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Deep Reinforcement Learning (DRL) has emerged as a promising approach for handling highly dynamic and nonlinear
Active Flow Control (AFC) problems. However, the computational cost associated with training DRL models presents a
significant performance bottleneck. To address this challenge and enable efficient scaling on high-performance comput-
ing architectures, this study focuses on optimizing DRL-based algorithms in parallel settings. We validate an existing
state-of-the-art DRL framework used for AFC problems and discuss its efficiency bottlenecks. Subsequently, by de-
constructing the overall framework and conducting extensive scalability benchmarks for individual components, we
investigate various hybrid parallelization configurations and propose efficient parallelization strategies. Moreover, we
refine input/output (I/O) operations in multi-environment DRL training to tackle critical overhead associated with data
movement. Finally, we demonstrate the optimized framework for a typical AFC problem where near-linear scaling
can be obtained for the overall framework. We achieve a significant boost in parallel efficiency from around 49% to
approximately 78%, and the training process is accelerated by approximately 47 times using 60 central processing unit
(CPU) cores. These findings are expected to provide valuable insights for further advancements in DRL-based AFC
studies. Consequently, it continues to be a prominent and actively studied problem of significant interest.

I. INTRODUCTION

Active flow control (AFC)1,2 holds significant practical value in delaying transition3, reducing separation4, enhancing
performance5, lowering resistance6, intensifying turbulence7–9, and suppressing noise10. Efficient flow control systems can
improve vehicle performance and fuel efficiency while promoting economically efficient, environmentally friendly, and com-
petitive industrial production11,12, thereby making flow control technology a central focus of attention in the academic and
engineering communities in fields like fluid mechanics for the past several decades6,13,14. While AFC has made significant
advancements in practice, it still faces various challenges, including the design and optimization of control strategies, real-
time requirements, computational complexity, uncertainties, robustness issues, and the effects of multi-physics coupling15–17.
Overcoming the challenges in AFC requires further research in efficient mathematical modeling, robust control strategies, and
algorithm optimization to enhance system performance18–21. This involves developing accurate and efficient mathematical mod-
els that capture the complex dynamics of flow control systems, designing control strategies capable of handling uncertainties
and variations, and improving the computational efficiency of control algorithms22,23. By focusing on these areas, it is expected
to overcome challenges, improve performance, reduce energy consumption, and enhance system functionality across various
industries.

The rapid advancement of artificial intelligence has introduced novel approaches and implementation pathways for closed-loop
AFC6. Particularly, deep reinforcement learning (DRL) methods, which facilitate autonomous learning and decision-making
through interactions with the environment24–27, align well with the requirements of closed-loop AFC28. The fundamental con-
cept of DRL involves continuous trial-and-error learning as the intelligent agent interacts with the environment, progressively
enhancing its decision-making capabilities. It utilizes deep neural networks to approximate value or policy functions, thereby
mapping observations to actions. This approach, through ongoing interaction with the environment, data collection, and opti-
mization, enables the intelligent agent to acquire the optimal decision strategy, thereby harnessing artificial intelligence algo-
rithms to optimize and make decisions in flow control systems. In literature, Gazzola, Hejazialhosseini, and Koumoutsakos29,
Novati et al.30,Verma, Novati, and Koumoutsakos31, and Yan et al.32 successively conducted a series of studies that combined
numerical simulations with DRL algorithms to investigate how fish can enhance their propulsion efficiency by utilizing the
wake vortices generated by other swimmers. These promising findings provided an initial glimpse into the capability of DRL
algorithms to address complex physical problems.

Many researchers have acknowledged that computational efficiency plays a crucial role in effectively combining numerical
methods with learning algorithms, such as DRL, in terms of feasibility and practicality. Ma et al. are recognized as pioneers
in integrating reinforcement learning with flow control33. Their groundbreaking study on coupled control system, utilizing
DRL for interactions between fluid and rigid bodies in a 2D setting, has revolutionized flow control and paved the way for
innovative implementations of AFC. Rabault et al. achieved remarkable results in AFC by training an artificial neural network
using a DRL agent, successfully stabilizing vortex shedding and reducing resistance by approximately 8%34. Rabault and Kuhnle
further addressed the limitation of training speed caused by the computational fluid dynamics (CFD) component in training DRL
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agents by proposing a parallelization solution that combines parallelization techniques for both the numerical simulation and the
DRL algorithm, resulting in significant speedup35. Thanks to the open-source code released by Rabault et al. and his team34,
there has been a remarkable surge in scholarly publications utilizing DRL algorithms to address fluid dynamics challenges,
especially since 2020. Until now, DRL has demonstrated successful applications in various AFC tasks, encompassing the 1D
Kuramoto–Sivashinsky equation36, 1D falling fluid flow37, 2D Rayleigh–Bénard convection38, 2D convection control in confined
space39, 3D model cavity with one heat source40, 2D flow over a cylinder oscillating around its axis41 and the interaction between
rotating small cylinders and the wake of a main cylinder42.

Despite the proclaimed advantages of DRL-based methods, various challenges persist and prevent widespread implementation
of these methods. One major bottleneck is the excessive training cost associated with the DRL-based framework. As reported
by Rabault et al., their codebase allows to train the artificial neural network to perform AFC on a 2D cylinder in about 24 hours,
using a modern CPU running on a single core34. Koizumi, Tsutsumi, and Shima utilized the DRL framework for a similar control
problem where they spent 48 hours on training, using a 32-core processor43. Evidently, to tackle more complex and demanding
AFC problems, the cost of training will quickly become prohibitively expensive and parallelization techniques are necessary to
scale the framework for larger problems. Unfortunately, the scaling performance of DRL-based CFD problems remains a largely
unexplored research field. Rabault and Kuhnle discovered that the DRL agents can learn from multiple environments launched in
parallel with similar rate of convergence, but without any scaling analysis, it remains unclear whether multi-environment training
translates into a proportional reduction in the actual training time35. The closest performance analysis on this topic in literature
is the work by Kurz et al., who introduced an Reinforcement Learning-augmented CFD solver, showing 30% parallel efficiency
on 16 nodes in a HPC system44. Nonetheless, to the best of our knowledge, there is no existing work that comprehensively
analyzes the optimal form of parallelization for maximum efficiency in a DRL-based AFC problem. In this work, we want to
provide a thorough analysis for different forms of parallelization, which is supported by scaling performance benchmarks, in
order to identify performance bottlenecks and find ways to further optimize the current state of the art. Ultimately, through
tackling performance issues, we wish to shed some light on the best practices for optimal DRL-based training in the context of
AFC problems.

