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Optimal control of differential-algebraic equations represents a major challenge due to the intricate relationship
between the state dynamics and the algebraic constraints, especially for large-scale power transmission systems
with discrete topology actions. The limitations of conventional controllers and unconstrained deep reinforcement
learning algorithms lie in the failure to ensure the feasibility, safety, and long-term stability of the system while
maintaining the DAE simulation consistency. To overcome the limitations of the existing solutions, the present
work proposes a structured DRL approach, which integrates the Attentive Differentiable Structure for Control
Optimization and the Policy Embedded Gradient Field Navigation algorithms. The ADSCO method represents
the grid observations and the topology actions using a shared latent space, while the attentive energy modeling
ensures the state-action compatibility using feasibility-aware signals from the DAE constraints. The PEGFN
method refines the policy outputs using the constraint-informed gradient field defined on the relaxed action
simplex. The effectiveness of the proposed method was tested using the LZRPN and RL2Grid test cases and
proved to give better results compared to both previous methods and the current best reinforcement learning
algorithms. Specifically speaking about the paper under discussion, ‘simulation consistency with respect
to DAEs’ is the property that ensures that all control measures that are implemented within the proposed
framework are consistent with the dynamics of the power system represented by DAEs.
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1. Introduction

As the complexity of engineering systems grows, there is a
need to develop new methods for controlling Dynamical
Systems where Differential Algebraic Equations (DAEs) [1]
form the basis of modeling. The main reason for such a
need is the combination of the Differential and Algebraic
sections in DAEs modeling, making it difficult to apply
conventional control approaches as well as the system’s
stability analysis [2]. Conventional Model-based Control
approaches also fail to tackle high-dimensional non-linear
systems under feasibility constraints [3]. As a result, adap-
tive control approaches should be developed for coping

with algebraic constraints alongside enhancing the system
performance by interacting with the environment [4]. DRL
approach is suitable for solving this issue because of its
learning capacity through trial-and-error interactions [5, 6].

The first research on the control of the DAE system has
been carried out using mostly model-based methods that
use concrete mathematical models and solid theoretical
foundations [7, 8]. The model-based method gives the pos-
sibility of designing the controller through the application
of pre-defined models of the systems and provides reliable
theoretical guarantees for stability, feasibility, model predic-
tive control, feedback linearization, and Lyapunov stability
theory [9]. The model-based method loses its efficiency
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in the case of inaccuracies in modeling, disturbance, un-
certainty, and real-time computation [10]. The increase in
the number of variables, algebraic equations, and stiffness
complicates the realization of the method in CPS and DAE
[11,12].

This requirement gave rise to the development of ap-
proximate methods which included statistical modeling
and light-weight prediction algorithms [13]. These meth-
ods helped address inflexibility of the analytical control
through surrogate modeling of the dynamics [14]. On the
other hand, for DAE constrained control problems, hybrid
approaches that included adaptive learning of differential
dynamics and algebraic constraint handling using projec-
tion, regularization or optimization were developed [15].
While flexible, especially in the case of partial observability,
these methods have their disadvantages too. For exam-
ple, getting an accurate surrogate model is possible only if
there is enough data available [16]. Besides, lack of prior
structural knowledge reduces generalizability in nonlin-
ear highdimensional systems and may result in infeasible
solutions due to poorly handled constraints [17].

DRL applied to differential-algebraic equations (DAEs)
makes autonomous control more flexible and robust [18].
Deep networks learn to map the high-dimensional state
space of DAEs into actions by learning the nonlinear tem-
poral relationships between them without a model during
interactions [19, 20]. Constraint handling in DRL based on
DAE can be done using penalties or specific architectures
[21, 22]. Issues associated with DRL based on DAE include
gradient variance, hyperparameters, and reward sparsity
[23].

Using techniques such as Deep Q Networks, Proximal
Policy Optimization, and Soft Actor-Critic, the deep rein-
forcement learning technique facilitates learning of non-
linear control policy in complex and high-dimensional con-
trol applications [24]. The technique has been applied to
robotic systems, automated driving, power system engi-
neering, and other stochastic control applications [25]. Al-
though deep reinforcement learning does not depend on
system dynamic models and thus is applicable to hard
dynamic control applications, there are some problems in
applying deep reinforcement learning in control engineer-
ing in terms of efficiency, stability, and safety of the process.
These challenges can be addressed through using the syn-
ergy of the reinforcement learning techniques and other
methodologies such as Lyapunov techniques, Hamilton-
Jacobi-Bellman formulation, robust control, randomization,
imitation learning, and curriculum learning [26]. Safe rein-
forcement learning refers to the process of optimizing poli-
cies considering both state and action constraints. There

are several review articles concerning constrained formu-
lations and algorithms [27], constrained Markov Decision
Process [28], safety reward optimization and convergence
properties [29], real-time stabilization with state constraints
[29], and continuous-time nonlinear system and Barrier
Lyapunov Function approach [30]. In the field of related
studies in DAE and control, there are studies dealing with
optimal control for linear-quadratic infinite dimensional
DAE [31], DAE theory, observers, optimal control and al-
gebraic aspects [32], and the extension of linear-quadratic
control in Hilbert-space DAE with Popov operator [33].

