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ABSTRACT 
In chemical process control, decision-making often involves balancing multiple conflicting objec-
tives, such as maximizing production, minimizing energy consumption, and ensuring process 
safety. Traditional approaches for multi-objective optimization, such as linear programming and 
evolutionary algorithms, have proven effective but struggle to adapt in real-time to the dynamic 
and nonlinear nature of chemical processes. In this paper, we propose a framework that combines 
Reinforcement Learning (RL) with Multi-Objective Evolutionary Algorithms (MOEAs) to address 
these challenges. Specifically, we utilize MOEAs, such as NSGA-II, to optimize the parameter 
space of policy neural networks, resulting in a Pareto front of policies. This Pareto front provides 
a diverse set of policies that enable operators to dynamically switch control strategies based on 
real-time system conditions and prioritized objectives. Our proposed methodology is applied to a 
Controlled Stirred Tank Reactor (CSTR) case study, focusing on balancing the objectives of mini-
mizing set point error and operational costs. The case studies highlight the adaptability of the 
method in dynamic environments, including scenarios involving fouling, showcasing its resilience 
and flexibility in complex, nonlinear systems. This work demonstrates the potential of combining 
RL and MOEAs to advance decision-making in chemical process control, providing a robust and 
adaptable framework for navigating environments with changing objectives.  The methodology 
can also be extended to other industrial applications with similarly challenging multi-objective re-
quirements.   
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INTRODUCTION 
In recent years, the field of Process Systems Engi-

neering (PSE) has experienced a significant shift towards 
advanced optimization techniques that can handle the in-
herent complexities of modern systems, whether in pro-
cess control, sustainable supply chains, or other indus-
trial operations. A key challenge in these systems is opti-
mizing multiple, often conflicting objectives —such as 
minimizing operational costs, ensuring process safety, 
improving product quality, and reducing environmental 
impact. This challenge has been amplified by a growing 
emphasis on sustainability and efficiency in industrial op-
erations which highlights the need to develop decision-
making frameworks that can handle dynamic environ-
ments with shifting priorities.  

In industrial process control, balancing multiple ob-
jectives, such as optimizing productivity, reducing en-
ergy consumption, minimizing environmental impact, 
whilst maintaining safety is crucial. However, traditional 
control methods struggle to handle these competing 
goals, especially when unexpected disruptions occur, 
leading to emergency shutdowns and costly downtime.  

Traditionally, industrial control problems have been 
addressed using model-based techniques, such as pro-
portional-integral-derivative (PID) controllers, model pre-
dictive control (MPC), and multi-objective optimization 
(MOO) methods. These methods rely on mathematical 
models of system dynamics and predefined performance 
criteria to achieve optimal control. While effective in 
many industrial settings, they often struggle to manage 
the complexities of nonlinear, high-dimensional, and 
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dynamically changing environments. 
For instance, PID controllers are limited in their abil-

ity to handle multi-variable interactions and time-varying 
dynamics. MPC, although more robust, can become com-
putationally expensive and less effective when con-
fronted with nonlinear stochastic systems or unexpected 
disturbances. Similarly, traditional MOO techniques rely 
on explicit trade-offs between objectives and are often 
static. These approaches can be inflexible, failing to 
adapt to evolving priorities in real-world decision-making 
where conflicting or shifting objectives are common. 

Reinforcement Learning (RL) has emerged as a 
promising alternative to overcome these limitations. As a 
data-driven, model-free approach, RL enables agents to 
learn optimal control policies by interacting with the en-
vironment, making it well-suited for dynamic and nonlin-
ear stochastic systems [1]. By framing control tasks as 
sequential decision-making problems, RL offers a natural 
framework for optimizing processes over time. This 
adaptability makes it particularly effective for applica-
tions such as chemical reactors, power grids, and supply 
chains, where system behavior can be complex and dif-
ficult to model explicitly.  

