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Abstract—Voltage control in modern distribution networks is
increasingly challenging due to high penetration of distributed
energy resources, three-phase unbalance, and higher variability
of operating points. We present a zoning-based multi-agent deep
reinforcement learning strategy to control voltages using reactive
power compensation distributed across the feeder, where voltage
unbalance is explicitly treated by employing a Steinmetz-based
control as the baseline. The voltage control problem is formulated
as a partially observable Markov game, which is then solved by a
multi-agent actor-critic deep deterministic policy gradient algo-
rithm with physics-constrained learning objectives. While agents
share experiences during training to achieve cooperative voltage
regulation, during execution, agents operate in a fully distributed
manner without centralized coordination. We demonstrate the
effectiveness of the approach on the IEEE 13-bus test feeder
with real-world residential load and solar generation data. The
RL-informed reactive power compensators were able to eliminate
voltage violations while keeping low voltage unbalance across the
network.

Index Terms—Voltage control, distribution systems, three-
phase unbalance, multi-agent reinforcement learning, policy gra-
dient, distributed control

I. INTRODUCTION

Voltage control is critical for power quality, equipment
protection, and reliable service delivery. However, with the
increasing adoption of distributed energy resources (DERs),
maintaining these limits becomes increasingly difficult for dis-
tribution systems as load and generation patterns exhibit high
temporal variability and unbalance [1]. Traditional voltage
control devices—such as on-load tap changers and switched
capacitor banks—operate on slow timescales (minutes to
hours) and rely on local measurements, making them infeasible
for the fast dynamics introduced by DERs [2]. Conventional
phase-balancing methods, such as Steinmetz control, provide
circuit-based reactive power compensation to make the equiv-
alent load appears balanced; however, they do not regulate
voltage levels [3]. Optimization-based approaches, including
optimal power flow and model predictive control, can achieve
near-optimal solutions but require accurate system models,
centralized computation, and suffer from scalability problems
as network size increases [4], [5].

Deep Reinforcement Learning (DRL) methods have demon-
strated promising results in power system control applications
[6]. DRL agents can learn control policies directly from data
without requiring explicit system models, adapt to changing
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conditions, and handle high-dimensional state-action spaces
[7]. Single-agent DRL has been successfully applied to voltage
control [8], frequency regulation [9], and energy management
[10]. However, single-agent approaches face challenges in
large-scale distribution networks due to the need for central-
ized decision-making and curse of dimensionality.

Multi-agent reinforcement learning (MARL) offers a natural
framework for distributed control in networks, where multiple
agents can coordinate to achieve system-wide objectives while
acting on local information [11]. In power systems, MARL has
been explored for microgrid control [12], demand response
[13], distribution network reconfiguration [14], and mitigating
unbalance [15]. Despite growing interest in learning-based
voltage control, several critical gaps remain. First, three-
phase unbalance—a fundamental characteristic of distribution
systems—is often neglected or not carefully addressed, lim-
iting practical applicability. Second, the impact of network
topology on learning-based control performance has not been
thoroughly investigated. Third, the trade-offs between voltage
regulation performance, computational efficiency, and gener-
alization to unseen scenarios remain poorly understood [16].
Finally, most existing work evaluates performance on synthetic
scenarios that may not reflect the diversity and complexity of
real-world load and generation patterns. This paper addresses
these gaps by proposing a MARL approach for real-time
voltage control in unbalanced three-phase distribution systems,
by improving upon a baseline provided by the Steinmetz-
based balancing control [3]. We design a zone-based multi-
agent architecture where agents coordinate implicitly through
overlapping observations to regulate voltage across different
phases and network zones, enabling scalability. The agents
learn physics-informed policies that incorporate power sys-
tem constraints—including voltage limits, voltage balancing,
and reactive power minimization—using real-world residential
load profiles and solar generation data.

II. PROBLEM FORMULATION

A. Radial Distribution Network Model

We consider a general radial three-phase distribution net-
work with N+1 buses indexed by i ∈ E = {1, 2, . . . , N+1},
where bus 1 represents the substation as a slack bus and
the rest N buses are load buses. Each bus i ∈ E has,
without loss of generality, three-phase voltages Vi,ϕ for phases
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ϕ ∈ {A,B,C}, measured in per-unit (p.u.) with appropriate
base voltages.

