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ABSTRACT

Nuclear power plant (NPP) operations with multiple objectives and devices are still performed manually
by operators despite the potential for human error. These operations could be automated to reduce the
burden on operators; however, classical approaches may not be suitable for these multi-objective tasks.
An alternative approach is deep reinforcement learning (DRL), which has been successful in automating
various complex tasks and has been applied in automation of certain operations in NPPs. But despite the
recent progress, previous studies using DRL for NPP operations have limitations to handle complex
multi-objective operations with multiple devices efficiently. This study proposes a novel DRL-based
approach that addresses these limitations by employing a continuous action space and straightfor-
ward binary rewards supported by the adoption of a soft actor-critic and hindsight experience replay. The
feasibility of the proposed approach was evaluated for controlling the pressure and volume of the reactor
coolant while heating the coolant during NPP startup. The results show that the proposed approach can
train the agent with a proper strategy for effectively achieving multiple objectives through the control of
multiple devices. Moreover, hands-on testing results demonstrate that the trained agent is capable of
handling untrained objectives, such as cooldown, with substantial success.
© 2023 Korean Nuclear Society, Published by Elsevier Korea LLC. This is an open access article under the
CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Nuclear power plants (NPPs) have long utilized automated
systems to improve efficiency and safety. The reactor protection
system, for example, is automated through rule-based logic, which
generates a reactor trip and safety system actuation signals when
the monitored parameters reach predefined thresholds. The steam
bypass control system automatically removes excess energy from
the reactor coolant system using logics and proportional-integral
(PI) controllers for turbine bypass valves [1,2]. However, the oper-
ations requiring continuous multi-objective decision-making are
still manually performed by human operators, despite the potential
for human error.

One example is controlling the pressure, volume, and temper-
ature of the reactor coolant during NPP startup. While the reactor
coolant in a generic pressurized water reactor is maintained at
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extremely high pressure and temperature during normal full-
power operation, it is maintained at atmospheric pressure and
room temperature during overhaul periods, requiring operators in
the main control room to pressurize and heat the coolant during
the startup. The operating procedures for the startup instruct the
operators to heat the coolant by activating and energizing reactor
coolant pumps (RCPs) and pressurizer (PZR) heaters, respectively,
in line with the decay heat of the reactor core. Based on this
incoming heat, the operators should adjust the coolant tempera-
ture to the target temperature by regulating the amount of heat
removal via the heat exchanger (Hx) of the residual heat removal
(RHR) system; specifically, the operators can regulate this by
adjusting the position of the RHR Hx flow control valve. Concur-
rently, the operators should manage the pressure increase and
volume expansion due to heat-up by adjusting the positions of the
valves for the charging and letdown flows and PZR spray flow. As
the control of such devices can affect more than one objective [e.g.,
closing the letdown flow control valve can decrease the pressure,
increase the PZR level (representing the volume of the coolant), and
increase the heat removal], the operators should continuously
determine a proper status of devices for achieving multiple ob-
jectives. In addition, this operation should be conducted under
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dynamically changing situations and generally takes more than 8 h
in real NPPs [1]. These characteristics make this operation intricate
and mentally taxing for human operators. According to an analysis
conducted by Jo et al., over a recent decade, human error caused 20
unplanned reactor trips in the NPPs of the Republic of Korea (ROK),
of which 20% (4 cases) were induced by mistakes of the main
control room operators during startup and shutdown [3].

Automation of such an operation, meaning one that is multi-
objective with continuous decision-making involving multiple
devices under dynamically changing situations, can reduce the
burden on the operators and ultimately prevent human error.
However, classical approaches including rule-based logic and PI
controllers may be inappropriate to automate these kinds of op-
erations, since a PI controller is generally for a single-input single-
output system and rule-based logic cannot cope with dynamic
situations without prepared rules.

An alternative way is deep reinforcement learning (DRL). Rein-
forcement learning (RL) is a process where an agent (i.e., controller)
explores the given environment without any explanation and ex-
ploits its experiences to optimize actions (i.e., control). This process
requires functions that predict future rewards or optimal actions,
etc., and DRL utilizes deep learning models as approximators of
these functions. With the advances of deep learning, DRL has suc-
cessfully automated a variety of complex and human-level tasks,
such as the game of Go [4], StarCraft Il [5], matrix multiplication [6],
optimal path finding for multi-arm manipulators [7], and the
navigation and control of unmanned aerial vehicles [8].

In the nuclear engineering field, deep learning technology has
been widely applied for various purposes such as pipe thinning
detection [9], a surrogate model for thermal-hydraulic system code
[10—12], diagnosis of sensor faults, abnormal events, and accidents
[13—18], and inference models for operator support systems
[19—21]. Likewise, DRL has been implemented for the optimization
of the fuel loading pattern in a boiling water reactor, where a brute-
force search can lead to expensive simulation costs [22]. In the ROK,
another research area being actively conducted is the automation of
NPP operations. For the aforementioned reasons, such research has
especially focused on automating the manual tasks of the startup
and shutdown operations and has utilized compact nuclear simu-
lators (CNSs), simplified and modifiable NPP simulators, to facilitate
the implementation of the DRL algorithms. Park et al. presented a
DRL-based method to automatically maintain the coolant pressure
and volume within allowable ranges while the reactor is being
heated up [23]. They employed an asynchronous advantage actor-
critic (A3C) algorithm, one of the latest DRL algorithms, and
designed the agent to choose the optimal action among multiple
action candidates. Similarly, Lee et al. utilized the A3C algorithm to
train a reactor power control agent that selects the optimal strat-
egy, i.e., increase power, decrease power, or stay [24]. Harmonized
with rule-based modules, the power control agent was shown to
successfully automate the power-increase operation during NPP
startup. However, the approaches of both these studies have limi-
tations when applied to complex multi-objective operations with
multiple devices. First, both studies employed discrete action can-
didates, which can lead to an excessive number of candidates when
multiple devices are postulated (e.g., 5 valves with open, close, and
stay actions generate 3> = 243 action candidates). Second, the DRL
agents in both studies were trained to follow a predefined optimal
operating path, while the full potential of DRL is to investigate new
strategies for achieving an operating goal.

