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Abstract—Learning to optimize (L20) parametric approxima-
tions of AC optimal power flow (AC-OPF) solutions offers the
potential for fast, reusable decision-making in real-time power
system operations. However, the inherent nonconvexity of AC-
OPF results in challenging optimization landscapes, and standard
learning approaches often fail to converge to feasible, high-quality
solutions. This work introduces a homotopy-guided self-supervised
L20 method for parametric AC-OPF problems. The key idea
is to construct a continuous deformation of the objective and
constraints during training, beginning from a relaxed problem
with a broad basin of attraction and gradually transforming
it toward the original problem. The resulting learning process
improves convergence stability and promotes feasibility without
requiring labeled optimal solutions or external solvers. We evalu-
ate the proposed method on standard IEEE AC-OPF benchmarks
and show that homotopy-guided L20 significantly increases
feasibility rates compared to non-homotopy baselines, while
achieving objective values comparable to full OPF solvers. These
findings demonstrate the promise of homotopy-based heuristics
for scalable, constraint-aware L20 in power system optimization.

Index Terms—learning to optimize, meta-
optimization heuristics, optimal power flow

homotopy,

I. INTRODUCTION

Learning to Optimize (L20) [1] offers an emerging alter-
native to repeatedly solving large-scale optimization problems
in power system operations. Instead of running a numerical
solver from scratch for each new operating condition, the idea
is to learn a parametric solution map that directly predicts opti-
mal (or near-optimal) solutions as a function of system inputs,
enabling rapid inference suitable for real-time and embedded
decision-making. This paradigm is particularly attractive for
problems such as AC Optimal Power Flow (AC-OPF) [2], [3],
where repeated decisions of optimal generation outputs and
setting points are required across time-varying grid conditions.

However, realistic AC-OPF problems are highly constrained
and strongly nonconvex. They include (i) nonlinear AC power
balance equations and (ii) operational inequality limits on
voltages, generations, and transmission lines. These constraints
lead to nonconvex parametric nonlinear programs (pNLPs) that
are, in general, NP-hard. Directly learning parametric solution
maps for such problems is therefore difficult, due to the rugged
optimization landscape, where simple penalty-based training
often converges to infeasible or poor-quality solutions.

Earlier L20 approaches predominantly followed a super-
vised learning paradigm [4], where models are trained to
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mimic the solver’s outputs in labeled data. Yet, these methods
inherit the limitations of their offline training data and lack
explicit enforcement of feasibility. As a result, their general-
ization to unseen operating conditions is often weak, producing
solutions that violate power flow or operational constraints.
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Fig. 1: Supervised vs self-supervised learning to optimize (L20).

To address feasibility and convergence challenges, recent
work has explored self-supervised L20, where the learning
objective is defined directly by the AC-OPF problem itself [5],
[6]. This removes dependence on labeled datasets but in-
troduces the difficulty of solving a nonconvex constrained
optimization problem in the parameter space of the problem.
As a result, numerous constraint-handling strategies have
been adopted, including penalty-based formulations [7], [8],
primal-dual Lagrangian training [9]-[12], sensitivity-informed
training [13], projected or correction-based methods [14]-
[16], and completion-layer architectures [14], [17]. While each
method offers advantages, they can still suffer from unstable
convergence in highly nonconvex settings, particularly when
feasible solutions lie in narrow basins of attraction.

Broadly speaking, these new methods build on sensitivity
analysis developed in the context of operations research [18],
[19] and later adopted in control theory applications [20], [21].
In the literature, these methods can be found under different
names, such as constrained deep learning, optimization learn-
ing, or deep declarative networks [1], [22], [23].
Contributions. This work contributes to these efforts by
introducing a homotopy-guided training approach designed to
improve convergence stability in self-supervised L20 for AC-
OPF. Specifically, we make the following contributions:

1) Homotopy Continuation Heuristics for Self-
Supervised L20. We propose general homotopy-based
heuristics that can be integrated into any self-supervised
L20 framework for constrained nonlinear optimization.
Two complementary strategies are developed: (a)
Relaxation-based homotopy, which gradually tightens
objective weights and constraint bounds to enlarge the
basin of attraction; and (b) AC-OPF-aware homotopy,
which reparameterizes the problem to expose feasible
starting points and maintain feasibility during training.



