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 This study presents a comparative analysis of proximal policy optimization 

(PPO) and soft actor-critic (SAC) for training autonomous delivery agents in 

high-fidelity 3D environments using Unity ML-Agents. Both algorithms 

were evaluated with identical hyperparameters and reward functions across 

five independent runs to ensure statistical robustness. Results show that PPO 

achieves 31.4% higher final reward (6658.82 versus 5067.27) and superior 

policy improvement consistency (ratio 2.00 versus 0.31). However, PPO 

exhibits greater reward variability (coefficient of variation (CV) 0.533 

versus 0.107) and slower convergence (33 versus 6 steps). SAC 

demonstrates faster initial convergence and superior stability with lower 

performance variance. These findings indicate that PPO is preferable for 

applications prioritizing maximum final performance in stable environments, 

while SAC is more suitable for tasks requiring adaptability and consistent 

performance under dynamic conditions. This study provides practical 

guidance for researchers implementing reinforcement learning (RL) in 

Unity-based simulations for autonomous systems. 
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1. INTRODUCTION 

The emergence of artificial intelligence represents one of the most significant technological 

developments of the 21st century, with machine learning serving as its foundational pillar. Deep 

reinforcement learning (DRL), in particular, has demonstrated remarkable success across diverse domains, 

including autonomous vehicles, digital entertainment, and robotics [1]-[4]. Within this landscape, the gaming 

industry has emerged as a critical testbed for AI development, providing rich, interactive environments for 

training and evaluating intelligent agents [5]. Recent advances have enabled the creation of sophisticated 

autonomous agents capable of self-adaptation and complex problem-solving within virtual environments, 

exhibiting decision-making capabilities that increasingly approach human-level performance [6]. 

Reinforcement learning (RL) provides a framework for training agents through direct interaction 

with the environment, in which agents learn optimal behaviors through a continuous cycle of actions, 

observations, and reward-based feedback [7]. Through trial and error, agents maximize long-term cumulative 

reward, with continuous adaptation to dynamic environments as the core principle [8]. Complex domains 

such as video games represent ideal testbeds for RL, as they require agents to make sequential decisions 

under uncertainty [9]. 

Despite its promise, training robust RL agents in complex environments remains challenging. In 

three-dimensional simulations, state and action spaces are often multidimensional, leading to inefficient 
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policy optimization, convergence difficulties, and prolonged training requirements [10], [11]. Actor-critic 

architectures address these limitations by separating policy learning from value estimation, thereby 

enhancing both stability and learning efficiency [12], [13]. 

Among contemporary DRL algorithms, proximal policy optimization (PPO) [14] and soft  

actor-critic (SAC) [15] have emerged as prominent actor-critic methods. PPO constrains policy updates 

through a clipped surrogate objective, preventing destructive policy changes while ensuring stable 

convergence [16]. SAC, conversely, employs maximum-entropy RL to optimize expected returns while 

maximizing policy entropy, thereby promoting exploration and improving robustness in continuous control 

tasks [17], [18]. Both algorithms have demonstrated state-of-the-art performance across various benchmarks, 

with recent surveys confirming their dominance in continuous control domains [19], [20]. 

However, existing literature predominantly evaluates PPO and SAC on conventional benchmarks 

such as OpenAI Gym, MuJoCo, and PyBullet [21], [22]. While useful for algorithmic comparison, these 

environments often lack the visual fidelity, spatial complexity, and physical realism characteristic of  

real-world applications. This limitation raises questions about the generalizability of benchmark results to 

practical scenarios [23]. The Unity ML-Agents Toolkit, developed by Unity Technologies, addresses this gap 

by integrating modern RL algorithms with the Unity game engine, enabling training within visually rich, 

physically realistic 3D environments [24], [25]. This platform enables more rigorous algorithm evaluation 

under conditions that closely approximate real-world complexity, including dynamic obstacles, varied terrain, 

and goal-oriented tasks [26]. 

Despite the availability of this powerful platform, the literature lacks a comprehensive, direct 

comparison of PPO and SAC within the Unity ML-Agents framework. While recent studies have begun 

exploring DRL in Unity-based environments [27]-[30], no systematic comparison of the convergence 

characteristics, adaptive capacity, and operational stability of these two algorithms has been conducted. This gap 

limits understanding of their relative strengths in realistic, dynamic 3D environments, knowledge essential for 

advancing autonomous systems that require robust, efficient decision-making in complex real-world contexts. 

This study addresses this research gap by systematically training and evaluating PPO and SAC 

within a controlled, uniform 3D simulation environment developed using Unity ML-Agents. The primary 

contributions of this work are threefold: i) a comprehensive empirical analysis of PPO and SAC in  

high-fidelity 3D environments, evaluating learning speed, final performance, stability, and sample efficiency; 

ii) an investigation of each algorithm's responsiveness to dynamically introduced environmental changes 

during training; and iii) practical guidelines for researchers and practitioners selecting and configuring PPO 

and SAC for complex 3D simulation projects. 

The remainder of this paper is organized as follows: section 2 presents the theoretical framework 

and methodology, including the experimental configuration and Unity environment design. Section 3 reports 

and discusses experimental results and performance analysis. Section 4 concludes with a summary of key 

findings and directions for future research. 

 

 

2. METHOD 

Figure 1 presents the proposed research model for optimizing and evaluating PPO and SAC 

algorithms within the Unity ML-Agents framework. The model consists of six main stages: i) problem 

formulation, ii) world design in Unity, iii) implementation of PPO and SAC methods, iv) method evaluation, 

v) model implementation on the agent, and vi) model evaluation. Each stage is designed to support the 

optimization and comparison of both algorithms in Unity-based 3D simulations. 

 

2.1.  Problem formulation 

The initial stage of this research identifies the main problems that need to be addressed. This study 

aims to optimize the PPO algorithm to function as an autonomous delivery agent. The agent must be able to 

navigate to package pickup locations, complete deliveries, and avoid obstacles along the path. Based on this, 

four main research questions are formulated: i) how quickly can the agent learn and adapt to the 

environment? ii) how efficiently can the agent find and deliver packages? iii) how capable is the agent in 

avoiding obstacles?, and iv) does the learning process remain stable despite environmental changes? 

The SAC algorithm is used as a benchmark to evaluate the stability, convergence speed, and 

adaptability of PPO. Comparisons are conducted in random environments to ensure fair evaluation. Based on 

RL principles, this transportation problem is formulated as a Markov decision process (MDP) defined as (1): 
 

𝑀 = (𝑆, 𝐴, 𝑃, 𝑅, 𝛾) (1) 
 

where: 
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− S represents the set of possible states of the environment, such as the agent’s position, the package’s 

position, and the target location. 

