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1. Introduction
Many contemporary applications, such as smart grid management, 
robotic production, and tailored marketing, now depend heavily 
on intelligent agents. The ability of these agents to sense their 
surroundings, reason from them, and carry out activities on their 
own is intended to greatly increase operational efficiency and spur 
creativity. For example, robotic systems in manufacturing lines 
enhance production processes with little human participation, 
while personalized marketing algorithms evaluate consumer 
behaviour to tailor adverts. In order to increase efficiency and 
decrease outages, intelligent agents in energy management track 
and modify the distribution of electricity in smart grids.

Although intelligent agents possess advanced skills, they are subject 
to significant limitations that may compromise their dependability 
and efficiency. Problems including data-driven models’ innate 
biases, their inability to adjust well to new circumstances, and 
the difficulty of making ethical decisions can all have detrimental 
effects. Biased recommendation algorithms, for example, have 
the potential to sustain unfair consumer practices, while robotic 
manufacturing system mistakes could result in subpar products or 
production delays. In a similar vein, computational errors leading 
to administration of smart grids could cause power outages or 
inefficiencies.

It is critical to recognize and deal with these constraints in order 
to guarantee the ethical and safe application of intelligent agents. 
Optimizing these agents’ functionality and preventing potential 
hazards need efficient monitoring and assessment of their 

performance in crucial areas including manufacturing, energy 
management, and marketing. This study explores the functional, 
ethical, technical, and practical limitations that intelligent agents 
must overcome and suggests ways to overcome them. It also 
evaluates the impact these constraints have on different industries 
and the general welfare of society, offering suggestions on how 
to optimize the advantages of intelligent agents while minimizing 
their drawbacks.

2. Limitations of Agents
2.1. Limited Computational Complexity
The amount of computer resources (such as time and memory) 
needed for an intelligent agent to carry out its tasks is referred to as 
computational complexity. Agent performance can be drastically 
slowed down by high computational complexity, which turns them 
unsuccessful or even unsuitable for real-time applications. This 
restriction is problematic because it might render it more difficult 
to deploy agents in applications like instantaneous trading systems 
or autonomous cars, where rapid response is critical.

Examples of Highly Computational Tasks:
• Natural Language Processing (NLP): Applications of NLP 
such as sentiment analysis, language translation, and speech 
recognition involve a large computer horsepower to analyze and 
comprehend human language immediately.
• Deep Learning: Deep neural network training consumes a lot 
of computation and time, particularly for networks with multiple 
levels and features. For example, training models similar to GPT-3 
must analyze large amounts of text data, which in turn requires a 
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lot of computational capacity and time.

Impact on the Functioning of the Agent:
In instances where immediate or close to immediate answers 
are required, slow processing speeds might be caused by high 
computational demands.

• High Resource Usage: The scalability of agent-based systems 
may be constrained by the significant energy consumption and cost 
implications of heavy computational activities.
• Installation Challenges: Agents that have considerable 
computational requirements might not be compatible with 
environments having scarce resources, including embedded 
technologies or mobile devices.

Example: Real-time recognition of images and evaluation are 
critical for self-driving cars. Massive amounts of data from sensors, 
LIDAR and cameras, must be examined by the car’s processor in 
order for it to identify objects (obstacles in the path), predict how 
the car is moving, and make rapid decisions about the best way 
to drive. These tasks have a significant computation complexity, 
which can cause disruptions and affect the performance and 
security of the vehicle.

Why the Problem Hasn’t Been Solved Yet:
• Technology Limitations: While recent developments, like GPUs 
and TPUs, have improved processing power, it is still inadequate 
for the most intensive real-time applications, particularly in 
settings with limited space or resources.
• Algorithmic Complexity: A substantial number of deep learning 
and artificial intelligence algorithms are conceptually complicated 
and require an enormous amount of processing power. It is a 
continual effort to simplify these algorithms without compromising 
the effectiveness they offer.
• Energy Efficiency: A lot of high-performance hardware uses 
a lot of energy, which is not practical for numerous applications 
when used constantly. One major challenge still remains in the 
development of more energy-efficient hardware and algorithms.
• Scalability: It can be expensive and logistically challenging 
to scale up the facilities needed to handle massive amounts of 
computations. Although cloud-based and distributed computing 

are favourable, they are accompanied with latency and privacy 
concerns for data.

