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Abstract: All real-world applications require ongoing learning since static pre-trained models cannot 
handle non-stationary data distributions. This extensive study is particularly  interested  in  learning  
algorithms that do continuous learning online from sizable, massive, or infinite sequential data while 
requiring sizable, little computational, and memory resources. Existing approaches in terms of 
computations, memory, and network/model complexity have been compared and critically analyzed 
the main issues/challenges with continuous learning for autonomous real-world systems. The goal of this 
study is to explore cutting-edge techniques that enable computational models to learn continuously 
over time. Numerous cutting-edge techniques have been investigated for continuous learning, existing 
problems discussed, and suggestions presented for continuous learning in robotics. 
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1. Introduction 

As artificial intelligence (AI) and human-robot interaction technology advance, intelligent 
robotic systems are becoming increasingly prominent in human life. These robots have become 
essential in our everyday lives, functioning as helpers and even friends [36]. They can sense and 
assist us through social interactions, aiming to enhance our mental and emotional wellness in the 
long run [11]. These robots go beyond helping with high-precision, high-accuracy industrial 
tasks. Effective robots is a challenging study field that is currently in its early stages that 
focuses on analyzing human social-emotional signals to enhance HRI. For robots to assist 
human users physically and socially and to participate in and maintain ongoing 
engagements with people in a range of application areas that call for human-robot 
interaction, such as healthcare, education, and entertainment, among others, these skills are 
crucial. Understanding the fundamental mechanics of human behavior in everyday contexts and 
figuring out how to represent these systems for the embodiment of naturalistic, human-
inspired behaviors in robots is the major problem for effective robotics. In order to effectively 
tackle this challenge [5], it’s important to grasp the basic elements of social interaction, 
including nonverbal cues like how close people stand, how they position their bodies, the 
movements of their arms, hands, head, and face, where they look, moments of silence, and 
sudden vocal expressions. By interpreting these cues, we can build a deeper understanding of 
more complex concepts like initial perceptions, social roles, relationships between individuals, 
what they are paying attention to, synchronization, emotional states, personalities, and how 
engaged they are. This understanding is vital if we want to create social robots that are truly 
intelligent in their interactions with humans. Social robots are required to give a lifelike and 
engaging interactive experience that is tailored to each user to handle this difficulty. Individual 
variances in how people display emotional behaviors may arise owing to culture, gender, or 
personality, among other variables (Han and Jo). 
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So, Lifelong or Continual Learning (CL) is the ability of agents to continuously learn and 
adapt throughout their lifespan, collecting new information while maintaining the previously 
learned knowledge. This is especially advantageous for agents that deal with unpredictable and 
dynamic settings,  such as those that include human relationships. [27]  A  robot  is  a  

computer-controlled  entity  that  interacts with the physical environment. It implies robots 
can’t revise their learning and improve on what it’s 
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Figure 1. schematic representation of ANN approaches for lifelong learning (a) retraining the 
network while applying regularization techniques to avoid catastrophic forgetting tasks that 
were learned before,. (b) extending the network without altering existing parameters to 
accommodate representation of new tasks, and (c) selectively retraining the network while 
allowing for potential expansion. [32]. learned previously. Robotic systems are a suitable 
playground for CL algorithms because of their unique characteristics. Furthermore, robots 
have several limitations in terms of power or memory, which CL aims to alleviate through its 
approach to learning difficulties. Conversely, robots have a lot of information about their past 
experiences and can control how they interact with the things around them, which may aid in 
understanding causation and retrieving information from various types of sensors e.g. 
images, sound, and depth. This large amount of data helps to create strong patterns, which 
are really important for a successful CL algorithm. We may nearly infer that CL was created 
for robotics, which is correct. Nevertheless, nowadays, most CL techniques are not robotics-
related and rely on image processing studies or virtual environments. The following section will 
cover the challenges of using continuous learning in robotic settings 

2. Current challenges in Continual Learning for Robotics 

CL is useful  for  a  robot.  It  learns  about  the  world  on  its  own  and  
gradually  builds  up  a  collection of advanced skills and knowledge over time. Table 1 
summarizes the comprehensive discussion of the performance-based issues of continuous 
learning for robots and their solutions. The concerns described in Table 2 are not all conceivable 
difficulties and their remedies, but we attempted to address as many known issues as possible 
as they arrived at the time of this study. However, a detailed explanation of the known methods 
is discussed as follows: 

