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Abstract 

Despite decades of progress, navigating autonomous mobile robots (AMRs) through 
stochastic and non-deterministic environments remains a formidable challenge. While 
classical geometric-based planners provide rigorous theoretical guarantees, their 
performance often degrades under high-dimensional uncertainty. This review dissects 
the paradigm shift toward Deep Reinforcement Learning (DRL), emphasizing its 
capacity for end-to-end perception-to-action mapping. We categorize contemporary 
DRL architectures into value-based, policy-gradient, and actor-critic lineages, 
evaluating their efficiency in complex workspaces (Haarnoja et al., 2018; Hasselt et al., 
2015; Schulman et al., 2017). Crucially, we scrutinize the field's persistent "pain 
points": training sample inefficiency, the notorious Sim2Real gap (Da et al., 2025; 
Loquercio, 2023), and the exigency for verifiable safety constraints (Gu et al., 2024). By 
synthesizing landmark studies from 2015 to 2025, this paper contributes a novel 
taxonomy and explores the emerging trajectory of Foundation Model-driven 
navigation, providing a roadmap for the next generation of socially-aware and resilient 
AMR systems. 
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1.Introduction 

Industry 4.0 has thrust AMRs into the spotlight, demanding they operate not just in static 
factories, but in the messy, unstructured reality of public spaces (Anwer et al., 2024). 
Historically, path planning relied on neat geometric abstractions (Lin et al., 2022). However, 
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the modern consensus is shifting: DRL offers a more "visceral" approach to navigation by 
merging the raw perceptual power of Deep Neural Networks (DNNs) with the goal-oriented 
logic of reinforcement learning. As depicted in Fig. 1, the DRL agent learns through trial-and-
error—a process akin to biological learning. This avoids the brittle nature of predefined maps, 
which is vital for swerving through unpredictable pedestrian traffic (Singh et al., 2023). 
Nevertheless, DRL is no silver bullet. Researchers still grapple with agonizingly slow 
convergence times and the "black box" nature of reward design. For instance, a basic DQN 
might spin in circles for weeks before identifying an optimal path (K. Zhu & Zhang, 2021), and 
even then, a model that performs flawlessly in a simulator may fail instantly when faced with 
real-world sensor noise (Huber et al., 2024; Pitkevich & Makarov, 2024). This review aims to 
cut through the hype and analyze the concrete breakthroughs that will define the future of 
robot intelligence. 

 
Figure 1 Deep Reinforcement Learning (DRL) Concept Framework. 

2. The Evolution of Path Planning Algorithms: From Traditional to 
Intelligent 

The development of AMR navigation has transitioned from deterministic geometric models to 
learning-based intelligent paradigms. 

2.1 Traditional Algorithms and Hybrid Constraints 

Before DRL, the field was dominated by deterministic models. While foundational, their 
inherent limitations necessitated a more adaptive approach. Table 1 breaks down these 
classic paradigms. 

 The Search-Based Guard: Dijkstra (Dijkstra et al., 1976) and A* (Hart et al., 1968) 
are the gold standards for optimality. Yet, as the environment scales or becomes 
dynamic, their computational footprint grows exponentially. 

 The Stochastic Alternative: RRT (LaValle, 2006) and PRM excel in high-
dimensional voids but often yield "jittery" or suboptimal trajectories that are 
physically demanding for robot hardware. 

 The Reactive Layer: APF (Khatib, 1986) allows for rapid reflex-like avoidance but 
is famously plagued by local minima, where a robot gets "stuck" simply because 
the math cancels out. 
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Table 1 Comparison Of Traditional Path Planning Algorithms. 

Algorithm 
Class 

Typical Algorithms Core Advantage Primary Limitation 

Search-Based Dijkstra(Dijkstra et al., 
1976), A*(Hart et al., 
1968) 

Guaranteed 
Optimality 

Computational 
Gridlock 

Sampling-
Based 

RRT (LaValle, 2006), PRM Handles Complexity Path Suboptimality 

Reactive APF(Khatib, 1986), DWA Zero-Latency 
Response 

Local Minima Trap 

2.2 The DRL Shift: From Computation to Learning 

The transition to DRL is essentially a move toward Representation Learning (Mnih et al., 
2015). Rather than engineers deciding which features matter, the robot learns to interpret 
raw LiDAR spikes or pixel arrays directly (Kahn et al., 2021; Y. Zhu et al., 2025). This bypasses 
the information loss typical of manual abstraction. 

3. Deep Reinforcement Learning Methodologies 

In the field of DRL-based path planning, research primarily revolves around three major 
categories of algorithms, each with a different focus on handling value and policy functions. 

3.1 Core Algorithmic Paradigms 

The choice of DRL algorithm dictates how the agent learns. The main families are summarized 
in Table 2. The fundamental goal of DRL is to find a policy π that maximizes the expected 
cumulative reward 𝐺𝑡:. 

𝐽(𝜋) = 𝔼𝜋 [∑𝛾𝑡
∞

𝑡=0

𝑅(𝑠𝑡, 𝑎𝑡)] 

where γ ∈ [0,1] is the discount factor. 
 Value-Focus (DQN & Successors) (Hasselt et al., 2015): By estimating the "worth" 

of discrete actions, DQN proved DRL's viability. However, its discrete nature often 
results in jerky, stop-and-go robot motion. 

 Stability-Focus (PPO/TRPO) (Schulman et al., 2017): PPO’s clipped objective is the 
industry favorite for a reason: it prevents the robot from "forgetting" everything it 
learned due to a single bad update (Xie et al., 2020). 

