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 Scalability and stability remain central challenges in Deep 
Reinforcement Learning (DRL) for swarm robotics particularly as 
agent population and state-action dimensionality increase [1, 2]. 
This study investigates how training architecture and algorithmic 
choice influence performance, robustness and convergence 
behavior in a centralized multi-agent swarm control environment. 
Using Python programming language, we compare Soft Actor-Critic 
(SAC) [3] and Twin Delayed Deep Deterministic Policy Gradient 
(TD3) [4] under structured hyperparameter grids, deterministic 
seeding, vectorized execution and progressive environment scaling 
(3-8 agents with increasing workspace size and stochastic 
perturbations). Evaluation shows that both algorithms achieve 
comparable mean rewards (e.g.−5.04 average return in 
representative runs) but exhibit distinct learning dynamics across 
controlled experiments. SAC proves stronger asymptotic 
robustness and adaptability under stochastic scaling and maintains 
competitive efficiency (mean normalized return -4.83). However, it 
shows higher reward variance (about 0.97) due to entropy-driven 
exploration. TD3 yields more consistent trajectories and lower 
variability across seeds but is more sensitive to hyperparameter 
configuration and increasing swarm dimensionality. Convergence 
analysis indicates that performance plateaus are gradual rather 
than sharply stabilized. These highlight the importance of training-
time allocation (about 1450s per configuration) and architectural 
design. Statistical evaluation using bootstrap confidence intervals, 
effect size analysis and ANOVA confirms that performance 
differences are systematic, though moderate due to trade-off 
between exploration-driven robustness (SAC) and deterministic 
stability (TD3). These findings create a reproducible benchmark 
for centralized swarm DRL and provide principled guidance for 
selecting training architectures and continuous-control algorithms 
in scalable and uncertainty-prone robotic deployments [5]. 
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