2.1. Robotic Hardware 

When doing any robot experiment, the first hurdle to overcome is the hardware. Robots 
have a reputation for being unreliable and delicate. One of the most significant impediments to 
academics proposing innovative methods for robotics tasks is robot failure. They introduce inevitable 
delays into every experiment and are costly to repair. Furthermore, if the problem is in software 
instead of hardware then it’s not practical to automatically reset the robot. The personal 
assistance is frequently required such as guiding the robot back to its initial state or rescuing it 
from unrecoverable situations. Additionally, the cost of creating or purchasing a robot is rather 
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high. Once the robot has been properly programmed, a new difficulty arises in the robot’s energy 
autonomy. When it comes to setting up experiments, is also a major challenge. It’s not easy to run 
lengthy experiments on a robot without recharge it by hand and making sure it doesn’t stop 
unexpectedly due to a loss of power or malfunction. [27] Finally, because robots are embedded 
platforms, memory and compute resources are restricted, which must be properly maintained 
to avoid overflow. Since using robots for studies is not easy, there are not many methods in 
the literature for CL of robots. In the next section, the robotic settings, sampling, and labeling are 
discussed to utilize continuous learning systems. 

Table 1. A summary of performance-based current challenges in Continual Learning for robotics 
and proposed solutions. 

Challenges Possible Solutions 

Catastrophic Forgetting Regularization, Generative Replay, Replay Buffers, Knowledge  
Distillation [22], [32] 

  
Scalability Incremental Learning, Meta-Learning, Network Pruning [12], [7], [28] 
Sample Efficiency Data Augmentation,  Transfer  Learning,  Curriculum  Learning  [57],  [54], 
 [49], [70] 
Task and Concept Drift Dynamic Networks,  Contextual  Bandits,  Hybrid  Models  [2],  [27]cite41, 
 [63], [20] 
Memory Management Memory Consolidation, Spiking Neural Networks, Episodic Memory [53], 
 [34] 
Exploratory Learning Active Learning, Intrinsic Motivation, Curiosity-driven Exploration [12], 
 [45] 
Sensorimotor Integration Sensor Fusion, Multimodal Learning, Reinforcement Learning [13], [21] 
Robustness  to   
Perturbations 

Adversarial Training, Robust Optimization, Uncertainty Quantification 

 [30], [33], [60] 
Contextual Reasoning Temporal Reasoning, Spatial Reasoning, Semantic Reasoning [34], [16] 
Generalization  to   Novel Sim-to-Real Transfer, Domain Adaptation, Transfer Learning [9], [44], 
Environments [49], [30] 
Multi-task Learning Multi-task Reinforcement Learning, Multi-task Transfer Learning, Multi- 
 modal Learning [57], [15], [31] 
Real-time Learning Online Learning, Incremental Learning, Adaptive Learning [59], [9] 
Resource-constrained Model Compression, Network Pruning, Low-power Computing [52], [22], 
Learning [20] 

2.2. Data Sampling/Labeling 

A robot must acquire its training data in the actual world to learn how to do something for 
either for unknown or known environment. Data is the foundation for understanding and 
exploring the environment. This difficulty is identical to the one encountered by Reinforcement 
Learning algorithms.  The capacity of babies to form objectives and explore the environment on 
their own, driven by intrinsic desire, is a critical component of lifelong learning. Self-supervised 
methods can also aid in the autonomous exploration of surroundings [53]. self-Supervision [19] 
and curiosity [6] enable us to explore new information and create a foundation of understanding 
that can be used for current or upcoming tasks through transfer learning.  Manipulation tasks 
such as holding objects [41] onto them, can provide data which might be used immediately to 
learn in real-time or saved for future use. However outside assistance, annotations and 
improvement in learning algorithms are required [34]. A robot must comprehend the items that 
make up its environment to comprehend it. 

