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Abstract—Chaotic convective flows arise in many real-world
systems, such as microfluidic devices and chemical reactors.
Stabilizing these flows is highly desirable but remains challenging,
particularly in chaotic regimes where conventional control meth-
ods often fail. In this work, we improve the practical feasibility
of controlling chaotic flows by Reinforcement Learning (RL),
focusing on Rayleigh-Bénard Convection (RBC), a canonical
model for convective heat transport. In particular, our goal
is to robustly reduce the convective heat transfer. Although
RL has shown promise for control in laminar flow settings,
its ability to generalize and remain robust under chaotic and
turbulent dynamics is not well explored, despite being critical
for real-world deployment. Hence, to enhance generalization and
sample efficiency, we introduce domain-informed RL agents that
are trained using Proximal Policy Optimization across diverse
initial conditions and flow regimes. We incorporate domain
knowledge in the reward function via a term that encourages
Bénard cell merging, as an example of a desirable macroscopic
property. In laminar flow regimes, the domain-informed RL
agents reduce convective heat transport by up to 33%. In chaotic
flow regimes, the agents still achieve a significant 10% reduction,
which is markedly better than the conventional controllers used
in practice. We compare the domain-informed to uninformed
agents: Our results show that the domain-informed reward design
results in steady flows, faster convergence during training, and
generalization across flow regimes without retraining. Our work
demonstrates that elegant domain-informed priors can greatly
enhance the robustness of RL-based control of chaotic flows,
bringing real-world deployment closer.

Index Terms—Reinforcement Learning, Flow Control, Reward
Shaping, Turbulence Control, Domain-Informed Learning,
Rayleigh–Bénard Convection

I. INTRODUCTION

AI methods hold great promise for advancing engineering
applications in fluid dynamics [1], including those in industry,
aviation, energy systems, and climate science. Traditionally,
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these domains rely on numerical simulations of physical laws,
commonly the Navier-Stokes equations, for tasks ranging from
airfoil design to weather prediction. With the improvements
in sensors and computational capacity, AI now enables data-
driven approaches to modeling and control, opening new
opportunities to tackle complex flow control problems [2].

Natural convection is the process of heat transport by fluid
motion due to temperature differences. It is common in nature
and industry, and its controllability plays a crucial role in
process reliability and quality. For example, in crystal growth
processes or microfluidic gradient generation, uncontrolled
convection can introduce instabilities that degrade material
quality or disrupt precision measurements [3], [4]. In this
work, we study robust RL-based control of Rayleigh-Bénard
Convection (RBC), a canonical model for convective heat
transport that captures the transition from laminar to chaotic
flow as temperature differences increase.

Conventional control methods often struggle to stabilize
such chaotic systems. In contrast, Reinforcement Learning
(RL) has shown growing promise in flow control tasks such
as turbulence suppression, mixing optimization, and drag
reduction [5]. However, the robustness and generalization of
RL-based control of chaotic flows is largely underexplored.
This currently limits real-world deployments, where small
variations in initial conditions or system parameters can lead
to widely different behaviors. In the context of convective
dynamics, it is especially important for control agents to
generalize across both initial conditions and different chaotic
regimes, ideally without requiring retraining.

In AI for scientific applications, incorporating prior knowl-
edge, such as conservation laws or physical symmetries, has
helped improve sample efficiency, generalization from scarce
and noisy data, and physical plausibility of learned models
[6]. Inspired by this, we explore a domain-informed reward
shaping approach, where we embed physically meaningful
macroscopic features into the reward function. We show that
this addition holds promise to guide the agent toward flow
stabilization strategies that generalize across flow regimes and
initial conditions, and require fewer rollouts during training.

Initial works have explored the control of convection by RL:



[7] and [8] proposed a scalable RL approach for a laminar flow
regime in 2D and 3D, but the works did not address generaliza-
tion across initial conditions or system parameters. Reference
[9] studied control of convective flows in a narrow domain and
identified promising emergent strategies, but did not explore
robustness across flow regimes and did not leverage domain
knowledge. For a fixed flow regime and a simplified control
task, [10] developed a model-based RL setup that learns in a
surrogate environment.