2) Empirical Validation on AC-OPF Benchmarks. We
evaluate the proposed approach on standard IEEE test
systems. Results show that homotopy-guided L20 sub-
stantially improves feasibility rates, while achieving ob-
jective values comparable to full AC-OPF solvers and
outperforming non-homotopy L20 baselines.

II. RELATED WORK

Homotopy method is a type of meta-heuristics to handle
hard problems, which can otherwise easily diverge or converge
to a bad point. It decomposes the original (nonlinear) problem
F(z) into a series of sub-problems H(x, \fr), creating a path
of optimizers driven by the change of homotopy parameter
Ag. As Ay shifts from O to 1, the sub-problem H(x, Ap)
continuously transforms from a simple problem to the original
one. Commonly, homotopy-based heuristics have been used
for local optimization of nonlinear problems. The most popular
form of designing H(x,Ap) is via a linear combination
of a trivial problem Hy(x) and the original one, such that
H(z,Ag) = (1—Ag)Ho(z) + A F(x). Existing works have
developed perturbation techniques for general nonlinear [24],
[25] and multi-objective problems [26].

Domain-specific homotopy heuristics have also been devel-
oped to design H(z,Ay) whose solutions are trivial when
A = 0. For example, in the domain of circuit simulation
[27], Gmin-stepping initially shorts all nodes to ground and
gradually removes the short-circuit effect; Tx-stepping initially
shorts all transmission lines, and then gradually returns to the
original branches. Works in [28] [29] [30] [29] further applied
the circuit-theoretic homotopy ideas to power grid simula-
tion and optimization tasks. Others [31] extended homotopy
methods to global optimization tasks through an ensemble of
solution points, with probabilistic convergence bounds. In this
work, we build on these foundations and bring the idea of
homotopy heuristics to self-supervised L20.

III. AC-OPF PROBLEM FORMULATION

The problem of interest in this paper is the AC optimal
power flow (ACOPF) [29], [32], which determines a cost-
optimal generator dispatch that satisfies AC power balance
and operational limits. An ACOPF formulation is:
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where Pj,Qq are demand at each load d, (g, fg,7,) are
generator cost coefficients, Py, (), are generator outputs, V =
yreal 1 j17imag jg the bus-voltage vector, |V its magnitude, and
superscripts —, + denote bounds.

IV. HoMOTOPY HEURISTICS FOR SELF-SUPERVISED
LEARNING TO OPTIMIZE

We propose a homotopy-based training framework for self-
supervised learning to optimize (L20) with structured trans-
formations of objectives and constraints. A neural network
policy mg approximates the solution map of a constrained
optimization problem, and homotopy is used to guide training
from relaxed, easy-to-satisfy problems toward the original
problem, improving feasibility and convergence.

A. Self-Supervised Learning to Optimize

To avoid reliance on labeled optimal solutions and address
scalability in parametric nonlinear programs, we adopt a self-
supervised L20 formulation as the original problem F'(x):

m@i)n fObj(xag) s.t. g(‘rvé_) <0, h(w,f) =0, (2a)
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where mg maps problem parameters £ to decision variables .
In this work, we focus on applying a penalty-based formu-
lation for training mg, where the training loss function is:

m@i)n Joj(+) + szpz(hz()) + szpl(gl()) 3)

where p;(-) penalize constraint violations (e.g., squared resid-
uals for equalities and ReLU for inequalities), and gradients
are computed via automatic differentiation through the neural
policy = = mg ().

