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YIIPABJEHUE TPEXMEPHOW KOHBEKIIMEH B 3AJIAYE PAJIESI-
BEHAPA C UCITIOJb30OBAHUEM OBYYEHUA C IIOAKPEIIVIEHUEM
Annotanus. KOHBEeKTUBHBI TEIIOOOMEH ITMPOKO PACIpOCTpAHEH B MPUPOJE U
OPUMEHSAETCS BO MHOTHX OTpacisiX NpoMbluieHHocTH. OmpeneneHne 3PQPeKTUBHBIX
CTpaTeruii YIMpaBJICHHSA, TaKUX KaK T[OJABICHHWE WM YCHJIEHHE KOHBEKTUBHOTO
TeruiooOMeHa NMpU (PUKCHUPOBAHHBIX BHEIIHUX TEMIEPAaTypHBIX TpaJWEHTaX, SBISETCS
BaXHON (PyHIaMEHTaJbHON M TEXHOJOTMYECKOW 3anadeil. B 3Toil paboTe uccinenoBaH
MOJIX0J], OCHOBAHHBI HAa CAMBIX COBPEMEHHBIX allTOPUTMAX OOYUEHHS C MOJKPEIIICHHEM.
DTOT METOJ 3HAYUTENHHO CHUKAET KOHBEKTHBHBIN TEINIOOOMEH B JBYMEPHOI cucTeMe
Pones-benapa 3a cuer perynupoBaHHs TeMIIEpaTypbl Ha HIDKHEH TpPAHUIE CHCTEMBI
yhnpaBieHus, cTadumm3upys uucio Hyccenbra Ha Oojee HHU3KMX 3HAYCHUSX. AHAIU3
TEKYIIUX Pe3yJIbTaTOB MCCIEIOBAHUI MOKA3bIBAET, YTO YIIpaBlieHnEe Ha OcHOBe RL mMoxeT
3¢ (}HeKTUBHO yHpPaBIsATh COCTOSHUEM MTPOBOAMMOCTH, Koraa uncio Panes Ra menbie nim
paBo 10 000, 4To mMpHUBOAWMT K 3HAYMTEINBHOMY CHMKEHHIO yucia Hyccembra Nu 1o
CPaBHEHHIO C HEKOHTPOJHPYEMBIM cocTOssHHEM. OnHako 3(Q¢EeKTUBHOCTH YIPaBICHUS
CHCTEMOM OCTaeTCsI HEIOCTaTOUYHOM, Koraa ynciio Pames Ra mocturaer 100 000.
Abstract
Convective heat transfer is prevalent in nature and many industrial applications.
Determining effective control strategies, such as suppressing or enhancing convective heat
exchange under fixed external thermal gradients, is a prominent fundamental and
technological challenge. In this work, I explore an approach based on state-of-the-art
reinforcement learning algorithms. This method significantly reduces convective heat
transfer in a two-dimensional Rayleigh-Bénard system by controlling the temperature at the
bottom boundary of the control system, stabilizing the Nusselt number at lower values.
Analysis of current research results indicates that RL-based control can effectively manage

the conduction state when the Rayleigh number Ra is less than or equal to 10 000, resulting
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in a significant reduction in the Nusselt number Nu compared to the uncontrolled state.
However, the control effectiveness for the system remains insufficient when the Rayleigh
number Ra reaches 100 000.

KiroueBbie cioBa — o0yueHHE C MOJKPEIUICHHEM, TeIUIoBas KOHBEKIUs, Pameii—
benap, ynpasnenue, xaoc.

Keywords—Reinforcement Learning, Thermal Convection, Rayleigh—Benard,
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L. INTRODUCTION

Rayleigh-Bénard convection (RBC) provides a widely studied paradigm for thermally
driven flows, which are prevalent in both natural phenomena and industrial applications [1].
Buoyancy effects ultimately lead to fluid dynamical instabilities, with buoyancy effects
determined by temperature gradients [2] and their influence on heat transfer. Controlling
Rayleigh-Bénard convection is a fundamental research topic with scientific significance [3].
Furthermore, preventing, mitigating, or enhancing these instabilities and/or regulating heat
transfer is crucial in many applications. Examples include crystal growth processes, such as
silicon chip production [4]. Indeed, while these processes benefit from increased
temperature gradients in terms of speed, escalating thermal gradients jeopardize the quality
of outcomes due to fluid motion (i.e., flow instability). Therefore, the key question to
address here is: can we control and stabilize fluid flow instabilities induced by temperature

gradients?