Motivated by the open challenge of robust control for
turbulent convection, we make three key contributions: (1) We
introduce a domain-informed reward that reduces training time
and promotes fast flow stabilization; (2) We demonstrate that
the domain-informed reward improves generalization across
initial conditions and chaotic flow regimes; and (3) We achieve
robust control in chaotic convective flow settings where pre-
vious methods either fail or have not been tested.

These contributions move RL-based flow control for chaotic
flows a step closer to practical deployment. To reproduce the
findings of this work, we provide a code repository. Addi-
tionally, alongside each section and experiment, the repository
contains videos and further details. The links to the code and
videos are:

Code — https://github.com/HammerLabML/RBC-Control-SARL
Videos — In file examples.md in the code repository

II. METHODOLOGY

In this section, we present the necessary details of the
dynamical system, its parameters, and measurement quantities.
We then introduce the control task and our training setup.

A. Rayleigh-Bénard Convection

Rayleigh-Bénard Convection (RBC) is a widely studied
model in fluid dynamics for heat transport between a heated
lower plate and a cooled upper plate, see e.g. [11] for the
partial differential equation.

We consider RBC on a 2D domain of width W = 2π
and height H = 2, with horizontal coordinate x ∈ [0,W ]
and vertical coordinate y ∈ [−H/2, H/2]. The system’s
state s = (u, T ) in 2D consists of the velocity vector field
u(x, y) = (ux, uy) and the scalar temperature field T (x, y).
We use periodic boundaries at the left and right of the domain.
For the bottom and top boundaries, we use zero-velocity (i.e.
no-slip) conditions and for the temperature we use Tb at the
bottom and Tt at the top, where Tb > Tt drives the convective
flow. We used a spectral solver from the Shenfun package [12]
on a grid of collocation points of size 96 × 64.1 The main
system parameter is the Rayleigh number (Ra). It is a ratio
of the timescale of convective to diffusive thermal transport,
defined as:

Ra =
ga∆TH3

νκ
. (1)

1All other simulation parameters can be found in the repository, see
Appendix A.

As seen in the definition, it incorporates several other system
parameters, i.e. the gravitational acceleration g, the fluid’s
thermal expansion coefficient a, the mean difference between
the temperature at the bottom and top wall ∆T = Tb−Tt, the
height of the fluid layer (i.e. the domain height) H , and both
the fluid’s kinematic viscosity ν and its thermal diffusivity
κ. A higher value of Ra introduces more convection in the
system, and interesting dynamics occur in dependence of Ra:
for low Ra, the fluid does not move and the temperature field
converges to a stable equilibrium through heat conduction
only, which is a linear temperature gradient in the vertical
direction: Tcond(y) = Tb − (y/H + 0.5)∆T . As Ra increases
past a critical value, the system becomes unstable and heat
starts to be transported by convective flow, i.e. hot fluid rises,
and cold fluid sinks which typically takes place in the form of
so-called Bénard cells (see Fig. 1b). As Ra increases further,
the fluid flow becomes increasingly chaotic and eventually
turbulent [13]. We selected a range of Ra that includes
unsteady flows and moderately turbulent effects, which makes
for an interesting benchmark for robust learning-based control.

1) Measuring Convection: Thermal convection is heat
transport through fluid flow that is induced by temperature
differences. The strength of the local convective heat transport
in the vertical direction is given by the product of the vertical
velocity and the temperature:

q(x, y, t) = uy(x, y, t)θ(x, y, t) , (2)

where θ(x, y, t) = T (x, y, t) − ⟨T ⟩x,y,t is the temperature
difference from the mean temperature over the field. In the
system, heat is transported by both convection and conduction.
The ratio between transport by convection to conduction is an
important measurement quantity known as the Nusselt number
Nu:

Nu(t) =
⟨q(x, y, t)⟩x,y
κ(Tb − Tt)/H

. (3)

The numerator is a measure of the overall heat transport by
convection (field average of (2)), whereas the denominator
quantifies heat transport by conduction.2 Note that with in-
creasing Ra, convective flows get stronger, which increases
the value of Nu.3

B. Flow stabilization by controlling convection

Motivated by interesting chaotic dynamics of the system
and industrial relevance to control convective flows, the task
is to robustly suppress convective heat transport, as measured
by the Nusselt number in (3), by controlling heating elements
at the bottom. We illustrate the control setup in Fig. 1a, which
bears some similarity to real-world lab set-ups such as in
[15], where a simple PD control was applied. In the control
task, we divide the bottom boundary into 12 heating elements
that each can be set to a temperature ai. Note that without
further constraints, a trivial way to control the system is to
set all heaters to the temperature at the top, i.e. ai = Tt.