For this, the robot will need an approval from an external expert at some stage to make sure 
it’s learned about objects correctly. The robot needs labels for objects as the first kind of 
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information [12]. And if we want the robot to do something, we must provide the knowledge 
about the goals we have set for it as well as what it must avoid doing. This process is 
commonly achieved using a reward function that determines how credit is given. However, 
it can also be achieved through less specific guidelines like curiosity, self-supervision, or 
intrinsic motivation [12]. Finally, the robot needs to know when the task changes and which 
task it should try to do. The job is labeled in this procedure, and the label is referred to as the 
task identifier. All these labels are optional, but they significantly aid and influence the learning 
process. Labeling has the disadvantage of being costly and time-consuming, slowing down 
learning algorithms. CL must devise efficient ways that make the most of the available labels for 
learning to address these two issues. Few-shot learning and active learning are two fields that 
seek to answer these problems. The former attempts to understand an idea based on a small 
number of data points. To optimize learning, active learning seeks to detect and pick the 
most important annotations. The constant learning settings could be more suitable for real-
world applications in the field of robotics by integrating optimization processes in learning from 
few occurrences and decreasing the requirement for labeling. Furthermore, learning efficiency 
minimizes the likelihood of forgetting and memory degradation [43]. 

2.3. Learning Algorithms Stability 

Algorithms in continuous learning are exposed to several learning instances in succession. 
Some memory should be saved from each learning experience so that it is not forgotten later. The 
stability of learning algorithms becomes critical at this point: if just one learning event fails, the 
entire process may be tainted. Furthermore, if follow ongoing learning causality,  unable to 
handle travel back in time and fix an issue that has already occurred. While one learning event 
is tainted, memories are tainted, and the model is degraded when learning subsequent tasks. 
To retain sane memory and weights, strong procedures to check or reject learning algorithm 
results are essential; nevertheless, it’s important to tackle the issue of deep learning models being 
unstable in order to overcome this drawback. For example, generative models work well for CL, 
but their unreliability may not be appropriate for this application [26]. Reinforcement learning 
algorithms are known for being unstable and hard to predict, which is not good for learning 
over a long period. 

3. Learning Approaches for Robotic Applications 

Continuous learning has an almost limitless number of real-world applications. When 
learning algorithms deal with real-world data, they often encounter non-IID data. This applies 
to scenarios  like  robots learning tasks or vehicles adapting to new situations. Algorithms 
predicting trends from user behaviors or learning new information such as form advertisement 
or finance, also encounter non-static situations. The challenge arises when a pre-trained 
algorithm needs to learn new information without forgetting the previously learned knowledge. 
For example, the algorithm should be able to find new classes or identify anomaly without 
disturbing previous knowledge. Yet our focus here is on continuous learning in robotics. Most 
algorithms are tested on object recognition  tasks  involving  both  static  and  non-static  
objects. This makes sense since robots must understand their environment before acting. While 
a robot may be partially trained on initial data set but to enhance its capabilities, it is beneficial 
to incorporate new variations of previously learned objects like different perspectives, lighting 
conditions and encompassing diverse positions [26]. 

To deal with such dynamic conditions, CL is essential. The first steps in this direction have 
been recommended in [7]. Continual learning techniques to object segmentation and object 
identification may be found in [28]. Other equally significant applications that have recently been 
addressed under continuous learning and robotics contexts include semantic segmentation and 
unsupervised object recognition [26]. In simple terms, we are using a autonomous way for a 
robot to explore and learn in a complicated environment by staying curious and active [1]. 
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Furthermore,  Table 2 provides a more extensive discussion of the challenges of continuous 
learning for robots and proposed suggestions. 

3.1. Reinforcement Learning 

The distribution of data in reinforcement learning is determined by the controlled 
agent’s activities. This leads to a situation where the distribution of data keeps changing because 
the actions taken are not random. Similar strategies to those presented in CL are frequently used 
in reinforcement learning to learn across a nearly steady data distribution. Using an external 
memory to practice or remember things, which is also called experience or training memory 
bank, is one way to apply these strategies [28]. The initial challenge in RL is to take out 
significant parts from incoming data and condense them into meaningful representations. 
The approaches used in both situations can be quite similar or even useful to each other. 
Learning how to represent states in RL is quite like representation-learning or unsupervised-
learning representations for classifying things. The second challenge in RL is learning a strategy 
to complete a particular task. The problem of learning policies in CL is special because it often 
involves thinking about both the situation and the context. Recurrent neural networks are 
commonly used to manage context; however, this type of model has not yet been fully 
researched in CL, [46] is a good example. For example, in Figure 3, observed how in-state 
representation learning is applied to goal-based tasks in the field of robotics. The various tasks 
involving robots manipulating objects, like picking up and extending to reach things, are 
used as standards for comparison. A continuous problem arises in these tasks when attempting 
to learn patterns and strategies from data distributions that keep changing. However, it’s 
important to distinguish between the two issues since learning and transferring across activities 
are two distinct concerns. Comparable representations with different policies may be required 
for two activities, whereas similar policies may necessitate diverse representations. The number 
of proposed RL approaches is limited in the context of robotics than in video games or 
simulations. The low data efficiency of RL algorithms is one of the reasons for this. There are 
still many ways that effectively solve this problem [1] or the problem can be tackled separately. 
For instance, one approach could involve learning a state representation initially, followed by 
policy learning. This way, the complexities can be managed in a more organized manner. Yet, 
a way to address this issue is by first applying the policy through simulation and then 
applying it to an actual robot in the real world [16]. 

