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RÉSUMÉ

Les avancées en intelligence artificielle et en technologie de la robotique ont accéléré l’intégration
de l’apprentissage par renforcement (RL) en robotique, permettant aux systèmes d’accomplir des
tâches complexes dans des environnements difficiles avec une efficacité et une sécurité accrues.

Les méthodes RL traditionnelles utilisent des fréquences de contrôle fixes, ce qui entraîne une util-
isation inefficace des ressources informatiques. Par exemple, dans la conduite autonome sur des
routes dégagées, des mises à jour fréquentes du contrôle sont inutiles, mais des fréquences fixes
imposent des demandes informatiques constantes, entravant le déploiement de RL sur des ordi-
nateurs embarqués aux ressources limitées. Cette inefficacité impacte également les fonctions de
détection environnementale et de communication. Des fréquences de contrôle sous-optimales peu-
vent dégrader les performances, provoquant des réactions lentes aux changements ou un gaspillage
de ressources par des actions excessives, entraînant une consommation d’énergie plus élevée et
des échecs potentiels dans les applications sensibles au temps. Par conséquent, l’optimisation des
fréquences de contrôle est cruciale pour les modèles RL dans des environnements complexes.

Pour relever ces défis, nous proposons le cadre d’apprentissage par renforcement à pas de temps
variable (VTS-RL), qui ajuste dynamiquement la fréquence de contrôle en fonction des exigences
de la tâche. Cette approche réduit l’utilisation des ressources informatiques et garantit que les
actions se produisent uniquement lorsque cela est nécessaire. La mise en œuvre et l’évaluation de
VTS-RL dans les systèmes robotiques sont difficiles en raison du manque de cadres spécifiques et
d’implémentations de référence, car les processus de décision de Markov traditionnels (MDP) ne
tiennent pas compte des intervalles de temps entre les actions, ce qui limite la recherche dans ce
domaine.

Nous introduisons deux algorithmes : Soft Elastic Actor-Critic (SEAC) et Multi-Objective Soft
Elastic Actor-Critic (MOSEAC). SEAC améliore sa politique d’action en intégrant la durée des
actions et en utilisant une politique de récompense novatrice pour minimiser la consommation
d’énergie et le temps. Cette approche établit VTS-RL dans les systèmes robotiques, améliorant
l’attribution de crédit et réduisant les frais généraux informatiques, ce qui le rend adapté aux dé-
ploiements à ressources limitées. Les tests de simulation valident l’efficacité de SEAC, démontrant
des performances élevées et une charge informatique réduite par rapport à d’autres algorithmes RL
à fréquence de contrôle fixe.

MOSEAC, une version améliorée de SEAC, offre des vitesses d’entraînement plus rapides et une
simplification du réglage des hyperparamètres tout en suivant les principes de la programmation
réactive pour minimiser la consommation d’énergie et le temps. Il présente un schéma de récom-
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pense adaptatif. Nous validons théoriquement son efficacité avec des garanties de performance,
des analyses de convergence et de complexité. La formule de récompense adaptative équilibre
l’efficacité énergétique et le temps d’accomplissement des tâches, explorant le front de Pareto en
optimisation multi-objectif pour trouver des compromis optimaux. Les expériences avec Trackma-
nia, un jeu de course vidéo, et AgileX Limo dans un environnement de test en intérieur démontrent
l’efficacité de notre cadre à réduire les besoins informatiques. Enfin, nous passons en revue les
caractéristiques clés, discutons des limitations et suggérons des directions de recherche futures.
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ABSTRACT

Artificial intelligence and robotics technology advancements have accelerated the integration of
reinforcement learning (RL) in robotics, enabling systems to perform complex tasks in challenging
environments with enhanced efficiency and safety.

Traditional RL methods utilize fixed control frequencies, resulting in inefficient use of computa-
tional resources. For instance, in autonomous driving on clear roads, frequent control updates are
unnecessary, yet fixed frequencies impose constant computing demands, hindering RL deployment
on resource-constrained onboard computers. This inefficiency also impacts environmental sensing
and communication functions. Suboptimal control frequencies can degrade performance, causing
slow reactions to changes or resource wastage through excessive actions, leading to higher energy
consumption and potential failures in time-sensitive applications. Therefore, optimizing control
frequencies is crucial for RL models in complex environments.

To address these challenges, we propose the Variable Time-Step Reinforcement Learning (VTS-
RL) framework, which dynamically adjusts the control frequency based on task requirements. This
approach reduces computational resource usage and ensures actions occur only when necessary.
Implementing and evaluating VTS-RL in robotic systems is challenging due to the lack of specific
frameworks and reference implementations, as traditional Markov Decision Processes (MDPs) do
not account for time intervals between actions, leading to limited research focus in this area.

We introduce two algorithms: Soft Elastic Actor-Critic (SEAC) and Multi-Objective Soft Elastic
Actor-Critic (MOSEAC). SEAC enhances its action policy by incorporating action duration and
employing a novel reward policy to minimize energy consumption and time. This approach estab-
lishes VTS-RL in robotic systems, improving credit assignment and reducing computational over-
head, making it suitable for resource-constrained deployments. Simulation tests validate SEAC’s
efficacy, demonstrating high performance and reduced computational load compared with other
fixed control frequency RL algorithms.

MOSEAC, an enhanced version of SEAC, offers faster training speeds and simplified hyperpa-
rameter tuning while following reactive programming principles to minimize energy and time con-
sumption. It features an adaptive reward scheme. We theoretically validate its effectiveness with
performance guarantees, convergence, and complexity analysis. The adaptive reward formula bal-
ances energy efficiency and task completion time, exploring the Pareto front in multi-objective
optimization to find optimal trade-offs. Experiments with Trackmania, a video racing game, and
AgileX Limo in an indoor test environment demonstrate our framework’s effectiveness in reducing
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computational requirements. Finally, we review key features and discuss limitations and future
research directions.
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CHAPTER 1 INTRODUCTION

1.1 Context and Motivation

Deep reinforcement learning (DRL) [3, 4] has demonstrated substantial potential in robotic appli-
cations, particularly in robot control [5, 6, 7] and video games [8, 9, 10]. The versatility and adapt-
ability of RL algorithms have enabled significant advancements in these fields, allowing agents to
perform complex tasks with minimal human intervention. This progress underscores the transfor-
mative impact of DRL in automating operations across various domains.

Despite these advancements, traditional Markov Decision Process (MDP) frameworks [11] fall
short of addressing the temporal dynamics of action duration. The conventional approach to imple-
menting RL in real-world scenarios often involves discretely simulated time steps with fixed action
durations. This simplification, while practical, can lead to significant inefficiencies when applied
to dynamic environments [12, 13].

In particular, using fixed action durations can result in two major issues: Firstly, robots may react
too slowly to rapidly changing conditions, compromising performance and responsiveness. Sec-
ondly, the system might act too frequently, leading to unnecessary computational overhead and
increased energy consumption. These inefficiencies are especially problematic in areas such as au-
tonomous navigation and robotic manipulation, where adapting swiftly to environmental changes
is critical.

The implications of these inefficiencies are far-reaching. In autonomous navigation, for example,
delayed reactions can cause navigation errors or collisions, while excessive actions can drain battery
life and reduce operational time. In robotic manipulation, the lack of timely responses can impair
the robot’s ability to handle objects accurately, affecting the overall task performance.

1.2 Problem Statement

One potential solution to the inefficiencies caused by fixed control frequencies is to develop a
framework that dynamically adjusts action durations based on task demands. This approach could
enhance performance, reduce energy consumption, and extend operational time. However, imple-
menting such a solution presents several challenges.

Firstly, ensuring that control frequency adjustments are systematic and practical requires a struc-
tured approach. Changes could become arbitrary without specific rules, leading to instability and
unpredictable performance.
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Secondly, ensuring that algorithms adapted to our framework maintain convergence and perfor-
mance guarantees while not introducing significant computational complexity is crucial. The
framework must also be user-friendly to facilitate broader adoption.

Thirdly, deploying the VTS-RL framework in real-world robotic systems is challenging due to
limited computational resources. Many existing RL frameworks are designed with fixed action
durations in mind, making it difficult to adapt them for variable time steps. This complicates
simulation training and real-world implementation, where computational efficiency and reliability
are paramount.

Given these complexities, our primary research objectives are:

1. Developing a structured approach for adjusting control frequencies, ensuring changes are
rule-based.

2. Ensuring that algorithms adapted to our framework maintain convergence and performance
guarantees without significant computational overhead.

3. Overcoming the challenges of deploying VTS-RL in resource-constrained robotic systems,
including adapting existing RL frameworks to support variable time steps.

Through these objectives, we aim to provide a comprehensive solution to the inefficiencies inherent
in traditional RL methods, enabling more adaptable and efficient robotic systems.

1.3 Research Objectives

The primary research objective of this thesis is to develop and validate a Variable Time Step Re-
inforcement Learning (VTS-RL) framework to enhance RL’s performance on robotic system in
dynamic and resource-constrained environments. The VTS-RL framework aims to adapt control
frequencies based on task demands, optimizing performance and energy efficiency. By incorporat-
ing control frequency into the action policy, the action and its execution duration are determined
simultaneously.

Research Objective 1: Development of VTS-RL Algorithms

The development of VTS-RL algorithms should address the following points:

1.1 Establish a principle where control actions are executed only when necessary, minimizing
the number of control updates to optimize performance in dynamic environments.



3

1.2 Create a reward function that balances task performance, energy consumption, and time effi-
ciency. The goal is to minimize the number of steps and the overall time to achieve optimal
performance.

1.3 Design the framework for general applicability, extending it to various RL algorithms, thereby
increasing user-friendliness and facilitating further development and application.

Research Objective 2: Theoretical Foundations of VTS-RL

After developing the algorithms, the next step is to establish the theoretical foundations to ensure
reproducibility and sustainable optimization:

2.1 Prove system convergence to an optimal policy and stability, demonstrating that the sys-
tem will reliably reach a stable state under varying control frequencies and dynamic task
demands.

2.2 Establish performance guarantees under varying action duration conditions, ensuring that the
VTS-RL framework maintains high performance and adapts efficiently.

2.3 Analyze the computational complexity to ensure feasibility and efficiency, assessing the al-
gorithm’s scalability and practical applicability in real-world scenarios.

Research Objective 3: Practical Validation of VTS-RL

Finally, validating the practical applicability and efficiency of the VTS-RL framework in real-world
robotic systems is crucial:

3.1 Implement and test VTS-RL on a video game and a rover robot platform, providing diverse
and challenging environments to test the framework’s capabilities and limitations.

3.2 Evaluate adaptability and performance in various real-world environments, assessing key
metrics such as task completion, energy efficiency, and responsiveness to demonstrate the
framework’s robustness and versatility.

These research objectives aim to systematically address the challenges associated with fixed control
frequencies in traditional RL methods, paving the way for more adaptable and efficient robotic
systems.
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1.4 Research Contributions

Our research works (RW) address the challenges and objectives outlined in the previous section,
providing solutions through the development and validation of the Variable Time Step Reinforce-
ment Learning (VTS-RL) framework.

RW 1: Development and Enhancement of VTS-RL Algorithms

To address the inefficiency and instability issues caused by fixed control frequencies (Objective 1),
we developed the Soft Elastic Actor Critic (SEAC) algorithm, which integrates action durations
into the action policy and formulates a reward function balancing task performance, energy con-
sumption, and time efficiency. Building on SEAC, we introduced the Multi-Objective Soft Elastic
Actor Critic (MOSEAC) algorithm, incorporating an adaptive reward framework that dynamically
adjusts based on reward trends during training. Both algorithms adhere to the principle of executing
control actions only when necessary, optimizing performance in dynamic environments.

These contributions were published in:

Wang, Dong, and Giovanni Beltrame. "Deployable reinforcement learning with variable con-

trol frequency." In Proceedings of the Association for the Advancement of Artificial Intelli-
gence Conference, Deployable AI Workshop, 2024.

Wang, Dong, and Giovanni Beltrame. "MOSEAC: Streamlined Variable Time Step Rein-

forcement Learning." In Proceedings of the Reinforcement Learning Conference, Finding the
Frame Workshop, 2024

RW 2: Theoretical Foundations and Convergence Analysis

To ensure the MOSEAC maintains convergence (Objective 2), we introduced an upper limitation
on the MOSEAC’s hyperparameter αm as αmax to ensure its convergence. A convergence proof was
made by establishing a Lyapunov stability model [14]. This work validates the theoretical founda-
tions of MOSEAC and illustrates its effectiveness in a sparse reward environment, Trackmania, a
video racing game.

This work was submitted to:

Wang, Dong, and Giovanni Beltrame. "Reinforcement Learning with Elastic Time Steps."

Submitted to IEEE Robotics and Automation Letters, 2024.

RW 3: Practical Validation and Deployment

To ensure the MOSEAC maintains convergence and performance guarantees without significant
computational overhead (Objective 2) and the challenge of deploying VTS-RL in resource-constrained
robotic systems (Objective 3), we deployed the improved MOSEAC on an AgileX Limo robot,
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validating its real-world applicability. This work includes performance guarantees, convergence
proof, and complexity analysis, demonstrating energy efficiency on both CPU and GPU compared
to fixed-frequency RL models. It also highlights the practical benefits of MOSEAC in handling
real-world dynamic tasks efficiently.

This work was submitted to:

Wang, Dong, and Giovanni Beltrame. "Variable Time Step Reinforcement Learning for Robotic

Applications." Submitted to IEEE Transactions on Robotics, 2024.

The Variable Time Step Reinforcement Learning framework construction, mathematical analysis and applications
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Soft  Elast ic Actor-Crit ic

- Extend action policy to 
include action duration

- Optimize both energy and 
time performance

- Extend easily to a variety of 
RL algorithms 

Lyapunov Stability Model

- Enhance MOSEAC by 
refining the adaptive 
parameter adjustment 
mechanism

- Establish a Lyapunov 
function to analyze the 
stability of MOSEAC

Video Game Applicat ion

- Improve data efficiency in the 
context of real-time RL

- Assess the capability to solve 
long and complex tasks

- Optimize energy and time 
usage

Mult i-Object ive Soft  Elast ic 
Actor Crit ic

- Improve data and training 
efficiency by optimizing the 

reward formula 

- Improve the dependence 
on hyperparameters and 
stability

- Adjust hyperparameters 
adaptively to find the optimal 
solution

Systemat ic Analysis

- Analyze the New Bellman 
Equation for performance 
guarantee.

- Evaluate the effect of action 
duration on convergence 
analysis

- Analyze space complexity for 
fixed time step RL

- Evaluate the Pareto Front

Real Robot  Applicat ion

- Apply VTS-RL's framework 
from simulated training to 
real-world deployment

- Optimize computational 
resources of VTS-RL 
compared to fixed-frequency 
RL

- Evaluate performance from 
simulation to reality

Figure 1.1 Technical Route for the Development, Theoretical Foundations, and Practical Validation
of the Variable Time Step Reinforcement Learning (VTS-RL) Framework

Figure 1.1 illustrates the technical route of our main research objective. Achieving these objectives
aims to advance the theoretical foundations and practical applications of VTS-RL, leading to more
efficient, adaptable, and reliable RL-based robotic systems.
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1.5 Research Impact

We envision that our proposed methods will significantly impact the RL field for robotic systems,
particularly in dynamic and resource-constrained environments. The development of VTS-RL
frameworks, such as MOSEAC and SEAC, addresses critical challenges in optimizing task per-
formance, energy consumption, and control frequencies.

A pertinent example of potential application is the development of a wearable robotic limb system
for astronaut assistance during extravehicular activities (EVA) [15]. Maintaining an astronaut’s
position in space without the help of robotic arms is labor-intensive and challenging. Our VTS-RL
framework, particularly MOSEAC, could be applied to such systems to dynamically adjust control
strategies in response to varying impact conditions. This adaptability could ensure that the robotic
limbs provide optimal support, reducing deviation and recovery time while preventing oscillation.

Furthermore, MOSEAC’s application is particularly advantageous for space activities with limited
onboard computational resources. By reducing computational demands and adhering to reactive
programming principles, MOSEAC ensures controls are executed only when necessary. This effi-
ciency makes it suitable for space missions, where performance must be maintained despite limited
onboard computer capabilities. Additionally, by lowering computational requirements, VTS-RL
allows more resources to be dedicated to critical tasks such as environmental perception and com-
munication, enhancing overall mission efficiency.

During the development of these methods, extensive testing and validation were conducted using
the rover robot platform. This demonstrated the practical benefits of MOSEAC in real-world ap-
plications. Validation included performance guarantees, convergence proof, and complexity anal-
ysis, highlighting MOSEAC’s energy efficiency on CPU and GPU compared to traditional fixed-
frequency RL models. These contributions are expected to advance the state of RL in robotics,
promoting more efficient, adaptive, and sustainable robotic systems.

By addressing the key challenges in VTS-RL development and deployment, this research not only
enhances the theoretical foundations of RL but also provides practical solutions for real-world
applications. This work paves the way for more advanced and adaptive RL algorithms that can
efficiently operate in various dynamic and resource-constrained environments, making significant
strides in the fields of robotics and artificial intelligence.

1.6 Thesis Organization

This chapter outlines the thesis deliverables and main ideas, linking them to the research objec-
tives. Chapter 1 provides background and motivation, problem statement, and research objectives.
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Chapter 2 offers a literature review on RL fundamentals, RL applications in robotics, limitations of
existing methods, and theoretical foundations related to VTS-RL.

Chapter 3 details the development of the Soft Elastic Actor Critic (SEAC), its reward formula, and
validation in a Newtonian kinematics environment. Chapter 4 introduces the Multi-Objective Soft
Elastic Actor Critic (MOSEAC), presenting the VTS-RL framework, pseudocode, and convergence
analysis. Both are validated in Newtonian kinematics environments, addressing Research Objective
1. Chapter 5 improves the MOSEAC, providing pseudocode and proposing a convergence proof
using a Lyapunov stability model, validated in a video game environment with sparse rewards, ad-
dressing Research Objectives 1 and 2. Chapter 6 applies MOSEAC to real-world robotic navigation
tasks, evaluating its performance and energy-saving capabilities compared to fixed-frequency RL,
and conducts a theoretical analysis of MOSEAC, covering Pareto optimality, performance guaran-
tees, convergence analysis, and complexity analysis, addressing Research Objectives 2 and 3.

Chapter 7 summarizes the contributions, highlighting the advantages of VTS-RL, with commen-
tary on related points and insights into current limitations and future research directions. Finally,
Chapter 8 provides an overview of the development, validation, and practical implications of the
VTS-RL framework and MOSEAC, emphasizing their significance in advancing RL research and
applications.
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CHAPTER 2 LITERATURE REVIEW

This chapter provides a comprehensive literature review covering the main themes relevant to this
thesis. The key topics we discuss include:

1. Review of Reinforcement Learning Algorithms and Their Mathematical Analysis: Re-
viewing the convergence and performance guarantees of traditional RL.

2. Traditional Reinforcement Learning in Robotics: Reviewing RL applications in robotics,
including the development history and critical contributions.

3. Adaptive Frequency Control in Reinforcement Learning: Elaborating the need for adap-
tive control frequencies in RL, highlighting its significance in improving efficiency and per-
formance.

4. Other Related Theoretical Works: Reviewing other theoretical work related to ours, in-
cluding Reactive Programming, Hierarchical Reinforcement Learning, Pareto Frontiers, and
Lyapunov stability.

This review provides a detailed context for the advancements and challenges in the field, setting
the foundation for the development and implementation of VTS-RL in real robotic applications.

2.1 Review of Reinforcement Learning Algorithms and Their Mathematical Analysis

Reinforcement learning (RL) as an important branch of machine learning [16, 17] has its develop-
ment traced back to the 1950s. The foundational mathematical concept was introduced by Bellman
in 1957 with the Markov Decision Process (MDP), which provided a solid theoretical basis for later
research [18]. An MDP consists of a state space S, an action space A, state transition probabilities
P (s′|s, a), a reward function R(s, a), and a discount factor γ. The objective is to find a policy
π(a|s) that maximizes the cumulative reward:

V π(s) = E
[ ∞∑
t=0

γtR(st, at)
∣∣∣∣∣π
]

Bellman also proposed the method of dynamic programming, which is crucial for solving RL prob-
lems [19]. The Bellman equation is central to these methods:

V (s) = max
a

∑
s′
P (s′|s, a) [R(s, a) + γV (s′)]
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In the 1980s, the theory and algorithms of reinforcement learning were further developed. Watkins
introduced the Q-learning algorithm in his 1989 doctoral thesis and proved its convergence under
certain conditions [20]. The Q-learning update rule is:

Q(s, a)← Q(s, a) + α
[
R(s, a) + γmax

a′
Q(s′, a′)−Q(s, a)

]
Sutton’s 1988 work on temporal-difference (TD) learning also became a significant theoretical
foundation in RL [21].

2.1.1 Model-Based and Model-Free Reinforcement Learning

Reinforcement learning algorithms can be categorized into model-based [22, 23] and model-free
[24, 25, 26] methods. Model-based methods rely on constructing an environment model to make
decisions and plans, which are effective when the environment model is known or easy to construct.
However, in complex and highly uncertain environments, building an accurate model can be very
challenging.

Model-free methods, on the other hand, do not depend on an environment model but directly learn
the optimal policy and value function from experience. These methods are applicable in a wider
range of scenarios, especially when the environment model is difficult to construct. Both Q-learning
and policy gradient [27] methods are examples of model-free RL.

2.1.2 Unbiased and Biase Value Estimation

A classic example of a model-free method is the Monte Carlo method [28, 29], which estimates the
state value function V (s) by averaging the returns obtained from multiple samples. This approach
is essential for model-free RL as it evaluates the value function without needing a model of the
environment’s dynamics. By relying on actual returns from sampled trajectories, Monte Carlo
methods bypass the need to explicitly estimate transition probabilities and reward functions, which
can be highly complex or unknown in many real-world scenarios.

Monte Carlo methods provide unbiased value function estimates, ensuring that the learned policy
converges to the optimal policy over time [30, 31]. Without such unbiased estimates, the learning
process could be skewed, resulting in suboptimal or divergent policies [32, 33]. However, Monte
Carlo methods require complete episodes for their estimates, which can be inefficient and imprac-
tical for environments with long or infinite horizons. The Monte Carlo update rule for state value
functuion V (s) is given by:



10

V (s) ≈ 1
N

N∑
i=1

Gi

where Gi is the total return from the i-th sample starting from state s, and N is the number of
samples. As N increases, the estimate V (s) converges to the true value.

In contrast, temporal-difference (TD) methods provide biased estimates but update value functions
more frequently, typically at each time step. This allows TD methods to learn from incomplete
episodes and be more sample-efficient, making them suitable for environments where it is imprac-
tical to wait for episode termination [21, 20]. The TD update rule for state value function V (s) is
given by:

V (s)← V (s) + α [R(s, a) + γV (s′)− V (s)]

While TD methods introduce bias, they reduce variance and often achieve faster convergence than
Monte Carlo methods. This trade-off between bias and variance is a critical consideration in the
design and selection of RL algorithms [34].

In summary, Monte Carlo estimation is a cornerstone of model-free RL [35, 29]. It enables algo-
rithms to learn optimal policies directly from experience without needing an explicit environment
model. This simplifies the learning process and enhances the robustness and applicability of RL
algorithms in diverse and complex domains. However, integrating biased estimations like TD meth-
ods offers an alternative approach that balances efficiency and convergence, broadening the scope
and effectiveness of model-free RL.

2.1.3 On-Policy and Off-Policy Reinforcement Learning

Reinforcement learning algorithms can also be classified into on-policy [36, 37] and off-policy
[38, 33] methods. On-policy methods directly evaluate and improve the policy being executed,
while off-policy methods can learn from data generated by a different policy.

On-policy methods such as SARSA (State-Action-Reward-State-Action) [39] evaluate and improve
the same policy. The update rule for SARSA is:

Q(s, a)← Q(s, a) + α [R(s, a) + γQ(s′, a′)−Q(s, a)]

where (s′, a′) is the next state-action pair chosen according to the current policy π.
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Off-policy methods like Q-learning use data generated by a behavior policy to learn the target
policy. The Q-learning update rule is:

Q(s, a)← Q(s, a) + α
[
R(s, a) + γmax

a′
Q(s′, a′)−Q(s, a)

]
On-policy methods generally offer better stability and convergence but may be less efficient in
exploring new policies. Off-policy methods have higher sample efficiency [40].

2.1.4 Development of Policy Gradient Methods

In the 2000s, policy gradient methods became a research focus. Sutton et al. proposed policy
gradient methods that directly optimize policy parameters to improve learning efficiency [27]. The
policy gradient theorem provides the form of the gradient:

∇θJ(θ) = Eπθ [∇θ log πθ(a|s)Qπ(s, a)]

In the same year, Konda and Tsitsiklis described the Actor-Critic algorithm, which is an important
method in modern RL, combining policy gradient and value function approximation [41]. The
Actor-Critic algorithm includes two main components: the Actor, which updates the policy πθ(a|s),
and the Critic, which evaluates the policy Vw(s) or Qw(s, a). The key update rules are:

θ ← θ + α∇θ log πθ(a|s)δ

w ← w + βδ∇wVw(s)

where the temporal difference error δ is:

δ = R(s, a) + γVw(s′)− Vw(s)

2.1.5 Advancements in Model-Free Deep Reinforcement Learning

With the development of deep learning, reinforcement learning has seen significant advancements
in complex tasks. In 2015, Mnih et al. introduced the Deep Q-Network (DQN), which combined
deep learning and reinforcement learning, significantly improving performance in complex tasks
[42]. DQN is a classic off-policy algorithm that combines the Q-learning update rule with convo-
lutional neural networks (CNN) [43] to handle high-dimensional state spaces.
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Subsequently, Schulman et al. proposed the Proximal Policy Optimization (PPO) algorithm in
2017, which achieved significant results in policy optimization [44]. PPO is an on-policy algorithm
that stabilizes the learning process by limiting the extent of policy updates. Its core idea is to
constrain the policy changes in each update to ensure the new policy does not deviate too much
from the old one, thereby improving training stability and efficiency.

