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ABSTRACT Lifelong artificial intelligence (AI) systems must continuously adapt to new tasks without
forgetting previously learned information. A significant challenge in this area is catastrophic forgetting,
which occurs when a model forgets earlier knowledge as it learns new tasks. This paper proposes a hybrid
framework integrating memory-augmented neural networks (MANNs) and meta-learning to mitigate
catastrophic forgetting and enhance task transfer in lifelong learning scenarios. Our framework ensures that
previously acquired knowledge is preserved while enabling adaptation to new tasks in real time. We
evaluate the proposed framework in the domains of autonomous driving and robotics. Our experiments
demonstrate that the approach improves decision-making efficiency, accelerates learning, and reduces
catastrophic forgetting compared to traditional reinforcement learning (RL) and memory-based methods.
The results showcase the ability of the framework to efficiently transfer knowledge between tasks, leading
to enhanced performance across a variety of real-world applications.

I. INTRODUCTION
The field of artificial intelligence (AI) has made
tremendous progress in recent years, particularly with the
advent of deep learning algorithms that enable systems to
perform complex tasks such as image recognition, natural
language processing, and autonomous decision-making.
However, traditional AI models are typically designed for
single-task learning and operate in fixed, well-defined
environments. These systems require retraining when
exposed to new tasks or changing conditions, which limits
their scalability and adaptability to real-world, dynamic
environments. Autonomous vehicles must continuously
learn to adapt to new road conditions, traffic patterns, and
unexpected obstacles without forgetting their prior
knowledge of safe driving [1].
When a system is exposed to new data, it often overwrites
the previously learned information, leading to a
degradation in performance on earlier tasks. This problem
is particularly pronounced in deep learning models, which
are highly flexible but tend to be prone to catastrophic
forgetting when trained sequentially on new tasks [2].
A critical component of lifelong learning is task transfer,
the ability of an AI system to transfer knowledge from
previously learned tasks to new, related tasks. Effective
task transfer allows the system to leverage past
experiences, improving learning efficiency and reducing
the amount of new data required to learn new tasks. Task

transfer is crucial in real-world AI applications, where
asks often share common knowledge or require adaptation
to new environments [3]. For instance, task transfer is
fundamental for autonomous vehicles, which must
perform a variety of tasks such as lane detection, object
recognition, and pedestrian avoidance in dynamic
environments.
In this paper, we propose a novel hybrid framework that
combines memory-augmented neural networks (MANNs)
with meta-learning to address the challenges of
catastrophic forgetting and task transfer in lifelong AI
systems. The framework is designed to ensure that the
system can learn new tasks in real time while retaining the
knowledge acquired from previous tasks. We evaluate our
approach in two real-world domains: autonomous driving
and robotics, demonstrating that our framework
outperforms traditional reinforcement learning (RL) and
memory-based methods in terms of accuracy, learning
speed, task transfer efficiency, and **catastrophic
forgetting reduction.
The remainder of this paper is organized as follows: In
Section 2, we review existing literature on lifelong
learning, catastrophic forgetting, and task transfer
techniques. In Section 3, we describe our proposed hybrid
framework and experimental setup. Section 4 presents the
results of our evaluation, followed by a detailed
discussion of the findings in Section 5. Finally, Section 6
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concludes the paper and suggests future research
directions.
II. LITERATURE REVIEW

A. Task Transfer and Lifelong Learning
Lifelong learning is a subfield of machine learning that
focuses on developing systems that can learn continuously
from data without forgetting previous knowledge. In
traditional machine learning, models are trained on a fixed
dataset and then deployed for inference. However, in real-
world applications, new data is continually generated, and the
system must adapt to this new information without forgetting
previously acquired knowledge. This is particularly
important in domains such as robotics, autonomous vehicles,
and personalized healthcare, where the system must handle
changing environments and continuously learn from new
experiences [4].
Transfer learning, one of the most widely used techniques for
task transfer, involves fine-tuning a pre-trained model on a
new task by leveraging the knowledge learned from the
original task. This approach has been successfully applied in
areas such as image recognition, speech processing, and
natural language processing, where models trained on large-
scale datasets are fine-tuned for specific tasks with smaller
datasets [5].
Multi-task learning (MTL) is another closely related
technique, where a model is simultaneously trained on
multiple tasks. In MTL, the model learns shared
representations across tasks, allowing it to generalize better
and improve performance on each individual task. For
example, in autonomous driving, a multi-task model can be
trained to perform lane detection, object recognition, and
pedestrian detection simultaneously, thereby improving
performance on all three tasks by sharing knowledge
between them [6].
While task transfer techniques have been successful in many
domains, they are often limited by the challenge of
catastrophic forgetting. When a model is trained on new
tasks sequentially, it tends to overwrite the weights
corresponding to previously learned tasks. This leads to a
phenomenon known as catastrophic forgetting, where the
model forgets previously learned knowledge as it learns new
tasks. This issue is particularly problematic in deep learning
models, which have large capacities but are highly prone to
overwriting important knowledge when exposed to new data
[7].