Assume that a subset of J control nodes J =
{n1, n2, . . . , nJ} ⊂ E are equipped with reactive power
compensators for voltage control. The network is partitioned
into J control zones, where each zone Zj contains buses
adjacent to the control node nj . This zone-based structure
enables decentralized control while maintaining system-wide
coordination through limited communication requirements.

B. Three-Phase Power Flow and Voltage Unbalance
Denote v ∈ C3N = [V2,A, V2,B , V2,C , . . . , VN+1,C ]

T ∈
C3N as the three-phase line-to-neutral voltages at all PQ buses,
which can be obtained by solving [17],

v = w +Y−1
LL

(
diag(v)−1sY +H⊺diag(Hv)−1s∆

)
, (1)

where the overline denotes complex conjugate. sY , s∆ ∈ C3N

are the grounded wye- and delta-connected complex power
injections at all PQ buses. w denotes the zero-load voltage
profile. YLL is the PQ-bus submatrix of the three-phase
admittance matrix and H ∈ R3N×3N is block diagonal, with
Γ = [1,−1, 0; 0, 1,−1;−1, 0, 1] on the diagonal and zeros
elsewhere, when there are missing phases, the corresponding
rows in H are removed.

The voltage magnitude at each bus-phase must satisfy
operational constraints,

Vmin ≤ |Vi,ϕ| ≤ Vmax, ∀i ∈ E , ϕ ∈ {A,B,C}, (2)

where Vmin and Vmax denote the acceptable voltage range
according to utility standards (e.g., ANSI C84.1-2020 spec-
ifies Vmin = 0.95 p.u. and Vmax = 1.05 p.u.). Violations
occur when |Vi,ϕ| < Vmin (undervoltage) or |Vi,ϕ| > Vmax

(overvoltage).
The voltage unbalance factor (VUF) quantifies the degree of

three-phase unbalance and is defined as the ratio of negative-
sequence voltage magnitude V − to positive-sequence voltage
magnitude V + [2],

VUF = |V −|
|V +| × 100%. (3)

We aim to control the reactive power injections QC at the J
control nodes such that all bus voltages satisfy the constraints
in (2) while minimizing VUF, in a distributed manner where
each agent operates using only local information.

C. Multi-Agent Markov Game Formulation
We formulate the voltage control problem as a Partially

Observable Markov Decision Process (POMDP) game with J
cooperative agents, where each agent j ∈ J controls reactive
power at a control node nj . Each agent is responsible for
regulating voltages within its control zone Zj while coordi-
nating with other agents to achieve system-wide objectives. At
each time step t, the system transitions from state st to st+1

based on the joint action at = [a1(t), a2(t), . . . , aJ(t)] and
the stochastic load and generation dynamics.

State Space: Each agent j observes a local observation
oj(t) ∈ Rds , where ds is the dimension of each agent’s local
observation, consisting of:

• Local voltages: Three-phase voltage magnitudes at the
agent’s control node and nodes in its zone Zj , zero-
padded to ensure uniform dimension across agents.

• Overlapping voltages: Voltages from overlapping zones,
i.e., buses that are being monitored by two agents, to
enable implicit coordination through shared observation.

• Previous actions: Reactive power actions from the other
agents at the previous step.

• Global VUF: A scalar of averaged VUF for all buses in
the network.

The global state (used by critics during centralized training) is
s(t) = [o1(t), o2(t), . . . , oJ(t)] ∈ RJ·ds , which concatenates
all agents’ observations1. Note that the global VUF is repli-
cated across observations, providing each agent with system-
wide context.

Action Space: Each agent j selects a continuous action
aj(t) ∈ Aj ⊆ Rda for the reactive power injection at its
control node nj . The actions are bounded to ensure physical
realizability: aj(t) ∈ [Qmin, Qmax]

da , where Qmin and Qmax

define the reactive power capacity limits of the compensators.
Reward Function: The reward function balances local zone

performance with global system objectives through a weighted
combination. For agent j at time t, the reward is:

rj(t) = wlocal · rlocal
j (t) +wglobal · rglobal(t) + rcoord

j (t) + ract
j (t),

(4)
where wlocal and wglobal are weighting factors that balance local
accountability with system-wide performance.

The local reward penalizes voltage violations within the
agent’s monitored zone Zj ,

rlocal
j (t) = −λlocal ·

∑
k∈Zj

∑
ϕ∈{A,B,C}

⊮[Vk,ϕ /∈[Vmin,Vmax]], (5)

where ⊮[·] is the indicator function that equals 1 when the
voltage is outside acceptable limits, and λlocal is a penalty
weight.