3.2. Model-based Learning 

Only a few numbers of RL methods have been suggested in the context of robotics than 
in video games or simulations. The low data efficiency of RL algorithms is one of the reasons 
for this. There are still many ways that effectively solve this issue, either end-to-end or by 
splitting the two challenges to address them separately, e.g., learning a state representation first 
and then performing policy learning [1]. Yet, understanding the policy in a simulation and then 
applying it to an actual robot [18] is one solution to this problem.  In robots,  they’ve used 
inverse dynamics (online learning),  but not with deep learning. They taught the dynamics of a 
robot step by step, both using semi-parametric dynamics and inverse approaches [8]. This 
implies that a combination of parametric modeling techniques, utilizing rigid body dynamics 
equations, and non-parametric modeling techniques, employing incremental kernel approaches, 
are utilized. When utilized in case  of  involving  non-parametric  models,  such  as  
Gaussian  processes that incorporate a kernel function then these models perform better than 
numerical methods in online situations [8]. Some researchers used reinforcement learning to 
train a robot for navigation challenges. Recent research suggests a model-based approach could 
be crucial, especially when many trials aren’t possible [50]. 

3.3. Towards autonomous agents 
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The challenge of learning sets of tasks in families of contexts throughout a lifetime is 
known as the lifelong learning issue. The issue of lifelong learning for robots that are 
permanently confined to one environment. This particular subset of lifelong learning situations 
is crucial to the study of autonomous agents. Several potential robot agents, such as artificial 
insects, industrial robot arms, or housekeeping robots, encounter a range of learning challenges 
in the same setting. These situations allow for the reuse of environmental information since 
trained action models, which are learned experimentally during problem- solving, maintain the 
same environment for each task.  Consequently, the robot’s sensors might be used to detect how 
the world has altered. For the sake of simplicity, let’s suppose that the robot can precisely 
perceive the status of the environment. Learning control boils down to mastering a reactive 
controller, as was noted in the preceding section. Neural network learning methods, such as the 
Backpropagation training approach, can be used to simulate the environment if it is sufficiently 
predictable. 

Given recent advancements in models designed for incremental learning tasks, as shown 
in Figure 2, these models aim to reduce the problem of forgetting previously learned 
information. However, the datasets used to assess lifelong learning tasks are often simplified 
and don’t reflect the real-world complexity and uncertainty. Also, neural models are usually 
trained with randomly ordered or isolated data samples. This contrasts with how humans and 
animals quickly learn meaningful concepts and skills. Life- long learning involves more than just 
accumulating domain-specific knowledge. It enables transferring generalized skills and 
knowledge across tasks and domains, using multi-sensor information for complex cognitive 
functions. It’s unrealistic to expect artificial agents to have all prior knowledge needed for real- 
world performance [59]. Consequently, In order for artificial agents to engage with complex 
contexts and comprehend and effectively interpret a constant flow of information, they must 
have a broader range of learning skills. The article concludes by suggesting that combining these 
approaches can improve current models for lifelong learning in artificial agents. 

3.3. Curriculum and Developmental Learning 

Learning and development involve a remarkable ability to learn all over life, and when 
compared to other species, they go through the longest development process to become mature. 
Youngsters are particularly susceptible to the consequences of their experiences within a certain 
developmental window. Often known as a sensitive or crucial time of growth,  during which 
initial experiences hold significant sway, sometimes leading to permanent effects on behavior. 
Afterward, When the system stabilizes, flexibility gradually fades away while still retaining 
some of it for later adaptation and rearrangement at smaller scales [45]. Researchers have looked 
into the fundamental processes of this particular learning 
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Figure 2. Essential elements of CL agents to acquire knowledge and skills over extended periods 
in complex environments.[32]. phases using contortionist models, especially when topographic 
neural maps are trained in two phases and self-organizing learning methods are employed to 
minimize levels of functional plasticity. 