To sum up, the deployment of intelligent agents in real-time 
applications is still hindered by computational complexity. Large 
amounts of computational power are needed for tasks like deep 
learning and natural language processing, which can result in 
poorer performance and greater prices. The integration of these 
agents into contexts with limited resources is further complicated 
by their high resource consumption and installation issues.

Problems like as scalability, algorithmic complexity, and energy 
inefficiency persist in obstructing advances in algorithm creation 
and processing technologies. Resolving these issues is critical to 
enhancing the viability and effectiveness of intelligent agents in 
scenarios requiring dependable and quick reactions.

2.2.  Limited Data Quality and Availability
Intelligent agent learning and functioning involve high-quality 
data. Agents may acquire knowledge efficiently, make educated 
choices, and operate reliably when they have access to precise, 
comprehensive, relevant data. Poor data quality can result in 
misleading conclusions, decreased effectiveness, and an overall 
drop in system credibility.

Complications with Noise and Data Sparsity:
• Data Sparsity: When it comes to machine learning models, 
which depend on enormous databases for pattern identification 
and estimation, insufficient information might result in insufficient 
understanding and poor adaptation. This hinders the agent’s 
capacity to run effectively under a variety of unanticipated or 
distinct conditions, which is problematic. Data sparsity typically 
stems from the inability to obtain thorough datasets or from the 
uncommon nature of some events, which makes it tricky to collect 
significant appropriate information.
• Data Noise: The performance of models can be adversely 
affected by replicated, invalid or unrelated information. Errors in 
detectors, data entry, and unimportant data are only a few of the 
contributors of noise. As a result, the agent’s dependability might 
decline by making errors in judgment.
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Problems like as scalability, algorithmic complexity, and energy inefficiency persist in obstructing advances in algo-
rithm creation and processing technologies. Resolving these issues is critical to enhancing the viability and effec-
tiveness of intelligent agents in scenarios requiring dependable and quick reactions.

2.2 Limited Data Quality and Availability

Intelligent agent learning and functioning involve high-quality data. Agents may acquire knowledge efficiently,
make educated choices, and operate reliably when they have access to precise, comprehensive, relevant data. Poor
data quality can result in misleading conclusions, decreased effectiveness, and an overall drop in system credibility.

Complications with Noise and Data Sparsity -

• Data Sparsity: When it comes to machine learning models, which depend on enormous databases for pattern
identification and estimation, insufficient information might result in insufficient understanding and poor adap-
tation. This hinders the agent’s capacity to run effectively under a variety of unanticipated or distinct conditions,
which is problematic. Data sparsity typically stems from the inability to obtain thorough datasets or from the
uncommon nature of some events, which makes it tricky to collect significant appropriate information.

• Data noise: the performance of models can be adversely affected by replicated, invalid or unrelated information.
Errors in detectors, data entry, and unimportant data are only a few of the contributors of noise. As a result, the
agent’s dependability might decline by making errors in judgment.
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Impact on the Functioning of the Agent:
• Minimized Accuracy: Agents that have been educated on faulty 
data might draw conclusions or predict things inappropriately, 
which would lower their ability to perform.
• Higher Error Rates: The results of the agent could become less 
trustworthy due to noise in the data producing greater error rates.
• Limited Generalization: Agents’ usefulness may be restricted 
by inadequate information if it prevents them from extending 
securely to fresh and unanticipated conditions.

Example: To make accurate determinations in the medical field, 
intelligent diagnostic systems need to have access to high-
quality healthcare information. The precision of the system may 
be impacted by oversights, insufficient values, or insignificant 
information in the data being used for training, which could result 
in faulty diagnosis and treatment recommendations.

Why the Problem Hasn’t Been Solved Yet:
• Data Acquisition Obstacles: Compiling extensive, high-quality 
datasets can often be costly and time-consuming. Legal constraints, 
privacy concerns, and data ownership disputes can all make data 
collection more difficult.
• The intricate nature of Data Cleaning: Processing and cleaning 
data to get rid of noise and fill gaps is a challenging and lengthy 
procedure. Although there are automated data cleaning strategies 

available, they can add problems of their own and are not always 
successful for all types of data.
• Dynamic Environments: The environment is changing all the 
time in numerous applications, which results in data that is out of 
date. It takes a lot of assets to continuously collect and modify data 
in order to keep datasets refreshed.
• Interoperability Issues: Variations and conflicts are frequently 
encountered when merging data from multiple sources. Enabling 
interoperability between systems and established data formats are 
ongoing concerns.

