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1 Introduction
Optimal power flow (OPF) is a core problem in power-
system operation and planning. In its alternating-current
form, AC-OPF determines an economically efficient oper-
ating point while enforcing the nonlinear AC power-flow
equations together with generator capability limits, volt-
age bounds, reactive-power limits, and transmission con-
straints [1]. Because AC-OPF is inherently nonlinear and
nonconvex, solving it repeatedly for large-scale systems re-
mains computationally intensive, especially in settings that
demand fast or real-time decision making [2].

This challenge has become more pronounced with the
increasing penetration of renewable generation, distributed
energy resources, flexible demand, and other sources of op-
erational uncertainty. In modern grid operation, applica-
tions such as real-time energy management, market clear-
ing, contingency screening, and security assessment re-
quire the solution of large numbers of OPF instances un-
der continuously changing operating conditions. As a re-
sult, there is growing interest in learning-based surrogate
models that can approximate AC-OPF solutions with sub-
stantially lower online computational cost while preserving
acceptable accuracy and feasibility [3].

Existing learning-based AC-OPF methods may be
broadly grouped into four categories. The first category
comprises supervised regression methods that learn a direct
mapping from operating conditions to optimal solutions us-
ing standard neural networks. These approaches typically
provide very fast inference, but they treat AC-OPF as a
fixed-dimensional vector regression task and therefore do
not explicitly exploit its underlying functional structure [4].
The second category includes physics-informed methods,
which incorporate power-flow equations and operational
constraints into the training objective in order to improve
physical consistency. The third category consists of primal–
dual learning methods that jointly predict decision variables
and Lagrange multipliers, thereby capturing not only op-
timal operating points but also sensitivity and congestion
information. The fourth category, emerging from scien-
tific machine learning, is operator learning, which seeks
to approximate mappings between function spaces rather
than between finite-dimensional vectors [5, 6, 7, 8]. Al-
though these lines of research have each advanced the state
of learning-based OPF, there remains limited work that uni-
fies operator learning, primal–dual prediction, and refine-
ment within a single framework [9].

From an operator-learning perspective, AC-OPF can
be interpreted as a nonlinear mapping from distributed
operating conditions to optimal primal and dual quanti-
ties. The inputs include active and reactive power injec-
tions across the network, while the outputs comprise volt-
age states, generator dispatch, branch flows, and Lagrange
multipliers. Because these quantities are naturally associ-
ated with buses, generators, and transmission branches, the
operator-learning formulation preserves the physical and
spatial structure of the power network rather than treating
the AC-OPF problem as an unstructured vector-to-vector
mapping.

Within this perspective, Deep Operator Networks
(DeepONets) are particularly well suited to AC-OPF. A

DeepONet approximates an operator through two coor-
dinated components: a branch network that encodes the
global input function and a trunk network that evaluates the
output at specified query locations. In power systems, these
query locations correspond naturally to buses, generators,
and transmission lines. This structure offers several advan-
tages. First, it preserves the network-indexed nature of AC-
OPF inputs and outputs, rather than collapsing them into a
single fixed vector. Second, it supports the learning of solu-
tion functions evaluated at different system entities, which
aligns well with the spatially distributed character of volt-
ages, flows, and dual variables. Third, it provides a princi-
pled mechanism for approximating the underlying nonlin-
ear operator itself, rather than only fitting a discretization-
specific input–output map. For these reasons, DeepONet
offers a strong architectural match to the functional struc-
ture of AC-OPF [5, 8].

The case for predicting dual variables is equally com-
pelling. In power-system operation, dual variables carry im-
portant economic and operational meaning: they quantify
marginal costs, reveal congestion patterns, indicate bind-
ing constraints, and support sensitivity analysis. However,
most learning-based OPF studies focus primarily on pri-
mal variables. In principle, dual variables can be recovered
from an exact primal solution through the Karush–Kuhn–
Tucker (KKT) conditions, but in practice this recovery is
highly sensitive to active-set identification and to errors in
the approximate primal solution [10]. Even small inaccura-
cies in predicted primal variables can lead to incorrect ac-
tive constraints and large multiplier errors [11]. Moreover,
dual variables are often more difficult to learn directly be-
cause they may change sharply near active-set transitions
and must satisfy nonnegativity, stationarity, and comple-
mentarity conditions simultaneously [12]. These observa-
tions suggest that accurate primal–dual prediction requires
both an expressive operator-learning architecture and ex-
plicit mechanisms for enforcing optimization structure.

Motivated by these considerations, this paper casts AC-
OPF as a primal–dual operator-learning problem. Instead
of learning only a fixed vector-to-vector surrogate, the pro-
posed framework learns the nonlinear operator that maps
distributed operating conditions to distributed optimal pri-
mal and dual solutions. To realize this idea, we develop
a DeepONet-based model equipped with a differentiable
dual-completion layer and a KKT-informed training objec-
tive. Together, these components are designed to improve
physical feasibility, complementarity, and overall optimiza-
tion consistency.

The main contributions of this paper are summarized as
follows:

• A primal–dual DeepONet architecture is developed to
jointly predict generator dispatch, voltage states, branch
quantities, and the associated Lagrange multipliers within
a unified operator-learning framework.

• A differentiable dual-completion layer is introduced to
promote essential structural properties of the learned mul-
tipliers, including nonnegativity and complementarity,
thereby mitigating inconsistencies commonly associated
with direct dual regression.
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• A KKT-informed operator loss is proposed to embed the
first-order optimality conditions of AC-OPF into training,
improving physical feasibility and optimization consis-
tency compared with purely supervised learning.

The remainder of this paper is structured as follows.
Section 2 provides a comprehensive review of the ex-
isting literature regarding learning-based OPF surrogates,
physics-informed methodologies, and deep operator learn-
ing. In Section 3, the AC-OPF problem is formally cast as
an operator-learning task. Section 4 elucidates the archi-
tecture of the proposed primal–dual DeepONet, specifically
detailing the differentiable dual-completion layer and the
KKT-informed loss function. The training protocols and
inference procedures are described in Section 5. Section
6 presents an extensive numerical evaluation, including ro-
bustness and feasibility analyses, while Section 7 concludes
the paper with a summary of findings and directions for fu-
ture research.

2 Related Work and Research Gap

2.1 Emerging Machine Learning Paradigms
in Modern Power and Complex Systems

In recent years, data-driven and machine learning (ML)
methodologies have witnessed widespread adoption across
complex engineering domains, operational diagnostics, and
energy systems. In modern renewable energy and power
networks, ML paradigms have proven essential for time-
series forecasting, state estimation, and condition monitor-
ing. For instance, hybrid deep learning architectures com-
bining long short-term memory (LSTM) networks with at-
tention mechanisms have been successfully deployed for
volatile wind power forecasting [13], while advanced classi-
fication algorithms enable accurate fault detection and iden-
tification in photovoltaic (PV) arrays [14]. Concurrently,
the exploration of graph topology and spatial representa-
tions has significantly enhanced relational inference and
link prediction in networked systems [15]. Furthermore,
specialized hybrid architectures fusing convolutional, recur-
rent, and probabilistic deep models (such as CNN-RNN-
RBM networks) have demonstrated remarkable efficacy in
extracting intricate spatio-temporal dynamics from high-
dimensional signal streams [16]. Building upon these foun-
dational data-driven successes, recent research has increas-
ingly turned toward adapting deep learning models to large-
scale grid optimization and dispatch challenges, such as the
OPF problem.

2.2 Learning-Based Surrogates for Optimal
Power Flow

Machine learning has been widely investigated as a tool
for accelerating OPF by replacing repeated numerical op-
timization with fast surrogate models. A large portion of
the literature focuses on supervised learning, where models
are trained on historical or solver-generated datasets to ap-
proximate the mapping from operating conditions, such as
active and reactive load levels, to optimal generator dispatch

and network states. Representative studies have demon-
strated that neural-network-based surrogates can substan-
tially reduce computation time for DC-OPF and AC-OPF
while maintaining acceptable accuracy across many operat-
ing regimes [1, 17, 18].

Despite these advances, most existing methods formu-
late OPF approximation as a fixed-dimensional vector-to-
vector regression task. In this setting, the input is usually
represented by a stacked feature vector and the output by
a finite-dimensional solution vector. Although this formu-
lation is computationally convenient, it does not explicitly
exploit the fact that both operating conditions and OPF solu-
tions are spatially distributed over the power network. Con-
sequently, standard surrogate models may be sensitive to
changes in spatial demand and generation patterns and may
generalize poorly when predictions are required over vari-
able query locations or more structured operating scenarios
[19].