With constraints imposed on a system, e.g., power
systems, chemical process systems, and mechanical sys-
tems with kinematic constraints, we can derive differential-
algebraic equations. DAEs consist of both algebraic and
differential equations with algebraic equations modeling
system constraints in contrast to ordinary differential equa-
tions (ODEs). The solution of DAEs and its analysis and
control become difficult processes [34]. DAEs can be clas-
sified according to index that defines the number of dif-
ferentiations to convert the DAE to an ODE; higher index
DAEs tend to be more difficult to solve because of their
sensitivity to constraint satisfaction [35]. Conventional con-
trol methods like projection methods, index reduction, and
geometric control require accurate models and are there-
fore not suitable for many applications [36]. On the other
hand, control of DAE requires constraint satisfaction ap-
proaches that meet optimization and constraint satisfaction
requirements, like linear and nonlinear MPC, feedback lin-
earization, and differential geometric control [37].

Condensed version with references preserved:

Integrating deep reinforcement learning with DAE-
constrained systems is important for learning control poli-
cies that satisfy structural constraints. A key challenge
is ensuring that policies respect algebraic constraints dur-
ing both training and deployment, since violations can
produce infeasible control actions and make the problem
more difficult than unconstrained DRL [38]. Existing meth-
ods address this through constraint-enforcing simulation
environments, reward-penalty terms, and constrained re-
inforcement learning or optimization techniques based on
Karush-Kuhn-Tucker conditions, although penalty-based
approaches often require tuning and may not guarantee
constraint satisfaction [39]. For DAEconstrained systems,
differentiable simulators and physics-informed neural net-
works offer stronger constraint-satisfaction guarantees, but
challenges remain in stability and generalization [33, 34].
Related studies include Hammad Saeed et al. [40] im-
proved DC microgrid current sharing and voltage control
using gray-wolf-optimized adaptive droop control, and
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Nurpatsha [41] compared SNN, Bi-LSTM, CNN, and GRU
for Alexa voice command classification, showing strong
CNN performance in recall and accuracy and SNN perfor-
mance in precision and AUC.

Despite some improvements being witnessed in the
development of sliding mode and super twisting con-
trol strategies, some weaknesses still remain in the form
of a lack of guarantee of feasibility, scalability to high-
dimensional spaces, and the capability of dealing with
scenarios where there is partial observability of the system
states. In addition, the traditional approach uses models
to achieve the required control, which poses a challenge
when dealing with nonlinearities, high dimensionality, or
incomplete knowledge of the system dynamics.

In an attempt to address the problems faced by earlier
research, this methodology integrates the ideas of deep re-
inforcement learning and DAE constraints. Deep reinforce-
ment learning is used to learn the latent embeddings and
the attention scores for checking the feasibility of state for
discrete topological actions. However, the DAE constraints
help enhance the performance of the policy via gradient
updates on the constrained action simplex space. The pro-
posed approach deviates from the existing approaches such
as constrained reinforcement learning and energy-based

models.

2. Materials and methods

2.1. Overview

This section presents a combined approach to solve the op-
timal topology control of the power transmission grid with
DAE constraints. It is very simple to describe the power
transmission grid using DAEs, but the topology control
process needs some discrete actions such as switching. It
would be hard to solve this problem with traditional model-
ing and combinatorial optimization algorithms considering
the dimensionality, randomness, and realtime nature of the
problem. Although the DRL is suitable to perform sequen-
tial decision tasks, the constrained conditions of the DAEs
can be ignored while using the conventional DRL algo-
rithm. Thus, this problem is formulated as a constrained
sequential decision problem as the conventional environ-
ments L2RPN and RL2Grid.

2.2. Preliminaries

Several assumptions are made to simplify modeling and
support effective algorithm training. Quasi-steady-state
dynamics are assumed between control actions, allowing a
DAEbased model without high-frequency transients. Al-
gebraic constraints represent physical limits such as volt-
age magnitudes, power balance, and line capacities, while

topology changes are treated as instantaneous control ac-
tions. Uncertainty in load and renewable generation is han-
dled through scenario-based modeling rather than proba-
bilistic modeling.

Component interactions are captured by the DAE simu-
lator, and disturbances are modeled by adding small Gaus-
sian noise to observations during training.

