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ABSTRACT
The large-scale integration of distributed energy resources has sig-
nificantly increased the complexity of industrial power dispatch.
While existing multi-agent reinforcement learning (MARL) meth-
ods leverage graph neural networks for topology-aware voltage
control, their ability to capture evolving grid topologies remains
limited. Therefore, we propose GKAN-MA, a dual-enhanced MARL
framework specifically designed to maintain voltage stability in
power systems with highly dynamic topologies and strongly non-
linear voltage-power dynamics. It achieves robust voltage regula-
tion despite frequent grid reconfigurations, while precisely mod-
eling complex relationships between reactive power and nodal
voltages. Through persistent topology awareness and accurate non-
linear function approximation, GKAN-MA ensures consistent per-
formance during network changes. Experimental results on IEEE
33-bus and 141-bus systems demonstrate superior controllability
and operational efficiency, validating its adaptability to dynamic
power system conditions.
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1 INTRODUCTION
In the context of global sustainable development, distributed en-
ergy resources (DERs) utilizing clean energy, such as rooftop photo-
voltaics (PV), are increasingly being integrated into power systems,
demonstrating significant potential [1]. However, their inherent
intermittency and volatility pose substantial challenges to power
system operation and dispatch [2]. Effectively integrating rooftop
PV into industrial power systems has become a critical issue de-
manding urgent resolution.

Active voltage control (AVC), as a key technique for ensuring
grid stability, plays a crucial role in mitigating the challenges posed
by rooftop PV integration [3–6]. Specifically, AVC monitors nodal
voltages in real time and dynamically adjusts reactive power injec-
tion or absorption through devices such as PV inverters to maintain
voltage within acceptable limits and optimize overall system perfor-
mance. Traditional AVC methods rely on model-based approaches,
such as optimal power flow (OPF) [7] and convex relaxation [8],
which require accurate real-time mathematical modeling of the grid.
However, these methods suffer from high dependence on precise
system models and slow response times, rendering them unsuitable
for environments characterized by parameter uncertainty and rapid
fluctuations in large-scale distributed loads [9, 10].

In recent years, multi-agent reinforcement learning (MARL) has
partially alleviated these limitations [11–14]. MARL systems com-
prise multiple autonomous or semi-autonomous agents, which
through decentralized decision-making and information exchange
can efficiently explore near-optimal policies in complex, dynamic
power dispatch scenarios. Nevertheless, conventional MARL meth-
ods typically treat agent states as independent vectors, aggregating
features without considering spatial correlations or physical cou-
plings among nodes [15]. This results in collaborative decisions
that are often disconnected from the underlying grid topology.
Even with frequent agent interaction, communication content fre-
quently lacks explicit modeling of critical factors such as topological
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adjacency and electrical distance, thereby undermining the inter-
pretability and generalization capability of control strategies in
complex distribution networks.

As a structure-aware learning paradigm, graph neural networks
(GNNs) [16] offer a promising data-driven approach by integrat-
ing grid topology constraints and electrical characteristics into
optimization frameworks [17, 18]. Ma et al. proposed GNN-QL,
embedding GNNs into a Deep Q-Network (DQN) [19] architec-
ture to achieve more stable and topology-aware real-time Volt-VAR
control [20]. Mu et al. introduced MAGRL, incorporating Graph
Convolutional Networks (GCNs) [21] into a multi-agent actor-critic
framework to stabilize voltage under high DER penetration, en-
hanced by an exponential voltage barrier function for safety as-
surance [22]. Luo et al. developed GAMARL, integrating domain
knowledge and Graph Attention Networks (GATs) [23]to enable
more accurate and robust voltage regulation by dynamically op-
timizing inter-agent coupling relationships [24]. However, these
existing methods remain largely grounded in static topology as-
sumptions, limiting their adaptability to dynamic topology changes
induced by DER disconnections or line faults, thus constraining
their generalizability in real-world grids.

To address these challenges, we propose GKAN-MA, a novel
MARL framework based on dynamic graph attention and precise
nonlinear approximation. Specifically, GKAN-MA first employs
the Graph Attention Network variant (GATv2) [25] to dynamically
capture evolving grid topology and node dependencies, enabling
real-time modeling of voltage fluctuation propagation paths. Subse-
quently, it leverages the Kolmogorov-Arnold Network (KAN) [26],
using learnable B-spline functions to precisely approximate the
nonlinear dynamics governing voltage regulation, thereby extract-
ing complex patterns from real-time voltage and power flow data.
Through this dual-enhanced design, GKAN-MA effectively miti-
gates the limitations imposed by static topology assumptions, sig-
nificantly enhancing its generalization and robustness in dynamic
scenarios involving resource integration or line failures.