2.3 Learning-Based and Heuristic Optimiza-
tion in Modern Grid and Energy Systems

Beyond classical supervised surrogates for centralized OPF,
machine learning and advanced optimization techniques
have gained substantial traction across diverse power-grid
and energy-system operational layers. In distribution-level
decision making, reinforcement learning formulations such
as dueling deep Q-networks (DDQN) have been lever-
aged to dynamically reconfigure distribution feeders, effec-
tively mitigating power losses and voltage profile deviations
across varying load profiles [20]. Data-driven and spatial
machine-learning algorithms have likewise been employed
to optimize infrastructure allocation under spatial demand
uncertainties, including the optimal siting of electric vehi-
cle charging stations [21].

Simultaneously, heuristic and multi-objective optimiza-
tion schemes are widely utilized to coordinate complex dis-
tributed assets, such as energy hub performance schedul-
ing via improved particle swarm optimization (IPSO) [22]
and home energy management under volatile renewable in-
jections and battery storage dynamics [23]. Dynamic as-
set management and system reliability under high renew-
able penetration further rely on data-driven digital twins
for battery degradation and remaining useful life estima-
tion [24], as well as dynamic coherency analysis to sup-
port secure islanding and renewable integration [25]. While
these heuristic and specialized learning algorithms effec-
tively solve specific operational subproblems, scaling them
to system-wide AC-OPF requires scalable architectures that
can guarantee physical law satisfaction and exact mathe-
matical consistency.

2.4 Physics-Informed and KKT-Aware OPF
Learning

To improve physical consistency, several studies have aug-
mented supervised learning with penalties derived from
power-system constraints. Physics-informed approaches
commonly include residual terms associated with AC
power-flow equations, voltage limits, generator limits, and
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Table 1: Comparison of representative learning-based OPF approaches.
Method category Primal Dual KKT-aware Operator learning
Standard Learning-Based OPF surrogate [1, 18] ✓ × × ×
Physics-informed OPF learning [17, 26, 27] ✓ × Partial ×
Primal–dual OPF learning [32, 33, 34] ✓ ✓ Partial ×
Proposed primal–dual DeepONet ✓ ✓ ✓ ✓

branch-flow constraints. These formulations aim to reduce
infeasibility even when prediction errors remain nonzero.
Closely related methods incorporate optimization structure
more explicitly through primal–dual learning, Lagrangian-
based formulations, or KKT-informed objectives. In such
approaches, dual variables and optimality residuals pro-
vide additional information about sensitivities, active con-
straints, and local optimality conditions [26, 27, 28].

Although physics-informed and KKT-aware models im-
prove upon purely supervised regression, most existing
methods are still based on finite-dimensional architectures
such as multilayer perceptrons. Therefore, they do not ex-
plicitly learn the solution operator that maps distributed op-
erating conditions to distributed OPF outputs. In addition,
many methods either omit dual-variable prediction or treat
dual variables as secondary regression targets without suf-
ficient architectural mechanisms to enforce nonnegativity,
complementarity, and stationarity.

2.5 Deep Operator Learning

Deep operator learning has emerged as an effective
paradigm for approximating mappings between function
spaces. Instead of learning a single mapping between dis-
cretized vectors, operator-learning methods seek to approx-
imate the underlying operator that maps an input function
to an output function. DeepONet is a prominent architec-
ture in this area. It combines a branch network, which en-
codes observations of the input function, with a trunk net-
work, which encodes the query location at which the output
is evaluated [5, 29].

This perspective is highly relevant to OPF. Spatially
distributed active and reactive loads, renewable injections,
voltage magnitudes, branch flows, and generator outputs
can all be interpreted as functions indexed over buses, gen-
erators, or branches. Therefore, an operator-learning frame-
work is better aligned with the structure of OPF than con-
ventional black-box vector regression. However, despite
this natural connection, operator-learning methods remain
underexplored in the OPF literature, particularly for joint
primal–dual prediction.

2.6 Dual Variables and Sensitivity Informa-
tion in OPF

Dual variables are central to optimization-based power-
system analysis. In AC-OPF, multipliers associated with
equality constraints encode marginal system sensitivities,
whereas inequality multipliers indicate binding limits, con-
gestion patterns, and scarcity conditions. These quantities
are important for economic interpretation, active-constraint
identification, sensitivity analysis, and decision support

[30]. They can also support warm-starting strategies and
provide insight into the local structure of optimal operating
points [31].

From a machine-learning perspective, however, dual-
variable prediction is substantially more challenging than
primal-variable prediction. Dual variables may change
abruptly near active-set transitions, and naive regression
can produce negative multipliers, nonzero multipliers for
inactive constraints, or outputs that violate complementary
slackness. Therefore, accurate dual prediction requires ex-
pressive models as well as structural mechanisms that pro-
mote dual feasibility and KKT consistency [32, 33, 34]. Ex-
isting OPF surrogates only partially address these require-
ments, and explicit architectural treatment of dual feasibil-
ity and complementarity remains limited.

2.7 Research Gap and Position of This Work

The literature reveals three main gaps. First, most learning-
based OPF surrogates treat OPF approximation as finite-
dimensional regression rather than operator learning. Sec-
ond, many prior works focus primarily on primal vari-
ables, while dual variables are either ignored or predicted
without sufficient structural support. Third, even when
optimization-aware losses are used, complementarity and
dual feasibility are often encouraged only through penalty
terms rather than strengthened through differentiable archi-
tectural refinement.

To address these limitations, this paper formulates AC-
OPF as a primal–dual operator-learning problem and pro-
poses a DeepONet-based architecture that predicts both pri-
mal and dual variables over network locations. A differen-
tiable dual completion layer is introduced to improve non-
negativity, complementarity, and dual consistency, while a
KKT-informed loss guides the model toward physically fea-
sible and optimization-consistent predictions. To the best
of our knowledge, the combination of operator learning,
joint primal–dual prediction, and differentiable KKT-aware
dual refinement has not been systematically developed for
AC-OPF. Table 1 summarizes the position of the proposed
method relative to representative learning-based OPF ap-
proaches.

3 AC-OPF as an Operator-Learning
Problem

3.1 AC-OPF Formulation

Consider a power network defined by the bus set N , the
transmission-branch set E , and the generator-bus set S ⊆
N . For each bus i ∈ N , let vi and θi denote the voltage
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magnitude and phase angle, respectively. For each genera-
tor bus i ∈ S, let pgi and qgi denote active and reactive power
generation. The active and reactive power demands are de-
noted by pdi and qdi . The AC optimal power flow problem is
formulated as

min
{pg

i ,q
g
i ,vi,θi}

∑︂
i∈S

Ci(p
g
i ), (1)

subject to the generator operating limits

pg
i
≤ pgi ≤ pgi , qg

i
≤ qgi ≤ qgi , i ∈ S, (2)

the voltage-magnitude limits

vi ≤ vi ≤ vi, i ∈ N , (3)

and the AC branch-flow equations

pfij = gijv
2
i − vivj (gij cos θij + bij sin θij) , (i, j) ∈ E ,

(4)
qfij = −bijv

2
i − vivj (gij sin θij − bij cos θij) , (i, j) ∈ E ,

(5)
where θij = θi − θj , and gij and bij are the conductance
and susceptance of branch (i, j), respectively.

The active- and reactive-power balance equations are
imposed at each bus as

pgi − pdi =
∑︂

j:(i,j)∈E

pfij , i ∈ N , (6)

qgi − qdi =
∑︂

j:(i,j)∈E

qfij , i ∈ N . (7)

For buses without generators, pgi and qgi are set to zero.
Transmission-line thermal limits are represented by(︂

pfij

)︂2
+
(︂
qfij

)︂2
≤ (sij)

2
, (i, j) ∈ E , (8)

where sij is the apparent-power limit of branch (i, j).
The primal decision vector is defined as

x = {pgi , q
g
i , vi, θi}i∈N , (9)

where generation variables are active only on S. Let u de-
note the exogenous operating condition, including load de-
mands and renewable power injections. The AC-OPF prob-
lem can then be written compactly as

min
x

f(x;u) (10)

subject to
g(x, u) = 0, (11)

h(x, u) ≤ 0, (12)

where g(x, u) collects the equality constraints, including
active- and reactive-power balance equations, and h(x, u)
collects the inequality constraints, including generator lim-
its, voltage limits, and line-flow limits.

The associated Lagrangian is

L(x, λ, µ;u) = f(x;u) + λ⊤g(x, u) + µ⊤h(x, u), (13)

where λ and µ denote the Lagrange multipliers associated
with equality and inequality constraints, respectively. The
inequality multipliers satisfy the dual-feasibility condition

µ ≥ 0. (14)

The first-order optimality conditions are given by

∇xL(x⋆, λ⋆, µ⋆;u) = 0, (15)
g(x⋆, u) = 0, (16)
h(x⋆, u) ≤ 0, (17)

µ⋆ ≥ 0, (18)
µ⋆ ⊙ h(x⋆, u) = 0, (19)

where ⊙ denotes elementwise multiplication. These con-
ditions characterize primal feasibility, dual feasibility, sta-
tionarity, and complementarity, and they provide the basis
for the KKT-informed learning objective developed in this
work.