B. Homotopy-Based Training

Direct optimization of (3) for the original highly nonconvex,
constrained problem often suffers from infeasible solutions.
We therefore introduce a homotopy parameter Ay € [0, 1] and
train g over a sequence of homotopy problems H (z, Ap):

ngn f)\H() s.t. g,\H(-) <0, h)\H(~) =0,(2b) 4)

where (fx,,9r, P, ) interpolate between relaxed and origi-
nal formulations. The same penalty method as in (3) is applied
to the gradually tightened problem H (z, Apr), leading to

ngn P () + sz‘pi(hAH,i(')) + Zwipi(g,\H,i(')) 5

Training proceeds by: (i) initializing at an easy problem with
Ag = 0, (ii) optimizing © for a fixed number of steps,
(iii) incrementing Ay < Ay + AMg, and (iv) continuing
from the previous © as a warm start. This schedule gradually
approaches feasible regions of the original hard problem
instead of learning it from scratch, as in Fig. 2. We then design
two complementary types of homotopy transformations.
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Fig. 2: A desirable homotopy path where the previous problem
solution falls within the basin of attraction for the next.



C. Type I: Relaxation-Based Homotopy

Type I heuristics start from a relaxed objective and con-
straints set with a large feasible basin, and then gradually
enforce the true problem.

Convexify Objective (CObj): Replace a nonconvex fop
by a convex surrogate f.yx at Ay = 0 and interpolate:

Pruw = (L= Ag) fovx + Aa foi- (6)

Shrink Bounds (SBnds): Start with loose initial bounds
x € [e7, €] and gradually tighten them back to x € [z ™, zT]:

I'XH = (1—)\H)€_+)\H(E_;{E;\FH = (1_)\H)6++>\H(E+ (7

Grow Penalty (GPen): Scale (inequality) constraint
penalties with Az so that violations are weakly penalized early
and strictly penalized later:

Ang(-) <0 ®)

Split and Shrink (SaS) for Equalities: Convert h(-) =0
to inequalities —ey,, < h(-) < €y, with

exyg = (1= Am)em + Amer, )

where e > €, =~ 0. As \y — 1, equalities are enforced
tightly.

We combine CObj, SBnds, SaS, and GPen into (5) to obtain
a smooth transformation from relaxed to strict constraints.

D. Type II: AC-OPF-Aware Homotopy with Trivial Solutions

Type II heuristics exploit power-system structures to con-
struct homotopies for problems like ACOPF.
Load-Stepping: We gradually increase loads from zero
to their original values:

Pyt (Py=AuPa)+5(Qg—AnQa)—v® (Yousv)* = 0. (10)

At Ay = 0, a trivial no-load solution xy exists (intuitively,
voltage and power outputs should be all zeros when loads
are zero); the network is first trained to satisfy this easy
condition (optionally regularized toward some labels (), and
then moves back to the original load condition as Ay increases.
Tx-Stepping: We deform the system admittance matrix:
Y)\H = (1_)\H>YO+)\H1/bu57 (11)
where Y|y corresponds to low-impedance (nearly shorted) lines.
At A\ = 0, the system is well-conditioned with voltages close
to the reference at all buses, yielding an easy feasible solution.
As Ap grows, the NN is trained to maintain feasibility under
the gradually restored physical network.
Both load-stepping and Tx-stepping can be combined with
Type I relaxations inside the same homotopy schedule, en-
abling a robust training procedure for generic L20.

V. NUMERICAL RESULTS

We evaluate the efficacy of homotopy heuristics on both
the power grid optimal power flow problem and general ran-
dom non-convex constrained optimization problems to assess
generality. The use of homotopy is expected to enable a
more reliable convergence of the neural network models to
outperform non-homotopy results on the following criteria:

« Optimality: the objective function f,;; achieved by the
solution. For the ACOPF problem, it represents the per-
hour cost ($/h) of the generation dispatch.

« Feasibility: how much the solution  violates the equality
and inequality constraints. Feasibility is quantified by the
mean and maximum violation of constraints: mean(h(z)),
max(h(2)), mean(relu(g(z))), max(relu(g(z))). In
real-world tasks, smaller violation of constraints means
the neural network outputs a more practical solution for
real-world optimization and control.

We compare the different versions of homotopy L20 with a
non-homotopy baseline represented by the penalty method (3).
Appendix A describes the details on experiment settings and
hyper-parameter tuning, for a fair comparison.

