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Abstract—Data-driven Volt/VAR Control (VVC) methods pro-
vide an effective means to enhance bus voltage regulation of
distribution networks and thus mitigate photovoltaic (PV) curtail-
ment under high penetration. However, their extension to three-
phase unbalanced distribution networks remains underexplored,
where strong phase coupling and radial topology introduce ad-
ditional coordination challenges. Graph Reinforcement Learning
(GRL) has recently emerged as a promising approach for VVC
by leveraging the underlying network topology. Nevertheless,
conventional shallow architectures struggle to capture voltage
dependencies among distant buses and to coordinate decisions
across the entire system. To address these challenges and min-
imize PV curtailment, this paper proposes a U-shaped Graph
Neural Network (UGNN) for inverter-based VVC, trained via the
soft actor—critic algorithm. UGNN captures hierarchical feature
dependencies and global coordination through a U-Net-like
pooling/unpooling structure. Node selection during pooling is
guided by Laplacian positional encoding and node feature inputs.
During unpooling, hybrid residual paths preserve both global
context and local voltage details. Evaluations on three-phase
unbalanced distribution networks demonstrate that the UGNN
achieves markedly faster early-stage convergence, efficiently dis-
covering feasible and near-optimal control strategies compared
with existing GNN-based VVC methods.

Index Terms—Graph neural network, PV curtailment mini-
mization, reinforcement learning, unbalanced distribution net-
work, Volt/VAR control.

I. INTRODUCTION

The global transition toward clean and sustainable energy
has driven the rapid deployment of distributed photovoltaic
(PV) generation in distribution networks. However, the high
penetration of PV introduces significant operational chal-
lenges, particularly bus voltage rise and further leading to
substantial PV power generation curtailment [1]-[3]. Such
PV curtailment, though simple to implement for mitigating
overvoltage issues, is economically inefficient and undermines
the sustainability of renewable integration by reducing energy
yield and profitability for PV owners [3]. Therefore, devel-
oping efficient PV inverter-based Volt/VAR Control (VVC)
methods has become essential for maintaining voltage profiles
and supporting large-scale renewable integration [4], [5].

Traditional VVC methods, including model-based central-
ized optimization, rule-based local control, and hierarchical
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coordination of PV inverters, can provide voltage regulation
and control, and minimize network power loss in distribution
networks. However, these methods work well for single-phase
or equivalent distribution networks and struggle to handle
the PV curtailment minimization problems with an accurate
network model and under strong renewable uncertainty. Recent
studies proposed linearized network operation formulations
to improve scalability and reduce computational burdens [6].
Even so, their performance remains sensitive to network and
control modeling complexity, system size, and requirement on
solution time. These limitations highlight the need for data-
driven VVC methods that can efficiently adapt to dynamic
operating conditions in three-phase unbalanced distribution
networks.

Data-driven VVC methods have recently attracted increas-
ing attention as they can learn complex operational patterns
directly from data without relying on explicit physical mod-
els. Among them, reinforcement learning (RL) methods have
emerged as a powerful framework for handling nonlinear
system dynamics and uncertainty in unbalanced distribution
networks [7]-[9]. Representative studies have applied both on-
policy and off-policy RL algorithms such as Soft Actor—Critic
(SAC) to coordinate inverter reactive power outputs, demon-
strating superior adaptability and decision efficiency compared
with conventional model-based methods [8], [9]. Building on
these advances, recent work has begun to integrate graph
neural networks (GNNs) into RL algorithms, enabling the
learning process to explicitly utilize network topology and
spatial correlations among buses in unbalanced distribution
networks [10], [11].

Recent studies on Graph Reinforcement Learning (GRL)
have explored data-driven VVC to coordinate inverter actions
and minimize PV curtailment in distribution networks [10].
These methods leverage network topology to coordinate in-
verter reactive power and curtailment decisions, achieving im-
proved voltage regulation and operational efficiency compared
with conventional model-based controllers. Nevertheless, most
of these graph RL applications still assume shallow message-
passing layers, which restrict their receptive field and limit
their ability to capture long-range voltage relationship across



long feeders [10]. In addition, deeper GNNs or multi-hop
architectures introduce substantial computational overhead,
making them challenging for real-time deployment in unbal-
anced distribution networks [10], [11]. These observations sug-
gest that, while topology-aware GNNs hold promise, further
investigation is imperative into structure that explicitly model
three-phase, system-wide coupling for VVC under high PV
uncertainty.