The outline of this paper is as follows. In Section II, the problem description is presented, followed by an in-depth overview of
DRL and its formulation in addressing the AFC challenge. The available parallelization strategies in DRL-based AFC problems
are also described, along with a discussion of their software implementations. In Section III, a validation study is conducted,
followed by a detailed scaling analysis of both CFD simulations and the DRL framework within multi-environment settings. This
analysis is then extended to the examine hybrid parallelization techniques that strive to balance CFD parallelization and DRL
parallelization for optimal efficiency. In particular, the potential for further performance enhancement through the refinement of
input/output (I/O) operations in Section III D is also investigated. Finally, Section IV concludes the paper by summarizing the
key findings, discussing their implications, and suggesting potential directions for future research.

II. PROBLEM DESCRIPTION AND METHODOLOGY

Here, we investigate the application of a DRL-based AFC technique to control flow separation over a circular cylinder,
including the numerical setup, DRL algorithm, formulation of the AFC problem, hybrid parallelization strategy, and the software
platform integrating CFD and DRL.

A. Numerical simulation

The configuration adopted in this work for simulating the flow around a circular cylinder closely follows the classical bench-
mark by Schäfer et al.45 We consider the two-dimensional, unsteady, incompressible and viscous flow around a circular cylinder.
The corresponding governing equations are the Navier-Stokes equations (in their dimensionless form)

∂uuu
∂ t

+uuu · (∇uuu) =−∇p+
1

Re
∆uuu, (1)

∇ ·uuu = 0. (2)

Here, uuu = (U,V ) represents the fluid velocity, where U and V are the velocity components along the x- and y-axes, respectively.
t denotes the dimensionless time unit. p is the thermodynamic pressure. Re = UD

ν
is the Reynolds number, where U is the mean

velocity at the inlet, D is the diameter of the cylinder and ν is the kinematic viscosity.
As shown in Fig. 1(a), the cylinder is submerged in a rectangular domain with dimensions of 22D (along the x-axis) and 4.1D

(along the y-axis), with the origin of the Cartesian coordinate system established at the center of the cylinder. The cylinder
is positioned slightly off-centered in the y-direction in order to trigger vortex shedding. The boundaries of the computational
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(a)

(b) (c)

FIG. 1: Description of the numerical setup. (a) Computational domain (22D×4.1D) of flow around a cylinder. (b) Boundary
conditions for the computational domain; (c) Details of the boundary conditions on the cylinder. Jets are located at Ω = 90◦ and
Ω = 270◦ on the cylinder, with a jet width of ω = 10◦. Parabolic velocity distribution is used for each jet.

domain are divided into an inlet Γin, an outlet Γout, no-slip walls Γw, and two separate jets on the cylinder Γi (i = 1,2), as shown
in Fig. 1(b). At the inlet Γin, the inflow velocity along x-axis is prescribed by a parabolic velocity profile in the form,

Uinlet(y) =Um
(H −2y)(H +2y)

H2 , (3)

and that along y-axis is prescribed as,

Vinlet(y) = 0. (4)

Um is the maximum velocity magnitude of the parabolic profile, and H = 4.1D represents the total height of the rectangular
domain. The average inlet velocity U , is related to the parabolic velocity profile Uinlet(y) through the expression:

U =
1
H

∫ H/2

−H/2
Uinlet(y)dy =

2
3

Um. (5)

At the outlet Γout, an outflow boundary condition is applied where the velocity is to be extrapolated. No-slip condition is
applied at both the upper and lower walls Γw. On the surface of the cylinder, we implement AFC by introducing synthetic jets at
the highest and lowest points of the cylinder, as shown in Fig. 1(c). These jets Γi (i = 1,2) can be used to inject or suction fluid
for flow control. Each jet has a width of ω = 10◦ and is directly perpendicular to the outer surface of the cylindrical wall. The
velocity distribution within each jet follows a parabolic profile. The jet velocities can be positive or negative, corresponding to
blowing or suction, respectively. It is crucial to maintain a balance in the net mass flow rates of all the jets to ensure that the
net flow into or out of the system is zero, i.e., VΓ1 = −VΓ2 . This constraint guarantees overall conservation of mass within the
system. No-slip boundary condition is applied on the surface of the cylinder where the jets are not located.

The aforementioned problem is solved using the open-source CFD software OpenFOAM, written in C/C++46. Specifically,
the built-in solver, PimpleFoam which combines the Pressure-Implicit with Splitting of Operators (PISO) algorithm and the
Semi-Implicit Method for Pressure-Linked Equations (SIMPLE) algorithm, is employed to solve this incompressible fluid flow
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problem47–49. The computational domain is discretized into 16,200 grid elements using unstructured triangular mesh units. The
mean velocity magnitude is selected as U= 1, and the Reynolds number is set to Re = 100. To ensure numerical stability, the
time step is chosen as ∆t = 0.0005. The simulation results for this numerical setup were verified against the classical benchmark
in a previous study by Wang et al.50. In this work, we are interested in comparing the lift coefficient (CL) and drag coefficient
(CD), which are defined as

CL =
FL

0.5ρU2D
, CD =

FD

0.5ρU2D
. (6)

Here, FL and FD represent the lift and drag forces integrated on the surface of the cylinder, respectively, and ρ is the fluid density.

B. Overview of DRL

This subsection provides a brief overview of DRL. However, this is by no means an exhaustive summary and readers are
referred to Arulkumaran et al., Ladosz et al., Shakya, Pillai, and Chakrabarty51–53 for a more thorough discussion. The re-
inforcement learning problem is typically modeled as a Markov decision process (MDP), which is a mathematical framework
that formalizes sequential decision-making problems involving an agent interacting with an environment54. Fig. 2 illustrates the
typical interaction between an agent and an environment. At any time-step t, the environment is at some state st . Based on this
observing state, the agent’s policy πθ (at |st) determines the agent’s action at , which in turn causes the environment to transit into
a new state st+1

54,55. At the same time, a reward rt is awarded to the agent. The ultimate goal is to find the optimal policy that
maximizes the agent’s cumulative reward over the long run. By actively collecting and learning from this data, the agent can
enhance its performance over time by improving its policy optimization and decision-making24,56,57.

FIG. 2: The agent and the environment are fundamental components of reinforcement learning. The environment is the entity
with which the agent interacts. At any given time step t, the agent first observes the current state st of the environment, along
with the corresponding reward value rt . Based on these state and reward information, the agent decides how to take action at .
The agent receives feedback from the environment, obtaining the next time step’s state st+1 and reward rt+1.