Despite its advantages, standard RL algorithms are 
typically designed to optimize a single objective, which 
limits their effectiveness in scenarios requiring trade-offs 
among multiple competing goals. This limitation has 
driven the development of multi-objective reinforcement 
learning (MORL), an extension of RL tailored to handle 
multiple objectives simultaneously.  

MORL methods can be broadly categorized into 
scalarization-based, Pareto-based, and decomposition-
based approaches. Scalarization converts multiple ob-
jectives into a single reward function, often requiring 
prior knowledge of preference weights [2]. Pareto-based 
methods, such as Pareto Q-learning [3], maintain a set of 
non-dominated solutions, by learning a set of Pareto-op-
timal policies, enabling agents to explore multiple trade-
offs without explicit weighting. Decomposition-based 
approaches, including MORL/D [4], break multi-objective 
problems into smaller subproblems and leverage rein-
forcement learning to solve them iteratively. Recent ad-
vances, such as deep reinforcement learning for multi-
objective optimization (DRL-MOA) have further improved 
the scalability and generalization of MORL methods.  

Multi-Objective Evolutionary Algorithms (MOEAs), 
for instance, offer a robust way to search across a broad 
solution space without requiring differentiable objective 
functions. Their ability to maintain a population of solu-
tions, each addressing different trade-offs between ob-
jectives, makes them a natural fit for tackling multi-ob-
jective problems in dynamic environments. In this paper, 
we combine the adaptive decision-making capabilities of 
RL with MOEAs’ ability to balance diversity and proximity 
to the Pareto front. Specifically, we use MOEAs to search 

the parameter space of neural network policies, resulting 
in a Pareto front of policies. This equips the decision-
maker with a swarm of policies, allowing for dynamic 
switching between policies based on the current system 
objectives and dynamics. This strategy ensures flexibility 
in real-time decision-making under uncertainty, allowing 
the system to adapt quickly to changing conditions with-
out the need to evolve policies continuously. 

The rest of the paper is organized as follows: the 
preliminaries section provides the background on rein-
forcement learning and evolutionary strategies, the 
methodology section describes the proposed multi-ob-
jective evolutionary algorithm-based reinforcement 
learning framework in more detail. The case study sec-
tion discusses the simulation and experimental results 
and finally, we summarize the paper and provide an out-
look for future work. 

PRELIMINARIES 

Introduction to Reinforcement Learning 
In single agent reinforcement learning, the agent 

aims to learn an optimal policy by interacting with the en-
vironment and learning through trial-and-error. In RL, the 
agent observes the current state 𝑥𝑥𝑡𝑡 ∈ 𝑋𝑋 ⊆ ℝ𝑛𝑛𝑥𝑥, chooses 
an action 𝑢𝑢 ∈ 𝑈𝑈 ⊆ ℝ𝑛𝑛𝑢𝑢 with probability given by the policy 
π(𝑢𝑢|𝑥𝑥) and transitions into the next state, 𝑥𝑥𝑡𝑡+1 ∈ 𝑋𝑋 ⊆ 𝑅𝑅𝑛𝑛𝑥𝑥 
with probability given by the state transition probability 
function 𝑃𝑃�𝑥𝑥𝑡𝑡+1|𝑥𝑥𝑡𝑡,𝑢𝑢𝑡𝑡� and receives a reward 𝑟𝑟𝑡𝑡+1 =
ℛ(𝑥𝑥𝑡𝑡,𝑢𝑢𝑡𝑡 , 𝑥𝑥𝑡𝑡+1) ∈ ℝ. The agent finds an optimal policy π∗ by 
maximizing the expected sum of rewards over a time 
horizon defined as:  

𝐽𝐽(π) = 𝔼𝔼(𝑥𝑥𝑡𝑡,𝑢𝑢𝑡𝑡)∼π ��γ𝑡𝑡𝑟𝑟𝑡𝑡+1�𝑥𝑥𝑡𝑡,  𝑢𝑢𝑡𝑡 = 𝜋𝜋(𝑥𝑥𝑡𝑡)�| 
𝑇𝑇−1

𝑡𝑡=0

� 

π∗ ∈ arg max
π

𝐽𝐽(𝜋𝜋) 

