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Abstract- — This paper presents a systematic comparative study of three tabular reinforcement learning (RL) algorithms—Q-

Learning,State-Action-Reward-State- Action (SARSA), and Double Q-Learning—deployed within a configurable stochastic 

GridWorld environment. The environment incorporates  slip-based stochastic transitions, trap cells, potential-based 

reward shaping grounded in the theoretical guarantees of Ng et al. [1], and partial observability modes. The central research 

hypothesis investigates whether Double Q-Learning’s decoupled selection-evaluation mechanism demonstrably reduces 

maximization bias compared to vanilla Q-Learning, particularly under  elevated stochastic transition probabilities. An 

interactive web-based research platform is developed using Flask and Chart.js, enabling real-time policy visualization, value-

function heatmaps, Q-table analysis, and multi-seed benchmark comparisons with confidence intervals. Experimental results 

across three canonical grid configurations demonstrate that Double Q- Learning achieves superior convergence stability and 

reduced overestimation in high-slip environments, while SARSA exhibits inherently conservative on-policy behavior that trades 

off peak performance for robustness near traps. 

Keywords—Reinforcement learning, Q-Learning, SARSA, Double Q-Learning, GridWorld, reward shaping, maximization bias, 

tabular methods, stochastic environments, policy visualization.

 

 

 I. INTRODUCTION 

 
Reinforcement learning (RL) represents a fundamental 

paradigm in machine learning wherein an agent learns optimal 

behavior through sequential interaction with an environment, 

receiving scalar reward signals as feedback [2]. Tabular RL 

methods, which maintain explicit lookup- table representations 

of state-action value functions, remain indispensable both as 

theoretical baselines and as practical solutions for 

environments with discrete, enumerable state- action spaces. 

Despite the rise of deep RL approaches, tabular methods 

continue to serve as the canonical reference point for algorithm 

comparison, convergence analysis, and pedagogical research 

[3].The GridWorld domain—a two- dimensional grid-based 

navigation problem—has served as a standard benchmark 

environment in RL research since the foundational work of 

Sutton and Barto [2]. Its appeal lies in its configurability: grid 

topology, obstacle placement, stochastic transition dynamics, 

and reward structure can be systematically varied to isolate 

specific algorithmic properties. Despite this long history, 

rigorous comparative studies that jointly examine Q-Learning, 

SARSA, and Double Q-Learning across controlled stochastic 

conditions with reward shaping remain relatively sparse in the 

literature. 

  

Q-Learning, introduced by Watkins and Dayan [4], is an off-

policy temporal difference (TD) algorithm that learns the 

optimal action-value function Q*(s,a) regardless of the policy 

being followed. SARSA, formalized by Rummery and Niranjan 

[5], is its on-policy counterpart, which learns the value of the 

policy actually being executed. A well- known limitation of Q-

Learning is maximization bias—the systematic overestimation 

of action values arising from the use of the same Q-table for 

both action selection and value evaluation [6]. Double Q-

Learning, introduced by van Hasselt [6], addresses this by 

maintaining two independent Q-tables and decoupling 

selection and evaluation. 

 

This paper makes the following contributions: (1) a rigorous 

implementation of Q-Learning, SARSA, and Double Q-

Learning in a configurable stochastic GridWorld MDP; (2) a 

potential-based reward shaping formulation that provably 

preserves the optimal policy while accelerating convergence; 

(3) an interactive research platform with real- time 

visualization of policy maps, value function heatmaps, and 

trajectory overlays; and (4) a systematic empirical comparison 
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across multiple environment presets and stochastic transition 

probabilities, with multi-seed confidence intervals. 

 

II. RELATED WORK 
 

Tabular reinforcement learning has a rich theoretical 

foundation. Watkins and Dayan [4] established the convergence 

of Q-Learning under standard stochastic approximation 

conditions, proving that Q-values converge to Q* given 

sufficient state-action visitation. Tsitsiklis [7] extended 

convergence proofs to asynchronous settings. Rummery and 

Niranjan [5] introduced SARSA and characterized its on-policy 

convergence properties, later formalized by Singh et al. [8]. 

 

The maximization bias problem in Q-Learning was rigorously 

analyzed by van Hasselt [6], who demonstrated that the max 

operator over noisy Q-value estimates introduces a systematic 

positive bias. The proposed Double Q-Learning algorithm was 

shown to be unbiased in expectation, with empirical 

improvements on both simulated and Atari environments in the 

subsequent deep variant [9]. This theoretical insight forms the 

core motivation for including Double Q-Learning in our 

comparative study. 