Recently, Haarnoja et al. proposed the Soft Actor-Critic (SAC) algorithm, which combines the
idea of maximum entropy reinforcement learning, aiming to maximize both the expected return
and the policy entropy, demonstrating excellent performance in continuous control tasks [45]. The
objective function of SAC is:

J(π) =
T∑
t=0

E(st,at)∼ρπ [R(st, at) + αH(π(·|st))]

The policy update formula is:

∇θJ(πθ) = E(st,at)∼ρπ [∇θ log πθ(at|st) (α log πθ(at|st)−Qφ(st, at))]

The Q-value update formula is:

J(Qφ) = E(st,at)∼D

[1
2
(
Qφ(st, at)− (R(st, at) + γEst+1∼P [Vφ̄(st+1)])

)2
]

The state value function update formula is:

Vφ̄(st) = Eat∼π [Qφ(st, at)− α log πθ(at|st)]

In summary, the development of reinforcement learning has progressed from the introduction of
fundamental theories to the evolution of complex algorithms.

2.1.6 MuZero and Recent Advances

In recent years, significant advances have been made in reinforcement learning, notably the in-
troduction of the MuZero algorithm by Schrittwieser et al. in 2019 [46]. MuZero represents a
breakthrough in model-based reinforcement learning by effectively learning both the model and the
planning algorithm from data. Unlike previous model-based approaches, MuZero does not require
an explicit model of the environment’s dynamics but instead learns a latent state representation and
performs lookahead search in this learned representation.
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MuZero’s key innovation is its ability to learn a compact representation of the environment’s dy-
namics and value function directly from raw observations, which allows it to perform effective
planning and decision-making. This approach has demonstrated remarkable performance in vari-
ous challenging domains, including board games like Go, Chess, and Shogi, as well as complex
video games like Atari.

The MuZero algorithm incorporates three main components:

• Representation Network: Converts observations into a latent state representation.

• Dynamics Network: Predicts the next latent state and reward given the current latent state
and action.

• Prediction Network: Estimates the policy and value function from the latent state.

The update rules for MuZero involve backpropagating through these networks to minimize the pre-
diction error and maximize the expected return, leveraging powerful neural network architectures
to handle high-dimensional input spaces.

MuZero has set a new standard in reinforcement learning by combining the strengths of model-
based and model-free approaches, enabling it to achieve state-of-the-art performance in a variety
of challenging tasks.

2.1.7 Limitations

Despite these advancements, reinforcement learning still faces several challenges and limitations.
One major issue is the exploration-exploitation trade-off, which remains an open problem in many
RL applications. Balancing the need to explore new actions and states with the desire to exploit
known rewarding actions is critical for efficient learning.

Another significant challenge is the sample inefficiency of many RL algorithms. Model-free meth-
ods, in particular, often require a large number of interactions with the environment to learn effec-
tive policies. This is particularly problematic in real-world applications where interactions can be
costly or limited.

Moreover, the robustness and generalization of RL algorithms are active areas of research. Ensuring
that learned policies can generalize well to unseen states and environments is crucial for deploying
RL in practical scenarios.

In conclusion, the field of reinforcement learning has made remarkable progress over the past
decades, from foundational theories to state-of-the-art algorithms like MuZero. Continued research
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and innovation will be essential to overcome current limitations and unlock the full potential of RL
in various applications, particularly in robotics and other dynamic, real-world domains.

2.2 Traditional Reinforcement Learning in Robotics

2.2.1 Model-Based Reinforcement Learning in Robotics

Model-based reinforcement learning (MBRL) has been leveraged for various robotic applications,
particularly in the context of low-level control of robotic components [22, 47]. MBRL methods
build explicit models of the environment’s dynamics, allowing for planning and decision-making
to significantly enhance learning efficiency and reduce the number of physical interactions required.

One prominent application of MBRL in robotics is in low-level control tasks [48, 49]. These
tasks involve controlling individual components of a robot, such as actuators, sensors, and other
mechanical parts. By accurately modeling the dynamics of these components, MBRL can optimize
control strategies that improve performance and efficiency. For instance, in robotic manipulation,
MBRL can help control the movements of robotic arms precisely to achieve desired positions and
orientations with minimal error [50].

MBRL has shown promise in optimizing energy efficiency and operational longevity in small-
scale robotic systems, such as micro-robots or modular robots [22]. By predicting the outcomes of
different control actions, these systems can make informed decisions that prolong battery life and
enhance overall system stability [51].

Despite these applications, MBRL faces significant challenges that limit its broader application in
robotics. The primary issue is the difficulty in constructing accurate models of complex, high-
dimensional environments [52, 53]. In real-world scenarios, especially in robotics, the state space
can be continuous and vast, making it hard to accurately capture all the necessary dynamics. Even if
an accurate model can be constructed, the computational overhead associated with model learning
and planning is often prohibitively high. Furthermore, the areas where MBRL has shown outstand-
ing performance, such as low-level control, represent only a minimal subset of the vast potential
applications in robotics. MBRL struggles to provide practical solutions for higher-level control
strategies due to the abovementioned limitations. These challenges make MBRL less advantageous
for many real-world robotic applications, where the need for real-time performance and adaptabil-
ity is crucial, and thus, its potential impact is limited.
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2.2.2 Advancements in Model-Free Reinforcement Learning for Robotics

Given the limitations of MBRL, significant advancements have been made in model-free reinforce-
ment learning (RL) to address the challenges of continuous action spaces in robotics. RL was
predominantly limited to discrete action spaces before the advent of algorithms like A2C and A3C
[54, 41]. This limitation made RL algorithms unsuitable for real-world applications, including
robotic control and complex video games, which often require continuous actions.

The Advantage Actor-Critic (A2C) and Asynchronous Advantage Actor-Critic (A3C) Algorithms
marked a significant breakthrough in the field of RL by introducing policy gradient methods [27].
These methods enable RL to operate in continuous action spaces, enabling it to apply RL to com-
plex control tasks [55].

A2C and A3C combine the benefits of value-based methods and policy-based methods. The key
idea behind these algorithms is to use an actor-critic framework where the actor learns the policy
(i.e., the mapping from states to actions), and the critic estimates the value function (i.e., the ex-
pected return of a state). The advantage function reduces the variance in policy updates, leading to
more stable learning.

In A2C, the algorithm synchronously updates multiple environment instances, allowing more ef-
ficient use of computational resources. On the other hand, A3C operates asynchronously, running
multiple copies of the agent in parallel and updating a global model. This parallelism speeds up
learning and helps decorate the updates, leading to more robust learning.

The introduction of A2C and A3C had profound implications. These algorithms demonstrated that
RL could be effectively used for robotic control by handling continuous actions, paving the way for
RL to be applied to a broader range of tasks, including autonomous driving, robotic manipulation
[56, 57], and sophisticated video games [58, 59].

2.2.3 Actor-Critic Based RL Applications in Robotics

Deep Deterministic Policy Gradient (DDPG) [60] was one of the early advancements in applying
RL to continuous action spaces. DDPG combines the actor-critic framework with deterministic
policy gradients, enabling efficient learning in high-dimensional spaces. However, DDPG is sen-
sitive to hyperparameters and often struggles with stability and robustness issues. Twin Delayed
Deep Deterministic Policy Gradient (TD3) [61] was introduced to address these challenges. TD3
incorporates improvements such as delayed policy updates and twin Q-networks to reduce overes-
timation bias and improve training stability.
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Following DDPG, Proximal Policy Optimization (PPO) [44] emerged as a robust and efficient
algorithm for robotic control. PPO optimizes the policy by ensuring that updates are minor and
conservative, thus maintaining stability during training. It is particularly notable for its ability
to perform well without extensive hyperparameter tuning, simplifying its application in various
robotic tasks. PPO has been applied to robotic manipulation and navigation, demonstrating robust
performance in functions such as object grasping [62, 63] and safe navigation [64, 65] in dynamic
environments.

These RL algorithms have been applied to various robotic tasks, demonstrating their versatility and
effectiveness. For example, DDPG and TD3 have been employed in tasks requiring precise control,
such as robotic arm manipulation and autonomous vehicle control [66, 67]. These algorithms
have enabled robots to perform tasks with high precision and adaptability, although they often
require careful tuning of hyperparameters to achieve optimal performance. For instance, DDPG
was effectively used in the Open Racing Car Simulator (TORCS) to train autonomous driving
agents to learn complex driving behaviors and adapt to various driving conditions [68].

PPO has been utilized in robotic manipulation and navigation, providing robust performance in
tasks such as object grasping and safe navigation in dynamic environments. For instance, PPO was
applied in the Duckietown platform, where it was employed to train self-driving cars to navigate
complex urban environments. This platform highlights PPO’s robustness in handling real-world
challenges in autonomous driving [69].

Despite their successes, these algorithms also faced significant challenges. One major limitation is
their sensitivity to hyperparameters, leading to unstable training and suboptimal performance if not
properly tuned [70, 71]. Additionally, the reliance on exploration parameters (like ε in PPO, DDPG,
and TD3) leads to higher sensitivity to hyperparameters, often requiring extensive experimentation
to find suitable settings.

In summary, while DDPG, TD3, and PPO significantly advanced the application of RL in robotics,
they highlighted the need for more robust and less sensitive algorithms. The introduction of Soft
Actor-Critic (SAC) [45, 72] addressed many of these issues by providing a more stable and efficient
approach to learning in continuous action spaces, paving the way for more reliable and scalable
applications in robotics.

The introduction of SAC brought a significant improvement in RL by incorporating the concept of
entropy into the policy optimization process. This innovation allowed SAC to handle continuous
action spaces more effectively, providing greater stability and robustness than previous algorithms
such as PPO and DDPG [73]. SAC’s unique approach involves maximizing both the expected
reward and the entropy of the policy, which encourages exploration and results in more robust
policies that are less sensitive to hyperparameters.
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SAC optimizes a trade-off between the reward and the policy’s entropy. This approach ensures that
the learned policies are not only effective in achieving high rewards but also robust to variations
and uncertainties in the environment. Additionally, SAC includes a temperature parameter that
adjusts the importance of the entropy term. This parameter can be automatically tuned based on
the learning environment, reducing the need for manual hyperparameter tuning and enhancing the
algorithm’s stability and performance.

SAC has been successfully applied to a variety of real-world robotic tasks, demonstrating its ro-
bustness and efficiency. One example is the SAC-PID control for mobile robots. Traditional PID
control [74] struggles in environments that cannot be accurately modeled and where conditions
change in real time. To address this, a hierarchical structure was developed, combining an upper
controller based on SAC with a lower controller based on an incremental PID controller. SAC out-
puts optimal parameters for the PID controllers to compensate for real-time errors between the path
and the mobile robot. This method was tested on Gazebo [75] and a real mecanum mobile robot,
demonstrating strong robustness, generalization, and real-time performance compared to fuzzy PID
control [76].

Another application of SAC is in robotic manipulation through Equivariant SAC. Recent advance-
ments have shown that equivariant neural network models can improve sample efficiency in RL
tasks. In this context, Equivariant SAC was applied to robotic manipulation, enabling policies to
be learned entirely on physical robotic systems without the need for models, simulators, or offline
datasets. This approach allowed for learning non-trivial manipulation tasks through on-robot ex-
periences in less than an hour, highlighting the efficiency and effectiveness of Equivariant SAC in
real-world applications [77].

SAC has also been adapted to control soft robots, which present unique control challenges due to
their numerous passive degrees of freedom. In particular, SAC has been effectively used to control
a continuum robot arm that operates with nine flexible rubber artificial muscles. The proposed
Ensembled Light-weight model-Free reinforcement learning Network (ELFNet) demonstrated that
SAC could learn control policies for this soft robot both in simulations and real-world settings. This
method proved more suitable for compliant robots due to better sample efficiency and significant
performance improvements, especially with a large number of passive DoFs [78].

In the context of mobile robot navigation, SAC has been compared with DDPG. Both techniques
were used to control a robot to reach a target in an environment using inputs such as laser range
findings, previous velocities, and the relative position and angle to the target. SAC demonstrated
superior performance in navigating mobile robots compared to DDPG, showcasing its effectiveness
in handling navigation tasks and providing better overall performance in avoiding collisions and
reaching targets [79].
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These examples illustrate SAC’s versatility and effectiveness in various robotic tasks. The intro-
duction of SAC has addressed many of the limitations of previous RL algorithms by providing a
more stable and efficient approach to learning in continuous action spaces, paving the way for more
reliable and scalable applications in robotics. Despite these advancements, there remain inherent
challenges in RL when tackling complex, long-horizon decision-making tasks that involve large
state and action spaces.

2.3 Adaptive Frequency Control in Reinforcement Learning

2.3.1 Limitations of These RL Algorithms with Fixed Control Rate

Despite the significant advancements and numerous applications of RL algorithms in robotics,
these methods generally rely on a fixed frequency assumption for translating the discretized time
into real continuous time. This fixed control frequency is rarely optimal, as the most appropriate
control frequency should ideally be task-dependent. The Markov Decision Process (MDP) [11], a
fundamental framework in RL, has inherent limitations when applied to real-world tasks due to this
fixed frequency constraint.

The MDP framework assumes that the state transitions and actions are independent of the execution
period. It does not concern itself with the duration between actions, meaning this period can be very
short or very long. This oversight is a significant limitation when dealing with real-world robotic
tasks, where the timing of actions is crucial for task performance. Specifically, the traditional RL
framework has several drawbacks.

Tasks that require precise timing and coordination, such as robotic manipulation or autonomous
driving, may experience degraded performance under a fixed frequency regime. For instance,
tasks requiring rapid responses might suffer from delayed actions, while tasks that benefit from
slower, deliberate actions might waste computational resources with unnecessary updates. This
misalignment can lead to suboptimal performance and increased energy consumption. Moreover,
maintaining a high control frequency, regardless of task requirements, leads to unnecessary energy
expenditure. In battery-operated robotic systems, this can significantly reduce operational time and
overall system efficiency. Fixed control frequencies do not adapt well to changing environmental
conditions. For example, a mobile robot navigating through varying terrains or an industrial robot
adjusting to different payloads requires adaptive control frequencies to maintain optimal perfor-
mance and stability.

These examples underscore the necessity for developing VTS-RL algorithms that can dynamically
adjust their control frequencies based on the task and environmental demands, leading to more ef-
ficient and effective robotic systems. Amin et al. investigate the impact of control frequency on RL
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performance, particularly in high-dimensional continuous control tasks with sparse rewards. The
study conducts experiments using PolyRL in combination with DDPG and SAC algorithms across
various MuJoCo environments such as Hopper-v2, HalfCheetah-v2, and Ant-v2 [80]. The results
show optimizing control frequency is crucial for maximizing the effectiveness of reinforcement
learning algorithms in complex environments, highlighting the importance of balancing exploration
and exploitation through appropriate frequency adjustments [12].

Park et al. explore the effects of control frequency on RL performance by introducing a time
discretization-invariant method called Safe Action Repetition (SAR) for policy gradient (PG) meth-
ods. The study reveals that reinforcement learning performance is highly sensitive to the discretiza-
tion time scale (δ). When δ is too high, it limits the agent’s ability to make fine-grained decisions,
while too low a δ causes the variance of the PG estimator to explode and hinders exploration. As
δ approaches zero, PG methods fail due to the increased variance of the gradient estimator, limited
exploration ranges, and the infinite number of required decision steps [13].

Yann et al. investigate the effects of control frequency on RL performance, particularly in environ-
ments with random delays. The study highlights that traditional reinforcement learning algorithms
struggle with delays because they complicate the credit assignment process. This problem is exacer-
bated at higher control frequencies, where frequent decision-making can lead to increased variance
in the gradient estimator and hinder exploration. Conversely, lower control frequencies limit the
agent’s ability to make fine-grained decisions. They demonstrate that higher control frequencies
can improve learning efficiency and task performance by effectively allowing the agent to receive
and utilize informative reinforcement signals. However, they also note that the optimal control fre-
quency must balance the need for fine-grained decision-making with the risk of increased variance
and limited exploration [81].

In summary, although the MDP itself does not impose strict requirements on the control frequency
for RL, its impact on RL performance is significant. Unlike discrete space RL with finite dimen-
sions, continuous space RL is very sensitive to control frequency due to its high dimensionality
and sparse rewards. To apply continuous space RL in real-world scenarios, such as robotic control,
a suboptimal fixed control frequency that does not account for task requirements is unacceptable.
Therefore, it is crucial to research and develop RL algorithms with dynamic control frequencies.

2.3.2 Research on RL Variable Control Frequency

The Continuous-Time Continuous-Options (CTCO) [82] framework introduces a novel approach
to reinforcement learning by utilizing continuous-time decision-making and flexible option dura-
tions. Similar to ours, this methodology allows agents to make decisions with variable durations,
providing a smooth and adaptable control mechanism that is particularly effective in continuous
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control tasks. By dynamically adjusting the decision frequency, CTCO enhances exploration and
maintains robustness across different interaction frequencies, which traditional fixed-frequency RL
algorithms often struggle with.

CTCO’s flexibility in decision-making makes it highly suitable for real-world applications, as
demonstrated in simulated continuous control tasks and real-world robotic experiments. The frame-
work’s ability to adapt interaction frequencies according to the task requirements leads to better
exploration and more efficient learning, especially in environments with sparse rewards. By incor-
porating the soft actor-critic (SAC) algorithm and entropy regularization, CTCO promotes efficient
exploration, ensuring that the learning process remains robust and stable.

However, despite its innovative approach, CTCO has some limitations. One significant challenge
is tuning several hyperparameters, especially the dynamic adjustment of the discount factor γ using
the hyperparameter τ . This dynamic discount factor makes CTCO’s performance highly sensitive
to environmental and task changes. CTCO tends to use a smaller γ throughout training, which can
impair its ability for long-term planning and, consequently, its overall performance. The sensitivity
to these hyperparameters means that extensive experimentation may be required to achieve optimal
performance, which can be resource-intensive. Additionally, CTCO does not inherently optimize
for task duration, which can result in longer task completion times. This aspect could be a drawback
in time-sensitive applications where rapid decision-making and execution are crucial.

In summary, CTCO represents a significant advancement in reinforcement learning by enabling
continuous-time decision-making and flexible option durations. Its strengths lie in improved ex-
ploration and robustness, making it well-suited for complex continuous control tasks. However,
the framework’s reliance on hyperparameter tuning, particularly the dynamic adjustment of the
discount factor, and its potential for prolonged task durations highlight areas for further improve-
ment.

Besides CTCO, to the best of our knowledge, there are no other RL algorithms within the commu-
nity that directly adjust control frequencies. Most other works achieve changes in control frequency
indirectly through various methods such as “learning to repeat [83]” or “sleep [84]” techniques. In
the following paragraphs, we will provide a concise overview of these alternative approaches and
how they achieve variable control frequencies.

Sahil et al. introduce the Fine Grained Action Repetition (FiGAR) framework [83]. This frame-
work allows RL agents to decide both the action to execute and the duration for which it should
be repeated, introducing temporal abstractions in the action space and enhancing the efficiency and
performance of deep reinforcement learning algorithms. It allows the agent to learn temporal ab-
stractions by predicting the number of time steps an action should be repeated. This leads to more
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efficient exploration and better policy learning, as the agent can effectively manage actions over
varying time scales.

However, FiGAR’s reliance on action repetition can sometimes lead to inefficiencies in scenarios
where rapid adaptation to changing environments is crucial. While beneficial for stable environ-
ments, the fixed repetition duration might not be ideal for highly dynamic or unpredictable settings.
In such cases, the agent might continue repeating an action when a quick change is necessary, po-
tentially resulting in suboptimal performance.

Moreover, the approach of action repetition in FiGAR does not fundamentally improve data effi-
ciency for computation-constrained platforms like robots. In simulations, executing a 10-second
action once may be equivalent to executing a 1-second action ten times in terms of the outcome,
but the latter demands ten times the computational resources. Therefore, altering control frequency
in this manner does not reduce the computational load from a physical standpoint.

In summary, FiGAR represents a significant advancement in reinforcement learning by introduc-
ing the concept of fine-grained action repetition. This approach addresses the limitation of fixed
action durations in traditional RL algorithms, offering a flexible and efficient solution for various
control tasks. However, the framework’s limited improvement in data efficiency on computation-
constrained platforms makes the variable frequency approach lose its most important significance.

The concept of “learning to repeat” has been explored and expanded in two critical studies. Both
studies focus on adapting control frequencies to optimize the execution of actions in reinforcement
learning (RL) tasks.

Metelli et al. introduce the notion of action persistence in their work [85], where actions are re-
peated for a fixed number of steps to modify control frequency. Their proposed algorithm, Persis-
tent Fitted Q-Iteration (PFQI), extends the traditional Fitted Q-Iteration (FQI) to learn the optimal
value function for a given persistence level. This method balances the trade-off between expanding
the policy space and managing sample complexity. Their theoretical analysis shows that increasing
the control frequency (reducing action persistence) can make the learning problem more challeng-
ing due to higher sample complexity. Empirical results from benchmark domains demonstrate that
appropriate persistence levels can significantly improve learning efficiency and policy performance.

In contrast, the paper by Lee et al. addresses the challenge of controlling multiple decision variables
with different frequencies [86], formalized as factored-action Markov Decision Processes (FA-
MDPs). They propose the Action-Persistent Policy Iteration (AP-PI) algorithm for optimizing
c-persistent policies, ensuring convergence with minimal complexity increase. They introduce
the Action-Persistent Actor-Critic (AP-AC) algorithm for high-dimensional tasks, which leverages
neural networks to optimize policies for multiple control frequencies. Their experimental results
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show that AP-AC outperforms several baseline algorithms in continuous control tasks and traffic
control simulations, demonstrating its efficiency and effectiveness in handling tasks with varying
control frequencies.

However, both frameworks face notable challenges. PFQI’s reliance on balancing policy space
and sample complexity can complicate the learning process, particularly in dynamic settings. AP-
AC’s increased sample complexity and the implementation challenges associated with sophisticated
neural network architectures present additional difficulties.

Chen et al. introduce a novel approach to address the challenges of cooperative charging in Wire-
less Rechargeable Sensor Networks (WRSNs) [84]. They identify that traditional Multi-Agent Re-
inforcement Learning (MARL) algorithms struggle in cooperative charging because they operate
on fixed-length time steps. This rigidity does not accommodate the varying durations of different
charging actions, leading to inefficient and suboptimal performance. To overcome this, the au-
thors propose the VarLenMARL framework, which allows each MC to complete actions within
variable-length time steps using the “sleep” method. The VarLenMARL framework incorporates a
synchronized delay-tolerant trajectory collection mechanism to maintain temporal correctness and
ensure the accurate calculation of global rewards.

One critical issue is the computational overhead of maintaining synchronized time-steps and delay-
tolerant mechanisms, which could be challenging in large-scale deployments [87, 88]. Additionally,
the framework still relies on periodic system checks to manage the synchronization, which may not
eliminate computational loads [89]. Although the variable-length time-step mechanism mitigates
some inefficiencies, it does not fundamentally alter the necessity for frequent synchronization and
system checks, which remains a computational burden.

Facing these challenges, as described in section 4.1, we aimed to develop a VTS-RL framework to
optimize both energy and time consumption. Despite our advances in optimizing both time and en-
ergy metrics, our approach diverges significantly from Hierarchical Reinforcement Learning (HRL)
[90, 91]. Unlike HRL, which decomposes tasks into hierarchical levels with separate reward struc-
tures, we integrate multiple reward metrics into a single reward function to ensure user-friendliness
and ease of implementation. This fundamental difference shapes the design and application of our
VTS-RL framework compared to HRL.
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2.4 Other Related Theoretical Works

2.4.1 Reactive Programming

Reactive programming is a paradigm focused on asynchronous data streams and change propaga-
tion [92]. It facilitates the development of systems that react to a sequence of inputs or events over
time, making it particularly suitable for robotics control, where real-time responses to sensor inputs
and environmental changes are crucial [93, 94].

Reactive programming centers around the concept of data streams and the propagation of changes.
In a reactive system, the basic building blocks are observables and observers. Observables represent
data streams that can emit items over time, while observers subscribe to these observables to react
to emitted items.

Key principles include declarative code, asynchronous data flow, and event-driven architectures.
Declarative code allows developers to specify what should happen rather than how it should happen,
leading to more concise and readable code [95, 96]. Asynchronous data flow inherently supports
asynchronous data handling, which is vital for robotics where operations often need to occur in
parallel without blocking. Event-driven architectures are naturally suited for systems that need to
respond to a wide range of stimuli from the robot’s environment.

In the context of robotics, reactive programming provides a robust framework for handling the
complex, asynchronous interactions between a robot and its environment. The primary advantages
include real-time processing, scalability and flexibility, and fault tolerance [97, 98, 99]. Reactive
programming ensures that robots can process sensor data and make decisions in real time. This is
critical for applications like autonomous navigation, obstacle avoidance, and manipulation tasks.
Reactive systems can scale efficiently with the increasing complexity and number of sensors and
actuators in modern robots. Additionally, the reactive approach can improve the robustness of
robotic systems by isolating and managing errors more effectively.

Reactive programming frameworks have been instrumental in developing sophisticated navigation
systems for robots, particularly in environments that are dynamic and unpredictable [100]. These
systems can process real-time data from various sensors, such as LIDAR [101], cameras [102],
and ultrasonic sensors [103], to create a detailed map of the surroundings. By continuously updat-
ing this map, robots can effectively navigate through complex terrains, avoid obstacles, and find
the most efficient paths to their destinations. One of the significant advantages of using reactive
programming in this context is its ability to handle asynchronous events seamlessly [104]. For
example, if a new obstacle suddenly appears in the robot’s path, the reactive system can quickly
process this information and adjust the robot’s trajectory without any noticeable delay. This ensures
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that the robot can operate smoothly even in rapidly changing environments, enhancing its reliability
and safety.

