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Abstract - Deep Reinforcement Learning (DRL) has emerged as a powerful framework for solving complex decision-making
problems. This paper provides a comprehensive review and comparative analysis of various policy optimization techniques in
DRL, including Policy Gradient Methods, Actor-Critic Algorithms, and Model-Based Approaches. We discuss the theoretical
foundations, practical implementations, and recent advancements in each category. The paper also evaluates these techniques on a
variety of benchmark tasks to highlight their strengths and limitations. Our analysis aims to provide insights into the current state
of DRL and guide future research directions.
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1. Introduction

Reinforcement Learning (RL) is a subfield of machine learning that focuses on training agents to make sequential decisions
in an environment with the goal of maximizing a cumulative reward. It has gained significant attention due to its ability to learn
complex behaviors through interaction with an environment. The integration of deep learning with RL, known as Deep
Reinforcement Learning (DRL), has led to remarkable breakthroughs in various domains, including robotics, game playing, and
autonomous systems. A critical aspect of DRL is policy optimization, which is responsible for learning effective policies that map
states to actions. Various policy optimization techniques have been developed to improve learning efficiency, stability, and
performance. These techniques fall into three main categories: Policy Gradient Methods, Actor-Critic Algorithms, and Model-
Based Approaches. This paper provides a detailed comparative analysis of these major policy optimization techniques in DRL. We
discuss their theoretical foundations, practical implementations, and recent advancements. Furthermore, we evaluate their
performance on a set of benchmark tasks to highlight their relative strengths and limitations. Our goal is to offer insights into the
current state of DRL policy optimization and guide future research in this field.

2. Background and Theoretical Foundations
2.1 Reinforcement Learning Basics
Reinforcement Learning (RL) is a type of machine learning where an agent learns to make decisions by interacting with an

environment. The agent’s goal is to maximize a cumulative reward over time by selecting appropriate actions based on the

observed state of the environment. Unlike supervised learning, where labeled data guides learning, RL relies on trial-and-error

interactions, receiving feedback in the form of rewards to refine its decision-making policy.

The interaction between the agent and the environment is typically formalized as a Markov Decision Process (MDP), which is

defined by the tuple (S, A, P, R, y), where:

e S represents the set of all possible states in the environment.

e A represents the set of all possible actions that the agent can take.

e P(s'|s, a) is the transition probability function, which defines the probability of transitioning to a new state s’ given that the
agent was in state s and took action a.

e R(s, a) is the reward function, which assigns a scalar reward to the agent for taking action a in state s. The reward function
provides the learning signal that guides the agent’s behavior.

e v (gamma) is the discount factor, which determines the importance of future rewards. A y value close to 1 makes future
rewards more significant, while a lower y prioritizes immediate rewards.

A key component of RL is the policy, denoted as m(a | s), which defines a probability distribution over actions given a state.

The goal of RL is to find an optimal policy, 7*, that maximizes the expected cumulative reward. The performance of a policy = is
measured by the objective function J(rx), defined as:
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where T = (so, a0, $1, a1, ...) represents a trajectory of states and actions. The agent's goal is to learn a policy m* that maximizes this
expected return over time.

2.2 Policy Optimization
Policy optimization in RL refers to methods that iteratively improve a policy by adjusting its parameters to maximize the
expected cumulative reward. There are three primary approaches to policy optimization.

1. Policy Gradient Methods: Policy gradient methods directly optimize the policy by estimating the gradient of the expected
reward with respect to the policy parameters. These methods use the policy gradient theorem, which provides a way to compute
gradients and update the policy using gradient ascent. Popular algorithms in this category include REINFORCE, Trust Region
Policy Optimization (TRPO), and Proximal Policy Optimization (PPO).

2. Actor-Critic Algorithms: Actor-critic methods combine policy gradient techniques with value function estimation to
improve learning efficiency. These methods use two components:

o The actor, which updates the policy parameters based on policy gradients.

o The critic, which estimates the value function and provides feedback to the actor.

By incorporating value estimation, actor-critic methods reduce variance in policy updates, leading to more stable training. Popular
actor-critic algorithms include Advantage Actor-Critic (A2C) and Deep Deterministic Policy Gradient (DDPG).

3. Model-Based Approaches: Model-based RL methods focus on learning a model of the environment, which is then used for
planning and policy optimization. Instead of relying solely on direct interactions with the environment, these methods simulate
future states and rewards, improving sample efficiency. By leveraging learned models, agents can predict the outcomes of
actions before executing them in the real environment. Prominent model-based RL approaches include Model-Based Policy
Optimization (MBPQO) and MuZero, which have demonstrated strong performance in complex environments.

