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Abstract: Reinforcement Learning (RL) has emerged as a powerful paradigm for enabling 

autonomous robots to learn robust control and decision-making policies from interaction with 

their environments. Unlike classical control, RL optimizes long-horizon objectives under 

uncertainty, allowing robots to adapt to variable dynamics, partial observability, and noisy 

sensors. This article surveys core RL approaches for robotics—including value-based, policy-

gradient, actor–critic, model-based, and hybrid methods—and maps them to canonical tasks such 

as mobile navigation, manipulation, locomotion, and aerial autonomy. We discuss sample-

efficiency challenges, safety-constrained exploration, sim-to-real transfer, multi-robot 

coordination, and human-in-the-loop learning. We present system design patterns spanning 

perception, state estimation, control stacks, and MLOps for reliable deployment. Finally, we 

outline evaluation practices and open problems, emphasizing safety certification, uncertainty 

quantification, energy awareness, and trustworthy decision-making in safety-critical domains. 

Keywords: reinforcement learning, autonomous robotics, policy gradient, model-based RL, sim-

to-real transfer, safe exploration, robot manipulation, multi-robot systems 

Introduction  

Autonomous robots must perceive the world, reason over uncertainty, and execute actions that 

achieve mission objectives while respecting safety and resource constraints. Traditional pipelines 

separate perception, planning, and control; while effective in structured settings, they can struggle 

with non-stationarity, model misspecification, and combinatorial complexity. Reinforcement 

Learning (RL) reframes autonomy as sequential decision-making under uncertainty: an agent 

interacts with an environment modeled as a Markov Decision Process (MDP) or partially 

observable MDP, receiving scalar rewards and learning a policy that maximizes expected return. 

For robotics, RL offers three advantages. First, adaptivity: policies improve through experience 

and can compensate for unmodeled dynamics (e.g., wear, payload variation). Second, task 

generality: the same machinery applies to navigation, manipulation, and locomotion, enabling 

modular transfer. Third, optimization over long horizons: RL naturally accounts for delayed 

consequences, critical for energy management, safety buffers, and mission throughput. 

However, robotics imposes significant constraints. Real-world data collection is expensive and 

risky; sample efficiency becomes paramount. Safety during exploration must be guaranteed despite 

imperfect models. Sim-to-real transfer is hindered by reality gaps in sensing and contact dynamics. 

Moreover, deployment requires deterministic latency, certification, monitoring, and graceful 

degradation. This article synthesizes algorithmic choices and system engineering practices that let 

RL complement classical control rather than replace it—e.g., using RL to tune model-predictive 
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control (MPC), to provide residual policies atop PID/MPC, or to plan at higher abstraction layers 

while certified controllers enforce low-level safety. 

Algorithmic Foundations for Robotic RL 

Reinforcement Learning (RL) has become a cornerstone of autonomous robotics, offering the 

ability to solve complex, sequential decision-making problems in dynamic environments. In 

robotic tasks, RL enables robots to learn from trial and error, optimizing their policies by 

interacting with their environment. To address the variety of tasks and environments that 

autonomous robots face, different RL algorithms have been developed. These algorithms can be 

broadly categorized into three families: value-based, policy-gradient, and actor–critic methods. 

Below, we provide an overview of these algorithms and their suitability for robotic tasks, along 

with a discussion on the trade-offs of continuous versus discrete actions and on-policy versus off-

policy learning. 

 Value-Based Methods (e.g., Deep Q-Networks - DQN) 

Value-based methods aim to estimate the value function, which represents the expected return 

(or future rewards) for each state-action pair. The goal is to find an optimal policy by maximizing 

the cumulative reward. 

• Deep Q-Networks (DQN) is a notable example of value-based RL. In DQN, a neural 

network is used to approximate the Q-function Q(s,a)Q(s, a)Q(s,a), which is the expected 

return for taking action aaa in state sss. The network is trained using Q-learning, where the 

objective is to minimize the Bellman residual error. 

