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We investigate the feasibility of applying reinforcement learning (RL) to the active flow control
of a supersonic twin-rectangular turbulent jet for noise reduction. Large-eddy simulations
(LES) of the Mach 1.5 twin jet, with a Reynolds number of one million, constitute the learning
environment. Control of the jet flow is realized through plasma actuators placed within the
nozzles. The environment is observed via a three-dimensional grid of near-field pressure sensors.
The reward signal is provided by an additional far-field pressure sensor, which measures the
overall sound pressure level (OASPL) at a location relative to the nozzles that is representative
of the final checker on an aircraft carrier. To learn a control policy that seeks to minimize
the OASPL, we employ proximal policy optimization. For computational tractability, we train
RL agents independently on low- and intermediate-resolution meshes. The agent trained on
the low-resolution mesh is able to increase its reward over 1000 episodes of training, but its
learned policy does not successfully generalize to a fully-resolved LES. The agent trained on
the intermediate-resolution mesh is unable to outperform a random control policy after 300
episodes of training. In the context of numerical simulations, our results demonstrate that
significant hurdles remain in the application of RL to turbulent jet noise reduction, and to the
control of high-dimensional, highly stochastic systems more broadly.
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Nomenclature
A; = advantage
a = actuation signal
D, = equivalent nozzle diameter, D, = 1.6A
E; = expectation
f = frequency
h = nozzle height
L = objective function
St = Strouhal number, fD./u;
S¢, Ay = state, action
t = time
tons toff = time instants when actuator switches on or off
t, = actuator rise time
X, 9,2 = Cartesian coordinates
€ = clipping parameter
@ = actuation phase shift
bis = policy
T = actuation period
0 = policy parameters
Subscript
j = fully-expanded nozzle exit property
max = maximum
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I. Introduction

MONG the most pressing challenges in fluid mechanics and its applications is the reduction of jet noise. While

decades of jet noise research have significantly advanced the community’s understanding of the sources of jet noise,
including the critical role played by coherent structures [[1] and the predictive ability of linearized models [2]], new
insights continue to be generated [3H3] that enrich this understanding but also highlight its incompleteness. In parallel
with long-running efforts to understand jet noise are extensive studies into methods of jet noise reduction, which have
met with only modest success [6} [7]. The need for robust noise control is particularly acute in high-Reynolds number,
supersonic jets, found typically on tactical aircraft, that can lead to hearing loss as well as structural fatigue [S8}, [9]].
For this class of jets, the difficulty of control is compounded by the desire to balance noise reduction with tactical
performance, as well as the high forcing amplitude required to manipulate such flows [[10].

For turbulent jet noise reduction, both open- and closed-loop control strategies have been attempted. The latter
includes sensing of the output, generally yielding superior performance [11]], and is the approach we take in this study.
Closed-loop control has seen extensive use in subsonic jets; we refer the reader to Audiffred et al. [[12] for a recent
overview. By contrast, closed-loop control of supersonic free jets has been applied more sparingly. In particular,
Doty et al. [13]] conducted experiments with open- and closed-loop control of a supersonic rectangular jet using active
chevrons, finding comparable and small broadband noise reduction in both cases. Zhou et al. [14] performed numerical
simulations of resolvent-based closed-loop control of wavepackets. In the present study, we apply closed-loop control
to high-fidelity numerical simulations of a supersonic jet. More specifically, we attempt to control the supersonic
twin-rectangular jet developed by Samimy et al. [[15] that was later simulated by Bres et al. [16}[17] and Yeung and
Schmidt [18]]. Given the high computational cost of numerical simulations, specifically large-eddy simulations (LES), a
fundamental goal of this proof of concept is to address the feasibility of such an approach.

Since the work of Rabault et al. [19]], there has been an explosion of interest in performing active flow control using
deep reinforcement learning (RL), in which the control law, or RL agent, is parameterized by a neural network (see e.g.
Schmidhuber [20] for a review, in addition to the standard text by Sutton and Barto [21]]). This approach exploits the
property of neural networks as universal function approximators [22]] that can represent arbitrary control laws. Rather
than analytically deriving a control law, it seeks to optimize one via trial-and-error learning. A further advantage of
RL-based flow control is that it does not require the environment, in this case the LES solver, to be differentiable,
instead treating the environment as a black box. In flow control, the most popular RL algorithm by far is proximal
policy optimization, or PPO [23]. PPO has demonstrated state-of-the-art performance in a variety of control tasks,
including stabilizing cylinder wakes [19, [2426]], falling films [27], and airfoil wakes [28]], reducing the length of
separation bubbles [29], and manipulating wall turbulence [30]. In this work, we employ PPO to control supersonic
twin-rectangular jet noise. We measure the efficacy of PPO in terms of the amount of noise reduction it achieves
relative to the natural jet. Because no benchmark for substantial jet noise reduction yet exists, the task is exceptionally
challenging.