Where 𝛾𝛾 ∈ [0,1]. In practice, the policy is parameter-
ized such that π∗ ≈ π∗(𝑢𝑢|𝑥𝑥;θ), where θ ∈ Θ ⊆ ℝ𝑛𝑛θ repre-
sents the weights of the neural network and Θ is the pa-
rameter space. The aim is to optimize parameters θ to 
maximize the cumulative rewards, learning an effective 
mapping from states 𝑥𝑥 to actions 𝑢𝑢.  

To achieve this, policy-gradient methods optimize 
parameters θ by estimating gradients of the expected re-
ward with respect to parameters θ. This approach con-
trasts to value-based methods, as they directly update 
the policy, making it suitable for continuous action 
spaces and high dimensions. Algorithms like REINFORCE, 
Proximal Policy Optimization (PPO), and Trust Region 
Policy Optimization (TRPO) are popular choices here, as 
they leverage policy gradients and surrogate objectives 
to improve stability and performance [5,6]. However, pol-
icy gradient methods rely on sampling rollouts to 
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estimate gradients. These samples can exhibit large var-
iance due to the stochastic nature of the environment 
and policy, leading to noisy gradient estimates.  

An alternative approach is using Evolutionary Strat-
egies (ES). ES methods optimize parameters 𝜃𝜃 by explor-
ing the parameter space Θ through simulating an evolu-
tionary process. Rather than relying on gradient-based 
updates, ES methods employ population-based search 
techniques to evolve policies. In each iteration, a popula-
tion of candidate policies is evaluated based on a reward 
metric, with the most successful candidates selected to 
"reproduce" via mutation and recombination, guiding the 
search toward high-performing areas of the parameter 
space.  

Evolutionary strategies for reinforcement learning 
(ES-RL) have shown promising results in optimizing pol-
icy parameters due to their lack of need for backpropa-
gation. Instead of relying on gradient information, ES-RL 
evaluate policy performance by sampling multiple trajec-
tories and directly update the parameters towards those 
that lead to higher performance. This method enhances 
scalability in distributed settings as its easier to parallel-
ize. There's also fewer hyperparameters to tune com-
pared to gradient-based methods and they are less likely 
to get stuck in local optima as they are population-based 
methods so search "globally" rather than relying on sto-
chastic estimates of gradients to optimize the parame-
ters. Although ES-RL has demonstrated competitive per-
formance, as highlighted in OpenAI's work [7], where it 
showed comparable results to other policy gradient 
methods on environments like MuJoCo and Atari, it is im-
portant to note that ES-RL does not universally outper-
form policy gradient methods. Rather, ES-RL is particu-
larly advantageous in specific contexts, especially when 
extended to multi-objective evolutionary reinforcement 
learning (MOEA-RL). The population-based search tech-
niques of ES-RL can be leveraged to handle multiple, 
conflicting objectives in complex, dynamic environments 
providing a framework for optimization problems where 
traditional RL methods may face limitations.  

METHODOLOGY 
This section presents the proposed multi-objective 

reinforcement learning framework which integrates tra-
ditional reinforcement learning with multi-objective evo-
lutionary strategies. 

MORSE - Multi-Objective Reinforcement 
learning via Strategy Evolution 

Due to the aforementioned benefits of evolutionary 
strategies, the proposed methodology leverages multi-
objective evolutionary strategies (MOEA) for multi-objec-
tive reinforcement learning (MORL). In this work, we lev-
erage NSGAA-II [8] to directly optimize the parameter 

space of the policies, building a Pareto set of policies ra-
ther than a Pareto set of solutions, as is common in tra-
ditional multi-objective optimization methods. This ap-
proach provides the decision maker with a diverse set of 
adaptable and dynamic policies, facilitating rapid deci-
sion-making in complex environments. The proposed 
methodology is shown in Algorithm 1 and Figure 1. 