Our contributions are summarized as follows:

• We introduce GKAN-MA, a MARL framework explicitly de-
signed to address voltage control challenges in dynamic
power systems where grid topology continuously evolves
due to the integration of DERs and operational reconfigura-
tions, which enables effective voltage stabilization in envi-
ronments with high renewable energy penetration.
• We propose a dual-enhanced learning paradigm that main-
tains persistent environmental awareness through contin-
uous adaptation to topology changes while accurately cap-
turing the complex nonlinear dynamics between voltage
profiles and power flow, which ensures robust control policy
learning and precise voltage regulation in non-steady grid
environments with rapidly changing operational conditions.
• Extensive experiments on static and dynamic variants of
IEEE 33-bus and 141-bus systems validate that the proposed
approach not only achieves superior adaptability and oper-
ational efficiency in both stable and dynamically changing
grid conditions, but also maintains high voltage controllable
ratio with competitive power loss, validating its practical

value for real-world power system operations facing unstable
topological structures.

2 DEC-POMDP FORMULATION FOR AVC
In this section, we formally define the AVC problem and recast
it within a Decentralized Partially Observable Markov Decision
Process (Dec-POMDP) framework, which enables its solution via
MARL. This formulation provides the theoretical foundation for
the proposed GKAN-MA method.

The AVC problem addresses the challenge of mitigating voltage
fluctuations in distribution networks induced by the intermittent
active power injection from PV units. The primary objective is
to stabilize nodal voltages around a reference value through the
flexible regulation of PV inverters’ reactive power output, while
simultaneously minimizing network power losses. The underlying
physical system is modeled as an undirected tree-topology graph
G = (V, E), where the node setV = {0, 1, ..., 𝑁 − 1} represents 𝑁
buses and the edge set E = {0, 1, ..., 𝐿 − 1} represents 𝐿 branches.

To enable a MARL-based solution, we formulate the AVC prob-
lem as a Dec-POMDP, defined by the septuple ⟨𝐼 , 𝑆, 𝐴,𝑂,𝑇 , 𝑅,𝛾⟩:
• I: The agent set 𝐼 = {1, ..., 𝑛}, where each agent 𝑖 controls
a PV inverter and is responsible for regulating the reactive
power output 𝑄𝑖

𝑝𝑣 in its designated area.
• S: The global state space 𝑆 = 𝐿×𝑃 ×Ω×𝑉 . 𝐿 = {𝑃𝑘

𝐿
, 𝑄𝑘

𝐿
}𝑁−1
𝑘=0

represents the load power profile, 𝑃 = {𝑃𝑖𝑝𝑣}𝑁−1𝑖=0 denotes the
active power output from all PV units, Ω = {𝑄𝑖

𝑝𝑣}𝑁−1𝑖=0 cap-
tures the current reactive power setpoints of all PV inverters,
and 𝑉 = {𝑣𝑘 }𝑁−1𝑘=0 is the vector of complex nodal voltages,
with 𝑣𝑘 = |𝑉𝑘 |𝑒 𝑗𝜃𝑖 , where |𝑉𝑘 | and 𝜃𝑘 are the voltage magni-
tude and phase angle at node 𝑘 respectively. For any agent
𝑖 ∈ I, the net active and reactive power injections are given
by 𝑃𝑖 = 𝑃𝑖𝑝𝑣 − 𝑃𝑖𝐿 and𝑄𝑖 =𝑄𝑖

𝑝𝑣 −𝑄𝑖
𝐿
, which are fundamental

quantities governing the grid’s dynamic behavior.
• A: The joint action space 𝐴 =

∏𝑛
𝑖=1𝐴𝑖 , where the individ-

ual action space for agent 𝑖 is 𝐴𝑖 = [−𝑄𝑖,max
𝑝𝑣 , 𝑄

𝑖,max
𝑝𝑣 ], with

𝑄
𝑖,max
𝑝𝑣 =

√︃
(𝑆𝑖,max)2 − (𝑃𝑖𝑝𝑣)2. The action 𝑎𝑖 ∈ 𝐴𝑖 directly

sets the new reactive power output 𝑄𝑖
𝑝𝑣 for the 𝑖-th inverter.