The remainder of this paper is organized as follows. Section[[I.A]describes the set-up of the LES environment.
Section outlines the PPO algorithm and reports the hyperparameters used in training. Results are shown in section
then summarized and discussed in section

I1. RL-based active flow control

A. Simulation environments

LES of the supersonic twin-rectangular jet, with which the RL agent interacts, are carried out using the flow
solver ‘Charles’ [31]]. The numerical set-up of the natural jet has been extensively validated by Bres et al. [[16}[17] and
documented by Yeung et al. [32] and Yeung and Schmidt [[18]. For completeness, here we provide a brief overview.
The nominally ideally-expanded and cold jet has a Mach number of 1.5 and a Reynolds number of approximately one
million based on the equivalent nozzle diameter. The equivalent diameter is D, = 1.6A, where / is the nozzle height. In
what follows, all lengths are non-dimensionalized by &. By convention, frequencies, f, are reported in terms of the
Strouhal number, St = fD./uj, where u; is the nozzle exit velocity. For this study, three different computational grids
are employed: a high-fidelity, validated grid containing 52 million control volumes, a medium-fidelity grid containing
seven million control volumes, and a low-fidelity grid containing 241 thousand control volumes. The computational
cost of training the RL agent on the most refined grid would be prohibitive. As such, the agent is first trained on the
coarser grids. Once the agent is trained, we evaluate its performance on the refined grid in order to obtain an accurate
estimate of the noise of the controlled jet.
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Fig. 1 The position of the centroid of each actuator in the y-z plane. The actuator numbering and colors match
those in figures {4 and 5

Active forcing of the twin jet is effected through localized arc filament plasma actuators [33]] positioned immediately
upstream of the nozzle lip, matching the set-up of companion experiments [[15]. A total of 12 actuators are present, six
in each nozzle. Their locations in the y-z plane are displayed in figure[T] The numerical implementation of the actuators
is identical to that in Yeung and Schmidt [[18}134,135]]. Each of the 12 actuators can be controlled independently from
the others. For the ith actuator, the actuation signal is a smoothed pulse wave expressed in the form

r— Lt/TiJTi - ton,i) _ tanh(t - Lt/TiJTi - (ton,i + 6t))],

Iy Iy

ey

1

a;(t) = > tanh(
where the rise time, #;, and the duration of each pulse, ¢, are empirical constants. The period, 7;, and the time window,
t € [ton,i»>ton,; + 0t], within each period that the actuator is switched on, are learned parameters. More concretely, the
action space consists of the forcing frequency, f; = 1/7; € [0, fmax], and phase shift, ¢; € [0, 1], such that zon; = ¢7;.
The upper bound, fax, on f; corresponds to the cutoff frequency of the computational grid, St = 0.5 and 1 for the
low- and medium-fidelity grids, respectively. Within these bounds, the action space is continuous. While more general
control laws were considered (for example, the agent could learn to control a; directly), we opt for a more restrictive
functional form that mimics the behavior of experimental plasma actuators [15]. Moreover, constraining the control law
to periodic forcing—albeit with time-varying frequencies and phase shifts—reduces the size of the search space.

The observation space consists of 470 scalar pressure probe measurements. Among these, 350 probes sample the
volume given by x € [0,30], y € [-5.3,5.3], and 7z € [-6.6,6.6]. These dimensions approximately match the size
of the Ffowcs Williams-Hawkings (FW-H) [36] surface in Bres et al. [16}[17] for the same twin-rectangular jet. The
remaining 120 probes sample the wake of each of the 12 actuators. We apply a moving variance to the pressure to
estimate the short-time-averaged overall sound pressure level (OASPL) at each probe location, expressed in units of
decibels. Following standard practice, the observation is normalized before being fed to the agent.