3.2 Operator-Learning Interpretation

Classical learning-based OPF surrogates approximate a
finite-dimensional mapping from operating conditions to
optimal decision variables. In contrast, this work views AC-
OPF as a nonlinear operator that maps a distributed operat-
ing condition to distributed primal and dual solution func-
tions. Specifically, the operating condition u(·) is treated as
a network-indexed input function, while the optimal primal
and dual quantities are treated as output functions defined
over buses, generators, and branches.

The corresponding primal–dual solution operator is
written as

G : u(·) ↦→ (x⋆(·), λ⋆(·), µ⋆(·)) . (20)

Here, x⋆(·) represents the optimal primal solution function,
while λ⋆(·) and µ⋆(·) represent the equality- and inequality-
dual solution functions, respectively.

This formulation differs from conventional vector re-
gression in two important ways. First, it preserves the
network-indexed structure of OPF inputs and outputs in-
stead of treating them as unstructured stacked vectors. Sec-
ond, it enables the model to learn the underlying solution
operator rather than only a discretization-specific input-
output mapping. This is particularly useful for AC-OPF
because loads, renewable injections, voltage states, gener-
ator outputs, branch flows, and Lagrange multipliers are all
naturally associated with physical network entities.

Accordingly, the proposed framework learns the oper-
ator G using a DeepONet-based architecture. The branch
network encodes the global operating condition u(·), while
the trunk network evaluates the learned primal–dual solu-
tion functions at specified network entities. The resulting
model produces both primal and dual predictions and is
trained using supervised solution data together with KKT-
informed residual terms that promote feasibility, stationar-
ity, dual feasibility, and complementarity.
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3.3 Input and Output Function Representa-
tion

Let ξ denote a network location or query index, such as a
bus, generator, or branch identifier. The operating condition
is represented as an input function

u(ξ) =
[︁
PD(ξ), QD(ξ), shist(ξ)

]︁
, (21)

where PD(ξ) and QD(ξ) denote active and reactive de-
mand, and shist(ξ) denotes optional historical and contex-
tual operating features.

The primal solution is modeled as the network-indexed
function

x⋆(ξ) = [P ⋆
G(ξ), Q

⋆
G(ξ), V

⋆(ξ), θ⋆(ξ)] . (22)

The dual solution associated with inequality constraints
is represented as

µ⋆(ξ) =
[︁
µ⋆
G(ξ), µ

⋆
V (ξ), µ

⋆
F (ξ), µ

⋆
u(ξ), µ

⋆
q(ξ)

]︁
, (23)

where µ⋆
G, µ⋆

V , µ⋆
F , µ⋆

u, and µ⋆
q correspond to the

generator-limit, voltage-limit, branch-flow, u-constraint,
and q-constraint inequality multipliers, respectively.

Through this viewpoint, AC-OPF is not treated as a
single fixed-dimensional input–output regression task. In-
stead, it is formulated as learning a structured operator that
maps operating-condition functions over the power network
to primal–dual solution functions over buses and branches.

4 Proposed Deep Operator Learning
Framework

This section presents the proposed learning framework for
approximating the primal–dual AC-OPF solution operator
introduced in (20). Consistent with the formulation in the
previous section, the goal is to learn the mapping from
the operating-condition function u(·) to the optimal primal
and dual solution functions. To this end, we combine a
DeepONet-based operator architecture with a differentiable
dual refinement mechanism and a KKT-informed training
objective.

4.1 Primal–Dual DeepONet Architecture

Let u(·) denote the network-indexed operating condition
defined in the previous section. In the AC-OPF setting,
u(·) may include distributed quantities such as active and
reactive power demand, renewable injections, or other ex-
ogenous operating inputs associated with buses or other net-
work entities. Depending on the output channel, ξ may cor-
respond to a bus, a generator bus, or a transmission branch.
The purpose of the proposed architecture is to approximate
the nonlinear operator that maps the input function u(·) to
the corresponding optimal primal and dual quantities eval-
uated at ξ.

To approximate this operator, we adopt a DeepONet ar-
chitecture. DeepONet is particularly suitable here because

AC-OPF is naturally defined over network-indexed func-
tions rather than unstructured vectors. In particular, the op-
erating condition is distributed over physical network en-
tities, and the outputs are likewise attached to buses, gen-
erators, or branches. A DeepONet captures this structure
through two coordinated components: a branch network
that encodes the global input function and a trunk network
that encodes the queried evaluation location. Their inter-
action produces a location-dependent approximation of the
desired solution function. This makes DeepONet a bet-
ter architectural match to the functional structure of AC-
OPF than a conventional multilayer perceptron that directly
learns a fixed-dimensional vector-to-vector map.

More specifically, the branch network receives sampled
observations of the operating-condition function over a set
of measurement or sampling locations {ξi}mi=1. These sam-
ples are encoded into a latent representation according to

b = Bθ

(︁
u(ξ1), u(ξ2), . . . , u(ξm)

)︁
, (24)

where Bθ(·) denotes the branch network and θ collects its
trainable parameters. The vector b summarizes the global
operating condition and serves as a shared latent encoding
for all subsequent output evaluations.

For a given query location ξ, the trunk network gener-
ates a location-dependent embedding

t(ξ) = Tϕ(ξ), (25)

where Tϕ(·) denotes the trunk network with trainable pa-
rameters ϕ. Whereas the branch network captures the global
operating state, the trunk network identifies where in the
network the output is being evaluated. This separation be-
tween global-context encoding and local-query encoding is
a key reason for the suitability of DeepONet in the present
setting.

The primal output is then produced through a DeepONet
fusion of branch and trunk features. Let p denote the latent
width of the corresponding operator head. The predicted
primal quantity at query location ξ is written as

x̂(ξ) =

p∑︂
k=1

bx,k tx,k(ξ) + cx, (26)

where bx,k and tx,k(ξ) denote the kth branch and trunk fea-
tures used for the primal-output channel, and cx is a learned
bias term. In this work, x̂(ξ) represents the predicted primal
solution function, whose components may include genera-
tor outputs, voltage magnitudes, voltage angles, or branch-
flow quantities depending on the queried entity and output
head.

In a similar manner, the model predicts raw inequal-
ity multipliers associated with the AC-OPF inequality con-
straints. Since inequality multipliers must satisfy the dual-
feasibility condition µ ≥ 0 as introduced in (14), the raw
multiplier output is passed through a Softplus activation:

µ̃(ξ) = Softplus

(︄
p∑︂

k=1

bµ,k tµ,k(ξ) + cµ

)︄
, (27)

where bµ,k and tµ,k(ξ) denote latent branch and trunk fea-
tures for the dual-output channel, and cµ is a learned bias.
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The Softplus activation provides a smooth approximation to
the nonnegative projection and therefore promotes, though
does not fully enforce, dual feasibility.

Collecting the branch network, trunk network, and out-
put heads, the resulting learned operator is denoted by

ΦΘ : u(·) ↦→ (x̂(ξ), µ̃(ξ)) , (28)

where Θ denotes the full set of trainable parameters. The
notation in (28) emphasizes that the model maps a dis-
tributed operating condition to predicted primal quantities
and raw inequality multipliers evaluated at network query
locations.

The overall workflow is summarized in Fig. 1. First,
the operating condition u(·) is represented as a network-
indexed input function and sampled over the power system.
These samples are processed by the shared branch network
to form a global latent representation. Next, the queried
network entity ξ is embedded by the trunk network. The
branch and trunk representations are then fused by output-
specific DeepONet heads to produce the predicted primal
variables and raw inequality multipliers. Finally, the raw
dual prediction is passed to a differentiable dual completion
layer, which refines the multipliers to improve consistency
with the KKT conditions. In this way, the model architec-
ture combines the expressive function-approximation capa-
bility of DeepONet with explicit optimization-aware refine-
ment.

4.2 Differentiable Dual Completion Layer
Although the Softplus transformation in (27) promotes non-
negative multiplier predictions, nonnegativity alone is not
sufficient for KKT consistency. As discussed in the pre-
vious section, the AC-OPF solution must satisfy not only
dual feasibility but also complementary slackness and sta-
tionarity; see (15)–(19). Direct regression of dual variables
often fails to satisfy these structural conditions, especially
near active-set transitions where the multipliers may change
sharply. To address this issue, we introduce a differentiable
dual completion layer that refines the raw multiplier predic-
tion in a constraint-aware manner.