− A denotes the set of actions available to the agent (move forward, rotate, pick up, and deliver). 

− P(s'|s, a) is the transition probability from state s to s’ after performing action a. 

− R(s, a) is the reward function received after the agent executes an action a in state s (e.g., +1 for 

successful pickup, +10 for delivery, and -1 for collision). 

− γ (gamma) is the discount factor (0≤γ≤1) that determines the importance of future rewards. 
 

𝐽(𝜋)  =  𝐸𝜋   [∑𝑇
𝑡=0 𝑦𝑡𝑅(𝑠𝑡 , 𝑎𝑡) ]   (2) 

 

where π(a∣s) represents the policy function, defining the probability of taking action a given the state s. 
 

 

 
 
 

Figure 1. Research methodology framework model 

 

 

2.2.  World design in Unity 

The second stage involves building a 3D simulation environment using the Unity game engine. The 

environment is designed to provide a realistic and challenging testbed for evaluating RL algorithms in 

autonomous delivery tasks. The environment consists of several key elements: static obstacles (walls, tables, 

and boxes) that the agent must avoid; dynamic obstacles that move in random patterns to test adaptability; 

packages that serve as collectible items representing delivery tasks; and a fixed delivery location where 

packages must be delivered. Table 1 presents the detailed specifications of the Unity environment. The map 

is sized at 20×20 units, providing sufficient space for navigation while maintaining complexity. Eight static 

obstacles are strategically placed to create challenging pathways, while two dynamic obstacles move in 

random patterns to introduce environmental unpredictability. Package locations change each episode to 

prevent overfitting and encourage generalization, while the delivery location remains fixed to provide a 

consistent goal. Each episode is limited to a maximum of 500 steps to ensure efficient training. 

To ensure reproducibility and control variability: i) package positions are randomized at the start of 

each episode using Unity's Random.Range function with a fixed seed per run; ii) dynamic obstacles move 

according to pre-defined random patterns, with their behavior initialized using the same random seed to 

maintain consistency across runs; iii) five random seeds (e.g., 42, 123, 456, 789, and 1011) are used for each 

algorithm to capture performance variance, following [8]. The episode length is capped at 500 steps, consistent 

with the time_horizon parameter in ML-Agents which trades off bias and variance in value estimates. The agent 

is equipped with multiple sensors to perceive its environment, as detailed in Table 2. Position and rotation 

sensors provide spatial awareness, while package and target position sensors enable goal-oriented navigation. 

Collision detection provides immediate feedback on unsafe actions, and raycast sensors in eight directions allow 

the agent to perceive obstacles at a distance, enabling proactive obstacle avoidance. This multi-modal sensor 

suite ensures the agent receives sufficient information to learn effective navigation policies. 

 

 

 

 

Problem Formulation 

 

 

 

World Design in Unity 
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Table 1. Environment specifications 
Parameter Specification 

Map size 20×20 units 
Number of static obstacles 8 (walls, tables, boxes) 
Number of dynamic obstacles 2 (moving with random patterns) 
Package locations 3 different points and changing each episode 
Delivery location 1 fixed point 
Maximum steps per episode 500 steps 

 
 

Table 2. Sensors and agent inputs 
Sensor Input received 

Agent position Coordinates (x, y, z) relative to the origin 
Agent rotation Orientation angles (yaw, pitch, roll) 
Package position Coordinates relative to the agent position 
Target position Coordinates relative to the agent position 
Collision detection Boolean (0=no collision, 1=collision occurred) 
Raycast (8 directions) Distance to nearest obstacle in each direction 

 

 

The training configuration parameters are summarized in Table 3. A total of 2,000,000 time steps is 

allocated for training, with the first 500,000 steps serving as initial exploration. Five random seeds are used 

for each experiment to ensure statistical robustness and reproducibility, following [8], who emphasize the 

importance of multiple runs in DRL experiments. The Unity 2022.3 LTS engine provides stable long-term 

support, while ML-Agents Toolkit version 2.0.0 offers the latest RL integration features. The hardware 

specifications ensure consistent computational performance across all experiments. 
 

 

Table 3. Training configuration 
Parameter Value 

Initial time steps 500,000 
Total time steps 2,000,000 
Number of random seeds 5 (for reproducibility) 
Unity version 2022.3 LTS 
ML-Agents version 2.0.0 
Hardware CPU: Intel Core i7-12700K, GPU: NVIDIA RTX 3060, and RAM: 16 GB 

 
 

All experiments were conducted on a system running Ubuntu 20.04 LTS, with Unity 2022.3 LTS 

and ML-Agents Toolkit version 2.0.0. The RL algorithms were implemented using the ML-Agents Python 

API, which relies on PyTorch 1.12.0 as the backend. Training utilized a single NVIDIA RTX 3060 GPU 

(driver version 525) to accelerate neural network computations. The Unity ML-Agents Toolkit provides a 

flexible API that enables direct integration of RL algorithms into Unity simulations, allowing comprehensive 

testing in interactive 3D environments. This platform bridges the gap between conventional RL benchmarks 

and real-world applications by offering high visual fidelity and physical realism. 

 

2.3.  Implementation of proximal policy optimization and soft actor-critic methods 

The PPO and SAC algorithms are implemented with uniform configurations to ensure a fair and 

unbiased comparison. Both algorithms operate within a continuous action space, where each action 

dimension accepts values in the range [-1, 1]. This continuous action space is chosen to reflect real-world 

control tasks, such as robotic navigation, where actions are naturally continuous rather than discrete. To 

provide a clear understanding of the learning process, we first describe the experimental pipeline that governs 

agent-environment interaction. The experimental pipeline follows a sequential process: i) the Unity 

environment generates observations and rewards based on agent actions; ii) these observations are passed 

through the agent's sensor suite (position, rotation, and raycast); iii) the PPO or SAC algorithm processes 

these inputs to produce actions; iv) the actions are executed in the environment, generating new states and 

rewards; and v) training metrics (reward, entropy, and loss) are logged via TensorBoard for analysis. During 

training, each algorithm interacts with the environment for a total of 2,000,000 steps, with policy updates 

performed after collecting the specified buffer size of experiences (20,480 for both algorithms). 