To address the limited receptive field and lack of global
coordination in existing GNN-based VVC methods, this pa-
per proposes a U-shaped Graph Neural Network (UGNN)
for minimizing PV curtailment in three-phase unbalanced
distribution networks. The UGNN adopts a hierarchical en-
coder—decoder structure that aggregates global voltage features
and restores local information with physical consistency, en-
abling coordinated control across distant buses. Experimental
results demonstrate that the proposed method improves voltage
regulation and convergence speed while maintaining stable
performance under varying operating conditions.

II. FORMULATION OF VOLT/VAR CONTROL AS A
MARKOV DECISION PROCESS

This study formulates the inverter-based VVC problem for
three-phase unbalanced distribution networks as a Markov
Decision Process (MDP), where the control policy aims to
minimize PV curtailment while maintaining all phase voltages
within their operational limits. The distribution network is
modeled by a three-phase unbalanced current-injection formu-
lation solved via a backward/forward sweep (BFS) power-flow
algorithm, which defines the physical state transition between
decision steps.

1) Network Representation

Let Ghus = (Vbus, Ebus) be the bus-level network, where B
denotes the number of buses and Ay, € {0, 1}5* is a sparse
adjacency matrix without self-loops. To reflect three-phase
coupling, a phase-coupled graph G = (V,€) is constructed
with V = Vyus % {a, b, c}. The adjacency A € {0, 1}V>*V is
defined as

A= Abus®J37 (l)

where J3 = 131} is the phase-coupling expansion matrix and
N = 3B is the total number of phase nodes. This construction
connects all phase pairs for each bus pair, as illustrated in
Fig. 1.

O—®

(a) Branch in (b) Phase-expanded
gbus (from Abus®l3)

Fig. 1. Illustration of bus-level and phase-coupled graphs used for three-phase
modeling.

(c) Phase-coupled
(from Abus ® JS)
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2) State Space

At each control step ¢, the system state s; consists of
phase-level per-unit voltages and normalized global power
descriptors, i.e.,

St = (Xt7 gt>7 (2)

where X; = [V, ](n,2)ev € RY denotes the vector of phase
voltages, and g; = [ Piad, Qad PEV] € R3 collects global
active/reactive power descriptors.

3) Action Space

For each controllable PV inverter, the action comprises the
curtailed active power and reactive power set-point,

ar =[P Qn Y lmseney- (3)
The dispatched active power is calculated as PpY

pPYavail _ pentt qubject to the apparent-power constraint

n,z °

(PPY)? 4+ (QEY)? < (SBY)?, ¥(n,2) € Nov. (4

n,z

Positive Q} ", indicates reactive injection, while negative val-
ues indicate absorption.

4) State Transition

The environment evolves deterministically according to
the three-phase BFS power flow [12], which updates nodal
voltages as

Vt+1 = BFS (Sta at), (5)

yielding the next state s¢11 = (Xtq1, Gry1)-

5) Reward Function

The reward penalizes voltage violations and PV curtailment:

r=-Jv [Z (Vs - Vail?)

(6)
+1 Nviol‘| e Z Pt

n,z

‘/Inax]i_ + [Vmin -

Here [x]+ = max(z,0) extracts the over-limit portion of
voltage magnitude, N0 counts the number of buses violating
[Vinins Viax)» and Ay, A¢, and 7 are weighting coefficients
for voltage, curtailment, and violation penalties, respectively.
This design encourages the policy to keep voltages within
prescribed limits while minimizing unnecessary curtailment.

6) Objective

The agent seeks a policy mp(a;|s:) that maximizes the
discounted return

T
t
max Erp lgv rt] ;
with discount factor v € (0, 1) and horizon 7.



ITI. U-SHAPED GRAPH REINFORCEMENT LEARNING

Realistic three-phase unbalanced distribution networks ex-
hibit stronger phase coupling and more diverse phase-level
characteristics than a single-phase approximation. To capture
such inter-phase dependencies, a phase-coupled graph expan-
sion is combined with a U-shaped hierarchical mechanism
that maps fine-grained phase-level voltages to progressively
abstract system-level representations and subsequently restores
information back to the phase level for coordinated control.