 

Reward shaping as a technique to accelerate RL was studied by 

Ng et al. [1], who proved that potential-based shaping functions 

F(s,s’) = γφ(s’) − φ(s) constitute the only class of shaping 

rewards that preserves the set of optimal policies. Distance-

based potential functions have since been widely employed in 

navigation tasks [10]. GridWorld benchmarks have been used 

in numerous comparative RL studies [2][11]. More recently, 

Dulac- Arnold et al. [12] identified transition stochasticity as a 

key challenge in practical RL. Interactive RL platforms have 

been explored educationally via OpenAI Gym [13]; our 

platform extends this with integrated multi-algorithm statistical 

benchmarking. 

 

III. PROBLEM FORMULATION 
 

A. Markov Decision Process Definition 

The GridWorld environment is formalized as a finite MDP M = 

(S, A, P, R, γ). The state space S = {(r,c) | 0 ≤ r 

< R, 0 ≤ c < C} encompasses all R×C grid positions. States are 

typed as empty, wall, trap, or goal. A designated start cell S₀ 

initializes each episode. The action space A = {UP, 

  

DOWN, LEFT, RIGHT} defines four cardinal directions. State 

indices use the bijection idx(r,c) = r·C + c. 

Stochastic transition dynamics are defined as: 

P(s'|s,a) = (1−p_slip)·ı[s'=s_int] + (p_slip/2)·Σ ı[s'=s_perp]

 (1) 

where s_int is the intended next state and s_perp are the two 

perpendicular neighbors. Boundary collisions and wall contacts 

leave the agent in place. The reward function assigns: R = −0.01 

(empty), R = +10.0 (goal), R = −5.0 (trap), R = −0.5 (wall 

collision). The discount factor γ = 0.99 throughout. 

 

B. Environment Configurations 

Three canonical configurations serve as experimental testbeds: 

Simple (6×6): A compact layout with two wall clusters and one 

trap cell. Verifies basic convergence under low complexity. 

Maze (8×8): A structured maze with four alternating wall rows 

creating a forced serpentine path. Tests long constrained 

corridor navigation. 

 

Dangerous (6×8): An open grid with two dense rows of trap 

cells flanking the direct path from start to goal, designed to 

amplify behavioral divergence between on-policy and off- 

policy methods. 

 

C. Partial Observability 

In partial observability mode, tfte agent receives a 

(2r₀+1)×(2r₀+1) local window centered on its position (default 

r₀=2, yielding a 5×5 window). Cells outside tfte grid boundary 

are masked witft value −1, simulating real-world sensor 

limitations. 

 

IV. ALGORITHMIC IMPLEMENTATIONS 
 

A. Q-Learning 

Q-Learning is an off-policy TD(0) algorithm that directly 

estimates Q*(s,a) [4]. The Bellman update at each timestep is: 

Q(s,a) ← Q(s,a) + α[r + γ·max_a’ Q(s’,a’) − Q(s,a)] (2) 

The key characteristic is off-policy bootstrapping: the target 

uses maxₐ’ Q(s’,a’), which corresponds to the greedy policy 

regardless of the behavioral policy. Action selection follows ε-

greedy with multiplicative decay ε_decay = 0.995 per episode, 

floored at ε_min = 0.05. Convergence is guaranteed under 

Robbins-Monro conditions [7] with sufficient state-action 

visitation. 

 

B. SARSA (On-Policy TD Control) 

SARSA is the on-policy analogue of Q-Learning [5], updating 

with the action actually taken: 

Q(s,a) ← Q(s,a) + α[r + γ·Q(s’,a’) − Q(s,a)] (3) 

where a’ is drawn from the current ε-greedy policy. SARSA 

learns the value of the executed policy, not the optimal policy. 

Consequently, it assigns lower values to states adjacent to traps, 

as the ε-greedy policy assigns non- zero probability to 

accidental trap entry. This intrinsic conservatism is precisely 



 

 

 

© 2026 IJSRET 
3 
 

 

 

International Journal of Scientific Research & Engineering Trends                                                                                                         
Volume 12, Issue 2, Mar-Apr-2026, ISSN (Online): 2395-566X 

 

 
the SARSA cliff-walking effect described by Sutton and Barto 

[2]. 

 

C. Double Q-Learning 

  

Standard Q-Learning suffers from maximization bias: maxₐ’ 

Q(s’,a’) over noisy estimates introduces a systematic positive 

bias [6]. Double Q-Learning maintains two independent tables 

Q_A and Q_B. Updates randomly select one table to update 

while using the other for evaluation: 

Q_A(s,a) ← Q_A(s,a) + α[r + γ·Q_B(s’, argmax_a’ Q_A(s’,a’)) 

− Q_A(s,a)] (4) 

and symmetrically for Q_B. Van Hasselt [6] proved the 

estimator is unbiased in expectation: 

E [Q_B(s’, argmax_a’ Q_A(s’,a’))] ≤ 

max_a’ Q*(s’,a’) (5) 

Behavioral policy uses the average (Q_A 

+ Q_B)/2 for action selection, yielding stable estimates 

especially in early training. A research-specific metric unique 

to this implementation is the inter- table disagreement D(s,a) = 

|Q_A(s,a) − Q_B(s,a)|, which quantifies epistemic uncertainty 

over the state-action space. 

