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ABSTRACT This study presents a novel massively high-throughput reinforcement learning (RL) framework
specifically designed for addressing classic control problems, leveraging our proposed architecture and
algorithms optimized for efficient concurrent computations on GPUs. Our research demonstrates the
effectiveness of our methods in efficiently training RL agents across various classic control problems,
encompassing both discrete and continuous domains, while achieving rapid and stable performance up to
10K concurrent environment instances. Furthermore, we observe that RL exploration with a large number
of parallel instances significantly enhances the stability of updating a shared model. For instance, we show
that the stability of Deep Deterministic Policy Gradient (DDPG) training can be achieved without requiring
experience replay, as evidenced in our study.

INDEX TERMS Classic control, GPU acceleration, high-throughput, reinforcement learning.

I. INTRODUCTION
In the vast landscape of artificial intelligence (AI), reinforce-
ment learning (RL) stands as a fundamental approach to
learning and decision-making in dynamic environments [1].
Rooted in the principles of trial-and-error learning and
operant conditioning, RL algorithms enable agents to
adapt and improve their decision-making strategies over
time. By formulating learning as a sequential decision-
making process, reinforcement learning agents learn from
experience and adapt their behavior to achieve desired
outcomes. Through techniques such as value iteration, policy
improvement, and deep neural networks, RL algorithms can
tackle complex problems spanning from gaming, robotics,
and unmanned aerial vehicle to economics and scientific
research [2], [3], [4], [5], [6], [7], [8], [9], [10].

Recent advancements in RL have brought about a
resurgence of interest in the intersection between AI and
classical mechanics. Researchers have begun exploring how
reinforcement learning algorithms can be applied to solve
problems in classical mechanics, such as optimal control
and trajectory planning [11], [12], [13], [14]. Classical
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mechanics, classic control, and RL represent interconnected
pillars in the fields of control theory and engineering.
Classical mechanics provides the foundational principles
governing the behavior of physical systems, including
principles of motion dynamics, force interactions, and energy
conservation. Classic control leverages these principles to
design deterministic controllers that regulate the behavior of
dynamic systems to achieve desired objectives. Meanwhile,
RL offers a data-driven approach to control, enabling
systems to learn optimal control policies directly from
experience through interaction with their environments. The
relationship between these disciplines is symbiotic: classical
mechanics provides the theoretical framework, classic control
offers rule-based strategies, and RL introduces adaptive
and intelligent techniques for control. Integrating RL with
classic control principles allows for the development of more
robust, adaptive, and intelligent control systems capable of
handling complex and nonlinear dynamics across a wide
range of applications, from robotics and autonomous vehicles
to industrial automation and beyond.

However, RL encounters challenges when applied to
classic control problems, including learning instability,
sample efficiency issues, difficulty in generalization and
exploration-exploitation trade-offs. For instance, in classic
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control problems, RL agents may struggle to converge
to optimal policies due to the high dimensionality and
continuity of action spaces, as well as the sparse nature of
rewards [15], [16]. Moreover, the strong correlations often
present in trajectory sequences in classical mechanics, can
hinder effective policy exploration in RL [15]. Additionally,
RL algorithms typically demand extensive training data to
learn proficient policies, posing a significant challenge in
classical mechanics where data collection can be costly or
time-consuming. Enhancing sample efficiency is essential for
RL algorithms to effectively learn from limited interactions
with the environment.

Overcoming these challenges requires the development
of tailored algorithms and techniques that address the
specific characteristics of classic control domains, such as
improved exploration strategies, enhanced sample efficiency,
and robust generalization capabilities. By addressing these
challenges, we can tackle complex control and optimization
problems in classic control more effectively.

In this paper, we utilize a computational framework
specifically designed to achieve massively high-throughput
RL simulation, built upon the foundation of WarpDrive [17],
which is accessible at https://github.com/salesforce/warp-
drive. The high-throughput capability enables algorithmic
advancements across various policy gradient methods and has
exhibited considerable enhancements in training stability and
speed across diverse environments in classic control. This
enhancement facilitates more efficient exploration of optimal
policies and leads to improved convergence rates. Finally,
we explore future directions for high-throughput RL, which
have the potential to foster innovation and discovery in both
fields.