2H: distance between top and lower boundary. κ : thermal diffusivity.
3Nu scales like NuBase(Ra) ∼ Ra1/3 up to at least Ra = 1015 [14].
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Fig. 1. Fig. (a) shows the schematic of the control setup. The RL agent receives partial observations from an 8x48 grid of sensors and a midline vertical
velocity measurement. Based on the observation s(t), the policy network outputs heating actions a(t) for 12 bottom actuators. Note in PPO, there is also
a critic network involved that estimates the value function. The reward combines a normalized Nusselt number reduction term with a domain-informed term
that encourages cell merging via the measured cell distance. Figures (b) and (c) show a state resulting from Ra = 106 together with the Nusselt number over
time. The colorbar of (b) covers the entire range between TC and TH + C, with C = 0.75, and is valid for the following figures in the paper.

This eliminates the temperature difference between bottom and
top, i.e. ∆T = 0, so that heat transport (both conductive and
convective) does not occur. Hence, we consider a non-trivial
scenario where the bottom heaters are constrained to values
ai ∈ [Tb − 0.75, Tb + 0.75], which also simulates physical
constraints of real-world heaters. In addition, we assume that
the mean over all heaters is always fixed to Tb to ensure that
the mean temperature difference between the top and bottom
plate, ∆T in (1), remains constant.4 Without this restriction,
the controller can resort to the trivial strategy which is to
effectively alter the Rayleigh number of the system and thus
change the overall thermal forcing and dynamics. Hence, the
flow is to be controlled by temperature fluctuations applied
instantaneously by the heaters to the bottom boundary.

1) Linear Control: Since our objective is to study the prac-
tical feasibility of RL agents in chaotic settings, we consider
a comparison to control schemes that are physically realizable
and commonly used in practice, most notably proportional-
derivative (PD) control, which is the standard approach in
experimental setups such as in [15], [16].

The temperature fluctuations at the lower boundary are
chosen to oppose the convective flow by increasing heat below
downward flows and decreasing heat below upward flows.
This is achieved by setting the error to a horizontal midline
vertical velocity measurement, i.e. E(x, t) = uy(x, y = 0, t)
and computing the linear control signal:

a(x, t) = kpE(x, t) + kdE
′(x, t) , (4)

where we found that gains of kp = −970 and kd = −2000
consistently lead to the desired behavior of applying heat
between Bénard cells.5

4We satisfy the constraints by a simple transformation, see Appendix C-A.
5To obtain the final N = 12 heating values, we downsample the control

signal by averaging the grid points within the heater locations and then apply
a transformation to satisfy our control limits, see Appendix C-A.

2) Reinforcement Learning: Although the mathematical
formulation of the objective in RL bears similarity to that
of conventional control, RL has the potential to discover
sophisticated control policies through expressive neural repre-
sentations, which is necessary for control of non-linear chaotic
dynamics. To train the agent, we employ the model-free algo-
rithm PPO [17], a successful actor-critic method that improves
robustness through a clipped objective. The agent learns a
policy π(a|s), which maps states s to action probabilities a.
The learning objective is to find a policy π∗ that maximizes the
expected sum of reward, maxπ E [

∑∞
t=0 γ

tR(st,at, st+1)],
where actions at are chosen according to π and 0 ≤ γ ≤ 1 is a
discount factor that favors short-term over long-term rewards.
The state transitions are modeled using a Markov Decision
Process (MDP), which is in our case given by the underlying
deterministic numerical simulation.

Fig. 1 gives an overview of the RL setup: For the state
observations, we assume access to probe sensors that are
spread equidistantly on an 8×48 grid over the spatial domain
and measure the local temperature and velocity of the fluid.
We flatten all measurements into a vector with 3∗8∗48 = 1152
elements as input to the actor and critic network. The policy
network outputs vectors (a1, a2, . . . , a12) ∈ R12 (values for
the 12 heaters), where ai ∈ [−1, 1], which are transformed to
satisfy a mean actuation of Tb and limits of [Tb − 0.75, Tb +
0.75] as explained in the previous section, and then applied to
the lower boundary. As the agent’s objective is to minimize
convective heat transfer, which is measured by the Nusselt
number Nu from (3), we incorporate Nu in the reward as
follows:

R(st) = 1− Nu(st)
NuBase(Ra)

, (5)

where we additionally scaled Nu by NuBase(Ra), which we
obtained as an average over the uncontrolled case, so that
approximately R(st) ∈ [0, 1]. PPO aims to maximize this



reward over episodes, which corresponds to minimizing the
Nusselt number.