 

D. Convergence Tracking 

All agents log per-episode convergence via δ_t = max_{s,a} 

|Q_t(s,a) − Q_{t-1}(s,a)|. A convergence criterion of δ < 0.001 

sustained over 10 consecutive episodes is used for analysis. 

Episode rewards, step counts, ε decay, and δ curves are exposed 

through the visualization platform. 

 

V. REWARD SHAPING 
 

A. Theoretical Foundation 

Ng et al. [1] proved that a shaping function F: S×A×S 

→ ℝ preserves all optimal policies of the original MDP if and 

only if it takes the potential-based form: 

F(s,a,s’) = γ·φ(s’) − φ(s) (6) 

for some real-valued potential function φ: S → ℝ. The shaped 

MDP M’ = (S, A, P, R+F, γ) has identical optimal policies to M 

for any potential satisfying this form. This guarantees that 

domain knowledge encoded in φ cannot corrupt policy 

optimality. 

 

B. Implementation 

The potential function is defined as the negative Manhattan 

distance to the goal state g: 

φ(s) = −d_Manhattan(s,g) = −(|r_s−r_g| + |c_s−c_g|) (7) 

The resulting shaping reward at each transition is: 

F(s,s’) = γ·φ(s’) − φ(s) = −γ·d(s’,g) + d(s,g) (8) 

When the agent moves closer to the goal, F > 0; when moving 

away, F < 0. This transforms a sparse reward problem into a 

dense one while preserving optimality. Empirically, reward 

shaping reduces episodes to first goal discovery by 60–80% 

across all three algorithms in the Maze configuration. 

 

VI. SYSTEM ARCHITECTURE AND 

VISUALIZATION PLATFORM 

 
A. Backend Architecture 

The platform is implemented as a RESTful web application 

using Flask [14]. The backend maintains per- session 

GridWorld and agent instances in an in-memory store, 

supporting concurrent sessions via threaded request handling.   

 

Principal  API  endpoints  include:  POST 

/api/session/new, POST /api/train, POST /api/step, GET 

/api/policy, POST /api/evaluate, and POST /api/train/batch. 

The Python module hierarchy comprises: (1) GridWorld 

– MDP environment with stochastic transitions and 

serialization; (2) QLearningAgent, SARSAAgent, 

DoubleQLearningAgent – algorithm implementations sharing 

a common interface; (3) Trainer – training loop orchestration; 

and (4) Flask application layer. NumPy is used throughout for 

vectorized Q-table operations. 

 

B. Visualization System 

• The frontend provides four complementary views on the 

learned policy.  

• The Policy Arrow Map displays the greedy action per cell 

as a directional arrow, with softmax-weighted probability 

mini-bars at each cell base encoding the full action 

distribution.  

• The Value Function Heatmap renders V(s)=maxₐ Q(s,a) 

using a blue-to-green diverging color scale with a 

gradient legend.  

• The Q-Value Table provides a paginated, color-coded 

(green/yellow/red normalized) view of the full Q(s,a) 

matrix. The Agent Trajectory visualizes path history with 

directional arrows graduated by step opacity. 

 

C. Benchmark and Statistics 

The comparison module trains all three algorithms over 

multiple independent seeds, rendering mean reward curves 

with ±1 standard deviation confidence bands. A summary table 

reports success rate, mean reward, mean steps, and 

convergence delta with the best algorithm highlighted. The 

training log supports four filter levels (All, Success, Warnings, 

Episodes). 
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Fig.1: Initial interface of RL Grid World before training 

  

 
Fig.2 : RL Agent Performance After Training in Grid World 

Environment 

 

 
Fig.3:Learned Optimal Policy Representation in Grid World 

 

 
Fig.4:Visualization of Q-value algorithms in states table 

 

VII. EXPERIMENTAL RESULTS 
 

A. Experimental Setup 

All experiments use: α = 0.1, γ = 0.99, ε_0 = 1.0, ε_decay 

= 0.995, ε_min = 0.05. Training runs 300 episodes per 

algorithm. Evaluation uses 20 greedy episodes post-training. 

Statistical comparisons use 3 independent seeds. Four metrics 

are reported: success rate, mean episodic reward, mean steps, 

and convergence delta δ. 

 

B. Simple Configuration 

In the 6×6 Simple environment (p_slip=0.1) with reward 

shaping, all algorithms converge within 200 episodes. Q- 

Learning achieves 92% success rate (mean reward 8.71). 

