMM-ML approach signif-
icantly accelerates computations by ×103.6 with a minor 1.6%
optimality gap, while the proposed hybrid approach (ADMM-
ML-H) reduces the optimality gap to 0.7%, offering a balance
between speed and optimality. The ADMM-ML speed-up is par-
ticularly pronounced for the large-scale 1354-bus system with
1000 uncertainty scenarios, where the ADMM-ML approach
provides a solution in just a few minutes. Additionally, as the
stochastic scenarios are drawn the same probability distribution,
the RNN can be trained on training samples that each have a
few uncertainty scenarios (small |Ωs|), and later be used for
testing samples that each have numerous uncertainty scenarios
(large |Ωs|). Moreover, the proposed ε-greedy exploration en-
hances learning performance. Thus, the proposed ADMM-ML
approach enables near-real-time solving of the St-MP-OPF with
AC constraints on large-scale systems requiring many stochastic
scenarios to fully reflect the impact of RES uncertainties. This
is a fundamental step forward towards the real-time stochastic
scheduling of industry-scale power systems, which is essential
for meeting market clearing requirements.

In comparison to other decomposition approaches, the
smoother convergence of ADMM without requiring dual values
makes it suitable for integration with ML proxies; however, the
ADMM-ML approach can be extended to other decomposition
techniques with faster convergence rates. In comparison to other
ADMM [13], [14], [15], [16], [17], [18] and ML-accelerated
ADMM approaches [40], [41], [42], [43], which focus on re-
gionally decentralized OPF problems, our work is tailored to
addresses the scalability challenges of uncertainty scenarios
in two-stage stochastic operational scheduling. Similarly to
non-intrusive ML approaches in [41], [42], [43] where ML
warm-starts ADMM, our hybrid ADMM-ML-H approach pro-
vides convergence to optimality guarantees and explainability
for operators. Additionally, in our ADMM-ML approach, the
H&N decisions (applied to the system) are derived through
optimization to ensure system operator guarantees, while the
uncertain future W&S decisions are approximated by ML. In

practice, the proposed approach can integrate with a rolling
horizon predictive control (RHPC) framework, where H&N
decisions are applied step-by-step as the horizon advances;
while also addressing practical aspects such as data integration
(combining diverse data sources and preparing scenario-based
data), re-training with newly available data, and aligning with
market requirements.

However, some limitations of the approach can be noted. The
proposed ADMM-ML approach uses RNNs to learn the map-
ping between net load and generator output for a fixed network
topology, whereas network topology is frequently changing in
power systems [56]. Topology-aware convolutional [57], [58]
and graph neural networks with re-training [59] and transfer
learning [60] can be used to optimize the ML model for samples
with topological changes. Additionally, this work focuses on
day-ahead operational scheduling, but the proposed ADMM-
ML approach is general and can be adapted to other problems
or datasets, such as those with long-term dependencies, by
selecting neural architectures suited to their specific characteris-
tics. Furthermore, although the training data generation is done
offline and each training sample has a small |Ωs|, generating
the training dataset still imposes significant computations. Self-
supervised approaches may address this limitation. Moreover,
future work can explore strategies to reduce ML model training
time by improving the efficiency of optimization layers within
the training loop.

While ADMM is guaranteed to converge to optimality, the
ADMM-ML approach does not offer the same assurance. This
challenge may arise during testing due to distribution shifts
of the λ values. This challenge is also highlighted as the pro-
posed ε-greedy data generation algorithm outperforms a data
generation algorithm without exploration. Relying solely on
ML predictions also poses security risks [61]. To address these
challenges, we propose the hybrid approach, which uses ML
predictions to warm-start ADMM, offering the same conver-
gence and feasibility guarantees. Nevertheless, the ADMM-ML
approach can be further developed in the future to improve
robustness to distribution shifts. For instance, i) clipping mech-
anisms, such as in proximal policy optimization (PPO) [62],
can limit the Lagrangian update and prevent distribution shifts
during testing phase, and ii) distribution shift bounds used for
imitation learning [63], can learn a policy guaranteed to perform
well under its induced distribution of states.

