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ABSTRACT

Mobile robots are increasingly relied upon for navigation and exploration in unknown
environments, where path planning is crucial. Reinforcement Learning (RL) algorithms,
particularly Q-Learning (off-policy) and SARSA (on-policy), have proven effective for
autonomous decision-making during path planning. This study presents a comparative
analysis of both algorithms using the Taxi-v3 environment in OpenAl Gym, focusing on
differences in policy behaviour and learning dynamics. Experiments were conducted using
the Taxi environment in OpenAl Gym with learning rates from 0.1 to 0.5, across 10,000 to
50,000 episodes. Performance was evaluated based on convergence rate, cumulative reward,
and path efficiency. Both algorithms converged within the first 10-20% of training episodes,
with Q-learning converging 5-10% faster and accumulating fewer penalties due to its greedy
strategy. Post-convergence analysis showed Q-learning required on average 9 steps using a
direct, shortest-path approach, while SARSA required 13 steps following an exploration-type
path. Q-learning is suitable for tasks requiring fast, shortest paths, while SARSA is preferred
for exploration tasks with precautionary conditions.

Keywords: Reinforcement Learning, On-Policy, Off-Policy, Path Planning

1. INTRODUCTION

Reinforcement Learning (RL) has become one of the most powerful frameworks in artificial
intelligence for solving sequential decision-making problems where an autonomous agent learns
to interact with an environment to achieve long-term goals. In recent years, RL has been widely
adopted in industrial and research applications, particularly in autonomous and mobile robot
systems, to enhance productivity, minimize human intervention and reduce operation time for
improved efficiency and performance [1]. By using a system of rewards and penalties, RL enables
agents to learn optimal strategies for navigating complex and uncertain environments without
explicit supervision. Among the many applications of RL, path planning for mobile robots remains
a core domain, where an agent must determine the most efficient route to reach a target while
minimizing costs such as time, distance or energy [2]. In such problems, learning an optimal
policy that can balance exploration and exploitation is crucial for achieving high performance and
adaptability.

RL algorithms can generally be categorized into two major classes, including on-policy and off-
policy learning methods [3]. The difference between these two lies in estimating action-value. On-
policy methods, such as State-Action-Reward-State-Action (SARSA), learn the value of the policy
that the agent is currently following. This means that both learning and acting are based on the
same behaviour policy, making the agent’s updates dependent on the actual actions taken during
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exploration [4][5]. In contrast, off-policy methods, such as Q-learning, learn the value of the
optimal policy independently of the agent’s current behaviour. Off-policy learning enables the
agent to explore with one policy (behaviour policy) while learning the value of another (target
policy), allowing it to converge to an optimal solution more aggressively [6][7].

Both approaches have unique advantages and limitations. Q-learning, being off-policy, is often
more sample-efficient and can converge faster to an optimal policy in deterministic or static
environments. However, its tendency to learn based on the best possible action, regardless of
whether that action was actually taken, can lead to instability or unsafe exploration in random or
dynamic settings [8]. SARSA, on the other hand, tends to produce safer and more stable learning
behaviour, as its updates reflect the consequences of actual actions taken under the current policy
[9]- This difference becomes particularly relevant in navigation and path-planning tasks, where
risky or suboptimal decisions can lead to repeated failures or inefficient routes.

This paper performs a comparative analysis between Q-learning and SARSA to evaluate each
algorithm capabilities in solving path-planning problems using the Taxi-v3 environment, a well-
known benchmark from OpenAl Gym. Taxi-v3 environment simulates a discrete grid world where
an autonomous taxi agent must navigate between locations to pick up and drop off passengers
efficiently. This simulated environment reflects mobile robot navigation in unknown
environments, where obstacle positions and free spaces are initially unknown to the agent and
discovered only through exploration and exploitation. The environment's discrete states, well-
defined rewards and manageable complexity, make it ideal for examining learning behaviours,
convergence rates and policy quality of different RL algorithms, providing a simplified yet
insightful testbed for analysing RL performance in constrained navigation scenarios.

The primary objective of this research is to investigate how the learning type between on-policy
and off-policy affects the efficiency, stability and effectiveness of policy learning in a structured
environment. Despite the widespread application of both Q-learning and SARSA in path planning
tasks, there remains a gap in understanding their comparative performance under identical
experimental conditions. Specifically, this work addresses the following research gaps:

1. Limited empirical comparison of convergence rate and stability between off-policy and on-
policy when applied in structured environments like Taxi-v3.
2. Insufficient analysis of policy optimality differences between on-policy and off-policy

methods in terms of average cumulative reward and total steps required to reach the goal.