This constraint ensures that the action respects the physi-
cal capacity limit of the inverter, defined by its maximum
apparent power rating 𝑆𝑖,max.
• O: The observation space 𝑂 =

∏
𝑖∈𝐼 𝑂𝑖 . Each agent 𝑖 ob-

serves a local state 𝑂𝑖 = {𝑣𝑖 , 𝜃𝑖 , 𝑃𝑖𝑝𝑣, 𝑃𝑖𝐿, 𝑄
𝑖
𝑝𝑣, 𝑄

𝑖
𝐿
}, which in-

cludes the voltage magnitude and phase at its own node, the
local PV and load power profiles, and its current reactive
power setting.
• T: The state transition function 𝑇 : 𝑆 × 𝐴 → 𝑆 ′ governs
the dynamic evolution of the power grid after actions are
executed. It is implicitly defined by the AC power flow equa-
tions.
• R: The reward function 𝑅 is designed to incentivize both
voltage stability and operational efficiency, which can be
formally expressed as:

𝑅(𝑠, 𝑎) = −𝜆1∥𝑣 − 𝑣𝑟𝑒 𝑓 ∥22 − 𝜆2
𝑁∑︁
𝑖=1
|𝑄𝑖

𝑝𝑣 | + 𝑃safety (1)
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where 𝑣 is the voltage magnitude vector derived from the
state 𝑠′ = 𝑇 (𝑠, 𝑎). The coefficients 𝜆1 penalizes deviations
from the reference and economic efficiency. 𝜆2 penalizes
excessive reactive power consumption, which contributes to
network power losses 𝑃𝑙𝑜𝑠𝑠 . The term 𝑃safety imposes a large
penalty if any voltage violates the safety constraint, ensuring
the policy learns to maintain all bus voltages within the safe
operating range.
• 𝛾 : The discount factor 𝛾 ∈ [0, 1) balances the importance of
immediate versus future rewards.

Notably, the state transition function 𝑇 and the reward function
𝑅 in the above Dec-POMDP implicitly encode the complex, non-
linear relationships between grid topology and voltage dynamics.
This constitutes the core challenge addressed by the GKAN-MA
framework in Section 3. Specifically, when the grid topology under-
goes dynamic changes, the transition function𝑇 experiences abrupt
changes, which traditional static graph neural networks fail to cap-
ture effectively. Consequently, Section 3 introduces a GATv2-based
dynamic topology perception module to adapt to these real-time
changes, cooperating with the KAN’s powerful nonlinear approxi-
mation capability to precisely estimate Q-values, thereby ensuring
the algorithm’s robustness in dynamic environments.

3 METHOD
In this section, we introduce the architecture of GKAN-MA, an
innovative MARL framework specifically designed for AVC in dis-
tribution networks. Built upon the established Multi-Agent Deep
Deterministic Policy Gradient (MADDPG) paradigm [27], GKAN-
MA leverages its core principle of Centralized Training with Decen-
tralized Execution (CTDE) to stabilize learning in non-stationary
multi-agent environments. As illustrated in Figure 1, GKAN-MA
comprises two core modules: distributed execution and global value
estimation. These correspond to the actor and critic networks
within the Actor-Critic framework. The multi-agent distributed
execution module coordinates the distributed actions of regional
controllers to achieve global voltage optimization while ensuring
system safety, by acquiring information from specific locations.
The global value estimation module comprises two steps: dynamic
topology perception and nonlinear value approximation, detailed in
Sections 3.1 and 3.2, respectively. Through coordinated interaction
among these components, GKAN-MA effectively addresses the dual
challenges of dynamic topology changes and nonlinear voltage-
power relationships, providing a robust and efficient solution for
voltage control in complex distribution networks.

3.1 GATv2-Based Dynamic Topology Perception
Traditional voltage control algorithms typically assume a static
power grid topology. However, modern power systems with high
renewable penetration exhibit significant topological dynamics due
to factors such as line faults, resource integration, and operational
reconfiguration. In this dynamic environment, the spatial depen-
dencies among nodes continuously evolve, making it challenging
for fixed-topology methods to accurately capture the real-time
propagation paths of voltage fluctuations.

To address the limitations of static topologymodeling, we employ
GATv2 to dynamically capture changes in grid topology. GATv2

improves upon the classical GAT by introducing a learnable atten-
tion mechanism that enables the model to adaptively compute edge
weights when aggregating information from neighboring nodes.
This allows for more flexible modeling of complex and nonlinear
inter-node dependencies. The core update rule is given in Equation
(2) and Equation (3)[25], where the new representation ℎ′𝑖 of each
node 𝑖 is computed as a weighted sum of its neighbors’ features,
with the weights 𝛼𝑖 𝑗 dynamically generated by a learnable attention
vector a and a shared weight matrix𝑊 :

ℎ′𝑖 =
∑︁

𝑗∈N(𝑖 )
𝛼𝑖 𝑗𝑊ℎ 𝑗 (2)

𝛼𝑖 𝑗 =
exp(LeakyReLU(a𝑇 [𝑊ℎ𝑖 ∥𝑊ℎ 𝑗 ]))∑

𝑘∈N(𝑖 ) exp(LeakyReLU(a𝑇 [𝑊ℎ𝑖 ∥𝑊ℎ𝑘 ]))
(3)