C. Reward Shaping: Better stabilization properties through
cell merging

Merging of Bénard cells is an effective strategy for sta-
bilizing flow and reducing convection, as was identified in
[7] for the laminar flow at Ra = 104. Cell merging limits
the number of counter-rotating flow structures in favor of
a global, slower steady flow. This results in lower Nusselt
number with less variation over time. However, cell merging
is rather hard to achieve for chaotic flows, because of the
existence of competing simple strategies that apply heating
between cells. Although the simple strategies reduce the time-
average of the Nusselt number, the Nusselt number of single-
cell states is lower and also associated with steady flows. Here
and in the rest of the paper, by steady flows, we mean a flow
that hardly changes over time and remains so over long times.

In this work, we are interested in possibilities to facilitate
RL for this challenging task and enhance the generalization
ability of learned agents across initial conditions and flow
scenarios by means of integration of prior knowledge. More
specifically, we suggest to extend the reward function with
domain-informed or physics-informed macroscopic quantities
that can easily be measured: In our case we focus on promoting
Bénard cell merging and study its effect on robust flow control.
In addition to the 8 ∗ 48 grid of sensors, we assume a dense
horizontal measurement of the vertical velocity field at the
middle of the vertical axis, i.e. uy(x, y = 0, t), inspired by
the experiment in [16]. We detect potential cell locations ci by
finding positive peaks in this measurement.6 In our setup, there
are usually two convection cells with horizontal coordinate c1
and c2, and we can simply compute:

celldist = min(|c1 − c2|, 2π − |c1 − c2|) , (6)

which is the horizontal distance between the cells in the
periodic domain x ∈ [0, 2π]. In the general case of an arbitrary
number of cells, we simply compute the maximum of the pair-
wise cell distances to summarize the overall degree of cell
merging. Next, we modify the reward function to include the
cell distance as follows:

R(st) = (1−α)

(
1− Nu(st)

NuBase(Ra)

)
+α

(
1− celldist(st)

π

)
,

(7)
where the coefficient α ∈ [0, 1] balances the importance of
cell distance and the Nusselt number in the total reward. The
quantity (1 − celldist(st)/π) ranges from 0, when the cells
are maximally separated,7 to 1, in case of a single merged
cell. Hence, for both terms in the reward, the least and most
desirable states are represented by 0 and 1, respectively.

6We used find peaks from scipy.signal with height=0.
7Note that π is the maximum possible distance on the periodic domain

x ∈ [0, 2π].

III. EXPERIMENTS AND RESULTS

We evaluate the effect of the domain-informed RL agents
on generalization performance in three experiments: In Exper-
iment 1, we exclude domain knowledge by using α = 0 in (7)
and term the resulting agents as uninformed. In Experiment 2,
we study the effect of including the domain knowledge, i.e.
α > 0, and we call the resulting agents domain-informed (or
DI). In Experiment 3, we explicitly study for both cases the
generalization performance to other flow regimes by using the
agents that were trained on Ra = 105 to control the flow at
Ra = 104 and Ra = 106. In all experiments, we evaluate the
agent at the full range of Ra (i.e. different levels of chaotic
convection) across a variety of initial conditions.

A. Episode Rollouts and PPO training

We trained agents on Rayleigh numbers

Ra ∈ {104, 105, 106, 5 · 106} .

The flows in the regime 106 < Ra < 5 · 106 have a
significant chaotic nature. Hence, the regime Ra ≈ 107 cannot
reasonably be controlled in our scenario, and therefore we
do not consider this regime. Each simulation starts from a
no-motion state with small random perturbations in the vertical
temperature gradient. Due to equivariance of the dynamics
under horizontal shifts, these small random perturbations lead
to random horizontal shifts in the obtained cell configurations.
For each Ra, we generated 37 initial conditions in this manner.