The Proximal Policy Optimization (PPO) algorithm58–61 , which is a specific implementation based on the Policy Gradient
approach for optimizing an agent’s policy function in reinforcement learning, is used for training in this study. The PPO algo-
rithm enhances training stability by introducing a proximal optimization mechanism24,26,62 and effectively addresses challenges
in continuous action spaces and high-dimensional state spaces, leveraging the power of deep learning for efficient processing
and enabling deep decision-making models to excel in complex tasks24,26.

For a given trajectory τ = {(s0,a0) ,(s1,a1,r1) , . . . . . . ,(sn,an,rn)} that describes a sequence of states from the initial state,
through various states and actions, the end state, the expected value of the discounted return G(τ) is obtained by maximizing the
following objective function:63

J (θ) = E
τ∼πθ

[G(τ)], (7)
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which quantifies the expected cumulative reward that an agent can achieve by following the policy πθ . Here E denotes the
expectation over the trajectory τ sampled from the policy πθ , and G(τ) is the discounted return function at a specific time step
t, defined as:

G(t) =
T

∑
k=0

γ
kRt+k+1, (8)

where γ ∈ [0,1] is the discount factor that determines the relative importance of future rewards compared to immediate rewards,
and T is the total length of the game. The optimal parameter θ ∗ is obtained as:63

θ
∗ = argmax

θ

E
τ∼πθ

[G(τ)]. (9)

This equation represents the search for θ that maximizes the expected value of the discounted return by sampling trajectories τ

from the policy πθ . For the purpose of iterative updates, the objective function of the PPO algorithm is typically defined as a
surrogate objective that balances exploration and exploitation,58 as follows:

LCLIP(θ) = Êt
[
min(rt(θ)) Ât ,clip(rt(θ),1− ε,1+ ε) Ât

)]
, (10)

where LCLIP(θ) represents the objective function that is to be maximized or minimized. θ represents the parameters of the
policy being optimized. Êt represents the expectation operator, computing the average value of the clipped surrogate objective
term over sampled trajectories with respect to the policy’s probability distribution. rt(θ) is the ratio between the probabilities
of selected actions under the new and old policies. ε is a hyperparameter. Ât denotes the advantage estimate, which measures
the disparity between the expected value and the value of a specific action in a given state. The clip(.) function controls the
scale of updates during training by constraining the ratio between the probabilities of the new and old policies within a specified
range [1− ε,1+ ε]. Note that in this equation, the first term within the min function is employed in calculating the objective
function for policy updates, and the second term in the equation, clip(rt(θ),1− ε,1+ ε) Ât , modifies the surrogate objective by
constraining the probability ratio58.

C. Formulation of the AFC problem using DRL

The relationship between the DRL component and the CFD component is outlined in this subsection. We follow the coupling
strategy proposed by Wang et al.50. For a more comprehensive understanding, we encourage readers to consult their work and
the references therein.

The overarching goal of the AFC problem is to achieve drag reduction on the cylinder by suppressing vortex shedding in the
von Kármán vortex street. To address this problem using DRL, the CFD numerical simulation serves as the environment with
which the agent interacts. Specifically, the agent interacts with the environment through three components: state, action and
reward.

FIG. 3: Instantaneous velocity field with black dots representing the positions of the 149 probes.

• At each moment in time, the state consists of the instantaneous flow field data gathered from specific positions called
probes within the computational domain. A comprehensive collection of 149 probes is strategically placed around the
cylinder and in the wake region, and their positions are shown in Fig. 3 These probes are carefully positioned to capture
crucial flow characteristics while maintaining a sparse distribution. For validation purposes, the probe layout in this work
is adopted from that proposed by Wang et al.50 Other designs of the probe layout can also be found in literature34,64–66.

• Based on the observed state, the agent’s policy determines the action. The agent’s policy is parameterized by a two-layer
artificial neural network with 512 neurons in each layer, as advised by Rabault et al.34. The resulting action value, denoted
as a, is responsible for adjusting the velocities of the synthetic jets. This enables precise control over the flow dynamics. To
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ensure stability and avoid non-physical instabilities in the flow, a smoothing function is applied, which holds the following
relationship:

VΓ1,Ti =VΓ1,Ti +β
(
a−VΓ1,Ti−1

)
, (11)

where VΓ1,Ti represents the jet velocity at the end of the ith actuation control period Ti, and β is a numerical parameter
used for smoothing. The value of β is determined through trial and error, and in this case, it is set to β = 0.4. Each control
period Ti consists of 50 time steps, denoted as Ti = (50i)∆t. To prevent excessive energy input in the jets, an upper limit
constraint is imposed, ensuring that VΓi ≤Um.

• At the end of each control period, a reward function is employed to evaluate the agent’s performance. With the primary
aim of achieving maximum drag reduction, the reward function is defined as

rTi =CD,0 − (CD)Ti
−ω

∣∣∣(CL)Ti

∣∣∣ , (12)

where CD and CL are the drag and lift coefficients, respectively. The term CD,0 corresponds to the mean drag coefficient
of the circular cylinder without any flow control, specifically set to CD,0 = 3.205. The notation (·)Ti indicates an aver-
aging operation over the actuation period Ti. The parameter ω = 0.1 serves as a weighting factor that emphasizes the
contributions of lift fluctuations in the reward calculation. The inclusion of the lift term is intended to prevent unnecessary
increases in lift fluctuations during the optimization process.

In the training process, each episode consists of a complete CFD simulation that spans 5000 time steps. This duration
corresponds to 100 actuation periods. Therefore, the maximum total time for each episode is Tmax = T100 = 2.5 non-dimensional
time units. The length of the episode is intentionally selected to encompass multiple vortex shedding cycles. This allows the
agent to effectively learn the control algorithm by observing and adapting to the dynamics of the flow over several cycles.

D. Parallelization of DRL-based AFC problem

In a previous study, it was demonstrated that approximately 99% of the computational time is dedicated to CFD simulations.
With increasingly complex simulations, there is an intrinsic demand for utilizing parallelization in DRL training to reduce the
overall runtime35.

In a general DRL-based framework for AFC, there are two available parallelization strategies: parallelizing the CFD simula-
tion and parallelizing the DRL training process through multiple environments. The CFD component can allow parallelization
through parallel programming softwares, such as Message Passing Inteface (MPI) where one CFD instance is distributed across
several processes. On the other hand, the data collection process in DRL can be parallelized by creating multiple environments
simultaneously. Each environment represents a separate instance of the AFC problem, allowing the DRL agent to interact and
learn from multiple environments concurrently.