The concatenated multi-agent observations and actions 𝐹𝐶 are
first decoupled into individual node feature vectors 𝑥 , ensuring
independent participation of each agent within the topological in-
teractions. As illustrated in Figure 1, these node features, along
with the edge connection matrix 𝐸 representing the current graph
structure at each time step, are fed into the GATv2 network. It
employs a multi-head attention mechanism to adaptively learn the
relationship weights between nodes, thereby dynamically modeling
the evolving topological dependencies within the power grid. As
demonstrated in Equation (4), the output of the GATv2 network
generates neighborhood-aware embeddings, which are further pro-
cessed through a ReLU activation function to preserve non-linear
interaction information:

𝑥relu = ReLU(GATv2(𝑥, 𝐸) ∈ R𝐵×𝑁×(ℎout×𝐻 ) ) (4)

where 𝐵 denotes the batch size, 𝑁 is the total number of agents, ℎout
represents the output dimension per attention head, and 𝐻 is the
number of attention heads. To abstract local regional information
into a global grid state representation, the agent-wise features are
first reshaped from a flat sequence of length 𝐵×𝑁 back into a struc-
tured tensor of shape [𝐵, 𝑁,𝐻 ×ℎout], aligning each agent’s feature
vector with its corresponding position in the batch. Subsequently,
an average pooling operation is applied across the agent dimension,
yielding a unified global topological feature vector 𝑥global ∈ R𝐻×ℎout

for each sample in the batch. This aggregation step effectively sum-
marizes the distributed agent-level information into a compact,
fixed-size global state representation, which serves as input to the
subsequent KAN module for policy decision-making.

3.2 KAN-based Precise Q-Value Approximation
The strong nonlinearity inherent in power system voltage dynamics
poses a significant challenge for accurate Q-value function approx-
imation. Conventional neural networks employ fixed activation
functions, whose static nonlinear structures are often insufficient
to adequately model the complex mapping relationships between
system states and voltage control outcomes. This limitation con-
strains the accuracy and generalization capability of value estima-
tion, particularly under diverse operating conditions and dynamic
topologies.

To overcome the limited expressivity of fixed activation func-
tions, we leverage KAN to explicitly learn complex state-control
mappings. As formalized in Equation (5), KAN decomposes the high-
dimensional function 𝑓 (𝑥) into compositions of lower-dimensional

Research Paper Track AAMAS 2026, May 25–29, 2026, Paphos, Cyprus

1399



Figure 1: The framework of GKAN-MA on the 33-bus dynamic system. On each step, distributed agents (blue) interact with the
environment (yellow), feeding their state-action data and the current topology (green) into the global value estimation module
(red). It computes a policy gradient that closes the loop by updating the agents’ individual policies.

ones, with eachmapping parameterized by learnable basis functions
for more flexible and precise approximation [26]:

𝑓 (𝑥) =
𝑛∑︁
𝑖=1

𝑤𝑖 · 𝐵𝑖 (𝑥) (5)

where𝑤𝑖 represents the learnable weights and 𝐵𝑖 (𝑥) denotes the
learnable basis functions. This architecture allows KAN to simul-
taneously optimize both the weights and the shapes of the basis
functions during training.

In our method, KAN receives the global topological features
𝑥global and processes them through a single hidden layer. As il-
lustrated in Figure 1, learnable B-spline functions, parameterized
by grid points and basis functions, serve as activation units that
efficiently model complex nonlinear relationships. To prioritize
numerical stability, symbolic expression generation is disabled dur-
ing training. The final Q-values are produced through successive
tensor-product spline transformations, which can be formalized as:

𝑣 = KAN(𝑥global) ∈ R𝐵×𝑂 (6)

furthermore, an intermediate hidden state is derived from the activa-
tions within KAN to ensure compatibility with the policy network
inputs required by the MADDPG framework.

3.3 Training Stability Optimization
GKAN-MA adopts the paradigm of centralized training and decen-
tralized execution. To ensure the training stability and convergence
of GKAN-MA in complex dynamic environments, GKAN-MA em-
ploys a replay buffer to store state transition samples (𝑆,𝐴, 𝑅, 𝑆 ′),
breaking temporal correlations and improving data efficiency. It in-
corporates delayed-update target networks 𝜃𝑄′ and 𝜃 𝜇′ to compute
target Q-values𝑦 = 𝑅+𝛾𝑄𝜇′ (𝑆 ′, 𝐴′) , where𝐴′ = 𝜇′ (𝑆 ′), mitigating
Q-value oscillations caused by frequent parameter updates. A soft
update strategy 𝜃𝑄′ ← 𝜏𝜃𝑄 + (1−𝜏)𝜃𝑄′ achieves smooth parameter
transition, balancing exploration and exploitation. The policy net-
work parameters 𝜃 𝜇