In conclusion, the quality of the data that intelligent agents use for 
operation and learning has a significant impact on their effectiveness. 
While inadequate data quality can result in misleading outcomes 
and decreased reliability, high-quality, complete data enables 
agents to make accurate judgments and operate efficiently. These 
problems are made worse by problems like noise and sparsity in 
the data, which leads to less generalization, increased error rates, 
and decreased accuracy. Obstacles including exorbitant expenses, 
regulatory restrictions, and the dynamic nature of surroundings 
continue to exist despite efforts to enhance data collecting and 
cleaning. Improving intelligent agents’ reliability and performance 
in a variety of applications requires addressing these problems.
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2.3.  Low Scalability
Scalability is the capacity of an agent system to cope with 
increasing workloads or to be swiftly expanded. It can be tough 
to scale agent systems to support more users, broader datasets, 
or complex circumstances because of the growing demands on 
storage, network connection speeds, and computing power.

Limitations in Handling Large Datasets -
• Resource Limitations: The processing and storage requirements 
rise exponentially with the amount of data and the difficulty of the 
assignment. This often ends up in shortages of resources, which 
make performance management tough.
• Network Latency: Communication between various nodes 
is frequently necessary for scaling in distributed structures. 
Performance can be adversely affected by high network latency, 
particularly in applications that function in real time.
• Coordination Expense: Scalability may be hindered by the large 
coordination overhead that comes with coordinating the actions of 
multiple agents across scattered systems.
• Scalability of Algorithms: Not every algorithm expands 
efficiently. The computational complexity of many machine 
learning and artificial intelligence algorithms escalates dramatically 
with the sheer amount of information being provided.

Impact on the Functioning of the Agent:
• Deteriorating Performance: Sustaining performance becomes 
problematic as the system develops, which causes slower response 
times and reduced productivity.
• Increased Costs: Extending the hardware and network 
capabilities of a system can be expensive to construct. Scaling 
agent systems becomes financially challenging as a result, 
particularly for smaller companies.
• Complex Administration: The probability of faults and system 
malfunctions doubles with the size and degree of complexity of the 
system, prompting more complex management and governance.

Example: The recommendation systems in online shopping 
platforms have to manage tremendous amounts of user and product 
data. The system has to grow so as to keep offering quick, precise 
recommendations as the number of users and products gets higher. 
This implies a lot of computational capacity along with efficient 
data handling, which can be tricky and costly to carry out.

Why the Problem Hasn’t Been Solved Yet:
• Financial Constraints: A substantial financial investment 
in infrastructure, software, and hardware must be made for 
scaling. Too many businesses lack the resources required to grow 
adequately.

• Technological Obstacles: Despite improvements, current 
technology is still insufficient to accommodate complex systems 
reliably without compromising performance.
• Algorithmic Limitations: A lot of the algorithms in practice 
today were not created with scalability in mind, and in order to 
make them simpler to scale, significant alterations must be made.
• Functional Challenges: It can be complicated to fully address 
additional operational shortcomings like consistent data, failure 
tolerance, and cybersecurity that occur when scaling a system.

In essence, controlling growing workloads and extending 
capabilities makes scalability an essential yet difficult component 
of designing agent systems. Systems may find it difficult to scale 
as a result of issues like resource shortages, network latency, 
coordination overhead, and inefficient algorithms. These problems 
frequently result in declining productivity, increased expenses, and 
difficult management. Recommendation systems used in online 
purchasing, for example, have to process large volumes of data 
quickly and accurately, which is expensive and computationally 
difficult. Scalable solutions are nevertheless hindered by 
technological restrictions, cost constraints, and the requirement 
for algorithmic changes, even with breakthroughs in technology. 
Resolving these issues is crucial to enhancing agent systems’ 
capacity to expand and adjust to changing requirements.

2.4.  Slow Real-Time Processing
Applications requiring immediate responses, such as emergency 
assistance systems, self-driving cars, and financial trading, depend 
heavily on data processing in real time. For these systems to be 
both secure and productive, they must be able to comprehend data 
and make assessments under tight time limitations.

