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Two-timescale Volt/var Control Based on
Reinforcement Learning with Hybrid Action
Space for Distribution Networks

Yuan Zhou, Yizhou Peng, Leijiao Ge, Luyang Hou, Ying Wang, and Hongxia Niu

Abstract—In volt/var control (VVC) for active distribution net-
worKks, it is essential to integrate traditional voltage regulation de-
vices with modern smart photovoltaic inverters to prevent volt-
age violations. However, model-based multi-device VVC methods
rely on accurate system models for decision-making, which can
be challenging due to the extensive modeling workload. To tackle
the complexities of multi-device cooperation in VVC, this paper
proposes a two-timescale VVC method based on reinforcement
learning with hybrid action space, termed the hybrid action rep-
resentation twin delayed deep deterministic policy gradient
(HAR-TD3) method. This method simultaneously manages tradi-
tional discrete voltage regulation devices, which operate on a
slower timescale, and smart continuous voltage regulation devic-
es, which function on a faster timescale. To enable effective collab-
oration between the different action spaces of these devices, we
propose a variational auto-encoder based hybrid action recon-
struction network. This network captures the interdependencies
of hybrid actions by embedding both discrete and continuous ac-
tions into the latent representation space and subsequently decod-
ing them for action reconstruction. The proposed method is vali-
dated on IEEE 33-bus, 69-bus, and 123-bus distribution net-
works. Numerical results indicate that the proposed method suc-
cessfully coordinates discrete and continuous voltage regulation
devices, achieving fewer voltage violations compared with state-
of-the-art reinforcement learning methods.

Index Terms—Voltage/var control, reinforcement learning, hy-
brid action space, two-timescale, active distribution network.

I. INTRODUCTION

OLT/VAR control (VVC) is an effective strategy for
mitigating voltage violations and has been seamlessly
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integrated into distribution management systems, enhancing
the voltage distribution efficiency and reducing the network
loss [1]. In traditional distribution networks, the implementa-
tion of VVC is relatively straightforward, involving the use
of voltage regulation tools such as on-load tap changers
(OLTCs) and reactive power compensation capacitors to ad-
dress voltage violations [2]. However, the integration of dis-
tributed photovoltaic (PV) systems into active distribution
networks presents new challenges: the intermittency of PV
generation can lead to high-frequency voltage fluctuations
and significant voltage violations [3]. Traditional voltage reg-
ulators, which typically operate at a lower frequency, strug-
gle to adapt to these abrupt changes. To maintain the safety
and stability of the distribution network in this dynamic envi-
ronment, a voltage regulation approach must synchronize the
operation of reactive power devices such as PV inverters,
which operate on a faster timescale, with traditional voltage
regulation devices that function on different timescales. This
synchronization is essential for effectively managing voltage
fluctuations.

In traditional VVC scenarios, OLTCs and switchable ca-
pacitor banks (CBs) are commonly employed to achieve ef-
fective voltage control. Various model-based VVC methods
have been developed to coordinate the dispatch of these de-
vices in traditional VVC setups, including branch-and-cut
method [1], oriented discrete coordinate descent method [4],
nondominated sorting genetic algorithm [5], and fuzzifica-
tion method [6]. These methods determine the optimal hour-
ly discrete setpoints for the voltage regulation devices by
solving the optimal power flow problem. However, tradition-
al model-based VVC methods heavily rely on accurate and
comprehensive distribution network models that include pa-
rameters such as topology and line parameters [7]. Obtaining
precise and detailed model parameters to support mathemati-
cal optimization is often challenging. In contrast, deep rein-
forcement learning (DRL) based control methods utilize sim-
ulated operational data or historical data during the training
phase and make decisions based solely on the state of the
distribution network during the inference phase. These meth-
ods reduce dependence on precise topology and parameter in-
formation, significantly improving control efficiency and pre-
senting a promising alternative [8]. As a result, several DRL-
based VVC methods have been proposed. For instance, [9]
enhances DRL by incorporating a supervised learning model
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to learn the operational environment of VVC. Reference [10]
integrates graph neural networks into the DRL to model the
VVC operation.

The aforementioned VVC methods focus on traditional
discrete voltage regulation devices that operate on slower
timescales, which may not be sufficient for the rapid and
continuous control required by devices such as PV inverters
and static var compensators (SVCs). Model-based optimiza-
tion methods for the control of continuous voltage regulation
devices can be categorized into centralized, distributed, and
local control methods. Centralized control methods include a
three-stage VVC method presented in [11], where the invert-
er supports both centralized reactive power scheduling and
local reactive power droop control. Reference [12] introduc-
es a reliability-constrained VVC method for PV inverters in
distribution networks under uncertainty. Distributed control
methods can be implemented through consensus-based meth-
ods [13] and distributed optimization methods [14], [15]. Lo-
cal control methods involve dividing large distribution net-
works into smaller zones for automatic voltage control [16]-
[18]. In the realm of DRL-based VVC methods designed for
the rapid and continuous control of continuous voltage regu-
lation devices, [19] proposes a voltage control method utiliz-
ing deep deterministic policy gradient (DDPG) to adjust the
reactive power of multiple PV inverters. Reference [20] em-
ploys a multi-agent constrained soft actor-critic (MACSAC)
algorithm to coordinate the reactive power of PV inverters.
Reference [21] focuses on optimizing the continuous voltage
regulation devices within minutes using a reinforcement
learning (RL) algorithm based on graph convolution. Refer-
ence [22] utilizes two critics to independently learn the dual
objectives of inverter-based VVC.