For the reward, an additional pressure probe is placed at the location x = 0, y = 0, and z = 12, which is directly to
the sideline of the nozzles. Assuming a dimensional equivalent nozzle diameter of 3.3 feet, the distance of the probe
from the midpoint between the twin nozzles is approximately 25 feet. For an aircraft during takeoff from an aircraft
carrier, this distance corresponds to the typical separation between the nozzle and the final checker, who is among the
personnel exposed to the highest noise levels on a carrier deck [37]. At this distance, an acoustic analogy would improve
our acoustic prediction. However, we have confirmed that the power spectrum obtained from the final checker probe
accurately reproduces the FW-H prediction up to the grid cutoff frequency. To simplify the learning process, we thus
opt to use direct probe measurements exclusively. Consistent with the observation-space probes, the pressure at the final
checker probe is transformed into the short-time-averaged OASPL. The latter, subtracted from the OASPL of the natural
jet at the same location, serves as the reward at each step. In other words, if the controlled jet is quieter than the natural
jet, the reward will be positive.

B. Learning algorithm

To train the RL agent, we use the PPO implementation in Stable Baselines3 [38]]. The PPO algorithm has been
amply documented (see e.g. Schulman et al. [23] and Huang et al. [39]), so we will only outline the basics. PPO is an
on-policy, policy gradient method that uses a clipped objective function to remove the incentive for overly aggressive
model updates that might otherwise lead to worse performance. At its core, the algorithm seeks to maximize the
objective

L (51, 1.6, 6ora) = E,{mm (Mm,cﬁp Tobna) |, )A)} o
ﬂ'eold(sf’ al‘) ﬂg(,]d(sla al)
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Fig.2 Learning history over a single training run on the low-resolution grid.

where s, and a, are the state and action, respectively, at time step ¢, 8 are the parameters of the policy «, E,{-} denotes
the expectation, and A; is the generalized advantage estimate [40]. The function clip(-, 1 — €, 1 + €) clips its argument to
the bounds given by [1 — €, 1 + €], where € is a hyperparameter. In essence, if A, > 0, we wish to encourage the current
state-action pair, i.e., we update the policy 7y such that the ratio of probabilities, mg(s;, as)/mg,,(ss,a;), is higher.
However, due to the clipping function, a ratio that exceeds 1 + € makes no additional contribution to the objective.
Conversely, if A; < 0, we wish to discourage the current state-action pair, i.e., we update the policy 7y such that the
ratio of action probabilities, mg(s;, ar)/mg,, (s¢, at), is lower. However, a ratio less than 1 — € is clipped. The clipped
objective thus disincentivizes large policy updates, with the size of the updates implicitly constrained by €.

Interaction between the RL library and the LES solver is enabled by wrapping the solver in the standard Gymnasium
interface [41]]. The two components communicate with each other by reading and writing text files to disk. The agent
interacts with the simulation environment once every 20 000 LES time steps. An episode terminates after 220 000 LES
time steps, i.e., 11 interactions. Upon termination, the last snapshot of every episode is stored and set aside. Similar to
Rabault et al. [19] and Li and Zhang [25]], a new episode starts from a random member of the stored snapshots with 20%
probability, or the last snapshot of the previous episode with 80% probability. The latter allows for control strategies
that act over long time horizons. The rollout buffer has a length of 48 episodes, or 528 interactions. When the buffer is
filled, the policy and value networks are updated using Adam [42]], with minibatches of eight interactions. All other
hyperparameters are set to the default values provided by Stable Baselines3.

III. Results

A. Training in low-resolution environment

In the initial training attempt, the policy and value networks are parameterized by multilayer perceptrons (MLPs),
each with two hidden layers of 64 units each and activated by tanh nonlinearity. The agent is first trained on a single
training run, with one random seed, on the 241 thousand-control volume grid. We carry out the training on a local
workstation. The learning history, that is, the reward in each episode, is reported in figure[2} The episodic reward exhibits
significant episode-to-episode variance, which is consistent with the highly stochastic nature of the turbulent twin-jet
simulation. We have confirmed that the outlier at the 566th episode, while initially promising, is not reproducible.
Also shown in figure2]is the smoothed reward, obtained from a moving average of the episodic reward. The moving
window—20 episodes—matches the buffer size of the PPO agent. The smoothed reward shows a clear upward trend,
increasing approximately from -5 dB (i.e., 5 dB louder than the natural jet) to O dB (on a par with the natural jet) after
1000 episodes of training. Thereafter the smoothed reward reaches a plateau. Given that the episodic reward frequently
exceeds 5 dB (i.e., 5 dB quieter than the natural jet), particularly in the latter half of the training, the plateau could
indicate that the agent is trapped in a local minimum or saddle in the loss landscape.