II. REINFORCEMENT LEARNING BACKGROUND
A. GENERAL METHODOLOGIES
We explore a reinforcement learning scenario where an agent
engages with an environment across discrete time steps.
At each time step t , the agent perceives a state st and
chooses an action at from a set of actions A based on its
policy π , where π is a mapping from states st to actions
at . In response, the agent transits to the next state st+1 and
receives a scalar reward rt . The process continues until the
agent reaches a terminal state, upon which it restarts. The
returnRt =

∑
∞

k=0 γ krt+k is the total discounted accumulated
reward from time step t with discount factor γ ∈ (0, 1]. The
goal of the agent is tomaximize the expected return from each
state st .
The action value Qπ (s, a) = E[Rt |st = s, a] represents

the expected return for selecting action a in state s and
following policy π . The optimal value function Q∗(s, a) =
maxπQπ (s, a) gives the maximum action value for state s and
action a attainable by any policy. Similarly, the value of state
s under policy π is defined as V π (s) = E[Rt |st = s] and is
the expected return following policy π from state s.
In value-based model-free reinforcement learning meth-

ods, let Q(s, a; θ ) be an action-value function approximator
with parameters θ . The updates to θ are derived from various

reinforcement learning algorithms. For instance, Q-learning
seeks to directly approximate the optimal action value
function: Q∗(s, a) ≈ Q(s, a; θ ). In one-step Q-learning,
the parameters θ of the action value function Q(s, a; θ )
are learned by iteratively minimizing a sequence of loss
functions, where the loss function is defined as Li(θi) =
E(r + γmaxQ(s′, a′; θg) − Q(s, a; θi)). Here s′ is the
state encountered after state s and θg represents the target
network in general. In practice, the target network Q(.; θg)
may differ from Q(.; θi) but is synchronized at specific
intervals.

Different from value-based methods, policy-based meth-
ods directly parameterize the policy π (a|s; θ ) and update
the parameters θ by performing gradient ascent on E[Rt ]
in the direction ∇θ logπ (at |st ; θ )Rt , which is an unbiased
estimate of ∇θE[Rt ]. To reduce the variance of this estimate
while maintaining unbiasedness, a learned function of the
state bt (st ), known as a baseline, is subtracted from the
return. The resulting gradient is∇θ logπ (at |st ; θ )(Rt−bt (st )).
Typically, the value function V (st ) is adopted as the baseline
and At (st ) = (Rt − V (st )) is referred to as the advantage At
at time step t .

B. SCALABLE REINFORCEMENT LEARNING
Scalable reinforcement learning (RL) systems commonly
incorporate distributed rollout and trainer workers. Rollout
workers execute the environment, generating rollouts by
employing actions sampled from policy models, which can
be situated on either rollout workers or trainer workers. Typi-
cally, rollout workers operate on CPUmachines, occasionally
utilizing GPU machines for more complex environments.
Trainer workers gather rollout data asynchronously from
rollout workers and iteratively optimize policies, utilizing
either CPU or GPU machines [18], [19], [20].

Although this distributed architecture is scalable, it incurs
high costs in worker communication and data transfer,
while individual machine utilization remains suboptimal.
This limits the throughput to the concurrency level of a
few dozen worker machines at most [15]. To enhance
performance, there are GPU- and TPU-based RL frameworks
available, albeit primarily focused on gaming or robotics
applications [17], [21], [22], [23], [24], [25]. Constructing
efficient RL pipelines and algorithms for control simulations
involving intricate agent interactions, significant data con-
sumption, and diverse environments remains a challenging
task.

III. COMPUTATIONAL ARCHITECTURE
Utilizing the WarpDrive architecture [17], [26], as depicted
in Fig. 1, we seamlessly execute the entire RL workflow
on a single GPU. This is facilitated by a unified data
storage system hosted within the GPU, catering to simulation
rollouts, action inference, reset, and training. By adopting
this approach, we minimize CPU-GPU data communication
and eliminate the need for additional data transfer within the
GPU. Consequently, we observe a significant reduction in
both simulation and training times.
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FIGURE 1. A flow chart depicting our computational framework. Computations within this framework are organized into GPU
blocks, each comprising multiple threads to facilitate concurrent environment rollouts. Each thread is responsible for operating an
agent that samples actions and computes rewards. These blocks have access to the global GPU memory, which houses the RL
environment with local variations, and deep policy models. Additionally, they store in-place rollout data for training purposes. The
dashed brown boxes represent references (not copies) of the policy model objects and data placeholders managed by blocks and
hosted in the global memory. Users have the flexibility to compose and upload their custom environment setups to finalize the
environment construction.