The global reward incorporates system-wide performance
with improvement-based bonuses,

rglobal(t) = −λglobal ·Nviol(t)+Bimprove(t)+Bzero(t)+BVUF(t),
(6)

where λglobal is the weighting factor, Nviol(t) is the total
number of violations across all buses. Bimprove(t) is a tiered
bonus for achieving progressive improvement over baseline
performance, which provides strong learning signals during
training, Bzero(t) and BVUF(t) reward zero-violation states and
VUF reduction.

The coordination bonus encourages compatible actions
among agents,

rcoord
j (t) = −α

∑
k ̸=j,k∈J

∥aj(t)− ak(t)∥2, (7)

1We denote the global state as s(t) = [o1(t), . . . , oJ (t)] to emphasize
partial observability: each oj(t) contains only local voltages, previous actions,
and the global VUF, not complete grid state (loads, generation, impedances).
This POMDP formulation enables distributed execution where agents operate
using only local information.
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where α is a small weight promoting action similarity for
training stability.

The action penalty discourages excessive control effort,

ract
j (t) = −λact · ∥aj(t)∥1, (8)

where λact penalizes large reactive power injections.
Objective: The goal is to learn a joint policy π =

[π1, π2, . . . , πJ ] that maximizes the expected cumulative dis-
counted reward,

J(π) = Eξ∼π

T−1∑
t=0

γt
J∑

j=1

rj(t)

 , (9)

where γ ∈ [0, 1] is the discount factor, T is the episode
horizon, and ξ denotes a trajectory sampled from the joint
policy. Each individual policy πj : Oj → Aj maps the agent’s
local observation oj(t) to its action aj(t).

III. MULTI-AGENT DEEP RL METHODOLOGY

A. Multi-Agent Deep Deterministic Policy Gradient
We employ the Multi-Agent Deep Deterministic Policy Gra-

dient (MADDPG) algorithm [18], which extends the DDPG
framework [19] to multi-agent settings, to learn coordinated
voltage control policies in continuous action spaces. In the
actor-critic framework, an actor network learns a policy map-
ping observations to actions, while a critic network evaluates
action quality. MADDPG extends the actor-critic framework
to multi-agent settings through a centralized training with
distributed execution (CTDE) paradigm. Each agent maintains
four neural networks:

• Actor network µθj : Oj → Aj that maps local observa-
tions to continuous actions.

• Critic network Qϕj : S × A → R that evaluates value
functions, that is, the total expected reward from the
current time step until the end of the time horizon, using
global state and joint actions of all agents.

• Target actor network µθj
: Oj → Aj for stable training.

• Target critic network Qϕj
: S×A → R for stable training.

Here, θj and ϕj denote the parameters of agent j’s actor
and critic networks, while θj and ϕj are parameters for
the iteratively updated target networks. These parameters are
initialized randomly, and updated during training based on the
following steps.

The critic Qϕj
is trained by minimizing the temporal

difference (TD) error,

Lcritic(ϕj) = E(s,a,r,s′)∼D

[(
Qϕj

(s,a)− yj
)2]

, (10)

where s′ is the next global state after executing joint action a
in state s, and D is the shared multi-agent experience replay
buffer storing transitions. Each transition stores the joint obser-
vation, joint actions, individual rewards, next joint observation,
and termination flags for all agents. During training, we sample
mini-batches from D and perform gradient updates for all
agents simultaneously. The TD target yj is computed using
target networks,

yj = rj + γQϕj
(s′, µθ1

(o′1), . . . , µθJ
(o′J)), (11)

where γ ∈ [0, 1] is the discount factor that weights future
rewards, o′j ∈ Rds is agent j’s local observation at the next
time step.

The actor is updated by maximizing the expected return
using the deterministic policy gradient,

∇θjJ(θj) = Es∼D
[
∇θjµθj (oj)·

∇aj
Qϕj

(s, a1, . . . , aJ)
∣∣
aj=µθj

(oj)

]
. (12)

Target networks are updated via soft updates,

θj ← τθj + (1− τ)θj , ϕj ← τϕj + (1− τ)ϕj . (13)

where τ is a weighting parameter. During training, actions are
perturbed with Gaussian exploration noise N (0, σ2

t ) with ex-
ponentially decaying standard deviation σt = max(σmin, σ0 ·
ρt) to encourage exploration. At evaluation and deployment,
the learned deterministic policy is used without noise to ensure
consistent, reliable control.