 Efficiency-Focus (SAC/TD3) (Zhang & Han, 2025): SAC is arguably the current 
state-of-the-art. By maximizing entropy, it encourages the robot to explore the 
environment more thoroughly, defined by the loss: 

𝐿(ϕ) = 𝔼(𝑠,𝑎)∼𝒟[
1

2
(𝑄ϕ(𝑠, 𝑎) − (𝑟 + 𝛾𝔼𝑠′[𝑉ϕ̄(𝑠′)]))

2] 
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Table 1 Comparative Anylysis Of  Key DRL Algorithms 

Algorithm Action Space Sample Efficiency Stability Typical Use Case 

DQN Discrete Low Moderate Simple grid-world navigation 
PPO Continuous Moderate High Dynamic obstacle avoidance 
TD3 Continuous Moderate Moderate High-speed racing robots 
SAC Continuous High High Complex multi-sensor fusion 

3.2 Key Architectural Components 

The performance of a DRL agent is heavily dependent on its neural network architecture, 
which processes sensory input and outputs actions. Fig. 2 illustrates a typical architecture. 

 Convolutional Neural Networks (CNNs) for Perception: For processing visual data 
from cameras or grid-based data from LiDAR, CNNs are the standard choice. Their 
convolutional layers are adept at extracting hierarchical spatial features, such as 
edges, corners, and object shapes, which are essential for identifying obstacles and 
navigable space. 

 Recurrent Neural Networks (RNNs) for Temporal Reasoning: In dynamic 
environments, understanding the history of observations is crucial for predicting 
the movement of other agents. RNNs, particularly Long Short-Term Memory 
(LSTM) units, are designed to process sequential data. They can be integrated into 
the DRL agent's architecture to maintain a memory of past states, enabling it to 
reason about the velocity and intent of dynamic obstacles. 

 
Figure 2 A Typical DRL Agent Architecture for Navigation. 

3.3 Critical Training Strategies 

Beyond the core algorithm, several strategies are crucial for successful training. 
 Reward Shaping: In many robotics tasks, the primary reward (e.g., reaching the 

goal) is sparse, making learning difficult. Reward shaping involves designing an 
auxiliary reward function that provides more frequent feedback. For instance, an 
agent can be rewarded for reducing its distance to the goal or penalized for 
getting too close to obstacles, guiding the learning process more effectively. 

 Curriculum Learning: Instead of training the agent on the final, complex task from 
the beginning, curriculum learning involves starting with a simpler version of the 
task and gradually increasing the difficulty. For path planning, this could mean 
starting in an environment with few, static obstacles and progressively adding 
more obstacles and dynamic elements. This staged approach helps the agent to 
learn foundational skills first, leading to faster and more stable convergence on 
the final task. 
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4. Confronting the "Reality Gap" and Future Frontiers 

Despite significant progress, the application of DRL in mobile robot path planning still faces 
numerous challenges, which also represent important directions for future research.  

4.1 Current Core Challenges 

 Robustness and Generalization: The adaptability of existing algorithms in 
complex, dynamic, and unknown environments is generally insufficient. Most 
research is still confined to specific or structured environments, lacking a 
universal avoidance method for high-density dynamic obstacles like crowds (Da et 
al., 2025). 

 Data Efficiency and Training Complexity: DRL algorithms rely on massive 
amounts of high-quality training data, and real-world data collection is expensive 
and time-consuming. At the same time, the algorithms are highly sensitive to 
hyperparameters, making training convergence difficult and reproducibility poor 
(Loquercio, 2023; Müller & Kudenko, 2025). 

 The Simulation-to-Reality (Sim2Real) Gap: Policies that perform excellently in 
simulation often see a sharp decline in performance when transferred to a 
physical robot, due to differences in dynamics, sensor noise, etc., between the 
physical world and the simulation (Shakerimov et al., 2023). 

 Safety and Interpretability: For AMRs in human-centric spaces, safety is non-
negotiable (Gu et al., 2024). Constrained MDPs (CMDP): Reward-based 
constraints (Raji & Dobbe, 2023).Control Barrier Functions (CBF): Integrating 
formal control theory with DRL for collision-free guarantees (Dalal et al., 2018; 
Saunders et al., 2017). 

 Multi-Robot Collaboration: Existing research mostly remains at the level of 
distributed, decoupled planning. There is a lack of scalable, decentralized DRL 
frameworks that can accomplish complex collaborative tasks, not just conflict 
avoidance. 

 
Figure 3 The Sim2Real Gap Challenge. 
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4.2 Future Research Directions 

 Foundation Models (LLMs/VLMs) (Brohan et al., 2023): Using GPT-4V or RT-2 for 
semantic reasoning in navigation (Huang et al., 2022; Shah et al., 2023).Socially-
Aware Navigation: Adhering to human social norms (Everett et al., 2021; Okal & 
Arras, 2016). 

 Efficient Sim2Real Transfer Learning: Developing more powerful transfer 
learning, domain adaptation, and using generative AI (like GANs, diffusion 
models) to synthesize high-fidelity training data are key to bridging the gap 
between simulation and reality. 

 Interpretable, Safe, and Ethical DRL: Integrating explainable AI (XAI), formal 
verification, and ethical constraints into DRL algorithm design is crucial to make 
the robot's decision-making process transparent, traceable, trustworthy, and 
compliant with societal expectations. 

 Decentralized Multi-Robot Collaboration: Researching decentralized path 
planning frameworks under constraints such as limited communication, 
heterogeneity, and failures to achieve robust, scalable multi-robot 
collaboration(Agal & Odedra, 2025; Yang, 2021). 

 
Figure 4 Hierarchical and Collaborative Path Planning Framework. 

5. Conclusion 

Reviewing 33 seminal works reveals that while the "perceptual" battle has been largely won, 
the "generalization" war continues. The path forward lies in hybrid models—systems that 
marry the raw power of DRL with the verifiable safety of classical control and the high-level 
reasoning of Foundation Models. 
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