𝑖
are optimized via policy gradient, with update

direction given by ∇𝜃𝜇
𝑖
𝐽 = E𝑆,𝐴∼D

[
∇𝜃𝜇

𝑖
𝜇𝑖 (𝑂𝑖 ) · ∇𝑎𝑖𝑄 (𝑆,𝐴)

]
.The

critic network takes the concatenated observations and actions
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of all agents as node features 𝑋 = [𝑂𝑖 ;𝑎𝑖 ]𝑖 , and processes them
through a GATv2 layer informed by the real-time topology matrix
𝐸 to produce neighborhood-aware embeddings. These embeddings
are then passed through a ReLU activation and average pooling to
obtain a global state representation 𝑥global, which is finally mapped
to Q-values by KAN. The entire critic is trained by minimizing the
temporal difference loss: L(𝜃𝑄 ) = E(𝑆,𝐴,𝑅,𝑆 ′ )∼D

[
(𝑄 (𝑆,𝐴) − 𝑦)2

]
.

The complete algorithm is presented in Algorithm 1.

4 EXPERIMENTS
4.1 Experiment Settings
4.1.1 Environments. To effectively validate the performance of
GKAN-MA in dynamic environments, the experimental setup in-
cludes both static and dynamic power distribution networks. The
static environments are based on modified IEEE 33-bus and 141-
bus network configurations [28], which are widely adopted as the
primary test cases for contemporary AVC studies [24, 29, 30]. The
33-bus system incorporates 6 PV units distributed across 4 regions,
while the 141-bus system contains 22 PV units across 9 regions. The
dynamic environments are derived from the static counterparts,

Algorithm 1: GKAN-MA
Input: Power grid topology 𝐸, reward function 𝑅, discount

𝛾 , batch size 𝐵, soft update rate 𝜏
Output: Optimal policy 𝜇∗

Initialize:
Policy networks {𝜇𝑖 }𝑁𝑖=1 with params 𝜃 𝜇

𝑖

Critic network {𝑄} with params 𝜃𝑄
Target networks 𝜇′, 𝑄 ′ with 𝜃 𝜇′ ← 𝜃 𝜇 , 𝜃𝑄′ ← 𝜃𝑄

Experience replay buffer D
for each training step do

Observe state 𝑆 = {𝑂𝑖 }𝑁𝑖=1
foreach agent 𝑖 ∈ {1, ..., 𝑁 } do

𝑎𝑖 ← 𝜇𝑖 (𝑂𝑖 |𝜃 𝜇𝑖 )
end
Execute actions 𝐴 = {𝑎𝑖 }, observe 𝑅, 𝑆 ′
Store transition (𝑆,𝐴, 𝑅, 𝑆 ′) in D
if |D| ≥ 𝐵 then

Sample mini-batch B ∼ D
Update critic:

Compute target Q-values: 𝑦 = 𝑅 + 𝛾𝑄 ′ (𝑆 ′, 𝜇′ (𝑆 ′))
Extract node features: 𝑋 = [𝑂𝑖 ;𝑎𝑖 ]𝑁𝑖=1
Process via GATv2: 𝐻 = GATv2(𝑋, 𝐸)
Extract global feature: 𝑥global = 1

𝑁

∑
𝑖 ReLU(𝐻𝑖 )

Predict Q-values: 𝑄̂ = KAN(𝑥global)
Minimize loss: L(𝜃𝑄 ) = 1

| B |
∑(𝑄̂ − 𝑦)2

Update actor:
∇𝜃𝜇

𝑖
𝐽 = 1

| B |
∑∇𝜃𝜇

𝑖
𝜇𝑖 (𝑂𝑖 ) · ∇𝑎𝑖𝑄 (𝑆,𝐴)

Update 𝜃 𝜇
𝑖
via policy gradient

Update target networks:
𝜃𝑄
′ ← 𝜏𝜃𝑄 + (1 − 𝜏)𝜃𝑄′

𝜃 𝜇
′ ← 𝜏𝜃 𝜇 + (1 − 𝜏)𝜃 𝜇′

end
end

with topology changes implemented by removing a non-critical
line and adding a new line at specific time steps, thereby simulating
real-world grid instability caused by external environmental and
human-induced disturbances. The topology reconfiguration opera-
tions are randomly distributed across different regions to prevent
the model from adapting only to changes in specific areas, ensuring
that the experimental results genuinely reflect the algorithm’s abil-
ity to handle topology changes during actual grid operations. The
33-bus system undergoes topology changes every 50 steps, while
the 141-bus system changes every 30 steps.

Data in the distribution network environment are derived from
real-world scenarios [22, 28]. The node load profiles are based on
three-year electricity consumption records from 232 residential
customers in Portugal. The PV generation data were compiled from
actual operational records of PV plants across ten regions. Both
datasets were converted to a 3-minute resolution, which matches
the 3-minute time step used in our experiments.