The model-based optimization methods and DRL-based
VVC methods discussed carlier are applicable to scenarios
where the distribution network comprises either traditional
discrete voltage regulation devices such as OLTCs and CBs
or exclusively continuous voltage regulation devices such as
PV inverters. However, real-world distribution networks of-
ten contain a mix of both types of devices. Traditional dis-
crete voltage regulation devices offer a wide adjustment
range but operate at slower adjustment frequencies, making
them unable to respond quickly to sudden voltage fluctua-
tions. In contrast, continuous voltage regulation devices can
make high-frequency adjustments but have a limited adjust-
ment range. Therefore, it is crucial to consider the character-
istics of both discrete and continuous voltage regulation de-
vices when developing VVC methods for real-world distribu-
tion networks.

Several methods have been proposed to coordinate both
discrete and continuous voltage regulation devices in distri-
bution networks. References [23]-[25] propose model-based
optimization methods to collaboratively optimize traditional
voltage regulation devices and smart inverters operating on
different timescales. Additionally, DRL-based VVC methods
offer solutions for multi-device VVC. Reference [26] em-
ploys deep-Q network (DQN) to address optimization issues
involving traditional voltage regulation devices. However, it
relies on an accurate model for the optimization of continu-
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ous voltage regulation devices. Reference [27] proposes a
two-stage DRL method for VVC, where the first stage trans-
forms the optimization problem of discrete voltage regula-
tion devices into a model-based mixed-integer second-order
cone program, and the second stage employs DRL to man-
age the actions of PV inverters. Reference [28] proposes a
two-stage optimization method that controls discrete voltage
regulation devices using historical data while employing
DRL agents for real-time control of smart inverters. Howev-
er, this method may be adversely affected by discrepancies
between historical and real-time data, particularly concerning
factors like weather conditions and load profiles. Reference
[29] utilizes two separate DRL agents to control devices op-
erating on different timescales. Reference [30] proposes a
two-timescale coordination strategy that leverages electric
springs for VVC; however, achieving an optimal solution re-
quires an accurate circuit model.

In the realm of DRL-based VVC methods for distribution
networks, algorithms such as DQN [31] and twin delayed
deep deterministic policy gradient (TD3) [32] face limita-
tions in their action spaces, being restricted to either discrete
or continuous actions. This restricts their effectiveness in re-
al-world scenarios where both types of control variables co-
exist. Furthermore, when different algorithms or agents are
employed to manage the two categories of devices indepen-
dently, the interactions between their control actions are of-
ten overlooked. Consequently, there is a research gap in ex-
ploring RL algorithms with a hybrid action space that can si-
multaneously accommodate both discrete and continuous
voltage regulation devices while considering the interactions
between these devices within a unified decision-making
framework.

To address this gap, this paper proposes a two-timescale
VVC method based on RL with hybrid action space for dis-
tribution networks, termed the hybrid action representation
twin delayed deep deterministic policy gradient (HAR-TD3)
method. This method jointly controls traditional discrete volt-
age regulation devices operating on a slower timescale and
smart continuous voltage regulation devices operating on a
faster timescale. Specifically, to enable collaboration be-
tween the disparate action spaces of discrete and continuous
voltage regulation devices, we introduce a variational autoen-
coder (VAE) [33] based hybrid action reconstruction net-
work. During the reconstruction process, the encoder and de-
coder networks carefully account for the correlations be-
tween the two types of devices and the real-time status of
the distribution network, facilitating coordinated control
across multiple devices.

The contributions of this paper are summarized as follows.

1) A two-timescale VVC method based on RL with hybrid
action space for distribution networks, termed the HAR-TD3
method, is proposed, which enables the simultaneous control
of multiple devices in a model-free pattern.

2) The action space of the TD3 algorithm is improved.
Specifically, the TD3 algorithm features two action spaces
tailored for discrete and continuous voltage regulation devic-
es within the distribution network. The actions of OLTCs
and CBs are performed on a slower timescale, while the ac-
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tions of PV inverters and SVCs are performed on a faster
timescale.

3) A VAE-based hybrid action reconstruction network is
proposed, which embeds discrete and continuous actions into
the latent representation space. This network studies poten-
tial correlations between the actions of multiple types of de-
vices in a distributed network.

The remainder of this paper is organized as follows. Sec-
tion II introduces the framework of the proposed HAR-TD3
method. The Markov decision process (MDP) formulation of
VVC problem is formulated in Section III. Section IV intro-
duces the TD3 algorithm and the VAE-based hybrid action
reconstruction network to solve the multi-device VVC prob-
lem. Section V validates the performance of proposed VVC
method. Section VI concludes the whole paper.

II. FRAMEWORK OF PROPOSED HAR-TD3 METHOD

The proposed HAR-TD3 method effectively oversees both
discrete and continuous voltage regulation devices to ensure
the voltages within the desired range. The framework for the
proposed HAR-TD3 method is illustrated in Fig. 1.

Discrete
O actions Hourly dispatch of CB |
O and OLTC
O 15-min dispatch of SVC | |
Continuous and PV
TD3 agent actions Two-timescale control
TObservation
V]
23450
24 B
IFGD 2 @7 9 11 13551 7 Embedding table |«
OlTa 3456 8 10 12 14 16 18 ¥
20,22027 29 /31 .33 Decoderi«—{Encoder|i«{-
DEiEnEEE Decoder-Encoder|
:%( ] Action reconstruction

Distribution network

Fig. 1. Framework of proposed HAR-TD3 method.