• Suitability for Robotics: DQN is suitable for environments where the action space is 

discrete (e.g., a robot selecting from a finite set of actions, such as moving forward, turning 

left/right). However, DQN struggles when the action space becomes large or continuous, 

as it requires discrete action selections, which limits its application in tasks like controlling 

robot actuators in real-time. 

• Bias-Variance Trade-off: DQN suffers from high bias due to function approximation in 

deep networks, especially when the Q-function is poorly approximated for unseen states. 

Variance can also be high when the environment is stochastic, leading to unstable training. 

To address these issues, techniques like experience replay and target networks are 

employed. 

 Policy-Gradient Methods (e.g., REINFORCE) 

Policy-gradient methods directly optimize the policy function π(a∣s)\pi(a|s)π(a∣s), which 

determines the probability of selecting action aaa in state sss. These methods estimate the gradient 

of the expected return with respect to the policy parameters, allowing for a more direct and flexible 

approach to learning. 

• REINFORCE is one of the simplest policy-gradient methods, where the objective is to 

maximize the expected return by adjusting the parameters of the policy based on the 

observed rewards. The policy is updated using the gradient 

∇θJ(θ)=E[∇θlog⁡πθ(a∣s)⋅R]\nabla_{\theta} J(\theta) = \mathbb{E}[\nabla_{\theta} \log 

\pi_{\theta}(a|s) \cdot R]∇θJ(θ)=E[∇θlogπθ(a∣s)⋅R], where RRR is the total return. 

• Suitability for Robotics: Policy-gradient methods are effective in environments with 

continuous or high-dimensional action spaces, such as robotic control tasks where actions 
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might involve continuous motor control (e.g., joint angles for robotic arms). The flexibility 

of policy-based methods makes them well-suited for tasks with fine-grained control. 

• Bias-Variance Trade-off: Policy-gradient methods, especially REINFORCE, tend to have 

high variance because the gradients are estimated using Monte Carlo samples, which can 

lead to inefficient learning and slower convergence. Techniques like baseline subtraction 

(subtracting a value function estimate) are often used to reduce variance. 

Actor–Critic Methods (e.g., A3C, PPO, SAC) 

Actor–critic methods combine the advantages of value-based and policy-gradient methods. These 

algorithms consist of two networks: an actor, which is responsible for selecting actions according 

to the current policy, and a critic, which evaluates the chosen actions by estimating the value 

function. This combination enables more stable learning by addressing the instability issues found 

in pure policy-gradient methods. 

• Asynchronous Advantage Actor-Critic (A3C) uses multiple agents that independently 

update the global network. The actor generates actions, while the critic evaluates them 

based on the advantage function, A(s,a)=Q(s,a)−V(s)A(s, a) = Q(s, a) - 

V(s)A(s,a)=Q(s,a)−V(s), where Q(s,a)Q(s, a)Q(s,a) is the action-value and V(s)V(s)V(s) is 

the state-value function. This parallelized approach speeds up training and stabilizes the 

learning process. 

• Proximal Policy Optimization (PPO) is a more recent actor-critic method that optimizes 

the policy by clipping the probability ratio between the new and old policies, ensuring that 

large updates that can destabilize training are avoided. PPO is simple and effective for a 

wide range of tasks, and it is known for being more stable than previous methods like A3C. 

• Soft Actor-Critic (SAC) is an off-policy actor-critic algorithm that introduces entropy 

regularization, encouraging exploration during training. SAC performs well in 

environments with continuous action spaces and is particularly suited for robotic control 

tasks requiring exploration with long-horizon rewards. 

• Suitability for Robotics: Actor–critic methods, especially PPO and SAC, are highly 

suitable for autonomous robotics tasks due to their ability to handle both continuous and 

discrete action spaces. SAC, in particular, is ideal for high-dimensional, continuous control 

tasks, such as legged locomotion, aerial control, and robotic manipulation. 