3. Policy Gradient Methods

Policy gradient methods are a class of reinforcement learning (RL) algorithms that optimize the policy directly by
computing the gradient of the expected cumulative reward with respect to the policy parameters. These methods are particularly
useful for handling high-dimensional or continuous action spaces, where traditional value-based approaches struggle.

3.1 Vanilla Policy Gradient (VPG)
3.1.1 Overview

Vanilla Policy Gradient (VPG), also known as the REINFORCE algorithm, is one of the simplest policy gradient methods.
It operates by updating the policy parameters 6 using gradient ascent on the expected return. The key idea behind VPG is to
estimate the gradient of the objective function using the likelihood ratio trick, which eliminates the need to differentiate through the
environment's dynamics. The gradient of the expected cumulative reward is given by:

Vo) (tg) = Epery[Xi=o TValog mg(a;ls,)R(1)]

where R(t) represents the total reward obtained in the trajectory t. This gradient estimation is then used to update the policy
parameters via stochastic gradient ascent.

33.1.2 Advantages
o Simplicity: VPG is straightforward to implement and provides an intuitive approach to optimizing policies.
e Generalizability: It can be applied to both discrete and continuous action spaces without modification.

3.1.3 Disadvantages

e High Variance: The gradient estimate in VPG tends to have high variance, leading to slow and unstable learning.

e Sample Inefficiency: The algorithm requires a large number of samples to achieve good performance, making it
computationally expensive.

3.2 Actor-Critic Methods
Actor-Critic methods extend policy gradient methods by incorporating a value function estimator, reducing the variance of
policy updates and improving sample efficiency. These methods consist of two components:
1. The Actor: Learns the policy by updating the policy parameters based on policy gradient estimates.
2. The Critic: Estimates the value function to provide a more stable learning signal for the actor.

3.2.1 Advantage Actor-Critic (A2C)
Advantage Actor-Critic (A2C) is an improved version of the basic actor-critic approach that incorporates the advantage
function to reduce variance in policy updates. The advantage function is defined as:

A(s,a) =Q(s,a) =V (s)
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where Q(s, a) represents the expected return for taking action a in state s, and V(s) represents the expected return of the
current state. The policy update rule in A2C is:

Vo] (mg) = Egqry[Volog mg(als)A(s,a)]

3.2.2 Asynchronous Advantage Actor-Critic (A3C)

Asynchronous Advantage Actor-Critic (A3C) builds upon A2C by running multiple parallel agents that interact with the
environment asynchronously. Each agent independently updates the shared policy, allowing for faster learning and better
exploration. A3C’s key advantages include:

e Improved sample efficiency: The asynchronous updates lead to faster convergence.
e Better exploration: Multiple agents explore different parts of the environment, reducing the chances of getting stuck in local
optima.

3.2.3 Proximal Policy Optimization (PPO)

Proximal Policy Optimization (PPO) is a state-of-the-art policy gradient method that improves upon A2C/A3C by ensuring stable
updates. Instead of making unrestricted updates to the policy, PPO constrains the policy change using a clipping mechanism. The
policy update rule is:

Vo] (19) = Eg gny[min (1 (0)A(s,a),clip(r:(8),1—€,1+€)A(s,a))]
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is the probability ratio between the new and old policies, and ¢ is a hyperparameter that controls the clipping range. This clipping
prevents the policy from making overly large updates, which can destabilize learning.

3.2.4 Advantages of Actor-Critic Methods
e Reduced Variance: The use of value function approximation (critic) helps stabilize learning.
e Improved Sample Efficiency: Actor-critic methods require fewer samples compared to vanilla policy gradient methods.

3.2.5 Disadvantages of Actor-Critic Methods

¢ Increased Complexity: These methods require training both the actor and critic networks, making implementation and tuning
more complex.

e Potential Instability: If the critic is poorly trained, it can provide incorrect feedback to the actor, leading to unstable learning.

3.3 Trust Region Policy Optimization (TRPO)
3.3.1 Overview

Trust Region Policy Optimization (TRPO) is a policy gradient method designed to ensure stable policy updates by
constraining the divergence between the old and new policies. Instead of performing standard gradient ascent, TRPO solves a
constrained optimization problem:

mg(al s) A(s,a)

max E,. — s
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where D_KL is the Kullback-Leibler (KL) divergence, which measures the difference between the new and old policies,
and & is a hyperparameter that controls the step size. By enforcing this constraint, TRPO prevents drastic policy updates that could
lead to instability or performance degradation.

