Research on Robot Autonomous Learning

Algorithms

Nurul Aisyah binti Rosli
Universiti Teknologi Malaysia,Johor Bahru,Malaysia
Email:nurul.aisyah@um.edu.my

Abstract:With the rapid development of artificial intelligence and robotic engineering, traditional
pre-programmed robot control systems can no longer adapt to complex, dynamic, and unstructured
working environments. Robot autonomous learning has become a core research direction to
realize intelligent robot evolution and environmental adaptive optimization. Autonomous learning
robots can independently perceive environmental information, summarize task experience,
optimize control strategies, and complete unknown tasks without manual intervention and
repeated parameter debugging. This paper systematically studies the core framework, key
algorithms, and optimization mechanisms of robot autonomous learning. Focusing on
reinforcement learning and deep adaptive learning paradigms, it constructs an improved soft
actor-critic (SAC) autonomous learning model, optimizes the policy gradient update mechanism
and reward function setting strategy, and solves the problems of low exploration efficiency and
slow convergence speed of traditional robot learning algorithms in dynamic environments. A
series of comparative experiments are carried out based on robot navigation and obstacle
avoidance task scenarios. The experimental results show that the improved autonomous learning
algorithm has significant advantages in convergence speed, task completion accuracy, and
environmental robustness. The average task success rate is increased by 12.7%, and the learning
convergence time is shortened by 28.3% compared with the traditional Q-learning algorithm. This
study provides a theoretical basis and technical reference for the engineering application of
high-efficiency autonomous learning robots in complex scenarios.

Keywords: Robot Autonomous Learning; Reinforcement Learning; SAC Algorithm; Policy
Optimization; Environmental Adaptation; Intelligent Control

1. Introduction

1.1 Research Background

In recent years, mobile robots, industrial manipulators, and intelligent service robots have
been widely applied in industrial manufacturing, home services, emergency rescue, and other vital
social fields, greatly boosting industrial upgrading and people’s daily convenience[1-3]. However,
traditional robot control modes mainly rely on manual programming and fixed rule settings, which
limit robots to executing single, rigid and repetitive tasks only in stable and structured

environments. Once environmental parameters change or task types get updated in practical



application[4-6], the entire system requires tedious manual reprogramming and repeated
parameter adjustment. Such drawbacks lead to poor environmental adaptability, low operational
flexibility and insufficient intelligence level of traditional robots, which seriously restricts the
large-scale popularization and in-depth application of intelligent robot technology in complex and
unstructured real-world scenarios[7-10].

Robot autonomous learning capability is the core symbol and key breakthrough of
high-level robot intelligence. Different from the passive execution of fixed preset programs,
autonomous learning empowers robots to realize active environmental perception, independent
real-time decision-making, and continuous performance optimization through constant interaction
and trial-and-error learning with surrounding environments[11-14]. It enables robots to
automatically summarize implicit environmental laws and effective task execution experience, so
as to adapt to unknown complex environments and flexibly complete diverse variable tasks[15-17].
With the continuous breakthrough and maturity of deep learning and reinforcement learning
theories in recent years, robot autonomous learning algorithms have achieved rapid iterative
development, and have made remarkable progress in autonomous navigation, dynamic obstacle
avoidance, precise manipulator grasping and other typical robotic tasks[18-22]. Meanwhile,
emerging intelligent learning environment analysis methods also provide new ideas for optimizing
intelligent agent autonomous learning patterns, which can effectively mine implicit learning rules

and improve the adaptive learning ability of intelligent agents in dynamic scenarios [5,6].

1.2 Research Status

At present, robot autonomous learning research is mainly divided into three paradigms:
supervised learning, unsupervised learning, and reinforcement learning. Supervised learning relies
on a large number of labeled sample data to train robot perception and decision-making models,
but it has poor adaptability to unknown environments and cannot realize real autonomous iteration.
Unsupervised learning can mine hidden laws from unlabeled environmental data, but it lacks
task-oriented optimization goals and is difficult to be directly applied to robot control
decision-making[23-26].

Reinforcement learning (RL), as a typical active autonomous learning method, realizes
robot strategy optimization through the trial-and-error interaction between agent and environment,
and has become the mainstream framework of robot autonomous learning research. Traditional
value-based reinforcement learning algorithms such as Q-learning and SARSA have simple
structures and stable training, but they are prone to dimensional disaster in high-dimensional
continuous action space of robots, with slow convergence and low exploration efficiency. Policy
gradient-based algorithms such as proximal policy optimization (PPO) and actor-critic (AC) series
algorithms adapt to continuous control tasks of robots, but they have problems of unstable training
and easy convergence to local optimal solutions[27-30].