Limitations in Processing Speed and Latency - 
• High Transmission Latency: In applications that operate in real 
time, delays in data processing can lead to verdicts that are out-of-
date or inappropriate.
• Dealing with Blockages: Because of the substantial quantity 
and pace of incoming data, real-time systems frequently encounter 
bottlenecks. It is difficult to guarantee that the system can endure 
high load conditions without witnessing performance decline.
• Data Efficiency: The system’s computational capability and 
network bandwidth influence how quickly information can be 
processed. Real-time functionality must be preserved at times of 
high data traffic.
• Integration Issues: Increased latency can be observed in 
distributed real-time systems when syncing data across several 
nodes to ensure uniformity.
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Figure 2. Real-Time Data Processing Constraints

Impact on the Functioning of the Agent -

• Delayed responses: Computing bottlenecks and high latency cause slowed responses, which can be harmful in
critical applications like self-driving vehicles or medical surveillance.

• Inaccurate judgments: The agent’s productivity may be diminished if it is unable to evaluate data in real-time
and arrive at judgments based on outdated or incomplete data.

• User discontent: Slow response times in customer applications may bring about unpleasant user experiences
which can even scare away users.

Example: Milliseconds can determine the time frame between a profit and a loss in high-frequency trades. Trading
algorithms must process data from the market and conduct out trades somewhat instantly. Major financial losses
and missed trading opportunities could occur from high latency or execution delays.

Why the Problem Hasn’t Been Solved Yet -

• Hardware Limitations: Despite significant improvements in computing power, current hardware is still unable
to keep up with the intensive real-time applications.

• Software Optimization: Developing software that is effective and able to process information in real-time is
challenging and usually calls for particular expertise and approaches.

• Network Latency: Especially when navigating large data volumes and faraway locations, reducing network
latency in distributed networks is a major hardship.

• Complexity of Real-Time Algorithms: Many current algorithms are not optimized for tasks like this, and it
is naturally challenging to design algorithms that can deal with data in real-time without sacrificing precision or
consistency.

• Scalability Issues: One of the key hurdles facing current systems as they grow is conserving high performance
with minimal delays.

In conclusion, quick data processing is essential to the efficacy and safety of real-time applications like financial
trading, autonomous vehicles, and emergency support systems.

Figure 2: Real-Time Data Processing Constraints

Impact on the Functioning of the Agent:
• Delayed Responses: Computing bottlenecks and high latency 
cause slowed responses, which can be harmful in critical 
applications like self-driving vehicles or medical surveillance.
• Inaccurate Judgments: The agent’s productivity may be 
diminished if it is unable to evaluate data in real-time and arrive at 
judgments based on outdated or incomplete data.
• User Discontent: Slow response times in customer applications 
may bring about unpleasant user experiences which can even scare 
away users.

Example: Milliseconds can determine the time frame between a 
profit and a loss in high-frequency trades. Trading algorithms must 
process data from the market and conduct out trades somewhat 
instantly. Major financial losses and missed trading opportunities 
could occur from high latency or execution delays.

Why the Problem Hasn’t Been Solved Yet:
• Hardware Limitations: Despite significant improvements in 
computing power, current hardware is still unable to keep up with 
the intensive real-time applications.
• Software Optimization: Developing software that is effective 
and able to process information in real-time is challenging and 
usually calls for particular expertise and approaches.
• Network Latency: Especially when navigating large data 
volumes and faraway locations, reducing network latency in 
distributed networks is a major hardship.
• Complexity of Real-Time Algorithms: Many current algorithms 
are not optimized for tasks like this, and it is naturally challenging 
to design algorithms that can deal with data in real-time without 
sacrificing precision or consistency.
• Scalability Issues: One of the key hurdles facing current systems 
as they grow is conserving high performance with minimal delays.

In conclusion, quick data processing is essential to the efficacy and 
safety of real-time applications like financial trading, autonomous 
vehicles, and emergency support systems.

Issues with data efficiency, processing bottlenecks, excessive 
transmission delay, and integration can all have a negative effect 
on how well these systems operate. These restrictions frequently 
result in sluggish replies, imprecise assessments, and unhappy 
users. For instance, even little delays in high-frequency trading 
can lead to large losses in terms of money. Even with these 
developments, real-time algorithm complexity, network latency, 
hardware constraints, and software optimization issues remain 
major roadblocks. Improving the efficiency and dependability of 
systems that need fast, precise responses depends on resolving 
these problems.