As an alternative way to apply DRL, Lee et al. tuned the PI con-
trollers of each operating objective (i.e., pressure and level of the
coolant) using DRL and compared their performances with a DRL
that selects discrete actions and a PI controller tuned in a classical
way, i.e., following the Ziegler—Nichols rule [1]. However, this study
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did not consider the possible conflict between controllers with
different objectives. Kim et al. suggested a strategy to resolve these
conflicts by evaluating combinations of possible actions through a
plant parameter prediction model [20,25]. Nevertheless, these
previous studies used a distance-based reward function, which
necessitates calibration of the reward scales for multiple objectives
through burdensome trial-and-error.

In this study, we suggest a DRL-based approach for multi-
objective operations with multiple devices in an NPP. To avoid ac-
tion candidate explosion, we designed a DRL-trained agent to
directly output the continuous status of devices, such as the
percentile position and power of the valves and the PZR heater,
respectively. We also employed a soft-actor critic (SAC) algorithm,
which is a DRL algorithm suitable for continuous action space [26].
To simplify the reward design for multi-objectives, the proposed
method incorporates hindsight experience replay (HER) [7,8,27].
The reward function in this approach can take a binary form,
providing feedback only when the objective is achieved. This binary
reward is thus straightforward and does not require calibration for
each objective. Moreover, this form of reward allows the DRL agent
to explore and establish its policy for multi-objectives, rather than
following a predefined optimal operating path. The suggested DRL
method was utilized in a case study to train an agent that controls
the reactor coolant status during NPP startup via activation and
deactivation of the RCPs and steam generators (SGs), respectively.
During the training session, the agent was tasked with heating the
reactor coolant while adjusting the pressure and volume to various
statuses by controlling four valve positions and PZR heater power.
As a result, the suggested DRL method successfully trained the
agent with an operating strategy that can achieve the multiple
objectives efficiently. Additionally, a hands-on test shows that the
trained agent can perform not only the trained operation (i.e., heat-
up) but also an untrained operation (i.e., cooldown). We believe
that this research will contribute to the further application of DRL
in NPPs, such as the automation of other high-level operations and
the investigation into novel operating strategies.

The remaining parts of this paper are as follows. Section 2 briefly
introduces the concepts of DRL, actor-critics, the SAC algorithm, and
HER. Section 3 details the suggested DRL method with SAC and HER
as well the designs for NPP applications. The target operation for
the case study and the results are given in Section 4. Section 5
presents a discussion about the contributions of this work and
further studies, and Section 6 concludes this paper.

2. Soft actor-critic (SAC) and hindsight experience replay
(HER)

2.1. Reinforcement learning and actor-critic method

RL is a machine learning paradigm that trains an agent to output
an action that can maximize the notion of cumulative reward by
exploiting its experience in a training environment. In an RL
framework, the problem needs to be modeled as a Markov decision
process (MDP) consisting of the tuple {S,A,P,r, vy}, where S is the
state space, A is the action space, P is a transition probability, r is a
reward function, and y<10, 1] is a discount factor. It assumes that
the state transition depends only on the current state and the
chosen action, not on previous states and actions. In other words,
for the current time step t, the current action a; A will evolve the
current state s; S into the subsequent state s;, 1 €S according to
the transition probability P(s;1|st,ar). This transition can be scored
by the reward function rq, (S, S¢.1), and a sequence of transitions
(i.e., process) can also be evaluated by cumulative reward G
S0 Firg,. (Se4is Se4izn), Which is the discounted summation of
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future rewards. The objective of the MDP is to shape a policy that
guides the selection of actions to maximize the cumulative reward.
This policy can be defined mathematically as a distribution of the
probability to choose an action for a given state m(als).