• Bias-Variance Trade-off: Actor-critic methods balance bias and variance by having two 

components: the actor handles high variance by directly learning policies, while the critic 

reduces bias by providing a more accurate value estimate. PPO reduces variance by 

introducing a clipping mechanism, while SAC benefits from entropy regularization, 

promoting exploration without sacrificing stability. 

Continuous vs. Discrete Action Spaces 

In robotic tasks, the choice between continuous and discrete action spaces determines the 

choice of algorithm: 

• Continuous Actions (e.g., DDPG, TD3, SAC): For tasks like robotic arm control or drone 

flight, where the action space is continuous (e.g., joint angles, velocity), algorithms like 

Deep Deterministic Policy Gradient (DDPG) and Twin Delayed Deep Deterministic 
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Policy Gradient (TD3) are preferred. These algorithms are designed for continuous action 

spaces and operate by directly optimizing the policy using continuous values. 

• Discrete Actions (e.g., DQN): For tasks where actions are discrete (e.g., moving left, right, 

up, or down), DQN and its variants are suitable. However, these methods face limitations 

when the number of actions becomes large or when the task requires fine control. 

Policy vs. Off-Policy Learning 

• On-Policy Learning (e.g., PPO, A3C): In on-policy methods, the policy being optimized 

is the same as the one used to collect data. This makes on-policy methods generally more 

stable, but they require more data to achieve high performance and can be inefficient, as 

each policy update must be derived from the same set of experiences. 

• Off-Policy Learning (e.g., SAC, TD3): Off-policy methods learn from experiences 

generated by a different policy than the one being optimized. These methods are more 

sample-efficient, as they can reuse past experiences, making them suitable for 

environments where data collection is expensive or risky. However, they may face 

instability issues due to distribution mismatches between the data and the current policy. 

Model-Based and Hybrid RL 

In reinforcement learning (RL), the decision-making process involves agents learning optimal 

policies through interaction with their environment. Traditional model-free RL methods, such as 

Q-learning or policy gradient methods, rely on trial-and-error to explore the environment and learn 

the best policy. In contrast, model-based RL seeks to explicitly learn the dynamics of the 

environment—i.e., how the environment transitions from one state to another given an action—

and leverage this learned model to optimize decision-making. Hybrid approaches combine 

elements of both model-based and model-free RL, aiming to take advantage of the strengths of 

both paradigms. 

 Model-Free RL Methods 

Model-free RL methods do not explicitly learn a model of the environment’s dynamics. Instead, 

they rely on the agent’s experience of interacting with the environment to directly estimate the 

optimal policy or value function. 

• Example Methods: Q-learning (DQN), REINFORCE, Actor-Critic methods (A3C, PPO, 

SAC) 

• How they work: These methods focus on learning an action-value function (Q-function) 

or a policy directly from interaction. The agent either estimates the future reward for 

different actions in a state (value-based) or learns the policy that maximizes long-term 

reward (policy-gradient). 

• Advantages: Simple to implement and generally less computationally expensive because 

they don’t require learning or maintaining a model of the environment’s dynamics. 

• Disadvantages: Inefficient, especially in environments requiring many interactions. These 

methods can struggle with sample efficiency, as they need to experience many episodes 

before the policy converges. Additionally, they do not take advantage of knowledge about 

the environment's dynamics, which could otherwise speed up learning. 
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Model-Based RL Methods 

Model-based RL methods aim to overcome the inefficiencies of model-free methods by learning 

an explicit model of the environment's dynamics. This model is used for planning and improving 

decision-making by simulating future states and rewards. 