V. CONCLUSION

As power systems become more complex with an increasing
share of renewables, this paper proposes an ML-accelerated
ADMM approach to provide fast and high-quality solutions
for stochastic multi-period AC OPF (St-MP-OPF) optimiza-
tion with numerous scenarios. We develop a scenario-based
decomposition using ADMM and propose the ADMM-ML ap-
proach, where an RNN approximates the ADMM sub-problem
optimizations. This approach enables rapid and parallel com-
putations of numerous scenarios by using an RNN to predict
W&S decisions, while a master optimization determines the
H&N decisions. Additionally, we propose a hybrid approach
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that uses ML predictions to warm-start the ADMM, maintaining
feasibility and optimality guarantees. The proposed ADMM-ML
approach significantly accelerates computations by ×103.6 with
a minor 1.6% optimality gap for the 118-bus system with AC
constraints, while the proposed hybrid approach improves the
optimality gap to 0.7%, offering a balance between speed and
optimality. Case studies on the challenging 1354-bus system
with |Ωs| = 1000 uncertainty scenarios further demonstrate the
scalability of the ADMM-ML approach to large-scale systems
with numerous scenarios. This work, for the first time, provides
a near-real-time solution for the St-MP-OPF on industry-scale
power systems with numerous uncertainty scenarios and AC
constraints, paving the way towards sustainable power systems
with a high share of renewable sources. Future works should
explore self-supervised ML approaches, addressing input dis-
tribution shifts in ML-based optimization proxies, topology
adaptivity, extending to other scheduling problems, other PF
formulations, and other distributed optimization methods.

APPENDIX A
STOCHASTIC AC MULTI-PERIOD OPTIMAL POWER FLOW

FORMULATION

The detailed formulation of the St-MP-ACOPF problem in
(1) is presented here. Equations (1a), (1b), (1d) can be written:

min
∑
s∈Ωs

∑
t∈T

∑
g∈Ωg

πscgpg,t,s (11a)

pg ≤ pg,t,s ≤ pg g ∈ Ωg, t ∈ T , s ∈ Ωs (11b)

qg ≤ qg,t,s ≤ qg g ∈ Ωg, t ∈ T , s ∈ Ωs (11c)

rg ≤ pg,t,s − pg,t−1,s ≤ rg g ∈ Ωg, t ∈ T , s ∈ Ωs (11d)

pg = pg,t0,s : λg,s t = t0, g ∈ Ωg, s ∈ Ωs (11e)

where cg is the cost coefficient of generators, and pg, qg show
the active and reactive generation. (11b), (11c) limit active and
reactive generation output, and (11d) limits the upward and
downward ramping. (11e) is the non-anticipativity constraint
in (1d).

The SOCP-relaxed AC-PF constraints (1c) are as follows,
which apply to i ∈ V, t ∈ T , s ∈ Ωs :

∑
g∈Ωg

i

pg,t,s − dpi,t,s =
∑
ij∈Ei

(fp
ij,t,s − rij lij,t,s) (12a)

∑
g∈Ωg

i

qg,t,s − dqi,t,s =
∑
ij∈Ei

(fq
ij,t,s − xij lij,t,s) (12b)

(fp
ij,t,s)

2 + (fq
ij,t,s)

2 ≤ vi,t,slij,t,s ij ∈ Ei (12c)

vi,t,s − vj,t,s = 2
(
rijf

p
ij,t,s + xijf

q
ij,t,s

)
−
(
r2ij + x2

ij

)
lij,t,s ij ∈ Ei (12d)

− Sij
2 ≤

(
fp
ij,t,s

)2
+
(
fq
ij,t,s

)2 ≤ Sij
2

ij ∈ Ei (12e)

− vi ≤ vi,t,s ≤ vi (12f)

Algorithm 4: Scenario Generation.

wheredp, dq are nodal active and reactive net loads, v is the nodal
squared voltage magnitude, fp, fq, l are active, reactive power
flows and squared current of lines ij ∈ E . Equations (12a), (12b)
present the nodal active and reactive power balance. The SOCP-
relaxed AC-PF equations for line flows are presented in (12c)–
(12d), where r, x are the line resistance and reactance. (12e)
shows the line thermal limit, and (12f) limits voltage violations.
The DC OPF equations can be derived by discarding the reactive
power, i.e., qg = dq = fq = 0, and assuming rij = 0, vi = 1.0.
The DC PF equation for line flows can be written as fp

ij = (θi −
θj), where θ is the nodal voltage angle.

APPENDIX B
SCENARIO GENERATION

In this paper, stochastic hourly scenarios are generated using
ARIMA models [3] with the StatsModels package [52]. We use
the hourly load demand and wind profile data of the Netherlands
from 2015, obtained from publicly available sources [49], [50].
Algorithm 4 presents the scenario generation procedure.

The algorithm begins with the historical net load consumption
data ht′ , where t′ ∈ T represents the time steps corresponding
to training samples (i.e., |T | = 8760). The time horizon T = 24
hours, and the number of scenariosΩs are set. The historical data
ht′ is divided into monthly segments hm

t′ , to remove seasonal
trends. For each month m, an ARIMA model fθ is fitted to
the monthly data. For each sample t′, the simulate function of
the StatsModels package is then used to generate the required
number of scenarios starting from t′ to |T | steps in the future. The
scenarios are filtered to remove any outliers. The anchor point
then moves to the next sample t′+ = 1. Finally, the generated
scenarios for total net load are scaled to the test grid to match
the nominal loads, followed by adding random noise to simulate
a more realistic grid dataset.
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