Formalizing the topology control problem has begun for
power transmission networks under DAE constraints. Let
X C R” denote the continuous dynamic state space (e.g.,
generator or other slow system states), and let ) C RY
denote algebraic variables associated with network con-
straints (e.g., bus voltage magnitudes and phase angles).
The control process evolves over a finite decision horizon
indexed by discrete time steps t = 0,1,...,T. The power
system dynamics were governed by a DAE of the form of
Eq. (1) and Eq. (2):

X(H)& = f(x(t),y(t),a(t)) )

0& = g(x(t),y(t),a(t)) @

Formulation: f(-) is the differential equation of the sys-
tem, while g(-) = 0 is the algebraic equation of the system
such as power flow equations and Kirchhoff’s law. The
control variable a(t) € A is a discrete topology change,
such as line switching or busbar switching. In order to
obtain the value of the algebraic variables y(t), it need to
solve Eq. [eq: dae_alg] corresponding to each state-action
pair (x(¢),a(t)). Thus, the topology control problem can be
formulated as a decision-making problem under constraint
where the state s; € S represents line loading, voltage pro-
file, topology, and contingencies, and the action a; € A
results in state transition as per Eq. (3):

ste1 ~ P (- | st ar) 3)

where the transition kernel P is defined implicitly by
DAE-consistent power system simulation based on [eq:dae
diff]-[eq:dae alg]. The control objective is to learn a policy
7t(a | s) that maximizes the expected cumulative opera-
tional reward as Eq. (4):

J() = Ex

T-1
Y ”(Strﬂt):| 4
=0

where 7 (s¢, a;) captures grid operation objectives such
as overload mitigation and system survivability, and -y €
(0,1) is a discount factor. Operational and safety con-
straints are expressed through cost functions as Eq. (5):

c® (sy,a;) >0, k=1,...,K 5)



4 Guoxing Si

which quantify violations of physical or security lim-
its (e.g., line overloads or voltage violations). These con-
straints define a constrained Markov decision process
(CMDP), where feasible control policies must satisfy pre-
scribed budget limits on cumulative constraint costs.

To support the proposed modeling and optimization
strategy, the feasible control manifold was defined as
Eq. (6):

M:= {(s,a) ESxA ‘ the DAE (1)~(2) admits

a physically feasible solution}
(6)
This manifold characterizes the subset of topology ac-
tions that are consistent with the underlying power system
physics and serves as the foundation for the constraint-
aware policy design introduced in the subsequent sections.

2.3. Attentive Differentiable Structure for Control Opti-
mization (ADSCO)

The method ADSCO is applicable for DAE-constrained
topology control of power grid in domains such as L2RPN
and RL2Grid, where the action spaces consist of discrete
topology actions and the validity of each action is deter-
mined by DAE simulation. This method improves the
learning of policies by incorporating the representation of
grid observation and topology action in a common latent
space as well as employing a differentiable score function
with constraint awareness to eliminate invalid topology

actions.
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Fig. 1. Illustration of ADSCO for topology control

Fig. 1 summarizes the ADSCO pipeline for DAE-
constrained power grid operation, including (i) latent em-
bedding of grid observations and topology actions, (ii)
attention-based action compatibility scoring, and (iii) a
constraint-aware objective that favors feasible and secure
topology decisions.

2.3.1. Latent Embedding and Attention

Let s € S denote the observable grid state returned by
the simulator, and let 2 € A denote a discrete topology
action. ADSCO defines an action-scoring function F : S x
A — R that maps a state-action pair to a scalar energy
(lower is better). Instead of treating this mapping as a black
box, a structured embedding approach with modular latent
components is adopted as Eq. (7):

F(s,a) = (¢(s),0(a),v(s,a)) @)

where ¢ : S — RY encodes the grid state into a d-
dimensional latent space, 6 : A — R? encodes the topol-
ogy action, and 7 : S x A — R¥ captures attention-based
interaction features between states and actions. The atten-
tion mechanism prioritizes topology actions that are most
compatible with the current grid state. An attention kernel
k: R? x R — [0,1] is defined by a SoftMax-normalized
similarity as Eq. (8):

B exp (qu/T)
Laeaexp (p'0(a) /1)
where T > 0 is a temperature, p = ¢(s), and q = 6(a).

x(p,q) ®)

This kernel normalizes compatibility scores across the dis-
crete action set. The attention-modulated interaction map
is obtained by aggregating action embeddings weighted by
compatibility as Eq. (9):

v(s,a) = k(¢(s),00(a)) - 8(a) ©)

The problem formulation requires the representations
of both states of the system and actions to be in the same
latent space, enabling the assessment of the actions through
comparison of their similarity to the present grid state.
In such a manner, those topological actions that are most
similar to the state of the system will be preferred. The
selection of actions is performed by minimizing the action
energy, see Eq. (10):

4 = argminF (s, a) (10)
acA

For differentiable learning, the corresponding Boltz-
mann policy is induced by the energy as Eq. (11):

exp(—F(s,a))
Yoeaexp(—F(s,a))

To enhance the smoothness of the action-energy land-

n(a]s) =

(1)

scape and stabilize learning, an auxiliary regularization

term over the energy scores was introduced as Eq. (12):

£6) = Mmoot - ¥ |[Vaw ), 02
ac A
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Where Agpooth > 0 controls the strength of smoothness
regularization on the action embedding space.