3.3.2 Advantages

e Improved Stability: TRPO ensures that policy updates do not cause sudden drops in performance.

e Higher Performance: By constraining the policy updates, TRPO often achieves better final performance compared to vanilla
policy gradient methods.
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3.3.3 Disadvantages

e Computational Complexity: The constrained optimization problem requires solving a second-order optimization step, which
is computationally expensive.

e Hyperparameter Sensitivity: The choice of & (trust region size) significantly impacts the algorithm's performance and
requires careful tuning.

4. Model-Based Approaches

Model-Based Reinforcement Learning (MBRL) introduces a fundamental shift in the way agents learn and optimize policies
by explicitly incorporating a model of the environment. Unlike model-free methods, which rely solely on trial-and-error
interactions with the environment, model-based approaches learn an internal representation of the environment’s dynamics and use
it to simulate trajectories, evaluate policies, and plan actions. This can lead to significant improvements in sample efficiency,
decision-making speed, and adaptability.

4.1 Model-Based Reinforcement Learning

In Model-Based Reinforcement Learning (MBRL), the agent builds a predictive model of the environment, which it then
uses for planning and policy optimization. The model can be either deterministic or probabilistic, depending on how it represents
transitions between states. By simulating experiences using the learned model, the agent can reduce its reliance on costly real-
world interactions.

A typical MBRL framework consists of the following steps:
1. Model Learning — The agent collects experience and learns a transition model f(s, a) that predicts the next state and
reward given the current state and action.
2. Trajectory Simulation — Using the learned model, the agent generates synthetic experience to supplement real interactions.
3. Policy Optimization — The policy is trained using both real and synthetic data, enabling faster convergence and improved
sample efficiency.

By incorporating environment dynamics, MBRL is particularly useful in scenarios where interactions with the real world are
expensive, such as robotics, autonomous driving, and healthcare applications.

4.1.1 Deterministic Models
Deterministic models predict a single outcome for the next state and reward given the current state and action.
Mathematically, they can be expressed as:
Se+1 = f(se.ar)
1. =9(Se, ar)
where f and g are learned functions that approximate the transition dynamics and reward function, respectively.
Advantages of Deterministic Models
e Computational Efficiency — Since these models do not account for uncertainty, they are computationally efficient and
straightforward to implement.
e Ease of Training — Learning a deterministic function is simpler than modeling a full probability distribution.
Disadvantages of Deterministic Models
e Lack of Uncertainty Handling — Deterministic models assume perfect knowledge of transitions, which can lead to
overconfident predictions in stochastic environments.
e Model Errors Can Accumulate — Small prediction errors can compound over long rollouts, leading to significant inaccuracies in
simulated trajectories.

4.1.2 Probabilistic Models

Probabilistic models, in contrast to deterministic models, predict a distribution over possible outcomes rather than a single
deterministic result. These models capture uncertainty and allow the agent to reason about different possible transitions, making
them more robust in complex environments. They are represented as:

P(St1 1 s0,ar)

P(re | s, ar)
where the learned functions model the transition and reward distributions rather than point estimates.

Advantages of Probabilistic Models
e Capturing Uncertainty — These models account for stochasticity in the environment, making them more robust to
unexpected changes or noisy observations.
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e Improved Generalization — By modeling probability distributions, these approaches can adapt better to unseen states and
novel situations.

Disadvantages of Probabilistic Models
e Higher Computational Cost — Estimating distributions requires additional computational overhead compared to
deterministic models.
e Increased Complexity — Training probabilistic models typically involves methods such as Bayesian inference, Gaussian
processes, or deep generative models, which require more careful tuning.

4.2 Model-Based Policy Optimization (MBPQ)

Model-Based Policy Optimization (MBPO) is an advanced approach that combines model-based and model-free techniques
to leverage the strengths of both. The core idea behind MBPO is to use a learned model to generate synthetic training data, which
can then be used to improve the policy. This hybrid approach reduces the need for real-world interactions while maintaining the
flexibility and robustness of model-free methods. Proximal Policy Optimization (PPO) for decision-making in an autonomous
robotic system. The depicted system consists of a deep neural network that takes various environmental inputs to generate optimal
actions for a robotic cleaner. The environment consists of obstacle profiles, dirt profiles, and robot position data, all of which are
processed to define the agent’s state. The robot interacts with its environment by receiving feedback based on its chosen actions.
This closed-loop interaction helps in training the policy network to improve its performance over time.