The distribution network includes two types of devices:
traditional discrete voltage regulation devices and smart con-
tinuous voltage regulation devices. The key challenge lies in
controlling these devices, each with different action space,
within a unified framework. To address this, we proposed
the HAR-TD3 method. To accommodate the distinct control
requirements of devices operating on different timescales,
the proposed HAR-TD3 method divides a day into two tim-
escales. The slow timescale operates with a control interval
of 1 hour, with its time index represented as 7= {1,2, ...,NT},
where N,=24. The fast timescale operates with a control in-
terval of 15 min, and the time index value is represented as
t= {1,2, ...,Nt}, where N,=96. In this setup, each slow times-
cale period is divided into m fast timescales. Discrete volt-
age regulation devices such as CBs and OLTC operate on
the slow timescale, while continuous voltage regulation de-
vices such as PV inverters and SVCs operate on the fast tim-
escale. The proposed HAR-TD3 method introduces a TD3 al-
gorithm and a hybrid action reconstruction network to coor-
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dinate discrete and continuous actions. The TD3 agent con-
tinuously receives real-time status observations from the dis-
tribution network. It updates the actions of discrete voltage
regulation devices on the slow timescale and adjusts the ac-
tions of continuous voltage regulation devices on the fast
timescale. Subsequently, the hybrid action reconstruction net-
work builds an embedding table to represent discrete ac-
tions, and employs a VAE to map discrete actions’ embed-
ding and continuous actions’ vectors into a latent representa-
tion space. The network then reconstructs the actions to their
original dimensions and applies them to the distribution net-
work.

III. MDP FORMULATION OF VVC PROBLEM

RL models the interaction with the environment as an
MDP, which is defined by a five-tuple (S, 4,p,7,y). S is the
state space, and s € S is the state. 4 is the action space, and
a € A is the selected action. p is the state transition probabili-
ty distribution. 7 is the immediate reward obtained after tak-
ing an action. y is the discount factor that balances immedi-
ate and future rewards. In an MDP, an agent interacts with
the environment over a sequence of time steps. At each time
step, the agent observes the current state, selects an action
based on a policy, transitions to a new state, and receives an
immediate reward. The objective is to learn a policy to maxi-
mize cumulative rewards:

,u*(a[|sz):argm:1xJ(,u) (1)
J (1) =E{2/Wf} )

where a, and s, represent the action and state at time step ¢,
respectively; u represents the policy, which is a stochastic

distribution of action a, under state s, i.e., a,~ﬂ( . ‘s, ); N, is

the length of episode; r, is the immediate reward at time
step ; y€ [0,1); and E[-] is the mathematical expectation.

In the VVC problem, both discrete and continuous voltage
regulation devices must be coordinated to minimize long-
term average voltage deviations and power losses. This coor-
dination is achieved by leveraging real-time information col-
lected from sensors in the distribution network, which serves
as the foundation for decision-making. In this context, the
power flow in the distribution network represents the envi-
ronment, while the various controllable devices serve as con-
trol variables in the decision-making process of the agent.
Consequently, the multi-device VVC problem can be formu-
lated as an MDP, where the episodes, hybrid actions, states,
and rewards are defined as follows.

1) Episode

In the MDP framework, an episode is defined as a single
day, which is divided into steps of 15 min, resulting in a to-
tal of 96 steps per episode. Continuous voltage regulation de-
vices operate with an action cycle of 15 min, meaning that
they take an action every step. In contrast, discrete voltage
regulation devices have an action cycle of 1 hour, resulting
in an action being taken every four steps.
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2) Hybrid actions

In the distribution network, the numbers of CBs, PV in-
verters, and SVCs in the distribution network are denoted as
Ny, Npy, and Ngye, respectively. The number of adjustable
tap positions for OLTC is n°-™, and the number of stages of
the i" CB is n®®. The vector a%, with length L, represents
the discrete action information of discrete voltage regulation
devices at time step 7, where L, =n"""n®n P 1.
When interacting with the distribution network, the vector a?
maps to specific discrete actions of discrete voltage regulation

TAP TAP

T
devices, i.e., at— [ar .ash, aff},...,aﬁfj} . ai™ is the tap

position of the OLTC, taking values from {tmi“,...,—l,O,

P
L., }, where ¢

and 1™ are the maximum and mini-
mum values of tap position, respectively; ag; is the action of
the /" CB, taking values from {O,l,...,nCB'}. The action of

continuous voltage regulation devices at time step ¢ is de-

d PV PV PV svC NYe
fined as a;= [al’,,azﬁ,,...,aNWJ,aM S5y s

a;} and a?)“ are the actions of PV inverter and SVC, respec-

tively, with values ranging continuously between —1 to 1.
The length of vector a; is L.=Npy + Ngyc.

3) States

The state of MDP at step ¢ is defined as a vector s§,=

[V.PY. 03 k, load,,t}T, where V, is the vector of voltage

T
magnitudes of all buses; PV= [PPV P;’_Y,...,P,f,:i_t} , and P}

Lt>
is the active power output of the i" PV inverter; Q%=

NYe
Lt »

T
NY%e
.,aNm_,,} , where

svc
2.t 0

NYe
7 2 Nyyet

T
] , and O7YC is the reactive power out-
put of the i" SVC; k, is the index value of the discrete ac-
tion taken; and /oad, is the load power factor.

4) Rewards

r, is the reward at time step 7. The reward encompasses

two components, as follows:

r, :_PtIOSS 4 thoss (3)
Ptloss _ z P’ljo)fs (4)
jep
thoss: z([Z_Vi’t}++ [V,‘,t— I_/:|+) (5)

feN
where P°* is the active power loss at time step #; ij is the
branch from bus i to bus j; P;’js is the active power loss of
branch ij at time step f; p is the set of branches in the distri-
bution network; p is a penalty factor for exceeding the volt-
age limit; V™ is the voltage violation value at time step ¢
N is the set of buses in the distribution network; ¥ and 7
are the lower and upper voltage limits, respectively; V,, is

the voltage at bus / at time step #; and [ x] =max (0,x).