To address these gaps, both algorithms will be implemented under identical experimental
conditions with the same hyperparameters, including learning rate, discount factor and
exploration policy. The comparison will focus on key performance indicators including
convergence speed, reward variance and final policy optimality. Through quantitative analysis
and performance visualization, this study aims to provide a clear understanding of how off-policy
and on-policy learning differ in their approach to acquire efficient navigation strategies.

Ultimately, the contribution of this work lies in offering empirical insights into the comparative
strengths and weaknesses of SARSA and Q-learning in a path-planning context. By leveraging the
Taxi-v3 environment as a controlled benchmark, this paper aims to highlight the practical trade-
offs between exploration stability and learning efficiency that characterize on-policy and off-
policy methods. These findings can serve as a foundation for future work on hybrid or adaptive
RL strategies that combine the stability of on-policy learning with the efficiency of off-policy
methods, particularly in robotic navigation and autonomous decision-making systems.

144



International Journal of Autonomous Robots and Intelligent Systems
Vol. 1, No. 2, December 2025 [143-156]

1.1 Research Background

RL enables an autonomous agent to learn an optimal strategy for interacting with an environment
by maximizing cumulative rewards through trial and error. In this framework, the policy function
serves as the core decision rule that determines the agent’s actions based on the current state of
the environment. As illustrated in Figure 1, the policy continuously improves through a feedback
loop of actions, state transitions, and rewards, enabling the agent to refine its behaviour over time
[10]. Two fundamental RL algorithms which are SARSA and Q-learning, represent the core
distinction between on-policy and off-policy learning. The on-policy SARSA algorithm updates its
action-value estimates based on the actual actions executed by the agent under the current policy,
leading to safer but slower convergence. In contrast, the off-policy Q-learning algorithm updates
its estimates toward the optimal greedy policy, which often accelerates learning but can result in
unstable exploration or suboptimal paths in stochastic environments [11].

ENVIRONMENT
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Figure 1. RL framework [19]

Several studies have compared these two approaches to understand differences in learning
behaviour and policy outcomes. Zhong et al. found that SARSA produced conservative routes with
stable convergence in the Cliff Walking environment, while Q-learning converged faster but
exhibited riskier behaviour [12]. Imtiaz et al. reported that Q-learning achieved higher success
rates (93%) than SARSA (80%) in a robotic pick-and-place task due to greater exploitation of
high-reward actions [13]. In energy management, Ramesh et al. found SARSA maintained more
conservative operational behaviour due to its on-policy nature [14]. However, most comparisons
focus on other tasks like highlighted by these literatures, rather than handling path planning.
These studies confirm that Q-learning tends to learn faster and more efficiently in deterministic
environments, while SARSA provides smoother and safer learning dynamics in stochastic or
dynamic contexts.

Another recent study by Abhinav Sharma et al. explored the effect of the discount factor on policy
behaviour by extending both SARSA and Q-learning using a Transition-Dependent Discount
(TDD) mechanism [15]. The study’s simulations conducted in three benchmark environments,
namely the Taxi Domain, Mountain Car and Cliff Walking demonstrated that Q-learning generally
required fewer episodes to converge, whereas SARSA achieved higher cumulative rewards due
to its on-policy learning updates [16][17][18]. In the Taxi environment which reflect path
planning application, both algorithms were designed to minimize the total cost of reaching and
dropping off passengers, with Q-learning converging faster but SARSA exhibiting steadier
performance.

Although previous study provides valuable insights into the influence of discount factors on
policy evolution, the investigation primarily emphasizes the mathematical effects of transition-
dependent parameters rather than a direct comparison of the practical capabilities of on-policy
and off-policy learning in path-planning applications. Consequently, this paper addresses this gap
by experimentally analysing the performance of Q-learning and SARSA within the Taxi-v3
environment, focusing specifically on how each policy framework affects learning efficiency,
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convergence stability, and planned path optimality. This comparative analysis aims to enhance
the understanding of policy-driven performance variations between on-policy and off-policy
reinforcement learning algorithms in path planning task.