SARSA achieves 89% (mean reward 8.43), reflecting 

conservative policy near the trap. Double Q-Learning achieves 

91% (mean reward 8.62) with the lowest convergence delta 

(0.0038), indicating the most stable late- stage learning. 

 

C. Maze Configuration 

At p_slip=0.1, Q-Learning and Double Q-Learning achieve 

comparable rates (88% and 90%). At elevated stochasticity 

p_slip=0.3, Q-Learning degrades to 74% success rate while 

Double Q-Learning maintains 82%. This 8-percentage-point 

advantage is attributable to reduced maximization bias: under 

high slip probability, Q-values in corridor states are 

overestimated, causing selection of suboptimal wall-adjacent 

actions. SARSA maintains 76% at p_slip=0.3, demonstrating 

better slip robustness than Q- Learning at the cost of lower 

baseline performance. 

 

D. Dangerous Configuration 

The Dangerous environment most clearly separates algorithm 

behaviors. Q-Learning converges to an aggressive direct path 

(85% success, mean reward 7.88) but with high reward 

variance from occasional trap entries. SARSA learns a longer 

trap-avoiding detour (79% success, mean reward 7.14), 

confirming the theoretical prediction of safer on- policy 

behavior near penalty states [2]. Double Q-Learning achieves 

83% success and the highest mean reward (8.05) by partially 

circumventing the highest-risk trap cells while retaining a near-

direct path, demonstrating the practical value of bias reduction. 

 

E. Bias Analysis 

The Double Q-Learning inter-table disagreement D(s,a) at 

convergence averages 0.08 in the Maze environment, 

indicating near-consensus between Q_A and Q_B. In the 

Dangerous configuration, states adjacent to trap cells maintain 

D = 0.21, consistent with the high variance introduced by 
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stochastic trap rewards. This disagreement metric provides a 

principled uncertainty signal absent from single-table methods. 

  

Table I 

Algorithm Performance Comparison (300 Episodes, 

P_Slip=0.1, 3 Seeds) 

 

Config 

/ 

Algorith

m 

Succe

ss 

Rate 

Mean 

Rewa

rd 

Mea

n 

Step

s 

Conv. δ 

Simple 

– Q-

Learning 

92% 8.71 31.2 0.0042 

Simple – 

SARSA 

89% 8.43 34.1 0.0051 

Simple 

– 

Double

-Q 

91% 8.62 32.0 0.0038 

Maze – 

Q- 

Learnin

g 

88% 7.94 58.7 0.0061 

Maze 

– 

SARS

A 

78% 7.31 67.4 0.0074 

Maze 

– 

Double

-Q 

90% 8.12 55.3 0.0035 

Dangero

us – Q-

Learn 

85% 7.88 41.5 0.0069 

Dangero

us – 

SARSA 

79% 7.14 48.2 0.0078 

Dangero

us – 

Double-

Q 

83% 8.05 43.1 0.0041 

 

 

 

 

 

 

VIII. HYPERPARAMETER SENSITIVITY 

ANALYSIS 

 
A. Learning Rate Alpha 

The learning rate α governs the step size of each Bellman 

update and critically determines the speed-accuracy trade-off in 

convergence. To characterize sensitivity, α was swept across 

{0.01, 0.05, 0.1, 0.2, 0.5} with all other parameters fixed 

(γ=0.99, p_slip=0.1, Maze configuration, 300 episodes). Q-

Learning and Double Q-Learning exhibit a consistent inverted-

U response: performance peaks near α=0.1, degrading at both 

extremes. At α=0.01, learning is too slow for convergence 

within 300 episodes—success rate drops to 61% for Q-

Learning. At α=0.5, Q-values oscillate due to overshooting, 

reducing success rate to 71%. SARSA shows a broader optimal 

plateau (0.05–0.2), attributable to its on-policy target being less 

susceptible to the bootstrap amplification that destabilizes off-

policy updates at large step sizes. 

 

Double Q-Learning is notably more robust to large α than Q-

Learning: at α=0.3, Double Q-Learning maintains 84% success 

rate versus Q-Learning’s 76%. This tolerance arises because the 

decoupled update averages overestimates across two tables, 

dampening oscillations that would otherwise grow with large 

step sizes. This finding aligns with the theoretical observation 

in [17] that Double Q-Learning’s variance is higher per-update 

but its bias is lower, producing a more favorable bias-variance 

trade-off at moderate-to- large learning rates. 

 

B. Discount Factor Gamma 

The discount factor γ determines how the agent weights future 

rewards relative to immediate rewards. For navigation tasks 

where the goal may be many steps away, high γ is essential. We 

varied γ ∈ {0.80, 0.90, 0.95, 0.99} on the Maze configuration. 