Robots are equipped with an array of sensors that provide critical information about their envi-
ronment [105, 106]. Integrating data from these multiple sources in real-time is a complex task
that can significantly benefit from reactive programming. By treating sensor outputs as continuous
data streams, reactive programming allows for efficient and synchronized data processing. This
approach enables the robot to maintain comprehensive situational awareness [107]. For instance,
in a warehouse automation scenario, a robot might need to simultaneously monitor its position, the
location of other robots, inventory levels, and environmental conditions such as temperature and
humidity. Reactive programming frameworks can merge these diverse data streams into a coherent
picture, enabling the robot to make informed decisions quickly. This level of integration is crucial
for tasks that require high precision and coordination, such as picking and placing items, navigating
tight spaces, and avoiding collisions with other robots or humans.

One of the hallmarks of reactive programming in robotics is its ability to facilitate real-time decision
making [108, 109]. Robots often operate in environments where rapid responses to changes are
essential. For example, in an agricultural setting, a robotic harvester needs to make split-second
decisions based on the ripeness of fruits, the presence of obstacles, and the optimal path to minimize
travel time and maximize efficiency. Reactive programming supports this by allowing the robot to
process incoming data and update its actions almost instantaneously. This is achieved through the
propagation of changes in data streams, where any change in input data triggers a cascade of updates
throughout the system. As a result, the robot can continuously adapt to new information, making its
operation more fluid and responsive [110]. This capability is particularly beneficial in applications
requiring high levels of autonomy and adaptability, such as search and rescue missions, where the
robot needs to navigate through debris and identify survivors under challenging conditions.

In summary, reactive programming significantly enhances the capabilities of robotic control sys-
tems by providing robust solutions for autonomous navigation, sensor data integration, and real-
time decision making. By leveraging the principles of reactive programming, developers can create
more adaptable, responsive, and efficient robots capable of performing complex tasks in diverse
and dynamic environments. The continued evolution and adoption of these frameworks hold great
promise for the future of robotics, paving the way for more advanced and intelligent robotic sys-
tems.

2.4.2 Hierarchical Reinforcement Learning (HRL)

Hierarchical Reinforcement Learning (HRL) has emerged as a pivotal approach in addressing the
complexities of long-horizon decision-making tasks by breaking them down into simpler, more
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manageable subtasks. This survey provides an extensive overview of the advancements in HRL,
focusing on the diverse methodologies developed to tackle challenges such as hierarchical policy
learning, subtask discovery, transfer learning, and multi-agent learning.

HRL fundamentally enhances traditional RL by incorporating a hierarchical structure where high-
level policies determine the optimal sequence of subtasks, and each subtask may itself be gov-
erned by lower-level policies. This decomposition is crucial in managing large state and action
spaces, making HRL particularly effective in long-horizon tasks where standard RL algorithms
struggle. The concept of temporal abstraction within HRL, where actions are represented over
varying timescales, facilitates more efficient credit assignment and structured exploration, thereby
improving learning efficiency and performance.

Pateria et al. [111] categorize the HRL approaches. It delineates the methods based on whether
they involve subtask discovery, their application in single or multi-agent environments, and their
focus on single or multiple tasks. This categorization helps researchers understand the progression
and intersections of different HRL techniques, providing a clear framework.

HRL’s practical applications, emphasizing its utility in complex domains such as continuous con-
trol [112], game playing [113], and robotic manipulation [114], where HRL has demonstrated
significant performance improvements over traditional RL methods.

Our work also focuses on optimizing performance in multiple directions. However, our approach
integrates various reward metrics into a single reward function, making it more adaptable to differ-
ent RL algorithms and enhancing user-friendliness. This design philosophy fundamentally differs
from the HRL principles.

In our second 4, third 5, and fourth 4 papers, we have explored dynamic changes in reward struc-
tures. Despite our commitment to user-friendliness, these dynamic adjustments have inevitably
positioned us along the Pareto frontier [115, 116]. The following is a brief review of Pareto opti-
mality and its applications in reinforcement learning.

2.4.3 Pareto Efficiency

Pareto efficiency is a fundamental concept in economics and optimization theory [117]. It repre-
sents a state where no individual can be better off without making someone worse. In other words,
a Pareto efficient allocation is one where resources are allocated in the most efficient manner, given
the system’s constraints [118]. This concept is crucial for understanding resource allocation and
the efficiency of different economic systems.

The significance of Pareto efficiency extends beyond economics into various fields such as engi-
neering, public policy, and multi-objective optimization. In these contexts, it assesses the trade-offs
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between different objectives. For instance, in multi-objective optimization, solutions are evaluated
based on their ability to improve one objective without degrading another. This allows for a more
holistic approach to decision-making, where multiple criteria are considered simultaneously.

In practical applications, achieving Pareto efficiency can be challenging due to the complexity of
balancing multiple objectives and competing interests. Various methods have been developed to
identify Pareto-efficient solutions, including mathematical programming, evolutionary algorithms,
and game theory [119]. These methods help find solutions that are not only efficient but also
equitable, ensuring a fair distribution of resources or benefits among stakeholders.

Despite its widespread use and theoretical importance, Pareto efficiency has limitations. It does not
account for the distribution of resources among individuals, meaning that a Pareto efficient outcome
may still be inequitable. Additionally, it assumes that all preferences and utilities can be compared
and measured, which is not always feasible in real-world scenarios. Therefore, while Pareto ef-
ficiency provides a valuable framework for understanding efficiency and trade-offs, it should be
complemented with other considerations, such as equity and feasibility in practical applications
[120].

2.4.4 Lyapunov Stability

Lyapunov stability is a cornerstone concept in studying dynamic systems and control theory [14].
It provides a mathematical framework to analyze the stability of equilibrium points in differential
equations and dynamical systems. Specifically, Lyapunov stability examines whether small pertur-
bations or deviations from an equilibrium state will decay over time, ensuring the system returns to
equilibrium.

The core of Lyapunov stability theory lies in the construction of Lyapunov functions, scalar func-
tions that measure the energy or potential of a system relative to its equilibrium point. A system
is considered Lyapunov stable if a suitable Lyapunov function can be found that decreases over
time, indicating that the system’s trajectories will remain close to the equilibrium for all time. This
approach is compelling because it does not require solving the differential equations explicitly;
instead, it provides a way to infer stability from the properties of the Lyapunov function.

Lyapunov’s methods are extensively used in various fields, including engineering (for example,
applications of RL in power dispatch, etc.) [121, 122, 123], physics [124], and economics [125], to
ensure the robustness and reliability of systems. In control theory, for instance, Lyapunov stability
is employed to design controllers that stabilize systems in the presence of uncertainties and external
disturbances [126]. Lyapunov’s direct method is also widely used to prove the global stability of
nonlinear systems by constructing a global Lyapunov function.
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Despite its broad applicability, constructing an appropriate Lyapunov function can be challenging,
especially for complex and high-dimensional systems. Researchers continue to develop new tech-
niques and computational tools to simplify this process and extend the applicability of Lyapunov
stability analysis. Nonetheless, Lyapunov stability remains a fundamental tool for understanding
and ensuring the stability of dynamic systems, providing a robust theoretical foundation for practi-
cal applications in various scientific and engineering domains [126].

Our work demonstrates the rationality of integrating dynamic time control with Lyapunov models
in our VTS-RL approach, particularly in robotic systems. Dynamic time control enhances flexibil-
ity by adjusting control actions based on the system’s current state and environmental conditions,
addressing the nonlinearity and time-variant dynamics typical in robotics. This adaptability en-
sures optimal performance through efficient resource utilization and effective response to varying
situations.

Furthermore, Lyapunov models provide robust stability guarantees by employing a scalar function
that decreases over time, ensuring system convergence to a desired equilibrium. By incorporating
Lyapunov stability into the reinforcement learning framework, we ensure that the learning process
remains stable, thereby preventing erratic behavior and potential system failure. This integration
improves efficiency and performance and enhances robustness against uncertainties and distur-
bances, making it a highly effective control strategy for applications requiring high reliability and
performance.

These studies collectively highlight the ongoing efforts to integrate variable action durations and
adaptive control mechanisms into RL. While some good work has been done, it is clear that we are
still in the early stages of effectively applying variable control frequencies and repetitive behaviors
in practical applications. The potential of these innovations lies in their ability to enhance RL’s
applicability in real-world scenarios by improving learning efficiency and generalization to new
tasks.

However, further research is essential to address the computational challenges and optimize these
methods for dynamic and resource-constrained environments. Our work focuses on developing
more efficient frameworks and reducing computational burdens. This is crucial for successfully
deploying these advanced RL techniques in diverse and complex real-world applications, rang-
ing from video games to robotic control. The VTS-RL method lacks comprehensive theoretical
support, precise definitions, and practical implementations.
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CHAPTER 3 ARTICLE 1: DEPLOYABLE REINFORCEMNENT LEARNING WITH
VARIABLE CONTROL RATE

Preface: Deploying reinforcement learning (RL) controllers in real-world robots poses sig-
nificant challenges, mainly due to the reliance on fixed-rate control strategies. This can lead
to inefficiencies in computational and energy resources. This chapter addresses this issue by
proposing a variable control rate approach integrated into the Soft Actor-Critic (SAC) algorithm,
termed Soft Elastic Actor-Critic (SEAC). Our method allows the RL policy to determine both the
action and the duration of the time step, enhancing adaptability and efficiency. We demonstrate
the efficacy of SEAC through simulations, showing improved task completion times and reduced
computational load compared to traditional fixed-rate policies. This approach holds promise for
broader RL applications in resource-constrained robotic systems, providing a pathway towards
more deployable and energy-efficient AI solutions.

Full Citation: Wang, Dong, and Giovanni Beltrame. "Deployable reinforcement learning with
variable control rate." In Processing of the Advancement of Artificial Intelligence Conference,
Deployable AI Workshop, 2024. Manuscript accepted for publication on December 12nd, 2023.

Deploying controllers trained with Reinforcement Learning (RL) on real robots can be challeng-
ing: RL relies on agents’ policies being modeled as Markov Decision Processes (MDPs), which
assume an inherently discrete passage of time. The use of MDPs results in that nearly all RL-based
control systems employ a fixed-rate control strategy with a period (or time step) typically chosen
based on the developer’s experience or specific characteristics of the application environment. Un-
fortunately, the system should be controlled at the highest, worst-case frequency to ensure stability,
which can demand significant computational and energy resources and hinder the deployability of
the controller on onboard hardware. Adhering to the principles of reactive programming, we sur-
mise that applying control actions only when necessary enables the use of simpler hardware and
helps reduce energy consumption. We challenge the fixed frequency assumption by proposing a
variant of RL with variable control rate. In this approach, the policy decides the action the agent
should take as well as the duration of the time step associated with that action. In our new setting,
we expand Soft Actor-Critic (SAC) to compute the optimal policy with a variable control rate, in-
troducing the Soft Elastic Actor-Critic (SEAC) algorithm. We show the efficacy of SEAC through
a proof-of-concept simulation driving an agent with Newtonian kinematics. Our experiments show
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higher average returns, shorter task completion times, and reduced computational resources when
compared to fixed rate policies.

3.1 Introduction

Temporal aspects of reinforcement learning (RL), such as the duration of the execution of each
action or the time needed for observations, are frequently overlooked. This oversight arises from
the foundational hypothesis of the Markov Decision Process (MDP), which assumes the indepen-
dence of each action undertaken by the agent [11]. As depicted in the top section of Figure 3.1,
conventional RL primarily focuses on training an action policy, generally neglecting the intricacies
of policy implementation. Some prior research approached the problem by splitting their control
algorithm into two distinct components [127]: a learning part responsible for proposing an action
policy, and a control part responsible for implementing the policy [128, 129, 130]. 1

Translating action policies composed of discrete time steps into real-world applications generally
means using a fixed control rate (e.g., 10 Hz). Practitioners typically choose the control rate based
on their experience and the specific needs of each application, often without considering adaptabil-
ity or responsiveness to changing environmental conditions. Imagine driving a car in a straight line
in an extensive environment without obstacles: very few control actions are needed. On the con-
trary, driving in tight spaces with low tolerances and following complex paths can require a higher
control frequency. Setting the control frequency is set to a fixed value requires it to be the worst-
case (or an average if safety is not a concern) scenario that allows controllability of the system. In
practical applications of reinforcement learning, especially in scenarios with constrained onboard
computer resources, maintaining a consistently high fixed control rate can limit the availability of
computing resources for other tasks and significantly increase energy consumption.

Furthermore, the inherent inertia of physical systems cannot be ignored, impacting the range of
feasible actions. In such cases, an agent’s control actions are closely tied to factors like velocity
and mass, leading to considerably different outcomes when agents execute the same actions at
different control rates.

Hence, applying RL directly to real-world scenarios can be challenging when the temporal dimen-
sion is not considered. The typical approach is to employ a fast enough but fixed control rate that

accommodates the worst-case scenario for an application [130], resulting in suboptimal perfor-
mance in most instances.

In this paper, we challenge RL’s conventional fixed time step assumption, aiming to formulate
faster and more energy-efficient policies. Our approach seamlessly integrates the temporal aspect

1Our paper is presented at Deployable AI Workshop at AAAI-2024
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into the learning process. This modification can benefit onboard computers with limited resources
so that deployed AI no longer consumes precious computing resources to compute unnecessary
actions, effectively improving general system deployability. In our approach, the policy determines
the following action and the duration of the next time step, making the entire learning process and
applying policies adaptive to the specific demands of a given task. This paradigm shift follows
the core principles of reactive programming [93]: as illustrated in the lower portion of Figure
3.1, in stark contrast to a strategy reliant on fixed execution times, adopting a dynamic execution
time-based approach empowers the agent to achieve significant savings in terms of computational
resources, energy consumption, and time expended. Moreover, our adaptive approach enables
the integration of learning and control strategies, resulting in a unified system that enhances data
efficiency and simplifies the pursuit of an optimal control strategy.

An immediate benefit of our approach is that the freed computational resources can be allocated to
additional tasks, such as perception and communication, broadening the scope of RL applicability
in resource-constrained robots. We view the variable control rate as promising for widely adopting
RL in robotics.

3.2 Reinforcement Learning with A Fixed Control Rate

Before delving into the variable control rate RL, we provide a concise overview of fixed time
step-based RL. A notable example of successful real-world reinforcement learning applications is
Sony’s autonomous racing car: Sony has effectively harnessed the synergy between reinforcement
learning algorithms and a foundation of dynamic model knowledge to train AI racers that sur-
pass human capabilities, resulting in remarkably impressive performance outcomes [131]. From
a theoretical perspective, Li et al. [132] aimed to bolster the robustness of RL within non-linear
systems, substantiating their advancements through simulations in a vehicular context. A shared
characteristic among these studies is their dependence on a consistent control rate, typically 10 or
60 Hz. However, it is important to note that a successful strategy does not necessarily equate to an
optimal one. As previously mentioned, time is critical in determining the system’s performance,
whether viewed from an application or theory perspective. The energy and time costs of completing
a specific task determine an agent’s level of general efficiency. A superior control strategy should
minimize the presence of invalid instructions and ensure control actions are executed only when
necessary. Hence, the duration of an individual action step should not be rigidly fixed; instead, it
should vary based on the dynamic demands of the task.

We have designed a variable control rate reinforcement learning method to address the time issue.
This approach trains the policy to predict the time for executing the action and the action itself,
adapting to dynamic changes in demand. The goal is to overcome dynamic environment uncer-
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Figure 3.1 Comparing Elastic Time Step Reinforcement Learning and Traditional Reinforcement
Learning

tainty and save the agent’s computing resources. In a related study on changes in action execution
time using reinforcement learning. Sharma et al. [83] introduced the concept of a learning-to-repeat
strategy. Essentially, they found that when an agent performs the same action with the same execu-
tion time repeatedly, it can effectively alter the action execution time. However, their approach has
limitations, particularly in simulating real-world scenarios. In simulations, executing a 10-second
action and executing a 1-second action ten times may appear similar. Yet, their method doesn’t ac-
count for potential changes in the agent’s physical properties in natural environments. For instance,
if the mass of the agent changes while it’s performing a task, executing the same action simul-
taneously may not yield the same results. Moreover, the repeated execution of the same actions
doesn’t optimize computing resources. Allocating these resources to other tasks, like environment
awareness, could significantly benefit onboard computers with limited computing capacity.

In addition, we also noticed that Chen et al. [84] changes the "control rate" in disguise by taking
actions such as sleeping. However, it still needs a fixed control frequency to scan the agent’s status
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to decide whether to take sleep action as the next step. High-frequency system status scanning
and calculation also cannot effectively reduce the computing load. In addition to the previously
mentioned scenarios, there exists a diverse range of time-sensitive reinforcement learning tasks
spanning various domains. These tasks cover multiple fields, including robotics, electricity mar-
kets, and many others [133, 134, 135, 128]. However, using a fixed control rate is a common
thread among these works and systems like robots, which often lack ample computing resources,
can struggle to maintain a high and fixed control rate. The algorithm we designed can solve the
problem of insufficient computing resources caused by maintaining too high a frequency, and it can
be applied widely. It can train almost all RL strategies based on continuous control. For example,
the problem of vehicles moving in a Newtonian dynamic environment; the classic robot arm prob-
lem: one assumes that the output of the strategy set is a force set. Suppose you want to quickly
grab a fragile object, such as an egg, without considering other interferences, such as the material
of the robot arm. In that case, the grip strength of the robot arm and direction are essential, and
the duration of the force is even more critical. Beside the robotic related application, it can also
be applied on Real-Time Strategy Applications, such as AI in gaming applications (Trackmania,
Genshin Impact, and etc.). Especially those application scenarios deployed on smartphones with
limited computing resources.

3.3 Reinforcement Learning with Variable Control Rate

A straightforward approach to variable time step duration is to monitor the completion of each
execution action and dispatching the subsequent command. Indeed, in low-frequency control sce-
narios, there are typically no extensive demands for information delay or the overall time required
to accomplish the task [games like Go or Chess, 136, 137]. However, in applications like robotics
or autonomous driving, the required control frequency can vary from very high [7, 138, 6] to low
depending on the state of the system. Following reactive programming principles[93], to control
the system only when necessary we propose that the policy also outputs the duration of the current
time step. Reducing the overall number of time steps conserves computational resources, reduces
the agent’s energy consumption, and enhances data efficiency.

Unfortunately, in most RL algorithms, such as Q learning [139] and the policy gradient algorithm
[27], there is no concept of the action execution time, which is considered only in few works
[140, 81]. When control frequency is taken into consideration, it is mostly related to specific
control problems [141, 142], and assuming actions executed at a fixed rate.

We propose a reward policy incorporating the agent’s energy consumption and the time taken to
complete a task and extend Soft Actor-Critic [73] into the Soft Elastic Actor-Critic (SEAC) algo-
rithm, detailed in the following.
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It is worth noting that for using SEAC on a robot control, an appropriate control system would be
necessary for a real-world implementation, e.g. a proportional-integral-derivative controller (PID)
controller [143], an Extended Kalman filter (EKF)[144], and other essential elements. These com-
ponents would need to be implemented to use SEAC into a real system environment. Nevertheless,
we show that our system can indeed learn the duration of control steps and outperform established
methods in a proof-of-concept implementation.

3.3.1 Energy and Time Concerned Reward Policy

As shown in Figure 3.2, our approach tackles a multi-objective optimization challenge, in contrast
to conventional single-objective reinforcement learning reward strategies. We aim to achieve a pre-
defined objective (metric 1) while minimizing energy consumption (metric 2) and time to complete
the task (metric 3). To reduce the reward to a scalar, we introduce 3 weighting factors: αt, αε,
and ατ , respectively assigned to our three metrics. It is important to note that we consider only
the energy consumption associated with the computation of a time step (i.e. energy is linearly pro-
portional to the number of steps) and not the energy consumption of the action itself (e.g moving
a heavy object, taking a picture, etc.). Thus, our assessment of the agent’s energy usage is solely
based on the computational load.

At the same time, it is also necessary to minimize time consumption. Reducing the number of time
steps does not necessarily mean reducing the overall time consumption under variable control rates.
The MDP does not constrain the time the agent takes to complete a time step. In some extreme
cases, for example, the agent took an entire year to meet one step only. Although it meets with the
MDP, it is unacceptable for most application scenarios. Based on the above considerations, while
we pursue the number of time-step minimization, we also pursue time-consuming minimization.

We assume that each action incurs a uniform energy consumption, denoted as ε. The time taken to
execute an action is τ . In this context, the reward for one single step is represented by R, and the
relationship can be expressed as follows:
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Rt

R = Rt

R t
αt

Rϵ
αϵ

Rτ ατ

R = αtR t − αϵRϵ − ατRτ

Figure 3.2 (a) the reward policy for traditional RL; (b) the reward policy for elastic time step RL

Reward Function
Definition 1. The reward function is defined as:

R = αt ·Rt − αε ·Rε − ατ ·Rτ

where

Rt = r, r is the value determined by task setting;

Rε = ε, ε is the energy cost of one time step;

Rτ = τ , τ is the time taken to execute a time step.

αt, αε, ατ are parametric weighting factors.

We determine the optimal policy π∗, which maximizes the reward R.
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While our algorithm aims to optimize multiple objectives, we take a simplified approach using
a weighted strategy. Unlike the Hierarchical Reinforcement Learning (HRL) algorithm [90, 91],
our method doesn’t pursue Pareto optimality [115, 116] or involve multiple reward policies at
different levels. Although our approach and HRL are designed to achieve various goals, they differ
fundamentally in strategy settings. We’ve intentionally kept our strategy straightforward, making
it user-friendly, computationally friendly, and adaptable for other algorithms. We’ve incorporated
our reward policy into the SAC [73, 72] algorithm, extending it to SEAC. Importantly, this policy
isn’t exclusive to SAC – it can also be applied to other RL algorithms, such as PPO [44], TD3
[61], etc. This compatibility makes our algorithm easily referenceable and deployable to different
applications.

3.3.2 The Verification Environment Design

Our SEAC verification work requires an environment that is non-discrete time and can reflect the
full impact of time on action execution. This environment is not available within existing RL envi-
ronments, we establish a test environment based on Gymnasium featuring variable action execution
times, shown in Figure 3.3:

G oal

A gent

Obstacle

Variable time of time step

A S imple Newtonian Kinematics E nvironment based on G ymnasium 

World size: (�, �) meters
One Obstacle
One A gent
One G oal

Figure 3.3 A simple Newtonian Kinematics environment designed for verifying SEAC based on
gymnasium.

To help readers grasp our algorithm better, we will delve into the design of the verification envi-
ronment and provide a detailed explanation of how we implemented the algorithm in the upcoming
section. This will give a clearer picture of the practical aspects of our work.

This environment is a continuous two-dimensional (2D) and consists of a starting point, a goal, and
an obstacle. The task involves guiding an agent from the starting point to the goal while avoiding
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the obstacle. Upon resetting the environment, a new goal and obstacle are randomly generated. The
conclusion of an epode is reached when the agent reaches the goal or encounters an obstacle. The
agent is governed by Newton’s laws of motion, including friction, details can be found in Defination
2 and Appendix A A.

The starting point of the agent is also randomly determined. If the goal or obstacle happen to be
too close to the starting point, they are reset. Similarly, if the goal is too close to the location where
the obstacle was generated, the obstacle’s position is reset. This process continues until all three
points are situated at least 0.05 meters apart from each other on a (2 x 2) meters map. Meanwhile,
the maximum force in a single step is 100.0 Newton.

There are eleven dimensions of the state in the environment: the agent’s position, the position of
the obstacle, the position of the goal, the speed of the agent, the duration for last time step, and
the force being applied for the last time step. It is worth noting that we are indeed using historical
data (i.e. the movement and duration value of the preceding step), but refrain from using recurrent
neural networks (RNN) [145, 146]. This decision stems from our concern that adopting recurrent
architectures might deviate the overall reinforcement learning process from the Markov assumption
[11, 147]: different decisions could arise from the same state due to the dynamic environment.

We consider 3 dimensions to the actions within the environment:

1. The time taken by the agent to execute the action;
2. the force being applied for the agent along the x axis;
3. the force being applied for the agent along the y axis.

For instance, an action at = (0.2, 50.0,−70.0) denotes that the agent is expected to apply 50.0
Newton force along the x axis and -70.0 Newton force along the y axis within 0.2 seconds. For
more detailed environment settings, see Appendix A A.

3.4 Implementation of The SEAC

We expend the SAC algorithm to verify the validity of our Definition 1. Because we have not
modified its loss functions, please refer to SAC [72] for its policy optimization.

We validate our reward strategy by taking the SAC algorithm and implementing fully connected
neural networks [148] as both the actor and critic strategy. We assume the agent can explore the
unknown environment as much as possible based on information entropy, giving a high probability
that the agent can discover the optimal solution to complete the task.

As shown in Figure 3.4, we marked the specific values of St and At based on the environment we
explained in Section 3-2 3.3.2, and the network structure of the Actor Policy. This will intuitively
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help readers realize the difference between SEAC and SAC. In contrast to the conventional RL,
in addition to the environment’s state data, we take the agent’s action history values and bring
them together to the form of states as the network’s input, including the time spent performing the
previous action (T ), and the force in the last step (Fx and Fy). We regrad them as part of the state,
because we believe position and velocity is insufficient to express the system’s inertia. This setting
can ensure that the Markov process can completely describe our environment, thereby ensuring the
convergence of the RL algorithm. Additionally, our approach involves an extra component at the
output: the duration time T for each action.

11×256

256×1, Relu� 256×2, Tanh

11×256

256×2, Tanh

S = (Posagent, Posobs , Posgoal , Vagent, T, F ) S = (Posagent, Posobs , Posgoal , Vagent, T, F )

A = (T, Fx , Fy ) A = (Fx , Fy )

Figure 3.4 (a) The SEAC ActorNetwork Architecture; (b) The SAC ActorNetwork Architecture.