 
Figure 1. Schematic overview of our MORSE framework. 

This results in a Pareto front of policies rather than 
a single policy. This allows decision-makers to have the 
flexibility to switch between policies and choose one that 
gives the best trade-off according to the needs in real-
time. This is valuable in dynamic environments where pri-
orities may shift due to external disruptions to the system 
[3,5,9].  

Multi-Objective Markov Decision Process 
The sequential decision-making problem is formu-

lated as a Multi-Objective Markov Decision Process, 
which can be defined as a tuple 〈𝑋𝑋,𝑈𝑈,𝒯𝒯, 𝛾𝛾, 𝜇𝜇,𝐑𝐑〉 where 𝑋𝑋 is 
the state space, 𝑈𝑈 is the action space, 𝒯𝒯 is the probability 
transition function where 𝒯𝒯 ∶ 𝑋𝑋 × 𝑈𝑈 × 𝑋𝑋 → [0,1], μ ∶ 𝑋𝑋 →
[0,1] is a probability distribution over initial states and 𝑅𝑅 ∶
𝑋𝑋 × 𝑈𝑈 × 𝑋𝑋 → 𝑅𝑅𝑑𝑑 is a vector valued reward function where 
𝑑𝑑 ≥ 2 is the number of objectives. The vector-valued re-
ward function 𝑅𝑅 is one of the differences between single-
objective RL and multi-objective RL. Finally, a policy π ∶
 𝑋𝑋 → 𝑈𝑈 ∈ Π, maps states to actions where Π is a set of all 
the possible policies. Another notable difference be-
tween multi-objective and single-objective MDPs is the 
vector valued value function, 𝑉𝑉π ∈ 𝑅𝑅𝑑𝑑 which is condi-
tioned on the number of objectives and is defined as 
𝑉𝑉π(𝑥𝑥) = 𝔼𝔼π ∑ γ𝑡𝑡𝑟𝑟𝑡𝑡+1𝑇𝑇−1

𝑡𝑡=0  where 𝑟𝑟𝑡𝑡+1 = 𝑅𝑅(𝑥𝑥𝑡𝑡 ,𝑢𝑢𝑡𝑡, 𝑥𝑥𝑡𝑡+1).  
A note that due to the multi-objective nature of the 

definition, it is possible to encounter a situation where for 
objectives 𝑗𝑗 and 𝑘𝑘 where 𝑗𝑗, 𝑘𝑘 ∈ {1,2, … ,𝑑𝑑} and policies π 
and π′ where π,π′ ∈, both of the following inequalities can 
hold true:  

    𝑉𝑉𝑗𝑗π(𝑥𝑥) > 𝑉𝑉𝑗𝑗π
′(𝑥𝑥) Policy 𝜋𝜋 is better for objective 𝑗𝑗 

    𝑉𝑉𝑘𝑘π(𝑥𝑥) < 𝑉𝑉𝑘𝑘π
′(𝑥𝑥) Policy 𝜋𝜋′ is better for objective 𝑘𝑘 

This indicates that while policy 𝜋𝜋 outperforms policy 𝜋𝜋′ in 



 

Kotecha et al. / LAPSE:2025.0337 Syst Control Trans 4:1151-1156 (2025) 1154  

objective 𝑗𝑗, it underperforms in terms of objective 𝑘𝑘. This 
illustrates the concept of trade-offs in multi-objective re-
inforcement learning, where optimizing for one objective 
can lead to suboptimal performance in another. There-
fore, the agent must make decisions based on the rela-
tive importance of each objective. 