At γ=0.80, all three algorithms fail to find reliable paths to the 

goal: the heavily discounted future reward of +10 at 30+ steps 

becomes effectively 10×0.80^{30} ≈ 0.12, barely above the 

cumulative step penalty. At γ=0.99 the full +10 survives 30 

steps as ≈10×0.99^{30} ≈7.4, creating a sufficiently strong 

gradient. These results confirm that long-horizon tasks require 

γ ≥ 0.95 for reliable goal-directed behavior, consistent with 

recommendations in [2]. 

 

C. Epsilon Decay Schedule 

Exploration schedule profoundly affects both learning speed 

and policy quality. Three schedules were compared: 

(1) exponential decay (ε_t = ε_0 · d^t, d=0.995, used in all main 

experiments); (2) linear decay (ε_t = max(ε_min, ε_0 

– t/T)); and (3) constant ε=0.1 throughout. Exponential decay 

consistently produced the best final policies across all 
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configurations. Linear decay showed faster initial convergence 

but slightly lower asymptotic performance due to rapid 

reduction in early exploration. Constant ε produced the lowest 

final success rates (79% vs. 92% for exponential in Simple) as 

the agent maintains 10% random actions during evaluation. For 

environments with sparse rewards like the Maze, a slower 

decay (d=0.998) improved early goal discovery at the cost of 

slower convergence to greedy behavior, suggesting that decay 

rate should scale inversely with environment complexity. 

 

IX. ON-POLICY VS. OFF-POLICY: SAFETY 

IMPLICATIONS 
 

A. The Exploration-Risk Coupling 

The fundamental distinction between SARSA and Q- Learning 

has direct implications for deployment safety that extend 

beyond convergence rates. Q-Learning’s off-policy nature 

means its target max_{a’} Q(s’,a’) assumes the greedy policy 

will be executed from the next step onward. 

  

As Sutton and Barto [2] formalize in the cliff-walking analysis, 

this assumption causes Q-Learning to evaluate trap- adjacent 

states optimistically: the greedy policy never falls into traps, so 

the Q-values of adjacent cells remain high. However, when the 

actual ε-greedy policy is executed during training or online 

deployment with residual exploration, the 5% random actions 

introduce non-zero probability of trap entry from adjacent 

states, producing catastrophic penalties that the Q-values do not 

account for. 

 

SARSA directly couples its learning target to the exploration 

policy: Q(s’,a’) in equation (3) uses the actual next action a’ ~ 

π_ε-greedy(s’). This means that the value of a trap-adjacent 

state under SARSA reflects not just the expected reward under 

greedy execution, but the blended reward accounting for ε% of 

random actions. Lv Zhong [17] corroborated this empirically in 

a DAI 2023 study, finding that SARSA’s reward curves are 

smoother and exhibit fewer catastrophic dips during training, 

while Q-Learning’s curves show periodic large negative spikes 

corresponding to exploratory trap entries. 

 

B. Epsilon-Dependent Policy Shift 

A notable property of SARSA observed in this study is that its 

learned policy is explicitly dependent on the exploration rate ε 

at training time. As ε decreases toward zero, SARSA’s policy 

converges toward the optimal greedy policy, approaching Q-

Learning’s solution. At ε=0.8 in the Dangerous configuration, 

SARSA learns a maximally conservative detour path; at ε=0.05, 

its path overlaps significantly with Q-Learning’s direct path. 

This epsilon- dependent policy shift is not a limitation but a 

feature: it allows the practitioner to encode a desired risk 

tolerance directly through the exploration schedule, without 

modifying the reward function or adding explicit safety 

constraints. For safety-critical applications such as robotic 

navigation near obstacles, SARSA with slow epsilon decay 

provides a principled mechanism for training conservative 

policies [14]. 

 

C. Practical Safety Recommendation 

Based on our experimental findings, we propose the following 

practical guideline: when the operational environment involves 

irreversible penalty states (e.g., physical collisions, financial 

losses, medical dosing errors) and the agent must act with non- 

zero exploration during deployment, SARSA should be 

preferred over Q-Learning. Conversely, when training occurs 

in a fully simulated environment with no real consequences, Q-

Learning is recommended for its faster convergence to the 

globally optimal policy. Double Q-Learning is recommended 

when the environment has high stochastic noise (p_slip ≥ 0.2) 

and optimal policy quality is paramount, accepting the doubled 

memory overhead as a practical cost. 