The above-mentioned scoring technique provides an
energy score for every possible activity. This implies that
activities with low energies conform more to the constraints
of the system. Activities are selected in a random manner
on the basis of the provided scores.

2.3.2. Differentiable Control Vector Fields

Topology actions are discrete; therefore, vector-field re-
finement is performed on a continuous relaxation of the
action distribution rather than directly on the action itself.
Let q(s) € Al be a relaxed action probability vector on
the simplex, with components 4, (s) corresponding to ac-
tions a € A. The expected energy was defined under q as
Eq. (13):

K
Vg(s,q) = %qa(S) F(s,a)+ Bo+ kz Br- o(@(s)) (13)
ac =1

Vg can be represented as per Eq. (13) through a sum-
mation operation involving the products of a set of basic
functions {(fk}gzl and parameters {‘Bk}gzl. In regard to
the basic functions oy, they have been defined as RBFs
whose center points are selected as the representative state-
action pairs and fall within the domain of latent embed-
dings encountered by the neural network during training.
Parameters By, on the other hand, have been learned along-
side other neural network parameters by means of gradient
descent.

Where {0y} are smooth basis functions that shape the
potential in state-embedding space. The induced corrective
direction is defined as the negative gradient of the potential
with respect to the relaxed distribution, as Eq. (14):

g(s,q) = —=VqVs(s,q) = —[F(s,a)]aca (14)

Starting from an initial distribution q;, ADSCO applies
an iterative refinement step as Eq. (15):

qrr1 = a (g +a - g (st,q)) (15)

Where a > 0 is the step size and I, denotes projection

onto the simplex to ensure q;y1 € AL

To avoid overly
sensitive representations, Lipschitz-style constraints on the

encoders are imposed as Eq. (16):

[Vsp(s)ll, < Ls, [|6(a)ll2 < La (16)

Where Ls and L, control sensitivity of state embeddings
and the magnitude of action embeddings, respectively.

2.3.3. DAE-Feasibility Consistency Loss

To ensure that the learned scoring function aligns with DAE
feasibility, violation signals are returned by the simulator
after applying an action. Let v(s,a) > 0 be a normalized
violation measure (e.g., overload or voltage violation mag-
nitude). A feasibility consistency loss is defined as Eq. (17):

C(s,a) = (Hs(s,a) — v(s,a))? (17)

Which penalizes a mismatch between the learned con-
straint score and the simulatordetected violations. This
encourages ADSCO to assign a higher penalty to actions
that lead to DAE-infeasible or insecure operating points.

2.3.4. Hierarchical Policy with Topology

The final component introduces a constraint-aware hier-
archical policy Il that explicitly accounts for topological
feasibility. Rather than enforcing feasibility as an external
post-processing step, this was embedded into a differen-
tiable constraint representation (As shown in Fig. 2).
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Fig. 2. Illustration of Hierarchical Policy with Topology

Fig. 2 summarizes the constraint-aware action scoring
and aggregation mechanism for discrete topology control,
where feasibility-related features are integrated into the
policy objective via differentiable constraint heads.

A constraint scoring function is defined Hs : S x A —
R parameterized by J as Eq. (18):

Hs(s,0) =6 tanh(Wg(s) @D 6(a))) (18)

Where W is a trainable matrix and tanh(-) ensures
bounded and smooth constraint features. This mapping
captures non-linear feasibility and security surfaces in-
duced by the underlying grid topology. The hierarchical
policy is then defined by minimizing an augmented objec-
tive over discrete actions as Eq. (19):

I1s5(s) = argmin {F(s,a) + A - Hs(s,a)} (19)
ac A

Where A > 0 balances operational performance and
feasibility. To ensure stability near constraint boundaries, a
soft-margin regularization is introduced as Eq. (20):
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Rmargin(5,4) = log (1 +exp (v - Hs(s,a))) (20)

Where v > 0 controls the softness of constraint enforce-
ment. Furthermore, the constraint scoring is extended
to multiple heads and aggregates them by attention as
Eq. (21):

M
’H;gg(s,a) = Z a;(s,a) - Hy, (s, a) (21)
i=1

Where w;(s,a) are

le'\il IJ(,'(S,EI) = L
jointly minimizes the augmented objective as Eq. (22):

attention scores satisfying
The final hierarchical policy thus

IT5(s) = argmin{ F(s,a)+A Hggg(s,a)
acA (22)
+B Rmargin (s,a) }

Where B > 0 is a regularization coefficient.