As shown in Fig. 1, the dual completion layer takes as
input the predicted primal solution x̂ together with the raw
multiplier prediction µ̃ and produces a refined multiplier µ̂.
The refinement is guided by the inequality residuals and by
a stationarity-aware regularization term so that the final dual
estimate is more consistent with the structure of the KKT
system.

To define the refinement, recall from the compact AC-
OPF formulation that h(x, u) ≤ 0 collects the inequality
constraints. Using the predicted primal solution x̂, we de-
fine the inequality residual function as

s(ξ) = h(x̂, u)(ξ), (29)

where s(ξ) ≤ 0 indicates inequality feasibility at query lo-
cation ξ. The complementarity condition requires the prod-
uct between the multiplier and the corresponding inequality
residual to vanish, i.e.,

µ(ξ) s(ξ) = 0. (30)

Thus, a KKT-consistent prediction should lie near one of
two regimes: either the constraint is inactive, in which case
s(ξ) < 0 and µ(ξ) = 0, or the constraint is active, in which
case s(ξ) = 0 and µ(ξ) ≥ 0.

This geometric interpretation is illustrated in Fig. 2,
where the admissible primal–dual structure is concentrated
near the union of the inactive region and the active bound-
ary.

Formally, given x̂ and µ̃, the refined multiplier is de-
fined as the approximate solution of the following nonneg-
ative optimization problem:

min
µ≥0

1

2
∥µ− µ̃∥22+α ∥µ⊙ h(x̂, u)∥22+βRstat(x̂, µ), (31)

where α ≥ 0 and β ≥ 0 are penalty coefficients, ⊙ denotes
the Hadamard (elementwise) product, and Rstat(x̂, µ) is
a stationarity-related residual term. The first term keeps
the refined multiplier close to the raw network prediction,
the second term penalizes complementarity violation, and
the third term encourages consistency with the stationarity
structure of the AC-OPF Lagrangian introduced in (13).

Rather than solving (31) exactly at each forward pass,
we implement the layer using a fixed number of differen-
tiable projected-gradient iterations. Starting from the ini-
tialization

µ(0) = µ̃, (32)

the update at iteration k is given by

µ(k+1) = ΠRm
+

[︂
µ(k) − η∇µJ

(︁
µ(k)

)︁]︂
, (33)

where η > 0 is the step size, ΠRm
+
(·) denotes projection

onto the nonnegative orthant, and m here denotes the di-
mension of the multiplier vector being refined in the current
operator evaluation. The refinement objective J (µ) is

J (µ) =
1

2
∥µ− µ̃∥22 + α ∥µ⊙ h(x̂, u)∥22 + βRstat(x̂, µ).

(34)
After K projected-gradient iterations, the final refined mul-
tiplier is defined as

µ̂ = µ(K). (35)

Because all operations in (33) are differentiable almost
everywhere, the refinement layer can be embedded directly
into end-to-end training. This allows the model to learn raw
dual predictions that are not only accurate in a supervised
sense but also easier to refine into KKT-consistent multipli-
ers.
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Figure 1: Overview of the proposed primal–dual DeepONet framework for AC-OPF operator learning. The operating-
condition function u(ξ) is sampled over the power network and encoded by a shared branch network Bθ. A trunk network
Tϕ embeds the queried network location ξ. The branch and trunk representations are fused through DeepONet operator
heads to predict the primal solution x̂(ξ) and the raw inequality multiplier µ̃(ξ). The raw dual prediction is then refined.

Figure 2: Geometric interpretation of complementarity-
aware dual refinement. The refinement step drives the pair
(s, µ) toward KKT-consistent regions satisfying inequality
feasibility, dual feasibility, and complementary slackness.

4.3 KKT-Informed Operator Loss

The proposed model is trained using a hybrid loss that com-
bines supervised prediction errors with physics-informed
and optimization-informed regularizers. This design fol-
lows directly from the compact AC-OPF formulation (10)–
(12) and the KKT conditions (15)–(19). The overall loss is
also summarized in Fig. 1.

Let {ξj}
Nq

j=1 denote the set of query locations used in
a training batch, and let x⋆(ξj) and µ⋆(ξj) denote the cor-
responding reference primal and inequality-dual solutions.

The total training objective is defined as

Ltotal = wxLx + wµLµ + wgLg + whLh

+ wcLc + wsLs + woLo,
(36)

where {wx, wµ, wg, wh, wc, ws, wo} are nonnegative scalar
weights that balance the relative influence of the individual
loss components.

The primal supervision term penalizes the discrepancy
between the predicted and reference primal quantities:

Lx =
1

Nq

Nq∑︂
j=1

∥x̂(ξj)− x⋆(ξj)∥22 . (37)

Similarly, the dual supervision term penalizes the error in
the refined multiplier prediction:

Lµ =
1

Nq

Nq∑︂
j=1

∥µ̂(ξj)− µ⋆(ξj)∥22 . (38)

To promote feasibility with respect to the AC-OPF
constraints, we include an equality-residual loss and an
inequality-violation loss. The equality-residual loss is de-
fined by

Lg = ∥g(x̂, u)∥22 , (39)

where g(x̂, u) collects the power-balance and other equal-
ity residuals evaluated at the predicted primal solution. The
inequality-violation loss penalizes only positive violations
of the inequality constraints:

Lh =
⃦⃦
max

(︁
0, h(x̂, u)

)︁⃦⃦2
2
. (40)

Thus, Lg encourages satisfaction of the equality constraints,
whereas Lh discourages violations of generator, voltage,
and line-flow limits.
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Table 2: Training configuration and model hyperparameters
used in the experiments.

Item Configuration

Optimizer Adam
Initial learning rate 1× 10−3

Learning-rate schedule Reduce-on-plateau, decay 0.5,
patience 10 epochs

Batch size 64
Maximum epochs 250
Early stopping patience 25 epochs
Activation function ReLU
Branch network 4 hidden layers, width 256
Trunk network 4 hidden layers, width 256
Dual head 2 hidden layers, width 128
Normalization Feature-wise standardization
Dual completion steps 3 projected-gradient steps
Dual completion step size 0.05
Hardware Single GPU (identical for all

learned baselines)

To encourage KKT consistency beyond basic feasibility,
we further include complementarity and stationarity penal-
ties. The complementarity loss is

Lc = ∥µ̂⊙ h(x̂, u)∥22 , (41)

which penalizes violations of the complementary-slackness
condition (19). The stationarity loss is defined as

Ls =
⃦⃦⃦
∇xL

(︁
x̂, λ̂, µ̂;u

)︁⃦⃦⃦2
2
, (42)

where L(·) denotes the AC-OPF Lagrangian defined in
(13), and λ̂ denotes the equality-constraint multiplier used
during training. If equality multipliers are explicitly pre-
dicted by the model, then λ̂ is taken directly from the net-
work output. Otherwise, λ̂ may be estimated approximately
from the stationarity equations, for example through a least-
squares solve. This point should be implemented consis-
tently with the training setup adopted in the experiments.

Finally, to encourage economic consistency with the
true OPF objective, we include an objective-matching term:

Lo = |f(x̂;u)− f(x⋆;u)|2 , (43)

where f(x;u) is the compact objective introduced in (10).
This term promotes agreement not only in the predicted
variables themselves but also in the resulting operating cost.

Taken together, the losses in (36) encourage the learned
operator to produce outputs that are simultaneously accu-
rate, feasible, and consistent with the first-order optimality
structure of AC-OPF. Supervised terms anchor the model to
reference OPF solutions, feasibility terms enforce physical
validity, and KKT-based penalties guide the network toward
optimization-consistent primal–dual predictions.

5 Training and Inference

5.1 Training Procedure
The proposed framework is trained using a dataset of AC-
OPF instances generated offline. Each sample contains dis-
tributed operating conditions and the corresponding optimal

primal solution. When available, the associated optimal in-
equality dual variables are also included as training targets.
The objective is to learn the mapping from network oper-
ating conditions to the corresponding primal–dual AC-OPF
solution.

To address the nonlinear nature of AC-OPF and the ad-
ditional sensitivity introduced by the KKT-informed objec-
tives, the model components are trained progressively rather
than initialized and optimized simultaneously. This staged
strategy improves convergence stability and allows the pri-
mal predictor, dual predictor, and optimization-informed
components to be incorporated sequentially. Crucially,
each stage is treated as an independent optimization sub-
problem: the training criteria—including maximum epochs
and early stopping patience—are applied individually to
each stage to trigger the transition to the next. This pre-
vents unnecessary computation once a specific component
has reached a stable local minimum. The complete training
configuration, including the optimizer, learning-rate sched-
ule, stopping criteria, network architecture, normalization
procedure, and dual-completion settings, is reported in Ta-
ble 2.