Computational Case Study 
The modelled system is a Controlled Stirred Tank 

Reactor (CSTR), a complex and nonlinear dynamical sys-
tem which can be modelled using two ordinary differen-
tial equations. A schematic is also shown in Figure 2. 

  d𝐶𝐶𝐴𝐴d𝑡𝑡 = 𝑞𝑞
𝑉𝑉
�𝐶𝐶𝐴𝐴𝑓𝑓 − 𝐶𝐶𝐴𝐴� − 𝑘𝑘𝐶𝐶𝐴𝐴𝑒𝑒

−𝐸𝐸𝐴𝐴
𝑅𝑅𝑅𝑅  

d𝑇𝑇
d𝑡𝑡 =

𝑞𝑞
𝑉𝑉 �𝑇𝑇𝑓𝑓 − 𝑇𝑇� −

Δ𝐻𝐻𝑅𝑅
𝜌𝜌𝐶𝐶𝑝𝑝

𝑘𝑘𝐶𝐶𝐴𝐴𝑒𝑒
−𝐸𝐸𝐴𝐴
𝑅𝑅𝑅𝑅 +

𝑈𝑈𝑈𝑈
𝜌𝜌𝐶𝐶𝑝𝑝𝑉𝑉

(𝑇𝑇𝑐𝑐 − 𝑇𝑇) 

The equations above describe a CSTR where an ir-
reversible chemical reaction occurs which converts spe-
cies A to B with cooling provided by water flowing 
through a coiled tube 

.  
Figure 2. Schematic overview of Controlled Stirred Tank 
Reactor (CSTR) 

The state variables are the concentration of species 
A, 𝐶𝐶A and the reactor temperature T, which constitute the 
state representation in our RL framework. At any given 
time step, the state can be expressed as a vector 𝑥𝑥𝑡𝑡 =
[𝐶𝐶𝐴𝐴,𝑇𝑇], which provides the agent with the necessary in-
formation about the system’s current conditions. The 
state variables evolve dynamically according to the sys-
tem’s governing equations.  

Our system features one input control variable, the 
cooling water temperature 𝑇𝑇𝑐𝑐, modelled as a continuous 
variable.  

Due to the non-linear dynamics, evident in the ex-
ponential term which includes the reactor temperature 𝑇𝑇, 
strong coupling between state variables, and potential 
for instability, the control of the CSTR presents signifi-
cant challenges [10]. These difficulties are further exac-
erbated in systems with multiple conflicting objectives 
and when objectives change over time depending on the 
dynamics of the system. For instance, optimizing reactor 
performance might involve simultaneously maintaining a 

desired product concentration, minimizing energy con-
sumption, and ensuring safe operating conditions, which 
often conflict with one another. 

 

In this study, our CSTR model integrates two cumu-
lative objective functions throughout the time horizon: 
Minimize the set point error and minimize the costs (com-
posed of heat costs and emergency shutdown costs). 
The reward function therefore is a vector-valued function 
at each time step: 

 𝑹𝑹𝑡𝑡 =  ��𝐶𝐶𝐴𝐴(𝑡𝑡) − 𝐶𝐶𝐴𝐴∗(𝑡𝑡)�
2,𝛼𝛼�𝑇𝑇𝑐𝑐 − 𝑇𝑇(𝑡𝑡)�2 + 𝛽𝛽𝕀𝕀(𝑠𝑠ℎ𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢) �   

The first term represents the squared error between 
the actual concentration of species A and the desired set 
point concentration, 𝐶𝐶𝐴𝐴∗(𝑡𝑡). The second term captures the 
heat costs related to the deviation between the cooling 
temperature 𝑇𝑇𝑐𝑐 and reactor temperature 𝑇𝑇(𝑡𝑡) where 𝛼𝛼 is a 
constant; the term 𝛽𝛽𝛽𝛽(𝑠𝑠ℎ𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢) accounts for emergency 
shutdown costs where 𝕀𝕀(𝑠𝑠ℎ𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢) is an indicator func-
tion that takes value 1 if an emergency shutdown takes 
place and 0 otherwise. The cost coefficient 𝛽𝛽 reflects the 
severity of this event.  
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The goal is to ascertain the optimal control action 
during each time period 𝑡𝑡 spanning over a total of 𝑇𝑇 time 
periods within a discrete-time setup. The environment is 
implemented by adapting PC-Gym [10].  