IV. TD3 ALGORITHM AND VAE-BASED HYBRID ACTION
RECONSTRUCTION NETWORK

A. TD3 Algorithm

The TD3 algorithm is an enhancement of the DDPG algo-
rithm that effectively mitigates issues such as Q-value over-
estimation and poor update [32], [34]. In the actor-critic
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framework, the TD3 agent is composed of the critic network
O(s,al0?) with parameter 6, and an actor network (s |60")
with parameter 6”. Each actor and critic network is paired
with a corresponding target network, denoted as Q’(s,ft|9g')
for the critic and ,u’(s|¢9“') for the actor. The actor network

continuously selects deterministic actions tailored to the in-
put state, while the critic network evaluates these actions
and provides gradient feedback to the actor network. These
gradients help direct the actor network towards selecting pro-
gressively optimal actions.

TD3 algorithm has the following three characteristics.

Firstly, TD3 algorithm establishes two critic networks:
0,(s,al6?) and Q,(s.a|6%). Each of these critic networks

has a corresponding target network, namely Q] (s,&|99§) and
Q;(s,&wgé ) Two distinct action values of the next state are
calculated by:

Q;(SHI’&HI |0Q;) :Q{(st+1’/1’(s,+1|9”') ‘HQ:)
Q;(SHH&HI |0Q2’) :Qé(st+leﬂ’(st+1|9//) ‘QQQ)

To tackle the problem of Q-value overestimation in calcu-
lations, the TD3 algorithm computes the target O-value by
selecting the smaller value from the output of the tow target
critic networks. This target O-value is crucial for calculating
the loss functions for two critic networks, as shown in (7)

and (8).
QQ.')

L(QQ') :E[(y,—Qi(s,,a,QQ') a,:,u(st|9“))2} ®)

where y, is the target O-value at the specific state s, and ac-
tion a,; and L(6) is the loss function.

(6)

— 1 |
yz_r1+y£1}121 Qi(s/+17az+l

(7

The critic network updates its parameters using gradient
descent, as shown in (9) and (10).

VoL (GQ') =E [(y,— Qi(st,a, IGQ') )VHQ,Q,.(S,, at‘ 62 )] ‘

i=1,2
©)
(10)
where V HQ,L(HQ') is the gradient of the loss function with re-
spect to 6%; V gQ,Q,.(s,,a, ’9Q') is the gradient of O-value with

respect to 0¢; and « is the learning rate of the critic network.

The actor network updates its parameter 6“ using gradient
ascent to maximize the expected cumulative reward. The op-
timization process adjusts the parameters to boosts the Q-val-
ue as follows:

VH,‘J(F)“) :E[V,,Q1<s,a‘09‘) |s=st,
azﬂ(st‘ﬁ")vw,u(s,‘ﬁ") s=s,} (11)
0"« 0"+pV,.J (0") (12)

where V .J (0") is the gradient of the target function J (6*‘)
with respect to 6 Van(s,a|HQ') is the gradient of Q-value

0%« 0%-aV ,L(6%)
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with respect to a; V, ,u(s|6") is the gradient of the policy u
with respect to 8; and S is the learning rate of the actor net-
work.

Secondly, to mitigate overfitting and reduce the variance
of the temporal difference (TD) target, a clipped normal dis-
tribution noise ¢ is introduced to the target action, as ex-
pressed in (13).

' (s,.,0") +¢
é‘~clip(N(0,az),—c,c)

where & is sampled from a normal distribution N (0, 02) and

(13)

clipped within the range [—c,c ], and clip(x,—c,¢) is the clip-
ping function that limits x to a specified range [—c,c], ensur-
ing it stays within the interval by truncating values below —c
or above c.

Thirdly, the actor network and target networks are updated
less frequently than the critic networks, which can reduce
the error accumulation during each update and stabilize the
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learning process.

B. Hybrid Action Space Improvements for TD3 Algorithm

Controlling both discrete and continuous actions simultane-
ously poses significant challenges for traditional RL agents.
To address this challenge and effectively manage discrete
and continuous voltage regulation devices in distribution net-
works, this paper focuses on the parametric action Markov
decision process (PAMDP) [35]. PAMDP extends the stan-
dard MDP by introducing a hybrid action space that incorpo-
rates both discrete and continuous components.

Specifically, two enhancements have been introduced to
the actor network and target actor network of the TD3 algo-
rithm: hybrid action output and timescale constraint, as de-
picted in Fig. 2. a{y;, and a5y, are the vectors representing
discrete and continuous actions, respectively, output by the
network at time step ¢. The actor network structure consists
of multi-layer perceptron (MLP) function, rectified linear
unit (ReLU) activation function, and tanh function.

d
aTp3 -1 7
103,01 |[Timescale
d c .
; : A3 ATp3, d constraint _
Distrubution s, ( l | Critic 1 |_ﬂ| 1(02)
network
MLP Conc_at}—-
T Spi1 Actor | Critic 2 |—H| L(6%)
Collect samples g
ATp3,; 7 y,
'@l Timescale
constraint
Replay buffer Si1 ( 2 | tanh FMafs Target critic 1
d d c > ReLU Noise l
<“TD3H$ S A1p3 s A3 T Sz+1> - min(0}, 03) + D
MLP tanh dfps i [ Concat ) i
Target actor T Target critic
rl

Fig. 2. Framework of TD3 algorithm.