First, the neural network is trained with a higher learning rate and a larger 
neighborhood size, which aids the network’s initial organization. The parameters are then 
changed and decreased in the second phase to improve the details. This method has been used 
to simulate language learning, visual development and brain damage recovery. Recent research 
on deep neural networks indicates that the speed with which the networks learn is critical  to  
how  effectively  they  finally  perform.  In  the  first step, the neural map is trained with 
an increased learning rate and a significant spatial neighborhood size, enabling the network 
to achieve an early stage of topological organization. In the second phase, the learning rate 
and the neighborhood size are iterative and reduced for fine-tuning. Implementations have been 
made to develop models of visual development, language acquisition, and recovery from brain 
injuries. Recent research on deep neural networks has highlighted that the initial phase of rapid 
learning is crucial in determining the ultimate performance of these networks. During this phase, 
the network absorbs essential information and establishes foundational patterns that greatly 
influence its overall capabilities. For the distribution of resources among the several layers, 
which is determined by the initial input distribution,  the initial few training epochs are crucial.  
After this critical period,  the neural resources that were initially assigned can be redistributed 
during further learning stages. [25]. 

Researchers have conducted experiments to examine how embedded agents can interact 
with their surroundings in real-time by utilizing developmental learning methods. Unlike 
traditional models that process information in batches, these agents acquire skills independently 
through their sensor-motor experiences. This emphasizes the significance of staged development 
in fostering cognitive abilities with minimal guidance. However, implementing developmental 
strategies in artificial learning systems is intricate, particularly when determining the 
appropriate stages for learning in dynamic environments. For example, in the context of 
predictive coding, the goal can be inferred by predicting an action through analyzing prediction 
errors. Generative models in active inference aid in comprehending the selection of data in 
uncertain environments by integrating action and perception. Nevertheless, the systematic 
definition of developmental stages based on innate structure, embodiment, and active inference 
remains ambiguous. Humans and animals exhibit superior learning outcomes when tasks 
gradually increase in difficulty and possess meaningful organization. The concept of curriculum 
learning, where tasks become progressively harder, has been shown to improve neural network 
training efficiency. This has influenced other fields like robotics and newer machine learning 
techniques. When conducting experiments on simpler datasets such as MNIST, it has been 
observed that curriculum learning operates similarly to unsupervised pre-training, leading to 
improved generalization and quicker convergence. However, the effectiveness of curriculum 
learning relies on the progression of tasks and assumes a singular axis of difficulty. It is 
important to also consider intrinsic motivation, were signals of learning progress direct 
exploration. Curriculum methods represent a type of transfer learning that leverages initial task 
knowledge to guide the acquisition of more complex tasks. [64]. 

3.4. Transfer learning 

Transfer learning involves using knowledge gained in one area to address a new problem in 
a different area [24]. Backward transfer looks at how the ongoing task (T-II) affects a former 
task (T-I), while forward transfer explores how learning a task (T-I) affects performing a 
future task (T-II). This makes transfer learning valuable for extracting general insights from 
specific examples, especially when multiple learning tasks are available. Despite its inherent 
value, machine learning and autonomous agents continue to face challenges when it comes to 
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the implementation of transfer learning [57]. The precise brain mechanisms underlying high-
level transfer learning are not yet fully understood. However, there is ongoing debate 
suggesting that the transfer of abstract information may occur through the utilization of 
conceptual representations that store relationships unaffected by specific individuals, objects, 
or scene parts [54]. Zero-shot learning and one-shot learning methods aim to perform well on 
new tasks. Nevertheless, they do not tackle the problem of forgetting previously learned 
information or catastrophic forgetting when facing new tasks [38] [58]. In 1997, Ring proposed 
an innovative approach to lifelong learning through the utilization of transfer learning. He 
illustrated this concept by employing a hierarchical neural network capable of solving 
increasingly complex tasks over time. By expanding the number of neurons and 
incorporating a broader contextual understanding of action occurrences, the network exhibited 
effective task learning. In more recent times, advanced deep learning techniques have also 
focused on addressing lifelong transfer learning challenges across diverse domains. As an 
example, in [65] the idea of progressive neural networks was introduced. This involves 
transferring knowledge from simulated environments to real-world scenarios. In [62], the goal 
is to teach a physical robot manipulator how to perform tasks using visual data. The learning 
process includes developing policies that connect pixels to actions, even with limited rewards, 
to control the robot. To facilitate the reuse and transfer of knowledge across tasks, [35] proposed 
a hierarchical deep reinforcement learning method characterized as a collection of skills and 
skill distillation. The efficacy of the approach was confirmed through training an agent to 
complete tasks within the Minecraft video game. However, a prerequisite for this technique 
is the pre-training of skill networks, as they cannot be simultaneously taught alongside the 
overarching architecture. To tackle the problem of catastrophic forgetting and enhance the 
ability to apply past learning to new tasks, researchers introduced the Gradient Episodic 
Memory (GEM) model. This innovative approach grasps the connections between different 
distributions or tasks, allowing it to forecast outcomes for both familiar and novel tasks without 
needing specific task information [29]. 