Since it is not practical to compute the exact cumulative reward
in most cases, expectations of G; can be used to guide the creation
of the policy. For instance, an action-value function q(s;, a) is the
expected cumulative reward when starting from s;, taking a;, and
following the policy =, as shown in Eq. (1) [28]:
qr(St,ar) = Ex[Gt|S=St,a=ai]

(1)

If the policy 7 promises the optimal action-value function g« (s,
ar) = m;?xq,,(st,at), it will be an optimal policy, which is a solution

for the MDP problem. Conversely, if the optimal action-value
function g+ is known, the optimal policy can be derived. Equation
(2) is an example of the optimal policy 7« for discrete action space
[28]:

1
m+(als) = {

RL approximates the optimal action-value function through a
recursive equation and experiences. For an action-value function
approximator Q(st, ar), the relationship between current and suc-
cessive time steps can be expressed as in Eq. (3) [28]:

if a=argmax q«(s,a)
acsA
0 otherwise

(2)

Q(st,a¢)=Er. [Ge|s=St,a=a¢]=Tq, (St ,St1)+Er. ['Yrt+1 2T g+ ]

=Tq,(St.St41)+Er. [7 (rm YT e +Y 2 34 )}

=Ta, (St.St11)+Em. [YGr11] =Ta, (St.Se41) +VEr. [Q (St 1,0e41)]
(3)

Since the next step action a,,; can also be approximated as the
action with the maximum action value according to the approx-
imator Q(s¢, ar), Eq. (3) can be rewritten as shown in Eq. (4):

)

which suggests that the approximator Q(s¢, a;) can be updated
using the experience of an RL agent specifically through the use of
historical records of interactions (s,ar,S¢.1,7t) between the RL
agent and the training environment. It has been demonstrated that
through sufficient updates with enough experience, Q(s,a) can
converge to the optimal action-value function g«(s,a) [28]. This
update can be achieved by minimizing the objective function given
by Eq. (5) when the approximator is parameterized by 6:

Q5t,a) = a, (5t 561 +Q(

Se1,argmax Q(Sey1, A1)
a1 €A

(4)

~ Tq,(St,Se41) + 'YIEEIXQ(SH] ,0ei1)

2

Jal®) = |Qu(se.ar) ~ (e -+ rmaxy(scor.ac) ) | (5)
In this context, there are two possible approaches: value-based
and policy-based [7,28]. In value-based RL, the value function
approximator estimates the expected return of each action in the
action space, and the policy selects the action that maximizes the
expected return, as shown in Eq. (2). Deep Q-network (DQN), which
utilizes a deep-learning model as a function approximator, is an
example of a value-based RL [29]. In contrast, in policy-based RL,
the policy approximator directly outputs an optimal action without
consulting a value function. Unlike value-based RL, which requires
a set of possible actions to choose from, policy-based RL does not
need to discretize the action space to generate candidates. This
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makes policy-based RL particularly effective for continuous and
high-dimensional action spaces.

One policy-based RL approach is the actor-critic method, which
combines a policy approximator (the actor) with a value function
approximator (the critic). The critic is used to guide the training of
the actor toward maximizing the expected returns, rather than just
providing feedback on the actor's performance. There are various
actor-critic methods including a deep deterministic policy gradient
(DDPG), asynchronous advantage actor-critic (A3C), and proximal
policy optimization (PPO), which differ in terms of the determinism
of the policy, how the value function is used to update the policy,
and how the training is stabilized. Currently, deep learning models
are generally being used to approximate value and policy functions
in RL; this approach, called DRL, has increased the performance and
applicability of RL based on the benefits advanced deep learning
techniques.

In DRL, accumulating experiences is critical as the value and
policy functions are updated based on the experience gained. There
are two approaches to how the current policy is utilized: on-policy
and off-policy. On-policy methods update the value and policy
functions based on the actions taken by the current policy, while
off-policy methods can update them based on the actions of a
different policy. Off-policy methods are more experience-efficient
since they can learn from past experience; however, they can
have stability issues and are more sensitive to hyperparameter
choices.

2.2. Soft actor-critic (SAC)

SAC, as suggested by Haarnoja et al., in 2018 [26,30], is an actor-
critic and off-policy method that optimizes a stochastic policy with
a soft value function. One of the key features of SAC is entropy
regularization, which means that it not only considers the expected
cumulative reward but also the entropy of a stochastic policy,
m(als).

Off-policy methods compile experience while balancing explo-
ration and exploitation. For example, DQN uses an e-greedy method
that adjusts the proportion of the random action (exploration) to
the ‘greedy’ optimal action (exploitation) based on decaying &
values. However, this method does not take into account the cur-
rent state when adjusting the trade-off between exploration and
exploitation.

SAC addresses this issue by entropy regularization, which means
augmenting the entropy of the policy for a given state as an addi-
tional term in the value functions. With entropy E[ — log m(e|s)], the
entropy-augmented Q-function, named soft Q-function, can be
defined as shown in Eq. (6), where « is the temperature weight of
the entropy term, and the action of next step is sampled based on
m(e|S):

Q(st,at) :=Ta, (St,Se41) + Y By ~r[Q(Seq1,0r01) —lOgT (A1 11S141)]
(6)
The objective function for the critic network in SAC is given by

Eq. (7). The target critic network, parametrized by 0, is used to help
stabilize the training of the main critic network. This network can
be either the one that is updated less frequently than the main critic
network or the one that is selected from among the two separate
critic networks based on its promise of a minimum action value.
Equation (7) reads:

Jo(0)=[Qq(st.ar) — (re + YQy(Se+1. Gs1) — o log w1 1s¢11))
(7)

In SAC, the goal of the policy update is to fit the stochastic policy
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to the distribution of the soft Q-function, as measured by the
Kullback—Leibler (KL) divergence Dy (P || Q). The objective func-
tion for the actor network is shown in Eq. (8), where Z(s¢) is a
function normalizing exp(1Qy(s;, e)):

exp (2Qy(st, )

Z(s) (8)

Jz=Dgr | w(e|s)