In order to solve the above problems, scholars have carried out a series of improved
researches. Some studies introduce attention mechanisms to optimize environmental feature
extraction, improving the efficiency of robot environmental perception and exploration. Some
researches optimize the reward function design to solve the sparse reward problem in robot task
learning[31-33]. In addition, hierarchical clustering model behaviour sampling technology is
proven to effectively improve the accuracy of algorithm conformity checking, optimize model



iteration errors in autonomous learning processes, and provide a new technical path for improving
the stability and accuracy of robot autonomous learning algorithms [7]. However, most existing
algorithms still have defects in dynamic environment adaptability and iterative learning stability,
and it is urgent to construct a more efficient and robust autonomous learning algorithm
framework[34-36].

1.3 Research Significance and Main Contributions

Aiming at the problems of slow convergence, low task success rate and poor dynamic
adaptability of traditional robot autonomous learning algorithms, this paper constructs an
improved SAC autonomous learning algorithm framework. The main contributions are as follows:
(1) An adaptive weighted reward function is designed to solve the sparse reward and reward
imbalance problems in robot navigation and obstacle avoidance tasks; (2) A policy gradient
adaptive update mechanism is proposed to optimize the network parameter iteration strategy and
improve the training stability and convergence speed; (3) Comparative experiments with multiple
classic algorithms are completed based on physical simulation scenarios, and the effectiveness and
superiority of the improved algorithm are verified by quantitative data analysis[37-39].

2. Theoretical Basis of Robot Autonomous

Learning

2.1 Markov Decision Process of Robot Learning

Robot autonomous learning based on reinforcement learning can be abstracted as a standard
Markov Decision Process (MDP). The MDP model is defined as a quintuple (S,A,R,P,y), where
S represents the robot environmental state space, A represents the robot action space, R
represents the reward function, P represents the state transition probability matrix, and vy is the
discount factor. In the robot task execution process, at any time step t, the robot obtains the
current environmental state s, € S, executes the action a; € A according to the current policy,
and then the environment transitions to the next state s.,; and feeds back the immediate reward
r;. The goal of robot autonomous learning is to optimize the policy m to maximize the cumulative
expected return, and the cumulative return is defined as:

where y € (0,1) is the discount factor, which balances the weight of immediate reward and
future cumulative reward. The larger the value of vy, the more the robot pays attention to long-term
task benefits.



2.2 Classic Reinforcement Learning Algorithm

Principle

2.2.1 Q-Learning Algorithm Q-learning

is a classic value-based reinforcement learning algorithm, which updates the action-value
function Q(s,a) through offline iteration. The action-value function represents the expected
cumulative return obtained by executing action a in state s and following the optimal policy
subsequently. The core update formula of Q-learning is:

Q(sp,ar) « Q(spap) +a [rt + Vm(?XQ(StH: a) — Q(sg, at)]

where « is the learning rate, which controls the network parameter update amplitude.
Q-learning has stable training in discrete state-action spaces, but it is difficult to adapt to the
high-dimensional continuous motion control of robots, and it has slow convergence speed in

complex environments.

2.2.2 SAC Algorithm

Soft Actor-Critic(SAC) is an off-policy reinforcement learning algorithm based on
maximum entropy reinforcement learning framework. Different from traditional deterministic
policy algorithms, SAC introduces entropy regularization to increase the exploration randomness
of the robot, avoid falling into local optimal solutions, and improve the environmental adaptability
of the policy. The objective function of maximum entropy reinforcement learning is defined as:

T
J(TI:) = IE:(S,a)~‘t [Z Yt (I‘(St, at) + BJf(Tc( |St)))l
t=0

where J{(n(- |s)) = —E,-[logn(als)] represents the policy entropy, and B is the
temperature parameter used to balance reward value and policy randomness. The SAC algorithm
contains two core networks: actor network and critic network. The critic network is responsible
for evaluating the quality of the current policy, and the actor network updates the policy according
to the evaluation results. The loss function of the critic network is:

%o = a6 =) |

where y=r1+7yE,; ., [Qd—)(s',a')—Blogne(a’|s')] is the target Q-value, D 1is the

experience replay buffer, and ¢ is the parameter of the target critic network.