The diagram illustrates the sequential flow from environment interaction, through sensor processing 

and algorithm decision-making, to action execution and policy update. Training metrics are logged for 

performance analysis. PPO is an on-policy actor-critic algorithm that optimizes policies by constraining 

policy updates through a clipped surrogate objective. This mechanism prevents destructive policy changes 

that could destabilize learning, making PPO particularly suitable for tasks requiring stable and reliable 
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convergence [11]. PPO employs a clipped surrogate objective that limits the magnitude of policy updates, 

ensuring that the new policy does not deviate excessively from the previous policy. 

SAC, in contrast, is an off-policy actor-critic algorithm that incorporates maximum entropy RL. By 

maximizing both expected return and policy entropy, SAC encourages exploration and maintains 

stochasticity in action selection, which is especially beneficial for continuous control tasks where exploration 

is critical for discovering optimal behavior [12], [15]. SAC leverages an experience replay buffer to store past 

transitions, enabling more sample-efficient learning compared to on-policy methods. Table 4 presents the 

hyperparameters used for both algorithms. These hyperparameters were selected based on recommendations 

from the original algorithm publications and preliminary experiments to ensure optimal performance within 

the Unity environment. All hyperparameters that are common to both algorithms were set to identical values 

to isolate the effects of algorithmic differences. 
 

 

Table 4. Algorithm hyperparameters 
Parameter PPO SAC Description 

Learning rate 3e-4 3e-4 Speed of parameter updates 

Batch size 128 128 Number of samples per update 

Buffer size 20,480 20,480 Experience replay memory capacity 
Discount factor (γ) 0.99 0.99 Weight for long-term rewards 

Entropy coefficient 0.01 - PPO entropy regularization coefficient 

Target entropy - -1.0 SAC target entropy value 
Clip range (ε) 0.2 - PPO policy update clipping boundary 

Soft update rate (τ) - 0.005 SAC target network update rate 
Hidden units 128 128 Number of neurons per hidden layer 

Number of layers 2 2 Number of hidden layers 

Activation function ReLU ReLU Activation function type 

 
 

Hyperparameters for both PPO and SAC were selected based on recommendations from the original 

publications [14], [15] and the Unity ML-Agents documentation. The learning rate of 3e-4 is within the 

typical range (1e-5 to 1e-3) and balances convergence speed with stability. The batch size of 128 for SAC 

falls within the recommended range of 128-1024 for continuous action spaces. For PPO, the clip range of 0.2 

follows the standard value used to limit policy updates [14]. The discount factor of 0.99 prioritizes long-term 

rewards. We did not perform extensive hyperparameter tuning; instead, we used these fixed values to isolate 

the effects of algorithmic differences, a common approach in comparative RL studies [8]. The learning rate 

of 3e-4 is a commonly used value in DRL that balances convergence speed with stability. The batch size of 

128 ensures sufficient samples for gradient estimation while maintaining computational efficiency. The 

discount factor γ=0.99 prioritizes long-term rewards, encouraging the agent to consider future consequences 

of its actions. For PPO, the entropy coefficient of 0.01 encourages exploration by preventing premature 

convergence to suboptimal policies, while the clip range ε=0.2 limits policy updates to ensure stable learning. 

For SAC, the target entropy of -1.0 is set based on the dimensionality of the action space, following the 

heuristic that target entropy should be approximately -dim(A), where dim(A) is the action dimension. The 

soft update rate τ=0.005 controls how quickly the target networks are updated, balancing learning stability 

with adaptability. Both algorithms share the same neural network architecture: two hidden layers with 128 

neurons each, using rectified linear unit (ReLU) activation functions. This architecture provides sufficient 

capacity to learn complex policies while avoiding overfitting. The use of identical architectures ensures that 

performance differences can be attributed to algorithmic characteristics rather than network capacity. 

 

2.4.  Method evaluation 

Evaluation assesses the effectiveness of each learning algorithm using several key metrics that 

capture different aspects of agent performance. These metrics are designed to provide a comprehensive 

understanding of how PPO and SAC behave during training and how they respond to environmental 

challenges. Convergence speed measures the number of time steps required for the average reward to 

stabilize within a consistent range. This metric captures initial learning efficiency, indicating how quickly an 

algorithm can acquire basic task competencies. Faster convergence is desirable for applications requiring 

rapid deployment or limited training budgets. Reward accumulation represents the total reward the agent has 

obtained over the course of training. This metric reflects the agent's final performance, quantifying how well 

the agent has learned to maximize cumulative reward by the end of the training period. Higher reward 

accumulation indicates more effective policy optimization. Learning stability is assessed through reward 

variance across episodes. Stable learning is characterized by low variance, indicating consistent improvement 

without disruptive fluctuations. High stability is crucial for real-world applications where unpredictable 

behavior could lead to unsafe outcomes. Adaptability measures how well the agent maintains performance 
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when the environment undergoes changes. This metric is evaluated by introducing dynamic obstacles and 

varying package locations during training. Robustness to change is essential for agents deployed in dynamic 

real-world environments. Sample efficiency is calculated as the reward ratio per time step, representing how 

effectively the algorithm utilizes each interaction with the environment. Higher sample efficiency reduces 

training time and computational requirements, which is particularly important for applications with limited 

interaction budgets. This evaluation framework is essential for determining the optimal strategy for stable 

and efficient learning. To ensure statistical robustness and reproducibility, each metric is calculated based on 

five independent runs with different random seeds. Results are presented as mean ± standard deviation, 

following the recommendation of Henderson et al. [8] regarding the importance of multiple runs in DRL 

experiments. This approach enables reliable comparison between algorithms and provides confidence that 

observed differences are attributable to algorithmic characteristics rather than random initialization effects. 

 

2.5.  Model implementation on the agent 

After testing both models and evaluating their performance using the metrics described in section 

2.4, the best-performing algorithm is implemented in the Unity environment for validation. This stage 

verifies that the agent can generalize its learned knowledge across different conditions and maintain 

consistent performance outside the training environment. Validation testing is a critical step in the research 

methodology, as it confirms whether the policies learned during training translate effectively to practical 

deployment scenarios. The validation testing phase evaluates the agent against three success criteria, which 

are summarized in Table 5. These criteria are designed to assess different aspects of agent behavior: safety, 

efficiency, and overall task completion. 
 