4.1.2 Baselines. To evaluate the effectiveness of the proposed
GKAN-MA method, the experiments compare two categories of
methods: MARL algorithms specifically designed for the AVC prob-
lem and classical reinforcement learning algorithms.

• MAGRL [22]:A pioneering graph-basedMARLmethod that
integrates GCNs into the MADDPG framework to explic-
itly model the topological structure of distribution networks.
By aggregating features from neighboring agents, MAGRL
effectively captures spatial coupling among inverters, signifi-
cantly improving voltage controllability and reducing power
loss. It is widely recognized as a strong baseline for topology-
aware voltage control in active distribution networks.
• GAMARL [24]: A recently proposed domain-knowledge-
enhanced MARL approach that leverages GATs to adaptively
optimize edge weights to generate refined spatial features,
enabling precise and robust Volt/Var control under high PV
penetration. It achieves leading performance in suppressing
voltage violations, which is one of the latest advances in
MARL for power systems.
• MADDPG [27]: A classical deep MARL method in which
each agent acts via an independent actor network, while a
centralized critic network evaluates the joint state-action
information during training. It has served as a foundational
baseline in many MARL applications, including early explo-
rations in power system control [28].
• MAPPO [31]: A canonical multi-agent extension of Proxi-
mal Policy Optimization (PPO). Building upon PPO’s success
in single-agent domains, MAPPO maintains independent
policy and value networks for each agent while leveraging a
shared value function for centralized training. It has become
a standard benchmark in complex cooperative tasks.
• IPPO [32]: An improved PPO variant developed for robotic
manipulation. It enhances exploration-exploitation balance
via a Poisson-based action ensemble. While not designed for
power systems, its robustness and sample efficiency make it
a strong baseline in recent MARL-based grid control [33, 34].

4.1.3 Evaluation Metrics. Consistent with mainstream research
methodologies in power dispatch, we adopt classical evaluation
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Table 1: Parameter settings of GKAN-MA

Parameters Values
33-bus 141-bus

Number of Attention Heads in GATv2 2 4
Hidden Dimension 64 32

Dropout Rate in GATv2 0.2 0.4
KAN Grid Points per Dimension 4 6

KAN B-spline Degree 3 3

metrics in experimental design to directly reflect the algorithm’s
capability in enhancing voltage stability and economic efficiency
of the system [3, 22, 28]. The specific definitions of these metrics
are as follows:

• Controllable Ratio (CR): The rate of time steps during
which all bus voltages remain within the predefined control
range to the total number of time steps per training episode.
A higher CR indicates stronger voltage regulation capability.
• Power Loss (PL): The average sum of instantaneous power
losses across all buses per time step per training episode.
A lower PL signifies that the algorithm achieves voltage
stability while minimizing unnecessary energy dissipation,
thus improving overall operational efficiency.
• Node Voltage (NV): The magnitude of voltage in each bus
per test episode. Voltages closer to the reference value of 1.0
p.u. and with more uniform distribution indicate a superior
suppression of voltage fluctuations.

4.1.4 Other Settings. Algorithms are trained with a policy learning
rate and value learning rate, both set to 1.0e-4. Using an experience
replay buffer of size 5000 and sample batches of 32 transitions for
each update. The voltage control task enforces a safety boundary of
[0.95, 1.05] p.u., ensuring all node voltages remain within this opera-
tional range during training and evaluation. The specific parameter
settings for GKAN-MA are presented in Table 1. All the algorithms
are implemented in Python, leveraging the PyTorch deep learning
framework in version 1.13.1. The experiment was conducted on a
workstation configured with an NVIDIA RTX 3090 GPU.

4.2 Comparison Experiment Results
4.2.1 Performance Analysis on Benchmark Scenarios. For experi-
ments on the benchmark scenarios, all methods were evaluated
using five random seeds to ensure statistical robustness and mit-
igate performance bias introduced by initialization randomness.
Furthermore, every 20 training episodes, 10 test episodes were con-
ducted for evaluation, enabling dynamic monitoring of the models’
generalization capability and convergence trends during training.
The final performance report presents the median value across the
five seeds as the representative mean for each metric, supplemented
by the 25th and 75th percentiles to form a confidence interval. Fig-
ure 2 presents the results of the methods in the 33-bus static and
dynamic environments.

In the static environment, GKAN-MA rapidly converges after
initial fluctuations and achieves a final CR of 0.9869, which is 5.30%

(a) Static-33-CR (b) Static-33-PL

(c) Dynamic-33-CR (d) Dynamic-33-PL

Figure 2: Training results of algorithms on the 33-bus static
and dynamic systems.