Figure 2 depicts an inverted U-shape overview with pooling
on the upper path and unpooling on the lower path. This
section introduces the overall architecture at a conceptual level,
while detailed formulations and implementation aspects are
presented in the subsequent subsections.

A. Normalized Propagation on Phase-Coupled Graphs

At hierarchical level k, corresponding to the k-th graph
scale in the U-shaped architecture, let A; denote the adjacency
matrix of the induced subgraph after the previous pooling
stage, and HY* < RN¢*d the hidden representations of
its N nodes at layer [. Define the augmented adjacency
Ak = A + I, and let Dk be the degree matrix with entries
(Di)ii = Z](flk)” One propagation step is

H4VE = [ D2 A D2 YR W] )

where W% are trainable weights and o is a nonlinearity.
A small fixed number of such steps is applied before each
pooling stage.

B. Hierarchical Region Representative Selection

Pooling selects region representatives and forms level-wise
regions, corresponding to the upper path in Fig. 2. Positional
information is encoded using Laplacian positional encodings
(LapPE) computed from the first d,. Laplacian eigenvectors
[13]. At level k with Nj nodes, let P* € RN+*de denote the
precomputed LapPE with retained dimension dye. Let HY* €
RNeXdi pe the current node features. Here N, denotes the
number of nodes at level k, and d; the feature dimension at
the current layer.

A pooling ratio pp € (0,1) determines the number of
representatives retained at the next level, given by Niy1 =
[pKNi]. Based on Nii, a learned soft assignment matrix
Sk = Jfpool| H* || P¥] € RVs>*Nit1 i produced by a small
Multi-Layer Perceptron (MLP) followed by row-wise softmax
with temperature 75 that controls selection sharpness. Each
row of Sj gives the normalized weights from a node to the
N1 representatives and sums to one.

Representative features are then aggregated as

ZF+1 = §T Uk ¢ RNsvixdr (8)
where Z(*) denotes the representative feature matrix at level
k and d® its feature dimensionality. As indicated by (8),
the resulting Z**! summarizes the member buses assigned
to each representative. Propagation continues at level k + 1
on the induced meta-graph using the normalized update from
the previous subsection. LapPE P* stabilizes scoring and
promotes spatially coherent, physically plausible regions.

979-8-3315-8138-1

Note: The U-shape is inverted for visualization.
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Fig. 2. Inverted U-shape overview with pooling, unpooling, and LapPE.

C. Global Coordination and Local Detail Recovery

During the upward pooling, phase-level details are progres-
sively coarsened. After reaching the top level, UGNN propa-
gates coarse features to capture global context and facilitate
detail restoration.

Top-level propagation with global context. At the top
level K, let g € R% denote the global summary. Before each
propagation, g is concatenated once to every node feature at
this level, yielding

Hypt = [HY 5 1g7] € RNix(itds), )

that is, the features are concatenated and the dimension
increases from d; to d; 4 dg4. The normalized propagation then
follows Eq. (7) on Halu’gK.

Downward restoration via unpooling. After coarse propa-
gation, restoration proceeds level by level. Unpooling follows
the reverse of (8), with the learned assignment .S, distributing
level-k+1 representative features back to nodes. The decoder
at level k is initialized by a single residual bridge that merges
encoder skips with lifted coarse features:

HY* = o Hyyy + (1—ag) Sp 251, (10)
Here H, S’iip denotes encoder skip features cached at level k£ and
aligned to d;, the term S, ZFt1 € RN#*d provides coarse
guidance from representatives and «y € [0, 1] preserves fine
details through skips.

Then refined using the normalized propagation from (7)
together with a light layerwise residual that sustains coarse
guidance:

H'THF = GNNYMHYF) + B S 28, (1)

Here 8, € (0,1] keeps the guidance light so it does not
overwhelm restored details.

By the final level, representative information has been

passed down and combined with local features, yielding phase-
level results that keep both detail and system consistency.