The Rayleigh number (Ra) is a dimensionless quantity used to quantify the ratio of
buoyancy driving forces to viscous forces in fluid flow. In Rayleigh-Bénard convection,
when Ra is low, thermal convection within the fluid is weak and relies mainly on conductive
heat transfer. As Ra increases, buoyancy effects become stronger. When Ra exceeds a
critical value, thermal convection becomes significant, leading to the transition from laminar
to convective flow, characterized by the formation and enhancement of convection cells.
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The Nusselt number (Nu) characterizes the efficiency of convective heat transfer. It

1s defined as the ratio of total heat transfer within the boundary layer to conductive heat
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transfer.

(uyT), , = k0y(Thxy

Nu = kAT / H

Expressed in terms of Rayleigh and Nusselt numbers, our control problem is:

Decrease or minimize the Nusselt number for a fixed Rayleigh number.

I1. LITERATURE REVIEW

In recent years, various methods have been proposed to address this issue. These
methods can be categorized into passive and active control methods. Passive control
methods include: acceleration modulation [3, 6], oscillating shear flows [7], and oscillating
boundary temperatures [8]. Active control methods include: velocity actuators [9] and
thermal boundary layer perturbations [10, 11, 12]. While these methods are ingenious, they
are not practical due to requirements such as a perfect understanding of the system’s state
or initial conditions close to the conductive state, which are difficult to establish [11]. The
main challenge in controlling RBC lies in its chaotic behavior and chaotic response to

control actions.

Reinforcement Learning (RL) algorithms [14] have demonstrated the ability to solve
complex control problems, mastering extremely difficult challenges in high-dimensional
spaces (e.g., board games [15, 16] and robotics [17]). Reinforcement Learning is a form of
supervised Machine Learning (ML) [18] aimed at finding optimal control strategies. This is
achieved through continuous trial and error interaction with the (simulated or real)
environment, iteratively refining the initial random control policy. In fact, this is often a
rather slow process, potentially requiring millions of trials to converge [19]. Reinforcement
Learning is also employed in fluid dynamics, for instance, in training intelligent inertial or
self-propelled particles [20, 21, 22], schooling behavior of fish [23, 24], soaring of birds and

gliders in turbulent environments [25, 26], and optimal navigation in turbulent flows [27].
I1L. DATASET AND BASELINE

A. Dataset



FluidX3D is used for numerical simulation fluid and an environment is constructed

for reinforcement learning, which acts as a dataset.

Figure 1: Schematic representation of the Reinforcement Learning control approach
applied to the Rayleigh-Bénard system with the aim of reducing convective effects (i.e.,

Nusselt number).
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The system consists of a domain with height H, aspect ratio I' = 1, no-slip boundary
conditions, constant temperature Tc at the top boundary, adiabatic side boundaries, where
the temperature is controlled by n heaters [Ty, T, ..., T;]. The temperatures of the heaters
can vary continuously to optimize the control protocol, ensuring a constant mean value. This
continuous optimization allows for finer adjustments and potentially better performance
compared to discrete temperature settings. Maintain a constant mean value. Since the
average temperature of the bottom plate is constant, the Rayleigh number is well-defined
and constant over time. The RL method employs a neural network controller, which receives
flow state information from multiple probes at fixed locations and outputs the temperature
value for the bottom boundary heater. During training, the parameters of the neural network

are automatically optimized by the RL method.
B. Baseline

Currently, one of the state-of-the-art active methods used to address Rayleigh-
Bénard convection (RBC) is based on linear control applied to the thermal boundary layer
at the bottom [13]. However, the article does not directly use the Nusselt number as a
performance measure for the control effectiveness. Therefore, a comparison cannot be
provided at the moment. Replication and comparison work for the baseline will be
conducted in the following year. The results of the current study can be compared with the

situation without RL control.