Moreover, our framework achieves parallelization at a
low cost by concurrently running thousands of single-agent
or multi-agent simulations, leveraging the inherent parallel
processing capabilities of GPUs. Each environment instance
operates independently within a dedicated GPU block, with
individual agents running on unique GPU threads, facilitating
interactions across threads. Notably, this framework is
designed to be memory efficient. For example, each instance
maintains a reference (rather than a copy) to the environment,
incorporating local variations or random configurations. The
neural network models are shared references among all
instances and data tuples are updated in place in the global
memory. This significantly mitigates the storage overhead
associated with environment setup. These design choices
enable running thousands of concurrent simulations and
training on extremely large batches of experience.

Our framework also provides utility tools to simplify devel-
oping and running simulations on a GPU with light-weight
wrapper classes that work with the Python service and
environment modules. It enables automatic building of
gym-style environment objects and runs them on the GPU
using just a few lines of code [26]. As such, this framework
is flexible and accommodates environments with a wide
assortment of interactions, models, and learning algorithms.

This high-throughput, cost-effective architecture presents
distinct advantages, especially in classic control problems.
Such problems typically necessitate substantial data con-
sumption, involve complex agent interactions, and encom-
pass diverse environments. We have improved several RL
algorithms tailored specifically for classic control scenarios,
designed to take full advantage of this high-throughput
architecture running end-to-end on GPUs.

IV. HIGH-THROUGHPUT POLICY GRADIENT
ALGORITHMS
We now propose massively high-throughput variants of
advantage actor-critic (A2C) and deep deterministic policy
gradient (DDPG) leveraging unified data storage hosted

within the GPU and the inherent concurrent processing
capability of GPU.

A. HIGH-THROUGHPUT A2C
Outlined in the pseudocode provided in Algorithm 1, similar
to A2C [15], high-throughput A2C (HA2C) maintains a glob-
ally shared policy π(a|s; θp) and an estimated value function
V (s; θv). These functions are updated after every B steps on
N concurrent environment replicas, with updates performed
using the policy gradient∇θp logπ (A|O; θp)(Ret−V (O; θv)),
where Ret denotes the accumulated return from the initial
to the terminal state. Notably, in HA2C, observations O and
actions A are represented in high-dimensional batches with
the outermost shape of [B,N ], thus denoted by capital letters.
It is important to highlight the key distinctions between

HA2C and conventional A2C. Firstly, all computations and
data are contained within the GPU device, eliminating
the need for CPU-GPU data transfer and communication.
Secondly, as illustrated in Line 16 of Algorithm 1, rollouts
of observations, actions, and rewards are concurrently
collected by individual environment instances and are directly
saved in-place to the corresponding data batches with
dimensions matching those of the environment instances.
Thirdly, as demonstrated in Line 25 of Algorithm 1, each
individual environment instance resets independently without
affecting the trajectory updates of other environments. The
environment reset is executed by the EnvResetManager,
which generates local variations or random configurations
for the initial states of individual environment instances
independently.

B. HIGH-THROUGHPUT DDPG
Outlined in the pseudocode provided in Algorithm 2, High-
Throughput Deep Deterministic Policy Gradient (HDDPG),
akin to DDPG [12], learns a deterministic policy µ(s; θµ)
instead of a policy distribution. HDDPG maintains both
exploration and target networks. To enhance exploration,
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Algorithm 1Massively High-Throughput Advantage Actor-Critic