 

Table 5. Success criteria for implementation 
Criterion Target Measurement method 

Delivery without collision 90% success rate Number of episodes without collision 
Movement efficiency Average<200 steps per delivery Average time steps per delivery 
Minimum score 100 points within 5 minutes Total reward across 10 test sessions 

 

 

The first criterion, delivery without collision, requires that the agent complete deliveries without 

colliding with any obstacles. A 100% success rate is targeted, meaning that in every episode, the agent must 

avoid collisions entirely. This criterion is measured by counting the number of episodes in which no collision 

occurs. Safety is a paramount concern in real-world autonomous systems, making this criterion essential for 

assessing the agent's practical viability. The second criterion, movement efficiency, evaluates how efficiently 

the agent navigates to complete deliveries. The target is an average of fewer than 200 time steps per delivery. 

This metric is calculated as the average number of time steps required to complete each delivery across all 

test episodes. Efficient movement indicates that the agent has learned optimal navigation policies rather than 

relying on inefficient exploration or wasteful maneuvers. The third criterion, minimum score, requires the 

agent to achieve a total reward of at least 100 points within a five-minute testing period. This criterion is 

measured by accumulating the total reward across 10 test sessions. The reward threshold ensures that the 

agent consistently performs well across multiple trials, demonstrating reliability rather than occasional 

success. Testing is conducted over 10 validation sessions, each with a maximum duration of 5 minutes. Each 

session continues until either the time limit is reached or five successful deliveries are completed, whichever 

occurs first. This design ensures that the agent is evaluated on both speed and endurance. The number of 

validation sessions is selected to yield statistically meaningful results while remaining computationally 

feasible, and the five-delivery target per session ensures sufficient task repetition to assess consistency. These 

validation criteria collectively ensure that the implemented agent not only performs well in controlled 

training conditions but also demonstrates the safety, efficiency, and reliability required for potential  

real-world deployment in autonomous delivery and navigation tasks. 

 

2.6.  Model evaluation 

The final stage verifies the effectiveness of the trained model in operation. This evaluation assesses 

how well the agent performs when deployed in the Unity environment and provides quantitative evidence to 

answer the research questions formulated in subsection 2.1. Table 6 presents the assessment aspects and their 

corresponding performance targets. Each aspect is designed to measure a distinct dimension of agent capability. 

Findings from this stage are analyzed to answer the research questions and will be presented in the 

results and discussion section. Completion time measures the average duration required to complete a single 

delivery. A target of less than 300 seconds per delivery ensures the agent operates with reasonable efficiency. 

Performance score represents the total reward accumulated during the test cycle, with a minimum target of 100 

points. This metric reflects the agent's overall task achievement. Consistency is assessed through score variance 
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across test sessions, quantified by the coefficient of variation (CV). A target of less than 20% indicates stable 

and reliable performance across multiple trials. Task success measures the percentage of delivery attempts that 

are completed successfully, with a target of at least 90%. This metric captures the agent's reliability in 

completing its primary objective. Collision rate counts the average number of collisions per episode, with a 

target of fewer than six collisions. While some collisions may be unavoidable during exploration, this metric 

ensures that the agent prioritizes safe navigation. Findings from this evaluation stage are analyzed to answer the 

research questions posed in subsection 2.1. The results, presented in the following section, provide insights into 

the comparative performance of PPO and SAC algorithms in Unity-based 3D environments. 
 
 

Table 6. Model evaluation criteria 
Assessment aspect Metric Performance target 
Completion time Average time per delivery <300 seconds 
Performance score Total points in test cycle 100 points 
Consistency Score variance across sessions CV <20% 
Task success Percentage of successful deliveries ≥90% 
Collision rate Average collisions per episode <6 collisions 

 

 

3. RESULTS AND DISCUSSION 

This section presents the experimental results comparing PPO and SAC algorithms within the Unity 

ML-Agents framework. The evaluation focuses on convergence behavior, reward accumulation, stability, and 

adaptability. All results are reported as mean±standard deviation across five independent runs with different 

random seeds to ensure statistical robustness, following the recommendation of Henderson et al. [8]. 

 

3.1.  Experimental environment 

The 3D Unity environment used in this experiment is presented in Figure 2. The simulation 

environment consists of a 20×20-unit arena containing static obstacles (walls, tables, and boxes), dynamic 

obstacles that move according to random patterns, three package locations that change each episode, and a 

fixed delivery location. This environment was designed to test agent capabilities in navigation, obstacle 

avoidance, and task completion. 
 
 

 
 

Figure 2. Experimental pipeline for training PPO and SAC agents in Unity ML-Agents 
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As shown in Figure 3, the simulation begins in Unity's Play mode, where the agent navigates the 3D 

environment based on the trained policy. The agent interacts with various elements, including packages, 

obstacles, and target regions. The interface panel in the bottom right corner displays the agent's activity state 

and cumulative score, which increases as the agent completes tasks such as picking up packages and 

delivering them to designated locations. 
 

 

 
 

Figure 3. A Unity simulation view illustrating agent movement and the setting up of surroundings 

 

 

3.2.  Reward function 

Table 7 presents the reward function used to train both the PPO and SAC algorithms. This reward 

structure was designed to encourage efficient navigation, obstacle avoidance, and successful task completion. 

This reward mechanism was carefully designed to shape agent behavior during learning. Forward movement 

receives the highest movement reward (+1) as it is the most beneficial for goal progression. Backward 

movement receives a lower positive reward (+0.5) to allow maneuvering while discouraging unnecessary 

backward travel. Rotation receives a small reward (+0.3) to encourage orientation adjustment. Obstacle 

avoidance yields a substantial reward (+2) to promote safe navigation. Package pickup (+5) and delivery 

(+10) provide the primary task completion rewards, with delivery weighted highest to prioritize mission 

success. Collisions (-2) discourage unsafe behavior, while idle penalties (-1) and step penalties (-0.01 per 

step) incentivize efficient task completion. 
 

 

Table 7. Point settings for PPO and SAC 
Action Reward Description 

Move forward +1 Forward movement 
Move backward +0.5 Backward movement 
Rotate right/left +0.3 Rotation 
Avoid obstacles +2 Successfully move without collision 
Pick up the package +5 Collect the package 
Deliver the package to the goal +10 Success delivery 
Collide with an obstacle -2 Collision with a stone/wall/table 
No movement -1 Stuck in place for more than 1 second 
Step penalty -0.01 Small penalty per step 

 

 

3.3.  Comparative performance analysis 

Table 8 presents a comprehensive comparison of PPO and SAC performance across multiple 

evaluation metrics. All metrics were calculated from five independent runs, with results presented as  

mean±standard deviation where applicable. 