1) Hybrid Action Output

The actor network takes the state of the distribution net-
work as input and outputs the corresponding actions, which
should be executed in this state. The process is defined in
(14) and (15).

aty; =tanh_d(ReLU (MLP(s,))) (14)

(15)

where MLP(-) is an MLP function consisting of multiple ful-
ly connected layers; ReLU (-) is the ReLU activation func-
tion; and tanh_d(-) and tanh_c(-) are the hyperbolic tangent
functions used to output discrete and continuous actions, re-
spectively. The output dimensions of these actions are denot-
ed as L, for discrete actions and L, for continuous actions.
2) Timescale Constraint

To respect the timescale constraints associated with dis-
crete actions of discrete voltage regulation devices, a special-
ized update mechanism is implemented. This mechanism en-
sures that discrete actions are updated less frequently com-
pared with continuous actions, adhering to a slower times-

@iy, =tanh_c(ReLU (MLP(s,)))

cale. This constraint is described as:

. %aﬁm_t tmod m=0

(16)

A3, =\ 4

o3 €lse

where m is the number of continuous action executions that
occur between two updates of discrete actions; and mod is
the modulus operator, and when the result of # mod m is 0,
it indicates that ¢ is divisible by m. In this context, m=4.

C. Hybrid Action Reconstruction Network

In the collaborative reactive power optimization problem
involving discrete and continuous voltage regulation devices,
simply combining discrete and continuous actions without
considering their inherent interdependence and heterogeneity
can lead to suboptimal training outcomes. Inspired by recent
advancements in RL and representation learning [36], the tra-
ditional hybrid action policy learning is transitioned to a con-
tinuous action policy learning in this paper. We introduce a
latent representation space that captures the interactions and
associations between discrete and continuous actions within
the distribution network environment, aligning closely with
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the dynamic characteristics of that environment. This subsec-
tion presents a network designed to construct a compact and
interpretable latent representation space to effectively coordi-
nate the actions of the devices. The structure of this network
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is shown in Fig. 3, where k is the vector index in the embed-
ding table; d, is an output of the decoder to assist in predict-
ing the system state; and z is a vector representing the latent
representation variable of continuous actions.

d
;

TD3 agent

Discrete
1 action
Distribution
network
Continuous
action

Embedding table

C
a| aTp3

Decoder

Encoder

Replay buffer

d c od c "
<aTD3.H» s, k, aj, Ap3p Arp3 e T st+1>

®Element-wise product operation

Fig. 3. Structure of hybrid action reconstruction network.

A learnable embedding table E e R¥** is established to
represent the discrete actions, where K is the total number of
discrete actions. Each row in the table corresponds to a dis-
crete action and is represented by a continuous vector. The
discrete actions are encoded by the embedding table as de-
scribed in (17) and (18). Equation (17) calculates the L2-
norm between the discrete action vector af;, and each row
of the embedding table E (k). The discrete action index k, of
the row with the smallest L2-norm is selected. Equation (18)
derives the discrete action embedding vector corresponding
to k, denoted as EY, which serves as the encoding of action
vector afp, .

k= arg min ” E (k) -, | an
Ei-E(k) 13

A VAE [33] is employed to construct the latent representa-
tion space for the continuous parameters. The VAE consists
of an encoder g, parameterized by ¢, and a decoder p,, pa-
rameterized by ¢. The encoder maps the continuous action
vector afp,,, the discrete action embedding vector Ef, and
the state s, into a latent representation variable z € R’, as
shown in (19). More concretely, the encoder outputs the
mean u and standard deviation ¢ of a Gaussian distribution
N ( ,u,a), from which the latent representation space z is sam-
pled.

2~q,(-|@sps 5, EY) (19)

The decoder then reconstructs continuous actions based on
this latent representation space z, the discrete action embed-
ding vector E¢, and the state s,, as depicted in (20).

a=p,(zs.E) (20)

Finally, the discrete action index k, and the continuous ac-
tion index a; are applied to discrete and continuous voltage
regulation devices in the distribution network, respectively.

The embedding table and VAE are trained by minimizing
the loss function L, as follows:

L,,=E

4 ~C
” a,—a,

2 n

2+DKL(Q¢(-|a,‘,s,,E,")HN(O, 1))}
(21)

where a{ is the output of the VAE during training; D is the

replay buffer, which is used to sample data during training;
[-] is the expectation operation, with s, k, and

x,.k,,a,‘~D¢z~q¢|:

Sk a;~D.z~q,
a; sampled from the replay buffer D, and z sampled from
the encoder g; the first term represents the L2-norm square
reconstruction error; and the second term is the Kullback-
Leibler (KL) divergence between the latent representation
space z and the standard Gaussian prior N (0, 1).

To enable the agent to evaluate the consequences of each
device action in the distribution network more effectively, ac-
curately predicting the next state of the system is crucial.
This predictive capability allows the agent to make informed
and optimized decisions about its actions. To enhance this ca-
pability, we incorporate an unsupervised learning loss based
on the prediction of state dynamics. The construction of this
loss function is detailed as:

2
)

Ls:E[H o.— (sHl —s,)

The overall loss function combines the VAE loss and the
prediction loss of state dynamics, which is defined as:

L=L,+¢Lg (23)

where ¢ is a hyperparameter that balances the contribution of
the prediction loss of state dynamics.

(22)