Table 2: Algorithms’ median values of CR and PL on the 33-
bus static and dynamic systems

Methods 33-bus-static 33-bus-dynamic
CR PL CR PL

GKAN-MA 0.9869↑5.30% 0.0588↓18.22% 0.9876↑11.92% 0.0584↓17.98%

GAMARL 0.8816 0.0816 0.8824 0.0786
MAGRL 0.9372 0.0836 0.8816 0.0794
MADDPG 0.8582 0.0719 0.8615 0.0712
MAPPO 0.7105 0.1615 0.7561 0.1487
IPPO 0.6820 0.1714 0.7682 0.1435

higher than the second-best method, MAGRL, demonstrating ex-
ceptional voltage safety compliance. Its PL reaches 0.0588, reducing
power loss by 18.22% over MADDPG, confirming high operational
efficiency. In the dynamic environment, GKAN-MA achieves opti-
mal performance in both CR and PL metrics. Although GKAN-MA
still exhibits noticeable fluctuations in the initial phase, its fluctu-
ation peaks are optimized compared to results in static scenarios.
This indicates improved performance under dynamic conditions
and stronger robustness against dynamic disturbances.

Across both scenarios, GKAN-MA not only outperforms all base-
lines but also exhibits narrower confidence intervals, reflecting
strong repeatability. This non-monotonic learning dynamic is a
known trade-off when introducing richer representational capac-
ity in deep architectures, particularly when two highly expressive
components are co-trained. Crucially, once this adaptation phase
stabilizes, the policy rapidly converges and surpasses all baselines,
confirming that the initial dip reflects learning complexity.In the tab-
ulated experimental results, we annotate the relative improvement
percentages with upward (↑) and downward (↓) arrows, indicating
the performance gain or reduction relative to the best value among
other algorithms for each metric. As shown in Table 2, GKAN-MA
not only avoided performance degradation despite increased en-
vironmental complexity but also achieved further improvements
while maintaining high CR, validating its practicality in small-scale
complex power systems.
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Table 3: Algorithms’ median values of CR and PL on the 141-
bus static and dynamic systems

Methods 141-bus-static 141-bus-dynamic
CR PL CR PL

GKAN-MA 0.8356↑1.22% 1.0996 0.8423↑3.18% 1.0879
GAMARL 0.6238 1.1929 0.6950 0.9817
MAGRL 0.7410 1.0364 0.6937 0.9619
MADDPG 0.8255 1.0307 0.8163 1.2159
MAPPO 0.6515 1.7191 0.6498 1.6970
IPPO 0.6477 1.7383 0.6845 1.7041

As the scale of the scenarios expands, all the algorithms show
a decline in performance across the two metrics. As illustrated in
Figure 3, GKAN-MA maintains the highest CR, outperforming the
second-best by 1.22% in static scenarios and 3.19% in dynamic sce-
narios, highlighting its scalability. This enhanced voltage control
performance results in a slight increase in PL. This is attributable to
the adoption of more aggressive control measures under frequent
dynamic disturbances caused by fluctuations in PV generation,
aimed at maintaining voltage stability and reflecting the model’s
prioritization of safety in complex systems. Although MADDPG
and MAGRL respectively achieved the optimal PL in the two sce-
narios, their low CR undermines overall effectiveness. Furthermore,
unlike MADDPG, which becomes more volatile in dynamic settings,
GKAN-MA maintains stable performance with tighter confidence
intervals, confirming its robustness.

Table 3 further shows that GKAN-MA performs better in dy-
namic environments, while other methods fail to maintain consis-
tent gains. This strongly emphasizes the effective integration of
GATv2’s dynamic topology modeling with KAN’s nonlinear approx-
imation capabilities within GKAN-MA. This enables GKAN-MA
not only to handle complex systems but also to learn and optimize
control strategies from dynamic changes, highlighting its potential
for practical deployment in increasingly complex power grids with
rising renewable energy penetration.

4.2.2 Performance Analysis for Representative Test Days. For ex-
periments on representative test days, we adopt a typical summer
PV output pattern under dynamic scenarios. Figure 4 presents the
voltage distribution heatmaps of GKAN-MA and various baseline
methods on the dynamic 33-bus system during a typical summer
day. GKAN-MA demonstrates the most robust performance in volt-
age control. Its heatmap primarily exhibits uniform dark green to
light green colors, indicating that the majority of nodes maintain
voltage within the safe operational range throughout all time steps,
with only minor fluctuations at a few time points. In contrast, other
methods exhibit varying degrees of voltage violations. MADDPG,
MAPPO, and IPPO show prominent yellow regions, particularly
around bus 15-20 during certain time intervals, indicating their lim-
ited capability in suppressing voltage rise. Although MAGRL and
GAMARL perform better than conventional RL algorithms overall,
they still display sporadic areas of elevated voltage.