B. Catastrophic Forgetting
Catastrophic forgetting refers to the phenomenon where a
neural network forgets previously learned information when
trained on new tasks. This issue arises because deep neural
networks have large parameter spaces, and when exposed to
new data, the model often adjusts its weights in ways that
cause it to forget earlier knowledge. This problem is
particularly pronounced in sequential learning scenarios,

where the model learns from a stream of data and needs to
adapt to new tasks over time [8].
Regularization-based methods aim to prevent the model from
making significant changes to important weights during the
learning of new tasks [9].
Replay-based methods: Episodic memory replay is another
technique for addressing catastrophic forgetting. In this
approach, the model stores a subset of past experiences in a
memory buffer and replays them while learning new tasks.
This helps to maintain knowledge from previous tasks while
the model adapts to new ones. Replay-based methods have
been widely used in reinforcement learning (RL), where
agents store and reuse past experiences to stabilize learning
and prevent forgetting [10].
Memory-Augmented Neural Networks (MANNs): MANNs
enhance traditional neural networks by adding an external
memory component that can store important information
from previous tasks. The Differentiable Neural Computer
(DNC) is one example of a MANN that uses a memory
matrix to store and retrieve data. By augmenting the model
with external memory, MANNs enable the model to access
past experiences without overwriting them, reducing the risk
of catastrophic forgetting [11].
One of the most popular meta-learning algorithms is Model-
Agnostic Meta-Learning (MAML), which trains a model to
learn a set of parameters that can be quickly adapted to new
tasks with just a few gradient updates. MAML has been
shown to be highly effective in few-shot learning scenarios,
where the model must adapt to a new task with only a few
examples [12].
By combining the rapid adaptation capabilities of meta-
learning with the memory retention abilities of MANNs,
systems can transfer knowledge from one task to another
without forgetting previously acquired knowledge. Recent
work has explored meta-learning for memory-augmented
networks, demonstrating the potential of this hybrid approach
to enable lifelong learning while mitigating catastrophic
forgetting [13].

III. METHODS
This paper proposes a hybrid framework that integrates
memory-augmented neural networks (MANNs) and meta-
learning techniques to address catastrophic forgetting while
enabling task transfer in lifelong AI systems. Below, we
describe the components of the proposed framework and the
evaluation methodology.

A. Memory-Augmented Neural Networks (MANNs)
MANNs are designed to augment traditional neural networks
with external memory modules, enabling the system to store
important experiences and knowledge across tasks. In our
framework, we integrate a differentiable neural computer
(DNC) [13], a type of MANN, to store and retrieve
knowledge during the learning process. The DNC is trained
alongside the neural network and allows the system to retain
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and transfer knowledge from previous tasks while learning
new tasks.
The key idea behind MANNs is that they allow the network
to access memory efficiently when needed, ensuring that
knowledge is not overwritten during new task learning. In
our implementation, the MANN component stores episodic
memories of past tasks and uses a soft attention mechanism
to retrieve the most relevant memories during task transfer.

B. Meta-Learning for Task Transfer
To ensure fast adaptation to new tasks, we integrate Model-
Agnostic Meta-Learning (MAML) [14]. MAML is an
algorithm that enables models to adapt quickly to new tasks
with minimal training data. The goal is to learn an
initialization of the model parameters that can be fine-tuned
with only a few gradient steps for any new task.
In our approach, we combine MANNs with MAML to
enable the system to rapidly adapt to new tasks while using
stored memories to prevent catastrophic forgetting. This
allows the system to transfer knowledge from previous tasks
without overwriting critical information and to leverage past
experiences for new task learning.
The following metrics are used to evaluate the system:
Accuracy: The percentage of correct decisions made by the
system during task performance.
Learning Speed: The number of steps required to achieve the
optimal decision-making policy for a new task.
Catastrophic Forgetting Rate: The percentage of previously
learned tasks that the system forgets when learning a new
task.
Task Transfer Efficiency: The ability of the system to
transfer knowledge from one task to another without
significant loss of performance.

IV. RESULTS
The results of the evaluation are summarized in Table 1,

which presents a direct comparison of the accuracy, learning
speed, catastrophic forgetting rate, and task transfer
efficiency across the three methods: Traditional RL, Memory
Networks, and Adaptive RL (Proposed).
TABLE 1: PERFORMANCE COMPARISON OF TASK TRANSFER METHODS

Metric Traditional RL
Memory

Networks
Adaptive

RL (Proposed)
Accuracy (%) 85.2 89.3 93.1
Learning Speed

(steps)
350 280 180

Catastrophic
Forgetting Rate (%)

35.5 10.2 3.1

Task Transfer
Efficiency (%)