The deep neural network serves as the function approximator in this framework. It processes the state information through
multiple hidden layers, each with 512 neurons, to extract meaningful features. The flattened input representation (1 x 100) ensures
efficient processing of state information. The logits and value outputs represent the policy and value functions in reinforcement
learning, which help determine the robot’s next action. The softmax activation function ensures that action probabilities remain
bounded between 0 and 1. At the core of this architecture is Proximal Policy Optimization (PPO), a widely used reinforcement
learning algorithm that improves policy learning efficiency. The PPO framework updates policy parameters by maximizing the
expected reward while constraining policy updates using a clipping mechanism. This prevents drastic changes in policy updates,
ensuring stability and robustness in learning. The mathematical formulation shown in the image represents this optimization
process, highlighting the balance between reward maximization and policy regularization.
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Figure 1. Overview of Proximal Policy Optimization (PPO) applied to a robotic agent navigating an environment

The reward function in this system is composed of multiple components, including dirt collection reward, path uniqueness
reward, and collision penalty. This ensures that the robot not only learns to clean efficiently but also avoids redundant movements
and prevents collisions with obstacles. The continuous feedback loop refines the robot’s behavior, making it more effective in real-
world scenarios.

A typical MBPO pipeline follows these steps:

1. Train the Model — The environment model is trained using data collected from real interactions.
2. Generate Synthetic Data — The trained model is used to simulate additional transitions and create a richer training dataset.

22



Balaram Ravindran / 1JETCSIT, 1(1), 18-28, 2020

3. Optimize the Policy — The policy is updated using a combination of real and synthetic experience, improving sample
efficiency.

4.2.1 Advantages of MBPO
e Improved Sample Efficiency — Since MBPO leverages synthetic data, it can learn policies with fewer real-world
interactions, significantly speeding up training.
e Robustness to Environment Changes — By maintaining an internal model, MBPO allows agents to adapt quickly to
changes in the environment without requiring extensive retraining.
e Combining Strengths of Both Approaches — MBPO integrates the exploratory power of model-free methods with the
efficiency and structured learning of model-based methods.

4.2.2 Disadvantages of MBPO
e Model Bias — The performance of MBPO is highly dependent on the accuracy of the learned model. If the model is
inaccurate, it can lead to poor policy updates and suboptimal decision-making.
e Implementation Complexity — MBPO requires careful hyperparameter tuning and the design of robust model-learning
algorithms to balance real and synthetic data effectively.
e Potential Overfitting to the Model — If an agent relies too heavily on the learned model, it may overfit to imperfect
dynamics, leading to degraded performance in the real environment.

5. Comparative Analysis

To systematically evaluate the performance of different policy optimization techniques, we analyze their effectiveness
across various benchmark tasks commonly used in reinforcement learning research. These benchmarks, primarily from the OpenAl
Gym environment, provide standardized environments for comparing different learning algorithms based on predefined
performance metrics. Our comparison focuses on aspects such as average reward, training time, and sample efficiency, which are
critical for assessing an algorithm’s applicability in real-world settings.

5.1 Benchmark Tasks

Benchmark tasks serve as controlled environments where different reinforcement learning algorithms can be tested under
similar conditions. The tasks selected for this evaluation range from simple control problems to complex locomotion challenges,
ensuring a comprehensive assessment of each algorithm’s strengths and weaknesses.

e CartPole — A fundamental control task where the goal is to balance a pole on a moving cart by applying left or right
forces. The task is widely used for evaluating the basic capabilities of reinforcement learning algorithms.

e MountainCar — A challenging task where an underpowered car must learn to build momentum to reach the top of a hill.
Due to the delayed reward structure, this problem tests an algorithm’s ability to handle long-term dependencies in
decision-making.

e  Pendulum — A continuous control task where the goal is to swing a pendulum upright and keep it balanced. This task is
useful for assessing an algorithm’s capability in continuous action spaces.

e HalfCheetah — A complex locomotion task where a robotic half-cheetah must learn to run efficiently. This task is highly
dynamic and requires effective policy optimization techniques for high-speed movement and balance.