3.5. Multi-sensor learning 

The brain’s capacity to integrate multi-sensor information is a critical trait that allows it to 
interact with the world in a cohesive, resilient, and efficient manner.  Different types of sensors,  
like those for vision and hearing, can work together to create combined or improved 
representations. This is important for understanding and reacting to the environment. When 
different sensor inputs are processed together, it helps us recognize things and make decisions 
based on what we’ve learned before. Learning from multiple sensors is a changing process 
affected by short-term and long-term factors [13]. Perceptual representations that are learned 
and link progressively complicated information qualities at a greater level e.g., semantic 
concurrency. Multi-sensor integration perceptive mechanisms become more complex. beginning 
with minimal processing skills throughout development and gradually specializing in 
increasingly difficult cognitive tasks sensorimotor experience is used to perform functions. 
Modeling multi-modal learning from a computational standpoint can be beneficial for a variety 
of reasons. Firstly, the design of multi-sensor functions is aimed at providing consistent 
responses even when faced with uncertain sensory data. This is achieved by using models of 
causal inference to resolve conflicts between different sensory inputs. For example, when audio 
and visual information doesn’t match, these models help in making sense of the situation. 
Secondly, the information in one form of sensory input is used to reconstruct the missing 
information in another form. Moon, Kim, and Wang [3] proposed the utilization of multi-modal 
processing to address an audio-visual recognition challenge, where information from one 
modality is transferred to an- other. They suggested that abstract representations derived from 
a network encoding the source modality can be employed to refine the network in the target 
modality. This approach helps mitigate the issue of imbalanced data availability in the target 
modality. Additionally, they introduced a deep architecture that models cross-modal 
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expectation learning. After a training phase using multi-modal audiovisual in- formation, uni-
sensory network channels can reproduce the predicted output from the other modality. 
Furthermore, attention processes play a crucial role in handling significant information within 
complex contexts and effectively trigger goal-directed actions from continuous streams of multi-
sensory input, particularly in lifelong learning scenarios. To constantly influence perception, 
cognition, and b e havior 

 

Figure 3. Various CL strategies in relation to the four approaches [32]. in autonomous agents, 
these mechanisms can be represented by incorporating a combination of external properties from 
cross-modal input, acquired associations and correspondences between different modalities, and 
internally generated expectations [66]. 

3.6. Modular Continuous Learning 

The Modular Continuous Learning Framework (MCLF) is designed to facilitate 
autonomous  and  open- ended learning in robots. The MCLF comprises three main 
components: a Goal Discovery Module, a Goal Management Module, and a Learning Module. 
The Goal Discovery Module autonomously identifies objectives for the robot, while the Goal 
Management Module prioritizes and organizes these objectives. The Learning Module utilizes 
reinforcement learning algorithms to acquire the necessary skills to achieve the identified goals. 
[14] 

The autonomous behavior in robots and underscores the necessity of a goal management 
module for effective prioritization of goals is the significance of modular approach.   It also 
highlights the flexibility of the framework, permitting the utilization of various clustering 
algorithms for goal discovery and reinforcement learning algorithms for goal attainment. The 
study validates the comprehensive nature of the proposed framework by meeting three 
essential criteria:  goal discovery, goal management, and goal learning. The primary 
contribution lies in presenting a continuous learning framework that autonomously discovers 
goals, stores and recalls learned knowledge, and learns to achieve self-discovered goals in an 
open-ended manner. The framework facilitates autonomous and flexible learning for robots, 
enabling them to adapt to dynamic environmental changes. The experimental validation 
confirms the effectiveness of the MCLF in promoting autonomous and open-ended learning 
in robots. The robot, when introduced to a new environment, autonomously formulated and 
acquired new goals, the Modular Continuous Learning Framework can continually learn and 
adapt in diverse settings. 