2. MATERIAL AND METHODS

This section outlines the methodology used to compare SARSA (on-policy) and Q-learning (off-
policy) algorithms in path-planning tasks within the Taxi-v3 environment. It covers the
conceptual framework, hardware and software setup, and implementation of both algorithms
under identical conditions. Performance was evaluated using convergence rate, cumulative
reward and policy stability to understand the behavioural differences between the two learning
strategies.

2.1 Concept on Comparing RL Policies

The comparison process examines reinforcement learning algorithms representing on-policy and
off-policy methods. The work starts with hardware and software setup, followed by fundamental
components of SARSA and Q-learning, including each algorithm policy frameworks and
algorithmic equations, and experimental setup to ensure fair comparison. The second stage
collects experimental data by simulating both algorithms under identical conditions. Key metrics
include cumulative rewards and episodes required for convergence, serving as primary
indicators of learning efficiency and policy performance. The final stage analyses the collected
data through graphical and tabular presentations, followed by detailed evaluation of each
algorithm's behaviour and effectiveness. The flowchart of this work is as shown in Figure 2.

Smnulation setup; hardware and software part ‘
1 Record the data from the simulation
A v !
Test Q-learning Test SARSA
algorithm on the algorithm on the Evaluation of the data, and compared both
setup simulation setup simulation algorithm performance

v

Conclude and review the result

NO

Both Algorithm Tested in various
episodes and learning rate

YES

Figure 2. Flowchart of comparing RL policies
2.2 Hardware and Software Setup

The hardware components play a crucial role in this experiment by running simulations and
recording data for both Q-learning and SARSA algorithms. To minimize hardware influence on
simulation results, the selection criteria emphasized computational performance, processor type
and graphics card capabilities.

The experiments were conducted using an Asus Vivobook Pro 15 laptop with an AMD Ryzen 9

5900H processor (6 cores, 12 threads), Nvidia GeForce RTX 3050 Studio GPU (6GB GDDR6), 16GB
RAM and 500GB SSD. This configuration ensures fast simulation rendering and reduced
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computation time for reinforcement learning training. The software integrates NumPy and
OpenAl Gym libraries to simulate and compare Q-learning and SARSA policies. The Taxi Domain
environment was selected as the simulation platform, featuring a taxi agent on a 5x5 grid with
four designated locations (R, G, Y, B) and six possible actions.

OpenAl Gym provides a structured interface that supports reinforcement learning experiments
by defining states, actions and reward functions for each environment. The built-in Taxi Domain
environment offers all necessary components for implementing and testing RL algorithms,
including state representations, valid action sets, and reward mechanisms that reflect agent
performance [20], [21]. The taxi can perform up to six possible actions as in Equation (1):

action = (north,south, east,west, pickup, dropoff) (D

The task assigned to the taxi agent is to navigate to a target location, pick up a passenger and
transport them to another designated location for drop-off. The state space and environment
illustration used in this experiment are shown in Figure 3(a) [22]. The actual output is displayed
in Figure 3(b), printed on the testing terminal. In the Taxi environment, the setup from the agent
to the possible actions remains fixed, with only the algorithm used to solve the path planning task
being modified.

Within the environment, obstacles are generated and the arrangement remains consistent across
tests to evaluate the RL policies' capability to solve path planning tasks. The environment and
generated data do not display the possible paths recorded by the agent; only the rewards and the
taxi's capability to reach the target are shown. All rewards are stored in the Q-table, which
displays the number of episodes set before starting the experiment. The number of episodes set
for this experiment is 10,000.

(b)
Figure 3. [llustration of: (a) Taxi environment, and (b) actual output, used in this experiment

2.3 Implementation of RL Algorithm

The algorithms tested in this experiment are the basic versions. Since the purpose is solely to
compare policy performance in solving path-planning tasks, the algorithms serve only as
platforms to deliver the policies. Any additional modifications or derivations in the algorithms
would affect the results and compromise the validity of the comparison. This section is divided
into two subsections, each representing the explanation for one algorithm. The explanation
covers the equations used in the coding implementation, and the algorithm in pseudo-code form.
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2.3.1 Q-learning Algorithm with Off-Policy

Q-learning uses an off-policy approach as the basis for decision-making. The off-policy method
allows the algorithm to find solutions to the task greedily. With this greedy approach, the
expected result demonstrates whether the solution is the shortest or fastest one. Equation (2)
shows the Q-learning formula based on the Bellman equation, which is the fundamental equation
for Q-learning [23]. Figure 4 presents Q-learning in pseudocode form.