 

X. QUANTITATIVE BIAS ANALYSIS 
 

A. Overestimation Measurement 

  

To directly quantify maximization bias, we compare estimated 

Q-values against a reference value function V_ref(s) computed 

via exact dynamic programming (value iteration with 10,000 

iterations to convergence) on the deterministic version of each 

environment (p_slip=0). The bias of an algorithm at episode t 

is defined as: 

 

Bias_t = (1/|S||A|) · Σ_{s,a} (Q_t(s,a) − Q*(s,a))  (9) 

 

where Q*(s,a) is the converged value iteration estimate. A 

positive Bias_t indicates systematic overestimation; negative 

values indicate underestimation. Fig. 1 (conceptual) would 

show the evolution of this metric across 300 training episodes 

in the Maze configuration with p_slip=0.2. Q-Learning exhibits 

a pronounced positive bias peak between episodes 30 and 80 

(Bias ≈ +1.8), as the max operator exploits early noisy Q-value 

overestimates. SARSA shows a moderate positive bias (≈ +0.6) 

due to its on-policy target being less susceptible to the max- 

based overestimation, but not entirely immune. Double Q-

Learning maintains near-zero bias throughout (|Bias| < 0.3), 

with slight underestimation in early episodes consistent with 

the theoretical prediction of van Hasselt [6] that the double 

estimator can underestimate when Q_A and Q_B are poorly 

initialized. 
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B. Bias-Variance Trade-off 

While Double Q-Learning reduces bias, its variance per update 

is theoretically higher than Q-Learning’s because each table is 

updated on only half the experiences. The per- sample variance 

of the Double Q estimator is approximately twice that of the 

single Q estimator [9]. In practice, this manifests as slightly 

noisier individual episode rewards in the early training phase 

for Double Q-Learning (standard deviation of per-episode 

reward at episode 50: Q-Learning = 2.1, Double Q-Learning = 

2.7 in Maze). However, by episode 150, Double Q-Learning’s 

variance contracts significantly as both tables reach consensus, 

while Q- Learning’s bias persists. This bias-variance trade-off 

implies that Double Q-Learning provides the greater expected 

benefit in long training runs and in environments where 

overestimation bias causes qualitatively incorrect policy 

decisions rather than merely suboptimal ones. 

 

C. State-Wise Bias Heatmap 

The inter-table disagreement D(s,a) = 

|Q_A(s,a) − Q_B(s,a)| serves as a spatial indicator of remaining 

uncertainty. Analyzing D at convergence in the Dangerous 

configuration reveals a clear spatial pattern: D is highest (mean 

0.31) in the 3×3 neighborhood of trap cells, moderate (mean 

0.12) in open corridor states, and near-zero (< 0.05) in states 

adjacent to the goal. This spatial profile is consistent with the 

intuition that high- variance reward regions (trap 

neighborhoods receive stochastic −5 or −0.01 depending on 

whether slip causes trap entry) maintain higher inter-table 

disagreement    indefinitely,    while deterministic high-value 

regions (goal neighborhood) converge quickly. This state-

resolved uncertainty information— unavailable in single-table 

methods— could in principle be used to construct an 

uncertainty-weighted exploration bonus, representing a 

principled extension to curiosity-driven exploration [18]. 

 

XI. VISIT FREQUENCY AND STATE 

COVERAGE 
 

A. State Visitation Under Epsilon-Greedy 

The Q-Learning implementation tracks per-state-action visit 

counts N(s,a) throughout training. Analysis of N(s,a) at episode 

300 reveals systematic coverage asymmetries. In the Maze 

configuration, states along the discovered optimal path are 

visited 3–5x more frequently than off-path states, reflecting the 

exploitation bias that emerges as ε decays. States that are only 

reachable through non-greedy exploration (particularly dead-

end branches of the maze) have N(s,a) < 10 at episode 300 for 

most actions, indicating they remain in the tabula rasa regime 

where Q-values are effectively uninitialized noise. This 

observation motivates the use of optimistic initialization 

(Q_0(s,a) = V_max for all s,a) as an alternative exploration 

strategy that provides systematic initial incentives to visit 

unobserved states [2]. 

 

B. Coverage Comparison Across Algorithms 

SARSA’s on-policy updates yield subtly different state 

coverage compared to Q-Learning. Because SARSA’s policy is 

more conservative near traps, it takes longer to explore the 

high-value states beyond the trap regions. In the Dangerous 

configuration at episode 100, Q-Learning has visited states 

beyond the central trap corridor at a rate approximately 1.4x 

higher than SARSA. By episode 300, this gap closes as both 

algorithms have sufficiently explored the full state space. This 

early coverage advantage of Q- Learning is one mechanism by 

which it achieves higher success rates in the Simple and Maze 

configurations despite its overestimation problem: it discovers 

the goal earlier, seeding higher Q-values that propagate back 

through the state space via subsequent updates. 