The hybrid parallelization approach used for DRL parallel training is illustrated below. Each environment consists of multiple
concurrent processes (or MPI ranks) to launch CFD simulations. Typically, the number of processes or MPI ranks (Nranks) is
equal to the number of CPUs (NCPUs) dedicated to a single CFD simulation. This setup accelerates the simulation time for each
actuation period, enabling faster transitions between states according to the agent’s actions and reducing the time required to
collect (s,a,r)-tuples along each trajectory. Furthermore, training is conducted simultaneously in multiple environments, which
expedites data collection and processing, thus speeding up the overall training process. At any given time, multiple environments
with multiple CFD instances can coexist, each having different flow states. Each environment operates independently and in
parallel, with states influenced solely by the history of actions within that environment. This parallelization allows for concurrent
state transitions and reward calculations, providing a larger number of samples and experiences for the DRL algorithm within
a given timeframe. Once all environments complete one training episode, data from multiple trajectories are batched together
in mini-batches to update weights and parameters in the DRL algorithm. In a hybrid setup with Nenvs environments, the total
number of CPUs for the overall framework is the product of the number of ranks per CFD simulation (Nranks) and the number of
environments (Nenvs), i.e., Ntotal CPUs = Nenvs ×Nranks. Figure 4 presents an example of hybrid parallelization using a total of 20
CPUs, with 4 environments (Nenvs = 4) and 5 MPI ranks (Nranks = 5). The framework allows flexibility in choosing the number
of CPUs and environments for either form of parallelization, without any specific restrictions.

E. Software platform

We build our work upon the codebase DRLinFluids developed by Wang et al.50. As mentioned in Section II A, the CFD
component is implemented using the open-source software OpenFOAM46. The DRL component is implemented using another
open-source Python framework TensorForce67. Both components allow for parallelization as discussed in Section II D.
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FIG. 4: Illustration of the process and allocation of computational resources for DRL parallel training. Here, four training
environments are utilized, each employing 5 MPI ranks for parallel CFD computations. This configuration requires a total of 20
cores. During the training, the agent continuously interacts with the CFD environments, generating a series of tuples (sm

i , am
i ,

rm
i ). Here, the superscript m denotes the specific environment, and the subscript i represents the timestep when the agent

interacts with that environment. The trajectory τm resulting from the agent-environment interaction is then used to calculate the
gradient ∇θ J(τ(m)) and update the neural network parameters θ . DRL parallelizes the training across the four environments,
meaning that in each training step, the four environment instances operate simultaneously. This allows for the concurrent
collection of multiple samples. Importantly, each environment instance operates independently, creating an isolated setting for
training.

To establish the communication between the CFD simulation software and the DRL package, Wang et al. proposed the
utilization of file I/O streams as the interface for these two components within the framework of DRLinFluids50,68. At the end of
each actuation period, the observed states, histories of aerodynamics coefficients (which are necessary for reward computation),
and resulting flow fields are saved from memory to the hard disk. Subsequently, the state and history files are parsed into Python
scripts to be further processed by the DRL package.

The action values generated by the DRL algorithm are subsequently extracted and integrated back into the OpenFoam config-
uration files using Regex (Regular expression) operations69. These updated configuration files, along with the most recent flow
field data, are used to initiate the subsequent instance of OpenFoam for simulating the next actuation period. Therefore, each
episode of training with 100 actuation periods consist of 100 instances of OpenFoam processes interleaved with I/O to/from the
Python package TensorForce67,70. This iterative process ensures continuous interaction and synchronization between the DRL
algorithm and the CFD simulation environment. Wang et al.50 argued that the adoption of an I/O-based interface is suitable, since
the primary performance bottleneck lies in the computation in numerical simulations rather than the data movements in I/O. In
Section III C, we will evaluate the validity of this assumption rigorously, highlight its shortcomings, and propose improvements
to further optimize these interfaces.

III. RESULTS

The results’ analysis is as follows: In Section III A, the control results achieved by Wang et al.50 are initially replicated, with
a particular emphasis on training efficiency and performance. Subsequently, the entire framework is deconstructed, and the
parallel efficiency of each individual component is meticulously analyzed. In Section III B, the MPI-based parallelization of the
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CFD solver is delved into, while Section III C focuses on multi-environment parallel training within the DRL framework. To
further optimize the framework and overcome bottlenecks in I/O operations, refinements are explored in Section III D.

Throughout the analysis, computational hardware equipped with an Intel(R) Xeon(R) Platinum 8358 CPU @ 2.60GHz, fea-
turing a total of 64 cores (32 cores per socket across 2 sockets), is employed. The software suite utilized includes TensorForce
version 0.6.0 as the reinforcement learning framework and OpenFOAM version 8 as the CFD platform.
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FIG. 5: Results of DRL training.(a) displays the cumulative reward at each episode during the training process. (b), (c), and (d)
show the changes in action a, lift coefficient CL and drag coefficient CD, respectively. Histories of each parameter at selected
episodes are shown to illustrate the convergence. (e) to (j) correspond to vorticity contours at the end of each selected episode.
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A. Validation study

The DRLinFluids framework proposed by Wang et al.50 is validated here. We apply the DRL algorithm to learn AFC
strategies, with a specific focus on the application of synthetic jet excitation in the presence of flow around a circular cylinder. The
results are summarized in Fig. 5. Our findings demonstrate the effectiveness of the DRL algorithm in reducing flow resistance
around a circular cylinder through AFC. These results serve as evidence of the capability of the DRLinFluids framework in
achieving the desired control objectives.

During training, the PPO algorithm iteratively optimizes the parametrized neural network-based policy to maximize cumu-
lative rewards at each episode. Fig. 5(a) displays the learning curve, which depicts the development trend of the return for
each round. Starting from an initial reward value, the agent’s return gradually increases and tends to converge around 300
episodes. This tortuous rise in the learning curve is a direct consequence of the reinforcement learning process, where the agent
continuously experiments, makes mistakes, accumulates experience, and gradually strengthens the reward function.