V. CASE STUDY

A. Simulation Settings

The proposed HAR-TD3 method is tested on modified
IEEE 33-bus [37], IEEE 69-bus, and IEEE 123-bus distribu-
tion networks. In the modified IEEE 33-bus distribution net-
work, an OLTC is placed between buses 1 and 2. The OLTC
has 11 tap positions, each corresponding to a different turn
ratio ranging from 0.95 to 1.05. A 4-stage CB is installed at
bus 14 with a capacity of 400 kvar. Additionally, five PV
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systems, each with a nameplate capacity of 200 kVA, are
connected to the feeders at buses 6, 16, 22, 23, and 31. An
SVC with a capacity of 200 kvar is installed at bus 27. In
the modified IEEE 69-bus distribution network, an OLTC is
placed between buses 1 and 2 with 11 tap positions, corre-
sponding to turn ratios ranging from 0.95 to 1.05. Two 4-
stage CBs, each with a capacity of 400 kvar, are located at
buses 56 and 59. Furthermore, two SVCs, each with a capac-
ity of 200 kvar, are installed at buses 62 and 64. Eight PV
systems, each with a nameplate capacity of 200 kVA, are in-
tegrated into the feeders at buses 6, 16, 22, 23, 31, 34, 53,
and 60. In the modified IEEE 123-bus distribution network,
an OLTC is installed between buses 122 and 1, featuring 11
tap positions corresponding to turn ratios ranging from 0.95
to 1.05. Three 4-stage CBs, each with a capacity of 400
kvar, are installed at buses 64, 93, and 98. Four SVCs, each
with a capacity of 400 kvar, are located at buses 52, 61, 96,
and 97. Furthermore, 15 PV systems, each with a nameplate
capacity of 600 kVA, are integrated into the feeders at buses
15, 20, 25, 26, 31, 42, 51, 60, 72, 80, 88, 93, 96, 100,
and 109.

Electric loads and PV generation are sampled with a 15-
min resolution. To account for voltage control uncertainties,
random Gaussian noise with a standard deviation of 5% is
introduced to both data, yielding multiple random scenarios.
During the training process, each episode randomly selects a
set of PV output and load data from the training dataset to
create a variety of distribution network operating scenarios.
The electric load is allocated across different buses accord-
ing to the spatial load distribution specified in the original
IEEE test feeder. All simulations are conducted using Py-
Torch, with training carried out on an NVIDIA GTX 1080Ti
GPU and AMD Ryzen 2950X CPU to ensure efficient com-
putational processing.

B. Training Process and Parameter Settings

The proposed HAR-TD3 method incorporates multiple
learnable networks, including the actor network, critic net-
work, embedding table, encoder, and decoder. To enhance
network performance and convergence, a multi-stage training
approach is implemented, comprising three distinct stages. In
the first stage, 1000 episodes of training samples are collect-
ed into the replay buffer. These samples are then used to pre-
train the discrete action embedding table, encoder, and de-
coder over 5000 epochs. Following this pre-training phase,
the parameters of the embedding table and VAE are frozen.
In the second stage, the actor and critic networks are trained
for 1000 episodes while new samples are continuously add-
ed to the replay buffer. During this phase, the VAE and em-
bedding table remain unchanged to avoid destabilizing up-
dates that could hinder policy learning. In the third stage,
the embedding table and VAE are fine-tuned in conjunction
with the ongoing training of the actor and critic networks un-
til convergence is reached. This fine-tuning process enhances
latent representations and optimizes the overall performance.

Pre-training the VAE components ensures that the encoder
and decoder are well-initialized, which stabilizes the training
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of the actor-critic network. Freezing the VAE during the ini-
tial actor-critic phase prevents destabilizing updates, thereby
maintaining stable policy learning. In later stages, fine-tun-
ing the VAE and embedding table allows the system to grad-
ually enhance its latent representations and optimize overall
performance, promoting more stable convergence and im-
proved final outcomes. The parameter settings for training
are detailed in Table I.

TABLE I
PARAMETER SETTINGS FOR TRAINING

Parameter Value
Number of replay buffers for agent 100000
Nmber of ey bl for byrid sk gno
Number of mini-batch sizes for agent 128
Number of mini-batch .sizes for hybrid action 128
reconstruction network
Learning rate for critic network 0.0003
Learning rate for actor network 0.0003
Learning rate for hybrid action reconstruction network 0.0001
Soft updating factor 0.001
Discount factor 0.99
Standard deviation of noise 0.1
Weight of prediction loss of state dynamics 1

C. Baseline Methods for Comparison

In the comparison study, the proposed HAR-TD3 method
is evaluated against four state-of-the-art RL methods capable
of managing hybrid discrete and continuous actions. The
first baseline method is the proposed HAR-TD3 method
without the hybrid action reconstruction network, termed
“HAR-TD3 w/o VAE”. The second baseline method is pa-
rameterized action-space deep deterministic policy gradient
(PA-DDPG) [38], designed for hybrid action spaces. The
third baseline method is hierarchical hybrid Q-network
(HHQN) [39], which consists of a high-level network respon-
sible for coordinating discrete actions and a low-level net-
work that learns the corresponding continuous parameters.
The HHQN method employs centralized training for the
high-level and low-level networks separately, followed by de-
centralized execution. The fourth baseline method is parame-
terized deep Q-network (PDQN) [40], which independently
updates discrete action and continuous action policies by
merging the structures of DQN and DDPG. All methods op-
erate under a two-timescale setting and are trained on the
same distribution network with identical data.

D. Comparison of Voltage Control Performance

In this subsection, we evaluate the voltage control perfor-
mance of each method using various metrics, including the
24-hour reward, 24-hour cumulative voltage violation (CVV)
across all buses, and 24-hour total active power loss. The
convergence curves for these metrics during the training
with different methods are presented in Figs. 4-6. The solid
line on the convergence curve is constructed by connecting
points, where each point represents the average of the most



1268

recent 100 episodes.
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These averages are further computed across five random
seeds to form the final solid line, while the shaded region
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represents the range of variance based on the results from
these random seeds. Higher values of the 24-hour reward
curve signify better network training performance. To ensure
stable operation, the voltages of all buses should ideally re-
main within the range of 0.95 to 1.05 p.u., meaning that the
convergence value of the 24-hour CVV curve should ap-
proach zero. For the modified IEEE 33-bus distribution net-
work shown in Fig. 4, the 24-hour reward curve indicates
that while both the proposed HAR-TD3 method and baseline
methods converge, the proposed HAR-TD3 method achieves
a higher final convergence value compared with the baseline
methods. In the modified IEEE 69-bus distribution network
shown in Fig. 5, the convergence performance of the base-
line methods deteriorates as the action and state space dimen-
sions increase, while the proposed HAR-TD3 method main-
tains a significantly higher convergence value. In the modi-
fied IEEE 123-bus distribution network shown in Fig. 6, the
baseline methods exhibit poor convergence performance.
The HHQN method fails to converge, the PDQN method
achieves a maximum reward of approximately —1500, and
the PA-DDPG and HAR-TD3 w/o VAE methods reach their
maximum rewards at around —500. In contrast, the proposed
HAR-TD3 method successfully converges with a reward ap-
proaching 0.
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Fig. 6. Convergence curves for different metrics during training in modi-

fied IEEE 123-bus distribution network.