2.5. Limited Understanding and Context Awareness
An agent must possess knowledge of context in order to properly 
understand its immediate environment and the specific situations 
in which it is operating. It is difficult to achieve real context 
awareness because it requires the agent to assess many different 
variables, such as interpersonal, geographical, and time-related 
aspects, and adjust its behaviour accordingly.

Ambiguity in Language: Unclear notions are common in natural 
language and must be understood in the larger context for them to 
be accurately translated.

Dynamic Surroundings: Agents find it a challenge to retain 
an adequate grasp of background information since real-world 
surroundings are constantly evolving.

Multimodal Data Integration: It can be complex to incorporate 
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and evaluate data from different mediums (such as written, audio, 
and visual) to establish an interconnected framework.

Examples of Misinterpretations and Misunderstandings:
• Virtual Assistants: When words are used vaguely, a virtual 
assistant may misunderstand a command. For instance, "Set an 
alarm for two minutes" could be determined wrongly as intending 
to set a timer for two minutes rather than an alarm in two minutes.
• Self-driving Vehicles: Potential security hazards could arise if 
an autonomous car misreads a stop sign that has been partially 
covered by lush vegetation.

Impact on the Functioning of the Agent:
• Flawed Decisions: An agent’s functionality may be diminished 
if they take improper or erroneous actions due to a lack of 
background information.
• Decreased User Trust: A system’s acceptance and implementation 
may be restricted due to repeated misinterpretations that weaken 
user trust towards it.

In conclusion, for intelligent agents to correctly perceive and react 
to their surroundings, they must possess strong context awareness. 
Real context awareness is hard to achieve because of issues 
including multimodal data integration, changeable environments, 
and language uncertainty. Misunderstandings, like those involving 
self-driving cars and virtual assistants, can result in poor choices 
and security hazards. These problems have the potential to impair 
an agent’s performance and undermine user confidence, which 
will ultimately impact the efficacy and adoption of the system. 
Improving the precision and dependability of intelligent agents in 
intricate, real-world situations requires tackling these obstacles.

2.6.  Lack of Generalization
The ability of an agent to pass along information from a particular 
setting to another that is interconnected but different is known 
as generalization. Because of the individualized nature of their 
training data and algorithms, agents frequently encounter struggles 
to generalize across different industries.

Overfitting: While an agent trained on one dataset in particular 
may work well in that environment, it could not be able to 
generalize to new, unexplored information.

Domain-Specific Features: It could prove problematic to transfer 
learning to other different domains because many models primarily 
depend on features unique to their learning context.

Examples of Agents Failing to Generalize -
• Healthcare Detection Systems: When dealing with patient data 
from a different hospital that has separate statistics and health 
features, an agent trained to diagnose diseases using data from one 
hospital could find it difficult to adapt.
• Speech Recognition Systems: A system that has been trained on 
American English may not be as reliable when it comes to accents 
or ethnicities that are not included in their established training set.

Impact on the Functioning of the Agent -
• Limited Relevance: Agents with poor generalization skills are 
only beneficial in specific scenarios or environments, which lowers 
their general effectiveness.
• Incompatible Performance: The agent’s performance can 
fluctuate greatly between environments, making it unreliable.

In conclusion, generalization is a crucial skill for intelligent beings 
because it allows them to transfer knowledge from one context 
to another that is related but distinct. Nonetheless, obstacles like 
overfitting and dependence on domain specific characteristics may 
impede an agent’s capacity for efficient generalization. Healthcare 
detection systems and speech recognition technologies serve as 
examples of how agents that have been trained in one domain may 
find it difficult to work with new or varied data. These restrictions 
have an adverse influence on the agent’s overall efficacy and 
dependability in a variety of situations by reducing relevance and 
producing inconsistent performance. Improving the adaptability 
and usefulness of intelligent agents in a variety of applications 
requires addressing these problems.
 
2.7. Dependency on Predefined Rules and Models
Rule-based systems construct their decision-making and task-
execution on established standards and models. They operate 
poorly in dynamic or unforeseen situations, even if they can be 
useful for clearly defined tasks.

Rigidity: Rule-based systems are not responsive to changes 
or deviations that fall outside of the scope of their established 
principles.

Scalability Issues: It is hectic and unrealistic to create and maintain 
an extensive compilation of rules for each complex assignment 
that an agent has to perform.