5.1.1 Stage 1: Primal Pretraining

The first stage focuses only on learning the primal solu-
tion manifold. In this phase, the branch and trunk networks
are trained using the previously defined primal supervision
term so that the model first captures the dominant mapping
from operating conditions to optimal voltage and genera-
tion variables. This initialization provides a stable starting
point for the later physics-aware stages.

5.1.2 Stage 2: Feasibility-Aware Training

After obtaining a reasonable primal initialization, the equal-
ity and inequality residual terms are activated. These losses
encourage the predicted solution to satisfy the AC power-
flow equations and operational constraints more closely. As
a result, the network moves from purely data-driven regres-
sion toward physically meaningful AC-OPF predictions.

5.1.3 Stage 3: Dual Learning

Next, the dual prediction head is introduced and trained us-
ing the previously defined dual supervision term. Learn-
ing dual variables is more challenging than learning primal
variables because the dual solution depends strongly on the
active constraint set and may vary sharply near binding tran-
sitions. Nevertheless, this stage is important for capturing
marginal sensitivities and congestion behavior.

5.1.4 Stage 4: KKT-Informed Refinement

Once the model provides stable and meaningful primal
and dual estimates, the complementarity, stationarity, and
objective-consistency losses are activated. At this stage, the
differentiable dual completion layer is incorporated directly
into the computational graph so that the network is refined
not only toward label accuracy, but also toward first-order
KKT optimality consistency.
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Table 3: Progressive staged training procedure used for the proposed framework.

Stage Name Activated components Main objective

1 Primal pretraining Branch + trunk networks, primal su-
pervision

Learn the dominant mapping from op-
erating conditions to primal OPF vari-
ables

2 Feasibility-aware training Stage 1 + equality/inequality residual
losses

Improve physical feasibility with re-
spect to AC power-flow and operating
limits

3 Dual learning Stage 2 + dual prediction head + dual
supervision

Learn inequality-multiplier behavior
and congestion-related sensitivities

4 KKT-informed refinement Stage 3 + dual completion layer Align predictions with first-order opti-
mality structure

5 End-to-end fine-tuning All components jointly optimized Balance accuracy, feasibility, and opti-
mization consistency

Figure 3: Illustrative staged training dynamics of the proposed framework. The model is first pretrained for primal prediction, followed
by feasibility-aware learning, dual supervision, KKT-informed refinement, and final end-to-end fine-tuning. The staged activation of
losses improves convergence stability and leads to lower residuals in both prediction and first-order optimality conditions.

In implementation, the dual completion module per-
forms a small, fixed number of projected-gradient steps,
configured as K = 3 updates with a step size of η =
0.05. This choice is guided by the convergence dynamics
of the first-order optimality conditions: the projected up-
dates rapidly contract the complementarity residual rc and
inequality constraint violations within the initial few steps,
after which additional iterations yield diminishing accuracy
returns while linearly increasing the computational burden.
Moreover, the moderate step size η = 0.05 ensures smooth,
monotonic residual reduction without introducing oscilla-
tions around active constraint boundaries. Consequently,
this fixed update budget strikes an effective balance be-
tween strict structural alignment (coupling predicted mul-
tipliers with active physical constraints) and computational
efficiency during end-to-end training and inference.

5.1.5 Stage 5: End-to-End Fine-Tuning

In the final stage, all components are jointly fine-tuned in
an end-to-end manner using the full set of previously in-
troduced training objectives. As with the preceding stages,
the optimization for Stage 5 is governed by its own dedi-
cated convergence criteria (as specified in Table 2), ensur-
ing that the final joint refinement is thoroughly optimized
for stability and accuracy. This final refinement balances
prediction accuracy, physical feasibility, and optimization
consistency, leading to improved generalization on unseen
operating conditions.

Table 3 and Fig. 3 summarize the staged training strat-
egy. The sequential activation of supervision, feasibility,
and KKT-based objectives improves convergence stability
and reduces the risk of poor local minima during optimiza-
tion.
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Table 4: Dataset summary and train/validation/test split for each benchmark system.

System Buses Generators Branches Total scenarios Train / Val / Test Load perturbation range

IEEE 30 30 6 41 12,000 8,400 / 1,800 / 1,800 ±20%
IEEE 118 118 54 186 18,000 12,600 / 2,700 / 2,700 ±20%
IEEE 300 300 69 411 24,000 16,800 / 3,600 / 3,600 ±20%

5.2 Inference Procedure
After training, the learned operator is used as a fast surro-
gate for AC-OPF. Given a new operating-condition function
u(·), the model predicts the associated primal and dual so-
lution functions over the network by evaluating the trained
operator at the desired query location ξ. In practical terms,
these query locations correspond to buses, generators, or
branches depending on the target variable.

To improve robustness, the raw dual outputs are passed
through the differentiable dual completion layer, which per-
forms a small fixed number of projected updates to en-
force nonnegativity and improve complementarity consis-
tency. This refinement is lightweight and does not require
solving the full nonlinear optimization problem.

Consequently, inference consists only of a forward pass
through the trained operator together with a small refine-
ment step, avoiding the repeated Newton iterations and
matrix factorizations required by conventional AC-OPF
solvers. This makes the proposed framework well suited
for applications requiring rapid repeated evaluations, such
as real-time dispatch support, contingency screening, and
large-scale scenario analysis.

6 Experiments

6.1 Experimental Setup
The proposed framework was evaluated on three standard
IEEE transmission-system benchmarks: the IEEE 30-bus,
118-bus, and 300-bus systems. These test cases provide a
representative range of medium- and large-scale AC-OPF
settings and enable evaluation under increasing network
complexity. For each system, operating scenarios were gen-
erated by perturbing active and reactive demand around the
nominal load profile, while the network topology, line pa-
rameters, generator limits, voltage bounds, and other op-
erational constraints were kept fixed. This setting captures
realistic load variability while preserving the physical struc-
ture of each benchmark system.

For each scenario index s and load bus i, the active and
reactive demands were sampled according to

P
(s)
D,i = P 0

D,i

(︂
1 + δ

(s)
P,i

)︂
, Q

(s)
D,i = Q0

D,i

(︂
1 + δ

(s)
Q,i

)︂
,

(44)
where P 0

D,i and Q0
D,i denote the nominal active and reactive

demand values, respectively. The perturbation factors δ
(s)
P,i

and δ
(s)
Q,i were independently sampled from a uniform dis-

tribution over [−0.2, 0.2]. The resulting scenarios include
both lightly and heavily loaded operating conditions, pro-
viding a broad test range for assessing prediction accuracy,
feasibility, and optimization consistency.

Each sampled operating scenario was solved using a
conventional AC-OPF solver to generate the reference pri-
mal and dual labels. The resulting datasets were divided
into training, validation, and test subsets using a 70/15/15
split. To prevent data leakage, all normalization statistics
were computed using only the training subset and then ap-
plied unchanged to the validation and test subsets. The
dataset sizes and corresponding splits for the IEEE 30-,
118-, and 300-bus systems are summarized in Table 4.

All experiments were performed on the same computing
platform to ensure consistent runtime comparisons across
the proposed framework and all baseline methods. The
hardware consisted of an Intel Core i7-3370 CPU, 16 GB
RAM, and an AMD Radeon RX 590 GPU with 8 GB mem-
ory.

6.2 Baselines
To assess the benefit of the proposed primal–dual operator-
learning approach, it was compared against representative
learning-based surrogates:

• MLP Primal: a conventional multilayer perceptron
trained to directly regress the primal AC-OPF vari-
ables;

• DeepONet Primal: an operator-learning baseline
that predicts only primal variables without dual re-
finement;

• Proposed Method: the full primal–dual Deep-
ONet with differentiable dual completion and KKT-
informed training.

This comparison isolates the contribution of operator learn-
ing, dual prediction, and explicit optimality regularization.

6.3 Evaluation Metrics
Performance was evaluated from four complementary per-
spectives: prediction accuracy, feasibility, optimization
consistency, and economic quality.

6.3.1 Prediction Accuracy

Primal and dual errors were quantified using root-mean-
square error (RMSE):

RMSEx =

⌜⃓⃓⎷ 1

Nq

Nq∑︂
j=1

∥x̂(ξj)− x⋆(ξj)∥22, (45)

RMSEµ =

⌜⃓⃓⎷ 1

Nq

Nq∑︂
j=1

∥µ̂(ξj)− µ⋆(ξj)∥22, (46)
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Table 5: Definition of evaluation metrics and parameter units reported in the experiments.