1 Require
2 Concurrent RL environment replicas E1 to EN , hosted individually by N computational blocks of a GPU
3 end
4 Require
5 All execution are within the GPU device
6 end
7 Initialize
8 global: policy network π (a|s; θp) with weights θp and value network V (s; θv) with weights θv
9 global: environment resetting manager EnvResetManager
10 global: observation batch O, action batch A, reward batch R, done batch D with the shape [B,N , ∗] where B is the

batch size
11 global: shared counter T = 0
12 end
13 EnvResetManager .reset([E1,E2, . . .EN ]);
14 while T < Tmax do
15 reset dθp← 0 and dθv← 0;
16 Do In Parallel (E1 to En)
17 while t < B do
18 Perform at according to policy π (at |st ; θp);
19 Receive reward rt and new state st+1;
20 Ot [Ei]← st ;
21 Rt [Ei]← rt ;
22 At [Ei]← at ;
23 st ← st+1;
24 t ← t + 1;
25 if terminated or reaching maximum episode length for Ei then
26 Dt [Ei]← 1;
27 EnvResetManager .reset(Ei);
28 else
29 Dt [Ei]← 0;
30 end
31 end
32 end
33 Calculate the accumulated returns Ret from R and D;
34 dθp← dθp +∇θp logπ(A|O; θp)(Ret − V (O; θv));
35 dθv← dθv +∇θv (Ret − V (O; θv)

2
;

36 end

noise is added to the exploration policy µ. Additionally,
we incorporate N-step returns Retn, defined as rt + γ rt+1 +
. . .+γ n−1rt+n−1+γ nQ(sn, µ(sn; θµ)) to account for rewards
in multiple future steps, resulting in a more stable estimation
of future return. Furthermore, HDDPG performs soft updates
on the parameters using θ ← τθ + (1− τ )θ ′.

Apart from the inherent differences between our high-
throughput implementation and conventional methods
detailed in the previous section on HA2C, it’s important to
highlight a key distinction between HDDPG and DDPG.
Instead of employing an off-policy experience replay buffer
to stabilize the learning of the Q function, our proposed
HDDPG simply maintains an on-policy buffer to train the
current rollouts exclusively, as demonstrated in Lines 20 to 22
of Algorithm 2. Although this method can be extended to
off-policy learning by retaining more historical data, we find
that the on-policy buffer suffices for our studies due to

the vast number of concurrent environments, which provide
sufficiently diverse trajectories.

V. ENVIRONMENTS
We use the set of classic control environments proposed by
OpenAI Gym for assessing the capabilities and properties of
the proposed framework [27]. These environments provide
classic control scenarios that mimic real-world control
problems with well-defined state and action spaces, as well as
clear performance metrics. Therefore, they serve as standard-
ized and foundational testbeds for evaluating reinforcement
learning algorithms on classic control problems.

We reimplement the step functions of these environments
using Numba [28], a just-in-time compiler for Python code,
to convert them into CUDA kernels and device functions
following the CUDA execution model. The behaviors of
these environments are thoroughly validated for consistency
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Algorithm 2Massively High-Throughput Deep Deterministic Policy Gradient

1 Require
2 Concurrent RL environment replicas E1 to EN , hosted individually by N computational blocks of a GPU
3 end
4 Require
5 All executions are within the GPU device
6 end
7 Initialize
8 global: critic network Q(s, a; θQ) and actor network µ(s; θµ), target critic Q′ and target actor µ′ with weights

θQ′ ← θQ, θµ′ ← θµ

9 global: environment resetting manager EnvResetManager
10 global: random noise generator RandomNoiseGenerator
11 global: observation buffer O, action buffer A, reward buffer R, done buffer D with the shape [B,N , ∗] where B is the

batch size. Here, O,A,R,D are FIFO.
12 global: shared counter T = 0
13 end
14 while T < Tmax do
15 reset dθp← 0 and dθv← 0;
16 Do In Parallel (E1 to En)
17 while t < B do
18 Perform at = µ(st ; θµ)+ noise;
19 Receive reward rt and new state st+1;
20 O[Ei]← st by FIFO;
21 R[Ei]← rt by FIFO;
22 A[Ei]← at by FIFO;
23 st ← st+1;
24 t ← t + 1;
25 if terminated for Ei then
26 D[Ei]← 1 by FIFO;
27 EnvResetManager .reset(Ei);
28 else
29 D[Ei]← 0 by FIFO;
30 end
31 end
32 end
33 Calculate the n-step returns Retn from R and D;
34 dθµ← dθµ +∇aQ(O, a; θQ)|a=µ(S)∇θµµ(S; θµ);
35 dθQ← dθQ +∇θQ (Retn − Q(O,A; θQ)2;
36 θQ′ ← τθQ + (1− τ )θQ′;
37 θµ′ ← τθµ + (1− τ )θµ′;

38 end

with the original Python implementation provided byOpenAI
Gym, available at https://github.com/openai/gym. Subse-
quently, these environments are loaded and integrated into
WarpDrive’s CUDA back-ends for use in RL simulations.
Additionally, we optimize the original Python step function
with an optimized NumPy implementation to establish a
fair CPU baseline. The following section provides a concise
overview of these environments.