Incorporation of such constraint cues is done via atten-
tion to the most salient elements affecting the situation at
hand, thus ensuring priority of action on the most impor-
tant aspects of the situation.

2.4. Policy-Embedded Gradient Field Navigation
(PEGFN)

Based on the findings of ADSCO, the new algorithm for
solving the problem of DAE constraint in discrete topol-
ogy control is PEGFN which builds upon the procedure of
action selection by taking into consideration the previous
policy while constructing the gradient field from the con-
strained discrete action space. This ensures safe exploration
without any infeasible topology as shown in Fig. 3.

R\ R\
I T .I !
g
s p;
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Field-Guided Trajestory Update:

Fig. 3. Illustration of PEGFN for topology control

Figure 3 shows the mechanism of PEGFN through the
use of the gradient field approach that uses policy condi-
tions, feasibility masking, projection, and robustness reg-
ularization under the constraints of DAE. The controller

design ensures that actions taken by representing the sys-
tem state including generated power, bus voltage, and net-
work topology in latent space using the architecture of
two layers of ReLU MLP. Actions are represented in latent
space that is evaluated for feasibility and relaxed to feasi-
ble action space under the constraints of DAE. The entire
process of controller design consists of two stages; ADSCO
produces strong candidate actions in action energy space,
while PEGEN projects onto feasible action space, as shown
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Fig. 4. Workflow of the ADSCO + PEGFN Framework

2.4.1. Policy-Conditioned Gradient Field

Lets; € S denote the observed grid state at time ¢, and let A
be the discrete set of topology actions. ADSCO provides an
energy score F (s, a) for each a € A. The nominal action
distribution induced by the energy model, as Eq. (23):

(0) _ exp(=F(s,a))
Tl = e (FEa)y P

To enable differentiable refinement, the distribution as

a simplex vector is represented q() (s;) € AMI. A policy-
conditioned potential over q is defined as Eq. (24):

& (st,q) = %q(a)f (st,a) (24)

and the corresponding gradient field on the simplex as
Eq. (25):

G(st,9) == —Vq€ (st,q) = — [F (5t,8)]4eq- (25)
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This field points toward distributions that reduce ex-
pected energy, thus favoring topology actions with lower
operational cost and lower predicted constraint penalty.

2.4.2. State-Dependent Gating

Not all states require equal correction. The scalar risk indi-
cator « (s¢) computed from the observation (e.g., maximum
line loading ratio or the number of active violations re-
turned by the simulator). PEGFN uses a smooth gating
function : § — [0,1] as Eq. (26):

1
~ 1+exp(—p-(x(st) —xo))
Where xj is a fixed risk threshold, and p > 0 controls

1 (st)

(26)

sharpness. When the grid operates near security limits,
1 (st) approaches 1, and PEGEN applies stronger refine-
ment. An amplification factor is defined « (s;) € Ryas
Eq. (27):

a(st) =wo+ o -7 (st) (27)
Where ap > 0 and a; > 0 are fixed hyperparameters.

2.4.3. Field-Guided Refinement with Feasibility Projection

Refinement of PEGFN takes place in one step for each de-
cision iteration, with the starting point being q(¥) (s;) as
shown in Eq. (28). While prior simulations included refine-
ments through five steps, it was realized that such benefits,
if any, offered by such refinements were insignificant, while
there was added computation cost involved, without im-
proving any other aspect of the system:

a(st) =11a (0 (s0) +a(s0) 7 () G (51,9 () ) @8)

Despite the use of the iterative improvement approach
by both ADSCO and PEGEN, there is a certain difference
between how the two algorithms operate. More precisely,
while ADSCO (Equation 15) uses iterative improvement
of action energy scores in the latent space of policies for
generating action preferences and building a proper en-
ergy landscape for decision making, PEGFN (Equation 28)
improves the probability distribution of discrete topology
actions through the use of policy-dependent gradient fields
and action masks from operations.

Where T, denotes projection onto the probability sim-
plex AMI. To enforce hard feasibility for topology actions,
an action feasibility mask is applied to m (s;) € {0,1}/4l
derived from operational rules and simulator-provided
constraints (e.g., forbidden switch operations and known
infeasible actions). The projected feasible distribution is as
Eq. (29):

gla|st) m(a|st)
Yaeaqa |s) m(a'|st)+e

Where € > 0 is a small constant for numerical stability.

qproj(a | s) = (29)

The final topology action is selected as Eq. (30):

a; = argmaxq proj (a | s¢) (30)

acA

The environmental transition s; 11 ~ P (- | s¢,a¢) is then
produced by DAE-consistent power system simulation, as
defined in Section 3.2. PEGFN does not apply Euler inte-
gration, since the simulator already implements physically
consistent transitions under the DAE constraints.