D. Training Procedure with SAC

UGNN serves as a shared topology-aware encoder for the
actor and critics in a SAC framework. All remaining training



Algorithm 1 UGNN-SAC Training with Prioritized Experi-
ence Replay (PER) and Entropy Cap

Require: Graph G, adjacency A, cached Laplacian PEs { P}
for pooling, pooling ratios {py }, discount -, target entropy
H, learning rates 7actor, Meritics Ntemp> PoOlyak rate 7, hori-
zon T, replay buffer M with warmup Ny,
Ensure: Policy 7y, critics Qy, , Qs
1: Initialize shared UGNN encoder f, and cache {P*};
initialize actor mg, critics Q,, Qy, and target networks
Q> Qy,; initialize temperature a.
2: fort =1to T do
3:  Observe state s;; generate action a; with my; apply
BFS_POWERFLOW to obtain (st1, 7).

4:  Store (s¢,at,ry, S¢11) into replay buffer M.

5: if [M]| > Npin then

6: Sample a minibatch from M using PER.

7 Compute target () values and the entropy term
ent_term.

8: Check whether ent_term exceeds a cap defined as a
fixed ratio of the target () value.

9: if not exceeded then

10: Update actor, critics, and temperature c.

11: else

12: Clip ent_term to the cap; update actor and critics

with the clipped term; stop updating o.
13: end if

14: Update target critics by Polyak averaging.
15:  end if
16: end for

17: Note: Cached Laplacian PEs {P*} are used for pooling
score computation in the UGNN encoder.

details and calls outside the UGNN internals are summarized
in the pseudocode below.

Remark. In the late stage of VVC training, when the critic
(@ magnitude decreases, cap the entropy contribution once its
ratio to the () term exceeds a threshold, and then freeze . This
stabilization rule markedly improves convergence stability and
final performance for a wide range of networks using SAC on
the VVC task.

IV. CASE STUDY
A. Test System Description

A modified IEEE 123-bus test system with PV installations
is adopted, where the system parameters are taken from [14].
The PV capacity is scaled by a factor of two to emulate a high-
penetration scenario. A three-phase unbalanced distribution
network is simulated using a BFS power flow solver to ensure
physically consistent state transitions between control steps.

Four agents are evaluated: MLP, GCN, UGNN-1, and
UGNN-2. UGNN-1 includes one pooling level, while UGNN-
2 includes two. All GNN-based models are employed as
feature decoders to ensure architectural fairness in network
functionality, while the MLP agent directly maps input features
to an output space of the same dimensionality as the GNN
decoders. At each control step, loads and PV injections are
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TABLE I
NETWORK CONFIGURATION OF SHARED GNN ENCODER AND SAC
HEADS.
Shared GNN
Component GCN UGNN-1 UGNN-2
Hidden dims per node 16 16 16
Hidden global dims 16 16 16
Output dim 16 16 16
Dropout 0.1 0.1 0.1
Number of pools 0 1 2
Pool ratio - 0.25 0.25
LapPE enabled - True True
Residual (o, ag, B) - (1.0, 0.3, 0.5) | (1.0, 0.3, 0.5)
SAC Head
Actor Critic
Input feature Shared GNN output | Shared GNN output + action
Hidden dims [128, 64] [128, 64]
Dropout 0.1 0.1
'g 0
é-zo O
MLP
585_ -40 . GCN
B -10'3 UGNN-1
2 & j:@ij UGNN-2
o -10°
Z 80 0 100, 200 300 400 | |
0 100 200 300 400 500 600
Episode Number

Fig. 3. Averaged step reward per episode over time.

perturbed by Gaussian multipliers clipped within nominal
ranges to represent stochastic operating conditions.

Since VVC is a quasi-static control task, the discount factor
is set to zero to emphasize immediate voltage regulation. The
MLP agent relies heavily on replay-driven updates, and a small
replay buffer of 5,000 samples is used to maintain update
freshness. Each episode consists of 50 control steps, and the
batch size is 128. All agents share identical SAC optimizers
and training configurations.

B. Ablation Study

Figure 3 shows the reward evolution over training, where
UGNN-1, UGNN-2, and GCN all converge rapidly, while
MLP exhibits a noticeably slower learning rate. Figure 4 com-
pares the voltage regulation performance; although GCN also
converges quickly, it presents larger voltage fluctuations than
the UGNN models, indicating less stable voltage coordination.
As shown in Figure 5, both UGNN variants achieve smoother
and more favorable PV curtailment trajectories relative to
GCN.