To illustrate the learning process, we focus on selected episodes and analyze the action value (a), lift coefficient (CL), and
drag coefficient (CD) as shown in Fig. 5(b) to Fig. 5(d). In the first episode, the agent starts with small action values, leading
to minimal changes in the flow. Consequently, the lift and drag coefficients remain similar to those in the uncontrolled flow. As
the number of episodes increases, the agent learns to explore the action space to optimize the objective. By the 100th episode,
there are indications that the agent is learning to introduce flow changes periodically, aligning with the shedding frequency of
vortices. This control strategy successfully reduces drag and yields increased reward. By the 200th episode, the agent further
improves the reward through better drag reduction policies. Notably, at the 225th and 250th episodes, significant optimization
of drag reduction is observed within a few training episodes. This suggests that the agent capitalizes on learned knowledge
from previous episodes and focuses more on exploitation than exploration to find the optimal policy. After 400 episodes, the
reward converges to a steady value. At the 500th episode, the drag and lift coefficients (CD and CL) demonstrate the successful
suppression of the vortex shedding phenomenon. The vorticity contours in Fig. 5(b) to Fig. 5(d) further illustrate the complete
suppression or control of vortex shedding behind the circular cylinder. Overall, the implementation of DRL control results in a
significant decrease in the drag coefficient (CD), reducing it from 3.205 to approximately 2.95. This corresponds to a remarkable
drag reduction rate of 8%. Additionally, our proposed control strategy effectively mitigates the periodic fluctuation of the lift
coefficient (CL).

In the context of run-time performance, our focus is on the DRL-based AFC framework. In this validation study, we utilized a
single reinforcement learning environment, with CFD simulations running on a single core. The training process consisted of 600
episodes, resulting in a total training time of 45.1 hours, with each episode taking approximately 4.5 minutes. Comparatively,
Wang et al.50 also employed a single environment training for the same AFC problem. They reported an average time of 10
minutes per episode on a 22-core CPU, resulting in a total training time of 100 hours for 600 episodes. While the total time
consumption may vary due to differences in computer hardware, it is evident that both studies require a significant amount of
time to achieve stable convergence results. Based on the previous work Rabault et al.34 and our experiences (as mentioned in
Section III D), it is observed that the computational time of CFD simulations constitutes the majority (over 95%) of the total
time. For complex flow phenomena, the computational demands of CFD simulations can become prohibitively expensive for
single-core computation. Therefore, leveraging parallel computing architectures is crucial to optimize the run-time performance
and make DRL feasible for complex AFC problems.

In a previous study35, parallelization through multi-environment training has demonstrated potential in expediting the training
duration. Given that the convergence of rewards appears to be largely unaffected by the quantity of environments, initiating
numerous training environments could feasibly diminish the time required to accumulate learning samples essential for the
agent’s training. In Fig. 6, we verify this claim using our framework and observe that the convergence rate of rewards is indeed
consistent across various scenarios. Drag and lift coefficients are controlled successfully in all cases. Under the assumption
that training duration for each episode remains the same, this could imply a reduction in total training time proportional to the
increase in the number of environments. However, it is crucial to acknowledge that the duration of each training episode may not
remain consistent in a parallel setting due to communication overhead and additional complexities inherent in multi-environment
training. Furthermore, the prospect of parallelizing each training episode through the application of multi-core CFD simulations
has not been thoroughly explored in existing literature.

Therefore, in a parallel setting, the question of how best to balance the parallelization of CFD simulations with the use of
multiple DRL environments for optimal performance is still open to exploration. To the best of our knowledge, no existing
work provides a comprehensive analysis for the scaling performance of DRL frameworks when applied to AFC problems.
In the subsequent subsections, we shall analyze various parallelization strategies, computing resource allocation in different
scenarios, and other bottlenecks that hinder performance. Our objective is to identify strategies that effectively utilize computing
resources, minimize training time, and provide valuable insights for optimizing the design of parallel training and computation
in AFC applications.
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FIG. 6: (a) shows the reward function curve when the number of parallel environments Nenvs = 1, 4, 8, 10, 20. (b) shows the
final results of training when different numbers of environments are run in parallel. Drag coefficient CD, lift coefficient CL, and
action values are consistent with the single-environment training in Fig. 5.

B. Scaling analysis of CFD simulations

In this subsection, we shift our attention to the scaling efficacy of CFD computations with the objective of identifying the
most suitable core allocation for parallelized simulations. In an effort to isolate the CFD component from potential DRL-
related disturbances, this set of numerical experiments are conducted where only a single environment is used for training, i.e.,
Ntotal CPUs = Nranks. It should be noted that the parallel efficiency of OpenFoam,71–75 along with CFD algorithms at large,76–78 has
been extensively studied in literature. Despite this, to date, there lacks an investigation specifically targeted at CFD parallelization
within the framework of DRL applications. For instance, given that DRL can be parallelized through multi-environment training,
no clear guidelines exist on how to balance the hybrid parallelization between CFD computations and DRL training. Moreover,
integrating CFD solvers within a DRL framework introduces distinct characteristics, such as frequent interactions with the DRL
module, which could theoretically impact the scaling performance.

Taking all these factors into consideration, we benchmark the parallel efficiency of CFD computations to establish a foundation
for discussing the overall scalability of the framework. To achieve this, we employ a multi-core computing approach and make
adjustments to the core count or number of number of MPI ranks, Nranks, for CFD computations. This allows us to evaluate
the performance of the CFD solver under different parallelization configurations and provide insights into the scalability of the
framework. We systematically record the computation time for each Nrank and calculate the relationship between speedup and
the number of ranks. This allows us to gain insights into the effectiveness of parallel computing of the CFD component and
determine the number of Nrank ranks that yields optimal performance. For investigating the effect of interaction with DRL, we
present two sets of scaling results. The first set with T1 = 0.025 denotes scaling performance of a single instance of OpenFoam.
This evaluates the parallelism for the CFD solver by itself. The other set with Tmax = T100 = 2.5 denotes scaling performance
where we consider the entire training episode with 100 instances of OpenFoam and intermediate data movement with the DRL
component. This evaluates the parallel performance of the CFD solver in a realistic setting when coupled with DRL frameworks.

In Fig. 7, we present the influence of the number of MPI ranks (Nranks) on the parallel speedup ratio and efficiency for CFD
computations. In an ideal scenario, the speedup ratio would exhibit a linear relationship with Nranks, where the speedup ratio
equals the number of cores employed. However, as shown in Fig. 7(a), the current CFD parallel computations demonstrate a
lower speed ratio compared to the ideal value. Even when two Nranks are utilized in parallel, the speedup drops significantly
and fails to reach 2. Further analysis reveals that as Nranks increases, the incremental gain diminishes and eventually saturates.
In addition, Fig. 7(b) demonstrates that the parallel efficiency decreases rapidly as the number of MPI ranks increases. With a
2-core parallel scheme, the utilization of computational resources can only reach 90%. As Nranks further increases, the parallel
efficiency drops below 20% when Nranks = 16. This drastic decrease in parallel efficiency indicates that allocating resources
to parallelize individual OpenFOAM instances has limited performance benefits. It is worth noting that both sets of benchmarks
show similar performance, suggesting that the interaction with the DRL component does not introduce significant overhead
under single-environment training. The discussion regarding multi-environment training will be addressed in Section III D.