When the Actor Network generates the action value At for the next step, the controller (Figure 3.4)
will computes a range of control-related parameters (e.g., speed, acceleration, etc.) based on the
action value and time. Under the context of our test environment, The related formulas are Newton
Kinematics:
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Newton Kinematics Formulas
Definition 2. The Newton Kinematics formulas are:

Daim = 1/2 · (Vaim + Vcurrent) · T ;

Vaim = Vcurrent + AT ;

Faim = mA;

Ftrue = Faim˘ffriction;

ffriction = µmg, IfFaim > ffriction

&Vagent 6= 0;

= Faim, IfFaim ≤ ffriction

&Vagent = 0.

where Daim is the distance generated by the policy that the agent needs to move. Vagent is

the speed of the agent. T is the time to complete the movement generated by the policy, m is

the mass of the agent, µ is the friction coefficient, and g is the acceleration of gravity.

Through the duration and force generated by the policy, we can know the acceleration required to
complete the policy and then calculate the speed. Then, we can compute the movement. However,
due to friction, the actual acceleration will be inconsistent with the aimed acceleration, and the
movement of the agent will be affected by Newtonian kinematics. Ultimately, the agent incorpo-
rates these actionable parameters into the environment, generating a new state and reward. This
process is iterated until the completion of the task.

Our objective is for the agent to learn the optimal execution time for each step independently. We
need to ensure that time is not considered as a negative value. Consequently, diverging from the
single Tanh [149] output layer typical in traditional RL Actor Networks, we separate the Actor
Network’s output layer into two segments: we use Tanh as the output activation for the action
value, and ReLu6 [150] for the output activation related to the time value.

As Definition 1, the precise reward configuration for our environment are outlined in Table 3.1.
The hyperparameters settings can be found in Appendix BF.

It is noteworthy that our design does not substantially increase the model size. The recorded size
of the network model in Appendix A is a mere 282.5KB after training. In comparison, the model
size of the SAC network, of equivalent dimensions, is 280.5KB after training. The SEAC model is
only 2KB larger, representing approximately a 7 ‰ increase in storage demand. This meticulous
consideration ensures the model’s deployability.
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Table 3.1 Reward Policy for The Simple Newtonian Kinematics Environment

Reward Policy

Name Value Annotation

100.0 Reach the goal
r −100.0 Crash on an obstacle

−1.0 ·Dgoal Dgoal: distance to goal
ε 1.0 Computational energy (Joule)
αt 1.0 Task gain factor
αε 1.0 Energy gain factor
ατ 1.0 Time gain factor

3.5 Experimental Results

We conducted six experiments for each of the three RL algorithms, employing various parame-
ters within the environment described in Section III3.3.2 2. These experiments were conducted on
a machine equipped with an Intel Core i5-13600K CPU and an NVIDIA RTX 4070 GPU, run-
ning Ubuntu 20.04. Subsequently, we selected the best-performing policy for each of these three
algorithms to draw the graphs in Figures 3.5–3.8.

The frequency range for action execution spans from 1 to 100 Hz, and the agent’s force value
ranges from -100 to 100 Newton. We compared our results with the original SAC [72] and PPO
[44] algorithms, both employing a fixed action execution frequency of 5.0 Hz.

We use the conventional average return graph and record the average time cost per task to clearly
and intuitively represent our approach’s performance. Furthermore, we generate a chart illustrating
how the variable control rate policy works in action execution frequency for four tasks with the
SEAC model. Finally, we draw a raincloud graph to visualize the disparities in energy costs among
these three RL algorithms for one hundred different tasks.

Appendix BF provides all hyperparameter settings and implementation details. The average return
results of all algorithms are shown in Figure 3.5, and their time-consuming results are shown in
Figure 3.6:

Figure 3.5 and Figure 3.6 show that SEAC surpasses the baselines in terms of average return and
time efficiency. The amount of data that SEAC needs to be trained has one more dimension than
SAC and PPO (duration). So its training speed is not as fast as the above two at the beginning. How-
ever, when SEAC gradually reduces the amount of data by reducing the number of steps, its data
efficiency improves significantly, starting from around 300,000 steps and finally converging before

2Our code is publicly available at Github: https://github.com/alpaficia/SEAC_Pytorch_release
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Figure 3.5 Average returns for three algorithms trained in 1.2 million steps. The figure on the right
is a partially enlarged version of the figure on the left.

SAC and PPO around 900,000 to 1,200,000 steps. Fast training is also an exciting advantage for
deployable AI.Meanwhile, SEAC, using the same policy optimization algorithm but incorporating
an elastic time step, demonstrates higher and more stable final performance than SAC.

When considering the adaptation of action execution frequency within the SEAC model, we gener-
ate the variable control rate policy explanation charts for four distinct trials, as depicted in Figure
3.7, each utilizing different random seeds. As shown within the four charts, the first step of these
SEAC policies is to use one or two long period steps to give the agent a large force to accelerate
and to approach the goal, then use a small time to adjust the speed direction within a step, and then
use high-frequency control rates to reach the target (subfigure 4) stably. Subfigures 3 and 4 show
that it has learned to avoid obstacles.

Additionally, Figure 3.8 illustrates the energy cost (i.e. the number of time steps) across one hun-
dred independent trial: as expected, SEAC minimizes energy with respect to PPO and SAC without
affecting the overall average reward. It is worth noting that SAC and PPO are not optimising for
energy consumption, so they are expected to have a large result spread. More interestingly, SEAC
both reduces energy consumption and achieved a high reward. We maintain a uniform seed for all
algorithms during this analysis to ensure fair and consistent results.

As shown in Figure 3.7, the agent’s task execution strategy primarily focuses on minimizing the
number of steps and the time required to complete the task. Notably, the agent often invests a sub-
stantial but justifiable amount of time in the initial movement phase, followed by smaller times for
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Figure 3.6 Average time cost per episode for three algorithms trained in 1.2 millions steps. The
figure on the right is a partially enlarged version of the figure on the left.

subsequent steps to arrive at the goal. This pattern aligns with our core philosophy of minimizing
energy and time consumption.

Figure 3.8 shows that the average computing energy consumption and its standard deviation of
SEAC for completing the same task are far lower than the two fixed control rate-based reinforce-
ment learning policies as comparison objects. Compared with the SAC baseline, the average com-
puting energy consumption is reduced by arround 25% while taking less time to accomplish tasks.
As we mentioned in Section IV3.4, when the storage load increased by about 7 ‰, the comput-
ing energy consumption dropped by around 25%, and the performance was not lost or even better.
Compared with the fixed-time step RL policy, the variable-rate RL policy is undoubtedly a better

choice for the deployable AI.

Furthermore, the variance in data distribution is notably reduced within the SEAC results. These
findings underscore the algorithm’s heightened stability in dynamic environments, further substan-
tiating the practicality of our variable control rate-based RL reward policy.

3.6 Conclusions and Future Work

We propose a variable control rate-based reward policy that allows an agent to decide the duration
of a time step in reinforcement learning, reducing energy consumption and increasing sample effi-
ciency (since fewer time steps are needed to reach a goal). Reducing the number of time steps can
be very beneficial when using robots with limited capabilities, as the newly freed computational
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Figure 3.7 Four example tasks show how SEAC changes the control rate dynamically to adapt to
the Newtonian mechanics environment and ultimately reasonably complete the goal.

resources can be used for other tasks such as perception, communication, or mapping. The overall
energy reduction also increases the applicability of this policy to deployable AI on robotics.

We introduce the Soft Elastic Actor Critic (SEAC) algorithm and verify its applicability with a
proof-of-concept implementation in an environment with Newtonian kinematics. The algorithm
could be easily extended to real-world applications, and we invite the reader to refer to Section
V3.5 and Appendix BF for the implementation details.

To the best of our knowledge, SEAC is the first reinforcement learning algorithm that simultane-
ously outputs actions and the duration of the following time step. Although the method would
benefit from testing in more realistic and dynamic settings, such as Mujoco [80] or TMRL [151],
we believe this method presents a promising approach to enhance RL’s efficiency and energy con-
servation for deployment on real-world robotic systems.
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Figure 3.8 The energy cost for 100 trials. SEAC consistently reduces the number of time steps
compared with PPO and SAC without affecting the overall average reward. Therefore, SAC and
PPO are not optimizing for energy consumption and have a much larger spread.
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CHAPTER 4 ARTICLE 2: MOSEAC: STREAMLINED VARIABLE TIME STEP
REINFORCEMENT LEARNING

Preface: Traditional reinforcement learning (RL) methods often struggle with the limitations 
of fixed c ontrol l oops, l eading t o i nefficiencies in  co mputational an d en ergy re sources. In  this 
chapter, we introduce the Multi-Objective Soft Elastic Actor-Critic (MOSEAC) algorithm, which 
enhances RL by dynamically adjusting control frequencies based on the system’s state and 
environmental conditions. This method simplifies h yperparameter t uning a nd i mproves task 
performance and energy efficiency. We validate M OSEAC t hrough s imulations i n a  Newtonian 
kinematics environment, demonstrating significant i mprovements o ver e xisting m ethods like 
SEAC and CTCO. Our findings suggest that MOSEAC offers a versatile and efficient solution for 
various RL applications, particularly in dynamic and resource-constrained settings.

Full Citation: Wang, Dong, and Giovanni Beltrame. "MOSEAC: Streamlined Variable Time 
Step Reinforcement Learning." In Processing of the Reinforcement Learning Conference, Finding 
The Frame Workshop, 2024. Manuscript accepted for publication on June 4th, 2024.

Traditional reinforcement learning (RL) methods typically employ a fixed control loop, where each
cycle corresponds to an action. This rigidity poses challenges in practical applications, as the opti-
mal control frequency is task-dependent. A suboptimal choice can lead to high computational de-
mands and reduced exploration efficiency. Variable Time Step Reinforcement Learning (VTS-RL)
addresses these issues by using adaptive frequencies for the control loop, executing actions only
when necessary. This approach, rooted in reactive programming principles, reduces computational
load and extends the action space by including action durations. However, VTS-RL’s implemen-
tation is often complicated by the need to tune multiple hyperparameters that govern exploration
in the multi-objective action-duration space (i.e., balancing task performance and number of time
steps to achieve a goal). To overcome these challenges, we introduce the Multi-Objective Soft Elas-
tic Actor-Critic (MOSEAC) method. This method features an adaptive reward scheme that adjusts
hyperparameters based on observed trends in task rewards during training. This scheme reduces
the complexity of hyperparameter tuning, requiring a single hyperparameter to guide exploration,
thereby simplifying the learning process and lowering deployment costs. We validate the MOSEAC
method through simulations in a Newtonian kinematics environment, demonstrating high task and
training performance with fewer time steps, ultimately lowering energy consumption. This valida-
tion shows that MOSEAC streamlines RL algorithm deployment by automatically tuning the agent
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control loop frequency using a single parameter. Its principles can be applied to enhance any RL
algorithm, making it a versatile solution for various applications.

4.1 Introduction

Model-free deep reinforcement learning (RL) algorithms have achieved significant success in var-
ious domains, including gaming [152, 57] and robotic control [153, 5]. Traditional RL methods
typically rely on a fixed control loop where the agent takes actions at predetermined intervals, e.g.
every 0.1 seconds (10 Hz). However, this approach introduces significant limitations: fixed-rate
control can lead to stability issues and high computational demands, especially in dynamic envi-
ronments where the optimal action frequency may vary over time.

To address these limitations, Variable Time Step Reinforcement Learning (VTS-RL) was recently
introduced, based on reactive programming principles [154, 93]. The key idea behind VTS-RL is
to execute control actions only when necessary, thereby reducing computational load, as well as
expanding the action space including variable action durations. For instance, in an autonomous
driving scenario, VTS-RL enables the agent to adapt its control strategy based on the situation,
using a low frequency in stable conditions and a high frequency in more complex situations [155].

Two notable VTS-RL algorithms are Soft Elastic Actor-Critic (SEAC) [155] and Continuous-Time
Continuous-Options (CTCO) [82], which simultaneously learn actions and their durations.

CTCO employs continuous-time decision-making and flexible option durations, improving explo-
ration and robustness in continuous control tasks. However, its effectiveness can be hampered by
the need to tune several hyperparameters, and the fact that tasks can take a long time to complete
as CTCO does not optimize for task duration.

In contrast, SEAC adds reward terms for task energy (i.e. the numbers of actions performed)
and task time (i.e. the time needed to complete a task), showing effectiveness in time-restricted
environments like a racing video game [156]. However, SEAC requires careful tuning of its hyper-
parameters (balancing task, energy, and time costs) to avoid performance degradation.

SEAC and CTCO’s brittleness to hyperparameter settings poses a challenge for users aiming to
fully leverage their potential. To mitigate this issue, we propose the Multi-Objective Soft Elastic
Actor-Critic (MOSEAC) algorithm based on SEAC [155]. MOSEAC adds action durations to the
action space and adjusts hyperparameters based on observed trends in task rewards during training,
leaving a single hyperparameter to be set to guide the exploration. We evaluate MOSEAC in a
Newtonian kinematics simulation environment, comparing it CTCO, SEAC, and fixed-frequency
SAC, showing that MOSEAC is stable, accelerates training, and has high final task performance.
Additionally, our hyperparameter setting approach can be broadly applied to any continuous action



46

reinforcement learning algorithm, such as Twin Delayed Deep Deterministic (TD3) [61] or Prox-
imal Policy Optimization (PPO) [44]. This adaptability facilitates the transition from fixed-time
step to variable-time step reinforcement learning, significantly expanding the scope of its practical
application.

4.2 Related Work

The importance of action duration in reinforcement learning algorithms has been severely under-
estimated for a long time. In fact, if reinforcement learning algorithms are to be applied to the
real world, it is an essential factor, impacting an agent’s exploration capabilities [12, 13]. High
frequencies may reduce exploration efficiency in some cases, but are needed in others such as en-
vironments with delays [81]. Wang and Karimi [156, 82] show how various frequencies impact
learning, with high frequencies potentially impeding convergence. Thus, a dynamically optimal
control frequency, which adjusts in real time based on reactive principles, could enhance perfor-
mance and adaptability.

Sharma et al. [83] introduced a concept similar to variable control frequencies, developing a frame-
work for repetitive action reinforcement learning. This model allows an agent to perform identical
actions over successive states, combining them into a larger action. This method has intrigued
researchers, especially in gaming [85, 86], but fails to account for physical properties or reduce
computational demands, making its practical application challenging.

Additionally, Chen et al. [84] attempted to modify the traditional “control rate” by integrating ac-
tions such as “sleep” to reduce activity periods ostensibly. However, this approach still mandates
fixed-frequency checks of system status, which does not effectively diminish the computational
load as anticipated. These instances underscore the ongoing challenges and the nascent stage of
effectively integrating variable control frequencies and repetitive behaviors into real-world appli-
cations, highlighting a critical gap between theoretical innovation and practical efficacy.

4.3 Algorithm Framework

To reduce hyperparameter dimensions, we combine SEAC’s [155] hyperparameters balancing task,
energy, and time rewards using a simple multiplication method. We then apply an adaptive ad-
justment method on the remaining hyperparameters. Like SEAC, our reward equation includes
components for:

• Quality of task execution (the standard RL reward),
• Time required to complete a task (important for varying action durations), and
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• Energy (the number of time steps, a.k.a. the number of actions taken, which we aim to
minimize).

Definition 3.
R = αmRtRτ − αε

where Rt is the task reward; Rτ is a time dependent term.

αm is a weighting factor used to modulate the magnitude of the reward. Its primary function is to

prevent the reward from being too small, which could lead to task failure, or too large, which could

cause reward explosion, ensuring stable learning.

αε is a penalty parameter applied at each time step to impose a cost on the agent’s actions. This

parameter gives a fixed cost to the execution of an action, thereby discouraging unnecessary ones.

In practice αε promotes the completion of a task using fewer time steps (remember that time steps

have variable duration), i.e. it reduces the energy used by the control loop of the agent.

We determine the optimal policy π∗, which maximizes the reward R.

The reward as designed, minimizes both energy cost (number of steps) and the total time to com-
plete the task through Rτ . By scaling the task-specific reward based on action duration with αm,
agents are motivated to complete tasks using fewer actions:

Definition 4. The remap relationship between action duration and reward

Rτ = tmin/t, Rτ ∈ [tmin/tmax, 1]

where t is the duration of the current action, tmin is the minimum duration of an action (strictly

greater than 0), and tmax is the maximum duration of an action.

To automatically set αm and αε to optimal values, we adjust them dynamically during training.
Based on Wang [156]’s experience, we increase αm and decrease αε to mitigate convergence issues,
specifically the problem of sparse rewards caused by a suboptimal set of a large αε and a small
αm. This adjustment ensures that rewards are appropriately balanced, facilitating learning and
convergence.

These parameters are adjusted based on observed trends in task rewards: if the average reward
is declining (see Definition 6), we increase αm and decrease αε, linking them with a sigmoid
function, ensuring a balanced reward structure that promotes convergence and efficient learning. To
guarantee stability, we ensure the change is monotonic, forcing a uniform sweep of the parameter
space.
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Definition 5. The relationship between αε and αm is

αε = 0.2 ·
(

1− 1
1 + e−αm+1

)

Based on Wang [155]’s experience, we establish a mapping relationship between the two parame-

ters: when the initial value of αm is 1.0, the initial value of αε is 0.1. As αm increases, αε decreases,

but never falls below 0.

To determine the trend on the average reward, we perform a linear regression across the current
training episode and compute the slope of the resulting line: if it is negative, the reward is declining.

Definition 6. The slope of the average reward (kR) is:

kR(Ra) = n
∑n
i=1(i ·Rai)− (∑n

i=1 i) (∑n
i=1Rai)

n
∑n
i=1 i

2 − (∑n
i=1 i)

2

where n is the total number of data points collected across the update interval (kupdate in Algorithm

1). The update interval is a hyperparameter that determines the frequency of updates for these

neural networks used in the actor and critic policies, occurring after every n episode [29]. Ra

represents the list of average rewards (Ra1, Ra2, ..., Ran) during training. Here, an average reward

Rai is calculated across one episode.

After observing a downward trend in the average reward during the training process, we introduced
the hyperparameter ψ to dynamically adjust αm as defined in Definition 7.

Definition 7. We adaptively adjust the reward every kupdate episodes. When kR < 0:

αm = αm + ψ

where, ψ is the only additional hyperparameter required by our MOSEAC to tune the reward equa-

tion during training. Additionally, αε is adjusted as described in Definition 5.
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Algorithm 1 shows the pseudocode of MOSEAC. Convergence analysis is provided in Appendix H.

Algorithm 1: Multi-Objective Soft Elastic Actor and Critic
Require: a policy π with a set of parameters θ, θ′ , critic parameters φ, φ′ , variable time

step environment model Ω, learning-rate λp, λq, reward buffer βr, replay buffer
β.

Initialization i = 0, ti = 0, βr = 0, observe S0

while ti ≤ tmax do
for i ≤ klength ∨NotDone do

Ai, Di = πθ(Si) → simple action and its duration
Si+1, Ri = Ω(Ai, Di) → compute reward with Definition 3 and 4
i← i+ 1

end
βr ← 1/i×∑i

0Ri → collect the average reward for one episode
β ← S0∼i, A0∼i, D0∼i, R0∼i, S1∼i+1

i = 0
ti ← ti + 1
if ti ≥ kinit & ti | kupdate then

Sample S, A, D, R, S
′
from(β)

φ← φ− λq∇δLQ(φ, S, A, D, R, S ′) → critic update
θ ← θ − λp∇θLπ(θ, S, A, D, φ) → actor update
if kR(βr) then

αm ← αm + ψ → see Definition 6 for kR
αε ← Fupdate(αm) → update αm, αε followed Definition 5

end
βr = 0 → Re-record average reward values under new hyperparameters

end
Perform soft-update of φ′ and θ′

end

Here, tmax represents maximum training steps [29]; klength is maximum exploration steps per
episode [29]; kinit is steps in the initial random exploration phase [29]. The reward Ri is calculated
as R(Si, Ai, Di), where Di lies within [Tmin, Tmax], representing action duration.

Our algorithm optimizes multiple objectives using a streamlined, weighted strategy. Unlike Hier-
archical Reinforcement Learning (HRL) [90, 91], which seeks Pareto optimality [115, 116] with
layered reward policies, our method simplifies the approach. We emphasize user-friendliness and
computational efficiency, making our strategy easily adaptable to various algorithms.
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Apart from a series of hyperparameters inherent to RL that need adjustment, such as learning rate,
tmax, kupdate, etc., ψ is the only hyperparameter that requires tuning in MOSEAC.

However, one limitation of our approach is that high ψ values can lead to issues such as reward
explosion. While a small ψ value generally avoids significant problems and guides αm to its op-
timal value, it requires extended training periods. Determining the appropriate ψ value remains a
critical optimization point in our method. We recommend using the pre-set ψ value provided in our
implementation, thus reducing the need for additional parameter adjustments. If users encounter
problems such as reward explosion, it is advisable to reduce the ψ value appropriately. Our ongoing
research aims to mitigate further the risks associated with ψ, enhancing the algorithm’s reliability
and robustness.

4.4 Empirical Analysis

We conduct six experiments involving MOSEAC, SEAC, CTCO, and SAC algorithms (at 20 Hz
and 60 Hz) within a Newtonian kinematics environment. A detailed description of the environment
appears in Appendix B. These tests are performed on a computer equipped with an Intel Core
i5-13600K and a Nvidia RTX 4070 GPU. The operating system is Ubuntu 22.04 LTS. For the
hyperparameter settings of MOSEAC, please refer to Appendix G1

Figure 4.1 illustrates the result of training process. In Figure 4.1a, the average returns align with our
expectations, showing that CTCO is sensitive to the choice of action duration range, which affects
its discount factor γ. During the training process γ tended to be very small, compromising CTCO’s
long-term planning. Overall, CTCO performs worse than the two fixed-control frequency SAC
baselines in this environment. In contrast, MOSEAC trains slightly faster than SEAC, as shown in
Figure 4.1b.

We compared MOSEAC’s task performance with the best-performing SEAC after training. Due to
the poor performance of CTCO and SAC, we excluded them from the analysis. Figure 4.2 presents
performance metrics related to energy consumption and task duration. Specifically, Figure 4.2a
shows the average energy consumption (measured in steps) for 300 tasks, and Figure 4.2b compares
average task durations. Data show that MOSEAC’s average energy and time costs are lower than
SEAC’s.

Wilcoxon signed-rank test (chosen due to the lack of normality in the data distribution) indicates
that MOSEAC’s energy cost is lower than SEAC’s (z = -1.823, p = 0.020), where MOSEAC has a
mean energy cost of 3.120 (SD = 0.424), compared to SEAC’s mean of 3.193 (SD = 0.451). De-
tailed statistical results are provided in Appendix J. Similarly, MOSEAC’s time cost is significantly

1Our code is public available.

https://github.com/alpaficia/MOSEAC
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Figure 4.1 Result graphs of five reinforcement learning algorithms.

lower than SEAC’s (z = -2.669, p = 0.004), with MOSEAC having a mean time cost of 0.905 (SD
= 0.125), compared to SEAC’s mean of 0.935 (SD = 0.127).

The improved performance of MOSEAC over SEAC can be attributed to its reward function. While
SEAC’s reward function is linear, combining task reward, energy penalty, and time penalty inde-
pendently, MOSEAC introduces a multiplicative relationship between task reward and time-related
reward. This non-linear interaction enhances the reward signal, particularly when both task perfor-
mance and time efficiency are high, and naturally balances these factors. By keeping the energy
penalty separate, MOSEAC maintains flexibility in tuning without complicating the relationship
between time and task rewards. This design allows MOSEAC to more effectively guide the agent’s
decisions, resulting in better energy efficiency and task completion speed in practical applications.

4.5 Conclusion and Future Work

In this paper, we present MOSEAC, a VTS-RL algorithm with adaptive hyperparameters that re-
spond to observed reward trends during training. This approach significantly reduces hyperparam-
eter sensitivity and increases robustness, improving data efficiency. Unlike other VTS-RL algo-
rithms, our method does not requires a single hyperparameter, thereby reducing learning and tuning
costs when transitioning from fixed to variable time steps. This establishes a strong foundation for
real-world applications.

Our next objective is to implement our method in real-world robotics applications, such as smart
cars and robotic arms.
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CHAPTER 5 ARTICLE 3: REINFORCMENT LEARNING WITH ELASTIC TIME
STEP

Preface: Traditional reinforcement learning (RL) methods are typically implemented with fixed
control rates, leading to inefficiencies as optimal control rates vary with task requirements. In
this paper, we introduce the Multi-Objective Soft Elastic Actor-Critic (MOSEAC) algorithm,
which dynamically adjusts control frequency to minimize computational resources by selecting
the lowest viable frequency. We show that MOSEAC converges and produces stable policies at the
theoretical level, validated in a real-time 3D racing game. MOSEAC significantly outperformed
other variable time step approaches in energy efficiency, training speed, and task effectiveness,
demonstrating its potential for real-world RL applications in robotics.

Full Citation: Wang, Dong, and Giovanni Beltrame. "Reiforcement Learning with Elastic Time
Step". Submitted to IEEE Robotics and Automation Letters on July 2nd, 2024.

Traditional Reinforcement Learning (RL) policies are typically implemented with fixed control
rates, often disregarding the impact of control rate selection. This can lead to inefficiencies as the
optimal control rate varies with task requirements. We propose the Multi-Objective Soft Elastic
Actor-Critic (MOSEAC), an off-policy actor-critic algorithm that uses elastic time steps to dynam-
ically adjust the control frequency. This approach minimizes computational resources by selecting
the lowest viable frequency. We show that MOSEAC converges and produces stable policies at
the theoretical level, and validate our findings in a real-time 3D racing game. MOSEAC signif-
icantly outperformed other variable time step approaches in terms of energy efficiency and task
effectiveness. Additionally, MOSEAC demonstrated faster and more stable training, showcasing
its potential for real-world RL applications in robotics.

keywords Reinforcement Learning, AI-Based Methods, Optimization and Optimal Control

5.1 Introduction

Model-free deep reinforcement learning (RL) algorithms have demonstrated significant value in
diverse domains, from video games [136, 151] to robotic control [72, 131]. For instance, Sony’s
autonomous racing cars achieved remarkable results with fixed training frequencies of 10 Hz and
60 Hz [131].
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However, using suboptimal, fixed control rates presents limitations, leading to excessive caution,
wasted computational resources, risky behavior, and compromised control.