This stage can be seen as the adjustment period of the
suggested policy, where the outcomes will be polished
based on the energy expectations gradient usage, and then
mapped to the space of actions.

2.4.4. Robustness Regularization

To stabilize decision making and encourage robustness
under uncertainty, the refined distribution is regularized
by an entropy term as Eq. (31):

H(s) = — ) 47 (a | s1)loggproj (a]st) (1)
acA

Additionally, the feasibility risk of using simulator vio-
lation signals is penalized. Let v (s¢,a¢) > 0 be the normal-
ized violation magnitude returned after applying a; (0 if
feasible).

A feasibility penalty is defined as Eq. (32):

R (st,at) = v (st a) (32)

The PEGFN-refined decision is trained jointly with AD-
SCO under the following stepwise objective as Eq. (33):

Lyrrgeny = E []'— (st,at) + MR (st,at) —AMH (St)} (33)

Where A1 > 0 and A, > 0 are fixed weights. This objec-
tive encourages low-energy and feasible topology decisions
while maintaining sufficient exploration.

2.5. Component-wise Decomposition

Simplified description of architecture: This proposed ar-
chitecture has been divided into five interconnected mod-
ules for solving the problem of optimal control for the
task with constraints from DAE. Module C1 represents
high-dimensional grid observations and topology actions
together in a single latent space using the attention mech-
anism to get actions corresponding to the current state of
the grid. Module C2 builds an energy landscape for con-
trol with relaxed action distributions which allows one to
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optimize the policy without backpropagation through the
DAE solver. C3 module includes topology constraints and
feasibility information received from the simulation using
DAE into the policy. C4 optimizes the actions received from
the policy with the help of policy-guided gradient fields in
the action space. C5 module provides global constraints
and regularization to prevent infeasibility and instability.

3. Results and discussion

In this section, an assessment of ADSCO+PEGFN method
for control of power grid topologies using L2RPN and
RL2Grid benchmark sets will be done. The purpose of
experiments is to evaluate performance in terms of control
effectiveness, operational safety, computational efficiency,
and generalizability to novel scenarios.

3.1. Task Definition

Problem statement can be viewed as the topology control of
power transmission networks under DAE constraints. In-
put variables are: observable grid state s; : loading factors,
voltages, topology status, contingency flags. Output vari-
ables are: chosen discrete topology actions a; € A : lines
switch, busbar topology change, etc. Problem statement
is formulated as reinforcement learning problem, where
the policy is learned to choose actions with maximum long-
term operation benefit in view of the safe grid. The signal
for learning is obtained from the interaction with the sim-
ulator, but not explicitly provided by labels. Every time
step, the simulator returns rewards and constraint violation
signals (overload, voltages violation, etc.).

3.2. Dataset and Data Preprocessing
Datasets

Some examples of benchmarking platforms for control-
ling power grid via reinforcement learning are L2ZRPN and
RL2Grid. In the simulation-based setting of L2RPN, the
state transition is attained via DAE consistent power flow
simulation without any use of traces.

L2RPN takes advantage of chronics that refer to large
scale operation of power grid with time series data regard-
ing load, generation, and contingencies. Each chronic is
an instance of one RL episode that may last hundreds or
even thousands of steps but will be ended earlier when
security constraint is violated. On the other hand, the grid
control problems in RL2Grid can be defined in a unified
way with topology control having a fixed-horizon episode
with discrete actions.

3.2.1. Data Preprocessing

Equal pre-processing of the data is applied to both L2RPN
and RL2Grid datasets for the purpose of comparing them.

As the data in both domains is obtained through simula-
tors, there is no need for removing the duplicated instances.
The samples that contain missing data from the simulator,
have NaNs, have unsolved solver problems at the begin-
ning of an episode or do not have full set of observations
features are removed, whereas episodes that have been
stopped because of an unsuccessful simulation due to ex-
traordinary circumstances are considered as examples of
poor feedback in reinforcement learning. Continuous fea-
tures, such as line loading ratio, voltages and power flows
are normalized via min-max normalization using training-
set statistics, whereas topology features are left as they
are. Temporal information and order of components are re-
tained by the simulator without any predefined prediction
horizon, windowing, stride sampling or negative sampling.

3.3. Evaluation Metrics and Baseline
3.3.1. Metrics Definition

The below-mentioned four metrics are applied to assess the
performance of all the considered methods:

1. Average Episodic Reward to evaluate system perfor-
mance;

2. Constraint Violation Frequency to determine safety
violations (loads and voltage violations);

3. Average Episode Duration to determine stability and
robustness till failure;

4. Total Load Curtailment during Episode as an eco-
nomic and reliability metric.

Computation time is evaluated using model hyperpa-
rameters and floating-point operations per inference step.

