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ABSTRACT Autonomous systems are increasingly becoming integral to industries like transportation,
robotics, and healthcare. These systems require highly adaptive decision-making algorithms capable of
continuous learning, where new information is processed, and decisions are made in real-time. This paper
explores adaptive learning algorithms designed to optimize real-time decision-making in autonomous
systems. The study integrates reinforcement learning, neural networks, and meta-learning to address
challenges such as catastrophic forgetting and incremental learning. The proposed framework improves
decision-making accuracy and efficiency in autonomous environments, particularly in high-stakes
applications like autonomous driving and robotics. Experimental evaluations of the framework demonstrate
significant improvements over traditional methods, particularly in dynamic, real-world environments. The
findings highlight the potential of adaptive learning algorithms to enhance autonomous systems'
performance by continuously optimizing their learning processes.

I. INTRODUCTION
Autonomous systems, capable of perceiving their
environment, making decisions, and taking actions with
minimal human intervention, are becoming increasingly
prevalent across industries such as transportation,
healthcare, and manufacturing. These systems require
sophisticated decision-making algorithms capable of
continuously adapting to new environments, without
losing the knowledge gained from previous tasks. Real-
time decision-making is critical in these systems, as they
must operate in dynamic and unpredictable environments.
The challenge of autonomous decision-making lies in the
ability of systems to learn and adapt over time, processing
new data and adjusting their actions accordingly.
Traditional machine learning models often struggle with
this task, as they are typically trained on static datasets,
limiting their ability to adapt to new situations without
forgetting previously learned information. To address this
issue, adaptive learning algorithms have been proposed
that allow systems to learn continuously, improving their
decision-making capabilities over time. However, these
algorithms face challenges such as catastrophic forgetting,
where new learning overwrites old knowledge, and slow
adaptation to new tasks.
This paper presents a framework that combines
reinforcement learning, neural networks, and meta-
learning to optimize real-time decision-making in
autonomous systems. The proposed algorithm aims to
overcome the limitations of traditional models by

continuously adapting to new tasks while retaining prior
knowledge. We evaluate the performance of the algorithm
using real-world autonomous driving and robotics
environments, demonstrating its ability to improve
decision-making efficiency and accuracy in dynamic
settings.
II. LITERATURE REVIEW

A. Reinforcement Learning in Autonomous Systems
Reinforcement learning (RL) has become a dominant
approach in autonomous systems for its ability to learn
optimal actions through trial and error [1], [2]. RL has been
successfully applied to a wide range of autonomous systems,
including self-driving cars, robotics, drone navigation, and
even industrial automation, demonstrating its flexibility and
effectiveness in handling complex, high-dimensional tasks
[3], [4].
However, traditional RL algorithms face significant
challenges, particularly in real-world deployment scenarios.
One major limitation is catastrophic forgetting, which occurs
when models exposed to new tasks overwrite previously
acquired knowledge, resulting in a decline in performance on
older tasks [5]. This problem is especially pronounced in
lifelong learning settings, where autonomous systems must
continually acquire new skills without compromising past
performance. For instance, an autonomous vehicle learning
to navigate a new city may lose proficiency in driving in
previously familiar cities if not designed to retain prior
knowledge [6].
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Several methods have been developed to mitigate
catastrophic forgetting. Memory-augmented neural networks
(MANNs) incorporate external memory components that
allow models to store and recall prior experiences, enabling
effective knowledge retention [7]. Experience replay
mechanisms maintain a buffer of past experiences that the
model periodically revisits during training, reinforcing
previously learned behaviors while learning new tasks [8],
[9], [10]. Similarly, progressive neural networks expand the
network architecture as new tasks are introduced, allowing
new skills to be learned without overwriting existing
representations [11].
Advancements in deep reinforcement learning have further
enhanced the adaptability of autonomous systems. Deep Q-
Networks (DQN) combine RL with convolutional neural
networks to process high-dimensional sensory inputs, such as
images from cameras or LiDAR data, allowing autonomous
agents to make informed decisions directly from raw data
[12], [13]. Actor-critic methods, which separate policy
learning (actor) and value estimation (critic), have proven
effective in continuous action spaces, such as robot control
and autonomous navigation, providing more stable and
sample-efficient learning [14]. These techniques collectively
highlight the importance of integrating memory mechanisms
and deep learning architectures for creating robust and
adaptive autonomous systems.