• Learned Dynamics for Look-Ahead: In model-based methods, the agent attempts to learn 

a transition model that captures the environment's dynamics (e.g., P(s′∣s,a)P(s'|s, 

a)P(s′∣s,a), the probability distribution of the next state s′s's′ given a current state sss and 

action aaa). 

o Example Method: PILCO (Probabilistic Inference for Learning Control) 

learns a probabilistic model of the system’s dynamics and uses this model to predict 

future states, perform optimization, and plan actions. PILCO typically uses 

Gaussian processes for learning the dynamics and allows for efficient model-based 

policy search. 

o Model Predictive Control (MPC): In MPC, the agent learns a model of the 

environment and uses it to simulate and plan several future time steps. The agent 

then optimizes its policy by simulating trajectories using this learned model and 

selecting actions that maximize long-term reward. 

o Advantages: More sample-efficient than model-free methods because the agent 

can reuse the model to generate synthetic experiences (simulated states) for 

training. It is also useful in environments where data collection is expensive or 

risky. 

o Disadvantages: Learning an accurate model of the environment can be difficult, 

particularly in complex environments with high-dimensional states or non-linear 

dynamics. Model-based methods may struggle in environments where the model is 

inaccurate or unreliable. 

Hybrid RL Methods 

Hybrid RL approaches combine aspects of both model-free and model-based RL, taking advantage 

of the strengths of both paradigms. These methods aim to integrate the benefits of learning from 

interaction (model-free) with the efficiency of using learned models for planning (model-based). 

• Policy Learning with Model-Predictive Rollouts: In this approach, the agent learns a 

policy using a model-free method, but when making decisions, it uses model-predictive 

rollouts to simulate future states based on a learned model of the environment. 

o Example: The agent might use an off-policy method like DQN or PPO to learn the 

policy but use model-based rollouts to evaluate different action sequences over a 

horizon (say 10 steps ahead) in order to choose the best action at each step. 

o Advantages: This hybrid approach allows the agent to leverage the learned model 

for efficient exploration and planning, while still maintaining a model-free policy 

that can handle real-world variability and errors in the model. 

o Disadvantages: While planning with rollouts can improve sample efficiency, the 

performance still depends on the accuracy of the learned model. Inaccurate models 

can lead to poor decisions during rollouts. 
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• Dyna-Style Imagination: Dyna-style methods, proposed by Richard S. Sutton, combine 

model-free RL with a learned model of the environment. In Dyna, the agent maintains a 

model of the environment, and after each action, it not only updates its policy based on 

actual experiences but also updates its policy using simulated experiences generated by the 

model. 

o How it works: In Dyna, the agent uses the learned model to generate simulated 

experiences (simulated states, actions, rewards) and updates its policy by both real 

interactions and model-based rollouts. This increases the number of training 

experiences available without needing to actually interact with the environment. 

o Advantages: It significantly improves sample efficiency by leveraging simulated 

data for additional learning. By using the model to generate synthetic experiences, 

the agent can learn more quickly than pure model-free methods. 

o Disadvantages: The quality of the generated data depends on the accuracy of the 

model. Inaccurate models can mislead the learning process and negatively affect 

performance. Additionally, learning a good model requires significant computation 

and can be challenging in complex, high-dimensional environments. 

• Uncertainty-Aware Planning via Ensembles: In uncertain environments, planning using 

a single model can be risky because the model might make inaccurate predictions about 

future states. To mitigate this, uncertainty-aware planning uses model ensembles, where 

multiple models (trained independently or with different random seeds) are used to 

generate predictions. 

o How it works: The agent uses an ensemble of models to account for uncertainty in 

its predictions. For example, in Bayesian RL or ensemble-based methods, 

multiple models are trained, and their predictions are averaged or used to create a 

distribution over possible outcomes. This provides a more robust prediction by 

accounting for model uncertainty. 

o Advantages: It improves the robustness and reliability of the planning process by 

considering the spread of possible future outcomes, rather than relying on a single 

model. 

o Disadvantages: Maintaining multiple models increases computational cost and 

complexity. Additionally, ensembles might require more data to converge to 

accurate models, particularly in environments with high-dimensional state spaces. 