Figure 5 presents the dynamic voltage distribution heatmaps for
a typical summer day across the 141-bus system, comparing GKAN-
MA with multiple baseline algorithms. The GKAN-MA heatmap

(a) Static-141-CR (b) Static-141-PL

(c) Dynamic-141-CR (d) Dynamic-141-PL

Figure 3: Training results of algorithms on the 141-bus static
and dynamic systems.

(a) GKAN-MA (b) MAGRL

(c) GAMARL (d) MADDPG

(e) MAPPO (f) IPPO

Figure 4: Test results of algorithms on the 33-bus dynamic
system on a typical summer day.

mainly displays uniform green, indicating that themajority of nodes
maintain voltages within safe limits throughout all time steps, with
only minor yellow high-voltage areas appearing in a few node re-
gions. In contrast, other methods exhibited more severe voltage
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(a) GKAN-MA (b) MAGRL

(c) GAMARL (d) MADDPG

(e) MAPPO (f) IPPO

Figure 5: Test results of algorithms on the 141-bus dynamic
system on a typical summer day.

out-of-limit issues. MAPPO and IPPO exhibit distinct yellow zones,
particularly from bus 40 to bus 80, indicating these algorithms
struggle to effectively suppress voltage rises in large-scale systems.
While MAGRL and GAMARL generally outperform classical RL al-
gorithms and exhibit voltage variations similar to GKAN-MA, their
voltage fluctuation ranges exceed those of GKAN-MA, suggest-
ing slightly inferior voltage control capabilities. Notably, GKAN-
MA demonstrates exceptional suppression of inter-node voltage
fluctuations under both conditions. Its heatmap exhibits virtually
no discernible longitudinal stripe-like oscillations, indicating the
method’s capability to effectively address dynamic voltage distur-
bances caused by sharp variations in summer photovoltaic output,
which ensures the system operates stably within the safe voltage
range throughout the 24 hours.

4.2.3 Ablation Studies. For experiments on the ablation studies, to
investigate the impact of each layer on the overall performance of
GKAN-MA, we conducted ablation experiments with two configura-
tions: (1) KAN-MA: removing only the GATv2 layer; (2) GATv2-MA:
removing only the KAN layer. The experiments involve 10 episodes
of testing conducted after training, presenting the average values
of the test results CR and PL.

Table 4: The comparison results of ablation studies in 33-bus
environments

Methods 33-bus-static 33-bus-dynamic
CR PL CR PL

GKAN-MA 0.9869↑13.35% 0.0588↓20.86% 0.9876↑3.85% 0.0584↓24.94%

GATv2-MA 0.8707 0.0772 0.9510 0.0778
KAN-MA 0.8126 0.0743 0.7674 0.0933

In the 33-bus system, GKAN-MA achieves optimal performance
in both static and dynamic scenarios. As shown in Table 4, it reaches
CR values of 0.9869 and 0.9876, respectively—representing improve-
ments of 13.3% and 3.8% over GATv2-MA, and 21.5% and 28.7% over
KAN-MA. Notably, GATv2-MA significantly outperforms KAN-
MA, especially in dynamic environments where its CR is 24.0%
higher, underscoring the critical role of GATv2 in capturing topo-
logical dependencies and modeling voltage fluctuation propagation
paths. Conversely, GKAN-MA achieves lower power loss (PL) than
GATv2-MA in static environments, highlighting KAN’s strength in
modeling complex nonlinear control relationships through learn-
able B-spline functions. This functional complementarity between
the two modules explains why GKAN-MA consistently surpasses
both ablated variants: GATv2-MA lacks KAN’s nonlinear fitting
capability, while KAN-MA cannot account for network topology.
Moreover, GKAN-MA’s slightly higher CR in the dynamic setting
compared to the static one demonstrates that the integration of
GATv2 enhances the model’s adaptability to changing operating
conditions, thereby improving both robustness and responsiveness.

5 CONCLUSION
In this paper, we have introduced GKAN-MA, a MARL framework
designed to address AVC challenges in power systems with highly
dynamic topologies and nonlinear voltage-power dynamics. It main-
tains continuous topology awareness without static assumptions,
ensuring consistent performance during network reconfigurations.
Experimental results demonstrate superior controllability and re-
duced power loss across both IEEE 33-bus and 141-bus systems,
validating the critical value of integrating dynamic topology per-
ception with interpretable nonlinear function approximation. This
dual-enhanced approach enables reliable adaptive voltage control
in modern power grids with high integration of renewable energy.

In the future, we aim to explore the development of responsive
techniques to refine GATv2 attention parameters, enabling a more
accurate representation of evolving topological configurations in di-
verse operational contexts. Additionally, considering the prevalence
of highly heterogeneous environments in real-world power grids,
we will develop representative simulation scenarios and design a
specialized algorithm for efficient voltage control.
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