Variable Time Step Reinforcement Learning (VTS-RL) has been introduced to address issues
related to fixed control rates in traditional RL. By leveraging reactive programming principles
[154, 93], VTS-RL performs control actions only when necessary, reducing computational load
and enabling variable action durations. For example, in robotic manipulation, VTS-RL allows a
robot arm to adapt its control frequency dynamically, using lower frequencies for simple tasks and
higher frequencies for complex maneuvers or delicate handling [82].

Two prominent VTS-RL algorithms are Soft Elastic Actor-Critic (SEAC [155]) and Continuous-
Time Continuous-Options (CTCO) [82]. CTCO supports continuous-time decision-making with
flexible option durations, enhancing exploration and robustness. However, it involves tuning mul-
tiple hyperparameters, such as radial basis functions (RBFs) and time-related parameters τ for its
adaptive discount factor γ, making tuning complex in certain environments.

SEAC incorporates reward components related to task energy (number of actions) and task time,
making it effective in time-constrained environments. Despite its advantages, SEAC demands care-
ful tuning of hyperparameters to balance task, energy, and time costs to ensure optimal perfor-
mance. The sensitivity of both SEAC and CTCO to hyperparameter settings presents a challenge
for users aiming to fully exploit their capabilities.

We recently proposed Multi-Objective Soft Elastic Actor-Critic (MOSEAC [157]), which reduced
the dimension of hyperparameters and the algorithm’s dependence on hyperparameters by dynam-
ically adjusting the hyperparameters corresponding to the reward structure.

We identify shortcomings in our previous work, where we proposed adapting αm by monitoring
reward trends. However, in some tasks, reward trends are not always stable, posing a risk of reward
explosion. To address this, we introduce an upper limit αmax for αm. We provid pseudocode for
this improvement and established a corresponding Lyapunov stability function [14] to demonstrate
the stability (convergence) of the new algorithm.

We evaluate MOSEAC in a racing game (Ubisoft TrackMania [158]), comparing it against CTCO [82],
SEAC [155] and Soft Actor-Critic (SAC [73]). Our results demonstrate MOSEAC’s improved
training speed, stability, and efficiency. Our key contributions are:

1. Algorithm Enhancement and Convergence Proof: We introduce an upper limit αmax on
the parameter αm to prevent reward explosion, ensuring the stability and convergence of the
MOSEAC algorithm. This enhancement is validated through a Lyapunov model, providing a
proof of convergence and demonstrating the efficacy of the new adjustment mechanism.
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2. Enhanced Training Efficiency: We show that MOSEAC achieves faster and more stable
training than CTCO, highlighting its practical benefits and applicability in real-world scenar-
ios.

The paper is organized as follows. Section 5.2 describes the current research status of variable time
step RL. Section 5.3 introduces MOSEAC with its pseudocode and Lyapunov model. Section 5.4
describes the test environments. Section 5.5 presents the simulation parameters and results. Finally,
Section 5.6 concludes the paper.

5.2 Related Work

Fixed control rates in RL often lead to inefficiencies. Research by [155] shows that suboptimal
fixed rates can cause excessive caution or risky behavior, wasting resources and compromising
control. Control rates significantly impact continuous control systems beyond computational de-
mands. Some studies [12, 13] indicate that high control rates can degrade RL performance, while
low rates hinder adaptability in complex scenarios.

Sharma et al. [83] proposed learning to repeat actions to mimic dynamic control rates, but this
approach does not change the control frequency or reduce computational demands. Few studies
have explored repetitive behaviors in real-world scenarios, such as those by Metelli et al. [85] and
Lee et al. [86]. Chen et al. [84] introduced variable “control rates” using actions like “sleep,” but
still involved fixed-frequency checks.

Cui et al. [121] applied the Lyapunov model to verify the stability of RL algorithms and addressed
handling the dynamics of power systems over time, although it still uses a fixed frequency to scan
system states.

Introducing time steps of variable duration allows a robotic system to better adapt to its task and
environment by adjusting control actions based on the system’s current conditions, addressing the
nonlinearity and time-variant dynamics typical in robotics [159]. This adaptability ensures optimal
performance through efficient resource utilization and effective response to varying conditions [95,
93].

Lyapunov models provide robust stability guarantees by employing a scalar function that decreases
over time, ensuring system convergence to a desired equilibrium. By incorporating Lyapunov
stability into our reinforcement learning framework, we ensure that the learning process remains
stable, thereby preventing erratic behavior and potential system failure [121, 122].
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5.3 Multi-Objective Soft Elastic Actor and Critic

Our algorithm builds upon previous work [157], combining SEAC’s hyperparameters for balancing
task, energy, and time rewards through a simple multiplication method, and applying adaptive
adjustments to the remaining hyperparameters. A key improvement is the introduction of an upper
limit for the hyperparameter αm. Below is an overview of the MOSEAC algorithm. This overview
emphasizes the critical aspects of MOSEAC without delving into the detailed definitions. The
reader can refer to [157] for details.

The reward in MOSEAC is:
R = αmRtRτ − αε

where Rt is the task reward, Rτ is a time-dependent term, αm is a weighting factor to modulate
reward magnitude, and αε = 0.2 ·

(
1− 1

1+e−αm+1

)
is a penalty parameter applied at each time step

to reduce unnecessary actions.

To automatically set αm to an optimal value, we dynamically adjust it during training. This adjust-
ment mitigates convergence issues, specifically the problem of sparse rewards caused by suboptimal
settings of αm. MOSEAC increases αm (and decrease αε) if the average reward is declining.

We introduce a hyperparameter ψ to dynamically adjust αm based on observed trends in task re-
wards:

αm =

αm + ψ if αm < αmax

αm = αmax otherwise

In this work, we add αmax to ensure convergence and prevent reward explosion.

Algorithm 2 shows the pseudocode of MOSEAC. In short, MOSEAC extends the SAC algorithm
by incorporating action duration D into the action policy set. This expansion allows the algorithm
to predict the action and its duration simultaneously. The reward is calculated using section 5.3,
and its changes are continuously monitored. If the reward trend declines, αm increases linearly at
a rate of ψ, without exceeding alphamax. The action and critic networks are periodically updated
like the SAC algorithm based on these preprocessed rewards.

The maximum number of training steps is denoted as tmax [29], while klength indicates the maxi-
mum number of exploration steps per episode [29]. The initial random exploration phase comprises
kinit steps [29]. kupdate [29] is the update interval determining the frequency of updates for these
neural networks used in the actor and critic policies. The reward Ri is computed as R(Si, Ai, Di),
where Di falls within the interval [Dmin, Dmax], representing the duration of the action.
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Algorithm 2: Multi-Objective Soft Elastic Actor and Critic
Require: a policy π with a set of parameters θ, θ′ , critic parameters φ, φ′ , variable time

step environment model Ω, learning-rate λp, λq, reward buffer βr, replay buffer
β.

Initialization i = 0, ti = 0, βr = 0, observe S0
while ti ≤ tmax do

for i ≤ klength ∨NotDone do
Ai, Di = πθ(Si)
Si+1, Ri = Ω(Ai, Di)
i← i+ 1

end
βr ← 1/i×∑i

0Ri

β ← S0∼i, A0∼i, D0∼i, R0∼i, S1∼i+1
i = 0
ti ← ti + 1
if ti ≥ kinit & ti | kupdate then

Sample S, A, D, R, S
′
from(β)

φ← φ− λq∇δLQ(φ, S, A, D, R, S ′)
→ critic update

θ ← θ − λp∇θLπ(θ, S, A, D, φ)
→ actor update

if kR(βr) then
αm = αm + ψ ifαm < αmax
Or αm = αmax otherwise
αε ← Fupdate(αm)

end
βr = 0

→ Re-record average reward values under new hyperparameters
end
Perform soft-update of φ′ and θ′

end
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Our algorithm employs a scalarizing strategy to optimize multiple objectives, sweeping the design
space by adapting αm during training. Unlike Hierarchical Reinforcement Learning (HRL) [90, 91]
which aims for Pareto optimality [116] through layered reward policies, our approach simplifies
the process. We focus on ease of use and computational efficiency, ensuring our method can easily
adapt to various algorithms.

It is worth noting that the choice of ψ is crucial for optimal performance, as ψ represents the
sweeping step of our optimization (similar to the learning parameter in gradient descent). We
suggest using the pre-set ψ value from our implementation to minimize the need for further ad-
justments. If training performance is inadequate, a high ψ value might cause the reward signal’s
gradient to change too quickly, leading to instability; in this case, a lower ψ is recommended. Con-
versely, if training progresses too slowly, a low ψ value might weaken the reward signal, hindering
convergence; thus, increasing ψ could be beneficial.

5.3.1 Convergence Proof

With our reward function, the policy gradient is:

∇θJ(πθ) = Eπθ
[
∇θ log πθ(a,D|s)·(
Qπ(s, a,D) · (αm ·Rτ )− αε

)]

where∇θJ(πθ) is the gradient of the objective function with respect to the policy parameters θ.

The value function update, incorporating the time dimension D and our reward function, is:

L(φ) = E(s,a,D,r,s′)

[(
Qφ(s, a,D)−

(
r + γE(a′,D′)∼πθ

[Vφ̄(s′)− α log πθ(a′, D′|s′)]
))2

]

where L(φ) is the loss function for the value function update, r is the reward, γ is the discount
factor, and Vφ̄(s′) is the target value function.

The new policy parameter θ update rule is:

θk+1 = θk + βkEs∼D,(a,D)∼πθ

[
∇θ log πθ(a,D|s)·(
Qφ(s, a,D) · (αm ·Rτ )− αε

− Vφ̄(s) + α log πθ(a,D|s)
)]
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where βk is the learning rate at step k.

To analyze the impact of dynamically adjusting αm and αε, we assume:

1. Dynamic Adjustment Rules: αm increases monotonically by a small increment ψ if the re-
ward trend decreases over consecutive episodes, and its upper limit is αmax, which guarantees
algorithmic convergence and prevents reward explosion. αε decreases as defined.

2. Learning Rate Conditions: αk and βk must satisfy [41]:

∞∑
k=0

αk =∞,
∞∑
k=0

α2
k <∞

∞∑
k=0

βk =∞,
∞∑
k=0

β2
k <∞

Assuming the critic estimates are unbiased:

E[Qφ(s, a,D) · (αm ·Rτ )− αε] = Qπ(s, a,D) · (αm ·Rτ )− αε

Since Rτ is a positive number within [0, 1], its effect on Qπ(s, a,D) is linear and does not affect
the consistency of the policy gradient.

1. Positive Scaling: As 0 ≤ Rτ ≤ 1 and αm ≥ 0, αm only scales the reward without altering
its sign. This scaling does not change the direction of the policy gradient but affects its
magnitude.

2. Small Offset: αε is a small constant used to accelerate training. This small offset does not
affect the direction of the policy gradient but introduces a minor shift in the value function,
which does not alter the overall policy update direction.

Under these conditions, MOSEAC will converge to a local optimum [29]:

lim
k→∞
∇θJ(πθ) = 0

5.3.2 Lyapunov Stability

To analyze the stability of MOSEAC, we define a Lyapunov function V (t) and calculate its time
derivative to ensure asymptotic stability:

V (t) = 1
2αm(t)2 +

∑
s

[Q(s, a,D, αm)−Q∗(s, a,D)]2
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where αm(t) varies with time, Q(s, a,D, αm) is the current Q-value (D is the duration of action a),
and Q∗(s, a,D) is the ideal Q-value.

The time derivative of V (t) is:

V̇ (t) = αm(t)α̇m(t)

+
∑
s

2 [Q(s, a,D, αm)−Q∗(s, a,D)]

Q̇(s, a,D, αm)

Based on the linear growth model of αm:

α̇m(t) =

k if αm(t) < αmax

0 if αm(t) = αmax

Replacing in V̇ (t):

V̇ (t) =



αm(t)k +
∑
s

2 [Q(s, a,D, αm)−Q∗(s, a,D)]

Q̇(s, a,D, αm), if αm(t) < αmax

∑
s

2 [Q(s, a,D, αm)−Q∗(s, a,D)]

Q̇(s, a,D, αm), if αm(t) = αmax

Since αm(t) > 0 and k > 0, V̇ (t) > 0 when αm(t) < αmax. However, when αm(t) reaches αmax,
V̇ (t) = 0, indicating that the system reaches a stable state.

5.4 Experimental Setup

We validate our MOSEAC in a real-time racing game, Trackmania [158]. Figure 5.1 illustrates
the testing environment. In Trackmania, players race to complete the track as quickly as possible.
We employed the map developed by the TMRL [151] team for a direct comparison of MOSEAC’s
performance against their SAC model. It is worth noting that training and deploying a policy for
this game can only happen in real time [140], ensuring the realism of the overall experiments.

For controlling the car in the game, Trackmania offers: • gas control; • brake control; and • steering.
The action value includes the rate at which these controls are applied. The input to the policy is the
pixels as well as the numerical information shown on the heads-up display.
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Start

End

Figure 5.1 Top preview of the Trackmania track.

The reward system in the game is designed to encourage efficient path following: more rewards
are given for covering more path points in a single move.This path is a series of evenly distributed
points that collectively form the shortest route from the starting point to the end point of the racing
game. This approach is consistent with the TMRL team’s methodology [151]. The game uses
realistic car physics, but there is no car damage or crash detection. Further details are available in
Table 5.1.

Table 5.1 Trackmania Environments Details

State and action space of Trackmania

Data Space Annotate

State Dimension 143 Details in Section 5.2
Car Speed (−1, 1)
Car Gear (−1, 1)
Wheel RPM (−1, 1)
RGB Image (64, 64, 3) RGB arrays
Action Dimension 4
Gas Control (−1, 1)
Brake (−1, 1)
Yaw Control (−1, 1)
Control Rate (5, 30) Hz

To facilitate the agent’s comprehension of how the controls influence speed and acceleration, we
feed 4 sequential frames (and the intervals between them) to a convolutional neural network (CNN),
whose output is an embedding contributing to the state representation (see Figure 5.2). The CNN
distills features, transforming the image data from a matrix of dimensions (4, 64, 64, 3) to a compact
(128, 1, 1) matrix.
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To evaluate the impact of our variable time step approach, we used the same visual-based navigation
and task reward policy across the tested approaches, varying only the control rate. It is worth noting
that the task reward policy only includes time and disregards collisions.

Overall, our model inputs are the car’s speed, gear, and wheel RPM, the current step number in one
episode, along with the two most recent actions taken, for a final 143-dimensional state.

5.5 Experimental Results

We conducted experiments with MOSEAC, CTCO [82] and SEAC [155] on Trackmania for over
1320 hours1. These experiments were conducted on a I5-13600K computer with an NVIDIA RTX
4070 GPU. The final result video for MOSEAC is publicly available2, with 43.202 seconds to
complete the test track.

Before discussing the performance of MOSEAC and CTCO, it is essential to provide some back-
ground context. In our previous work, the SEAC model policies were trained using different hyper-
parameters [156]. These hyperparameters were explicitly tuned for SEAC, optimizing its perfor-
mance in the given environment. Besides, the SAC model was trained by the TMRL team with a
different set of hyperparameters tailored to their training approach [151]. Given these differences,
directly comparing their training curves would be unfair; hence, we focus solely on the MOSEAC
and CTCO training curves.

Reward signals are notably sparse in the environment set by the TMRL team. The reward is
calculated based on the difference between the path coordinates after movement and the initial
path coordinates, divided by 100 [151]. This sparse reward environment necessitates a very low-
temperature coefficient alpha SAC [73], otherwise, the entropy component would dominate the
reward. This insensitivity to reward signals can lead to poor training performance or even training
failure. MOSEAC and CTCO are derived from SAC [157, 82], and they face similar constraints.

We have maintained this reward system to ensure a fair comparison with the TMRL team. Mod-
ifying the environment is not straightforward, as simply amplifying the reward signal may cause
the agent to accumulate rewards rapidly, leading to overly optimistic estimates and unstable train-
ing. Such “reward explosion” can cause the agent to settle into local optima, neglecting long-term
returns and reducing overall performance.

Using an adaptive temperature coefficient during training, we observed that the coefficient value
becomes extremely low towards the end of the training. This results in a narrow distribution of
actions, significantly slowing down the policy training and optimization process. This small tem-

1Our code is publicly available on GitHub: https://github.com/alpaficia/TMRL_SEAC
2https://youtu.be/1aQ0xSK55nk

https://github.com/alpaficia/TMRL_SEAC
https://youtu.be/1aQ0xSK55nk
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Figure 5.2 This is the implementation structure diagram of MOSEAC in the TrackMania environ-
ment. We use CNN to extract potential information in the environment and learn the extracted
feature values based on rewards. The 143-dimensional state value and the 4-dimensional action
value are shown in the figure. The time in the action value is not used for the current time step but
for the next step.

perature coefficient causes both MOSEAC and CTCO to have a slow training and optimization
process.

Figure 5.4 demonstrates that MOSEAC reaches a high point at around 6 million steps, indicating
initial training success. However, Figure 5.5 shows that after 6 million steps, MOSEAC required
over 14 million additional steps to approach the optimal value. This indicates that MOSEAC and
CTCO require substantial time for initial training and further optimization in a sparse reward envi-
ronment.

Despite these challenges, MOSEAC exhibits better training efficiency than CTCO. MOSEAC
adapts to the environment more quickly, maintaining a more stable learning curve. In contrast,
CTCO, influenced by its adaptive γ mechanism, tends to favor smaller γ values, impairing long-
term planning and significantly slowing down training. Furthermore, MOSEAC achieves a higher
final reward than CTCO, showcasing its superior adaptability and efficiency in sparse reward set-
tings.
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Figure 5.3 Our CNN structure diagram that we used to extract image features from the Trackmania
video game. We convert RGB images into grayscale images and then input them into the CNN.
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Figure 5.4 Training Progress of MOSEAC and CTCO: Average Return Over Time

Training in the Trackmania environment is real-time, and our 1320+ hours of training have demon-
strated that MOSEAC can handle complex, sparse reward environments, albeit requiring significant
time investment. Therefore, if a direct comparison with our results, specifically regarding training
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Figure 5.5 Training Progress of MOSEAC and CTCO: Time Consumption Over Steps

speed within the same reward environment, is unnecessary, we recommend optimizing the reward
signals in the TMRL Trackmania environment. One possible optimization strategy could be to
amplify the per-step reward signal appropriately. This adjustment theoretically allows for faster
training of effective control policies, significantly enhancing training efficiency and saving sub-
stantial real-world time.

We compared the racetrack time (referred to as time cost) as well as the computational energy cost
(in terms of the number of control steps) of MOSEAC with SEAC, CTCO, and SAC (20Hz) after
training. Figure 5.6 illustrates the energy cost distribution and Figure 5.7 the time cost (lower is
better in both cases). For both energy and time there is no overlap among the different methods, and
the data follows a normal distribution (Shapiro-Wilk test of normality, see Table 5.2 and Table 5.4).

Using a paired sample T-test, MOSEAC showed lower energy in all of the trials compared with
CTCO (t = −64.85, df = 29, p � 0.001), SEAC (t = −35.90, df = 29, p � 0.001), and SAC
(t = −196.35, df = 29, p � 0.001). The statistics for the energy cost measures are presented in
Table 5.3. Similarly, MOSEAC showed lower race time in all of the trials compared with CTCO
(t = −55, 67, df = 29, p � 0.001), SEAC (t = −32.92, df = 29, p � 0.001), and SAC
(t = −41.06, df = 29, p � 0.001). The statistics for the time cost measures are presented in
Table 5.5.
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Figure 5.6 This figure compares the energy costs of four different algorithms: MOSEAC, CTCO,
SEAC, and SAC (20Hz). The y-axis represents the energy cost in steps, while the x-axis lists the
algorithms. The box plots show that MOSEAC has the lowest median energy cost, followed by
SEAC, CTCO, and SAC (20Hz). This indicates that MOSEAC is the most energy-efficient among
the four algorithms.

Table 5.2 Test of Normality (Shapiro-Wilk) - Energy cost difference

W p

MOSEAC - CTCO 0.947 0.142
MOSEAC - SEAC 0.948 0.150
MOSEAC - SAC (20Hz) 0.956 0.242

The improved performance of MOSEAC over SEAC, CTCO, and SAC (20Hz) can be attributed to
its reward function and the integration of a state variable. While SEAC’s reward function is linear,
combining task reward, energy penalty, and time penalty independently, MOSEAC introduces a
multiplicative relationship between task reward and time-related reward. This non-linear interac-
tion enhances the reward signal, mainly when both task performance and time efficiency are high,
and naturally balances these factors. By keeping the energy penalty separate, MOSEAC maintains
flexibility in tuning without complicating the relationship between time and task rewards. This
design allows MOSEAC to guide the agent’s decisions more effectively, resulting in better energy
efficiency and task completion speed in practical applications.
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Table 5.3 Energy cost descriptives

N Mean SD SE COV

MOSEAC 30 690.800 3.652 0.667 0.005
CTCO 30 760.933 4.989 0.911 0.007
SEAC 30 759.467 9.508 1.736 0.013
SAC (20Hz) 30 956.133 7.482 1.366 0.008
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Figure 5.7 This figure compares the time costs of four different algorithms: MOSEAC, CTCO,
SEAC, and SAC (20Hz). The y-axis represents the time cost in seconds, while the x-axis lists the
algorithms. The box plots reveal that MOSEAC has the lowest median time cost, indicating faster
task completion compared to the other algorithms. CTCO, SEAC, and SAC (20Hz) show higher
median time costs, with MOSEAC outperforming them in terms of time efficiency.

5.6 Conclusions

In this paper, we introduced and evaluated the Multi-Objective Soft Elastic Actor-Critic (MOSEAC)
algorithm, demonstrating its superior performance compared to CTCO, SEAC, and SAC (20Hz) in
the sparse reward environment created by the TMRL team in the Trackmania game. MOSEAC fea-
tures an innovative reward function that combines task rewards and time-related rewards, enhancing
the reward signal when both task performance and time efficiency are high. This non-linear inter-
action balances these factors, leading to improved energy efficiency and task completion speed.

To prevent reward explosion, we introduced an upper limit (αmax) for the hyperparameter αm,
ensuring convergence and stability, validated using a Lyapunov model. The boundedness analysis
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Table 5.4 Test of Normality (Shapiro-Wilk) - Time cost difference

W p

MOSEAC - CTCO 0.954 0.222
MOSEAC - SEAC 0.963 0.367
MOSEAC - SAC (20Hz) 0.968 0.478

Table 5.5 Time cost descriptives

N Mean SD SE COV

MOSEAC 30 43.441 0.237 0.043 0.005
CTCO 30 48.463 0.481 0.088 0.010
SEAC 30 46.117 0.317 0.058 0.007
SAC (20Hz) 30 47.636 0.510 0.093 0.011

confirmed that αm remains within the defined limits, maintaining the strength of the reward function
and ensuring the robustness and reliability of the learning process.

Our experiments in the Trackmania environment, conducted over 1300 hours, validated these en-
hancements, showcasing MOSEAC’s robustness and efficiency in real-world applications. The
recorded best time for MOSEAC is 43.202 seconds, significantly faster than the other algorithms.

Building on MOSEAC’s success, our future work will focus on extending the principles of variable
time step algorithms to other reinforcement learning frameworks, such as Hierarchical Reinforce-
ment Learning (HRL). This extension aims to address the complexities of long-term planning tasks
more efficiently, further improving the adaptability and performance of RL algorithms in diverse
and challenging environments, which brings benefits for solving complex problems by RL using
real robot systems.
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CHAPTER 6 ARTICLE 4: VARIABLE TIME STEP REINFORCEMENT LEARNING
FOR ROBOTIC APPLICATIONS

Preface: Traditional reinforcement learning (RL) methods often struggle with the limitations of
fixed control loops, leading to inefficiencies in computational and energy resources. In this paper,
we introduce the Multi-Objective Soft Elastic Actor-Critic (MOSEAC) algorithm, which enhances
RL by dynamically adjusting control frequencies based on the system’s state and environmental
conditions. This method simplifies hyperparameter tuning and improves task performance, training
speed, and energy efficiency. We validate MOSEAC through simulations and real-world robotic
experiments, demonstrating significant improvements over existing methods like SEAC and
CTCO. Notably, MOSEAC significantly reduces CPU and GPU usage, conserving computational
resources and extending battery life. Our findings suggest that MOSEAC offers a versatile and
efficient solution for various RL applications, particularly in dynamic and resource-constrained
settings.

Full Citation: Wang, Dong, and Giovanni Beltrame. "Variable Time Step Reinforcement
Learning for Robotic Applications". Manuscript submitted to IEEE Transaction on Robotics on
June 28th, 2024.

Traditional reinforcement learning (RL) generates discrete control policies, assigning one action
per cycle. These policies are usually implemented as in a fixed-frequency control loop. This
rigidity presents challenges as optimal control frequency is task-dependent; suboptimal frequen-
cies increase computational demands and reduce exploration efficiency. Variable Time Step Rein-
forcement Learning (VTS-RL) addresses these issues with adaptive control frequencies, executing
actions only when necessary, thus reducing computational load and extending the action space to
include action durations. In this paper we introduce the Multi-Objective Soft Elastic Actor-Critic
(MOSEAC) method to perform VTS-RL, validating it through theoretical analysis and experimen-
tation in simulation and on real robots. Results show faster convergence, better training results, and
reduced energy consumption with respect to other variable- or fixed-frequency approaches.