During training, the agent is exposed to 20 of these con-
vective states. Furthermore, the agent is validated on 5 unseen
states and the best performing agent during the training proce-
dure is saved. Final evaluation is performed on the remaining
12 independent convective states not seen during training or
validation. This setup provides a strong test of the agent’s
generalization capabilities.

We use the PPO implementation from [18] and collect
training data from multiple parallel rollouts. A full description
of PPO training parameters (number of rollouts, training times,
etc) is provided in Appendix C.

B. Experiment 1: Uninformed RL-based flow control

We first set a baseline by evaluating the performance of un-
informed RL agents in reducing convective flow using (α = 0)
in (7). In Fig. 2, three results stand out: (1) The uninformed
RL agent (α = 0) shows significant promise in reducing the
convective flow, as for all considered Ra, it reduces the Nusselt
number significantly. (2) The standard deviation is very low,
meaning a consistent Nusselt number reduction is achieved
across all test checkpoints. (3) PD control, which is used in
lab experiments, can only achieve satisfactory performance for
the laminar flow at Ra = 104.

For the flow at Ra = 104, we show in Fig. 3 the temperature
field over time when controlled by the uninformed agent. In
Fig. 3a and 3b, we see that the uninformed agent starts to
merge the left cell with the right cell. After the merge, the
agent gradually widens the single cell (Fig. 3c and 3d), which
it identified as a strategy to reduce the overall convective
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Fig. 3. Flow control by an uninformed agent for a typical test set episode at
Ra = 104. Several temperature fields throughout the episode are shown. Red
is hottest, dark blue is coldest.

flow. This widening results in a split of the single-cell into
the two-cell configuration again (Fig. 3e). Hence, the flow is
not stabilized under the control. In Fig. 3f, we marked the
time points of the snapshots on the x-axis: The cell merge
is associated with a significant decrease in Nu which then
becomes stationary. Later, the brief split into two cells at
t = 270 is associated with an instability in the Nusselt number,
indicating that the flow is not stabilized under the control.

For Ra > 104, successful control with the uninformed agent
was almost never achieved, because the uninformed agent

remained stuck in simpler strategies that amount to heating
between the cells. Although we observed that more explo-
ration in PPO can somewhat alleviate the issue, this requires
much more training effort due to an extensive number of
rollouts. These baseline results highlight that without domain
knowledge, stabilization of chaotic flows is not consistently
achieved, motivating the need for domain-informed priors.

C. Experiment 2: Exploring stabilization properties by adding
domain knowledge

We experiment with the inclusion of domain knowledge
through promoting Bénard cell merging using the reward
function in (7) with α > 0. For the coefficient α that
determines the importance of this term, we experimented with
a range of values in α ∈ [0, 1]. In general, we observed a
trade-off between Nusselt number reduction and stabilization
through cell merging. Low α gives better time-averaged Nus-
selt number reduction performance but has difficulty to achieve
flow stabilization through cell merging, while high α leads
to merged cells with steady flows but slightly worse Nusselt
number reduction. As shown in Fig. 2, the value α = 0.25
resulted in robust performance in Nusselt number reduction
across all Ra and turned out to be the best trade-off between
Nusselt number reduction and flow stabilization. Hence, we
discuss the results for α = 0.25 in the rest of the work.

The key advantage of domain-informed RL is its ability
to consistently stabilize initially chaotic flows, such as at
Ra = 105, into a steady state. We summarize the main
differences using key statistics in Fig. 4: Domain-informed
training always merged cells in the regime Ra = 104 and
Ra = 105, as shown in Fig. 4a. In addition, this resulted
in consistent flow stabilization in this regime (Fig. 4b). This
is significant, as for Ra = 105 the uncontrolled flow is
chaotic and became consistently stable under the domain-
informed control.8 To illustrate the flow stabilization further,
Fig. 4c shows examples of the Nusselt number during typical
episodes of the Domain-Informed agent (in orange) and the
uninformed agent (in blue), where the domain-informed agent
achieves a stationary Nusselt number. Fig. 4b confirms that
stationary flows were consistently achieved for Ra = 104

and Ra = 105. For the regime Ra > 105, the differences
between the domain-informed and the uninformed control are
minor: in this highly chaotic regime, both agents resort to the
simple control strategy that still reduces the Nusselt number
(see Fig. 2). In Fig. 7 of the Appendix, we also see that the
domain-informed agents achieve cell merging earlier in the
episodes. In summary, in the regime Ra = 105, the domain-
informed agent consistently transformed a chaotic flow into
a stable single-cell configuration with nearly constant Nusselt
number over time, a capability absent in uninformed agents.