B. Physics-Constrained Learning Objectives

To incorporate domain knowledge and improve sample
efficiency, we design physics-constrained learning objectives
for the actor network. Unlike traditional Physics-Informed
Neural Networks (PINNs) that embed partial differential equa-
tions directly [20], our approach incorporates power system
constraints through regularization terms and bounded action
spaces.

During actor training, we augment the standard policy
gradient objective with a physics-based regularization term
that penalizes actions violating power system constraints. This
regularization encourages the learned policies to respect physi-
cal limits on reactive power injections and voltage deviations,
improving sample efficiency by guiding exploration toward
feasible regions of the action space [7],

Lphysics(θj)=λact∥aj∥1+λvoltage

∑
k∈Zj

max(0, |Vk−1.0|−0.05)2,

(14)
where λact penalizes excessive control effort, and λvoltage pe-
nalizes predicted voltage deviations beyond acceptable limits.
The total actor loss becomes,

Ltotal(θj) = −Qϕj
(s, µθ1(o1), . . . , µθJ (oJ)) + Lphysics(θj),

(15)
which is minimized during each actor update step via the
augmented policy gradient with an additional term ∇θjLphysics
that enforces physical feasibility.

IV. NUMERICAL RESULTS

A. IEEE 13-Bus Test System

We instantiate the proposed multi-agent voltage control
framework on the IEEE 13-bus three-phase distribution test
feeder [3], a representative of real distribution systems with
unbalanced loading, mixed line types, and transformers. The
feeder exhibits high three-phase unbalance due to single-
phase residential loads and asymmetric line configurations.
We deploy J = 3 reactive power compensators at selected
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locations across the feeder while considering phase-specific
injections:

• Agent 1 (AB): n1 = Bus 7, controls ab-phase line-to-line
reactive power injection QAB , with Z1 = {Buses 1, 2}.

• Agent 2 (BC): n2 = Bus 6, controls bc-phase line-to-line
reactive power injection QBC , with Z2 = {Buses 2, 3}.

• Agent 3 (CA): n3 = Bus 12, controls ca-phase line-
to-line reactive power injection QCA, with zone Z3 =
{Bus 3}.

Fig. 1. IEEE 13-bus feeder with 3-agent voltage control architecture. Red
circles denote the agents’ reactive power control points.

Buses 2 and 3 serve as coordination points, observed
by multiple agents to enable implicit coordination through
overlapping zones. Each agent observes a local observation of
dimension ds = 18, consisting of: 15 voltage magnitudes from
all monitored buses in the agent’s zone and the overlapping
zone (can be zero-padded), 2 dimensions of previous reactive
power actions from the other two agents, and 1 dimension
system feature of average VUF. The global state dimension is
J · ds = 54. Each agent outputs a 3-dimensional action vector
aj ∈ R3 representing three-phase reactive power injections,
with bounds Qmin = −2 p.u. and Qmax = 2 p.u. The episode
horizon is T = 24 timesteps for hourly control.

B. Experimental Configuration

1) Training and Test Data: The 3 agents were trained on 30
days of real-world data from the Baltimore-Washington region,
comprising 720 hourly scenarios. Load profiles were obtained
from the OpenEI Residential Load Database [21], representing
TMY3-based consumption patterns for 60 aggregated homes
per bus. Solar generation data were sourced from NREL’s
Solar Integration Studies [22], providing 5-minute resolution
capacity factors resampled to hourly intervals. Training con-
verged after 200 episodes, with the best performance achieved
at episode 29 (7.125 violations per 24-hour episode).

To evaluate generalization, we reserved a held-out test set
of 10 days (240 hours) from the same geographic region but
temporally distinct from the training data. This test set includes

diverse seasonal and load conditions not seen during training,
providing a rigorous assessment of policy robustness.

2) Reward and Training Parameters: The reward weights
are wlocal = 0.4 and wglobal = 0.6, with penalty coefficients
λlocal = 0.2 and λglobal = 0.1. The tiered improvement bonuses
Bimprove provide 5, 10, 20, and 40 units for achieving 50%,
60%, 70%, and 80% improvement over baseline, respectively.
The zero-violation bonus is Bzero = 10, and the VUF bonus
is BVUF = 2 for VUF below 0.5%. The coordination bonus
weight is α = 0.5. The physics regularization weights are
λact = 0.01 and λvoltage = 0.1.