Since the KL divergence can also be expressed in the expectation
form Dy (P || Q) = Ex.pllogP(x) — logQ(x)], Eg. (8) can be
rewritten with ¢, which parameterizes the actor network, as shown
in Eq. (9):

Jr () = Egyrom, la 108 my (@else) — Qy(St, )] (9)

Equation (8) implies that the objective of the policy update is to
not only maximize the expected sum of future rewards but also
maximize the entropy of the policy, which encourages exploration.
This allows SAC to adapt its exploration—exploitation strategy
based on the state of the environment. When the optimal action for
a given state is unknown, the actor network will increase the
randomness of its action selection to explore the optimal action.
Once the optimal action is known, the actor network will exploit it.
As a result, SAC can perform more continuous and smooth explo-
ration and exploitation based on the state of a given task.

2.3. Hindsight experience replay (HER)

HER, introduced in the paper "Hindsight Experience Replay"” by
Andrychowicz et al., is a technique that can improve RL training
efficiency by avoiding complicated reward engineering [7,8,27].
Many real-world tasks only offer sparse and binary rewards,
meaning that the agent receives a response about the trials only
under certain specific conditions. For example, in a robotic
manipulation task, the agent might only receive a reward when it
successfully moves an object to a certain location. These sparse and
binary rewards can make it difficult for the agent to learn from its
experiences since most of the experiences will not result in a
meaningful reward. HER addresses this problem by allowing the RL
agents to learn from hindsight experience, where the desired goals
are shifted to arbitrary ones.

In HER, the concept of the goal g= G, where G is the goal space, is
introduced. The reward function and states are redefined as
Te=Tq,(St,St+1,8) and s¢ : = s¢|g, respectively. Like other off-policy
RL methods, HER stores every transition
(Stlg, ae,Se4118,7a, (St,S¢41,8)) in a replay buffer after experiencing
an episode {sg, 51, ..., St}. The stored transitions are then recom-
puted with a shifted goal g, and new transitions
(st|, ar,Se4118, e, (St,St.1,8)) are added to the replay buffer. If we
set the shifted goal g as the one achieved during the episode {sg,s1,
...,ST}, then the modified replay buffer will contain some successful
transitions that might help train the RL agent. With HER, we can use
intuitive and straightforward rewards in real-world tasks without
having to conduct complicated reward engineering.

3. Deep reinforcement learning for multi-objective
operations in NPPs

Many operations in NPPs, such as controlling pressure, volume,
and temperature during startup and shutdown, can be classified as
multi-objective and multi-device, making automation of such op-
erations challenging. In this study, we propose a DRL-based
approach to address this challenge. Unlike previous approaches
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that utilized multiple agents for each objective [1,23—25,31], our
approach trains a single agent to determine the appropriate device
status to achieve multiple objectives simultaneously. Fig. 1 provides
a schematic illustration of the proposed approach.

The proposed approach composes the state s using four types of
information: the current values, the changes over the past N time
steps, the deviation from the target values, and the target values of
the objectives. If three objectives are postulated, the state s will be
represented as a vector with twelve parameters (i.e., four types of
information and three objective parameters). Configuration of the
state s can be varied according to the target operation. The action a
consists of the continuous status of multiple devices, such as the
positions of the valves and the power of heaters.

The baseline of the proposed approach is a SAC [26,30]. This
algorithm is suitable for continuous action space, such as valve
positions and heater power, and has high exploration—exploitation
efficiency under a complex state space, such as an NPP coolant
system. As an actor-critic method, our approach embeds two types
of deep-learning models: actor and critic networks. The actor
network (i.e., a DRL agent) consists of an input layer for the state s,
hidden layers, and an output layer for the policy m(es). It is
assumed that the policy 7 (e|s) follows a Gaussian distribution, and
therefore, the output layer of the actor network outputs the mean u
and standard deviation ¢ for each device status. The critic network
was designed to include two input channels, one for the state s and
the other for action a;, with each channel having an input layer and
a hidden layer. These two channels are concatenated and connected
to a main body composed of multiple hidden layers and an output
layer that produces the action value Q (s, at).

The gradients for updating the trainable parameters (i.e., ¢ and
m) of the actor and critic networks are calculated according to
historical transitions and the objective functions [i.e., Eq. (9) for the
actor network and Eq. (7) for the critic network]. To reduce the
instability of network updates, the proposed approach utilizes two
methods. First, an additional critic network, named the target critic
network, is constructed. This network is updated after a delay from
the main critic network update and calculates the targeted values of
the action values in Egs. (7) and (9) instead of the main network.
This helps to reduce the instability caused by the recursive
appearance of the critic network in the objective functions. Second,
the proposed approach converges the temperature weight o to the
optimal value for the actor and critic updates according to the
objective function shown in Fig. 1, as guided in Ref. [26].

As an off-policy algorithm, SAC employs a replay buffer to store
past experiences in the form of the transitions (s¢, ar, S¢,1,7¢). The
proposed approach accumulates these transitions by repeatedly
conducting trial episodes with randomly targeted objectives in
multiple training environments. Each environment consists of an
NPP simulator and an episodic actor network. The episodic actor
network has the same architecture as the main actor network, and
its trainable parameters (i.e., ¢) are updated into those of the main
actor network at the start of each new trial episode.