To investigate the effectiveness of the learned policy in a high-fidelity environment that accurately captures noise
emission, we evaluate the trained agent on the 52 million-control volume grid over six episodes. The large grid size
requires substantial computing resources. We therefore perform the evaluation on a high-performance computing
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Fig. 3 Instantaneous pressure at the end of the fifth evaluation episode, corresponding to panel (e) in ﬁgures@
EI, and|§|r visualized on the 7z = 1.8 plane (a) and y = 0 plane (b).
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Fig.4 Actuation frequencies when the trained model is evaluated on the fully-resolved grid over six episodes.
Panels (a) through (f) correspond to episodes one through six, respectively. For reference, panel (g) reproduces
figure[I} The frequencies of actuator two, five, and seven are nearly identical to those of actuators six, 10, and 12,
respectively. The former are thus difficult to see.
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Fig.5 Same as ﬁgureE| but for actuation phase shifts.

(HPC) cluster. Unlike training, during evaluation the agent no longer needs to explore the action space. As such, for
evaluation only, the agent acts deterministically, always returning the action with the highest probability for a given
observation. Figure [3]shows a snapshot of the instantaneous pressure field. The actions of the agent, consisting of
actuation frequencies and phase shifts, are reported in figures 4] and 5] respectively. All six episodes show similar
behaviors. In figure [d at the start of each episode, the 12 actuators fire at comparable frequencies, 0.2 < St < 0.3.
Starting in the second step, the actuation frequencies diverge in the same pattern. In particular, from highest to lowest
frequency, the actuators are always ordered consistently: actuators eight, one, nine, 12 and seven (tied), three, five and 10
(tied), 11, six and two (tied), and four. Out of the first six on this list, five actuators are on the upper nozzle lip, y = 0.5.
In other words, actuators on the upper lip fire at higher frequency than those on the lower lip, y = —0.5. There is no
obvious difference between frequencies on the left and right nozzles. Actuators that fire at nearly identical frequencies
do not show a clear pattern: seven and 12 share the same z-coordinate, but neither two and six nor five and 10 do.

As shown in figure 5] the actuation phase shifts are also consistent between episodes. Starting in the second step,
each actuator maintains approximately constant phase. The learned policy appears to include pairs of actuators firing at
close to the same phase. Specifically, actuators eight and 11, three and seven, five and nine, one and six, and two and 10
are roughly paired. Actuators four and 12 are unpaired and distinct from the rest. This stands in contrast to the actuation
frequencies, which are mostly distinct. The actuators with paired phases appear to follow a pattern. Actuators eight and
11, and one and six, share the same z-coordinate. Three and seven share the same y-coordinate, and are in the same
location on their respective nozzles. The pairs five and nine, and two and 10, are mirrored about the major axis, y = 0.
From largest to smallest phase, the actuators (or actuator pairs) are ordered as follows: eight and 11 (tied), three and
seven (tied), five and nine (tied), one and six (tied), two and 10 (tied), 12, and four.

For each episode, the reward received from the environment at each step is shown in figure[f] along with the average
reward over each episode. While some episodes, particularly the first, produce instantaneous positive rewards, none of
the episodes yield a positive average reward. In other words, the controlled jet is louder on average than the natural jet in
all evaluation episodes. As shown in figures Ekd,e), Ekd,e) and |§Kd,e), in the fourth and fifth episodes, the agent switches
off all actuators before the end of each episode. Once the actuators are off, the instantaneous reward is zero by definition.
A hypothesis for the premature stopping of active control is that, because the reward is almost always negative during
evaluation, to maximize the return the trained agent has an incentive to simply stop actuating, whereupon the reward
increases to zero.

The low- and high-resolution grids used to train and evaluate the agent, respectively, differ in size by a factor of over
200. It is clear from these results that the gap is far too large for an agent trained on the smaller grid to generalize to the
larger grid successfully. This motivates the use of an intermediate-fidelity, and much costlier, simulation for training.