We acknowledge that it is possible to optimize the parallel performance of the CFD solver through algorithmic and software
development. However, such optimization is highly dependent on various factors, including the numerical scheme and mesh



Optimal Parallelization Strategies for AFC in DRL-based CFD 11

1 2 4 8 16

1

2

4

8

16

Number of MPI ranks, Nranks

Sp
ee

du
p

Ideal
T1 = 0.025
T100 = 2.5

(a)

1 2 4 8 16

0

0.2

0.4

0.6

0.8

1

Number of MPI ranks, Nranks

Pa
ra

lle
le

ffi
ci

en
cy

Ideal
T1 = 0.025
T100 = 2.5

(b)

FIG. 7: Scaling performance of the CFD solver: (a) speedup ratio, (b) parallel efficiency of the CFD instances. Nranks = 1 in
each set of data is taken as the respective reference point. T1 denotes one instance of the CFD solver. T100 denotes 100 instances
of the CFD solver interleaved with data transfer with the DRL framework, which is equivalent to one episode of
single-environment training.

topology, and it remains an active research field. Therefore, the performance optimization of the CFD solver for the application of
DRL to generic AFC problems is considered beyond the scope of the current work. The results presented above are characteristic
and provide a sufficient foundation for the upcoming discussions.

C. Scaling analysis of the DRL framework with multi-environments

Following the analysis of the CFD component in the previous section, this segment focuses on the parallel efficiency of
the DRL component. Our objective is to comprehensively evaluate the impact of varying the number of environments on the
performance of parallel training and explore the relationship between the number of environments in DRL training and the
speedup ratio. To achieve this, we employ three different scenarios for the parallelization of CFD, utilizing one, two, and five
MPI ranks, respectively. This enables us to investigate the influence of different computing resources on the parallel efficiency
of the DRL framework.

1. Multi-environment DRL parallelization

In the first set of tests, we allocate five MPI ranks for each environment to conduct the flow simulations using CFD. This
configuration is to analyze the parallel efficiency of DRL when CFD parallelization is not optimal. All tests are executed on a
64-core CPU, where we concurrently utilize up to 12 environments to parallelize the DRL component. (Four cores are not used
in this case.) For each test, encompassing a training volume of Nepisodes = 3000 episodes, we document the duration required
for the training process and evaluate its parallel efficiency. Results of these tests are consolidated and presented in Table. I. As
observed in Table. I, increasing the number of environments from 1 to 12 while keeping the number of MPI ranks constant at 5
per environment results in a decrease in training duration from 305.8 hours to 32.4 hours. This trend is indicative of successful
parallel scaling up to a certain point. However, the parallel efficiency exhibits a slight decrement from 100% down to 78.6% as
the number of environments increases.

It is noteworthy that the parallel efficiency remains around 80% even as the number of environments increases to 12, which
suggests that the DRL component scales relatively well with the addition of computational resources. The notable efficiency
in the multi-environment setup is largely due to the independent execution of CFD simulations across different environments,
which run concurrently without data dependency. Interactions between the CFD simulations and the DRL framework within
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TABLE I: Statistics of parallel multi-environment training with Nranks = 1,2,5.
Nepisodes Nenvs Nranks Ntotal CPUs Total duration (h) Speedup Parallel efficiency (%)

CFD MPI Ranks, Nranks = 5

3000 1 5 5 305.8 1.0 100.0
3000 2 5 10 170.8 1.8 89.5
3000 4 5 20 88.5 3.5 86.4
3000 6 5 30 59.7 5.1 85.3
3000 8 5 40 47.3 6.5 80.8
3000 10 5 50 38.3 8.0 79.8
3000 12 5 60 32.4 9.4 78.6

CFD MPI Ranks, Nranks = 2

3000 1 2 2 289.6 1.0 100.0
3000 2 2 4 156.3 1.9 92.6
3000 4 2 8 80.0 3.6 90.4
3000 6 2 12 53.4 5.4 90.3
3000 8 2 16 40.8 7.1 88.7
3000 10 2 20 33.2 8.7 87.1
3000 20 2 40 17.7 16.4 81.9
3000 30 2 60 12.4 23.3 77.5

CFD MPI Ranks, Nranks = 1

3000 1 1 1 225.2 1.0 100.0
3000 2 1 2 123.7 1.8 91.1
3000 4 1 4 64.6 3.5 87.1
3000 6 1 6 44.4 5.1 84.5
3000 8 1 8 33.9 6.6 83.0
3000 10 1 10 26.3 8.6 85.5
3000 20 1 20 14.2 15.9 79.3
3000 30 1 30 9.6 23.5 78.4
3000 40 1 40 9.0 25.0 62.4
3000 50 1 50 8.1 27.7 55.4
3000 60 1 60 7.6 29.6 49.3

each trajectory incur minimal communication costs since extracting policy actions from the DRL framework is computationally
inexpensive compared to CFD simulations. Post-trajectory updates in the DRL framework, while slightly more communication-
intensive, are still less demanding than the CFD simulations themselves. Additional factors such as the management of multi-
threading processes and file I/O operations may contribute marginally to the overall computational overhead. Nevertheless, The
dominant CFD simulations are almost embarrassingly parallel with respect to the number of environments, leading to remarkable
scaling performance.

We emphasize that the scaling analyses detailed above utilized a multi-core configuration for CFD with Nranks = 5. As
outlined in Section III B, such a configuration does not represent an optimal allocation of computational resources, attributed to
the limited parallel efficiency of the CFD software. Nonetheless, we observe good scaling performance for the DRL component
as we increase the number of environments. In Table. I, we present two further sets of experimental outcomes wherein Nranks
are configured to 1 and 2, respectively. The speedup ratio for all tests are visualized in Fig. 8. As explained in Section III B,
simulations conducted on a single-core with Nranks = 1 are the most efficient, whereas dual-core simulations with Nranks = 2
are sub-optimal. Across all configurations, we observe a consistently robust scaling performance. The scaling performance for
Nranks = 1 drops slightly for very large-scale runs. We investigate this performance regression in Section III D. Nevertheless,
the parallel efficiency is significantly better than those presented in Section III B. The implications of these findings are twofold:
firstly, the parallel efficiency of multi-environment training appears to be invariant to the parallelization of the underlying CFD
simulations; secondly, prioritizing the parallelization of the DRL component over that of CFD simulations is a more resource-
efficient strategy.