Since the action space of NPP operations is bounded within
finite intervals (e.g., the position of a valve must be between 0% and
100%), the proposed approach transforms the policy w(e|s) of the
episodic actor network using a squashing function of the hyperbolic
tangent function and then samples the action d; from the trans-
formed distributions, as instructed in Ref. [26]. The sampled action
a; is provided to the proportional controllers to convert the
continuous action d; as a device status into discrete toggle signals
(e.g., open or close) for matching the device status into the action
a,. To prevent excessive devices controls, the action @, is sampled
every N time steps, allowing the controllers to gradually adjust the
device status over N time steps. Additionally, the proposed
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Fig. 1. Framework of DRL for multi-objective operations in NPPs.

approach allows for a device status error corresponding to changes
when the toggle signals are activated for a single time step.

The transition from s to s;, 1 induced by a; is evaluated by the
reward function. In contrast to previous studies [1,23—25,31], the
proposed approach uses binary reward functions consisting of
three terms, namely objective, constraint, and survival. The survival
term provides a small positive reward for each time step that the
episode continues, while the constraint term gives a negative
reward in the event of constraint violations. The objective term is
composed of multiple binary reward functions for each objective
that provide positive rewards when each objective is achieved. This
reward configuration is a straightforward way to describe multi-
objective operations. Compared to distance-based rewards such
as deviation from target values or the optimal path to achieve ob-
jectives, the binary reward does not require complex reward en-
gineering, such as calibrating reward scales for each objective
through trial and error as seen in previous studies [1,23—25,31].
Despite this advantage, though, adopting a binary reward can make
it challenging to train the agent as it does not provide any feedback,
even if the agent is moving in the correct direction. Moreover, if
achieving a certain objective takes a long time compared to others,
the DRL agent may struggle to establish a policy for that objective
even though it satisfies the others.

To overcome this limitation, the proposed approach adapts the
HER algorithm, as detailed in Section 2.3. Note that the idea of
combining SAC and HER has been previously researched in
Refs. [7,8,32]. The HER algorithm adds a new transition
(St|8¢, ar, St118¢> Ta, (St, Sex1, &¢)) to the buffer by reexamining the
transitions during the episode against an arbitrary goal g..
Following the future strategy described in Ref. [27], our imple-
mentation of the HER algorithm randomly selects s; during the
episode and sets an arbitrary goal g; as the future state St4 HERpure
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Intuitively, even when these experiences are mostly failed ones, the
agent is enabled to learn from its experience of achieving
&t = St+HERyn, [TOM the state s;.

4. Case study
4.1. Target operation and MDP formulation

A case study was conducted to assess the feasibility of the
proposed DRL-based approach for automating multi-objective and
multi-device operations in NPPs. We applied the proposed
approach to train an agent that can automatically control the
reactor coolant status during startup and shutdown operations.
Since training a DRL agent requires many trial-and-error iterations,
we employed a CNS to accelerate the training process. The CNS
simulates a simplified version of a Westinghouse 1000 MWe 3-loop
pressurized water reactor, and its thermal-hydraulic system was
imitated by SMABRAE (which stands for small-break loss of coolant
accidents) code with minimized nodalization [33,34]. We improved
the cyclical speed of the simulations and ran them in parallel and
asynchronously, ultimately creating multiple DRL training envi-
ronments as has been described in the previous section here as well
as previous studies [23,25].

Startup and shutdown operations are carried out according to
procedures. The general operating procedures of the CNS include
six sequentially conducted procedures for the startup operation,
among which the cold-shutdown to hot-shutdown operation was
chosen as the automation target in the current study. This opera-
tion involves increasing the temperature of the coolant to 176 °C
after generating bubbles in the PZR. Instead of an SG and secondary
system, the heat of the coolant is controlled by the RHR system.
Table 1 shows the initial and final values of the pressure (P), volume
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(V), and temperature (T) of the coolant during this operation. Note
that the volume can be represented by the coolant level of the PZR
since it locates at the top of the coolant system.

This operation can be divided into two phases: before and after
bubble creation. In the first phase, RCPs and PZR heaters are acti-
vated and energized. This heats the coolant in the PZR to the
saturation temperature, resulting in the formation of a space filled
with saturated steam (i.e., a bubble) in the PZR. Concurrently, the
operators should stabilize the pressure within the proper boundary
denoted in a pressure-temperature (PT) curve. In the second phase,
the overall coolant is heated up in a stepwise manner and the
pressure and volume are simultaneously adjusted to the final
conditions. In this study, we postulated that the DRL agent would
be used after bubble creation because the second phase is a multi-
objective and long-term operation, whereas the first phase has a
single objective (i.e., pressure) and a relatively short-term opera-
tion. It is worth noting here that the authors’ previous research
suggested an autonomous pressure controller with DQN for the
first phase [31].

Fig. 2 shows a simplified schematic of the reactor coolant system
and auxiliary systems of the CNS. The major devices for controlling
the coolant status after bubble creation are as follows: charging
flow control valve, letdown flow control valve, RHR Hx bypass/
discharge flow control valves, spray flow control valve, and PZR
proportional and backup heaters. The positions of the RHR Hx
valves are inversely proportional to each other. These devices affect
more than one objective; for instance, opening the charging valve
can increase both the volume and pressure of the coolant and vice
versa for the letdown control valve. The position of the RHR Hx
valves can influence not only the temperature but also the volume
of the coolant. Consequently, there may be a conflict between the
objectives when controlling the devices [25].