For Ra = 104 and Ra = 105, we confirmed that the domain-
informed agents achieve flow stabilization early in training.
The uninformed agents also tend to overfit to the training

8The videos given in the repository (see Appendix A) further illustrate this
behavior.
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Fig. 4. The effect of Domain-Informed (DI) training vs. uninformed training (No DI) on flow control, shown by three key statistics computed on the test set:
(a) Percentage of episodes where Bénard cells were merged. (b) Standard deviation of the Nusselt number over time, computed over the last 40 actions. (c)
Nusselt number during a typical example test episode.

set. In contrast, the domain-informed training objective is less
prone to over-fitting and achieves much better generalization
to unseen conditions beyond the training set.

D. Experiment 3: Generalization to different flow regimes

We used the domain-informed agent trained on flows at
Ra = 105 for controlling flows at Ra = 104 and Ra = 106 and
we compared with the same scenario using the uninformed
agent. Fig. 5 shows that the domain-informed agent has
consistent success in achieving cell merging and associated
flow stability, whereas the uninformed agent does not achieve
these properties. Counter-intuitively, the domain-informed per-
formance on Ra = 106 is better than when training an agent
on Ra = 106 (cf. Fig. 4). We attribute this to the fact that
training of policies in lower chaotic regimes is easier, and
such policies may therefore show better generalization ability
to more chaotic regimes. The success of the domain-informed
agents in cell merging resulted in stationary Nusselt numbers
for Ra = 104 (Fig. 5c orange line), and a significant reduction
in variation for Ra = 106, which we show in the Appendix in
Fig. 8. This underlines that the learned stabilization strategy
generalizes to other flow regimes including higher levels of
chaos.

IV. DISCUSSION

Our results provide clear evidence that the inclusion of
domain knowledge is a crucial component to achieve robust
control and stabilization of chaotic fluid flows. A key insight
is that elegant domain-informed reward design plays a critical
role in enabling robust flow control, obtaining steady flows
in regimes where the uncontrolled flow is chaotic. Although
there are slight differences in the sensor setup between the
domain-informed and the uninformed cases, the cell distance
can also be well-approximated from the dense sensors in
the horizontal direction used for the uninformed case, which
would not change the results. Moreover, our results indicated
that a balancing value of α = 0.25 in the reward in (7) already
resulted in robust performance across a large flow regime,
making fine-tuning not critical, which is a major advantage
for physical implementation.

For the uninformed agent, we only obtained steady flows
for Ra = 104, but this state was not stable under the control
(Fig. 3e). Encouraging Bénard cell merging was an effective
way to guide the agent away from the simple two-cell control
strategy towards a one-cell setup that has lower convective
heat transfer. In addition, those one-cell setups were associated
with steady flows: A key result is that for Ra = 105, which
is a regime with chaotic flow in the uncontrolled setting,
the domain-informed agent consistently merged cells and the
control transformed the chaotic flow into a stable, steady flow
with constant Nusselt number over time (e.g., see Fig. 4c). The
domain-informed agent also exhibited generalization ability
to flows up to Ra = 106, signifantly reducing the Nusselt
variation over time.

A. Conclusion

This work bridges artificial intelligence and engineering by
demonstrating how domain-informed RL can enable robust
control of chaotic flows. Through elegant domain-informed
reward design, our agents learned significantly more robust
control across initial conditions and exhibited a level of gen-
eralization ability across flow regimes. These insights highlight
the potential of domain-informed RL for effective robust
control in complex flow regimes, especially in settings where
conventional control is inadequate.