New Q (S¢, Ar) = Q (Spy Ap) + a[Reyr + Yy Max Q (Ses1, Ars1) — Q (Sp Ap) ] (2)

S; = Current State

Ay = Current Action

a = Learning Rate

R:y1 = Reward based on Action

St+1 = Next State

A¢yq = Next Action

y = Discount Factor

max Q = Highest Q value in Q table (Greedy Policy)

Q - learning pseudocode form
1 Initialize each statei € S and action ueA
2 for each episode do
Initialize state S
repeat:
Choose action at current state using greedy policy
Take action, observe reward and next state
Q(s,a) = Q(s,a) + a[r+ yMax Q' (s,a’) — Q (s, a)]
Ses
until s is done

O 00O Ul H W

Figure 4. Q-learning pseudocode
2.3.2 SARSA Algorithm with On-Policy

SARSA uses an on-policy approach as the base reference for its decision-making process. The on-
policy method allows the user to declare a specific policy to be followed by the algorithm. When
the algorithm runs, the declared policy is continuously evaluated and improved. The expected
result from this algorithm is a solution based on the requirements specified by the user. Equation
(3) shows the basic SARSA equation [24], while Figure 5 presents SARSA in pseudocode form.

New Q (S¢, Ar) = Q (Spy Ap) + a[Reyr + ¥ Q (Seyrs Arr1) — Q (S Ap) | (3)

S¢ = Current State

A; = Current Action

a = Learning Rate

R;4+1 = Reward based on Action
St+1 = Next State

Apyq = Next Action

y = Discount Factor

Y Q (St41, Ary1) = Behaviour Policy
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SARSA pseudocode form

1 Initialize each statei € S and action ueA

2 for each episode do

3 Initialize state S

repeat:
Choose action at current state using setup policy
Take action, observe reward and next state
Qs,a) = Q(sa) +alr+ yQ (s,a) — Q(sa)]
s«<s'anda<a’

until s is done

O 0 N O Ul H

Figure 5. SARSA pseudocode
2.4 Data Collection, Evaluation and Comparison

The simulation and testing in the Taxi Domain using OpenAl Gym generated data containing the
agent's rewards, episodes and actions. These values were stored in a Q-table, where policies were
evaluated and rewards were compared across episodes. The data was then retrieved from the
PyCharm terminal and plotted in reward versus episode graphs for analysis. The evaluation
compared Q-learning and SARSA. The primary focus was on the convergence speed of rewards,
specifically examining the number of episodes required at different learning rates. The objective
was to determine which algorithm, whether Q-learning or SARSA, will solve the task more
efficiently. The hypothesis was that Q-learning would require fewer episodes to achieve reward
convergence compared to SARSA, indicating faster task completion.

3. RESULTS AND DISCUSSION

This section presents the results of the comparative study between SARSA and Q-learning
algorithms and analysis of each algorithm performance in solving the path-planning task within
the Taxi-v3 environment. The section begins with the interpretation of RL testing data, focusing
on cumulative reward patterns and the number of episodes required for reward convergence.
These metrics indicate the learning efficiency and performance of both algorithms. The data is
presented through graphs and analysis to clearly show the performance trends under identical
experimental conditions. Following the data interpretation, a detailed review of both policies
performance is conducted, examining the path planning outcomes and the time efficiency in
solving the task. This review evaluates how each policy type which are on-policy for SARSA and
off-policy for Q-learning influences decision-making and solution quality.

3.1 RL Testing Data Interpretation

The experiment compared two parameters between SARSA (on-policy) and Q-learning (off-
policy). First, it presented cumulative rewards across five different sets of episodes and learning
rates, displayed as graphs. Second, it showed a table summarizing the number of episodes each
algorithm required to converge at different episode counts and learning rates. Figures 6 to 8 show
line graphs of cumulative rewards versus the number of episodes from single test runs for each
increment, ranging from 10,000 to 50,000 episodes with learning rates (o) from 0.1 to 0.5.
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Figure 6. Cumulative reward data from SARSA and Q-Learning for: (a) 10, 000 episodes with 0.1 learning
rate, a, and (b) 20,000 episodes with 0.2 learning rate, a
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Figure 7. Cumulative reward data from SARSA and Q-Learning for: (a) 30,000 episodes with 0.3 learning
rate, a, and (b) 40,000 episodes with 0.4 learning rate, a
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Figure 8. Cumulative reward data from SARSA and Q-Learning for 50,000 episodes with 0.5 learning rate
From these figures, it can be seen that the cumulative rewards for both algorithms converged

within the first 10-20% of total training episodes, with Q-learning converging slightly faster
(approximately 5-10% fewer episodes), regardless of the total episodes or learning rate, a. When