From the perspective of voltage control performance, an
analysis of the 24-hour CVV curves in Figs. 4-6 indicates
that the proposed HAR-TD3 method effectively reduces the
CVV values to nearly zero. In contrast, the baseline methods
struggle to coordinate multiple controllable devices in the
distribution network, resulting in difficulties in maintaining
voltages within the specified range. In the modified IEEE 33-
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bus distribution network, while the baseline methods manage
to control voltage within a relatively low violation range,
their violation values are still higher than those achieved by
the proposed HAR-TD3 method. Additionally, an examina-
tion of the total active power loss curves reveals that the
baseline methods exhibit higher convergence values of total
active power loss compared with the proposed HAR-TD3
method. In the modified IEEE 69-bus distribution network,
the convergence of reward values indicates that, within the
range of 60000 to 110000 training steps, the proposed HAR-
TD3 method effectively reduces the CVV values to nearly
zero while simultaneously minimizing the total active power
loss. In the modified IEEE 123-bus distribution network, af-
ter 80000 training steps, the proposed HAR-TD3 method
achieves significantly lower CVV and total active power
loss compared with the baseline methods. The proposed
HAR-TD3 method can effectively mitigate CVV values to
nearly zero, whereas the baseline methods continue to exhib-
it relatively high CVV values.

As shown in Figs. 4-6, during the initial stages of train-
ing, the actor and critic networks in the proposed HAR-TD3
method require exploratory learning to adapt to the action re-
construction process of VAE, leading to slower convergence.
However, as training progresses, the proposed HAR-TD3
method gradually outperforms the baseline methods in terms
of final performance. This improvement can be attributed to
the latent representation space constructed by the VAE net-
work. Specifically, discrete actions are transformed into
learnable vector representations through an embedding table.
These vectors are then combined with continuous action vec-
tors and fed into the VAE. After processing by the encoder
of VAE, a unified latent representation space is generated.
Throughout this process, the embedding table and encoder
effectively capture the dynamic relationships between dis-
crete and continuous actions, enabling the model to process
both types of actions simultaneously within the latent repre-
sentation space and enhancing decision-making accuracy.

Handling high-dimensional states and actions presents in-
creasing complexity in extracting relevant state information
and making accurate decisions. As illustrated in Fig. 6, inte-
grating the VAE significantly enhances the model perfor-
mance in such scenarios. This improvement is primarily due
to the ability of the hybrid action reconstruction network to
capture the dependencies between continuous and discrete ac-
tions while optimizing action selection through the generation
of structured representations. By constructing a unified latent
representation space, the hybrid action reconstruction network
improves the representation of essential features in the deci-
sion-making process, effectively filtering out irrelevant or sec-
ondary information. This ability allows the model to efficient-
ly extract useful information from high-dimensional data,
thereby significantly improving decision-making accuracy.

The data presented in Table II indicate the mean value of
the optimal convergence value of the 24-hour CCV and the
corresponding total active power loss under five random
seeds. It can be concluded that the proposed HAR-TD3
method outperforms the baseline methods in discrete and
continuous multi-device VVC tasks.
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TABLE 11
COMPARISON OF VVC PERFORMANCE OF DIFFERENT METHODS

Distribution Method 24-hour CVV  Total active power
network (p-u.) loss (MW)
PDQN 0.0483744 2.01
HHQN 0.0442815 2.05
IEEE 33-bus PA-DDPG 0.0436169 2.09
HAR-TD3 w/o VAE 0.0177633 2.13
HAR-TD3 0.0002398 1.91
PDQN 1.0391299 1.80
HHQN 0.6560653 2.18
IEEE 69-bus PA-DDPG 0.5425647 2.17
HAR-TD3 w/o VAE 0.1173777 2.22
HAR-TD3 0.0005848 1.98
PDQN 27.8058360 2.86
HHQN 39.2803702 2.87
IEEE 123-bus PA-DDPG 7.0804667 2.92
HAR-TD3 w/o VAE 4.9843449 2.93
HAR-TD3 0.0014946 2.70

When the power demand of an electric load exceeds the
supply from a distributed PV system, voltage tends to de-
crease. During nighttime hours, when distributed PV systems
are not generating power, inadequate adjustment of OLTC
and reactive power compensation devices can result in exces-
sively low voltage levels. Figures 7-9 illustrate the voltage
conditions over a 24-hour period, where the red dashed line
represents the upper or lower limit of the voltage. Prior to
implementing control measures for each device in the distri-
bution network, both continuous and discrete voltage regula-
tion devices operate in an uncoordinated manner, leading to
severe voltage violations. Figure 7 demonstrates that the pro-
posed HAR-TD3 method effectively maintains voltage with-
in the required range. However, during certain periods such
as after the 19" hour, when PV generation decreases but a
minor peak in electric load persists, the baseline methods
struggle to accurately adjust the settings of OLTC and CB or
to effectively increase the reactive power compensation of
SVC. Consequently, the system experiences low voltage con-
ditions, with several bus voltages dropping below 0.95 p.u..