A challenging next step is the control of 3D convective
flows, including turbulent effects. As our experiments in 2D
indicated that including domain knowledge becomes increas-
ingly important for complex flows where control is feasible,
the inclusion of domain-informed rewards may well prove as
a crucial component for enabling flow control in 3D. Our
proposed reward is strongly tied to 2D, but similar domain-
informed counterparts could be formulated in 3D. It could
also be interesting to consider a middle ground between a
general formulation of the reward and a reward that is tied
to the specific setting (such as our cell-merging term). For
instance, one could consider more general desirable fluid flow
properties or stability measures, which would be applicable to
a wider range of fluid flow applications. We also aim to further
reduce sample requirements by learning surrogate models
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Fig. 5. Testing the generalization performance: we trained an agent on flow with Ra = 105 and evaluated the performance of this agent on Ra = 104,
Ra = 105 and Ra = 106. We also compare to uninformed training at Ra = 105. Shown are (a) the percentage of merged Bénard cells, (b) the standard
deviation over time of the Nusselt number, and (c) the Nusselt number during a typical test episode at Ra = 104.
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Fig. 6. Example of linear PD control for an Ra = 104 rollout of the system.

of the dynamics, which allows for agent training using the
surrogate model instead of costly rollouts of the environment.
A starting point would be to extend uncontrolled surrogates
for RBC, for instance as in [19], [20], with the inclusion of
control. Eventually, these works should lead to the exploration
of the use of robust RL agents for the control of real-world
convective flows, starting with controlled lab experiments.

APPENDIX A
CODE AND VIDEOS

For full reproducibility of our experiments, we provide
our models and code at https://github.com/HammerLabML/
RBC-Control-SARL with detailed README and installa-
tion instructions. We also encourage the reader to view the
videos at https://github.com/HammerLabML/RBC-Control-
SARL/blob/main/examples.md.

APPENDIX B
PD CONTROL

In Fig. 6 we show an example of simple linear PD control
on Ra = 104. This strategy of heating between convection
cells can somewhat reduce the Nusselt number, but proves
inadequate for higher Ra and does not result in steady flows.
For instance, in Fig. 6b, we show that already for Ra = 104,
the Nusselt number over time is not stationary, because the
flow is not steady. Hence, although PD control has been
used in lab experiments of RBC flow control, it is limited
in changing the properties of the flow [15], [16].

APPENDIX C
REINFORCEMENT LEARNING TRAINING DETAILS

The agent always applies an action for 1.5 simulation
seconds. For each experiment we performed 100 rollouts in
total, each of which consisted of 20 parallel agents performing
200 stochastic actions starting from a random convective state
from the training set (20 random states in total). Hence, 4000
(state, action, reward) samples are gathered on which the
policy update occurs after each rollout. Further parameters:
Discount factor γ = 0.99, entropy β = 0.01, two-layer (64
hidden units) neural networks for both the actor and critic.
Note that we extensively tested the number of hidden units
and 64 was consistently enough for the control problem. 10
training epochs of the networks are performed after each
rollout.

A. Satisfying the constraints on the actuation of the heaters

The constraints that the actuation value ai for a heater i
should be in [Tb−C, Tb+C], where C = 0.75, and in addition
that the mean calculated over all heaters is ⟨ai⟩i=1,2,...,12 =
Tb, are implemented by transforming each of the control
outputs ai as follows:

ai → ai −
∑N

i=1 ai
N

, ai →
âiC

max (1, |ai|)
+ Tb, (8)

which is a centering of the heater outputs, followed by re-
scaling to the range [Tb−C, Tb+C]. The same transformation
was presented in previous works, for example [7], where RL
was applied to the laminar flow regime at Ra = 104.

APPENDIX D
ADDITIONAL FLOW STATISTICS OF THE CONTROLLED

SCENARIOS

Note that in Fig. 7, because for the uninformed agents we
rarely achieve a one-cell state, we only included the timings of
the episodes that did achieve a one-cell state. We clearly see
that the domain-informed agents always achieve cell merging
earlier, and the difference is large for the higher Rayleigh
number case.
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Fig. 7. Domain-informed agents achieve cell merging faster in the episode
than the uninformed agents.

0 50 100 150 200 250 300
Time

0

5

10

15

20

25

30

N
us

se
lt 

N
um

be
r

Nusselt number over time for Ra = 106

DI
No DI

Fig. 8. Generalization to Ra = 106 for agents trained on flows of Ra = 105.

Fig. 8 shows agents trained on flows at Ra = 105 for
controlling a flow at Ra = 106. The domain-informed
agent considerably reduces the Nusselt number variation, even
though it does not reach a stable one-cell state.
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