3.7. Hybrid based Learning 
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Models trained using the previously mentioned methods are unable to scale up as the 
complexity of the data and tasks rises. This is caused by memory depletion from storing samples 
for practice or capacity overload caused by weights frozen from previously learned jobs [2]. This 
issue may be solved by allocating more neural resources to enhance the capacity, either by 
enlarging the trainable parameters or letting the architecture expand to accommodate the 
heightened complexity as explained in Figure 3 The model is expanded by adding more neurons 
or network layers [17] as and when necessary, starting with a very simple design. It is possible 
to manage the model’s performance, based on how well it performs on tasks that have been 
previously learned, how the brain responds to data samples, or how well the model uses its 
existing set of parameters to complete new tasks. These models are efficient in preventing 
catastrophic forgetting and enabling ongoing information learning [9], despite the additional 
difficulty of adding new brain resources. 

In addition, in Table 2 the learning methodologies, the associated difficulties, and potential 
solutions are described in detail. This research made every effort to condense and organize the 
advice as effectively as it could. 

Table 2. A summary of the constraints for learning techniques, as well as their recommended 
solutions. 

Learning 
Approaches Dilemma/Challenges Proposed Solutions Reference 

Reinforcement Sample  inefficiency,   
Exploitation Experience Replay, Dual [68], [42],[21], 

Learning dilemma, Catastrophic Memory Architectures,  Actor- [39],[56] 
 Forgetting Critic Architectures, Continual  
  Learning Frameworks  
Model-based Model Inaccuracy, Model Mis- Model Regularization, Un- [44],[15],[33], 
Learning match, Model Complexity Certainty Estimation, Model [67], [23] 
  Selection, Continual  Learning  
  Frameworks  

Developmental 
Slow Learning,  Task  
Interference, Curriculum Design, Self-paced [23], [47], [55], 

and Curriculum Limited Capacity Learning,  Dynamic   Learning [69], [4], [51] 
Learning  Rate, Continual Learning  
  Frameworks  
Transfer Learning Negative Transfer, Domain Domain Adaptation, Meta- [70], [30], [37], 

 Shift, Task  Distribution  Mis- 
learning, Shared
 Representations [49], [67], [51] 

 match Continual Learning  
  Frameworks  
Multisensory Sensorimotor Integration, Sensor Sensor Fusion, Multimodal [31], [10], [40] 
Learning Mismatch, Redundancy Learning,  Transfer   Learning,  
  Continual Learning Frame-  
  works  
Hybrid-based Model-Free and  Model-Based Hybrid  Architecture   Design, [61], [20], [63], 
Learning Tradeoffs,   Sample   Efficiency, Model  Compression,  Transfer [60], [52], [48] 
 Scalability Learning, Continual  Learning  
  Frameworks  

4. Ablation Study 

Multiple concepts emerge as crucial for accurately characterizing learning algorithms 
within the context of continual learning (CL), facilitating fair comparisons between them, and 
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enabling their transfer from simulated environments to real-world autonomous systems and 
robotics. 

First and foremost, Table 2 determines the specific challenge that needs to be tackled as well 
as the restrictions that exist. The methodology should aid in the classification of various 
environments. This formal phase aids in determining the best path to take and recognizing 
parallels with other situations. 

Second,  in the same vein as defining what to learn,  defining the degree of supervision 
that can provide to the learning algorithm is critical e.g. data distribution and the number of 
instances/classes of each task. Finally, it’s critical to specify exactly what the algorithm’s expected 
performance is. The collection of metrics and benchmarks should aid in defining and expressing 
the dimension of assessment for crucial qualities to consider in the construction of embodied 
agents that learn continuously. A series of recommendations for more concrete indicators of 
what we think is worth evaluating while developing a CL method is explained in the 
discussion. 