2. Resource allocation for hybrid parallelization

Here, we evaluate resource allocation strategies with the intent to ascertain the most efficient hybrid parallel configuration.
The objective is to provide a road-map for leveraging hybrid parallelism in DRL-infused CFD simulations. This requires a
reassessment of the configurations involving one, two, and five MPI ranks for CFD parallelization, in conjunction with a variable
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number of environments, to analyze their scaling performance against the total number of cores employed. A standardized
reference point is essential for a consistent comparison on resource utilization efficiency. For this purpose, we utilize the test
case with a single-core CFD and single environment (Nrank = 1,Nenvs = 1) as the reference baseline for calculating the parallel
speedup and efficiency across the entire framework.
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FIG. 8: Speedup ratio of the multi-environment DRL training. Three different configurations for the CFD solver are used:
Nranks = 1,2,5. Nenvs = 1 in each set of data is taken as the respective reference point.

The corresponding results are presented in Fig. 9. Specifically, in the speedup plot in Fig. 9(a), the speedup ratios increase
as the number of CPU cores increases. The gradients of each curve illustrate the efficiency of parallelizing DRL through
multiple environments and agree with those in Fig. 8. The consistency in the gradient provides proof that multi-environment
parallelization is largely unaffected by the underlying CFD parallelization configuration due to the embarrassingly parallel nature
of these environments. The offsets among different curves indicate the efficiency of CFD parallelization. With the same total
number of CPUs, using multiple ranks for CFD lowers the speedup ratio as the CFD component with OpenFoam has poor
parallel performance. For a more direct comparison, Fig. 9(b) details the total parallel efficiency for all cases. When CFD
utilizes five-rank MPI parallel computation, the parallel efficiency remains consistently below 20%. When CFD adopts two-rank
MPI parallel computation, the parallel efficiency decreases from 50% to around 38%. However, when CFD relies on a single-
core computation, the parallel efficiency declines from 100% to approximately 49%. Despite these declining trends, single-core
configuration still exhibits superior parallel efficiency compared to other parallelization schemes.

The empirical evidence suggests that the most optimal parallelization strategy involves DRL multi-environment parallel train-
ing coupled with CFD single-core computation. Our experiments utilizing 60 cores demonstrate that the duration for training
can be reduced from 225.2 hours to a mere 7.6 hours. This equates to a speedup of approximately 30-fold, substantiating the
effectiveness of this hybrid parallelization approach.

D. Further optimization through refining I/O operations

In the preceding subsection, we notice that when CFD employs single-core computation, utilizing multi-environment parallel
training in DRL achieves the optimal parallel acceleration. However, as the number of parallel environments in DRL is substan-
tially increased (Ntotal CPUs > 30), there is a drastic decrease in parallel efficiency. Such a decrease is not evident when employing
Nranks = 2 or 5. This pattern implies that the regression in performance may be linked to the expansive number of environments.
To further explore this issue, we conducted a profiling of the computational time required for a single training episode, with the
results shown in Fig. 10. The data indicates that the CFD simulation time predominates the training duration. However, there is
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FIG. 9: Scaling performance of the multi-environment DRL training: (a) speedup ratio (b) parallel efficiency. Three different
configurations for the CFD solver are used: Nranks = 1,2,5. {Nranks=1,Nenvs = 1} is taken as the reference point for all data
points.

an unexpected and significant rise in the time taken for CFD simulations when the number of environments is very large, even
though these times should remain fairly consistent due to the absence of data dependencies among the environments. We pos-
tulate that this downturn may be attributed to the substantial involvement of I/O operations associated with multi-environment
parallel training.
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FIG. 10: Time breakdown for one episode of training. CFD simulation time predominates in all cases, but increases rapidly
after Nenvs > 30. The DRL training cost, which consists of policy update and interfacing with the CFD solver, is minimal
compared to CFD simulation time.

To verify this hypothesis, we design three sets of experiments, namely Baseline, I/O-Disabled, and Optimized, for comparative
analysis. All experiments use single-core CFD computation. Results obtained in the previous subsection are used as the baseline
(Baseline), where the training time reduces from 225.2 hours for a single environment to 7.6 hours for 60 parallel environments.
It is worth mentioning that multiple files with a total size of 5.0 MB are generated at the end of each instance of CFD simulation
within each environment. For 60 parallel environments with 100 actuation periods within an episode, this is equivalent to 300
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MB of CFD-related I/O at the end of each actuation period and at least 30 GB of data transfer within each episode.
In the second experimental set (I/O-Disabled), we determine the theoretical upper bound of performance by completely

disabling all I/O operations within the workflow. Although this configuration deviates from a realistic operational setting –
foregoing the essential data exchange between distinct CFD simulations and the DRL framework – it provides an exploratory
benchmark indicative of the maximum attainable performance in the absence of I/O overhead. It is critical to clarify that the
control outcomes from this experimental condition are unrealistic due to the lack of data transfer, but the runtime performance
is sufficient to offer insight into the extent of performance gains achievable.

The third set of experiments (Optimized) is directed towards achieving an optimized state of I/O operations in the overall
framework. The optimization measures implemented include, but are not limited to, the removal of unnecessary I/O of flow field
data to reduce the number of files, and the use of binary file formats to reduce file sizes. The crux of this approach is to pare down
the I/O to its functional essence, ensuring that only the necessary data exchanges that are crucial for the simulation and learning
process are preserved, thereby maintaining the integrity and accuracy of the DRL and CFD simulations. With the applied I/O
opitimization, we are able to reduce the file size from 5.0 MB to 1.2 MB for each CFD simulation, which is a significant 76%
reduction in data transfer volume.

TABLE II: Statistics of parallel multi-environment training for different I/O strategies: Baseline, I/O-Disabled, and Optimized.
Nepisodes Nenvs Nranks Ntotal CPUs Tbaseline (h) TI/O-disabled (h) Toptimized (h)

3000 1 1 1 225.2 193.1 (14%) 200.0 (11%)
3000 2 1 2 123.7 104.7 (15%) 103.8 (16%)
3000 4 1 4 64.6 53.4 (17%) 52.1 (19%)
3000 6 1 6 44.4 35.5 (20%) 35.7 (20%)
3000 8 1 8 33.9 26.3 (22%) 26.7 (21%)
3000 10 1 10 26.3 21.3 (19%) 21.5 (18%)
3000 20 1 20 14.2 11.3 (20%) 11.3 (20%)
3000 30 1 30 9.6 7.9 (18%) 8.3 (14%)
3000 40 1 40 9.0 6.4 (29%) 6.3 (30%)
3000 50 1 50 8.1 5.5 (32%) 5.3 (35%)
3000 60 1 60 7.6 4.8 (37%) 4.8 (37%)

The corresponding results are shown in Table. II, where Tbaseline, TI/O-disabled and Toptimized denote the total training time for
the Baseline, I/O-Disabled, and Optimized tests, respectively. The relative speedup of I/O-Disabled and Optimized with respect
to Baseline is computed and included in Table. II as percentages. A comparative analysis reveals that the suspension of I/O
operations yields a consistent reduction in training duration across various number of environments (Nenvs), indicative of the
significant cost attributable to I/O processes in the baseline scenario. The degree of speedup realized through disabling I/O
increases from 14% to 37%, highlighting the I/O-related bottlenecks that become more pronounced as the parallelization scales.