B. Training in intermediate-resolution environment

As described in section the intermediate-resolution training environment has a grid size of approximately
seven million, 30 times the size of the previous, low-resolution environment. To ensure there is no influence from the
low-resolution environment on the new RL agent, the policy and value networks are re-initialized and re-trained from
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Fig. 6 Same as figure E| but for rewards. The black curves indicate the instantaneous rewards. The red lines
mark the reward averaged over each episode.
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Fig.7 Learning history over a single training run on the intermediate-resolution grid.

scratch. Increasing the mesh resolution improves the modeling of the plasma actuators [16]], in addition to that of the
acoustics. The larger training mesh size now requires both the training and the evaluation to take place on the HPC. To
accelerate learning, the agent interacts with and collects experiences from multiple independent environments running
in parallel. In addition, we modify the architecture of the neural networks to allow them to represent more complex
control laws as well as better align with established practice [19]. Specifically, we represent the PPO agent by MLPs
with two hidden layers of 512 units each, compared to 64 units in the initial training. Nonlinearity is provided by ReLU
activation.

The learning history is reported in figure[7] During training, the reward is normalized by the running standard
deviation. Accordingly, the normalized reward is shown. To aid interpretation, we also show the smoothed reward
by applying a moving average filter to the episode reward. As before, the moving window is equal in length to the
rollout buffer size, that is, 48 episodes. Over the course of about 300 episodes of training, the learning history shows no
sign of a sustained increase in reward. The PPO agent is thus unable to make progress towards noise reduction in the
intermediate-resolution environment. Given the lack of training progress, we choose not to evaluate the agent further.

IV. Summary and discussion
We conduct a feasibility study of RL-based closed-loop control of a supersonic twin-rectangular turbulent jet, with a
Reynolds number of approximately one million, in an LES environment. The RL agent is parameterized by MLPs and
is trained using the PPO algorithm with the objective of minimizing jet noise. To keep computational costs tractable, the
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training is carried out on a low- and an intermediate-resolution grid, each containing 241 thousand and seven million
grid points, respectively. When the agent is trained, we evaluate its performance on a refined grid containing 52 million
grid points, where the hydrodynamic and acoustic fluctuations of the jet are fully resolved. The control input consists of
12 plasma actuators in the nozzles. Each actuator may be independently controlled by the RL agent. Sensing of the
observation space is provided by 470 pressure probes distributed throughout the computational domain. The OASPL at
an additional pressure probe, whose location relative to the nozzle is representative of the final checker on an aircraft
carrier deck, supplies the reward signal.

Given the constraints on computational resources, we perform a total of two independent training runs, one on the
low-resolution grid and one on the intermediate-resolution grid. On the low-resolution grid, the episode reward displays
high variance and frequently exceeds 5 dB of noise increase as well as reduction. When averaged over the length of
the rollout buffer, the smoothed reward grows from around -5 dB (i.e., 5 dB louder than the natural jet) at the start of
training to around O dB after approximately 1000 episodes, beyond which it reaches a plateau. It remains unclear if the
agent has converged to the optimal policy or is merely trapped in a local maximum. When the trained agent is evaluated
on the fully-resolved grid over six episodes, it consistently yields negative average rewards, indicating increases in noise
compared to the natural jet. The inability of the trained agent to achieve any noise reduction on the refined grid suggests
the learned policy exhibits poor generalizability. To seek an improved control law, we train an independent PPO agent on
the intermediate-resolution grid. However, after 300 episodes of training, the reward has shown no significant increase.
In other words, the agent has not discovered a control strategy that performs better than a random policy.

It is well-known that the performance of an RL set-up should ideally be measured over a large number of trials [43].
The learning histories demonstrated in this proof of concept therefore may not be statistically robust. In particular, it
is entirely possible that the agent could achieve greater noise reduction if, for example, we employ hyperparameter
tuning, experiment with another RL algorithm, restart the LES from different flow states, or even just vary the random
seed. In practice, it is far too computationally costly to conduct repeated trials involving high-fidelity simulations of
high-Reynolds number flows, though this may be more attainable in an experimental setting [44]]. Despite these caveats,
it is clear from our feasibility study that RL-based active control is severely challenged by high-dimensional stochastic
systems such as turbulent flows. Developing low-cost surrogate models of the flow and techniques to accelerate
convergence of flow statistics, including the OASPL, could facilitate future RL control efforts. An open question is
whether it is practical to implement output sensing for closed-loop control on a real aircraft, which could be more
amenable to open-loop strategies.
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