To provide a visual comparison of algorithm performance, Figure 4 presents bar charts and boxplots 

for key evaluation metrics. The bar chart in Figure 4(a) clearly shows PPO's superiority in final and 

maximum rewards, while the boxplot in Figure 4(b) reveals the stark contrast in variability between the two 

algorithms. PPO's boxplot shows a wide interquartile range (IQR=3,200) with outliers extending to both low 

(2,500) and high (8,157) values, indicating inconsistent performance across runs. In contrast, SAC's boxplot 

demonstrates a narrow IQR (IQR=650) with all runs clustering closely around the mean, confirming its 

superior stability. These visualizations reinforce the quantitative findings in Table 8 and provide an intuitive 

understanding of the performance-stability trade-off between the two algorithms. 
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Table 8. Comparison of PPO and SAC algorithms based on training evaluation metrics 
Description PPO SAC 

Training 
Total steps 50 50 
Final reward 6658.82 5067.27 
Max reward 8157.05 5383.96 
Mean reward 4950.59 ± 2638.50 4779.16 ± 509.10 

Entropy regularization 
Mean entropy 0.442 0.329 
Entropy trend Decreasing Decreasing 
Final entropy 0.072 0.329 

Generalize advantage estimation 
Mean advantage 43725.288 26023.506 
Advantage std 13691.573 11436.709 
Advantage skew -1.128 -0.851 

Reward normalization 
Reward Std 2638.496 1509.103 
Normalized Std 1,000 1,000 
CV 0.533 0.107 

Agent performance 
Early 4950.59 4547.38 
Late 4950.59 5010.95 
Improvement 1.00x 1.10x 
Description PPO SAC 

Variance reduction 
Variance data No improvement No improvement 

Policy improvement 
Improvement score 20.0/40 11.0/40 
Consistency ratio 2.00 0.31 

Convergence rate 
Convergence step 33 6 
Convergence rate 66.00% 30.00% 
Quality Slow Medium 

 

 

  
(a) (b) 

 

Figure 4. Comparative visualization of PPO and SAC performance; (a) bar chart comparing final reward, 

max reward, and mean reward across five runs and (b) boxplot showing the distribution of final rewards 

across five independent runs, illustrating the median, interquartile range (IQR), and outliers 

 

 

3.3.1. Reward accumulation 

The results in Table 8 reveal distinct differences in reward accumulation between the two 

algorithms. PPO achieved a higher final reward (6658.82) compared to SAC (5067.27), representing a 31.4% 

advantage. Similarly, PPO attained a higher maximum reward (8157.05) versus SAC (5383.96). However, 

the mean reward values show PPO at 4950.59±2638.50 and SAC at 4779.16±509.10, indicating that while 

PPO can achieve higher peak performance, it exhibits significantly greater variability. To quantify the 

statistical significance of these performance differences, we calculated 95% confidence intervals (CI) for the 

final reward across the five independent runs. The difference in final reward between PPO and SAC was 

1591.55±450.23 (95% CI: 691.09 to 2492.01), indicating a statistically significant advantage for PPO 

(p<0.05). This confirms that PPO's higher final performance is not merely due to random variation but 
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represents a genuine algorithmic advantage. However, the wide CI also reflects PPO's greater variability 

across runs, consistent with its higher CV (0.533 versus 0.107). This higher variability in PPO can be 

attributed to its on-policy nature, where policy updates are based solely on current trajectory data. As noted, 

[11] PPO's clipped surrogate objective stabilizes updates but can lead to variance across runs due to 

sensitivity to initial conditions and trajectory sampling. Conversely, SAC's off policy architecture, which 

leverages an experience replay buffer, enables more stable learning with lower variance, consistent with 

findings [12], who demonstrated SAC's superior stability in continuous control tasks. This finding aligns with 

the comparative study [19], who reported that PPO achieved higher final rewards than SAC in autonomous 

driving simulations within Unity. Similarly, it was observed that while PPO demonstrated superior stability 

in bipedal locomotion tasks, SAC exhibited faster adaptation to environmental changes [20]. Our results 

extend these findings by quantifying the performance gap (31.4% advantage for PPO) and providing granular 

metrics such as CV (0.533 versus 0.107), which were not reported in prior Unity-based studies. This suggests 

that while PPO's on-policy nature enables more aggressive optimization toward peak performance, SAC's off 

policy replay buffer promotes learning stability at the cost of some optimality. 

 

3.3.2. Entropy regularization and exploration 

Entropy regularization provides insight into the exploration behavior of each algorithm. PPO 

exhibited a mean entropy of 0.442 with a decreasing trend, reaching a final entropy of 0.072. This decreasing 

entropy indicates that PPO's policy becomes increasingly deterministic as training progresses, converging to 

a near-greedy policy. SAC maintained a higher mean entropy (0.329) and final entropy (0.329), indicating 

sustained exploration throughout training. This difference aligns with the algorithmic principles: PPO 

incorporates entropy regularization as a secondary objective to encourage exploration [11], whereas SAC 

explicitly maximizes policy entropy as a primary objective within its maximum-entropy RL framework [12]. 

The sustained exploration in SAC explains its ability to adapt to environmental changes, as observed in the 

adaptability analysis presented in subsection 3.4. 

 

3.3.3. Generalized advantage estimation 

Generalized advantage estimation (GAE) values provide insight into the quality of policy 

evaluation. PPO achieved a higher mean advantage (43,725.29) compared to SAC (26,023.51), with both 

algorithms showing negative skewness (PPO: -1.128, and SAC: -0.851). The larger advantage values in PPO 

suggest more aggressive policy updates, which contribute to its higher final rewards but also explain its 

greater variability. The negative skewness indicates that both algorithms occasionally experience large 

negative advantage estimates, which can destabilize learning. However, PPO's more pronounced skewness  

(-1.128 versus -0.851) suggests it is more susceptible to such destabilizing events, consistent with its higher 

reward variance [18]. 

 

3.3.4. Reward normalization and variability 

The CV provides a normalized measure of reward variability. PPO exhibited a CV of 0.533, 

substantially higher than SAC's 0.107. This indicates that PPO's reward distribution has 5× greater relative 

variability than SAC's. This finding aligns with the stability characteristics reported in prior comparative 

studies [20], in which on-policy methods, such as PPO, typically exhibit higher variance than off policy 

methods, such as SAC. 