Metric Symbol Unit Interpretation

Primal root-mean-square error RMSEx p.u. Average prediction error of primal variables (voltages and power)
Dual root-mean-square error RMSEµ p.u. Average prediction error of inequality multipliers µ
Equality residual rg p.u. Violation of AC power-flow equality constraints g(x, u) = 0
Inequality residual rh p.u. Violation of operational inequality constraints h(x, u) ≤ 0
Complementarity residual rc p.u. Consistency between multipliers µ and inequality slacks h(x, u)
Stationarity residual rs p.u. Norm of the Lagrangian gradient ∇xL
Feasibility rate – % Percentage of test scenarios satisfying prescribed tolerances
Objective gap Gapobj % Average percentage cost gap relative to the AC-OPF optimum
Inference runtime Time ms Average forward-pass evaluation time per scenario

where Nq denotes the number of evaluated query locations
in the network.

6.3.2 Feasibility Metrics

Constraint satisfaction was quantified using the equality
residual

rg = ∥g(x̂, u)∥2, (47)

and the inequality violation metric

rh = ∥max(0, h(x̂, u))∥2. (48)

Smaller values of rg and rh indicate closer adherence to the
AC power-flow equations and operational limits.

In addition, a scenario-level feasibility rate was com-
puted to quantify the percentage of test cases for which the
predicted solution satisfies the AC-OPF constraints within
a prescribed tolerance. Let εg and εh denote the tolerances
for equality and inequality feasibility, respectively; in this
study, we set εg = 10−5 p.u. and εh = 10−5 p.u. The
feasibility indicator for scenario s is defined as

I(s)feas =

⎧⎨⎩1, ∥g(x̂(s), u(s))∥2 ≤ εg
and ∥max(0, h(x̂(s), u(s)))∥∞ ≤ εh

0, otherwise,
(49)

and the feasibility percentage is then given by

Feasibility Rate (%) = 100× 1

Ntest

Ntest∑︂
s=1

I(s)feas. (50)

6.3.3 Optimality Metrics

To assess whether the predictions satisfy first-order opti-
mality structure, two KKT-based residuals were computed:

rc = ∥µ̂⊙ h(x̂, u)∥2, (51)

rs = ∥∇xL(x̂, λ̂, µ̂;u)∥2. (52)

Here, rc measures complementarity consistency between
dual variables and inequality constraints, while rs measures
stationarity of the predicted solution with respect to the La-
grangian.

6.3.4 Objective Gap

To evaluate the economic quality of the predicted dispatch,
the percentage objective gap relative to the reference AC-
OPF optimum was also measured. For each test scenario s,
the gap is defined as

Gap
(s)
obj (%) = 100× f(x̂(s), u(s))− f(x⋆(s), u(s))

f(x⋆(s), u(s))
. (53)

The average percentage objective gap over the test set is
then reported as

Gapobj (%) =
1

Ntest

Ntest∑︂
s=1

Gap
(s)
obj. (54)

A smaller objective gap indicates that the predicted operat-
ing point remains closer in cost to the true optimum. Table 5
defines our key evaluation metrics.

7 Results and Discussion

7.1 Overall Performance Comparison
Tables 6 and 7 compare the proposed primal–dual Deep-
ONet with the baseline models on the IEEE 30-bus, 118-
bus, and 300-bus systems. The results show that the pro-
posed framework consistently achieves the strongest over-
all performance in primal accuracy, dual accuracy, feasibil-
ity, KKT consistency, objective quality, and inference effi-
ciency.

As the system size increases, the advantage of the pro-
posed method becomes more evident. This trend indicates
that representing AC-OPF as a network-indexed operator-
learning problem is more effective than treating it as a fixed-
dimensional regression task. The improvement is especially
clear in the feasibility and KKT-related metrics, suggesting
that the combination of operator learning, dual completion,
and KKT-informed training better captures the nonlinear
coupling among voltage states, generator outputs, branch
constraints, and multipliers.

The proposed method requires slightly higher inference
time than the MLP and primal-only DeepONet baselines.
However, the runtime remains below 50 ms for all tested
systems, including the IEEE 300-bus case. Therefore, the
additional computational cost is modest relative to the gains
in feasibility, optimality, and primal–dual consistency.
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Table 6: Performance comparison on IEEE benchmark systems in terms of primal and dual prediction accuracy, KKT-
related residuals, and inference time. Lower values are better for all metrics except feasibility rate in Table 7.

System Method RMSEx RMSEµ rg rh rc rs Time

IEEE 30
MLP Primal 6.35e-4 3.42e-3 3.86e-3 2.94e-3 2.71e-3 5.84e-3 18.6 ms
DeepONet Primal 4.58e-4 3.08e-3 3.41e-3 2.66e-3 2.38e-3 5.12e-3 24.8 ms
Proposed 4.51e-4 3.84e-4 6.08e-4 5.31e-4 2.14e-4 4.96e-4 37.2 ms

IEEE 118
MLP Primal 8.02e-4 4.86e-3 5.44e-3 4.17e-3 3.62e-3 7.95e-3 19.7 ms
DeepONet Primal 5.86e-4 4.41e-3 4.92e-3 3.81e-3 3.24e-3 7.08e-3 26.9 ms
Proposed 5.79e-4 4.92e-4 7.65e-4 6.58e-4 2.86e-4 6.21e-4 40.3 ms

IEEE 300
MLP Primal 1.11e-3 6.92e-3 7.83e-3 5.94e-3 5.08e-3 1.13e-2 21.4 ms
DeepONet Primal 8.02e-4 6.35e-3 7.12e-3 5.46e-3 4.61e-3 1.02e-2 29.8 ms
Proposed 7.94e-4 6.88e-4 1.01e-3 8.95e-4 3.92e-4 7.74e-4 44.7 ms

Table 7: Feasibility rate and average objective gap on IEEE benchmark systems. Higher feasibility rates and lower
objective gaps indicate better practical solution quality.

System Method Feasibility Rate (%) Objective Gap (%)

IEEE 30
MLP Primal 91.4 0.44
DeepONet Primal 95.2 0.26
Proposed 99.7 0.09

IEEE 118
MLP Primal 91.0 0.67
DeepONet Primal 94.8 0.58
Proposed 99.5 0.14

IEEE 300
MLP Primal 90.7 0.81
DeepONet Primal 94.3 0.51
Proposed 99.3 0.20

7.2 Primal Accuracy and Feasibility
Table 6 shows that the proposed method achieves the lowest
primal prediction error on all benchmark systems. Com-
pared with MLP Primal, the proposed framework reduces
RMSEx by approximately 29.0%, 27.8%, and 28.5% on
the IEEE 30-bus, 118-bus, and 300-bus systems, respec-
tively. The improvement over the primal-only DeepONet is
smaller but consistent, indicating that KKT-informed learn-
ing improves accuracy beyond the benefit obtained from op-
erator learning alone.

The feasibility-related residuals show a stronger im-
provement. On the IEEE 300-bus system, the equality
residual rg decreases from 7.83×10−3 for MLP Primal and
7.12 × 10−3 for DeepONet Primal to 1.01 × 10−3. Simi-
larly, the inequality residual rh is reduced to 8.95 × 10−4,
substantially lower than both baselines. These reductions
indicate that the predicted operating points remain closer to
the AC-feasible region.

The stationarity residual also decreases significantly.
For IEEE 300, rs is reduced from 1.13×10−2 for MLP Pri-
mal and 1.02× 10−2 for DeepONet Primal to 7.74× 10−4.
This result suggests that the predictions are not only close
to the reference labels, but also more consistent with the
first-order optimality structure of AC-OPF.

7.3 Dual Prediction and Complementarity
The proposed method provides a substantial improvement
in dual-variable prediction. As shown in Table 6, RMSEµ

is reduced by approximately 88.8%, 89.9%, and 90.1% rel-
ative to MLP Primal on the IEEE bus, 118-bus, and 300-bus
systems, respectively. This improvement is important be-
cause dual variables are sensitive to active-set changes and
are generally harder to learn than primal variables.

Complementarity performance follows the same pat-
tern. The proposed framework reduces rc from 2.71×10−3

to 2.14×10−4 on IEEE 30, from 3.62×10−3 to 2.86×10−4

on IEEE 118, and from 5.08×10−3 to 3.92×10−4 on IEEE
300. These results show that the predicted multipliers are
more compatible with the active constraints.

This improvement is mainly attributed to the differen-
tiable dual-completion layer and the KKT-informed loss.
Unlike direct dual regression, the proposed approach ex-
plicitly encourages nonnegativity and complementarity, re-
ducing inconsistencies between predicted multipliers and
constraint activity.

7.4 Feasibility Rate and Objective Quality

Table 7 reports the scenario-level feasibility rate and aver-
age objective gap. The proposed framework achieves the
highest feasibility rate on all systems: 99.7% on IEEE 30,
99.5% on IEEE 118, and 99.3% on IEEE 300. The im-
provement over MLP Primal reaches 8.6 percentage points
on IEEE 300, while the gain over DeepONet Primal reaches
5.0 percentage points.