The MDP problem for this operation is to achieve three objec-
tives (pressure, volume, and temperature) by controlling five de-
vices (charging flow control valve, letdown flow control valve, RHR
Hx discharge flow control valve, spray flow control valve, and PZR
proportional heater). In other words, the state contains twelve
values from the current values, changes over the past time steps,
deviation from the target values, and target values of the pressure,
volume, and temperature, and the action contains five values from
the positions of the four valves and the power of the heater.

The proposed approach was implemented using NumPy [35]
and TensorFlow [36], open-source Python libraries for array
computation and neural network implementation, respectively.
The actor network (i.e., the agent) was constructed with three
hidden layers containing 256 nodes each, and the critic network
comprised a hidden layer containing 256 nodes for each channel
and four hidden layers with 512, 256, 128, and 64 nodes, respec-
tively, for the main body. During training, the agent was allowed to
output the action d; every 60 time steps (i.e., N = 60). The pro-
portional controllers were set to adjust the device status to the
values updated every 60 s in the simulator, as one time step was
calibrated as 1 s in the simulator. A 3.76% error tolerance was
allowed for the positions of the charging and letdown flow control
valves, as this is the amount of change observed when the open/
close toggle buttons are activated for 1 s in the simulator.
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The reward function of this study consisted of a survival reward
of 0.1, one negative reward for the operating constraints, and three
positive rewards for pressure, volume, and temperature, as shown
in Eq. (10). As depicted in Egs. (11—13), the positive rewards for each
objective give a value of 10 when each objective is met:

Ta,(St;St41,8) = 0.1+ 1p + 1y + 1T + Teonstraines (10)
i 2
Tp:{lo if {Ptarget—Pt+1}'<1.0kg/cm 11)
0 otherwise

_J10 if |Vtarget—vt+l| <2%
rvf{ 0 otherwise (12)

_J10 if |Ttarget — Tt+1} <3°C
= { 0 otherwise (13)

Two operating constraints for coolant status control were
postulated. The first constraint is that the coolant level V; should be
maintained between 17% and 99% to properly cover the heaters and
maintain a space filled with saturated steam, respectively. The
second constraint is that the (P, T;) point should remain within the
safety region as defined by the PT curve shown in Fig. 3. If the DRL
agent violates these constraints, a negative reward of 1'constraines = —
10 was given, otherwise, reonsergines = O-

Each training episode started with three different initial condi-
tions corresponding to different coolant levels (90%, 50%, and 30%)
after bubble creation. The target values Prarget, Viarget, and Tearget
were randomly selected from the following intervals:
Prarget €[20 kg /cm?,  35kg /cm?], Vigrger€[20%, 60%], and
Ttarger €[110°C,180°C]. Each episode lasted for 21600 s (i.e., 6 h) and
was terminated if the DRL agent violated the constraints.

The replay buffer in this implementation was designed to store
up to 2,000,000 transitions. Considering the maximum episode
length (21600 s) and the time interval (60 s), the replay buffer could
store the experiences from at least 5,500 episodes. A portion of the
stored transitions, specifically 5% from episodes that lasted longer
than 5 time steps, were reexamined by the HER algorithm with
HERf e = 3. At the end of each episode, 128 transitions were
randomly selected from the replay buffer and used to update the
actor and critic networks.

4.2. Training results

The graph in Fig. 4 shows the moving averages of the episodic
rewards throughout the training process, where episodic rewards
are the summation of the rewards earned during each episode. The
graph has two notable increases in episodic rewards at around the
400th and 4200th episodes. Following these increases, the
behavior of the DRL agent was found to have changed significantly.

The first notable increase in episodic rewards occurring around
the 400th episode was caused by the pressure reward ry (blue line)
and volume reward rp (orange line), as depicted in Fig. 4. The
operating records of the 200th and 450th episodes, shown in Fig. 5,
provide insight into how the DRL agent was improved at around the
400th episode. These records show the trends and target ranges of

Table 1
Initial and final coolant P, V, T during the cold-shutdown to hot-shutdown operation.
Parameter Initial condition Final condition
Pressure (P) Pressurizer pressure 24.6-28.1 kg/cm? 30—45 kg/cm?
Volume (V) Percentile level of pressurizer 100% ~ 50% (more than 22%)
Temperature (T) Loop 1, 2, 3 average temperatures ~80°C 171-176 °C
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Fig. 2. Simplified schematic of the reactor coolant system and auxiliary systems (i.e., RHR and CVCS). Devices highlighted in red were manipulated by the DRL agent to control the
coolant status. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)
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Fig. 3. Pressure—Temperature Limits, also known as the PT curve, of the CNS. (P,T)
should be kept within the green area to prevent mechanical stress on the reactor
coolant system. (For interpretation of the references to colour in this figure legend, the
reader is referred to the Web version of this article.)

each objective (blue-shaded areas) as well as the positions of the
valves and the power of the heater over time. At the 200th episode,
the DRL agent failed to achieve any objectives and was terminated
in an early stage as the pressure dropped below the limit of the PT
curve. In contrast, at the 450th episode, the agent successfully
achieved the pressure and volume objectives and maintained them
within the target ranges. This suggests that the DRL agent had
learned a policy for controlling the pressure and volume of the
reactor coolant after experiencing 400 episodes. However, the
agent was unable to achieve the temperature objective.
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Fig. 4. Trends of episodic rewards by training episode. The lines are 100 moving
average values, and the shaded area shows the +1¢ range of total reward.