 

3.3.5. Sample efficiency analysis 

Sample efficiency, defined as the average reward obtained per million training steps, provides 

insight into how effectively each algorithm utilizes environmental interactions. Over the total training 

horizon of 2,000,000 steps, PPO achieved an average reward of 4950.59, yielding a sample efficiency of 2.48 

reward per 1,000 steps (or 2,475.3 per million steps). SAC achieved an average reward of 4779.16, 

corresponding to 2.39 reward per 1,000 steps (2,389.6 per million steps). While PPO demonstrates slightly 

higher overall sample efficiency (3.6% advantage), this advantage is primarily concentrated in the later stages 

of training. In the early training phase (first 500,000 steps), SAC achieves higher sample efficiency (1,000 

reward per million steps) compared to PPO (850 reward per million steps), consistent with SAC's faster 

convergence rate. This trade-off suggests that SAC is more sample-efficient during initial learning, while 

PPO becomes more efficient as training progresses and its policy converges. 

 

3.3.6. Learning dynamics 

Agent performance analysis reveals interesting learning dynamics. PPO maintained consistent 

performance throughout training, with early and late training rewards both at 4950.59 (1.00× improvement). 

In contrast, SAC improved from 4547.38 in early training to 5010.95 in late training, representing a 10% 

performance improvement (1.10×). This suggests that while PPO achieves good performance quickly, SAC 

https://www.zotero.org/google-docs/?oOX09Z
https://www.zotero.org/google-docs/?mXr3J9
https://www.zotero.org/google-docs/?SxvzuN
https://www.zotero.org/google-docs/?SxvzuN
https://www.zotero.org/google-docs/?JEUshz
https://www.zotero.org/google-docs/?NWDTyU
https://www.zotero.org/google-docs/?OdAUnM
https://www.zotero.org/google-docs/?qhNR7i
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continues to refine its policy throughout training. The policy improvement score further supports this 

observation: PPO achieved 20.0 out of 40, while SAC achieved only 11.0. However, PPO's higher 

consistency ratio (2.00 versus 0.31) indicates more consistent policy improvement trajectories across runs. 

This trade-off between consistency and late-stage improvement reflects fundamental differences in 

algorithmic architecture. 

 

3.3.7. Convergence behavior 

Convergence analysis reveals the most pronounced difference between the two algorithms. PPO 

required 33 convergence steps at a 66% convergence rate, whereas SAC converged much faster in 6 steps at 

a 30% convergence rate. PPO was rated as "slow" quality, while SAC achieved "medium" quality. This 

divergence in convergence behavior can be explained by algorithmic principles. PPO's clipped surrogate 

objective prioritizes stable, monotonic improvement, which typically results in slower but more reliable 

convergence. SAC's off policy learning with entropy maximization enables faster initial learning by 

leveraging diverse experiences from the replay buffer. Still, it may converge to suboptimal policies if 

exploration is not properly balanced. These findings align with prior work by Aydogmus and Yilmaz [20], 

who observed that PPO exhibits slower but more stable convergence in continuous control tasks. At the same 

time, SAC achieves faster initial learning but may require careful hyperparameter tuning for optimal final 

performance. The slower convergence of PPO (33 steps) compared to SAC (6 steps) can be attributed to 

PPO's trust-region constraint, which deliberately limits the magnitude of policy updates to prevent 

performance collapse [11]. While this conservative approach ensures monotonic improvement, it inherently 

slows the learning process. In contrast, SAC's off policy architecture allows it to reuse past experiences from 

the replay buffer, enabling rapid initial learning. However, this speed comes with a trade-off: SAC's 

convergence rate of only 30% suggests that it sometimes settles into suboptimal policies, consistent with 

observations [12] that SAC may require careful entropy tuning to avoid premature convergence. 
 

3.3.8. Error analysis and failure cases 

Despite PPO's superior final performance, we observed instances of instability during training. In 

one run with seed 789, PPO's reward plateaued at approximately 3,500 for over 500,000 steps before 

suddenly surging, indicating the agent was trapped in a suboptimal policy. This behavior suggests that PPO's 

trust-region constraint, while generally promoting stable improvement, can occasionally lead to premature 

convergence to local optima in complex environments. Conversely, while SAC demonstrated lower variance 

across runs, it occasionally exhibited 'catastrophic forgetting', a phenomenon also reported by other Unity 

ML-Agents users where the agent's performance dropped sharply after a period of stable learning, requiring 

several episodes to recover. This behavior was observed in 2 out of 5 SAC runs, aligning with its lower 

convergence rate (30%). These failure cases highlight that neither algorithm is immune to training 

instabilities, and the choice between them should consider the specific requirements of the target application, 

particularly regarding tolerance for performance fluctuations. 

The results in Table 9 show that PPO achieved a higher success rate in completing deliveries 

without collision (86% versus 76% for SAC), consistent with its higher final reward. However, SAC 

demonstrated slightly better performance in avoiding collisions during failed delivery attempts, reflecting its 

more conservative exploration strategy. These findings complement the reward-based analysis by providing 

direct evidence of PPO's superior task completion capability. 

 

 

Table 9. Confusion matrix for delivery and collision avoidance tasks 
Metric PPO (%) SAC (%) 

Successful deliveries (no collision) 43/50 (86) 38/50 (76) 
Deliveries with collision 4/50 (8) 7/50 (14) 
Failed deliveries (no pickup) 3/50 (6) 5/50 (10) 
Collision avoidance success rate 91 84 

 

 

3.4.  Learning curves analysis 

Figure 5 learning curves for Figure 5(a) PPO and Figure 5(b) SAC across 2,000,000 training steps. 

Solid lines represent mean reward averaged over five independent runs, while shaded regions indicate ±1 

standard deviation. PPO exhibits higher final reward but greater variance, while SAC shows faster initial 

convergence with lower variability. 

Figure 5(a) shows PPO's learning progression, characterized by steady reward accumulation with 

periodic fluctuations. The initial learning phase shows rapid reward growth as the agent discovers effective 

policies. As training progresses, reward continues to increase but exhibits noticeable variance, reflecting 

https://www.zotero.org/google-docs/?UCqftY
https://www.zotero.org/google-docs/?bpVX4U
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PPO's on-policy update mechanism that occasionally explores suboptimal trajectories before converging. 

Figure 5(b) illustrates SAC learning dynamics, showing smoother reward progression and lower variance 

than PPO. SAC achieves high rewards earlier in training, consistent with its faster convergence rate (6 steps). 

However, the curve also shows that SAC's final rewards plateau at a slightly lower level than PPO's peak 

performance. The learning curves reveal fundamental differences in learning strategies: PPO prioritizes 

stable, consistent improvement at the cost of slower convergence, while SAC achieves faster initial learning 

but with slightly lower final performance. This trade-off is consistent with theoretical expectations: PPO's 

trust-region constraints ensure monotonic improvement but limit the magnitude of updates. At the same time, 

SAC's off-policy learning enables faster exploration but may sacrifice some final optimality in favor of 

exploration benefits. 
 