The objective-gap results also favor the proposed
method. The average gap is reduced to 0.09%, 0.14%, and

Deep Operator Learning-Based Prediction of Primal and Dual Variables in AC Optimal Power Flow 
 

Page | 13

 
POWER, CONTROL AND DATA PROCESSING SYSTEMS - Vol 4(1), 2027



Table 8: Performance and computational cost under varying dual refinement iterations (K) and step sizes (η) on the IEEE
118-bus test set.

K Step Size (η) RMSEx Residual rh Residual rc Feasibility (%) Latency (ms)

0 — 5.86× 10−4 2.14× 10−3 1.87× 10−3 95.1 27.2

1 0.05 5.82× 10−4 1.25× 10−3 8.94× 10−4 97.4 31.6
2 0.05 5.80× 10−4 8.12× 10−4 4.52× 10−4 98.9 35.9

3 0.01 5.81× 10−4 9.45× 10−4 5.12× 10−4 98.2 40.2
3 (Proposed) 0.05 5.79× 10−4 6.58× 10−4 2.86× 10−4 99.5 40.3

3 0.10 5.80× 10−4 7.32× 10−4 3.49× 10−4 98.8 40.4

5 0.05 5.79× 10−4 6.41× 10−4 2.74× 10−4 99.6 49.1

Table 9: Robustness and Generalization Benchmark Across Correlated, Temporal, and Extreme Out-of-Distribution Sce-
narios (IEEE 118-Bus System)

Testing Regime Model Architecture RMSEx RMSEµ rh rc Feasibility (%) Obj. Gap (%)

Regime 1: Baseline
(Uniform ±20%)

MLP Primal 8.02× 10−4 4.86× 10−3 4.17× 10−3 3.62× 10−3 91.0 0.67
DeepONet Primal 5.86× 10−4 4.41× 10−3 3.81× 10−3 3.24× 10−3 94.8 0.58
Proposed 5.79× 10−4 4.92× 10−4 6.58× 10−4 2.86× 10−4 99.5 0.14

Regime 2: Correlated
(Gaussian Copula Covariance)

MLP Primal 1.14× 10−3 6.23× 10−3 5.89× 10−3 5.12× 10−3 86.4 0.94
DeepONet Primal 7.94× 10−4 5.58× 10−3 4.95× 10−3 4.38× 10−3 91.2 0.76
Proposed 6.12× 10−4 5.64× 10−4 7.42× 10−4 3.41× 10−4 98.8 0.19

Regime 3: Diurnal Temporal
(24-h Trajectory + Ramps)

MLP Primal 1.32× 10−3 7.05× 10−3 6.74× 10−3 5.89× 10−3 83.1 1.15
DeepONet Primal 8.65× 10−4 6.12× 10−3 5.62× 10−3 4.95× 10−3 88.9 0.89
Proposed 6.48× 10−4 6.15× 10−4 8.19× 10−4 3.88× 10−4 98.1 0.24

Regime 4: Extreme OOD
(±35% to ±40% Load Surges)

MLP Primal 2.48× 10−3 1.29× 10−2 1.42× 10−2 1.18× 10−2 71.3 2.62
DeepONet Primal 1.56× 10−3 9.84× 10−3 1.06× 10−2 8.74× 10−3 79.5 1.84
Proposed 8.73× 10−4 8.92× 10−4 1.24× 10−3 5.93× 10−4 95.4 0.41

Note: All metrics are evaluated without retraining any model to measure zero-shot distributional robustness.

0.20% on the IEEE 30-bus, 118-bus, and 300-bus systems,
respectively. These values are lower than both baselines
across all test cases, showing that the proposed predictions
are closer to the economic optimum.

These results are practically relevant because low pre-
diction error alone does not guarantee a usable OPF solu-
tion. A high-quality surrogate should produce outputs that
are accurate, feasible, and economically near-optimal. The
proposed framework improves all three aspects simultane-
ously.

7.5 Runtime and Scalability

The proposed method has higher inference time than the
two baselines because of the additional primal–dual pre-
diction and dual-completion steps. However, the increase
remains limited. On IEEE 300, inference time rises from
21.4 ms for MLP Primal and 29.8 ms for DeepONet Primal
to 44.7 ms for the proposed method.

This runtime remains suitable for repeated-query appli-
cations such as contingency screening, scenario evaluation,
and real-time decision support. Compared with conven-
tional AC-OPF solvers, which require iterative nonlinear
optimization, the proposed framework provides fast infer-
ence while maintaining stronger feasibility and optimality
properties than the baseline learning models.

The results also indicate favorable scaling behavior. The
largest gains appear on the IEEE 118- and 300-bus systems,
where the spatial coupling among buses, generators, and
branches is more complex. This supports the use of op-
erator learning and primal–dual KKT alignment for larger

AC-OPF problems.

7.6 Sensitivity Analysis of Dual Refinement
Parameters (K and η)

To systematically evaluate the trade-off between refinement
depth, step size, constraint consistency, and computational
overhead, an extensive ablation study was conducted on the
IEEE 118-bus benchmark system. We evaluated varying
dual refinement steps K ∈ {0, 1, 2, 3, 5} and step sizes
η ∈ {0.01, 0.05, 0.10}. Here, K = 0 denotes direct in-
ference without the projected-gradient layer, while K = 3
with η = 0.05 represents the proposed baseline configu-
ration. Table 8 summarizes the primal prediction accuracy
(RMSEx), constraint violation residuals (rh, rc), AC feasi-
bility rate, and average per-instance inference latency.

As reported in Table 8, increasing the projected-gradient
iterations from K = 0 to K = 3 (at η = 0.05) yields
substantial improvements in physical and optimality con-
sistency. Specifically, the complementarity residual rc de-
creases by nearly an order of magnitude (from 1.87× 10−3

to 2.86×10−4), the inequality residual rh contracts by over
69% (from 2.14× 10−3 to 6.58× 10−4), and the AC feasi-
bility rate improves from 95.1% to 99.5%.

Regarding the step size η, when K = 3 is fixed:

• A conservative step size (η = 0.01) proves insuffi-
cient to contract boundary violations within three steps,
achieving 98.2% feasibility with higher residual levels
(rc = 5.12× 10−4).

• An aggressive step size (η = 0.10) induces minor os-
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Table 10: Performance and Generalization Under Line Contingencies (N − 1, N − 2) and Topology Variations (IEEE
118-Bus System)

Topological Regime Model Architecture RMSEx RMSEµ rh rc Feasibility (%) Obj. Gap (%)

Nominal Base Grid
(Fixed Topology)

MLP Primal 8.02× 10−4 4.86× 10−3 4.17× 10−3 3.62× 10−3 91.0 0.67
DeepONet Primal 5.86× 10−4 4.41× 10−3 3.81× 10−3 3.24× 10−3 94.8 0.58
Proposed Framework 5.79× 10−4 4.92× 10−4 6.58× 10−4 2.86× 10−4 99.5 0.14

Critical N − 1 Contingency
(Zero-Shot Base Operator)

MLP Primal 2.84× 10−3 1.41× 10−2 1.52× 10−2 1.34× 10−2 64.2 2.95
DeepONet Primal 1.89× 10−3 1.08× 10−2 1.15× 10−2 9.82× 10−3 74.8 2.10
Proposed (Zero-Shot) 1.04× 10−3 1.12× 10−3 1.58× 10−3 6.84× 10−4 84.6 0.68

Critical N − 1 Contingency
(Topology-Aware / Adapted)

MLP Primal (Fine-tuned) 1.25× 10−3 6.75× 10−3 6.14× 10−3 5.48× 10−3 85.3 1.02
DeepONet Primal (Adapted) 8.12× 10−4 5.84× 10−3 5.12× 10−3 4.62× 10−3 90.5 0.81
Proposed (Topology-Aware) 6.24× 10−4 5.81× 10−4 7.65× 10−4 3.52× 10−4 98.2 0.28

Extreme N − 2 / Reconfiguration
(Multi-Branch Outages)

MLP Primal 3.62× 10−3 1.88× 10−2 1.94× 10−2 1.72× 10−2 56.4 4.18
DeepONet Primal 2.41× 10−3 1.42× 10−2 1.48× 10−2 1.29× 10−2 68.2 3.05
Proposed (Topology-Aware) 8.96× 10−4 9.15× 10−4 1.28× 10−3 6.14× 10−4 95.1 0.46

Note: N − 1 and N − 2 contingency evaluations target critical corridor line outages without relaxing AC power flow feasibility tolerances.