By optimizing I/O operations, the training time (Toptimized) exhibits a reduction that closely mirrors the I/O-Disabled state.
Notably, the Optimized configuration could reach the theoretical maximum speedup observed in most of the I/O-Disabled exper-
iments, which underscores the efficacy of the optimization techniques applied. We observed that I/O optimization appears to be
particularly effective when Nenvs is very high. This is because the amount of I/O is directly related to the number of environments
since each environment would require one set of files for data exchange with the DRL agent. With few environments, the amount
of data movement is insufficient to saturate the disk I/O bandwidth and I/O costs are negligible. For large-scale parallelization,
I/O bottlenecks emerge due to large amount of data transfer for multiple environments. The optimization techniques employed
−− such as minimizing file numbers and transitioning to binary formats −− significantly alleviate the I/O overhead, thereby
enhancing the overall computational efficiency.

The scaling performance of these experiments are visualized in Fig. 11 and Fig. 12. The speedup ratio and parallel efficiency
for each set of experiment is computed using the respective single-environment data of each set as the reference. In Fig. 11, the
I/O-Disabled strategy, which hypothetically eliminates all I/O constraints, closely tracks the perfect scaling line, particularly at
lower environment counts. This close alignment diminishes slightly with a higher count of environments, suggesting that factors
other than I/O, possibly computational overhead or inter-process communication, begin to influence performance at scale. The
Optimized curve showcases the practical application of I/O optimization techniques, which exhibits a substantial speedup that
indicates the effectiveness of the optimizations in reducing I/O overhead. The Optimized set of results appear above the I/O-
Disabled curve due to differences in the reference used for computing speedup. In Fig. 12, it is evident that both strategies greatly
improve the parallel efficiency. The Optimized strategy is close to the ideal efficiency. Similar to the speedup computation, the
parallel efficiency of Optimized strategy is higher than the that of I/O-Disabled because of the choice of reference. Nonetheless,
the scaling trend and achievable parallel efficiency underscore the potential of I/O optimization in large-scale, parallel DRL and
CFD computations to achieve near-ideal scaling efficiency.

In short, optimizing I/O processes within DRL-based CFD simulations is crucial as it significantly enhances computational
efficiency, particularly in large-scale parallel computing environments where file I/O becomes a serious bottleneck. Such opti-
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FIG. 11: Speedup ratio for three I/O strategies under single-core CFD (Nranks = 1) and multi-environment training: Baseline,
I/O-Disabled, and Optimized. Nenvs = 1 in each set of data is taken as the respective reference point.
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FIG. 12: Parallel efficiency for three I/O strategies under single-core CFD (Nranks = 1) and multi-environment training:
Baseline, I/O-Disabled, and Optimized. Nenvs = 1 in each set of data is taken as the respective reference point.

mizations directly contribute to reducing training times and improving the scalability of simulations. In our tests, refining I/O
operations improves the parallel efficiency significantly, from ∼49% to ∼76% on 60 cores. For larger problems with more
significant disk footprint, the runtime performance regression associated with I/O operations will be more pronounced, since the
bandwidth for hard disk is significant lower than that for cache or main memory. The imperative to implement I/O optimizations
is markedly more critical for efficient scalability.
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IV. CONCLUSIONS

In this work, we have conducted a comprehensive investigation into the parallel scaling performance of DRL-based frame-
works for AFC problems, shedding light on key factors influencing computational efficiency in high-performance computing
environments.

• We validated a state-of-the-art DRL framework for a typical AFC problem of flow past a circular cylinder and showcased
its capability to achieve drag reduction within a few hundreds of episodes. In addition, we verified that parallelization
through multiple environments gives rise to similar reward convergence, indicating the potential of speedup through par-
allelization.

• We deconstructed the framework and analyzed parallel efficiency of the CFD component. The parallel efficiency of CFD
drops rapidly in multi-core settings, reaching less than 20% for 16 MPI ranks.

• On the other hand, the parallel efficiency of multi-environment training is much higher, where 60 single-core environ-
ments could reach 49% efficiency. By extensive benchmarking of various hybrid parallelization configurations, we iden-
tified an optimal hybrid parallelization strategy that strongly favors parallelizing DRL across multiple environments over
parallelizing CFD simulations. With this parallelization strategy, the training time can be reduced from 225.2 hours
(Nranks = 1,Nenvs = 1) to 7.6 hours (Nranks = 1,Nenvs = 60), leading to a speedup of 30 times.

• To further optimize the parallelization performance, this study brought to the forefront the critical issue of I/O operations,
a previously under-emphasized aspect in such simulations. By implementing targeted solutions to mitigate I/O costs, we
observed a substantial enhancement in scaling efficiency from 49% to 78%. The final optimal training time is reduced to
4.8 hours (Nranks = 1,Nenvs = 60 with I/O Optimized), which is equivalent to a remarkable speedup of approximately 47
times in runtime performance.

Overall, we were able to achieve near-linear scaling performance and significantly boost parallel efficiency, underscoring the
effectiveness of the optimizations introduced.

It is important to acknowledge that there are still many unknowns and uncertainties when it comes to applying the frameworks
and methodologies discussed here to different DRL-based AFC problems. Nonetheless, the theoretical trend uncovered here -
that parallelizing DRL through multiple environments is generally advantageous due to reduced data dependencies - could po-
tentially be extrapolated to other frameworks. This is particularly relevant unless the CFD component itself can be parallelized
with very high efficiency comparable to that of multi-environment parallelism. Additionally, this research highlights the impor-
tance of not overlooking I/O issues, especially in situations where there is substantial data transfer between the DRL and CFD
components. We believe these insights are significant for the field of DRL-based CFD simulations and provide a foundation for
future directions, such as asynchronous reinforcement learning training in AFC problems.
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