5.2 Performance Metrics
We evaluate the performance of the algorithms using the following metrics:

e Average Reward: The average cumulative reward over a set of episodes.
e Training Time: The time required to reach a certain level of performance.
e Sample Efficiency: The number of environment interactions required to reach a certain level of performance.

5.3 Results
5.3.1 CartPole

The CartPole task evaluates an agent’s ability to balance a pole by applying left or right forces to a moving cart. As shown
in the table, model-free methods like A2C, A3C, PPO, and TRPO perform well, achieving near-optimal rewards with relatively
short training times. Among them, PPO demonstrates superior efficiency, converging within 300 seconds and 200 episodes.
However, MBPO outperforms all other methods by achieving maximum performance in just 200 seconds with 100 episodes,
demonstrating the power of model-based approaches in simple environments where learning an accurate model is feasible. On the
other hand, Vanilla Policy Gradient (VPG) takes significantly longer, requiring 1,200 seconds and 1,000 episodes, showcasing its
inefficiency in sample utilization.
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Table 1. Performance of Policy Optimization Algorithms on CartPole Task

Sample
Algorithm Average Reward Training Time (s) Efficiency
(episodes)
VPG 190.0 1200 1000
A2C 200.0 600 500
A3C 200.0 400 300
PPO 200.0 300 200
TRPO 195.0 500 400
MBPO 200.0 200 100
1400
1200 -
1000 -

800 -

B Average Reward

B Training Time (s)

19

600 -
400 -
200 - i
0 - . . .
VPG  A2C  A3C

PPO  TRPO MBPO

Sample Efficiency
(episodes)

5.3.2 MountainCar

Figure 2. Performance of Policy Optimization Algorithms on CartPole Task

The MountainCar task is a harder reinforcement learning problem due to its sparse reward structure, where the agent must
learn to build momentum before it can successfully climb the hill. The results indicate that model-based methods (MBPO)
significantly outperform model-free methods, achieving the highest average reward of -85.0 in only 300 seconds and 200 episodes.

Among model-free approaches, PPO and A3C show strong performance, converging quickly with average rewards of -90.0 and -

100.0, respectively. Traditional methods like VPG struggle considerably, requiring 2,000 seconds and 1,500 episodes to achieve an
average reward of -150.0, highlighting its inefficiency in environments requiring long-term credit assignment.

Table 2. Performance of Policy Optimization Algorithms on MountainCar Task

Algorithm Average Reward Training Time (s) Sam(p;lr()eiSEO]:jf:ezl)ency
VPG -150.0 2000 1500
A2C -110.0 1000 700
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A3C -100.0 700 500
PPO -90.0 500 300
TRPO -105.0 800 600
MBPO -85.0 300 200
2500
2000 -
1500 - H Average Reward
1000 - B Training Time (s)
Sample Efficiency
200 1 (episodes)
PG A2C A3C PPO TRPO MBPO
-500

Figure 3. Performance of Policy Optimization Algorithms on MountainCar Task

5.3.3 Pendulum

The Pendulum task evaluates an algorithm’s ability to handle continuous action spaces. Here, MBPO once again
demonstrates superior performance, reaching an average reward of -250.0 in 400 seconds with 300 episodes, showcasing its
advantage in sample efficiency. Among model-free approaches, PPO achieves the best performance, reaching -300.0 in 700
seconds with 500 episodes, indicating that policy optimization techniques with variance reduction (such as clipping in PPO) are
effective in continuous control tasks. A2C and A3C perform moderately well, while TRPO lags slightly behind due to its
conservative updates. VPG is the worst-performing algorithm, requiring 3,000 seconds and 2,000 episodes to reach an average

reward of -1000.0, further illustrating its inefficiency.

Table 3. Performance of Policy Optimization Algorithms on Pendulum Task

Algorithm | Average Reward Training Time (s) Sample Efficiency
(episodes)

VPG -1000.0 3000 2000

A2C -500.0 1500 1000

A3C -400.0 1000 700
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5.3.4 HalfCheetah

PPO -300.0 700 500
TRPO -450.0 1200 800
MBPO -250.0 400 300
3500
3000
2500
2000 M Average Reward
1500
1000 H Training Time (s)
500 Sample Efficiency
0 : : : : : HL (episodes)
-500 PG 2C 3C PO PO BPO
-1000
-1500

Figure 4. Performance of Policy Optimization Algorithms on Pendulum Task

The HalfCheetah task represents a complex, high-dimensional locomotion problem, requiring efficient learning strategies to
achieve high-speed movement. Here, MBPO achieves the highest performance, with an average reward of 3,200 in only 600
seconds and 400 episodes, demonstrating that model-based methods excel in tasks where sample efficiency is crucial. Among
model-free methods, PPO emerges as the best performer, reaching an average reward of 3,000 in 1,000 seconds and 700 episodes,
reinforcing its effectiveness in handling continuous control problems. A3C and A2C follow closely behind, while TRPO provides
stable but slower learning due to its constrained optimization approach. VPG, once again, exhibits the weakest performance, taking
an excessively long 5,000 seconds and 3,000 episodes to reach a modest reward of 1,000, emphasizing its impracticality for high-

dimensional tasks.