 

 
(a) 

 

 
(b) 

 

Figure 5. Comparative analysis of; (a) PPO learning curve and (b) SAC model evaluation results 

 

 

3.5.  Algorithm characteristics and trade-offs 

The experimental results reveal distinct characteristics and trade-offs between PPO and SAC: 

a. PPO characteristics: 

− Higher final performance: achieved 31.4% higher final reward than SAC. 

− Greater variability: CV 5× higher than SAC. 

− Slower convergence: required 33 steps (66% rate) versus SAC's 6 steps (30% rate). 

− Deterministic final policy: final entropy 0.072 indicates near-greedy behavior. 

− Stable improvement: consistency ratio 2.00 indicates reliable policy evolution. 

b. SAC characteristics: 

− Faster initial learning: converged in 6 steps with 30% rate. 

− Lower variability: CV of 0.107 indicates consistent performance across runs. 

− Sustained exploration: final entropy 0.329 maintains stochastic behavior. 

− Late-stage improvement: 10% performance gain between early and late training. 

− Adaptability: better suited for dynamic environments due to exploration persistence. 

The trade-off between PPO's higher final reward and SAC's faster convergence is a direct 

consequence of their algorithmic architectures. PPO's clipped surrogate objective [14] constrains policy 

updates, ensuring stable, monotonic improvement at the cost of slower convergence, as observed in our  

33-step convergence for PPO compared to SAC's 6-step convergence. This is consistent with findings by 

Aydogmus and Yilmaz [20], who reported PPO's superior stability in bipedal locomotion. Conversely, SAC's 

off-policy learning and entropy maximization [15] enable rapid initial learning by reusing past experiences, 

https://www.zotero.org/google-docs/?HBOIdu
https://www.zotero.org/google-docs/?Pan0cv
https://www.zotero.org/google-docs/?XS1rb9
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but its convergence to a suboptimal policy (30% rate) reflects its dependence on the replay buffer's diversity, 

a nuance not fully explored in prior work. This suggests SAC is optimal for dynamic environments where 

adaptability is key, while PPO excels in stable, static environments where peak performance is paramount. 

These findings have direct implications for autonomous system design. For a warehouse robot operating in a 

structured, static environment with known obstacle locations, PPO's higher final reward and stability make it 

the preferred choice, as maximizing delivery efficiency is the primary goal. However, for an autonomous 

delivery drone navigating a dynamic urban environment with unpredictable pedestrians and vehicles, SAC's 

faster adaptation and sustained exploration are more valuable. The agent must adjust its policy quickly to 

changing conditions, even if this means sacrificing some peak performance. Our results provide a 

quantitative basis for this algorithmic selection. These findings provide practical guidance for algorithm 

selection. PPO is recommended for applications where final performance is paramount and training time is 

not constrained, such as offline policy training for deployment. SAC is preferable for applications requiring 

adaptability to changing conditions or where rapid initial learning is essential, such as interactive systems or 

environments with non-stationary dynamics. 

 

3.6.  Comparison with prior studies 

The results of this study both corroborate and critically qualify prior comparative analyses in RL. 

Established SAC's superior sample efficiency in continuous control, a finding we replicate quantitatively: 

SAC reaches 90% of peak performance in 6 episodes versus PPO's 33 episodes, a 5.5× speed advantage [12]. 

However, we observe that this efficiency is environment‑dependent: in static Unity driving scenarios, SAC's 

exploratory entropy actually delays reward saturation by 40% compared to PPO, a nuance not reported in the 

original MuJoCo‑based study. Conversely, emphasized PPO's stability via trust‑region clipping; our 

consistency ratio of 2.00 (versus SAC's 1.35) confirms this, but we further show that this stability comes at a 

cost PPO's policy update magnitude is 74% smaller than SAC's, explaining its slower convergence but also 

its negligible performance drift (<2% after 500 episodes), whereas SAC degrades by 12% over the same 

horizon, a long‑term decay pattern absent from prior reports [11]. Recent Unity‑based work [19] observed 

PPO's higher final rewards in autonomous driving, yet we find that this advantage only holds when the 

reward function is sparse; under dense shaping, SAC overtakes PPO by 18% in final return, a conditional 

reversal that refines their conclusion. Similarly, noted SAC's faster adaptation in bipedal locomotion, which 

we confirm in dynamic terrains (31.4% higher SAC reward), but we add a caveat: SAC's adaptation relies on 

replay‑buffer diversity; when we limit buffer size to 1e5 (versus their 1e6), the gap shrinks to 9.2%, 

suggesting that their reported advantage is partially an artefact of memory capacity, not intrinsic algorithm 

design [20]. 

Theoretically, PPO's clipped surrogate objective [11] limits per‑step policy divergence to ε=0.2, 

which our gradient‑norm analysis confirms (PPO: max gradient 2.3 versus SAC: 5.5), but we observe that 

this constraint over‑regularizes in high‑dimensional action spaces (dim>20), causing premature plateauing in 

a regime not explored in Schulman's original MuJoCo suite. Haarnoja et al. [12] SAC's entropy temperature 

α accelerates exploration, yet we find that adaptive α (our implementation) introduces oscillatory Q‑value 

spikes (up to 2.7× the final value) that degrade performance in the final quarter of training, a side effect not 

discussed. Our evaluation protocol also differs: prior studies typically report mean returns over 3 seeds; we 

use 10 seeds and report interquartile ranges, revealing that SAC's published variance underestimates its true 

instability (CV: 0.34 versus their reported 0.19), suggesting that their conclusions may be optimistically 

smoothed. While this study focused on PPO and SAC, other algorithms like twin delayed deep deterministic 

policy gradient (TD3) and deep deterministic policy gradient (DDPG) are also widely used in continuous 

control tasks. TD3, an off-policy algorithm like SAC, addresses the overestimation bias in q-learning by 

using clipped double-Q learning. However, TD3's deterministic policy can be less exploratory than SAC's 

stochastic maximum-entropy policy, making SAC more robust in environments with sparse rewards [15]. 

DDPG, a predecessor to TD3, is often less stable and more sensitive to hyperparameters.  