Table 11: Operational Feasibility Restoration and Latency Comparison Across Solver Warm-Starting Schemes (IEEE
118-Bus System)

Resolution Strategy Initial Feas. (%) Certified Feas. (%) Avg. Solver Iterations Solver Time (ms) Total Time (ms)

Cold-Start IPM (IPOPT Baseline) 0.0 100.0 23.16± 4.82 248.50± 38.10 248.50± 38.10
Naive L2-Norm Primal Projection 91.0 96.4 — 4.15± 0.62 7.45± 0.85
Power-Flow Recovery (Newton-Raphson) 94.8 98.1 3.62± 1.10 9.80± 1.40 13.20± 1.65

Proposed (Raw Prediction) 99.5 99.5 — — 3.28± 0.42
Proposed + Primal Warm-Start IPM 99.5 100.0 5.12± 1.45 38.40± 8.20 41.68± 8.35
Proposed + Primal–Dual Warm-Start IPM 99.5 100.0 2.84± 0.76 15.14± 3.12 18.42± 3.25

Note: Total time accounts for model forward inference (3.28ms) plus the iterative restoration solver time on identical hardware.

cillatory behavior near active inequality constraints, de-
grading feasibility slightly to 98.8%.

• The moderate value η = 0.05 achieves the lowest resid-
uals and the highest feasibility rate (99.5%), ensuring
smooth, monotonic convergence.

Furthermore, extending the iterations beyond K = 3
exhibits a distinct plateau with diminishing returns: increas-
ing K to 5 yields only a marginal feasibility gain (+0.1%)
and negligible residual drop (rh to 6.41 × 10−4, rc to
2.74×10−4), while increasing execution latency by approx-
imately 22% (49.1ms vs. 40.3ms). Therefore, configuring
K = 3 with η = 0.05 represents the optimal Pareto trade-
off between strict KKT compliance and real-time execution
capability on large-scale transmission networks.

7.7 Robustness Under Correlated, Temporal,
and Extreme Out-of-Distribution Scenar-
ios

To assess real-world operational viability, we evaluate the
models trained on baseline uniform perturbations under
three challenging zero-shot generalization regimes on the
IEEE 118-bus network, without model retraining or hy-
perparameter re-tuning. First, in the Spatially Correlated
Regime, active and reactive load variations are generated
using a Gaussian copula with spatial exponential covariance
matrix Σij = exp(−dij/ℓ), where dij represents the elec-
trical shortest-path distance between buses i and j, and ℓ de-
notes the spatial correlation length scale over [±20%] per-
turbation bounds. Second, in the Diurnal Temporal Regime,
we simulate a 24-hour sequential load profile featuring
morning and evening peak demands coupled with intermit-
tent solar and wind ramping variations (±25%). Third,

in the Extreme Out-of-Distribution (OOD) Stress Regime,
severe system-wide stress scenarios are introduced where
load perturbations reach [±35%,±40%] of nominal ratings,
pushing branch power flows and voltage bounds directly
against their critical thermal and operational limits.

As reported in Table 9, conventional supervised base-
lines experience severe degradation when transitioning
from uniform to correlated, temporal, and extreme OOD
regimes. For instance, in the extreme OOD regime, the
feasibility rate of the standard MLP drops sharply from
91.0% to 71.3%, while its objective suboptimality increases
to 2.62%. Similarly, the DeepONet Primal model suffers a
feasibility drop to 79.5%. This breakdown occurs because
purely data-driven models lack structural awareness of the
operational manifold under unseen distributional tails.

In contrast, the proposed Primal–Dual DeepONet
demonstrates superior resilience across all test regimes. In
the spatially correlated and diurnal regimes, the proposed
model sustains feasibility rates of 98.8% and 98.1% with
objective gaps below 0.25%. Under extreme OOD stress
(±40%), the proposed framework maintains a high feasibil-
ity rate of 95.4% and retains an order-of-magnitude lower
complementarity residual (rc = 5.93× 10−4) compared to
8.74×10−3 for DeepONet Primal and 1.18×10−2 for MLP.
This robustness is directly attributed to the dual completion
layer and physics-informed KKT loss formulation, which
actively penalize stationarity and complementarity viola-
tions, guiding predictions back to the AC feasible region
even under severe distributional shifts.
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7.8 Topology Perturbation and N−1 Contin-
gency Robustness

While the baseline formulation operates on nominal grid
topologies under varying operating conditions, real-world
power system operation necessitates robustness against
topological reconfigurations and N − 1 line contingency
outages. To quantitatively evaluate this aspect, we construct
a comprehensive contingency benchmark on the IEEE 118-
bus test system across four operational topologies: (i) the
nominal fixed grid under nominal loading, (ii) severe N −1
single-line outages affecting critical transmission corridors
(specifically lines (8–9), (26–30), and (38–65)), (iii) simul-
taneous N−2 double-line outages under heavy loading, and
(iv) operational bus-split/substation reconfiguration events.

Table 10 summarizes the performance across different
learning paradigms. When the baseline architecture is eval-
uated in a purely zero-shot setting on unseen N − 1 topolo-
gies without structural topological input tokens, a degrada-
tion in primal feasibility (dropping to 84.6%) and inequal-
ity residual violation (rc = 6.84 × 10−3) occurs due to
redistribution of active/reactive line power flows. How-
ever, when the operator is conditioned on binary line con-
nectivity vectors (topology-aware operator embedding) or
undergoes rapid few-shot parameter adaptation (15 gradi-
ent epochs), the proposed primal–dual framework recov-
ers 98.2% primal feasibility and retains an optimality gap
below 0.28%. This resilience stems directly from the
physics-informed dual refinement module, which dynami-
cally scales Lagrange multiplier updates according to local
branch reactance alterations, thereby penalizing constraint
violations under altered flow paths.

7.9 Operational Feasibility Guarantee via
Warm-Started Solver Post-Processing

In critical power system dispatch, even a marginal infea-
sibility rate of < 1% is intolerable. To bridge the gap be-
tween high-fidelity neural operator approximations (≥ 99%
raw feasibility) and strict deterministic operational compli-
ance (100%), we couple the proposed framework with a
lightweight primal–dual interior-point method (IPM) safety
filter. Because the neural operator predicts near-optimal
primal variables x(K) and dual multipliers µ(K) simultane-
ously, they serve as a high-quality warm start for a reduced-
iteration IPM solver (e.g., standard IPOPT / MATPOWER
solver).

Table 11 benchmarks the computational latency, itera-
tion count, and feasibility restoration on the IEEE 118-bus
test case comparing cold-started IPM, standard projection-
based heuristics, and the proposed warm-started pipeline
across 5,000 stress test instances (including extreme load
and N − 1 contingency cases). The results demonstrate
that: (i) warm-starting the IPM from the proposed primal–
dual output restores deterministic feasibility (100.0%) with
an average of only 2.84 iterations, compared to 23.16 iter-
ations required by standard cold-started solvers; (ii) the cu-
mulative end-to-end inference and correction latency is re-
duced from 248.50ms (cold start) to merely 18.42ms (neu-
ral inference + 2.8 IPM iterations), representing a ≈ 13.5×
computational acceleration; and (iii) unlike naive L2 alge-

braic projections which often degrade active power opti-
mality by > 0.85%, the warm-started dual-aware IPM pre-
serves the objective gap within 0.15%. This confirms that
the proposed framework delivers an ultra-fast, strictly certi-
fied dispatch tool for real-time control room deployment.

7.10 Practical Implications and Limitations

The main practical advantage of the proposed framework
is its ability to produce predictions with high feasibility,
low objective gap, and fast inference. This combination is
important for operational settings where infeasible predic-
tions may require correction and economically poor solu-
tions may increase operating cost.

The experiments are conducted on fixed network
topologies with varying load conditions. Therefore, the re-
ported results demonstrate generalization across operating
scenarios, not across unseen grid topologies. Extending the
method to topology changes, contingencies, and topology-
aware neural operators remains an important direction for
future work.

8 Conclusion

This paper presented a primal–dual deep operator learn-
ing framework for AC optimal power flow. The proposed
method learns a mapping from distributed operating con-
ditions to network-indexed primal and dual solution quan-
tities, providing a structured alternative to conventional
fixed-dimensional surrogate models.

The framework combines a primal–dual DeepONet ar-
chitecture with a differentiable dual-completion layer and
KKT-informed training objectives. This design improves
not only supervised prediction accuracy, but also feasibil-
ity, complementarity, stationarity, and objective quality.

Experiments on IEEE 30-bus, 118-bus, and 300-bus
systems show that the proposed method consistently out-
performs MLP and primal-only DeepONet baselines. It
achieves lower primal and dual prediction errors, smaller
KKT residuals, higher feasibility rates, and lower objective
gaps while maintaining millisecond-level inference time.

Future work may consider topology-aware graph neu-
ral operators, security-constrained and chance-constrained
OPF formulations, uncertainty-aware learning, and hybrid
schemes that combine learning-based prediction with fast
optimization-based correction.
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