Perception, State Estimation, and Representations in Autonomous Robotics 

Autonomous robots rely heavily on perception to make decisions and navigate through complex, 

dynamic environments. Perception involves gathering information from the environment through 

sensors, interpreting that information, and using it to form an internal belief state that guides action. 

In practice, this involves fusing data from various sensors (e.g., LiDAR, vision, and IMU) and 

using representation learning techniques to process this sensory information efficiently. In this 

section, we explore how perception and state estimation are handled, the fusion of sensor 

modalities, and the use of representation learning to aid robotic tasks like manipulation and 

navigation. 
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Fusing LiDAR, Vision, and IMU for Belief State 

Autonomous robots often rely on multiple sensor modalities to perceive the environment, 

especially when dealing with tasks such as navigation, object manipulation, and path planning. 

These sensors typically include: 

• LiDAR (Light Detection and Ranging): LiDAR provides highly accurate, dense 3D point 

clouds representing the environment, especially useful for mapping, obstacle detection, and 

localization. It offers precise distance measurements and works well in various lighting 

conditions. 

• Vision (Cameras): Visual input from cameras provides rich texture, color, and shape 

information, useful for object recognition, tracking, and more abstract scene understanding. 

However, vision is more susceptible to environmental conditions such as poor lighting and 

occlusion. 

• IMU (Inertial Measurement Unit): IMUs measure the robot’s linear acceleration and 

angular velocity, which are essential for estimating the robot’s motion and state, 

particularly in environments with limited external visual or LiDAR cues (e.g., indoors or 

when objects are moving too fast). 

Belief State: A belief state represents the robot’s estimate of its state based on sensory information. 

Since real-world environments are noisy and partially observable, the robot’s belief state may 

differ from the true state of the environment. Fusing sensor data helps to form a more accurate 

belief state by combining the complementary strengths of each sensor.  

• LiDAR and vision can be combined to provide both accurate 3D spatial information (from 

LiDAR) and detailed semantic understanding (from vision). 

• The IMU can provide real-time motion data to help update the robot's belief state regarding 

its position and orientation, especially in dynamic environments. 

Fusion Techniques: Common sensor fusion approaches include Kalman filtering, particle 

filtering, and more recent machine learning-based approaches that learn sensor fusion models 

directly. In practice, extended Kalman filters (EKF) and unscented Kalman filters (UKF) are 

often used for fusing LiDAR, vision, and IMU data in real-time, providing a more reliable belief 

state in continuous operation. 

Representation Learning for Sensor Data Compression 

Perception often generates high-dimensional data (e.g., 3D point clouds, images, and IMU 

readings), which needs to be processed and interpreted efficiently. Representation learning is a 

method used to transform raw sensor data into a compact, useful representation that captures the 

essential features necessary for robotic tasks. 

• Contrastive Encoders: One popular technique in representation learning is contrastive 

learning, which learns representations by contrasting positive pairs (similar observations) 

against negative pairs (dissimilar observations). For example, a contrastive encoder can 

take pairs of images or point clouds, finding a compact latent representation where similar 

views of the environment are mapped closer together and dissimilar views are mapped 

further apart. 
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o Applications: In robotic manipulation, contrastive encoders can help identify 

object states (e.g., graspable vs non-graspable) by learning visual representations 

of objects. Similarly, these encoders can be used in localization and mapping to 

produce efficient environmental representations that can be used in path planning. 

• Latent Dynamics: Another approach involves learning latent dynamics, which involves 

using models such as variational autoencoders (VAEs) or generative models to map 

sensor observations into a compact latent space. These models can be trained to understand 

the dynamic behavior of the robot's environment and use that information to predict future 

states based on current observations. 

o Applications: latent dynamics can model the motion of objects in the environment, 

allowing the robot to predict the state of objects after it takes a certain action. This 

is crucial for manipulation tasks, where predicting the behavior of objects (e.g., 

how a cup will move when pushed) is essential for effective grasping. 