A. CARTPOLE
Cartpole environment is a classic reinforcement learning
problem designed to test an agent’s ability to balance a pole
on a cart. In this environment, there is a cart that can move
along a frictionless track, and it must balance a pole that is

attached to it. The agent’s goal is to prevent the pole from
falling over by applying appropriate discrete actions (pushing
the cart left or right). The state of the environment is typically
represented by four variables: the cart’s position, velocity,
the angle of the pole, and the angular velocity of the pole.
The episode ends if the pole tilts beyond a certain angle or
if the cart moves too far from the center of the track. The
objective for the agent is to keep the pole balanced for as long
as possible, which is often measured by the number of time
steps it can maintain balance before the episode terminates.

B. ACROBOT
Acrobot is another classic reinforcement learning problem.
In this environment, there is a two-link pendulum system

VOLUME 12, 2024 117741



X. Sha, T. Lan: Massively High-Throughput RL for Classic Control on GPUs

FIGURE 2. Rollout and training throughput versus the number of parallel environments (log-log scale) to 100K concurrent environments with
random local initialization. The GPU simulation, running on a single Nvidia A100 GPU, scales throughput linearly for (a) Cartpole and Acrobot
environments and (b) Pendulum environment. In (a), the throughput exhibits negligible differences between Cartpole and Acrobot and the
presented value is an average over the two environments with a small relative standard deviation of 6 percent. For both (a) and (b), the CPU
simulation, running on a 16-CPU node, has significantly lower throughput and cannot scale to more than a few thousand environments.

FIGURE 3. The average episodic reward (the accumulated total reward collected
from the start to the terminal state) versus the training time (wall-clock
minutes) for (a) Cartpole and (b) Acrobot running at various concurrency levels.
For robustness, the depicted results are averaged over eight independent runs
from scratch with different initialization seeds and the same hyperparameters.
The shadow regions represent the error bars of eight independent runs.

known as the acrobot, which is attached to a fixed pivot point.
The goal for the agent is to swing the bottom link of the
acrobot up to a certain height by applying discrete torques to
the joint between the two links. The state of the environment
is typically represented by the angles and angular velocities
of the two links. The episode ends when either the top link
reaches a certain height or a maximum number of time steps

is reached. The objective for the agent is to learn a policy that
allows it to swing the bottom link up to the desired height
using as few torques as possible.

C. CONTINUOUS PENDULUM
Continuous Pendulum is designed to simulate a physical
pendulum. In this environment, there is a massless rod and
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a point mass at the end. The pendulum is attached to a pivot
point and can swing freely in a two-dimensional plane. The
state of the environment is typically represented by the angle
of the pendulum relative to the vertical axis and its angular
velocity. The action space consists of continuous torques that
can be applied to the pendulum, allowing the agent to control
its movement. The goal for the agent is to learn a policy that
stabilizes the pendulum in an upright position by minimizing
the angle deviation from the vertical axis with as little torque
as possible.

VI. EXPERIMENTS
A. EFFICIENCY AND SCALABILITY
All experiments were conducted on a single Nvidia
A100 GPU, specifically the a2-highgpu-1g instance, hosted
on the Google Cloud Platform (GCP). Performance com-
parisons were made against a conventional distributed
architecture [15], running on a 16-CPU node at GCP,
specifically the n1-standard-16 instance. As depicted in
Fig. 2, our experiments achieved an impressive throughput
of approximately 80.4 million environment steps per second
and 34.3 million total (environment rollout + training) steps
per second with 100,000 concurrent environment instances.
While all three environments exhibit small differences for
the throughput of environment rollout, there is 20-30% drop
of the training throughput in Pendulum. This is primarily
due to the more complex training algorithm of HDDPG, for
example, the dual model updates between the target network
and the on-policy network.