 
Figure 3. The resulting Pareto front showing the set of 
non-dominated policies, illustrating the trade-off 
between two competing objectives. 

SCENARIOS 
In this section, we examine the adaptability of our 

methodology through several case studies. Using our ap-
proach, we derive a Pareto set of policies, as shown in 
Figure 3, that optimally balance competing objectives. 
When a disruption affects the system, this Pareto set al-
lows for swift policy switching, enabling us to select a 
policy that best meets the real-time needs and con-
straints. By dynamically adjusting to changing conditions, 
we demonstrate how our method offers resilience and 
flexibility in complex environments.  

Scenario 1: Fouling  
Fouling is a common issue in chemical processes, 

particularly in CSTRs, where unwanted material accumu-
lates on the reactor walls or heat exchanger surfaces. 
This buildup can significantly reduce heat transfer effi-
ciency, alter reaction rates, and increase operating costs 
due to the need for additional energy to maintain the de-
sired temperature. 

In this case study, we simulate fouling by introduc-
ing a time-dependent reduction in the heat transfer co-
efficient. As fouling progresses, maintaining optimal 
product concentrations and minimizing energy costs be-
come increasingly challenging. Using our methodology, 
we analyze how the Pareto set of policies adapts to these 
conditions. For instance:  

 Policies that prioritize minimizing set-point error 
may involve increasing the heat input to 
compensate for the reduced heat transfer 
efficiency. 

 Policies that that prioritize cost minimization may 

tolerate larger deviations from the desired set-
point to avoid excessive energy consumption. 

The results shown in Figure 4 demonstrate that the 
proposed approach can dynamically adjust control ac-
tions to balance competing objectives under fouling con-
ditions, ensuring safe and efficient reactor operation. The 
dynamic policy significantly outperforms the constant 
policy in minimizing set point error (Objective 1), show-
casing its ability to respond quickly to disturbances and 
maintain the system closer to the desired operating 
range. However, the difference in costs (Objective 2) be-
tween the dynamic and constant policies is relatively 
small, indicating that both approaches manage costs ef-
fectively under normal fouling conditions. 

This small difference in costs suggests that cost op-
timization may not be as sensitive to dynamic control un-
der routine disruptions. However, costs could become a 
much more prominent factor in scenarios where fouling 
leads to severe disruptions, such as an emergency shut-
down or significant system failure. 

 
Figure 4. Execution profiles of the fouling case study, 
showing objective 1 (set point error) and objective 2 
(costs) with shaded variance.  

CONCLUSIONS AND FUTURE WORK 
In conclusion, we have proposed a methodology 

which leverages reinforcement learning (RL) and multi-
objective evolutionary algorithms (MOEAs) to address 
the challenges of controlling a CSTR with competing ob-
jectives. By leveraging a Pareto-based approach, by us-
ing MOEAs to search the parameter space of the neural 
network policies, we successfully derive a set of non-
dominated policies that balance objectives such as mini-
mizing set-point error and operational costs. The case 
studies highlight the adaptability of the method in dy-
namic environments, including scenarios involving foul-
ing showcasing its resilience and flexibility in complex 



 

Kotecha et al. / LAPSE:2025.0337 Syst Control Trans 4:1151-1156 (2025) 1156  

systems. 
Future work will focus on improving the efficiency of 

the evolutionary search process by integrating domain-
specific knowledge and operator expertise. Additionally, 
we will investigate collaborative decision-making strate-
gies across interconnected processes by extending this 
work to multi-unit reactor systems. We also plan to adapt 
our method to handle partially observable environments, 
which are often encountered in industrial settings with in-
complete measurements. Finally, the incorporation of ad-
ditional objectives such as emissions control, stability 
and long-term maintenance costs, will further enhance its 
relevance to real-world applications. Source code for this 
study is available on GitHub.  
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