B. Meta-Learning for Adaptive Systems
Meta-learning, often described as “learning to learn,” has
emerged as a powerful approach for overcoming the
limitations of traditional RL in adaptive systems [15], [16].
Meta-learning enables models to acquire generalizable
strategies across tasks, facilitating rapid adaptation to new
tasks with limited data. This capability is particularly relevant
in few-shot learning and continual learning scenarios, where
systems must adapt quickly to novel environments while
maintaining performance on previously learned tasks [17],
[18].
A widely used meta-learning method is Model-Agnostic
Meta-Learning (MAML), which aims to identify an
initialization of model parameters that can be fine-tuned
efficiently for new tasks using only a few gradient steps [19],
[20]. MAML has been applied in robotics for tasks such as
trajectory planning and object manipulation, allowing robots
to adapt to new objects and environments with minimal
additional training [21]. In autonomous driving, MAML
facilitates adaptation to unseen road conditions, traffic
scenarios, and driving styles, making vehicles more resilient
to environmental variations [22].
In addition to MAML, metric-based meta-learning
approaches, such as Prototypical Networks and Matching
Networks, use task-specific embeddings to compute
similarity between tasks, enabling rapid adaptation to new
environments [23], [24]. Optimization-based meta-learning
techniques employ meta-gradients to improve learning

efficiency and convergence stability, which is crucial for
real-time adaptation in autonomous systems. These methods
collectively enable autonomous agents to generalize across
tasks, learn efficiently from limited data, and continuously
adapt to evolving conditions.

C. Task Transfer and Knowledge Reuse
Task transfer improves learning efficiency, reduces
adaptation time, and mitigates the need for extensive
retraining. Common techniques include transfer learning,
which leverages knowledge from a source task to improve
learning in a related target task, and multi-task learning
(MTL), which allows models to learn multiple tasks
simultaneously by sharing representations [25], [26].
Task transfer and knowledge reuse are particularly important
in dynamic environments such as autonomous driving, where
vehicles encounter diverse road conditions, traffic patterns,
and weather variations. For example, policies learned in one
urban environment can be transferred to a different city with
similar traffic dynamics, enabling faster adaptation without
starting the learning process from scratch [27], [28]. Recent
studies have also explored domain adaptation techniques to
enhance transferability across environments with different
data distributions. Approaches such as adversarial domain
adaptation and feature alignment enable models to maintain
performance when transitioning between domains, such as
from simulation to real-world deployment [29], [30]. Policy
distillation and hierarchical learning frameworks facilitate
knowledge reuse by consolidating multiple task-specific
policies into a single, generalizable model [31], [32].
Integrating RL, meta-learning, and task transfer mechanisms
produces autonomous systems that are capable of lifelong
learning, continuous adaptation, and robust knowledge
retention [33], [34]. By leveraging these approaches,
autonomous systems can operate reliably in highly dynamic
settings, such as urban traffic networks, industrial robotics,
and unmanned aerial systems, demonstrating the practical
benefits of intelligent adaptation and knowledge reuse.

III. METHODS
This paper proposes a hybrid learning framework that
integrates reinforcement learning, neural networks, and meta-
learning to optimize real-time decision-making in
autonomous systems. The framework is designed to address
the challenges of continuous learning, catastrophic forgetting,
and incremental task adaptation. The following sections
describe the key components of the proposed framework.

A. Reinforcement Learning Component
The Q-values are updated based on the feedback received
after each action, allowing the system to improve its
decision-making as it interacts with the environment.
Advanced variants of RL, such as Deep Q-Networks (DQN)
and Double DQN, are employed to stabilize learning in high-
dimensional environments [35], [36].
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B. Neural Network Integration
A neural network is used to approximate the Q-values and
enable the system to handle complex decision-making tasks.
The network is trained using deep Q-learning [13], which
uses a deep neural network to represent the Q-function. The
neural network is designed to learn from high-dimensional
input data, such as images or sensor readings, and generate
action decisions that maximize reward. This allows the
system to adapt to real-time changes in the environment and
make decisions based on continuous input. Techniques such
as convolutional layers for spatial feature extraction and
recurrent layers for temporal sequence modeling are
integrated to improve perception and decision-making
capabilities [37], [38]. Recent studies have also incorporated
meta-reinforcement learning frameworks for continuous
adaptation in dynamic environments [39], [40].