 

C. Implications for Tabular Scalability 

Visit frequency analysis also reveals the fundamental 

scalability constraint of tabular methods. For a 12×12 grid (144 

states, 4 actions, 576 entries), achieving N(s,a) ≥ 50 for all 

state-action pairs within 1000 episodes is feasible with ε ≥ 0.1 

throughout. However, for a 20×20 grid (1600 entries), the same 

coverage requires either far more episodes or a targeted 

exploration strategy. This empirical observation is consistent 

with the sample complexity lower bound of Ω(|S||A| / (1−γ)^2) 

for tabular RL [19], confirming that tabular methods are 

impractical beyond grids of approximately 15×15 without 

structured exploration enhancements. 

 

XII. PARTIAL OBSERVABILITY ANALYSIS 
 

A. Impact on Convergence 

Under partial observability (observation radius r_obs=2, 5×5 

local window), the environment is no longer a fully observable 

MDP but approximates a Partially Observable MDP (POMDP). 

Tabular Q-Learning applied to POMDPs treats each 

observation o as a state proxy, learning Q(o, a) rather than Q(s, 

a). This approximation is valid only when observations are 

sufficiently informative to distinguish behaviorally distinct 

states, a condition known as the aliasing condition. In the 

Simple configuration, 5×5 observations are generally sufficient 

to distinguish all cells except symmetric wall-bounded 

positions, and convergence is only modestly impaired (success 

rate 87% vs. 92% full observability). In the Maze, state aliasing 

becomes severe: the four identical 5×5 windows at corridor 

intersections map to the same observation despite leading to 

different goal distances, causing the agent to learn an averaged 
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policy that performs suboptimally in 2 of the 4 aliased 

positions. 

 

B. Algorithm Sensitivity to Aliasing 

SARSA proves marginally more robust to observation aliasing 

than Q-Learning in partial observability conditions. Because 

SARSA’s on-policy update weights each aliased observation’s 

Q-value by the behavioral policy distribution across aliased 

states, it effectively learns a policy that is well- calibrated for 

the most frequently visited alias. Q-Learning’s off-policy max 

target, by contrast, overestimates the value of aliased states by 

selecting the maximum Q-value across the diverse set of 

underlying states that map to the same observation. This 

aliasing-induced overestimation compounds Q-Learning’s 

existing maximization bias under partial observability. Double 

Q-Learning’s bias reduction partially mitigates this effect, 

achieving a 5-percentage-point improvement over Q-Learning 

in the partially observable Maze configuration. 

 

XIII. DISCUSSION 
 

A. Synthesis of Findings 

The experimental results across all configurations and analyses 

converge on a consistent picture. Q-Learning’s off- policy 

nature and maximization bias make it the fastest learner in 

simple, low-noise settings but the least reliable under 

stochasticity and near penalty states. SARSA’s on- policy 

coupling produces conservative, safe policies whose quality 

degrades gracefully as ε decreases, making it well- suited for 

online deployment with continued exploration. Double Q-

Learning occupies a principled middle ground: it matches or 

exceeds Q-Learning’s asymptotic performance while 

substantially reducing the overestimation pathology that 

degrades Q-Learning under high noise. These findings are 

consistent with the theoretical analysis of Hasselt et al. 

[9] and the empirical comparisons of Lv Zhong [17]. 

 

B. Algorithm Selection Guidelines 

Based on the comprehensive analysis, the following selection 

guidelines are proposed. Q-Learning should be used when: 

(a) the environment is fully observable with p_slip < 0.1; (b) 

trap states are absent or sparsely distributed; (c) training is 

simulation-only with no deployment risk; and (d) convergence 

speed is the primary objective. SARSA should be used when: 

(a) the agent will continue exploring during deployment; (b) 

irreversible penalty states are present; (c) policy smoothness 

and training stability are valued over final policy optimality; 

and (d) computational simplicity is preferred. Double Q-

Learning should be used when: (a) transition stochasticity is 

elevated (p_slip ≥ 0.2); (b) the state-action space is large 

enough that 

  

Q-value noise is a significant factor; and 

(c) the doubled memory overhead is acceptable. 

 

C. Effect of Reward Shaping 

Potential-based reward shaping provides consistent benefits 

across all configurations. Its most significant impact is in sparse 

reward settings (Maze without shaping: 58% success at episode 

200 vs. 88% with shaping), where the dense gradient signal 

bridges the reward gap. The policy- invariance guarantee of Ng 

et al. [1] is a critical theoretical property: in domains such as 

safety-critical navigation, any shaping function that alters 

optimal policies would be unacceptable. The Manhattan 

distance potential satisfies this requirement and is 

computationally trivial to compute, making it a universally 

applicable baseline shaping function for goal-directed 

navigation tasks. 

 

D. Limitations and Threats to Validity 

Several limitations bound the scope of these findings. First, all 

experiments use fixed hyperparameters across algorithms and 

environments; algorithm-specific tuning would likely narrow 

observed performance gaps. Second, statistical significance of 

pairwise performance differences has not been formally tested 

(e.g., via paired t-tests across seeds); the 3-seed multi-run 

comparison provides qualitative confidence intervals only. 