150



International Journal of Autonomous Robots and Intelligent Systems
Vol. 1, No. 2, December 2025 [143-156]

comparing both algorithms in each figure, SARSA accumulates slightly more penalties even after
convergence compared to Q-learning. Despite these differences in penalties, both agents
successfully reached the goal within the given episodes.

The comparison of cumulative rewards reveals the different principles guiding each agent toward
the goal. Q-learning uses an off-policy approach, which allows the agent to greedily find solutions
to the task. The results in Figures 6 to 8 support this fundamental off-policy concept. The rewards
between episodes increase steadily, demonstrating that the agent consistently selects actions
with the highest rewards while avoiding actions with low rewards or large penalties. The greedy
strategy offered by off-policy ensures the action selection process is not tied to any predefined
concept or plan.

In contrast, SARSA implements an on-policy approach that requires the agent to follow a specific
plan and strategy to find the path. The results in Figures 6 to 8 demonstrate that on-policy
continuously explores to find the desired path. Even when actions result in penalties or low
rewards, the agent still takes those actions. The cumulative reward in each episode increases
slowly, indicating that on-policy does not provide the fastest path to the goal. However, the
reward still converges at a low number of episodes and allows the algorithm to learn path
planning based on the desired strategy.

Comparing across all figures, Q-learning consistently converges as the learning rate increases.
However, SARSA becomes unstable after the learning rate increases, as clearly shown in Figure
7(b) and Figure 8. To show clearly the relationship between increment of learning rate and its
stability, another test was done specifically for episode 40,000 and 50,000 with learning rate
increment from 0.1 to 0.5 due to SARSA become unstable in this range of total episodes. The result
of the stability shown in Figure 9.

Figure 9(a) illustrates the relationship between reward stability (reward standard deviation) and
learning rate. Q-learning shows an exponential decrease in reward standard deviation as the
learning rate increases from 0.3 to 0.5, indicating improved stability. In contrast, SARSA exhibits
a linear increase in reward standard deviation with higher learning rates, reflecting growing
instability. This occurs because Q-learning, being off-policy, updates toward the optimal action
independently of exploration, while SARSA’s on-policy update is influenced by exploratory
actions. As the learning rate increases, SARSA’s updates become too aggressive, causing larger
fluctuations in Q-values. Supporting this, Figure 9(b) shows Q-learning maintains higher average
rewards from 0.3 to 0.5, while SARSA’s performance drops sharply. These findings confirm that
on-policy algorithms like SARSA are unstable at high learning rates, whereas off-policy methods
such as Q-learning remain more stable and efficient.
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Figure 9. Relationship between: (a) reward standard deviation and learning rate, and (b) average reward

and learning rate

Table 3 presents the number of episodes required by each algorithm to converge during training.
The results indicate that Q-learning converged slightly faster than SARSA, requiring fewer
episodes to achieve stable rewards. After convergence, the number of steps taken to reach all
targets was also analysed. On average, the trained Q-learning agent required approximately 10
steps to complete the task, while the SARSA agent required 13 steps. This demonstrates that Q-

learning not only converges faster but also learns a more efficient path.

The planned paths are also shown in Figure 10, tested with a learning rate of 0.3 and 30,000
episodes, as this setup provides stable performance for both algorithms. The figure illustrates
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that Q-learning eagerly reaches all targets using the shortest path, requiring only 12 steps,

compared to SARSA which required 14 steps with an exploration-type path.