Table 4. Performance of Policy Optimization Algorithms on HalfCheetah Task

Algorithm Average Reward Training Time (s) Sample Efficiency (episodes)
VPG 1000.0 5000 3000
A2C 2000.0 2000 1500
A3C 2500.0 1500 1000
PPO 3000.0 1000 700
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TRPO 2800.0 1200 800
MBPO 3200.0 600 400
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Figure 5. Performance of Policy Optimization Algorithms on HalfCheetah Task

5.4 Discussion

The comparative analysis of policy optimization techniques in Deep Reinforcement Learning (DRL) reveals several
significant trends that help in understanding the trade-offs between different methods. One of the most notable findings is the
sample efficiency advantage of Model-Based Policy Optimization (MBPO). Across all benchmark tasks, MBPO consistently
requires fewer environment interactions to achieve competitive performance compared to model-free methods. This efficiency
stems from its ability to leverage a learned model of the environment to generate synthetic training data, reducing the need for
costly real-world interactions. As a result, MBPO is particularly useful in applications where gathering real-world data is expensive
or impractical, such as robotics and healthcare simulations. Another key observation is that training time varies significantly
between algorithms, with Actor-Critic methods, particularly A3C and PPO, demonstrating the best training speeds. These methods
benefit from their parallelized architectures and variance reduction techniques, which allow them to converge faster than traditional
policy gradient approaches. PPO, in particular, stands out due to its clipped objective function, which helps maintain stable updates
and prevents drastic policy shifts. The ability of PPO to balance efficient training with stable performance improvement makes it a
widely used algorithm in real-world reinforcement learning applications.

In terms of overall performance, both PPO and MBPO achieve the highest average rewards across most benchmark tasks,
highlighting their ability to learn optimal policies effectively. PPO excels in continuous control and high-dimensional
environments, making it a strong choice for applications such as robotic control, autonomous driving, and industrial automation.
MBPO, on the other hand, performs exceptionally well in environments where accurate models can be learned, leveraging its
hybrid approach to outperform purely model-free methods in sample efficiency and convergence speed. However, while MBPO
demonstrates strong advantages, it also comes with certain challenges, particularly the reliance on the accuracy of the learned
model. Model inaccuracies can lead to compounding errors in long-term predictions, resulting in suboptimal policy learning.
Similarly, traditional policy gradient methods like VPG struggle due to high variance and slow convergence, making them less
practical for large-scale applications. These findings suggest that future advancements should focus on improving hybrid methods
that combine the strengths of sample-efficient model-based approaches with the stability and robustness of model-free methods.

6. Conclusion
This paper provides a comprehensive review and comparative analysis of various policy optimization techniques in Deep
Reinforcement Learning (DRL), covering Policy Gradient Methods, Actor-Critic Algorithms, and Model-Based Approaches. By
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evaluating these methods on a set of standardized benchmark tasks, we highlight their strengths, weaknesses, and trade-offs in
terms of sample efficiency, training time, and performance. Our results indicate that Model-Based Policy Optimization (MBPO)
offers the best balance between sample efficiency and performance, making it an ideal choice for environments where data
collection is expensive or time-consuming. By leveraging synthetic data generation, MBPO significantly reduces the number of
interactions needed with the real environment, allowing for faster policy learning. However, its performance is highly dependent
on the accuracy of the learned environment model, which remains a key challenge in deploying MBPO in complex, high-
dimensional tasks.

In contrast, Actor-Critic methods, particularly PPO, provide a strong trade-off between training speed and performance.
PPO demonstrates stability, robustness, and efficient policy optimization, making it one of the most widely used algorithms in
reinforcement learning applications today. With its efficient exploration-exploitation balance, PPO is well-suited for both discrete
and continuous action spaces, making it an effective model-free alternative to MBPO.
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