3. Improved Robot Autonomous Learning

Algorithm

3.1 Adaptive Weighted Reward Function Design

Traditional fixed reward functions in robot navigation and obstacle avoidance tasks often
have sparse reward problems, that is, the robot can only obtain effective rewards when completing
the task or colliding, and the effective feedback in the task execution process is insufficient,
resulting in slow algorithm convergence and low learning efficiency[40-42]. To solve this problem,
this paper designs an adaptive weighted multi-dimensional reward function, which integrates
target distance reward, obstacle avoidance reward, and motion smoothness reward, and realizes
dynamic weight adjustment with environmental state changes.

The improved reward function is defined as:

Tiotal = WTgis T O2lghs T ®3T5mo

where 1y is the target distance reward, r, is the obstacle avoidance safety reward, ryy,
is the motion smoothness reward, and ®;, ®,, ®; are adaptive weights satisfying o, + o, + o3 =
1. The target distance reward is calculated by the Euclidean distance between the robot and the
target point:

Tgis = dpre — deyr

where d,.. and d,, represent the distance from the robot to the target at the previous
moment and the current moment respectively. When the robot approaches the target, ry; is
positive, otherwise it is negative. The obstacle avoidance reward is set based on the minimum
distance between the robot and surrounding obstacles:

Tops = {_Rcollide' dobs < dsafe
o )\‘dObS’ dobs = dsafe

where d,, is the minimum obstacle distance, dy is the safe distance threshold, R gyige
is the collision penalty value, and A is the obstacle avoidance reward coefficient. The adaptive
weight is dynamically adjusted according to the environmental complexity. When the obstacle
density is high, the weight of obstacle avoidance reward ®, is increased to ensure motion safety;
when the robot is close to the target, the weight of distance reward ®; is increased to improve

task completion efficiency.

3.2 Adaptive Policy Gradient Update Mechanism

The traditional SAC algorithm adopts fixed learning rate for network parameter iteration,
which leads to slow parameter update in the early training stage and easy oscillation in the later
stage[43-45]. This paper proposes an adaptive policy gradient update mechanism, which
dynamically adjusts the policy learning rate according to the policy loss change rate, so as to
accelerate the early convergence and stabilize the later training. The improved policy loss function
is optimized based on the original SAC policy gradient, and the adaptive learning rate 7, is



introduced:

Ln(g) = _ntIEs~‘D,a~7t9 [Q¢ (S: a) - ﬁlogﬂe (als)]

The adaptive learning rate update formula is:

Lpre - Lcur>

Me=mno- |1~
t 0( Lpre

where 1 is the initial learning rate, Lye and Ly, are the policy loss values of the
previous iteration and the current iteration respectively. In the early stage of training, the loss
change rate is large, the learning rate is increased to speed up parameter iteration; in the later stage
of training, the loss tends to be stable, the learning rate is reduced to avoid parameter oscillation
and local optimal solution deviation.

3.3 Improved Algorithm Flow

The implementation flow of the improved robot autonomous learning algorithm is
summarized as follows: (1) Initialize robot environment state space, action space, network
parameters and experience replay buffer; (2) Collect environmental state information through
robot sensors, and obtain real-time obstacle distance and target distance data; (3) Calculate the
multi-dimensional adaptive weighted reward according to the current environmental state; (4)
Update the critic network parameters according to the critic loss function; (5) Dynamically adjust
the policy learning rate and update the actor network policy parameters; (6) Store the current
state-action-reward data in the experience buffer, and sample batch data for iterative training; (7)
Judge whether the task is completed or the maximum iteration number is reached, if not, return to
step (2) for cyclic iteration; otherwise, end the training and output the optimal autonomous
learning policy.

4. Experimental Design and Result Analysis

4.1 Experimental Environment and Parameter Setting

In order to verify the performance of the improved autonomous learning algorithm, this
paper builds a robot simulation experiment platform based on PyTorch and Gym simulation
environment, and takes mobile robot autonomous navigation and dynamic obstacle avoidance as
the test task. The experimental hardware environment is Intel i7-12700H CPU, NVIDIA RTX
3060 GPU, 16G memory; the software environment is Python 3.9, PyTorch 1.13, OpenAl Gym
0.21.

The core parameter settings of each algorithm in the experiment are shown in Table 1. In
order to ensure the fairness of the experiment, all comparison algorithms adopt the same network
structure, iteration times and experimental environment parameters.