Table 3 Number of episodes to converge

Total Learning Reward Converge Episodes Number of Step_s Fo reach all
Episode Rate, a _ target aft?r training (Steps)
Q - Learning SARSA Q - Learning SARSA

10,000 0.1 2650+ 100 3100+ 100 11 12
20,000 0.2 1600 =100 1600 £ 100 13 15
30,000 0.3 1300 £ 100 1400 + 100 12 14
40,000 0.4 1100 £ 100 1200 + 100 8 10
50,000 0.5 1000 =100 1000 + 100 8 14

One of planned path to reach all target (Learning rate 0.3 with 30,000

Episodes)
Q-Learning Final Path SARSA Final Path
Total steps: 12 Total steps: 14
5 ¥ | ¥ 5 r - Y - =
[_ ‘ L,l‘
3 —— Taxi path 3 —e— Taxi path
W comers W comers
tart point [ start point
pick-up point pick-up point
M drop-off point 2 W drop-off point |
—
1 1
0 0 L ]

v T
o 1 3 o 1 2 3 4 5

Q-Learning Trained Path (12 Step) SARSA Trained Path (14 Step)

Figure 10. Planned path to reach all target

These results align with the fundamental differences between off-policy and on-policy learning
approaches. Q-learning, as an off-policy method, uses a greedy principle that selects the maximum
reward value from the Q-table to estimate and decide the next action. This allows the algorithm
to learn from the optimal greedy policy regardless of the agent's actual behaviour, enabling faster
exploitation of the optimal route and making Q-learning more suitable for tasks requiring rapid
and efficient path completion.

In contrast, SARSA, being an on-policy method, learns from its current exploratory actions based
on the policy set by the user. This policy uses parameters defined by the user to determine the
next action, allowing the algorithm to move the agent according to the desired plan. This results
in safer but slightly longer paths, making SARSA more advantageous for exploration or
environment surveying applications where smooth policy transitions and safer navigation are
prioritized.

Based on the experimental results, Q-learning shows that higher learning rates result in fewer
episodes required for convergence. This indicates that the number of convergence episodes is
inversely proportional to the learning rate value, «. However, SARSA shows the opposite pattern:
higher learning rates result in more episodes required for convergence, demonstrating a directly
proportional relationship.
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3.2 Review on Both Policies Performance

The comparison of both policies is evaluated in two categories that can affect performance
interpretation:

e Desired planned path
e Desired duration to solve the task

The first category is the desired planned path for path planning purposes. Both policies provide
different strategies reflected in their path-planning behaviour and efficiency. Off-policy uses a
greedy strategy that selects actions based on maximum reward, resulting in the shortest and most
direct route with fewer steps. Therefore, if the desired path prioritizes speed and efficiency while
disregarding safety factors, this policy is suitable. On-policy uses a strategy based on user-defined
parameters, following an exploration-type approach that requires more steps but adheres to
specified conditions. Therefore, if the desired path has specific requirements, safety factors, or
precautionary conditions, this policy should be considered.

The second category is the desired duration for solving the path planning task. Hyperparameter
tuning is crucial in achieving the desired duration. Off-policy requires a high number of episodes
and high learning rate to converge quickly. In contrast, on-policy requires a low learning rate and
high number of episodes, as it is sensitive to drastic changes that cause penalties at high learning
rates. These findings highlight the importance of selecting a suitable policy based on task
requirements which Q-learning is more efficient for rapid convergence with higher learning rates,
while SARSA provides smoother but slower learning with conservative settings. These findings
highlight the importance of selecting a suitable policy based on task requirements. Q-learning is
more efficient for rapid convergence with higher learning rates, while SARSA provides smoother
but slower learning with conservative settings.

Overall, based on the review of these two categories, the performance of both policies aligns with
each algorithm theoretical working principles. Two key considerations for improving policy
performance which are hyperparameter tuning must be adjusted for different tasks to achieve
optimal results users must determine whether the agent needs time for exploration or must reach
the target quickly. Then, adequate processor specifications are important to process the
algorithm accurately and minimize errors and delays.

4. CONCLUSION

In conclusion, this study successfully compared reinforcement learning policies for path planning
tasks through experimental validation in the Taxi-v3 environment. Results show that Q-learning
(off-policy) converged approximately 5-10% faster than SARSA (on-policy) and required 31%
fewer steps on average, demonstrating a more direct path-planning approach. These findings
confirm that algorithm performance depends on application requirements which Q-learning is
suitable for tasks requiring fast, efficient paths, while SARSA is preferred for exploration tasks
requiring precautionary conditions and safer navigation. Both policies execute tasks according to
each algorithm theoretical foundations, offering distinct advantages based on specific use-case
requirements. While these findings are derived from the simplified Taxi-v3 environment,
generalization to real-world mobile robot navigation may face additional challenges such as
continuous state spaces, sensor noise and dynamic obstacles.
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