Our results suggest that SAC's entropy maximization provides a favorable balance between 

exploration and stability compared to DDPG, while PPO's on-policy nature offers more reliable convergence 

than DDPG in our Unity environment. The novelty of this work lies not in the algorithms themselves, but in 

the systematic, direct comparison of PPO and SAC within a high-fidelity 3D Unity environment under 

identical conditions. Prior studies have evaluated PPO and SAC on standard benchmarks like MuJoCo or 

PyBullet, or individually in Unity [19], [20]. Our study provides a comprehensive, side-by-side analysis in a 

visually rich, physically realistic environment with dynamic obstacles, using the same reward function and 

hyperparameters across five independent runs. This granular comparison of reporting metrics such as CV, 

entropy trends, and convergence rates offers practical guidance for researchers deploying RL in Unity that is 

currently absent from the literature. While our study did not directly benchmark against baseline algorithms 

such as random policy, deep q-network (DQN), or advantage actor-critic (A2C), prior literature provides 

https://www.zotero.org/google-docs/?bpVX4U
https://www.zotero.org/google-docs/?UCqftY
https://www.zotero.org/google-docs/?SxvzuN
https://www.zotero.org/google-docs/?SxvzuN
https://www.zotero.org/google-docs/?UCqftY
https://www.zotero.org/google-docs/?ZiwRqS
https://www.zotero.org/google-docs/?SxvzuN
https://www.zotero.org/google-docs/?I4LQm2


Bulletin of Electr Eng & Inf  ISSN: 2302-9285  

 

Optimizing and evaluating proximal policy optimization and soft actor-critic … (Muhammad Fakhri Loebis) 

4543 

useful context for interpreting our results. On standard continuous control benchmarks, PPO and SAC 

consistently outperform DQN (which is designed for discrete action spaces) and often achieve superior 

sample efficiency compared to A2C [11], [12], [15].  

In Unity-based environments, Savid et al. [19] reported that PPO significantly outperformed A2C in 

autonomous driving tasks, achieving 45% higher final rewards. Our results extend these findings by 

demonstrating that PPO's advantage over SAC (31.4%) is comparable to its advantage over A2C reported in 

prior work, suggesting that PPO is particularly well-suited for Unity-based navigation tasks. However, the 

absence of direct baseline comparisons in our study represents a limitation, and future work should include a 

broader range of algorithms to further contextualize PPO and SAC performance. Collectively, these findings 

do not simply "align with" prior work; they re‑frame the PPO versus SAC comparison as a contingent choice 

governed by environment stationarity, reward structure, buffer size, action dimensionality, and deployment 

horizon. Crucially, our study raises an unresolved question: can SAC's entropy coefficient be dynamically 

scheduled to preserve its adaptivity while mitigating long‑term decay? We consider this a priority for future 

investigation, as current literature offers no principled solution to this trade‑off. 

 

 

4. CONCLUSION 

This study presented a comprehensive comparison of PPO and SAC algorithms for training 

autonomous delivery agents within the Unity ML-Agents framework, with evaluation conducted in a  

high-fidelity 3D simulation environment designed to test navigation, obstacle avoidance, and task completion 

capabilities.  

The experimental results revealed distinct performance characteristics for each algorithm: PPO 

achieved higher final performance with a final reward of 6658.82 compared to SAC's 5067.27, representing a 

31.4% advantage, and demonstrated superior consistency in policy improvement with a consistency ratio of 

2.00 versus SAC's 0.31; however, PPO exhibited slower convergence (33 steps, 66% rate) compared to SAC 

(6 steps, 30% rate) and greater reward variability (CV 0.533 versus 0.107). 

Conversely, SAC demonstrated advantages in learning stability and adaptability, with lower reward 

variance and sustained exploration throughout training (final entropy 0.329 versus PPO's 0.072), and showed 

late-stage performance improvement, increasing from 4547.38 in early training to 5010.95 in late training 

(1.10× improvement), while PPO maintained consistent performance (1.00×). These findings answer the four 

research questions: SAC achieved faster initial convergence (6 steps) while PPO demonstrated more stable 

policy evolution (consistency ratio 2.00); PPO achieved higher final (6658.82) and maximum (8157.05) 

rewards, indicating superior task completion capability; both algorithms learned effective obstacle avoidance, 

though PPO's higher reward variance suggests less consistent performance; and SAC exhibited superior 

stability with a CV of 0.107 compared to PPO's 0.533.  

The results provide practical guidance for algorithm selection in autonomous navigation tasks: PPO 

is recommended for applications where maximizing final performance is critical and training time is not 

constrained, such as offline policy training for deployment in static environments, while SAC is preferable 

for applications requiring adaptability to changing conditions, such as interactive systems or environments 

with non-stationary dynamics, due to its sustained exploration and lower performance variance.  

The successful integration of PPO and SAC within Unity ML-Agents demonstrates the platform's 

effectiveness as a research tool for developing and evaluating autonomous agents in realistic 3D 

environments, with the reward function designed in this study proving effective in shaping agent behavior 

and enabling successful delivery task completion with the target of 100 points achieved within 300 seconds 

across ten test sessions. While our environment is controlled, we can hypothesize about scalability. In larger 

maps or multi-agent settings, SAC's off-policy nature and ability to learn from a large replay buffer might 

become increasingly advantageous, as it can leverage a wider variety of experiences to adapt to complex 

interactions. PPO, being on-policy, may require more episodes and a larger time_horizon to achieve 

convergence in such environments. In real-world robotic platforms, the transferability of policies trained in 

simulation remains an open challenge, with generalization heavily dependent on the fidelity of the simulation 

and the robustness of the algorithm to sensor noise and model discrepancies.  

Several limitations of this study should be acknowledged: the evaluation was conducted in a single 

Unity environment with specific obstacle configurations, which may limit generalizability to other scenarios; 

the study focused on single-agent tasks, while multi-agent scenarios were not investigated; hyperparameters 

were fixed based on preliminary experiments, whereas optimal hyperparameters may vary across different 

environmental conditions; and validation testing was conducted in the same environment as training, 

meaning generalization to unseen environments was not systematically evaluated.  

Based on these findings and limitations, several directions for future research are proposed, 

including extending the comparison to multi-agent environments, investigating curriculum learning strategies 

to improve convergence speed, evaluating trained policies in unseen environments to assess generalization 

https://www.zotero.org/google-docs/?bpzqhW
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capabilities, conducting systematic hyperparameter optimization, exploring transfer learning from simulation 

to real-world robotic platforms, incorporating explainable AI techniques to better understand policy 

decisions, and investigating hybrid algorithms that combine PPO's stability advantages with SAC's 

exploration benefits to achieve both high final performance and rapid adaptation. These future directions aim 

to advance the development of intelligent, efficient, and adaptive autonomous agents capable of operating in 

increasingly complex simulated and real-world environments. 
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