• Advantages: Both contrastive encoders and latent dynamics offer the ability to compress 

high-dimensional sensory data, making it more feasible for real-time robot decision-

making. By reducing the size of the data that needs to be processed, these techniques also 

improve computational efficiency. 

Proprioceptive vs. Exteroceptive Features in Robotic Perception 

• Proprioceptive Features: Proprioception refers to the robot’s internal sensors that 

measure its own state. This includes data from IMUs, joint encoders, and other internal 

motion sensors that provide information about the robot’s position, velocity, and 

orientation in space. These sensors allow the robot to estimate its own motion and adjust 

accordingly. 

o Applications: Proprioceptive data is crucial for locomotion tasks (e.g., controlling 

a robot’s arm or leg joints) and motion estimation in environments where external 

cues (like visual data) might be sparse or unreliable. For example, proprioception 

allows a robot to track its own movements in a cluttered environment without 

relying on external observations. 

• Exteroceptive Features: Exteroception refers to sensory data from external sources, such 

as vision (cameras), LiDAR, and radar, which provide information about the robot’s 

environment. 

o Applications: Exteroceptive sensors are key for environmental perception, such 

as detecting obstacles or recognizing objects. They are also essential for path 

planning and object manipulation, where external information about the 

surrounding environment is required for safe and efficient action. 

Fusion of Proprioceptive and Exteroceptive Features: The combination of both types of sensory 

information—proprioceptive (self-awareness) and exteroceptive (environmental awareness)—

provides a more comprehensive understanding of the robot’s current state and surroundings. For 

instance, a robot can use proprioceptive feedback to estimate its own motion and combine this with 

external sensor data to track both its movements and the environment’s dynamic changes. 
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Multi-Modal Fusion for Manipulation and Navigation 

Multi-modal fusion involves integrating different types of sensor data to form a richer, more 

accurate understanding of the environment and robot state. For example, fusing LiDAR, vision, 

and IMU data can significantly enhance robotic manipulation and navigation tasks. 

• Manipulation Tasks: For a robot to perform tasks such as picking up an object, it needs 

to combine vision (to recognize and locate the object), LiDAR (to measure the object's 

distance and its relationship to other objects), and IMU (to provide feedback on its own 

motion and positioning). Multi-modal fusion helps the robot better understand the spatial 

relationships between itself and objects in the environment, making manipulation tasks 

more precise. 

• Navigation Tasks: In autonomous navigation, multi-modal fusion enables a robot to 

perceive its surroundings with greater robustness, especially in complex environments. 

Vision provides rich texture and shape information for obstacle avoidance, LiDAR 

provides accurate distance measurements for mapping, and IMU data helps with 

localization and tracking the robot’s position. Combining these sensor modalities allows 

for more reliable and efficient navigation. 

Fusion Techniques: 

• Kalman Filters and Particle Filters: These are used for fusing noisy data from multiple 

sensors to estimate the robot’s state (position, velocity, etc.) with higher accuracy. 

• Deep Learning-Based Fusion: Convolutional Neural Networks (CNNs) or Recurrent 

Neural Networks (RNNs) can be used to learn joint representations from multi-modal 

sensor inputs (e.g., images, point clouds, and IMU data). These models can learn to extract 

features from each sensor type and combine them into a unified understanding of the 

environment. 
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Summary 

Reinforcement Learning equips autonomous robots with the capacity to learn robust, adaptive 

behaviors in complex, uncertain environments. Effective deployment blends algorithmic rigor—

safe, sample-efficient learning; model-based planning; human-in-the-loop supervision—with solid 

systems engineering for real-time reliability and observability. Future progress hinges on 

trustworthy RL: certifiable safety, interpretable policies, energy-aware objectives, and 

reproducible evaluation—paving the way from research prototypes to dependable fielded robots. 
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