Third, results are specific to the GridWorld domain; 

generalization to continuous state spaces, factored MDPs, or 

multi-agent settings requires separate empirical validation. 

Fourth, the partial observability analysis assumes a flat tabular 

representation of observations; memory-augmented 

architectures (e.g., LSTM-based Q-functions) would handle 

aliasing more effectively [20]. 

 

XIV. FUTURE WORK 
 

A. Algorithmic Extensions 

Several algorithmic extensions warrant future investigation. 

Eligibility traces (SARSA(λ) and Q(λ)) generalize single-step 

TD methods to multi-step credit assignment, potentially 

accelerating convergence in sparse reward environments [2]. 

Weighted Double Q-Learning [17] extends the double 

estimator by constructing a weighted combination of single and 

double estimators, seeking an optimal bias-variance trade-off 

rather than committing to either extreme. Maxmin Q-Learning 

[19] generalizes this idea by using the minimum over N 

estimators as the target, providing a parameter to flexibly 

control estimation bias. These extensions could be incorporated 

into the current platform with minimal architectural changes. 
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B. Environment Extensions 

The GridWorld environment supports several extensions that 

would increase experimental richness. Dynamic obstacles 

(periodically moving walls) would test algorithm robustness to 

non-stationary transition dynamics, a setting where 

convergence guarantees are weakened [12]. Multi- goal 

configurations would allow study of reward composition and 

goal-conditioned policies. Hierarchical GridWorld, with 

macro-actions defined over sub-goal regions, would enable 

evaluation of temporal abstraction methods such as the Options 

Framework [2]. Integration with the Simultaneous Double Q-

Learning (SDQ) variant of Na et al. [21], which eliminates 

random table selection in favor of simultaneous updates, offers 

a finite-time convergence guarantee absent from the original 

Double Q- Learning. 

 

C. Platform and Reproducibility 

The research platform can be extended along several 

dimensions. Real-time streaming of training statistics via 

Server-Sent Events (SSE) would eliminate the blocking 

synchronous training call, enabling progressive reward curve 

updates during long training runs. Integration with a persistent 

database backend (PostgreSQL) would enable cross-session 

experiment tracking and longitudinal hyperparameter studies. 

Exportable experiment configurations in JSON format would 

support full reproducibility of reported results. Finally, the 

addition of a statistical testing module (Wilcoxon signed-rank 

test across seeds) would provide rigorous significance testing 

for pairwise algorithm comparisons, addressing the current 

reliance on visual confidence bands. 

 

XV. CONCLUSION 
 

This paper has presented a comprehensive comparative 

analysis of three canonical tabular reinforcement learning 

algorithms—Q-Learning, SARSA, and Double Q- Learning—

across a richly configurable stochastic GridWorld MDP. The 

investigation spanned algorithm implementations grounded in 

formal MDP theory, potential- based reward shaping with 

policy-invariance guarantees, hyperparameter sensitivity 

characterization, quantitative bias measurement, on-policy 

versus off-policy safety analysis, state coverage profiling, and 

partial observability evaluation. 

 

Five principal conclusions emerge from this work. First, 

Double Q-Learning’s decoupled selection-evaluation 

mechanism yields measurably lower maximization bias (mean 

overestimation < 0.3 versus > 1.8 for Q-Learning at peak in 

Maze with p_slip=0.2), confirming van Hasselt’s [6] theoretical 

analysis in a controlled experimental setting. Second, SARSA’s 

on-policy update rule produces epsilon- dependent 

conservative policies that are more robust near trap states and 

during online deployment, consistent with the safety analysis 

of [17]. Third, potential-based Manhattan distance reward 

shaping accelerates episodes-to- convergence by 60–80% 

across all algorithms while provably preserving optimal 

policies per the Ng et al. [1] theorem. Fourth, hyperparameter 

sensitivity analysis identifies alpha=0.1 and eps_decay=0.995 

as robust defaults that produce near-optimal performance 

across all three algorithms and all environment configurations 

tested. Fifth, partial observability introduces state aliasing that 

compounds Q-Learning’s overestimation bias, making Double 

Q-Learning relatively more valuable in sensor- limited 

deployment contexts. 

 

The interactive visualization platform developed alongside this 

study—providing real-time policy maps, value heatmaps with 

diverging color scales, softmax- weighted action probability 

displays, color-coded Q-table pagination, multi-seed 

confidence band benchmarking, and state visit frequency 

tracking—constitutes a self-contained research tool for 

reproducible tabular RL investigation. All experimental 

configurations, training curves, and evaluation metrics are 

accessible through the platform’s REST API, supporting open 

science and reproducibility standards in the RL research 

community. 
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