A. Power Grid AC Optimal Power Flow Problem

This subsection evaluates the real-world task of the ACOPF
problem (defined in Section III). Table I shows ACOPF
results on a 30-bus system. Homotopy methods improve the
feasibility of NN outputs with smaller violations of equality
and inequality constraints. See Appendix A for our experiment
settings and hyper-parameter tuning.

B. Non-convex Optimization with Random System Constraints

First, consider a problem with a non-convex objective and
random linear inequality constraints:

n—1
min Z(l —2)? +2(xip —2D)? st Az < b+ CE (12)
v
where n is the problem size (complexity), « is the solution vec-
tor representing n variables to solve, £ is an round(0.4%n) x 1
vector representing the (known) input parameter that varies
across instances, A™*", p"*1 C4"(&) are randomly generated
matrices representing n random linear constraints.

Table II shows results on test data for problems with varying
complexity. Results demonstrate that adding homotopy heuris-
tics onto the penalty method enables neural network outputs
to have a smaller violation of constraints. See Appendix A for
details on experiment settings.

VI. CONCLUSION

This work introduced a homotopy-guided training heuristic
for self-supervised Learning to Optimize (L20) in highly
nonconvex constrained optimization problems, with a focus on
AC Optimal Power Flow. The proposed homotopy heuristics
reshape the optimization landscape by (i) gradually relaxing
and tightening objectives and constraint bounds to expand and
guide the basin of attraction, and (ii) exploiting power-system



Method | Obj Mean eq. Max eq. Mean ineq. Max ineq.
SaS, SBnds | 666 0.0027 (0.0015) 0.010 (0.005) 0.0000 (0.0000) 0.000 (0.001)
SaS, GPen | 666 0.0023 (0.0014) 0.008 (0.005)  0.0000 (0.0000)  0.000 (0.000)
Tx-stepping, SBnds | 665 0.0024 (0.0013) 0.008 (0.005) 0.0000 (0.0000) 0.000 (0.000)
Tx-stepping, GPen | 665 0.0017 (0.0009) 0.006 (0.003) 0.0000 (0.0000) 0.000 (0.000)
Load-stepping, SBnds | 666 0.0020 (0.0012) 0.007 (0.004)  0.0000 (0.0000) 0.000 (0.000)
Load-stepping, GPen | 667 0.0024 (0.0016)  0.009 (0.005)  0.0000 (0.0000)  0.000 (0.000)
Original penalty | 673  0.0036 (0.0027) 0.013 (0.010) 0.0000 (0.0000) 0.001 (0.003)

TABLE I: Results of ACOPF problem on case30, over 100 test instances. Mean and max violations are analyzed across instances, we list the
average value (std). The original penalty method has larger violations of constraints, whereas homotopy methods have smaller violations.

Method Complexity n
5 25 50 100
Alg =0.05 Alg =0.05 AXg =0.05  Alg = 0.005, Wineq = 500

obj 048 31.71 62.03 276.16
CObj, SaS, SBnds | mean viol  0.0000(0.0000)  0.0001(0.0002)  0.0003(0.0011) 0.0002(0.0009)
max viol  0.0000(0.0000) 0.0016(0.0048)  0.0129(0.0526) 0.0246(0.0947)

obj 0.48 31.69 62.59 253.42
CObj, SaS, GPen | mean viol  0.0000(0.0000)  0.0001(0.0005)  0.0002(0.0005) 0.0004(0.0018)
max viol  0.0000(0.0000) 0.0029(0.0121)  0.0061(0.0141) 0.0297(0.1032)

obj 0.48 33.35 62.33 272.36
SaS, SBnds | mean viol 0.0000(0.0000) 0.0001(0.0003)  0.0002(0.0009) 0.0002(0.0009)
max viol  0.0000(0.0000) 0.0023(0.0066)  0.0082(0.0222) 0.0180(0.0711)

obj 0.47 32.15 62.20 447.32
SaS, GPen | mean viol  0.0000(0.0000) 0.0001(0.0004)  0.0006(0.0035) 0.0031(0.0067)
max viol  0.0000(0.0000)  0.0024(0.0080)  0.0095(0.0347) 0.1990(0.3583)