The training parameters are specified in Table I.

TABLE I
MADDPG TRAINING HYPERPARAMETERS

Parameter Value Parameter Value
Agents (J) 3 Discount (γ) 0.99
Episodes 200 Soft update (τ ) 0.01
Training data 30 days Buffer size 100k
Episode len. (T ) 24 steps Batch size (B) 64
State dim. (ds) 18/agent Update freq. 1
Action dim. (da) 3/agent Grad. clip ≤ 1.0
Actor learning rate 10−4 Init. noise (σ0) 0.2
Critic learning rate 10−3 Noise decay (ρ) 0.9995
Action bounds [−2, 2] Min. noise (σmin) 0.05

C. Control Performance

We compare against the Steinmetz control algorithm [3],
a circuit-based reactive power compensation method that bal-
ances equivalent load. The baseline operates at the same 3
control points as the RL agents.

Performance is assessed using: (1) voltage violations per
hour (number of bus-phase voltages outside acceptable lim-
its), (2) VUF, (3) maximum and minimum voltages, and (4)
inference time in milliseconds per action selection [23]. The
test system was simulated using MATLAB, interfaced with
Python via the MATLAB Engine API. The reported time
includes power flow computation: Steinmetz requires iterative
solutions until VUF convergence, whereas RL requires only
a single forward pass plus one power flow verification. The
RL agents completely eliminate voltage violations (100%
reduction, from an average 13.20 to 0.00 violations per
episode) while maintaining all bus voltages within 0.999-1.002
p.u. and computational efficiency with 2.06× faster inference.
The RL agents achieve zero violations across all 10 held-out

TABLE II
PERFORMANCE COMPARISON ON HELD-OUT TEST SET

Metric Baseline MADDPG
Violations (per episode) 13.20± 4.96 0.00± 0.00
Violation reduction — 100%
Max voltage (p.u.) 1.000± 0.000 1.002± 0.000
Min voltage (p.u.) 0.888± 0.022 0.999± 0.000
VUF at Bus 2 (%) 0.00± 0.00 2.37± 0.54
Inference time (ms) 181.54 88.21

test episodes, with all 12 buses maintained at 0.999-1.002 p.u.
The deterministic policy (evaluated without exploration noise)
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produces consistent perfect regulation, demonstrating effective
generalization to temporally distinct scenarios not seen during
training. The average VUF increases from 0.00% to 2.37%,
with peak values during high-stress periods occasionally ex-
ceeding the 3% IEEE 1159 threshold. This trade-off priori-
tizes voltage safety—the primary operational constraint—and
can be addressed in future work through constrained policy
optimization to enforce per-timestep VUF limits.

We analyzed per-bus voltage regulation across the 12
buses, the baseline exhibits 13.20 violations per episode
with minimum voltages as low as 0.850 p.u., demonstrating
the RL agents’ superior voltage regulation capability across
various network conditions. The tight voltage band reflects
deterministic simulation conditions; practical deployment with
measurement noise may exhibit wider variation.

V. CONCLUSION

This paper addressed the challenge of real-time voltage con-
trol in unbalanced three-phase distribution systems by formu-
lating the problem as a partially observable Markov game and
solving it through multi-agent actor-critic deep deterministic
policy gradient learning with physics-constrained objectives.
The key insight is that distributed agents can achieve system-
wide voltage control through implicit coordination mech-
anisms—overlapping zone observations and minimal inter-
agent communication—without requiring centralized control
during execution. The centralized training with distributed
execution paradigm enables agents to learn cooperative poli-
cies while maintaining scalability. Evaluation on the IEEE
13-bus test feeder with residential load and generation data
validated the approach, demonstrating perfect elimination of
voltage violations while maintaining tight voltage regulation
band (0.999–1.002 p.u.), fast computational speedup, and VUF
below 3%. The zero-violation performance across held-out
test episodes indicates that the learned policies have captured
generalizable voltage-reactive power relationships rather than
memorizing training patterns, addressing a critical requirement
for deployment in operational distribution systems. Future
work will investigate adaptive zone partitioning strategies that
dynamically adjust to network topology and operating condi-
tions, scalability to larger distribution systems and integration
with active power curtailment for multi-modal control under
extreme operating scenarios.
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