The second increase in episodic rewards occurring around the
4200th episode was attributed to the temperature reward r7 (green
line), as depicted in Fig. 4. The operating record of the 4500th
episode, shown in Fig. 6, illustrates that the agent was able to learn
how to increase the temperature of the coolant after undergoing
more than 4200 episodes. As observed in Fig. 4, the temperature
episodic rewards were smaller in comparison to the pressure and
level rewards. This discrepancy was attributed to the fact that the
reward function provided a non-zero value only when an objective
was satisfied and satisfying the temperature objective required a
longer time compared to the pressure and volume objectives. This
longer time seems to be the reason the temperature objective
necessitated significantly more episodic experiences compared to
the others.
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Fig. 5. Operating records of (a) the 200th training episode up to 4,000 s, and of (b) the 450th training episode up to 10,000 s. The 200th training episode was terminated pre-
maturely due to a violation of the PT curve constraint. In contrast, the 450th training episode achieved the pressure and volume objectives but failed to meet the temperature

objective.

It seems that the HER algorithm enables the trained DRL agent
to achieve the temperature objective. In the previous trials, a SAC
without the HER algorithm was successful in training the agent to
achieve the pressure and volume objectives, but the previous DRL
agents failed to reach the target temperature. Operating records of
the previous trials showed that the trained agent rarely experi-
enced a positive temperature reward, as it took a long time to reach
the target through the exploration of SAC. In contrast, the frame-
work of this study with the aid of the HER algorithm allowed the
DRL agent to experience positive temperature rewards with artifi-
cial transitions that reexamined the real transitions against arbi-
trary temperature targets. By learning from these hindsight
experiences, it appears that the DRL agent was able to learn how to
achieve the temperature objective.

After experiencing more than 7000 episodes, the DRL agent
mostly succeeded in satisfying all objectives. The trained DRL agent
effectively addressed the multi-objective control problem by
prioritizing the objectives based on the time required for their
achievement. Specifically, the agent prioritized the pressure
objective first, followed by the volume objective, and finally the
temperature objective. This approach is the way it could maximize
the episodic rewards.

The DRL agent initially focused on both the pressure and coolant
level objectives simultaneously. When the pressure needed to be
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increased, the agent primarily closed the RHR Hx discharge valve.
Conversely, the spray flow control valve was mainly opened when
the pressure needed to be reduced. For the volume objective, the
charging and letdown flow control valves were opened and closed,
respectively, to raise the PZR level and vice versa. For instance, at
the 7031th episode (Fig. 7a), the agent reduced the pressure by
opening the spray valve and increased the PZR level by opening the
charging valve and closing the letdown valve. In an instance of
conflicting objectives, pressure was given priority. For instance,
reducing the PZR level by maximizing the letdown flow and
minimizing the charging flow can also reduce the PZR pressure. To
resolve this conflict, at the 7011th episode, the agent first pres-
surized the coolant by closing the discharge valve to limit heat
removal while maintaining the level by opening the charging valve
to approximately 75%, as shown in Fig. 7b. Once the pressure
objective was met, the agent began reducing the PZR level by
closing the charging valve.

As shown in Fig. 8, after achieving the volume objective, the
agent balanced the charging and letdown flows and opened the
spray valve to maintain both objectives and then proceeded to heat
the coolant by closing the discharge valve. Once the temperature
reached the target, the agent maintained it by opening the
discharge valve and increasing the flow to the Hx by opening the
charging and letdown flow control valves slightly more to remove
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excess heat. As the temperature of the coolant increased, the agent
also gradually opened the spray flow control valve to suppress the
pressure increases resulting from the heating.

It should be noted that the trained agent occasionally violated
the operating constraints even after experiencing 7000 episodes.
From the 7000th to the 7194th episodes, 24 episodes were pre-
maturely terminated due to constraints violations. Nevertheless,
the operating records of the successful episodes demonstrate that
DRL succeeded in training the agent to suggest optimal, continuous
states of each device while managing conflicts between the mul-
tiple objectives for NPP coolant control during the startup
operation.

4.3. Hands-on test for untrained situations

A demonstration program was developed using the trained DRL
agent to evaluate its capability in handling previously untrained
situations. This demonstration program consists of the DRL agent
and a graphical user interface that enables the input of target values
for each objective, as depicted in Fig. 9. The stochasticity of the
action was eliminated by selecting the mean u as the action, which
fully highlights the capabilities of the agent. With this program, we
conducted a hands-on test for various situations.

As shown in the test results, the DRL agent was, to a
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considerable extent, able to cope with untrained situations,
meaning where the operating objectives had not been considered
in the training session. A video of the hands-on test is available
online.! For instance, we required the agent to reduce the tem-
perature of the coolant. As explained in the previous sections, the
DRL agent had only trained on heating the coolant. Fig. 10 is the
operating record for cooldown operations. In the case of Fig. 10a,
the agent was maintaining the coolant at 33 kg/cm?, the PZR level
at 80%, and the RCS temperature at 160 °C. As the objectives
changed to 25 kg/cm?, 50%, and 100 °C, the agent achieved the
pressure objective first in a relatively short time by opening the
spray flow valve. Concurrently, the discharge valve was also fully
opened to remove the heat of the coolant. It was notable that the
adjustment of the PZR level was slower, in comparison to the
heating situation in Fig. 8, and was achieved at the same time as the
temperature objective.