3.3.2. Evaluation Protocol

The evaluation procedure is performed off-policy based
on pre-defined splits of L2RPN and RL2Grid. At each
step, actions are sampled from the full action space with-
out any Top- K estimation at evaluation time. The results
are averaged over complete episodes, wherein the seen
environments are distributed according to the training
set, whereas the unseen environments consist of excluded
chronics. Agents are terminated either normally or fail.

3.3.3. Statistical Settings

To ensure statistical reliability, each method is trained and
evaluated using N = 5 independent runs with different
random seeds. Results are indicated as the mean standard
deviation of the runs. The significance of the difference
between the method and the most effective baseline was
determined by a two-sided paired t-test, with differences
being significant at p < 0.05.
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Baselines

The proposed ADSCO+PEGFN framework is compared
against six fixed baselines that cover traditional approaches,
mainstream DRL models, recent state-of-the-art methods,
and lightweight practical solutions. The baselines are: Rule-
Based Topology Controller, DC-OPF Controller, DQN, PPO,
GNN-PPO, and A2C. All baselines operate on the same ob-
servation and action spaces and are trained and evaluated
under identical data splits and computational settings to

ensure fair comparison.

3.4. Implementation Details
3.4.1. Training Details of the Proposed Method

Experiments are conducted on a system configured with
Ubuntu 20.04 LTS, which has two AMD EPYC 7543 pro-
cessors, 256 GB of memory, and a single NVIDIA A100
40GB graphics processing unit. The model is built based on
Python 3.9, PyTorch 2.0, CUDA 11.7, and cuDNN 8.6. On
the other hand, L2RPN and RL2Grid provide consistent
simulations of the power grid for DAE while NumPy 1.23
and SciPy 1.10 are used for numerical computations. No
use of any pre-trained models or third-party control solver
algorithms is involved.

3.4.2. Model Configuration

For the model of ADSCO+PEGEN, the hyperparameters
of structure are set to be fixed across all the experiments.
The state encoder ¢(-) maps the raw grid states into the
latent 128-dimensional space using a two-layer ReLU MLP.
The discrete topology action is mapped into the 128 -
dimensional embedding space 6(-). Single head scaled
dot product attention mechanism is applied to compute
the compatibility score between the state and action with
a constant temperature. The energy function F(s,a) is a
lightweight feed-forward network which takes state em-
bedding, action embedding, and interaction vector from
the attention module as the inputs and outputs energy
scores. For PEGFN, the action distribution is optimized by
a single gradient update on the action probability simplex.

3.4.3. Fairness Statement

All techniques use the same interface for environments,
observation representations, and actions as defined by the
benchmarks. Preparation and assessment are done with the
same training, validation, and test data splits and under the
same hardware and software conditions. All techniques’
hyperparameters are optimized only on the validation set,
and the reported metrics are calculated from evaluation on
the separate test set without further modifications.

3.5. Results on L2RPN Benchmark

The L2RPN is the standard test for the performance of the
long-horizon control of power grid topology under real-
world constraints and DAE simulations. It is clear from the
results shown in Table 1that ADSCO+PEGEFN outperforms
all other baseline algorithms on the basis of all measures
that are comparable to theirs in the same experimental set-
ting. ADSCO+PEGFN has a mean episodic return of 336.8
which is 20.9 higher than that of GNNPPO and it also low-
ers down the constraint violation ratio from 5.4% to 3.9%.
Moreover, it improves the stability with an increased sur-
vival time of 637 timesteps and decreases the load shedding
by 18.4% compared to GNN-PPO. over N = 5 independent
runs.

The results of RL2Grid are reported in Table 2, where
the attention is paid to generalization and robustness of
the algorithms in new operational settings. The suggested
algorithm ADSCO+PEGFN demonstrates superiority to
all other approaches in relation to all metrics. In particu-
lar, it provides the largest average episodic return, which
equals 311.4 and is 21.8 better compared to the GNN-PPO
approach. Moreover, the algorithm demonstrates better
performance in terms of safety because it reduces the vi-
olation rate to 4.6% compared to 6.8% of the GNN-PPO
and even 7.5% for PPO and A2C. It happens because of
the PEGFN action refinement through the constraints and
energy-based representation of ADSCO, which includes
the hints about the feasibility of DAE within the policy
learning. ADSCO + PEGFN also performs better in terms
of stability providing the average survival time equal to 602
and the minimal load shedding value per episode equal to
97.8 that is 19.2% less than GNN-PPO.

deviation over N = 5 independent runs.