With 10 concurrent environment instances, our framework
exhibited a throughput of approximately 17K environment
steps per second, comparable to that of a conventional
distributed system. However, such distributed systems can
barely scale to a few thousand environment instances
and suffer from serious throughput saturation. In contrast,
our framework’s performance in all our classic control
environments scales linearly up to 100,000 environment
instances with a single GPU. This scalability underscores the
efficiency of our framework in classic control environments,
showcasing near-perfect parallelism and indicating minimal
data transfer and communication costs. This insight high-
lights the robustness and effectiveness of our approach in
handling large-scale RL simulations with high throughput.

B. LEARNING SPEED AND STABILITY
We study the convergence speed of our framework as a
function of the number of environment replicas running in
parallel. The data reveal that, under consistent fixed hyperpa-
rameters, the simulations operating with an increased number
of concurrent environments attain global convergence faster
and more stably.

For Cartpole and Acrobot simulations with discrete action
spaces, we employed the proposed HA2C algorithm across
various levels of concurrency, ranging from 10 to 10,000
environment instances. As depicted in Fig. 3, with 10,000
Cartpole and Acrobot environment replicas, we observed
attainment of the global optimum within 30 and 5 minutes,

FIGURE 4. The average episodic reward (the accumulated total reward
collected from the start to the terminal state) versus the training time
(wall-clock minutes) for Continuous Pendulum running at various
concurrency levels and N-step returns (N=1 or 5). For robustness, the
depicted results are averaged over eight independent runs from scratch
with different initialization seeds and the same hyperparameters. The
shadow regions represent the error bars of eight independent runs.

respectively. In contrast, using only 10 environment replicas
resulted in insufficient convergence within such a short
timeframe. Notably, the convergence variance, as indicated
by the error bars over eight independent runs, noticeably
decreased with higher concurrency levels, suggesting signif-
icantly enhanced robustness with increased throughput.

For the Pendulum environment, which utilizes a continu-
ous action space, we applied the proposed on-policy HDDPG
algorithm without an experience buffer across various levels
of concurrency, ranging from 1 to 10,000 environment
replicas. As depicted in Fig. 4, with 10,000 environment
replicas and 5-step returns, the agent reached the global
optimum within 8 minutes. Conversely, lower throughput
resulted in insufficient convergence and increased variance.
It is worth noting that N-step returns, which incorporate
rewards from more future steps, tend to stabilize the training
process, as evidenced by the comparison of convergence
trends between 5-step and 1-step returns for the same number
of environment instances.

VII. CONCLUSION
We have introduced a massively high-throughput RL study
for classic control problems, harnessing highly efficient
concurrent computations through our proposed architecture
and algorithms executed on GPUs. Our findings demonstrate
that our methods can efficiently train RL agents across a
range of classic control problems, spanning both discrete and
continuous domains, achieving fast and stable performance.
Notably, our approach surpasses the current state-of-the-art
methods with significantly less training time and increased
robustness. Additionally, we observed that RL exploration
with a large scale of parallel instances has a remarkable
stabilizing effect on updating a shared model. For instance,
stable DDPG is achievable without the need for experience
replay, as demonstrated in this study.

Overall, our aim is to contribute to the democratization
of high-performance RL systems and drive advancements in
classic control problems. We hope that our study encourages
leveraging high-throughput GPU simulations and inspires
further efforts to extend and integrate our methods with other
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tools for rapidly constructing simulations tailored for classic
control workflows on GPUs or other accelerators.

VIII. FUTURE WORK
As high-throughput RL continues to evolve, there are
several promising avenues for future research in the realm
of classic control. One direction is the exploration of
more complex and dynamic environments that better mimic
real-world scenarios, such as autonomous vehicle control.
These environments present unique challenges, including
high-dimensional state and action spaces, as well as intri-
cate dynamics that require sophisticated control strategies.
Furthermore, investigating the transferability of learned
policies across different environments and tasks could lead to
more versatile and generalizable control algorithms. Finally,
exploring the integration of domain knowledge and physical
principles into RL algorithms could provide valuable insights
into the design of more efficient and robust control strategies.
Overall, the future of high-throughput reinforcement learning
in classic control holds great promise for advancing our
understanding of intelligent control systems and accelerating
their practical applications.
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