Keywords Variable Time Step Reinforcement Learning (VTS-RL), Deep Learning in Robotics and
Automation, Learning and Adaptive Systems, Optimization and Optimal Control
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6.1 Introduction

Deep reinforcement learning (DRL) algorithms have achieved significant success in gaming [152,
57] and robotic control [153, 5]. Traditional DRL employs a fixed control loop at set intervals
(e.g., every 0.1 seconds). This fixed-rate control can cause stability issues and high computational
demands, particularly in dynamic environments where the optimal action frequency varies.

Variable Time Step Reinforcement Learning (VTS-RL) has been recently proposed to address these
issues. Based on reactive programming principles [154, 93], VTS-RL executes control actions only
when necessary, reducing computational load and expanding the action space to include variable
action durations. For example, in robotic manipulation, VTS-RL allows a robot arm to dynamically
adjust its control frequency, using lower frequencies during simple, repetitive tasks and higher
frequencies during complex maneuvers or when handling delicate objects [82].

Two notable VTS-RL algorithms are Soft Elastic Actor-Critic (SEAC) [155] and Continuous-Time
Continuous-Options (CTCO) [82]. CTCO employs continuous-time decision-making with flexible
option durations. CTCO requires tuning several hyperparameters, such as its radial basis functions
(RBFs) and the time-related hyperparameters τ for its adaptive discount factor γ, complicating
tuning in some environments.

SEAC incorporates reward terms for task energy (number of actions) and task time, making it
effective in time-restricted environments like racing video games [156]. However, it also requires
careful hyperparameter tuning (balancing task, energy, and time costs) to maintain performance.
The sensitivity of SEAC and CTCO to hyperparameter settings challenges users to fully leverage
their potential.

We introduce the Multi-Objective Soft Elastic Actor-Critic (MOSEAC) algorithm [157]. MOSEAC
integrates action durations into the action space and adjusts hyperparameters based on observed
trends in task rewards during training, reducing the need to set multiple hyperparameters. Ad-
ditionally, our hyperparameter setting approach can be broadly applied to any continuous action
reinforcement learning algorithm.

This adaptability facilitates the transition from fixed-time step to variable-time step reinforcement
learning, significantly expanding its practical application.

In this paper, we provide an in-depth analysis of MOSEAC’s theoretical performance, covering its
framework, implementation, performance guarantees, convergence and complexity analysis. We
also deploy the MOSEAC model as the navigation policy in simulation and on a physical AgileX
Limo [1]. Our evaluation includes statistical performance analysis, trajectory similarity analysis
between simulated and real environments, and a comparison of average computational resource
consumption on both CPU and GPU.
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MOSEAC allows the optimization of the control frequency for RL policies, as well as a reduction
in computational load on the robots’ onboard computer. The resources saved can be redirected to
other critical tasks such as environmental sensing [160] and communication [161]. In addition, the
MOSEAC principles can be applied to a variety of RL algorithms, making it a useful tool for the
deployment of RL policies on physical robotics systems, reducing the real-to-sim gap.

The paper is organized as follows. Section 6.2 reviews the current research status of VTS-RL. Sec-
tion 6.3 details the MOSEAC framework with its pseudocode. Section 6.4 presents the theoretical
analysis of MOSEAC. Section 6.5 describes the implementation of our validation environment in
the real world and the method to build the simulation environment. Section 6.6 presents the exper-
iment results on both the simulation and the real Agilex Limo. Finally, Section 6.7 concludes the
paper.

6.2 Related Work

The importance of action duration in reinforcement learning (RL) has been significantly underes-
timated, yet it is crucial for applying RL algorithms in real-world scenarios, impacting an agent’s
exploration capabilities. For instance, high frequencies may reduce exploration efficiency but are
essential in delayed environments [81]. Recent studies by Amin et al. [12], and Park et al. [13]
have highlighted this issue, showing that variable action durations can significantly affect learning
performance. Building on these insights, Wang & Beltrame [156] and Karimi et al. [82] further
explored how different frequencies impact learning, noting that excessively high frequencies can
impede convergence. Their findings suggest that dynamic control frequencies, which adjust in
real-time based on reactive principles, could enhance performance and adaptability.

Expanding on the idea of adaptive control, Sharma et al. [83] introduced a related concept of repeti-
tive action reinforcement learning, where an agent performs identical actions over successive states,
combining them into a larger action. This concept was further explored by Metelli et al. [85] and
Lee et al. [86] in gaming contexts. However, despite its potential, this method does not fully address
physical properties or computational demands, limiting its practical application.

Additionally, Chen et al. [84] proposed modifying the traditional control rate by integrating actions
such as "sleep" to reduce activity periods. However, this approach still required fixed-frequency
system checks, ultimately failing to reduce computational load as intended.

In the domain of traffic signal control, research focused on hybrid action reinforcement learning.
The study highlighted the importance of synchronously optimizing stage specifications and green
interval durations, underscoring the potential of variable action durations to improve decision-
making processes in complex, real-time environments [162].
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Furthermore, research on variable damping control for wearable robotic limbs has showcased the
application of reinforcement learning to adjust control parameters adaptively in response to chang-
ing states. This study illustrated the effectiveness of RL in maintaining system stability and perfor-
mance under varying conditions, reinforcing the value of dynamic control frequencies in practical
applications [15].

These studies collectively highlight the ongoing efforts to integrate variable action durations and
adaptive control mechanisms into RL. They also underscore the nascent stage of effectively inte-
grating variable control frequencies and repetitive behaviors into practical applications, emphasiz-
ing their critical importance for enhancing algorithm performance and applicability in real-world
scenarios.

6.3 Algorithm Framework

Soft Elastic Actor-Critic (SEAC) is an extension of the Soft Actor-Critic (SAC) algorithm that
addresses the limitations of fixed control rates in reinforcement learning (RL) [155]. Traditional
Markov Decision Processes (MDPs) in RL do not account for the duration of actions, assuming
that all actions are executed over uniform time steps. This can lead to inefficiencies, as the time
between two actions can vary widely, requiring a fixed-frequency control rate in practical deploy-
ments. SEAC breaks this assumption by dynamically adjusting the duration of each action based
on the state and environmental conditions, following the principles of reactive programming. By
incorporating action duration D into the action set, SEAC can decide on both the action and its
duration to optimize energy consumption and computational efficiency.

MOSEAC extends SEAC [155] and combines its hyperparameters for balancing task, energy, and
time rewards, and provides a method for automatically adjust its other hyperparamenters during
training. Similar to SEAC, MOSEAC reward includes components for:

• Quality of task execution (the standard RL reward),
• Time required to complete a task (important for varying action durations), and
• Energy (the number of time steps, a.k.a. the number of actions taken, which we aim to

minimize).

Definition 8. The reward associated with the state space is:

R = αmRtRτ − αε

where Rt is the task reward and Rτ is a time-dependent term.
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αm is a weighting factor used to modulate the magnitude of the reward: its primary function is to

prevent the reward from being too small, which could lead to task failure, or too large, which could

cause reward explosion [163], ensuring stable learning.

αε is a penalty parameter applied at each time step to impose a cost on the agent’s actions. This

parameter gives a fixed cost to the execution of an action, thereby discouraging unnecessary ones.

In practice, αε promotes the completion of a task using fewer time steps (remember that time steps

have variable duration), i.e., it reduces the energy used by the control loop of the agent.

We determine the optimal policy π∗, which maximizes the reward R.

The reward is designed to minimize both energy cost (number of steps) and the total time to com-
plete the task through Rτ . By scaling the task-specific reward based on action duration with αm,
agents are motivated to complete tasks using fewer actions:

Definition 9. The remap relationship between action duration and reward is:

Rτ = Dmin/D, Rτ ∈ [Dmin/Dmax, 1]

where t is the duration of the current action, Dmin is the minimum duration of an action (strictly

greater than 0), and Dmax is the maximum duration of an action.

We automatically set αm and αε during training. Based on previous results [156], we bind the
increase of αm to a decrease αε using a sigmoid function to mitigate convergence issues, specifically
the problem of sparse rewards caused a large αε and a small αm. This adjustment ensures that
rewards are appropriately balanced, facilitating learning and convergence.

Definition 10. The relationship between αε and αm is:

αε = 0.2 ·
(

1− 1
1 + e−αm+1

)

Based on [155]’s experience, we establish a mapping relationship between the two parameters:

when the initial value of αm is 1.0, the initial value of αε is 0.1. As αm increases, αε decreases, but

never falls below 0.

Overall, we update αm based on the current trend in average reward during training. To guarantee
stability, we ensure the change is monotonic, forcing a uniform sweep of the parameter space, and
a maximum value of αm, namely αmax. To determine the trend in the average reward, we perform
a linear regression across the current training episode and compute the slope of the resulting line:
if it is negative, the reward is declining.
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Definition 11. The slope of the average reward (kR) is:

kR(Ra) = n
∑n
i=1(i ·Rai)− (∑n

i=1 i) (∑n
i=1Rai)

n
∑n
i=1 i

2 − (∑n
i=1 i)

2

where n is the total number of data points collected across the update interval (kupdate in Algorithm

1). The update interval is a hyperparameter that determines the frequency of updates for these

neural networks used in the actor and critic policies, occurring after every n episode [29]. Ra

represents the list of average rewards (Ra1, Ra2, ..., Ran) during training. Here, an average reward

Rai is calculated across one episode.

Definition 12. We adaptively adjust the reward every kupdate episodes. When kR < 0:

 αm = αm + ψ if αm < αmax

αm = αmax otherwise

where ψ serves as the sole additional hyperparameter necessary for adjusting the reward equation

in our MOSEAC method during training. The parameter αmax represents the upper limit of αm,

ensuring algorithmic convergence and preventing reward explosion. Furthermore, αε is adjusted

in accordance with Definition 10.

Algorithm 3 shows the pseudocode of MOSEAC. In short, MOSEAC extends the SAC algorithm
by incorporating action duration D into the action policy set. This expansion allows the algorithm
to predict the action and its duration simultaneously. The reward is calculated using 8, and its
changes are continuously monitored. If the reward trend declines, αm increases linearly at a rate
of ψ, without exceeding alphamax. The action and critic networks are periodically updated like the
SAC algorithm based on these preprocessed rewards.

Here, tmax represents the maximum number of training steps [29]; klength is the maximum num-
ber of exploration steps per episode [29]; kinit is the number of steps in the initial random ex-
ploration phase [29]. The reward R(Si, Ai, Di) depends on state (Si), action (Ai) and duration
Di ∈ [Dmin, Dmax].

Overall, our reward scalarizes a multi-objective optimization problem including rewards for task,
time, and energy. Unlike Hierarchical Reinforcement Learning (HRL) [90, 91], which seeks Pareto
optimality [115, 116] with layered reward policies, our method simplifies the approach, making
our strategy easily adaptable to various algorithms. While our goal is to avoid the complexity of
Pareto optimization, dynamically adjusting the reward structure inevitably places us on the Pareto
optimization curve. For a theoretical analysis of the Pareto curve and how αmax ensures algorithmic
stability, please refer to Appendix I.
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Algorithm 3: Multi-Objective Soft Elastic Actor and Critic (MOSEAC)
Require: a policy π with a set of parameters θ, θ′ , critic parameters φ, φ′ , variable time

step environment model Ω, learning-rate λp, λq, reward buffer βr, replay buffer
β.

Initialization i = 0, ti = 0, βr = 0, observe S0
while ti ≤ tmax do

for i ≤ klength ∨NotDone do
Ai, Di = πθ(Si)

→ simple action and its duration
Si+1, Ri = Ω(Ai, Di)

→ compute reward with Definition 3 and 4
i← i+ 1

end
βr ← 1/i×∑i

0Ri

→ collect the average reward for one episode
β ← S0∼i, A0∼i, D0∼i, R0∼i, S1∼i+1
i = 0
ti ← ti + 1
if ti ≥ kinit & ti | kupdate then

Sample S, A, D, R, S
′
from(β)

φ← φ− λq∇δLQ(φ, S, A, D, R, S ′)
→ critic update

θ ← θ − λp∇θLπ(θ, S, A, D, φ)
→ actor update

if kR(βr) then
αm = αm + ψ ifαm < αmax
Or αm = αmax otherwise

→ see Definition 6 for kR
αε ← Fupdate(αm)

→ update αm, αε followed Definition 5
end
βr = 0

→ Re-record average reward values under new hyperparameters
end
Perform soft-update of φ′ and θ′

end
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Apart from a series of hyperparameters inherent to RL that need adjustment, such as learning rate,
tmax, kupdate, etc., ψ is the primary hyperparameter that requires tuning in MOSEAC. Determining
the appropriate ψ value remains a critical optimization point. We recommend using the pre-set
ψ value provided in our implementation to reduce the need for additional adjustments. If training
performance is poor, a large ψ may cause the reward signal’s gradient to change too rapidly, leading
to instability, suggesting a reduction in ψ. Conversely, if training is slow, a small ψ may result in a
weak reward signal, affecting convergence, suggesting an increase in ψ.

6.4 Theoretical Analysis

We have analyzed the theoretical performance of MOSEAC through various aspects, including
performance guarantees, convergence and complexity analysis. Table 6.1 provides the notation for
the following.

6.4.1 Performance Guarantees

In the standard SAC algorithm [45], the policy πθ(a|s) selects action a, and updates the policy
parameters θ and value function parameters φ. The objective function is:

J(πθ) = E(s,a)∼πθ [Qπ(s, a) + αH(πθ(·|s))]

where J(πθ) is the objective function, Qπ(s, a) is the state-action value function, α is a temperature
parameter controlling the entropy term, andH(πθ(·|s)) is the entropy of the policy.

When the action space is extended to include the action duration D and the reward function is
modified to R = αmRtRτ − αε, where αm ≥ 0, 0 < Rτ ≤ 1, and αε is a small positive constant,
the new objective function becomes:

J(πθ) = E(s,a,D)∼πθ

[
Qπ(s, a,D) + αH(πθ(·|s))

]
where Qπ(s, a,D) is the extended state-action value function with time dimension D, and Rt and
Rτ are components of the reward function, see Definition 3.
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Replacing Qπ the objective function for MOSEAC, incorporating the extended action space and
the adaptive reward function, becomes:

J(π) = E(st,at,Dt)∼ρπ

[ ∞∑
t=0

γt
(
αm(t)Rt

Dmin

Dt

− αε(t) + αH(π(·|st))
)]

where:

• αm(t) is the adaptive parameter that increases monotonically when the average reward de-
creases, with an upper limit of αmax.

• αε(t) is the adaptive parameter that decreases monotonically when the average reward de-
creases.

• H(π(·|st)) = −E(at,Dt)∼π(·|st)[log π(at, Dt|st)] is the entropy of the policy.

The SAC policy improvement theorem [45] ensures that

Qπk(s, a,D) ≥ Qπk−1(s, a,D)

for any iteration k ≥ 0.

The soft Bellman equation in MOSEAC is:

Qπ(s, a,D) = αm(t)Rt
Dmin

D
− αε(t)

+ γEs′∼P (·|s,a,D) [V π(s′)]

where the value function V π(s) is defined as:

V π(s) = E(a,D)∼π(·|s)

[
Qπ(s, a,D)

− α log π(a,D|s)
]
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To prove convergence, we need to show that the soft Bellman operator is a contraction mapping.
Let T be the soft Bellman operator. For any two Q-functions Q1 and Q2:

‖T Q1 − T Q2‖∞ = sup
s,a,D

∣∣∣∣αm(t)Rt
Dmin

D
− αε(t)

+γEs′∼P (·|s,a,D) [V1(s′)]

−
(
αm(t)Rt

Dmin

D
− αε(t) + γEs′∼P (·|s,a,D) [V2(s′)]

)∣∣∣∣
≤ sup

s,a,D
γ
∣∣∣Es′∼P (·|s,a,D) [V1(s′)− V2(s′)]

∣∣∣
≤ γ‖V1 − V2‖∞
≤ γ‖Q1 −Q2‖∞

Since γ < 1, the soft Bellman operator T is a contraction mapping. By Banach’s fixed-point
theorem, there exists a unique fixed point Q∗ such that Q∗ = T Q∗ [164].

Let π∗ be the optimal policy and πk be the policy at iteration k. The error bound between the value
functions of the optimal and learned policies is

‖V π∗ − V πk‖ ≤ 2αγ log |A × [Dmin, Dmax]|
(1− γ)2

With |A × [Dmin, Dmax]| the size of the extended action space, the contraction property of the soft
Bellman operator ensures that

‖V π∗ − V πk‖∞ ≤
2αγ log |A × [Dmin, Dmax]|

(1− γ)2

where α is the coefficient of the entropy term and γ is the discount factor.

6.4.2 Convergence Analysis

With our reward function, the policy gradient is:

∇θJ(πθ) = Eπθ
[
∇θ log πθ(a,D|s)·(
Qπ(s, a,D) · (αm ·Rτ )− αε

)]

where∇θJ(πθ) is the gradient of the objective function with respect to the policy parameters θ.
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The value function update, incorporating the time dimension D and our reward function, is:

L(φ) = E(s,a,D,r,s′)

[(
Qφ(s, a,D)−

(
r + γE(a′,D′)∼πθ

[Vφ̄(s′)− α log πθ(a′, D′|s′)]
))2

]

where L(φ) is the loss function for the value function update, r is the reward, γ is the discount
factor, and Vφ̄(s′) is the target value function.

The new policy parameter θ update rule is:

θk+1 = θk + βkEs∼D,(a,D)∼πθ

[
∇θ log πθ(a,D|s)·(
Qφ(s, a,D) · (αm ·Rτ )− αε

− Vφ̄(s) + α log πθ(a,D|s)
)]

where βk is the learning rate at step k.

To analyze the impact of dynamically adjusting αm and αε, we assume:

1. Dynamic Adjustment Rules: αm increases monotonically by a small increment ψ if the re-
ward trend decreases over consecutive episodes, and its upper limit is αmax, which guarantees
algorithmic convergence and prevents reward explosion. αε decreases as defined.

2. Learning Rate Conditions: αk and βk must satisfy [41]:

∞∑
k=0

αk =∞,
∞∑
k=0

α2
k <∞

∞∑
k=0

βk =∞,
∞∑
k=0

β2
k <∞

Assuming the critic estimates are unbiased:

E[Qφ(s, a,D) · (αm ·Rτ )− αε] = Qπ(s, a,D) · (αm ·Rτ )− αε

Since Rτ is a positive number within [0, 1], its effect on Qπ(s, a,D) is linear and does not affect
the consistency of the policy gradient.

1. Positive Scaling: As 0 ≤ Rτ ≤ 1 and αm ≥ 0, αm only scales the reward without altering
its sign. This scaling does not change the direction of the policy gradient but affects its
magnitude.
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2. Small Offset: αε is a small constant used to accelerate training. This small offset does not
affect the direction of the policy gradient but introduces a minor shift in the value function,
which does not alter the overall policy update direction.

Under these conditions, MOSEAC will converge to a local optimum [29]:

lim
k→∞
∇θJ(πθ) = 0

6.4.3 Complexity Analysis

As MOSEAC closely follows SAC [45], but with an expanded action set that includes durations, its
time complexity is similar to SAC, replacing the action set A with the expanded one A×D. SAC
and MOSEAC have 3 computational components:

• Policy Evaluation: consists of computing the value function V π(s) and the Q-value function
Qπ(s, a) for each state-action pair, i.e. O(|S| · |A ×D|).

• Policy Improvement: consists updating the policy parameters θ based on the policy gradient,
involving the Q-value function and the entropy term. The time complexity isO(|S|·|A×D|).

• Value Function Update: consists of computing the target value using the Bellman backup
equation, with a time complexity of O(|S| · |A ×D|).

The overall time complexity for one iteration of the SAC algorithm is therefore

O(|S| · |A ×D|)

The space complexity of MOSEAC is determined by the storage requirements for the policy, value
functions, and other necessary data structures. As for the time complexity, MOSEAC follows SAC
with a different action set:

• Policy Storage: Requires O(|θ|) space for the policy parameters.

• Value Function Storage: Requires O(|S| · |A| · |D|) space for the value functions.

The overall space complexity is:
O(|θ|+ |S| · |A| · |D|)

The dynamic adjustment of αm and αε adds a small computational overhead of O(1) per update
due to simple arithmetic operations and comparisons.
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In summary, MOSEAC has higher computational complexity than SAC, but its dynamic adjustment
mechanism and expanded action space provide greater adaptability and potential for improved
performance in multi-objective optimization scenarios.

Table 6.1 Complexity Analysis Notation

Symbol Description

S Set of states
A Set of actions
D Action durations set
πθ Policy parameters θ
|θ| Policy parameter count
V π(s) Value function
Qπ(s, a,D) Q-value function with D
α Entropy temperature param.
αm Reward scaling param.
αε Reward offset param.
Rt Reward at time t
Rτ Time-based reward
γ Discount factor
φ Value function params.
βk Learning rate at step k
T Soft Bellman operator
H(π(·|s)) Policy entropy
ρπ State-action distribution
O Complexity upper bound

6.5 Experiment

We conducted a systematic evaluation and validation of MOSEAC’s performance on task com-
pletion ability (e.g., navigating to target locations, avoiding yellow lines), resource consumption
(measured by the number of steps required to complete the task), and time cost. Additionally, we
assessed the trajectory and control output similarity to report the differences between simulation
and reality. Finally, we compared the computing resource usage between variable and fixed RL
models.

Figure 6.1 illustrates our workflow. Our simulation to reality approach involves a process to en-
sure the reliability of MOSEAC when applied to a real-world Limo. The workflow includes the
following steps:



82

1. Manual Control and Data Collection: Initially, we manually control the Limo to collect a
dataset of its movements.

2. Supervised Learning: This dataset is then used to train an environment model in a super-
vised learning manner.

3. Reinforcement Learning: The trained environment model is applied in the reinforcement
learning environment to train the MOSEAC model.

4. Validation and Fine-Tuning: The MOSEAC model is applied to the real Limo. Fine-tuning
is performed based on the recorded movement data to ensure accurate translation from sim-
ulation to real-world application.

5. Application: Finally, the refined MOSEAC model is deployed for practical use and validated
through real-world tasks.

6.5.1 Real Environment Set Up

Figure 6.2 shows Limo’s real-world validation environment. We used an OptiTrack [2] system for
real-time positioning. We use a 3x3 meter global coordinate frame with its center aligned with
the center of the 2D map, recording the positions of yellow lines within the map. The Limo’s
navigable area is confined within the map boundaries, excluding four enclosed regions. Specific
values of these positions, the specifications of the Agilex Limo, and other metrics can be found in
Appendix C.

6.5.2 Simulation Environment

For our kinematic modeling, we use an Ackerman model:

Definition 13. The Ackerman kinematic model.

Table 6.2 gives the symbols and descriptions.

The forces and accelerations are calculated as:

Ffriction = −µkMg

afriction = Ffriction
M

= −µkg

apower = P

M

anet = apower + Vtarget − V
∆t + afriction
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Figure 6.1 The workflow for our MOSEAC implementaion to the Agilex Limo, we use a joystick
to control the Limo movement for the initial environmental data collection (top).

The updates for velocity and position are:

Vnew = V + anet∆t

Xnew = X + Vnew cos(θnew)∆t

Ynew = Y + Vnew sin(θnew)∆t

This formulation accounts for the dynamics of the Limo vehicle, considering friction, power, and ve-

hicle mass, ultimately predicting the new position. This kinematic model is referred tp asMAckerman.

We employ supervised learning [165, 166] to model the motion dynamics from the real-world en-
vironment to the simulation environment. This model predicts kinematic and physical information,
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Figure 6.2 This photo depicts the real-world environment used to validate the performance of
MOSEAC on the Agilex Limo. The cameras on the left, right, and middle stands are three of
the four cameras comprising the OptiTrack positioning system.

Table 6.2 List of Symbols and Descriptions

Symbol Description
X and Y Current positions of Limo

V Current velocity of Limo
θ Current angular velocity of Limo

∆t Control duration
Vtarget Control linear velocity
δ Control angular velocity
µk Coefficient of kinetic friction
P Power factor (which can be negative) of Limo

g = 9.81 m/s2 Gravitational acceleration
M = 4.2 kg Mass of the Limo (measured)
L = 0.204 m Distance between the centers of the front

and rear wheels (measured)

µk and P , across different regions within the environment. We select a Transformer Model 1 [167]
to predict these data. The input, output, and its loss function are defined in Definition 14.

1Our code is publicly available on GitHub with the shape and related hyperparameters of this Transformer Model
inside.

https://github.com/alpaficia/MOSEAC_Limo
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Definition 14. The input X is:

X =
(
X, Y, V, θ,∆t, Vtarget, δ

)
The output O is:

Y =
(
µk, P

)
Using MAckerman from Definition 13, the loss function of the Transformer model T is computed as:

predict = MAckerman(X,Y, g)

loss = 1
N

N∑
i=1

(predicti − targeti)
2

The loss function is defined as the Mean Squared Error (MSE) between the predicted positions and

the target positions recorded in the dataset:

where:

• predicti are the predicted positions for the i-th data point

• targeti are the actual positions for the i-th data point

After learning the kinematic model, we need to address the state definition of MOSEAC. It should
include the necessary environmental information to enable the model to understand the positions of
obstacles in the environment. Although we have recorded all the positions of these yellow lines, it is
not reasonable to input them directly as state values. This would compromise the generality of our
approach, and a large amount of invariant fixed position information might cause the neural network
processing units to struggle with capturing the critical information steps or lead to overfitting [168,
169].

We developed a simulated lidar system centered on Limo’s current position. This system generates
20 rays, similar to lidar operation, to detect intersections with enclosed regions in the environment.
These intersections provide information about restricted areas, as shown in Figure 6.3.

Since the enclosed regions data in our simulation are based on real-world measurements, the gap
between the virtual and real world is negligible. We designated eight turning points on this map as
navigation endpoints, with a specific starting point for Limo.