3.6. Main Ablation Analysis

The absence of any element from the ADSCO+PEGEN sys-
tem results in a bad result on all the metrics, as can be seen
from Table 4. In case when the attention-based state-action
interaction is ignored, the expected return drops to 301.7
compared to 324.1 before, whereas constraint violations
increase from 4.2% to 6.1%. Thus, we have shown the im-
portance of accounting for action compatibility in different
environments. The absence of PEGFN affects the stability
the most, reducing the survival length by 88 actions and in-
creasing constraint violations and load shedding. Thus, the
use of gradient refinement, accounting for the constraints
is vital for safe policies. The lack of feasibility penalties and
entropy leads to even more unstable behavior, with con-
straint violations being equal to 7.5% and load shedding to
134.2. over N = 5 runs.
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Table 1. Experimental results on the L2ZRPN benchmark. Results are reported as mean + standard deviation

Method Avg. Return  Violation Rate (%) Survival Steps Load Shedding
Rule-Based Controller ~ 214.6 £18.9 127+1.6 382 £41 186.4 £22.1
DC-OPF Controller 2413+214 98+12 426 + 37 163.7 +19.5
DON 276.8 +24.6 74+1.0 498 £+ 45 1392+17.8
PPO 298.5+19.7 6.2+0.8 542 £39 1216 £154
GNN-PPO 3159+£17.3 54407 578 £33 1123+ 14.1
A2C 28714225 6.8+0.9 521 +£41 1289 £16.7
ADSCO+PEGFN (Ours)  336.8 +-14.9 39405 637 £28 91.7 £11.6

Table 2. Experimental results on the RL2Grid benchmark. Results are reported as the mean + standard

Method Avg. Return  Violation Rate (%) Survival Steps  Load Shedding
Rule-Based Controller ~ 198.3 £ 20.6 1494138 361 44 201.7 +24.9
DC-OPF Controller 2265+22.1 116+14 402+ 39 176.8 +21.3
DON 254.7 +26.4 89+12 471 £48 148.6 £19.7
PPO 271.9 +21.8 76+1.0 509 £ 41 1334 +£17.2
GNN-PPO 289.6 £18.9 6.8+£0.8 544 + 36 121.1+15.6
A2C 263.2+23.7 81+1.1 486 £43 1419+ 184
ADSCO+PEGEN (Ours) 311.4+16.2 4.6+0.6 602 £31 97.8+12.8

Table 3. Computational efficiency comparison on LZRPN and RL2Grid benchmarks

Method Params  FLOPs (per step)
DON 1.6 M 042G
PPO 23M 0.61G
GNN-PPO 6.8M 194G
A2C 21M 0.58G
ADSCO+PEGEN (Ours) 3.4M 0.89G

Table 4. Main ablation results on LZRPN and RL2Grid. Results are reported as the mean + standard deviation

Avg. Violation Rate Survival Load
Variant Return (%) Steps Shedding
Full ADSCO+PEGFN 324.1 + 42405 619+29 9484122
15.6
w/o Attention-Based 3017 4+ 61+07 563 +£35 118.6+154
Interaction 18.9
w /o Policy-Embedded 287.9 + 68+£08 531+38 1269 +16.8
Refinement 20.3
w/o Feasibility Penalty and Entropy =~ 2924 + 75+£09 548 +36 134.24+17.9
Regularization 19.6
Table 5. Sensitivity and robustness analysis on L2RPN and RL2Grid
Setting Avg. Return Violation Rate (%) Survival Steps Load Shedding Notes
Default Configuration 3241 +42 15.6 + 0.5 619 + 29 948 +12.2 Baseline
Reduced Step Size 317.6 £ 4.6 16.4 £ 0.6 603 £31 101.9 £13.5 Slight degradation
Increased Entropy Weight 312.8 +4.9 171+ 0.6 591 +33 107.3+14.1 More exploration
State Noise Injection 309.4 £5.3 18.7+£0.7 584 + 35 112.6 £15.8  Strongest disturbance

3.7. Sensitivity and Robustness Analysis

As indicated in Table 5, the robustness of ADSCO+PEGFN
with respect to hyperparameter setting and perturbation is

also confirmed. The more frequent the refinement step, the

less the return and survival time will be; yet, at the same

time, the safety will be guaranteed. The higher the entropy

regularization term, the more conservative the strategy will

be; the rate of violations and load shedding will increase

slightly.
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Table 6. Nomenclature

Abbreviations Symbols

ACIL Adaptive Continuous-time f() The differential component of
Interval Learning (used for the system
continuous-time control)

ADSCO Attentive Differentiable g(-) Algebraic constraints of the
Structure for Control system
Optimization

Al Artificial Intelligence s The observable grid state

AUC Area Under the Curve W A trainable matrix

CNN Convolutional Neural Network & The continuous dynamic state

DAE Differential-Algebraic Equation y Algebraic variables associated

with the system

DRL Deep Reinforcement Learning 7y A discount factor

L2RPN Learning to Run a Power ¢ The grid state
Network

ocC Optimal Control The topology action

PEGEN Policy-Embedded Gradient T A temperature parameter
Field Navigation

RL2Grid Reinforcement Learning to Grid A The strength of smoothness

regularization
symbol Discrete topology action B A regularization coefficient
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