Reinforcement learning has its own set of difficulties, including sample inefficiency and the 
problem of catastrophic forgetting, which may be resolved with dual memory architectures and 
continuous learning. Model-based learning has some drawbacks, such as accuracy problems caused 
by complicated models being used with simple models, which may be reduced by employing 
regularization and the optimum model choice. Self-paced and dynamic learning rates can 
address the poor learning and restricted capacity challenges in curriculum learning. Another 
well-known approach is transferring learning, which has several known issues including 
negative transfer, domain shift, and task distribution. Domain adaptation and shared learning 
are the suggested fixes, and both are highly good at transferring knowledge. Hybrid learning is 
now the finest teaching technique available. The most effective learning strategies to date are 
compression and hybrid continual learning model designs, which overlap the weaknesses and 
strengths of existing learning strategies, as summarized in Table 2. 

4.1. Opportunities for continual learning in robotics 

In this discussion, the focus is on the symbiotic relationship between robots and Continual 
Learning (CL) algorithms. A robot, being an agent engaged in real-world interactions, lacks the 
ability to revisit and improve past learning instances, a fundamental characteristic setting it apart 
from other learning models. These inherent limitations of robotic systems render them an ideal 
scenario for exploring and optimizing CL algorithms. Given the constraints in power and 
memory often encountered in robotic platforms, CL endeavors to enhance learning 
methodologies to align with these limitations. 

Robots possess a wealth of experiential data due to their direct interaction with the 
environment, presenting a promising avenue for grasping the concept of causality and extracting 
diverse knowledge from various sensory inputs such as images, sound, and depth. Leveraging 
this comprehensive experiential data allows for the creation of robust representations essential 
for effective CL algorithm performance. Despite the apparent compatibility  of  CL  with  
robotics,  contemporary  CL  approaches  primarily  concentrate on domains unrelated to 
robotics, notably emphasizing experiments in image processing or simulated environments. 

In conclusion, the present status of continuous learning is discussed, and the suggested 
framework is used to demonstrate several techniques. The most recent assessment techniques 
and benchmarks for continuous learning algorithms are outlined. This article urges the AI 
community to improve the categorization and comparative analysis of techniques, while also 
adapting to the challenges encountered in the modern industry. Robotics and machine 
learning are two disciplines that are developing quickly. To comprehend one another and gain 
success, it is essential to discover solutions that would facilitate transfer across the two areas, 
as this paper summarizes. 

5. Conclusion 
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Artificial systems and autonomous agents that interact with real-world data, which is 
frequently non- stationary and temporally correlated, encounter a challenging component: 
lifelong learning. The brain is still the best model for lifelong learning, making learning models 
with biological inspiration an enticing choice. Even when biological desiderata are ignored, the 
overall idea of structural plasticity is widely employed across the machine learning literature 
and constitutes a viable answer to lifelong learning. To mitigate catastrophic forgetting and 
interference, various computational solutions have been proposed, involve controlling the 
inherent flexibility of the system to maintain learned information, and adapting by adding new 
neurons or network layers to handle new information, and employing complementary 
learning networks that leverage past experiences. Despite significant advancements, 
contemporary models of lifelong learning still face limitations in terms of adaptability, resilience, 
and scalability. 

The most common lifelong learning deep and shallow learning models are supervised and 
rely on vast quantities of annotated data acquired in controlled contexts. Autonomous agents or 
robots operating in extremely dynamic, unstructured contexts cannot benefit from such a 
domain-specific training approach. To combine several techniques that include a range of 
elements found and explained in terms of challenges and their concerning solutions. The 
effectiveness of the model for later learning tasks may be improved by empirically identifying 
the most effective neural network design and initial patterns of connection. The utilization of 
curriculum and transfer learning methods is vital for leveraging previously acquired 
information and skills to solve problems in new domains by sharing both low-level and high-
level representations. Intrinsic motivation-based approaches play a crucial role in enabling 
autonomous learning agents and robots to generate their own objectives, facilitating an 
iterative process of exploration and the gradual acquisition of increasingly complex abilities. 
Additionally, integration is a fundamental characteristic of autonomous agents and robots 
operating in dynamic and noisy environments, enabling them to learn and behave reliably even 
in uncertain conditions. 
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