Iv. METHOD

A.  Proximal Policy Optimization

We employ the Proximal Policy Optimization (PPO) RL algorithm [4], which belongs
to the series of policy gradient methods. Starting from random initial conditions, policy
gradient methods iteratively search for the optimal (or sufficiently good) policy through
gradient ascent based on locally estimated performance. Specifically, this optimization
utilizes a probability distribution m(ai | si) over the action space conditioned on the
instantaneous system state. At each step of the control loop, we sample and apply an action
based on the distribution z(a|s). It is worth noting that sampling is crucial during training to
ensure a sufficient balance between exploration and exploitation, while during testing, this
stochastic approach can be turned into a deterministic one by constraining actions with the

highest associated probabilities.

B. FludX3D

FluidX3D i1s a fluid dynamics simulation library developed by ProjectPhysX. It
provides tools for simulating various fluid phenomena, can be applied to simulate Rayleigh-
Bénard convection by providing a framework for modeling fluid flow in a confined space
heated from below. Users can define the geometry and boundary conditions of the system,

including the temperature gradient across the boundaries.

C. MPI
To facilitate communication between FluidX3D (implemented in C++) and RL
algorithms (implemented in Python), we employ the Message Passing Interface (MPI). MPI
provides a standardized protocol for communication and data transfer between processes
running on distributed memory systems.
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Figure 2: Using MPI to establish a communication protocol between FluidX3D and

RL, data transmission occurs as follows: FluidX3D creates the environment, while RL
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constructs the agent.

The environment sends the initial state to the agent, which, based on the Proximal
Policy Optimization (PPO) strategy, selects an action (in this case, the temperature of the
bottom heater) and transmits it back to the environment. After simulating the next phase
based on the action received, the environment sends the new reward and state to the agent
for learning. This iterative process enables the agent to optimize its control strategy for the

Rayleigh-Bénard convection simulation.

V. Results

Figure 3: Variation of Nusselt number with time when Ra=10*
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Figure 4: Variation of Nusselt number with time when Ra=10°>

Ra = 1000000
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Figure 5: Variation of Nusselt number with time when Ra=10°

The time evolution of the Nusselt number under three different Rayleigh states is
observed, with control initiated at t = 0 . Each step represents a simulation conducted for a
unit of time At (currently set to 500 units). When Ra = 10* ,preliminary control by RL
achieves stability with the Nusselt number converging to approximately 1.24, significantly
lower than the uncontrolled value of 1.5. At Ra = 10>, RL control continues to lower the
average Nusselt number, albeit with larger fluctuations and incomplete system stabilization.
However, at Ra = 10°, RL performance is subpar, with unstable Nusselt values and no

significant reduction observed.
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Figure 6: Temperature images of the environment without RL control (top) and with

RL control (bottom) when Ra=10°.

RL control engenders a flow regime akin to a "dual-cell pattern." In this configuration,
the Nusselt number is notably lower compared to the uncontrolled scenario, as heat transfer
occurs predominantly through diffusion across the interface between two cells to reach the
top boundary. This "dual-cell" control strategy is autonomously crafted by RL control

without any external supervision.



VI Conclusion

Through the analysis of the results, it i1s evident that RL control promotes the
emergence of a dual-cell pattern and demonstrates effectiveness in stabilizing and
optimizing the system. Compared to the uncontrolled scenario, RL achieves a significant
reduction in the Nusselt number. However, limitations of this method become apparent at
higher Rayleigh states. As the Rayleigh number (Ra) increases, RL control faces challenges
in maintaining system stability and further reducing the Nusselt number. Additionally, it is
observed during the experiment that the method did not converge, indicating the need for

further improvement.
VIL Optimization methods

Optimize the hyperparameters of the PPO algorithm. Refine the number of simulations
for the FluidX3D environment at each time step. Optimize the reward function. Conduct

parallel training across multiple environments to improve generalization capability.
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