Table II summarizes the area-under-curve (AUC) results
across different training stages. Overall, UGNN architectures
exhibit comparable or slightly better sample efficiency than
GCN, while MLP trails behind. Between the two UGNN
configurations, differences are task-dependent: the shallower
and deeper variants show complementary strengths across
metrics rather than a strict dominance relationship.

It is also observed that UGNNs are extremely sensitive
to hyperparameter tuning. With a reliable adaptive tuning
strategy, their performance could be further enhanced.
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é 104 GCN PERFORMANCE EVALUATION OF BEST MODELS UNDER POWER OPERATION
o UGNN-1 SCENARIOS.
100 UGNN-2 Veer = 1.00 Voot = 1.05
s - \‘-_,j\/x/\ ‘ Agent Type | Viol. (steps) Avg Rwd | Viol. (steps) Avg Rwd
107 05 1 15 2 25 3 GCN Hist. 87 -1.017 87 -0.903
Step Number «10% GCN Rec. 106 -0.574 107 -0.567
Fig. 4. Voltage penalty over training steps. UGNN-1 | Hist. 0 0.000 0 0.000
UGNN-1 | Rec. 13 -0.262 13 -0.286
<8000 UGNN-2 | Hist. 10 -0.029 4 -0.007
§ 8000 UGNN-2 | Rec. 10 -0.029 4 -0.007
1 6000 MLP
£ GCN . . . .. .
T 4000 4000 UGNN-1 inverter-based VVC, it effectively mitigates PV curtailment
3 <— UGNN-2 and achieves robust voltage regulation across stochastic oper-
s 2000 oL S 00 ating conditions, demonstrating clear advantages over standard
3 o : 1 e B : : . GCN and MLP structures.
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Step Number x10*

Fig. 5. Total PV curtailment over training steps.

TABLE I
COMPARISON OF AUC ACROSS DIFFERENT TRAINING STAGES.

Agent Ep Step reward | Voltage penalty | Curtailment(kW)
50 7.98 x 102 1.38 x 10% —2.60 x 10°

MLP 200 | 1.49 x 103 4.65 x 104 —2.60 x 106
400 | 2.10 x 103 6.22 x 104 —3.67 x 106
50 9.11 x 102 1.51 x 10% —3.06 x 10°

GCN 200 | 9.63 x 102 1.80 x 104 —3.07 x 106
400 | 1.09 x 103 1.87 x 104 —3.07 x 106
50 7.01 x 102 1.56 x 10% —1.98 x 10°

UGNN-1 | 200 | 7.09 x 102 1.59 x 10% —1.98 x 108
400 | 7.25 x 102 1.66 x 10% —1.98 x 108
50 | 6.97 x 102 1.20 x 104 —2.32 x 10°

UGNN-2 | 200 | 7.06 x 102 1.24 x 104 —2.32 x 106
400 | 7.25 x 102 1.29 x 104 —2.33 x 106

C. Generalization Across Power Operation Scenarios

Closed-loop Monte Carlo evaluations were conducted with
10,000 scenarios, where the active and reactive loads as well
as PV generation were independently scaled by normalized
factors uniformly sampled from [0,1] and applied to their
nominal profiles. Since the training process used Gaussian per-
turbations around nominal conditions, these samples include
out-of-distribution operating points not encountered during
training.

Table III compares the best-history and best-recent check-
points of each agent. UGNN-1 achieves the most robust histor-
ical model, maintaining perfect voltage compliance and strong
stability under unseen conditions. UGNN-2 performs better in
its most recent checkpoint, indicating higher latent learning
capacity and continued improvement potential. In contrast, the
GCN baseline shows inferior generalization compared with
both UGNN variants.

V. CONCLUSION

This paper proposed a data-driven VVC framework for
three-phase unbalanced distribution networks based on a
UGNN integrated with the SAC algorithm. The proposed
UGNN architecture aims to coordinate local fine-grained and
global coarse-grained representations through a hierarchical
design, addressing the intrinsic message-passing limitation of
conventional GNNSs. Integrated within a GRL framework for
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