The state dimensions for our MOSEAC model include: • robot current position, • goal position
(chosen among 8 random locations), • linear velocity, • steering angle, • 20 lidar points, and • pre-
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Figure 6.3 The simulated lidar system generates 20 rays from Limo’s position, calculates their
intersections with environment enclosed regions, and returns the nearest intersection points for
each ray.

vious control duration, linear and angular velocity. The action dimensions include control duration,
linear velocity, and angular velocity.

Let Rt represent the task reward and T denote the termination flag (where 1 indicates termination
and 0 indicates continuation). The function d(p1,p2) measures the distance between positions p1

and p2. The variables anew and t denote the new position of the agent and the target position, re-
spectively. The initial distance from the starting position to the target position is d0, and δ specifies
the threshold distance determining whether Limo is sufficiently close to a point. Additionally, Cinner

indicates a collision with enclosed regions, while Couter indicates a collision with the map boundary.

Implementing a penalty mechanism instead of a termination mechanism in our reward definition
offers significant advantages: the penalty mechanism provides incremental feedback, allowing the
model to continue learning even after errors, thereby avoiding frequent resets that could disrupt the
training process. This approach reduces overall training time and encourages the agent to explore
a broader range of strategies, leading to a more comprehensive understanding of the environment’s
dynamics. However, we still terminate an experiment if the robot wonders outside the map bound-
ary to stop meaningless exploration. The reward Rt is:

Rt =



Rboundary_penalty, if Cinner(anew)

Rsuccess_reward, if d(anew, t) ≤ δ

Rfailure_penalty, if Couter(anew)

Rdistance_reward = d0 − d(anew, t), otherwise
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The termination flag T is determined as:

T =



0, if Cinner(anew)

1, if d(anew, t) ≤ δ

1, if Couter(anew)

0, otherwise

The initial data collected using remote control was skewed for short action durations, causing some
discrepancies between the physical robot behaviour and the behaviour in simulation. To address
these discrepancies we fine-tuned a Transformer model that approximates Limo’s kinematic model
by collecting new real-world movement data.

We begin by freezing all the layers of the Transformer model except the final fully connected layer.
This ensures that the initial generalized features are preserved while adapting the model’s outputs
to the specific characteristics of the Limo dataset. The training process is:

1. Freeze Initial Layers: Initially, all layers except the final fully connected layer are frozen.
θi represents the parameters of the i-th layer:

if i < Nunfrozen, ∇θiL = 0

where L is the loss function and Nunfrozen is the number of layers that are not frozen.
2. Gradual Unfreezing: After training the final layer, we incrementally unfreeze the preceding

layers and fine-tune the model further. This is done iteratively, where at each stage, one
additional layer is unfrozen and the model is re-trained. The number of unfrozen layers
increases until all layers are eventually fine-tuned:

if i ≥ Nunfrozen, ∇θiL 6= 0

3. Early Stopping: To prevent overfitting, we employ early stopping. If the validation loss does
not improve for a specified number of epochs, training is halted:

if ∆Lvalid > 0 for n epochs, stop training

where ∆Lvalid is the change in validation loss and n is the patience parameter.
4. Evaluation: The model’s performance is evaluated on a test dataset after each training phase.

The final model is selected based on the lowest validation loss.
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The total training process can be described by the following optimization problem:

min
θ

∑
(x,y)∈Dtrain

L(fθ(x), y)

where Dtrain is the training dataset, fθ is the model with parameters θ, and L is the loss function
14. The fine-tuning process specifically involves updating the parameters layer by layer, ensuring
that the generalized pre-trained knowledge is gradually adapted to the specific nuances of the new
Limo dataset.

This fine-tuning strategy allows the use of pre-trained models, adapting them to new tasks with
potentially smaller datasets while maintaining robust performance and preventing overfitting.

For more detailed information please refer to Appendix D.

6.6 Results

We conducted six experiments involving MOSEAC, MOSEAC without the αmax limitation, SEAC,
CTCO, and SAC (at 20 Hz and 60 Hz, SAC20 and SAC60, respectively) within the simulation
environment and applied these trained models to the real Limo. These training tests were performed
on a computer equipped with an Intel Core i5-13600K CPU and an Nvidia RTX 4070 GPU running
Ubuntu 22.04 LTS. The deployment tests were conducted on an Agilex Limo equipped with a Jetson
Nano [170] (with a Cortex-A57 CPU and Maxwell 128 cores GPU) running Ubuntu 18.04 LTS.

We trained our RL model using PyTorch [171] within a Gymnasium environment [172]. Subse-
quently, we converted the model parameters to ONNX format [171]. Finally, we utilized TensorRT
[173] to build an inference engine from the ONNX model in the AgileX Limo local environment
and deployed it for RL navigation tasks 2. More system information details can be found in Ap-
pendix E.

Figure 6.4 and Figure 6.5 illustrate the results of the training process. Several key insights can be
drawn from these figures:

Figure 6.4 indicates that MOSEAC consistently improves over time compared to the other algo-
rithms, suggesting that MOSEAC adapts well to the environment and maintains a stable learning
curve. While SEAC also shows stable performance, it converges slightly slower than MOSEAC.
Additionally, Figure 6.4 illustrates that MOSEAC exhibits higher action duration robustness than
CTCO. MOSEAC utilizes a fixed discount factor (γ), ensuring stable long-term planning capabili-
ties without the negative impact of varying γ. In contrast, CTCO’s performance is susceptible to the
choice of action duration range, significantly affecting its γ. As training progresses, CTCO tends

2Our code is publicly available on GitHub with the hyperparameters of the MOSEAC model inside.

https://github.com/alpaficia/MOSEAC_Limo
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Figure 6.4 Average returns of 5 reinforcement learning algorithms over 2.5M steps during training.
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Figure 6.5 Average energy costs of 5 reinforcement learning algorithms over 2.5M steps during
training.

to favor smaller γ values, placing greater demands on its τ parameter that controls the range of γ.
This sensitivity makes CTCO less adaptable to diverse environments, whereas MOSEAC maintains
consistent performance. Furthermore, Figure 6.5 provides a comparative analysis of energy costs
among the different algorithms. MOSEAC demonstrates lower energy costs per task, indicating
higher energy efficiency during training. This efficiency is critical for practical applications where
compute resource consumption is a concern.
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Figure 6.6 Average returns of MOSEAC and MOSEAC (without αm limitation) in 2.5M steps
during the training.

We compared the effects of imposing an upper limit on the parameter αm versus allowing it to
increase without restriction in the context of our MOSEAC algorithm. Our findings indicate signif-
icant differences in performance stability and energy efficiency between the two approaches.

Introducing an upper limit on αm (denoted as αmax) is required to prevent reward explosion. Fig-
ure 6.6 shows that MOSEAC has consistent and stable improvement in average reward. In contrast,
MOSEAC without the upper limit initially followed a similar trend but eventually diverged, leading
to instability and potential reward explosion. This divergence suggests that without the upper limit,
αm may increase uncontrollably, destabilizing the reward structure.

However, as shown in Figure 6.7, MOSEAC without an upper limit on αm generally exhibited
lower average energy costs compared to MOSEAC with the upper limit. This suggests that while
the absence of an upper limit on αm may lead to reward explosion, it does not significantly impair
task performance in practice.

We update αm based on the declining reward trend. However, in random multi-objective tasks with
varying target locations, the average reward can fluctuate significantly, causing αm to be updated
continuously. This can lead to an unbounded increase in reward during training when αm is unre-
stricted, amplifying the reward signal. The increased gradient variability results in rapid strategy
adjustments, enhancing short-term energy efficiency. Despite the potential for reward explosion,
the impact on task performance is minimal, with notable improvements in energy efficiency.

We compared MOSEAC’s task performance with the best-performing SEAC after training. Due to
the poor performance of CTCO and SAC, we excluded them from the analysis.
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Figure 6.7 Average Energy cost of MOSEAC and MOSEAC (without αm limitation) in 2.5M steps
during the training.
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Figure 6.8 Energy cost (as number of time steps) for 100 random tasks. We use the same seed for
MOSEAC and SEAC to ensure that the tasks are the same for the two algorithms.

Figure 6.8 and Figure 6.9 illustrate the energy and time distributions for MOSEAC and SEAC
methods. Given the lack of normality in the data distribution, we use the Wilcoxon signed-rank test
to compare the paired samples. For energy consumption (Figure 6.8), MOSEAC demonstrates sig-
nificantly lower median and overall energy usage than SEAC (W = 35.0, z = −7.904, p < .001).
For time efficiency (Figure 6.9), MOSEAC also shows a significantly lower median time, indicating
quicker task completion than SEAC (W = 502.0, z = −6.956, p < .001). The descriptive statistics
and test results are summarized in Appendix J.

The improved performance of MOSEAC over SEAC can be attributed to its reward function. While
SEAC’s reward function is linear, combining task reward, energy penalty, and time penalty inde-
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Figure 6.9 Time cost for 100 random tasks. We use the same seed for MOSEAC and SEAC to
ensure that the tasks are the same for the two algorithms.

pendently, MOSEAC introduces a multiplicative relationship between task reward and time-related
reward. This non-linear interaction enhances the reward signal, particularly when both task perfor-
mance and time efficiency are high, and naturally balances these factors. By keeping the energy
penalty separate, MOSEAC maintains flexibility in tuning without complicating the relationship
between time and task rewards. This design allows MOSEAC to more effectively guide the agent’s
decisions, resulting in better energy efficiency and task completion speed in practical applications.

We conducted real-world tests on the Agilex Limo using ROS [174]3. The Limo robot navigated
to random and distinct endpoints using the MOSEAC model as its control policy for Ackerman
steering 4. We collected these data and calculated trajectory and control output similarities with
respect to simulation.

For trajectory similarity, we comine all trajectory data in to one trajetory, the ATE (Average Trajec-
tory Error)[177] is 0.036 meters, indicating minimal deviations between the actual and simulated
paths. Additionally, the Dynamic Time Warping (DTW) [178] value of 0.531 supports the high
degree of similarity between the temporal sequences of the trajectories. These metrics suggest that
our method enables the Limo to follow the planned paths with high precision, closely mirroring the
simulation.

Regarding control output similarity, the Mean Absolute Error (MAE) is 0.002, and the Mean
Squared Error (MSE) is 4.49E − 05. These low error values indicate that the control outputs
in the real world closely match those in the simulation. Our method effectively minimizes the

3Our code for ROS workspace is publicly available on GitHub, which also provides support for ROS 2 [175] and
Docker [176]

4Video avaliable here: https://youtu.be/VhTa66WqxoU

https://github.com/alpaficia/MOSEAC_Limo
https://youtu.be/VhTa66WqxoU
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discrepancies in control signals, ensuring that the robot’s actions are consistent across different
environments.

Overall, the empirical data supports the theoretical claims regarding MOSEAC’s performance in
trajectory fidelity and control output consistency.

We also recorded the computing resource usage, highlighting the efficiency of the MOSEAC algo-
rithm in terms of energy consumption, particularly computational energy. Figure 6.10 provides a
comparison of the average usage per second of CPU and GPU resources between MOSEAC and
SAC (Soft Actor-Critic) algorithms running at different frequencies (10 Hz and 60 Hz).

The CPU usage data reveals that MOSEAC significantly reduces computational load compared to
SAC at both 10 Hz and 60 Hz. Specifically, MOSEAC utilizes only 11.40% ± 0.12 of the CPU
resources, whereas SAC requires 16.80%± 0.14 at 10 Hz and 31.41%± 1.47 at 60 Hz. Similarly,
the GPU usage data indicates that MOSEAC is more efficient, using only 2.80%± 0.07 compared
to SAC’s 13.79% ± 0.05 at 10 Hz and 27.86% ± 0.19 at 60 Hz. This reduction conserves energy
(increasing battery life) and frees processing power for tasks like perception and communication.
The descriptive statistics and test results are summarized in Appendix K.

6.7 Conclusions

In this paper, we presented the Multi-Objective Soft Elastic Actor-Critic (MOSEAC) algorithm, a
Variable Time Step Reinforcement Learning (VTS-RL) method designed with adaptive hyperpa-
rameters that respond to observed reward trends during training. Our analysis included theoretical
performance guarantees, convergence analysis, and practical validation through simulations and
real-world navigation tasks using a small rover.

We compared MOSEAC with other VTS-RL algorithms, such as SEAC [155] and CTCO [82].
While SEAC and CTCO improved over traditional fixed-time step methods, they still required
extensive hyperparameter tuning and did not achieve the same level of efficiency and robustness as
MOSEAC. SEAC’s reward structure, though effective, was less adaptable, and CTCO’s sensitivity
to action duration further limited its practical application.

Additionally, the empirical data demonstrated that MOSEAC significantly outperforms traditional
SAC algorithms, particularly in terms of computational resource efficiency. MOSEAC’s reduced
CPU and GPU usage frees up resources for other critical tasks, such as environment perception and
map reconstruction, enhancing the robot’s operational efficiency and extending battery life. This
makes MOSEAC highly suitable for long-term and complex missions.
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Figure 6.10 Comparison of Average Compute Resource Usage Across Different Methods

Our findings validate the robustness and applicability of MOSEAC in real-world scenarios, provid-
ing strong evidence of its potential to lower hardware requirements and improve data efficiency in
reinforcement learning deployments.

Our future work will further refine the algorithm, particularly in the adaptive tuning of hyperparam-
eters, to enhance its performance and applicability. We aim to apply MOSEAC to a broader range
of robotic projects, including smart cars and robotic arms, to fully leverage its benefits in diverse
practical settings.
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CHAPTER 7 GENERAL DISCUSSION

7.1 Summary of Works

7.1.1 Findings and Contributions

The Soft Elastic Actor-Critic (SEAC) algorithm represents a significant advancement in reinforce-
ment learning by introducing the concept of Variable Time Step Reinforcement Learning (VTS-
RL). As the first VTS-RL algorithm, the significance of SEAC is manifold. SEAC breaks the lim-
itations of fixed frequency control by allowing the control frequency to adapt dynamically based
on task requirements. By incorporating task energy and time rewards into the reward function,
SEAC ensures that the algorithm not only focuses on task completion but also on minimizing the
time and energy required. This multi-objective optimization improves task efficiency and energy
utilization without adding computational complexity. As the first VTS-RL algorithm, SEAC sets
the groundwork for subsequent research in this area. It establishes a theoretical basis and reference
framework for future algorithms like MOSEAC. SEAC’s approach of balancing task, time, and
energy rewards highlights the potential of multi-objective optimization in reinforcement learning,
which can be extended to other domains, driving further advancements in RL.

Building on the foundation of SEAC, the Multi-Objective Soft Elastic Actor-Critic (MOSEAC) al-
gorithm further refines the VTS-RL concept. MOSEAC reduces the complexity of hyperparameter
tuning by requiring only a single hyperparameter to guide exploration. This is achieved through an
adaptive reward mechanism that dynamically adjusts based on observed task rewards. Validation
in a Newtonian kinematics environment demonstrated that MOSEAC achieves higher task perfor-
mance and training efficiency with fewer time steps and lower energy consumption. This indicates
that MOSEAC accelerates the training process while maintaining high task performance.

The application of MOSEAC in the Agilex Limo robot represents a culmination of the research,
showcasing its real-world efficacy and providing a demonstration of its capabilities. The MOSEAC
was validated through both physical simulations and real-world experiments using the Agilex Limo
robot. These tests involved navigating various target positions and complex environments. The
experiments were meticulously documented, including hardware and software configurations, en-
suring that other researchers could replicate the study. The results confirmed that MOSEAC ef-
fectively completes navigation tasks with energy efficiency and task completion times compared to
fixed time step algorithms. This highlights the algorithm’s robustness and adaptability in real-world
scenarios. MOSEAC demonstrated significant improvements in reducing energy consumption and
optimizing task performance, making it highly suitable for practical applications. The mathemat-
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ical analysis detailed the adaptive αm adjustment mechanism, which linearly increases with an
upper limit, ensuring bounded and convergent reward functions. The inclusion of ψ in the reward
function facilitates multi-objective optimization without increasing computational complexity, bal-
ancing various objectives effectively. Theoretical analysis confirmed MOSEAC’s ability to achieve
stable convergence in diverse environments, ensuring consistent performance across different sce-
narios.

These findings collectively demonstrate the robustness, efficiency, and practical applicability of
MOSEAC, providing a solid foundation for future research and deployment in diverse real-world
scenarios. The approach taken in validating MOSEAC on the Agilex Limo robot exemplifies its
potential for broader adoption and adaptation in various robotic applications.

7.1.2 Features and Advantages

In many practical applications, task completion time and energy consumption are critical perfor-
mance metrics. Traditional fixed time-step algorithms struggle to optimize both simultaneously.
MOSEAC addresses this by incorporating task energy and time reward components into the reward
function, achieving multi-objective optimization. Experimental results demonstrate that MOSEAC
completes tasks with fewer time steps and significantly reduces energy consumption, thereby im-
proving system efficiency and sustainability. Training efficiency and convergence speed are es-
sential indicators of reinforcement learning algorithm performance. MOSEAC enhances these by
using an adaptive adjustment of control frequency and reward mechanisms. By introducing a non-
linear reward framework where the action duration reward and task reward are multiplicatively
related, MOSEAC enables the agent to more quickly understand the impact of action duration
on overall task reward. This accelerates the training process, as evidenced by experiments in a
Newtonian kinematics environment, showing higher task performance in shorter training times and
significantly improved data efficiency.

During the training phase, MOSEAC’s adaptive adjustment mechanism for control frequency and
reward settings improves efficiency and convergence speed. This dynamic adjustment allows the
algorithm to quickly adapt to different environments and task requirements, ensuring stable conver-
gence. In the deployment phase, experimental validation with the Agilex Limo robot demonstrates
MOSEAC’s robustness and adaptability across various target positions and complex environments.
The design of expanding the action dimension and applying new reward formulas ensures that
MOSEAC is flexible and adaptable to different tasks and environments.

Ensuring theoretical stability and convergence is critical for reliable algorithm deployment. MOSEAC
has undergone detailed mathematical analysis to verify its convergence and complexity, ensuring
stability across different environments. The mathematical foundation confirms that MOSEAC can
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balance multiple objectives, optimizing task completion time and energy consumption, thereby pro-
viding robust theoretical support for its practical application. Different tasks and environments may
have specific requirements for reinforcement learning algorithms. SAC, an off-policy algorithm,
performs well in many scenarios but may not be as suitable in environments that require frequent
policy updates, where on-policy algorithms like PPO are more effective. MOSEAC broadens the
action dimension by introducing action duration and applying new reward formulas, allowing it to
extend beyond SAC to other reinforcement learning algorithms, such as PPO and TD3. The VTS-
RL framework, backed by mathematical theory, ensures stability and effectiveness across various
algorithms, offering consistent performance improvements and adaptability.

In traditional reinforcement learning algorithms, hyperparameter tuning is a complex and time-
consuming process, with the setup of hyperparameters like learning rate and temperature coefficient
(alpha) being crucial for performance and convergence speed. MOSEAC retains these traditional
RL hyperparameters but introduces an adaptive reward mechanism that dynamically adjusts the key
hyperparameter αm. This reduces the user’s burden in tuning multiple hyperparameters, making
MOSEAC more user-friendly. While MOSEAC does not eliminate the need for all RL hyperparam-
eters, it simplifies the tuning process by adding only one additional hyperparameter, thus lowering
the entry barrier.

In summary, MOSEAC as a VTS-RL algorithm offers significant advantages in optimizing task
completion time and energy consumption, improving training efficiency and convergence speed,
enhancing robustness and adaptability, ensuring theoretical stability and convergence, providing
broad algorithm applicability, and simplifying hyperparameter tuning. These features not only
make MOSEAC important in theoretical research but also support its extensive deployment in prac-
tical applications.

7.2 Limitations

While MOSEAC demonstrates significant advantages, it also presents certain limitations that need
to be addressed for broader applicability and effectiveness in real-world scenarios.

Firstly, the algorithm’s adaptive adjustment mechanism and complex reward framework may in-
crease computational resource requirements. While this is not a significant issue when training
on high-performance computing resources, it can be more challenging for on-policy algorithms,
mainly when training directly on resource-limited robots without requiring simulation-to-reality
transfer [179]. This increased demand may affect training efficiency and outcomes in such con-
strained environments.
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Secondly, despite reducing some of the hyperparameter tuning complexity by introducing an adap-
tive reward mechanism, MOSEAC still requires careful tuning of the critical hyperparameter ψ.
Although specific adjustment recommendations are provided in these articles above, the optimal
value of ψ may vary depending on the task and environment, indicating potential for further opti-
mization. Currently, αm is adjusted linearly, but more efficient methods may exist, and we have not
found these methods yet. This presents a challenge for users who lack extensive hyperparameter
experience.

Thirdly, like all reinforcement learning algorithms, MOSEAC’s performance in simulation envi-
ronments may not fully reflect its real-world applicability. Experimental settings are typically con-
trolled and idealized, while real-world environments are noisy, uncertain, and dynamically chang-
ing. If the algorithm is not trained directly in real environments but rather in simulated ones, the
quality of simulation data versus real-world data can significantly impact performance. Addition-
ally, some existing reinforcement learning frameworks and tools (e.g., Mujoco [80]) may not fully
support the extension to include time dimensions, limiting direct application.

Fourthly, MOSEAC relies on a complex reward signal design for multi-objective optimization. This
requires a deep understanding of the task and environment and may necessitate redesigning and
adjusting reward signals for different application scenarios [180]. The complexity of reward signal
design can increase the development and debugging time, especially when facing new tasks or
unforeseen environmental changes [181]. While these designs can enhance algorithm performance,
they also impose higher demands on developers, increasing the application’s difficulty and cost.

Fifth, when applied to multi-agent reinforcement learning, the non-uniform control rate method will
lead to inconsistent state updates. Multiple agents may need to reach an agreement confirmation
before the state update can be performed, which places additional hardware and communication
quality requirements. MOSEAC has not yet been verified on a multi-agent reinforcement learning
platform, one of our future work directions.

Finally, introducing the time dimension in MOSEAC requires developers to set appropriate time
ranges (minimum and maximum durations). Inappropriate time settings can degrade or even nul-
lify the algorithm’s performance, particularly in real-time reinforcement learning training (as we
mentioned in Chapter 6). This adds another layer of complexity to the algorithm’s design and de-
bugging, potentially making it less effective than traditional methods in some tasks. Therefore,
further research and validation are needed to ensure MOSEAC’s suitability and stability in these
specific tasks and environments.

These limitations highlight the areas where MOSEAC requires further development and validation
to ensure its robustness and effectiveness across diverse real-world applications.



99

7.3 Future Research

Based on the successful application of the MOSEAC in single-agent reinforcement learning, we
propose the following three potential future research directions to expand further and optimize the
algorithm’s application:

7.3.1 Expanding to Multi-Agent Reinforcement Learning (MARL)

Expanding MOSEAC to multi-agent reinforcement learning [182, 183] environments is a promising
research direction. By leveraging MOSEAC’s adaptive adjustment mechanism and time dimension
design, it is possible to coordinate the behaviors of multiple agents, achieving global optimiza-
tion. However, the reward design in multi-agent environments is more complex, requiring the
development of reward mechanisms suitable for agent cooperation. Additionally, computational
resource requirements will significantly increase, necessitating optimization of resource usage and
improved training efficiency. Training stability in multi-agent environments is also a critical chal-
lenge, mainly when applied to real-world robotics, where communication delays between multiple
robots prevent real-time state updates. If each robot has different action durations, asynchronous
state updates based on communication are a potential challenge [184]. Experimental validation of
MOSEAC’s performance in these environments is required.

7.3.2 Extension of Action Time Dimensions in Traditional Pre-trained RL Models

The extension of action time dimensions to make traditional pre-trained RL models more usable
in different tasks and environments is another important research direction. MOSEAC’s adaptive
adjustment mechanism and time dimension design can further enhance the adaptability of pre-
trained models, improving their performance in multi-task environments. Specifically, dynamically
adjusting action time dimensions can optimize computational resource usage and improve training
efficiency. This direction can enhance the generality of pre-trained models and reduce the time
required for tuning and optimization in new tasks. There is existing research [185] on eliminating
models’ dependence on predefined action space sizes and structures, allowing models to generalize
to new tasks and environments, which provides technical and theoretical support for our ideas.

7.3.3 Application to Safe Reinforcement Learning

The application of MOSEAC to safe reinforcement learning [186, 187] can provide new approaches
to developing algorithms that avoid unsafe behaviors during training and deployment. MOSEAC’s
time dimension design allows agents to respond to potential hazards quickly, avoiding unsafe be-
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haviors. The adaptive adjustment mechanism allows agents’ actions to be dynamically evaluated
and adjusted to meet safety constraints [188]. Additionally, incorporating safety-related reward
terms in the reward design can enhance safety while ensuring task efficiency. This direction requires
extensive validation in practical applications, especially in high-safety-requirement scenarios such
as outdoor autonomous driving and industrial robotics.

Through these three research directions, we aim to further expand and optimize the MOSEAC’s
application scope. These directions can enhance the algorithm’s adaptability and effectiveness
and demonstrate its potential and advantages in practical applications. With continuous research
and experimentation, we believe MOSEAC will achieve significant breakthroughs in multi-agent
environments, pre-trained models, and safe reinforcement learning.
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CHAPTER 8 CONCLUSION

The research presented in this thesis introduces and validates the Variable Time Step Reinforce-
ment Learning (VTS-RL) framework, with a particular focus on the development and application
of the Soft Elastic Actor-Critic (SEAC) and Multi-Objective Soft Elastic Actor-Critic (MOSEAC)
algorithms. This work addresses critical inefficiencies in traditional reinforcement learning (RL)
approaches by allowing dynamic adjustment of control frequencies based on task requirements,
thus optimizing computational resource usage and improving task performance and energy effi-
ciency.