75.0 85.4 92.3

Accuracy: The accuracy of the Adaptive RL (Proposed)
method is 93.1%, which is significantly higher than the
Traditional RL method (85.2%) and the Memory Networks
method (89.3%). This improvement in accuracy
demonstrates that our framework enables the model to make

more accurate decisions, especially in complex environments
like autonomous driving and robotics, where precision is
essential.
Learning Speed: The proposed system shows a substantial

improvement in learning speed compared to the baseline
methods. Adaptive RL (Proposed) requires only 180 steps to
achieve the optimal decision-making policy for a new task,
compared to 350 steps for Traditional RL and 280 steps for
Memory Networks. This faster learning speed is a key
advantage in real-time applications where decisions must be
made quickly and accurately.
Catastrophic Forgetting Rate: One of the most important

advantages of the proposed framework is its ability to
significantly reduce catastrophic forgetting. The Adaptive RL
(Proposed) method has a catastrophic forgetting rate of 3.1%,
compared to 35.5% for Traditional RL and 10.2% for
Memory Networks. This demonstrates that our hybrid
framework, which combines MANNs with meta-learning, is
highly effective at retaining previously learned knowledge
while adapting to new tasks.
Task Transfer Efficiency: The Task Transfer Efficiency

metric shows that the Adaptive RL (Proposed) method has
the highest efficiency (92.3%) compared to 75.0% for
Traditional RL and 85.4% for Memory Networks. This
indicates that our framework enables the system to transfer
knowledge from one task to another with minimal
performance loss, making it highly efficient for lifelong
learning in dynamic environments.

A. Real-World Applications
To assess the practical applicability of our framework, we

conducted experiments in two real-world domains:
autonomous driving and robotics.
Autonomous Driving: In the autonomous driving domain,

the system was tasked with three primary tasks: lane
following, obstacle avoidance, and pedestrian detection.
These tasks require the system to continuously adapt to new
environmental conditions, such as different road types, traffic
situations, and pedestrians. The proposed system
demonstrated superior performance in all three tasks, with
the highest accuracy and fastest learning speed, compared to
the baseline methods.
Robotics: In the robotics domain, the system was

evaluated on tasks such as object manipulation, navigation,
and grasping. The ability to transfer knowledge from one
task to another is especially important in robotics, where the
system may need to perform a variety of tasks in different
environments.

B. Efficiency of Task Transfer Across Different
Domains
We further evaluated the system’s task transfer efficiency

across different domains, including autonomous driving,
robotics, and healthcare. The proposed system showed
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consistent improvements in task transfer efficiency across all
domains, as shown in Table 2.
TABLE 2: TASK TRANSFER PERFORMANCE ACROSS DIFFERENT DOMAINS

Domain
Traditional
RL

Memory
Networks

Adaptive RL
(Proposed)

Autonomous
Driving

78.0 84.0 90.5

Robotics 76.4 81.3 88.7
Healthcare 65.2 71.0 80.5

The Adaptive RL (Proposed) method achieved the highest
task transfer efficiency in autonomous driving (90.5%),
robotics (88.7%), and healthcare (80.5%). These results
indicate that the framework is highly effective in transferring
knowledge across multiple domains, ensuring efficient
learning and decision-making in real-world applications.

V. DISCUSSION
The evaluation results demonstrate the effectiveness of our
hybrid framework in mitigating catastrophic forgetting and
improving task transfer in lifelong AI systems. By combining
memory-augmented neural networks (MANNs) with meta-
learning (MAML), our framework enables the system to
adapt to new tasks without overwriting previously acquired
knowledge, resulting in higher accuracy, faster learning, and
reduced forgetting.
The Task Transfer Efficiency metric is particularly important
in lifelong learning, as it reflects the system’s ability to
leverage knowledge learned from previous tasks to enhance
performance on new tasks. Our proposed framework
outperformed both traditional reinforcement learning and
memory-based methods in this regard, making it highly
suitable for applications such as autonomous driving,
robotics, and healthcare, where the system must continuously
adapt to new environments and tasks.
Furthermore, the real-world applicability of the proposed
framework is confirmed by its performance in autonomous
driving and robotics experiments. The system demonstrated
high accuracy, fast learning, and effective knowledge transfer
across multiple tasks and domains, making it a promising
solution for real-world lifelong learning applications.

VI. CONCLUSION
This paper presents a novel hybrid framework combining
memory-augmented neural networks (MANNs) and meta-
learning techniques to address the challenge of catastrophic
forgetting in lifelong AI systems. The proposed framework
enables effective task transfer while retaining knowledge
from previously learned tasks, ensuring the system can
adapt to new tasks without forgetting prior knowledge.
Experimental evaluations in autonomous driving and
robotics show that the proposed system outperforms
traditional methods in terms of accuracy, learning speed,
task transfer efficiency, and catastrophic forgetting.
Future work will focus on improving the scalability of the
framework for more complex real-world applications.

Additionally, we plan to explore data-efficient techniques
and the integration of human-in-the-loop systems to further
enhance the learning capabilities of lifelong AI systems.
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