Table 1. Experimental Parameter Settings of Each Algorithm



Parameter Name | Q-Learning PPO Traditional SAC | Improved SAC
Initial Learning | 0.01 0.0003 0.0003 0.0003
Rate

Discount Factor | 0.95 0.95 0.95 0.95

Y

Temperature - - 0.2 0.2
Parameter 3

Batch Size 128 128 128 128
Max Iteration | 1000 1000 1000 1000
Episodes

Safe Distance | 0.5m 0.5m 0.5m 0.5m
d_safe

4.2 Experimental Evaluation Indicators

In order to quantitatively evaluate the autonomous learning performance of each algorithm,
three core evaluation indicators are set in this experiment: (1) Task Success Rate: the proportion of
successful navigation and obstacle avoidance tasks in all test episodes, which reflects the task
execution ability of the robot; (2) Convergence Episodes: the minimum iteration episodes when
the algorithm tends to be stable and converges, which reflects the learning efficiency; (3) Average
Reward Value: the average cumulative reward of each episode after algorithm convergence, which
reflects the overall optimization effect of the policy.

4.3 Experimental Result and Comparative Analysis

After 1000 rounds of iterative training and 500 rounds of independent testing for each
algorithm, the statistical results of experimental performance indicators are shown in Table 2. It
can be seen from the data that the improved SAC algorithm proposed in this paper has obvious
performance advantages compared with the three classic algorithms.

Table 2. Performance Comparison Results of Different Algorithms

Algorithm Task Success Rate | Convergence Episodes | Average  Converged
(%) Reward

Q-Learning 78.3 682 86.42

PPO 85.6 526 92.75

Traditional SAC 89.2 458 96.38

Improved SAC 91.0 328 102.64

From the perspective of task success rate, the improved SAC algorithm reaches 91.0%,
which is 12.7% higher than Q-learning, 5.4% higher than PPO, and 1.8% higher than traditional
SAC. The adaptive weighted reward function effectively solves the sparse reward problem in the
learning process, enables the robot to obtain continuous effective feedback in the task execution
process, and significantly improves the task completion accuracy and environmental adaptability.

In terms of learning efficiency, the convergence episodes of the improved algorithm are
only 328, which is 28.3% less than that of traditional SAC and 51.9% less than that of Q-learning.




The adaptive policy gradient update mechanism realizes dynamic adjustment of learning rate,
accelerates the network parameter iteration speed in the early training stage, and avoids parameter
oscillation in the later stage, which greatly improves the learning convergence efficiency.

In terms of average convergent reward, the improved algorithm has the highest reward
value, which indicates that the optimized policy can obtain higher cumulative benefits in task
execution, with more stable motion state and better obstacle avoidance and navigation effect. The
experimental results fully verify the effectiveness of the improved mechanism in optimizing robot

autonomous learning performance.

4.4 Ablation Experiment Analysis

In order to further verify the independent optimization effect of each improved module, this
paper sets up ablation experiments for the adaptive reward function and adaptive learning rate
mechanism respectively. The experimental results are shown in Table 3.

Table 3. Ablation Experimental Results

Experimental Module Task Success Rate (%) | Convergence Episodes
Traditional SAC 89.2 458

SAC + Adaptive Reward | 90.1 396

Function

SAC + Adaptive Learning | 89.7 362

Rate

Full Improved SAC 91.0 328

It can be seen from the ablation experiment data that both improved modules can
effectively optimize the algorithm performance. The adaptive reward function mainly improves
the task success rate by optimizing reward feedback, and the adaptive learning rate mechanism
mainly accelerates the algorithm convergence speed. The combination of the two modules
achieves the best comprehensive performance, which verifies the rationality and complementary

optimization effect of the improved scheme.

5. Conclusion

The improved autonomous learning algorithm proposed in this paper realizes significant
improvement in robot task learning efficiency and execution accuracy through reward function
optimization and policy update mechanism adjustment. Compared with traditional algorithms, it
solves the problems of sparse reward, slow convergence and unstable training in robot dynamic
environment learning, and has stronger environmental adaptability and practical engineering
value.

However, there are still some limitations in this study. First, the current algorithm is only
verified in the simulation environment, and the actual physical environment has noise, sensor error
and other interference factors, which may affect the learning effect of the algorithm. Second, the
algorithm is mainly oriented to mobile robot navigation and obstacle avoidance tasks, and the
adaptability in complex manipulator operation and multi-robot collaborative tasks needs further



verification. Third, the algorithm still relies on a certain amount of interactive exploration data,
and the learning efficiency in ultra-sparse interaction scenarios needs to be further improved.

In future research, we will carry out physical platform verification experiments, optimize
the algorithm anti-interference ability for actual environmental noise; expand the algorithm
application scenarios, and study the autonomous learning strategy of multi-robot collaborative
tasks; introduce transfer learning and few-shot learning theories, reduce the algorithm's
dependence on interactive data, and realize more efficient and universal robot autonomous
learning.
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