IV. RESULTS
The proposed framework was evaluated using real-world

autonomous driving and robotics environments. The
evaluation aimed to compare the performance of the adaptive
learning algorithm with traditional reinforcement learning
methods and test its ability to adapt to new tasks without
forgetting prior knowledge.

TABLE 1: PERFORMANCE COMPARISON OF ADAPTIVE LEARNING
ALGORITHM VS. TRADITIONAL RL

Metric Traditional
RL

Adaptive RL
(Proposed)

Accuracy (%) 85.3 92.4
Learning Speed Slow Fast

Catastrophic Forgetting Rate
(%) 22.5 5.1

Adaptation Time (s) 300 180

TABLE 2: TASK TRANSFER PERFORMANCE (AUTONOMOUS DRIVING)

Task Traditional RL
Adaptive RL
(Proposed)

Task 1: Lane Following 85.0 90.0
Task 2: Obstacle

Avoidance
80.2 89.3

Task 3: Pedestrian
Detection

77.8 85.4

TABLE 3: EFFICIENCY OF TASK TRANSFER ACROSS DOMAINS

Domain Traditional RL Adaptive RL (Proposed)
Autonomous Driving 75.6 82.3

Robotics 79.1 87.2
Healthcare Systems 68.5 76.0

The results demonstrate that the proposed adaptive
learning framework outperforms traditional reinforcement
learning algorithms in several key metrics. The accuracy of
the decision-making process is higher in the adaptive RL
system, with the algorithm achieving a 92.4% accuracy rate
compared to 85.3% for traditional RL. This improvement can
be attributed to the integration of meta-learning, which
enables the system to quickly adapt to new tasks and

environments. The learning speed of the adaptive RL system
is also significantly faster than that of traditional RL, which
is particularly important for real-time decision-making in
dynamic environments. The proposed framework also shows
a substantially lower catastrophic forgetting rate, with only
5.1% forgetting compared to 22.5% for traditional RL
models. This indicates that the system can retain valuable
knowledge from prior tasks while learning new ones, making
it more efficient for long-term deployment in autonomous
systems.

These results confirm that combining reinforcement
learning, neural networks, and meta-learning can
significantly enhance adaptability and performance in
autonomous systems [41], [42].

V. DISCUSSION
The results show that the proposed adaptive learning
algorithm is more efficient in terms of both decision-making
accuracy and learning speed. The integration of meta-
learning has allowed the system to quickly adapt to new tasks,
improving performance across multiple tasks, such as lane
following, obstacle avoidance, and pedestrian detection. The
lower catastrophic forgetting rate further emphasizes the
effectiveness of the memory management techniques in
retaining previously learned knowledge.
One key observation is the faster adaptation time of the
proposed system, which is critical for real-time decision-
making in autonomous systems. The ability to quickly adapt
to new scenarios reduces the risk of errors and ensures that
the system can perform well in dynamic environments. In
contrast to traditional RL, the task transfer ability of the
proposed system allows it to leverage prior knowledge when
encountering new, related tasks. This reduces the amount of
new data required to learn new tasks and speeds up the
learning process, which is essential for long-term Future
work should explore lightweight meta-learning algorithms,
parallelized computation, and hardware acceleration to
enhance efficiency without compromising performance.

VI. CONCLUSION
This paper presented an adaptive learning framework
designed to optimize real-time decision-making in
autonomous systems. By integrating reinforcement learning,
neural networks, and meta-learning, the framework
addresses the challenges of continuous learning,
catastrophic forgetting, and incremental task adaptation.
Future work will focus on to explore methods for
improving the scalability of the system and reducing its
computational requirements. The findings of this study
contribute to the ongoing efforts to develop autonomous
systems that can learn and adapt efficiently over time,
making them more robust and reliable for real-world
applications.
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