Original obj 0.46 31.84 62.44 208.71
(penalt metgho d) mean viol  0.0000(0.0000)  0.0005(0.0010)  0.0005(0.0011) 0.0015(0.0023)
P y max viol  0.0000(0.0000) 0.0095(0.0160)  0.0193(0.0470) 0.1249(0.1877)

TABLE II: Non-convex problem with n variables and n random linear constraints as n varies as 5, 25, 50, 100. Results over 100 test instances
are listed, using metrics of objective, mean, and max inequality constraint violations. The violations are formatted as average value (std)
in this Table. Results show that the homotopy heuristics enable a smaller violations than the original penalty method.

structure to construct domain-aware continuation paths with
trivial feasible starting points. These mechanisms are general
and can be integrated into a broad range of L20 methods.
Numerical experiments on AC-OPF test cases and syn-
thetic nonconvex constrained problems show that, compared
to the penalty-based approach, homotopy-guided training con-
sistently improves convergence reliability and significantly
reduces constraint violations, while maintaining near-optimal
objective performance. These results highlight homotopy con-
tinuation as an effective heuristic for improving the conver-
gence of self-supervised L20 in power system applications.
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APPENDIX

A. Experiment settings and hyper-parameter tuning

To create a fair comparison in each optimization prob-
lem, experiments with and without homotopy heuristics will
train with the same NN architecture, Adam optimizer, and
learning rate scheduler (StepLR with step=100, gamma=0.1,

and a minimal learning rate 10~°; in homotopy methods, Ir
scheduler is only applied to the last homotopy step). Early
stopping is also applied in each experiment to avoid over-
fitting: each original penalty method trains for 1,000 epochs
with warmup=50, patience=200, and each homotopy method
trains 100 epochs in each homotopy step with warmup=50,
patience=50. All NNs are trained on PyTorch.

Experiment settings for the non-convex problem with ran-
dom linear constraints, see problem definition (12) in Section
V-B, are listed below:

o Dataset: 50,000 instances (with train/validation/test ratio
8:1:1)

e« NN architecture: cylinder NN
den layer size increases with
hiddenlayersize = 304/n/5

o Penalty weights: weq = 50, Wineq = 50

« Homotopy settings: CObj has fep, = S20, (1 — ;)% +
2(z?,, + ), SaS has ey = 0.01,e;, = 0, SBnds has
ef=1,e =0.

These hyper-parameters are tuned and kept fixed across all
experiments of this non-convex problem.

For the ACOPF problem, we propose an additional trick of

P, pull-up and used it on all experiments.
(P, pull-up) Based on power system domain knowledge, any

with 4 layers, hid-
problem size n by



decision with supply lower than demand is always technically
infeasible. To avoid bad predictions of this type, we apply

the

heuristics of P, pull-up where an additional domain-

specific constraint P, — >  P; > € is added to pull the
generation up and thus promote convergence to a point with
total supply higher than demand. This constraint is not subject
to homotopy heuristics and remains the same in the homotopy
path. experiment settings are as follows. Similarly as for other
constraints, we have a weight wy,;.p to impose the additional
constraint in penalty method.

The

[1]
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[5

=
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[7

—
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Dataset: 50,000 instances (with train/validation/test ratio
8:1:1), data are generated by randomly sampling load
profiles in the range of 75% — 150% of the base load
profile (base load is the load in case data).

Batchsize: 1024

NN architecture: cylinder NN with 2 layers and hidden
layer size = 200,

Penalty weights: wey = 10°, wjpeq = 10°

General homotopy settings: Al = 0.05, SaS has ey =
0.01,e, = 0, SBnds has ¢ = 1,e~ = 0.

Domain specific homotopy settings: warm homotopy loss
has Wygrm = 108

others: P, pull up has wpy., = 105, e = 0.01

hyper-parameters are kept fixed across all experiments.
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