Fig. 10b illustrates the operating record for a cooldown opera-
tion when only the pressure objective was changed. It was observed
that the agent utilized not only the spray flow control valve but also
the charging and letdown flow control valves, resulting in a
dissatisfaction of the volume objective. Nevertheless, the level was
restored to the target range at the end. These cooldown operation

1 https://github.com/JunyongBae/Soft-actor-critic-implementation-for-NPP.
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Fig. 9. Demonstration program with the trained DRL agent and user interface (right gray dialogue) connected to the CNS in a real-time manner.

examples demonstrate that the DRL agent is capable of handling
previously untrained situations, but also has some limitations. It
was also observed that the DRL agent experienced difficulties in
adjusting both pressure and volume under high-temperature
conditions.

5. Discussion

This study presents a DRL-based approach for automating op-
erations of NPPs. Building on previous attempts to employ DRL in
NPPs, the proposed approach combines SAC and HER to handle the
challenges of multi-objective and multi-device operations. The use
of SAC with HER eliminates the need for discrete action space and
intricate reward designs for describing multiple objectives by
facilitating the application of continuous action space and
straightforward binary rewards. The results from the case study
with pressure, volume, and temperature controls during the
startup operation demonstrate the feasibility of the suggested
approach. The trained DRL agent could achieve multiple objectives
efficiently by prioritizing the objectives based on the time required
to achieve them. Additionally, the agent showed significant success
in handling untrained operating objectives.

Despite the demonstrated good performance, some substantial
problems remain that should be solved before practical applica-
tions can be realized. One of the problems is verification and vali-
dation. As a safety-critical infrastructure, any software in NPPs must
undergo extensive verification and validation. In this process,
explaining the DRL-trained agent may be difficult due to its use of
advanced deep learning models and intricate training processes.
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This problem could limit its application for automating NPP oper-
ations from a regulatory perspective. Therefore, it is necessary to
apply techniques for explaining deep learning models, such as
explainable artificial intelligence (XAI) [37], and the training
process.

Additionally, the training of constraints remains a challenge in
this field. As any violation of constraints in NPPs can be critical, a
DRL agent for an NPP should strictly keep the constraints even if it
fails to achieve the objectives. However, the current approach to
training constraints relies on sparse negative feedback, given only
when the constraints are violated, while positive feedback is pro-
vided more frequently as the DRL agent is trained. This may result
in the agent prioritizing the objectives over the constraints. This
issue was demonstrated in our case study, where a significant
number of episodes were terminated prematurely due to constraint
violations even after scoring high episodic rewards in other epi-
sodes. In our case study, the majority of the replay buffer consisted
of transitions with positive feedback. For instance, in the later 194
episodes, 71,400 transitions that had partially or fully positive
feedback were added to the replay memory (170 episodes [i.e.,
194 — 24] x 420 transitions/episode [i.e.,
7 hr x60 min /hr x 1 transition /min]), whereas only 24 transitions
with negative feedback resulting from instances of violating the
constraints were added to the memory. To address this issue,
further research is needed to ensure that the constraints are not
violated, such as by implementing methods from the field of safe RL
[38].

This study and previous studies have focused on applying DRL
for the automation of NPPs. Beyond this goal, though, DRL can also
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Fig. 10. Operating records of cooldown operations while being required to (a) adjust the PZR level and pressure together and (b) adjust the pressure only.

be used for various other purposes. For instance, novel operating
strategies for an NPP can be explored by DRL, similar to how the
game strategy in Go has evolved based on the play of a DRL-trained
agent [4]. To do so, the DRL model must be capable of handling
high-dimensional operations with large action and state spaces. In
this study, we expanded the applicability of DRL by incorporating it
in continuous action space. However, further research is needed to
simplify complex high-level operations. While one possible
approach is to decompose an operation into multiple task blocks
and train an agent for each block, this can lead to conflicts between
agents for different tasks. Kim et al. addressed this issue by prior-
itizing actions and estimating the consequences of possible action
combinations [25] using a deep learning-based surrogate model
[11,20]. As this indicates, more research is needed to effectively
coordinate conflicts and fully utilize the potential of DRL.

6. Conclusion

In this study, we proposed an approach of combining SAC and
HER algorithms to train a DRL agent for multi-objective and multi-
device operations in NPPs. SAC allows for the adoption of contin-
uous action space while also promising more adaptive exploration
and exploitations of action and state spaces by utilizing the entropy
of the policy. HER enables the use of straightforward binary reward
functions while also helping the training of long-term objectives. In

3289

the case study, the agent was trained using the proposed approach
and was able to successfully learn how to control the coolant
pressure, volume, and temperature simultaneously by adjusting
five devices. The trained agent established its own strategy for
managing the multi-objectives and performed well in a hands-on
test even with untrained objectives. We believe that this study
extends the potential for utilizing DRL in NPP operations. The
source code of our SAC and HER implementation for the NPP
startup operation and hands-on test videos are available online.!
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