8.1 Key Contributions

The SEAC algorithm pioneers the VTS-RL approach by integrating variable control frequencies
into the RL framework. SEAC’s ability to dynamically adjust control rates based on immediate
task demands sets a new standard in RL, significantly enhancing task efficiency and energy uti-
lization. Building on SEAC, the MOSEAC algorithm further refines this approach by simplifying
hyperparameter tuning through an adaptive reward mechanism. This innovation reduces the com-
plexity of algorithm deployment and improves training efficiency and task performance.

The practical application of MOSEAC on the Agilex Limo robot demonstrates the real-world ef-
ficacy of the VTS-RL framework. Through rigorous physical simulations and real-world exper-
iments, MOSEAC has shown substantial improvements in energy efficiency and task completion
times compared to fixed time step algorithms. These findings underscore the robustness and adapt-
ability of MOSEAC in various robotic applications.

8.2 Theoretical and Practical Impact

The theoretical analysis presented in this thesis confirms the stability and convergence of the
MOSEAC. By establishing a robust mathematical foundation for the VTS-RL framework, this re-
search ensures that MOSEAC can maintain consistent performance across different environments
and tasks. The adaptive αm adjustment mechanism and the inclusion of ψ in the reward func-
tion facilitate multi-objective optimization without increasing computational complexity, enabling
MOSEAC to effectively balance multiple objectives.

The impact of our research extends beyond immediate improvements in reinforcement learning
performance. The introduction of VTS-RL and MOSEAC establishes a new standard for future RL
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algorithms by incorporating variable time steps, thus enhancing their applicability across diverse
fields.

In autonomous driving, the ability to adjust control frequencies based on real-time road conditions
can lead to safer and more efficient navigation systems. Similarly, variable time steps in indus-
trial robotics can optimize production processes by reducing energy consumption and improving
response times.

The VTS-RL framework also significantly advances intelligent systems in resource-constrained
environments. By optimizing computational resource usage, VTS-RL enables the deployment of
RL algorithms on platforms with limited processing power, such as embedded systems and mobile
robots. This facilitates broader adoption of RL technologies in areas like healthcare, agriculture,
and environmental monitoring, where efficient and adaptable control strategies are crucial.

The implementation and validation of these methods on the AgileX LIMO robot platform demon-
strate the practical benefits of MOSEAC in real-world applications. This research not only enhances
the theoretical foundations of RL but also provides tangible solutions for real-world challenges,
paving the way for advanced RL algorithms that can operate efficiently in dynamic and resource-
constrained environments.

8.3 Limitations and Future Work

While MOSEAC offers significant advancements, it also presents certain limitations, such as in-
creased computational resource requirements and the complexity of reward signal design. Future
research should focus on expanding MOSEAC to multi-agent reinforcement learning environments,
extending action time dimensions in traditional pre-trained RL models, and applying MOSEAC to
safe reinforcement learning. These directions will further enhance the adaptability, efficiency, and
applicability of the VTS-RL framework in diverse real-world scenarios.

In conclusion, the VTS-RL framework and the MOSEAC represent significant steps forward in
the field of reinforcement learning. By addressing the limitations of fixed control frequencies and
introducing dynamic adjustment mechanisms, this research paves the way for more efficient, adapt-
able, and reliable RL-based robotic systems. The findings and contributions of this thesis provide
a solid foundation for future advancements in reinforcement learning, with broad implications for
both theoretical research and practical applications.
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APPENDIX A VALIDATION ENVIRONMENT DETAILS IN (CH. 3)

The Spatial Information of our environment are:

Table A.1 Details of The Simple Newtonian Kinematics Gymnasium Environment

Environment details

Name Value Annotation

Action dimension 3
Range of speed [−2, 2] m/s
Action Space [−100.0, 100.0] Newton
Range of time [0.01, 1.0] second
State dimension 6 Task gain factor
World size (2.0, 2.0) in meters
Obstacle shape Round Radius: 5cm
Agent weight 20 in Kg
Gravity factor 9.80665 in m/s2

Static friction coeddicient 0.6

The state dimensions are:
State

Definition 15. State

We have only one starting point, endpoint, and obstacle in the set environment. The positions

of the endpoint and obstacle are randomized in each episode.

St = (Pos,Obs,Goal, Speed, T ime, Force)

Where:

Pos = Position Data of The Agent in X and Y Direction,

Obs = Position Data of The Obstacle in X and Y Direction,

Goal = Position Data of The Goal in X and Y Direction,

Speed = Spped Data of The Agent for Current Step,

Time = The Duration data of The Agent to Execute The Last Time Step,

Force = Force Data of The Agent for Last Time Step in X and Y Direction.

The action dimensions are:
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Action
Definition 16. Action

Each action should have a corresponding execution duration.

at = (at, afx, afy)

Where:

at = The time of The Agent to implement current action,

afx = The Force of The Agent in X Coordinate,

afy = The Force of The Agent in Y Coordinate.
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APPENDIX B DETAILS OF NEWTONIAN KINEMATICS ENVIRONMENT IN OF
(CH. 4)

To validate our algorithm, we set up an autonomous driving environment based on Newtonian
dynamics, including a random birth point, a random endpoint, and a random obstacle. Check
Definition 18 for its state value information, Definition 19 for its action value information, and
Definition 17 for the physical formula it follows.

As Definition 8, the precise reward configuration for our environment are outlined in Table B.1.

Definition 17. The Newton Kinematics formulas are:

Daim = 1/2 · (Vaim + Vcurrent) · T ;

Vaim = Vcurrent + AT ;

Faim = mA;

Ftrue = Faim − ffriction;

ffriction = µmg, if Faim > ffriction ∧ Vagent 6= 0

ffriction = Faim, if Faim ≤ ffriction ∧ Vagent = 0

where Daim is the distance generated by the policy that the agent needs to move. Vagent is the speed

of the agent. T is the time to complete the movement generated by the policy, Faim is the traction

force necessary for the agent to change to the aimed speed. m is the mass of the agent, µ is the

friction coefficient, and g is the acceleration of gravity.

Table B.1 Reward Settings for The Newtonian Kinematics Environment

Reward Settings

Name Value Annotation

500.0 Reach the goal
r −500.0 Crash on an obstacle

Dorigin − 1.0×Dgoal Dorigin: distance from start to goal; Dgoal: distance to goal
αm 1.0

The state dimensions are shown in Definition 18:
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Definition 18. The positions of the endpoint and obstacle are randomized in each episode.

St = (Pos,Obs,Goal, Speed, T ime, Force)

Where:

Pos = Position Data of The Agent in X and Y Direction,

Obs = Position Data of The Obstacle in X and Y Direction,

Goal = Position Data of The Goal in X and Y Direction,

Speed = Spped Data of The Agent for Current Step,

Time = The Duration data of The Agent to Execute The Last Time Step,

Force = Force Data of The Agent for Last Time Step in X and Y Direction.

The Spatial Information of our environment are shown in Table B.2:

Table B.2 Details of The Simple Newtonian Kinematics Gymnasium Environment

Environment details

Name Value Annotation

Action dimension 3
Range of speed [−2, 2] m/s
Action Space [−100.0, 100.0] Newton
Range of time [0.01, 1.0] second
State dimension 11 Task gain factor
World size (2.0, 2.0) in meters
Obstacle shape Round Radius: 5cm
Agent weight 20 in Kg
Gravity factor 9.80665 in m/s2

Static friction coeddicient 0.6

The action dimensions are shown in Definition 19:

Definition 19. Action

Each action should have a corresponding execution duration.

at = (Dt, Afx, Afy)

Where:

Dt = The duration of the Agent to implement current action,
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Afx = The Force of the Agent in X Coordinate,

Afy = The Force of the Agent in Y Coordinate.
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APPENDIX C REAL ENVIRONMENT IN (CH. 6)

Table C.1 displays the coordinate information of the enclosed regions in the real environment;
Table C.2 shows the specifications of the Agilex Limo; Table C.3 shows the key performance
metrics of the OptiTrack system.

Table C.1 Enclosed regions information (yellow lines arrays) in the real environment (in meters)

Zone Coordinates

zone_left_down [[0.0, 0.0], [-1.0, 0.0]], [[-1.0, 0.0], [-1.0,
-1.0]], [[-1.0, -1.0], [0.0, -1.0]], [[0.0,

-1.0], [0.0, -0.75]], [[0.0, -0.75], [-0.57,
-0.75]], [[-0.57, -0.75], [-0.57, -0.3]],
[[-0.57, -0.3], [0.0, -0.3]], [[0.0, -0.3],

[0.0, 0.0]]
zone_left_up [[0.0, 0.4], [0.0, 1.0]], [[0.0, 1.0], [-1.0,

1.0]], [[-1.0, 1.0], [-1.0, 0.4]], [[-1.0,
0.4], [0.0, 0.4]]

zone_right_up [[0.5, 0.0], [1.0, 0.0]], [[1.0, 0.0], [1.0,
1.0]], [[1.0, 1.0], [0.5, 1.0]], [[0.5, 1.0],

[0.5, 0.0]]
zone_right_down [[0.5, -1.0], [0.5, -0.5]], [[0.5, -0.5], [1.0,

-0.5]], [[1.0, -0.5], [1.0, -1.0]], [[1.0,
-1.0], [0.5, -1.0]]

Table C.2 AgileX Limo Specifications [1]

Category Specifications
Dimensions 322mm x 220mm x 251mm
Weight 4.2 kg
Maximum Speed 1 m/s
Maximum Climbing
Capacity

25° (omni-wheel, differential, Ackermann
steering), 40° (tracked mode)

Ground Clearance 24 mm
Battery 12V Li-ion 5600mAh
Run Time 40 minutes of continuous operation
Standby Time 2 hours
Charging Time 2 hours
Operating Temperature -10°C to 40°C
IP Rating IP22 (splash-proof, dust-proof)
Sensors IMU: MPU6050

LiDAR: EAI X2L
Depth Camera: ORBBEC DaBai

CPU ARM64 Quad-Core 1.43GHz (Cortex-A57)
GPU 128-core NVIDIA Maxwell™ @ 921MHz
Communication Wi-Fi, Bluetooth 5.0
Operating System Ubuntu 18.04, ROS1 Melodic
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Table C.3 Key Performance Metrics of the OptiTrack System [2]

Performance Metric Value Description

Camera Resolution Up to 4096x2160 High resolution for detailed
tracking

Frame Rate Up to 360 FPS Ensures smooth motion
capture

Latency As low as 3ms Provides real-time feedback
Field of View (FOV) 56° to 100° Suitable for various capture

needs
Synchronization
Precision

<1µs Multi-camera synchronized
capture

Marker Tracking
Accuracy

<0.5mm Precise 3D spatial
positioning

Operating Range Up to 30m Suitable for large-scale
capture environments

Optical Resolution 12 MP High-quality image data
Ambient Light
Suppression

Strong Reduces interference from
ambient light

Data Interface Gigabit Ethernet Fast data transmission
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APPENDIX D SIMULATION ENVIRONMENT IN (CH. 6)

The position of the goal is randomized from these eight points in each episode. Setting multiple
endpoints offers several advantages. It enhances the navigation policy’s generalization capability
by training the agent to adapt to various goals rather than a single target. This promotes extensive
exploration, prevents the agent from getting stuck in local optima, and increases robustness by
preparing the agent to handle dynamic or uncertain target positions in real-world deployments
[189].

Additionally, it improves data efficiency by allowing the agent to learn from diverse experiences in
a single training session. Multiple endpoints provide more prosperous reward signals, accelerating
learning through varied success and failure contexts. Moreover, it simulates realistic scenarios
where multiple destinations are shared, thus increasing the practical value of the trained model.
Lastly, this approach raises task complexity, challenging the agent to develop more sophisticated
strategies and ultimately enhancing overall performance [190].

Table D.1 List of goal positions with their coordinates

Goal Position Coordinates

Goal Position 1 [1.2, 1.2]
Goal Position 2 [1.2, -1.2]
Goal Position 3 [-1.2, 1.2]
Goal Position 4 [-1.2, -1.2]
Goal Position 5 [1.2, 0]
Goal Position 6 [0, 1.2]
Goal Position 7 [-1.2, 0]
Goal Position 8 [0, -1.2]

The start point is a fixed point as: [-0.2, -0.5]. To enhance the stability of the agent’s initial position
and reduce the risk of misalignment in real-world deployment, we introduce uniform noise to the
starting coordinates. This approach aims to minimize data uncertainty caused by position discrep-
ancies. By adding noise uniformly in the range [−0.05, 0.05], we can achieve the desired effect.
Let:

• alocation be the agent’s position

• U(a, b) denote a uniform distribution in the range [a, b]
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The updated position formula is:

alocation =
−0.2 + U(−0.05, 0.05)
−0.5 + U(−0.05, 0.05)


This method ensures that the uniform noise maintains the desired variability without introducing
bias [191].

All in all, the state dimension is 49, and their shape and space are shown in Table B.2.

Table D.2 Noteable, Limo cannot make the control duration correctly if the duration is not in this
time range.

State details

Name Shape Space Annotation

Limo Position [2, ] [−1.5, 1.5] in (X, Y), (meters)
Goal Position [2, ] [−1.5, 1.5] in (X, Y), (meters)
Linear Velocity [1, ] [−1.0, 1.0]
Steering Angle [1, ] [−1.0, 1.0]
Control duration [1, ] [0.02, 0.5] in Seconds
Previous linear velocity [1, ] [−1.0, 1.0]
Angular velocity [1, ] [−1.0, 1.0]
20 radar point positions [40, ] [−1.5, 1.5] reshape from [20, 2], in (X, Y)

Table D.3 Noteable, Limo cannot make the control duration correctly if the duration is not in this
time range.

Action details

Name Shape Space Annotation

Control duration [1, ] [0.02, 0.5] in Seconds
Linear velocity [1, ] [−1.0, 1.0]
Angular velocity [1, ] [−1.0, 1.0]
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Table D.4 Reward Value Settings for Limo Environment

Reward Settings

Name Value Annotation

cross_punish −30.0 cross with the enclosed regions
success_reward 500.0 success to reach the goal
dead_punish −100.0 go out of the map
δ 0.2 if limo close enough to a point, in meters
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APPENDIX E SYSTEM DETAILS IN (CH. 6)

Table E.1 Training PC Details

PC Key Softwares’ Ecosystem

Name Value

Nvidia Driver Version 450.67
Cuda Version 11.8
cuDNN Version 8.9.7
Python Version 3.8
Torch Version 2.1.0
ONNX Version 1.13.1
Gymnasium Version 0.29.1

Table E.2 Agilex Limo Details

Agilex Limo Key Softwares’ Ecosystem

Name Value

Nvidia JetPack Version 4.6.4
Cuda Version 10.2_r440
cuDNN Version 8.2.1
TensorRT Version 8.2.1.3
Python Version 3.6
Pycuda Version 2020.1
ONNX Version 1.13.1
Limo Controller Version 2.4

Our experiments used the Agilex Limo equipped with a Jetson Nano running JetPack version 4.6.4.
While newer versions such as 6.0+ are available, compatibility and support limitations necessitated
our use of JetPack 4.6.4. Specifically, the older versions of cuDNN and TensorRT required for our
setup are no longer available for direct download, although this may affect reproducibility. To assist
others in replicating our results, we have provided custom-built support packages on our GitHub.

https://github.com/alpaficia/MOSEAC_Limo
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APPENDIX F HYPERPARAMETER SETTING OF SEAC IN (CH. 3)

Table F.1 Hyperparameters Setting of SEAC

Hyperparameter sheet

Name Value Annotation

Total steps 3e6
γ 0.99 Discount factor
Net shape (256, 256)
batch_size 256
a_lr 2e4 Learning rate of Actor Network
c_lr 2e4 Learning rate of Critic Network
max_steps 500 Maximum steps for one episode
α 0.12
η −3 Refer to SAC [72]
Ti 5.0 Time duration of rest compared RL algorithms, in HZ
min_frequency 1.0 Minimum control frequency, in HZ
max_frequency 100.0 Maximum control frequency, in HZ
Optimizer Adam Refer to Adam [192]
environment steps 1
Replaybuffer size 1e6
Number of samples before training start 5 ·max_steps
Number of critics 2
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APPENDIX G HYPERPARAMETERS OF MOSEAC IN (CH. 4)

Hyperparameter sheet of MOSEAC

Name Value Annotation

Total steps 3e6
γ 0.99 Discount factor
Net shape (256, 256)
batch_size 256
a_lr 3e− 5 Learning rate of Actor Network
c_lr 3e− 5 Learning rate of Critic Network
max_steps 500 Maximum steps for one episode
α 0.12
η −3 Refer to SAC [72]
min_time 0.01 Minimum control duration, in seconds
max_time 1.0 Maximum control duration, in seconds
αm 1.0 Init value of αm (Definition 8)
ψ 1e− 4 Monotonically increasing H-parameter (Algorithm 3)
Optimizer Adam Refer to Adam [192]
environment steps 1
Replaybuffer size 1e6
Number of samples before training start 5 ·max_steps
Number of critics 2
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APPENDIX H CONVERGENCE ANALYSIS OF MOSEAC IN (CH. 4)

This appendix aims to analyze the convergence of the Multi-Objective Soft Elastic Actor-Critic
(MOSEAC) algorithm. Its action space includes a time dimension D and the reward function is
R = αmRtRτ − αε, with αm and αε dynamically adjusted during training, details can be found in
section 4.3.

SAC Algorithm Overview In the standard SAC algorithm [45], the policy πθ(a|s) selects action
a, and updates the policy parameters θ and value function parameters φ. The objective function is:

J(πθ) = E(s,a)∼πθ [Qπ(s, a) + αH(πθ(·|s))]

where J(πθ) is the objective function, Qπ(s, a) is the state-action value function, α is a temperature
parameter controlling the entropy term, andH(πθ(·|s)) is the entropy of the policy.

Incorporating Time Dimension and Our Reward Function
¯

When the action space is extended to in-
clude D and the reward function is modified to R = αmRtRτ − αε, where αm ≥ 0, 0 < Rτ ≤ 1,
and αε is a small positive constant, the new objective function becomes:

J(πθ) = E(s,a,D)∼πθ [Qπ(s, a,D) + αH(πθ(·|s))]

where Qπ(s, a,D) is the extended state-action value function with time dimension D, and Rt and
Rτ are components of the reward function, see Definition 3.f

Policy Gradient With our reward function, the policy gradient is:

∇θJ(πθ) = Eπθ [∇θ log πθ(a,D|s) (Qπ(s, a,D) · (αm ·Rτ )− αε)]

where∇θJ(πθ) is the gradient of the objective function with respect to the policy parameters θ.

Value Function Update The value function update, incorporating the time dimension D and our
reward function, is:

L(φ) = E(s,a,D,r,s′)

[(
Qφ(s, a,D)−

(
r + γE(a′,D′)∼πθ [Vφ̄(s′)− α log πθ(a′, D′|s′)]

))2
]

where L(φ) is the loss function for the value function update, r is the reward, γ is the discount
factor, and Vφ̄(s′) is the target value function.
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Policy Parameter Update The new policy parameter θ update rule is:

θk+1 = θk+βkEs∼D,(a,D)∼πθ

[
∇θ log πθ(a,D|s)

(
Qφ(s, a,D) · (αm ·Rτ )− αε − Vφ̄(s) + α log πθ(a,D|s)

)]

where βk is the learning rate at step k.

Dynamic Adjustment and Convergence Analysis To analyze the impact of dynamically adjusting
αm and αε, we assume:

1. Dynamic Adjustment Rules:
- αm increases monotonically by a small increment ψ if the reward trend decreases over
consecutive episodes (See Definition 11).
- αε decreases with the Definition 10.

2. Learning Rate Conditions:
The learning rates αk and βk must satisfy the following conditions [41]:

∞∑
k=0

αk =∞,
∞∑
k=0

α2
k <∞

∞∑
k=0

βk =∞,
∞∑
k=0

β2
k <∞

Unbiased Estimation Assuming the critic estimates are unbiased:

E[Qφ(s, a,D) · (αm ·Rτ )− αε] = Qπ(s, a,D) · (αm ·Rτ )− αε

Since Rτ is a positive number within [0, 1], its effect on Qπ(s, a,D) is linear and does not affect
the consistency of the policy gradient.

Impact Evaluation

1. Positive Scaling:
As Rτ is always a positive number less than or equal to 1, and αm ≥ 0, it only scales the
reward, not altering its sign. This scaling does not change the direction of the policy gradient
but affects its magnitude.

2. Small Offset:
αε is a small constant used to accelerate training. This small offset does not affect the direc-
tion of the policy gradient but introduces a minor shift in the value function, which does not
alter the overall policy update direction.
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Conclusion Under the aforementioned conditions, the modified SAC algorithm with the time di-
mension D and the new reward function R = αmRtRτ − αε, which we called MOSEAC, will
converge to a local optimum, i.e. [29],

lim
k→∞
∇θJ(πθ) = 0

This implies that over time, the policy parameters will stabilize at a local optimum, maximizing the
policy performance.



136

APPENDIX I ANALYSIS OF THE ADAPTIVE αM ADJUSTMENT IN MOSEAC IN
(CH. 6)

In MOSEAC we use an adaptive adjustment scheme for αm, specifically a simple linear increment
with an upper limit αmax. The inclusion of ψ and the reward adjustment strategy inherently involves
Pareto optimization. Below, we provide a mathematical analysis of the stability of our scheme and
its relation to the Pareto front.

Adaptive Adjustment Scheme for αm

Let αm be adjusted linearly over time with an upper limit αmax:

αm(t) = min(αm,0 + kt, αmax)

where αm,0 is the initial value, k is the increment rate, and t represents the time or iteration index.

The stability of this linear adjustment can be analyzed by examining the impact on the reward
function R and the policy updates.

Reward Function and ψ

The reward function R in the MOSEAC algorithm can be expressed as:

R = r + ψ

where r is the immediate reward and ψ is an adjustment term that influences the reward based on
the adaptive αm.

Given the linear increment of αm, the adjustment term ψ can be represented as:

ψ(t) = f(αm(t)) = f(αm,0 + kt) for αm(t) < αmax

ψ(t) = f(αmax) for αm(t) ≥ αmax

where f is a function that defines how ψ depends on αm.

Stability Analysis

To analyze the stability of the reward function under this adaptive scheme, we examine the bound-
edness and convergence of R. The stability is ensured if the cumulative reward remains bounded
and the policy converges to an optimal policy over time.
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1. Boundedness: The linear increment of αm with an upper limit should ensure that R does not
grow unbounded. This requires that f(αm) grows at a controlled rate.

|R| = |r + f(αm,0 + kt)| ≤M for αm(t) < αmax

|R| = |r + f(αmax)| ≤M for αm(t) ≥ αmax

where M is a constant, indicating that R remains bounded.

2. Convergence: The policy π should converge to an optimal policy π∗. The convergence is
influenced by the adjustment term ψ and the learning rate αm.

lim
t→∞

π(t) = π∗

If αm is adjusted linearly with an upper limit, the learning rate should decrease over time to
ensure convergence.

Multi-Objective Optimization

The multi-objective optimization aspect of the MOSEAC algorithm arises from the trade-off be-
tween multiple objectives in the reward function. The inclusion of ψ introduces a multi-objective
optimization problem, where the algorithm aims to optimize the cumulative reward while balancing
different aspects influenced by ψ.

The Pareto front represents the set of optimal policies where no single objective can be improved
without degrading another [193]. The linear increment of αm with an upper limit and the presence
of ψ ensure that the algorithm explores the policy space effectively, converging to solutions on the
Pareto front [194].
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APPENDIX J STATISTICS FOR ENERGY AND TIME CONSUMPTIONS IN (CH. 6)

Statistic results for the MOSEAC and SEAC on energy and time consumptions are shown in Ta-
ble J.1.

Table J.1 Descriptives

N Mean SD SE COV

MOSEAC_Energy 100 10.130 4.733 0.473 0.467
SEAC_Energy 100 11.660 4.740 0.474 0.407
MOSEAC_Time 100 4.341 2.038 0.204 0.469
SEAC_Time 100 4.456 2.044 0.204 0.459

Table J.2 Test of Normality (Shapiro-Wilk)

W p

MOSEAC_energy - SEAC_energy 0.916 < 0.001
MOSEAC_time - SEAC_time 0.993 0.894

Table J.3 Paired Samples T-Test

Measure 1 Measure 2 W z p

MOSEAC_Energy - SEAC_Energy 35.000 -7.904 <0.001
MOSEAC_Time - SEAC_Time 502.000 -6.956 <0.001
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APPENDIX K STATISTICS FOR COMPUTE RESOURCES IN (CH. 6)

Table K.1 Descriptives

N Mean SD SE COV

MOSEAC CPU usage (%) 88 11.400 0.370 0.131 0.032
SAC 10 Hz CPU usage (%) 88 16.800 0.400 0.141 0.024
SAC 60 Hz CPU usage (%) 88 31.413 1.298 0.459 0.041
MOSEAC GPU usage (%) 88 2.800 0.283 0.100 0.101
SAC 10 Hz GPU usage (%) 88 13.787 0.242 0.085 0.018
SAC 60 Hz GPU usage (%) 88 27.863 0.463 0.164 0.017

Table K.2 Test of Normality (Shapiro-Wilk)

W p

Measure 1 Measure 2 W p

MOSEAC CPU usage (%) SAC 10 Hz CPU usage (%) 0.947 0.685
SAC 60 Hz CPU usage (%) 0.960 0.806

MOSEAC GPU usage (%) SAC 10 Hz GPU usage (%) 0.835 0.067
SAC 60 Hz GPU usage (%) 0.901 0.296

Table K.3 Paired Samples T-Test

Measure 1 Measure 2 W z p

MOSEAC CPU usage (%) - SAC 10 Hz CPU usage (%) - -2.521 0.004
- SAC 60 Hz CPU usage (%) - -2.521 0.004

MOSEAC GPU usage (%) - SAC 10 Hz GPU usage (%) - -2.521 0.007
- SAC 60 Hz GPU usage (%) - -2.521 0.007
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