As shown in Fig. 8, the proposed HAR-TD3 method ex-
hibits exceptional voltage stability, ensuring that no bus volt-
age violations occur within the distribution network. In con-
trast, the baseline methods exhibit multiple instances of bus
voltage violations under varying conditions. For instance, un-
der the HHQN method, during the period from the 11" hour
to the 15" hour, the combination of high PV power output
and improper device operation results in numerous bus volt-
age readings exceeding the threshold of 1.05 p.u.. Similarly,
during the peak consumption period from the 8" hour to the
20" hour, the PA-DDPG method results in a significant num-
ber of bus voltage readings falling below the lower threshold
of 0.95 p.u.. Additionally, the HAR-TD3 w/o VAE method
experiences instances where bus voltage readings fall below
0.95 p.u. between the 23" hour and midnight.
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As shown in Fig. 9, the proposed HAR-TD3 method effec-
tively manages device operations, maintaining bus voltage
consistently within the specified range and avoiding the sig-
nificant voltage violations observed under the baseline meth-
ods.

The comparison of voltage control performance across var-
ious methods, as presented in Figs. 4-9 and Table II, un-
equivocally showcases the superiority of the proposed HAR-
TD3 method in terms of both convergence performance and
voltage control efficacy. By incorporating the hybrid action
space, the proposed HAR-TD3 method adeptly coordinates
devices with disparate action spaces across two distinct tim-
escales. Additionally, the introduction of the VAE-based hy-
brid action reconstruction network further enhances the over-
all voltage control performance. In this framework, each dis-
crete action is meticulously mapped to a continuous vector
within a customizable embedding table. Subsequently, the
VAE is utilized to forge a latent representation space,
grounded on the state and action vectors of the system. This
innovative process adeptly captures the intricate dynamic cor-
relations between discrete and continuous actions, thereby fa-
cilitating optimal decision-making for both types of devices
operating on different timescales.

E. Discussion on State Prediction

Monitoring the changes in the state of the distribution net-
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work is crucial for assessing the long-term implications of
decision-making. To investigate the effect of the hyperparam-
eter ¢ in (22) on voltage control performance, Fig. 10 de-
picts the daily trend of the total CVV in the IEEE 33-bus
system. As Fig. 10 shows, when ¢ ranges between 0 and 2,
the total CVV value decreases significantly and reaches its
lowest point when ¢ is between 1 and 2. This result under-
scores the positive impact of incorporating the prediction
loss of state dynamics on voltage control performance. Dur-
ing this range, ¢ is set at a moderate level, resulting in a sig-
nificant improvement in the voltage control of the system.
However, when ¢ exceeds 2, the total CVV value begins to
rise sharply. This increase stems from the fact that an exces-
sively high ¢ prompts the VVC method to focus excessively
on predicting the future state of the distribution network,
while neglecting the decision-making for the current state.
This imbalance adversely affects voltage control perfor-
mance. In summary, within a suitable range of ¢, the predic-
tion loss of state dynamics aids the VVC method in effec-
tively balancing the short-term and long-term impact of cur-
rent decisions, thereby further enhancing the overall voltage
control performance.
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Fig. 10. Impact of hyperparameter ¢ on total CVV.

F. Comparison of Computation Time

Table III provides a comparison of the computation time
required for different methods to execute a single episode,
which comprises 96 decisions over a 24-hour period, across
three different systems. The computation time of the DRL-
based VVC methods primarily depends on the model size
and the input data scale, often falling within the millisecond
range. As shown in Table III, the computation time of the
proposed HAR-TD3 method marginally increases compared
with those of the baseline methods. This increase is primari-
ly due to the higher model complexity. Specifically, in the
IEEE 123-bus system, while the proposed HAR-TD3 meth-
od exhibits a slightly longer computation time, it achieves a
significant reduction in voltage violations by several orders
of magnitude compared with the baseline methods. Notably,
the total computation time for all decisions throughout the
day increases by only approximately 20 ms, which remains
in an acceptable range. These findings underscore the compu-
tational efficiency of the proposed HAR-TD3 method. De-
spite its higher model complexity, the proposed HAR-TD3
method exhibits superior voltage control performance and re-
duced power loss without incurring a significant increase in
computation time.
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TABLE III
COMPARISON OF COMPUTATION TIME FOR DIFFERENT METHODS

Computation time per episode (ms)

Method IEEE 33-bus IEEE 69-bus IEEE 123-bus
distribution distribution distribution
network network network

PDQN 25.3 27.4 31.2
HHQN 222 23.6 25.7
PA-DDPG 17.4 18.5 21.3
HAR-TD3 w/o VAE 17.4 18.6 21.5
HAR-TD3 42.8 43.9 48.6

VI. CONCLUSION

This paper introduces a VVC method based on RL with
hybrid action space, termed HAR-TD3 method. The pro-
posed method simultaneously manages OLTC and CBs on a
slower timescale, while controlling PV inverters and SVCs
on a faster timescale in a model-free pattern. Specifically, an
improved TD3 algorithm allows for the execution of both
discrete and continuous actions across different timescales.
To further optimize voltage control performance, we present
a VAE-based hybrid action reconstruction network. This net-
work maps discrete actions of discrete voltage regulation de-
vices and continuous actions of continuous voltage regula-
tion devices into a unified latent representation space, facili-
tating improved collaboration among devices. Case studies
conducted on the modified IEEE 33-bus, 69-bus, and 123-
bus distribution networks demonstrate that the proposed
method outperforms existing DRL-based VVC methods in
terms of convergence speed and voltage control effectiveness.

A promising direction for future research avenue involves
extending the proposed method to develop a distributed
VVC method, enabling coordinated and partitioned control
of discrete and continuous voltage regulation devices.
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