Challenges with Predefined Models in Dynamic Environments:
• Static Nature: Predefined models make outdated or wrong 
assumptions because they are unable to adjust in immediate time 
to alterations in the environment or new data.
• Lack of Ability to Manage Novel Situations: These systems 
are unable to react suitably to situations that were not planned for 
when the model was created.

Impact on the Functioning of the Agent:
• Reduced Adaptability: Current agents lack a portion of their 
ability to adapt to sudden events or variations in the environment.
• Increased Maintenance Effort: High maintenance expenditures 
result from the need for continuous revisions and alterations to 
the established rule set or model in order to preserve performance.

In conclusion, rule-based systems are less effective in dynamic or 
unexpected situations since they depend on established standards 
and models for decision-making. They are less able to adjust 
to changes and complicated tasks because to their rigidity and 
scalability problems. Due to issues including their static nature 
and incapacity to deal with new situations, they are less adaptable 
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and require more upkeep. These restrictions may reduce an agent’s 
overall effectiveness and adaptability, especially in situations 
when prompt responses and real-time adjustments are necessary. 
Resolving these limitations is essential to improving rule-based 
systems’ flexibility and effectiveness.

2.8.  Potential Biases
Intelligent agents may be biased for a number of reasons, such as:
Training Dataset: The agent’s choices will be biased if 
any prejudices in the training data are existent. Historical 

preconceptions, ineffective testing, or inappropriate gathering of 
data can all contribute to this.

Algorithm Construction: Because of their fundamental presump-
tions or architecture, some algorithms could produce biased results 
or favour particular outcomes by default.

Human Impact: Throughout the development and installation 
stages, when the agent’s behaviour is influenced by subjective 
evaluations and decisions, human biases can be introduced.

R&D Division, ArtusAI Workspaces - 9
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Impact of Biased Decisions on Users -

• Discrimination: Decisions that are prejudiced may have discriminatory implications, unjustly preference for or
a disadvantage of a certain set of individuals based on characteristics like age, gender, race, or economic standing.

• Erosion of Credibility: If users believe that intelligent agents are biased or unfair, they may stop engaging with
them and the company that is associated with them. This could result in a decline in the use and dependence on
specific innovations.

• Politics and Morality: In sectors like hiring, financial services, and law enforcement, unfair choices can give
way to constitutional problems as well as ethical uncertainties.

Example: An AI-based recruitment tool trained on historical hiring data could unintentionally reinforce racial
or gender stereotypes found in the original database during the hiring process, leading to discriminatory hiring
decisions.

Why the Problem Hasn’t Been Solved Yet -

• Complexity of Bias: Prejudice is often subtle and complex, making it challenging to pinpoint and fully manage.
• DynamicNature of Justice: Attempts to define fairness are complicated by the fact that people’s views of fairness
can shift over time and differ among different environments and cultures.

Figure 3: Examples of Bias and Impact

Impact of Biased Decisions on Users -
• Discrimination: Decisions that are prejudiced may have 
discriminatory implications, unjustly preference for or a 
disadvantage of a certain set of individuals based on characteristics 
like age, gender, race, or economic standing.
• Erosion of Credibility: If users believe that intelligent agents 
are biased or unfair, they may stop engaging with them and the 
company that is associated with them. This could result in a decline 
in the use and dependence on specific innovations.
• Politics and Morality: In sectors like hiring, financial services, 
and law enforcement, unfair choices can give way to constitutional 
problems as well as ethical uncertainties.

Example: An AI-based recruitment tool trained on historical hiring 
data could unintentionally reinforce racial or gender stereotypes 
found in the original database during the hiring process, leading to 
discriminatory hiring decisions.

Why the Problem Hasn’t Been Solved Yet:
• Complexity of Bias: Prejudice is often subtle and complex, 
making it challenging to pinpoint and fully manage.
• Dynamic Nature of Justice: Attempts to define fairness are 
complicated by the fact that people’s views of fairness can shift 

over time and differ among different environments and cultures.
• Trade-Offs: There are instances when eliminating bias clashes 
with other targets, such boosting accuracy or efficiency, requiring 
tough trade-offs.

To summarize, biased training datasets, algorithmic design, and 
human input during development can all lead to biased intelligent 
robots. Particularly in delicate sectors like recruiting and financial 
services, these biases can cause discriminatory outcomes, 
undermine user trust, and give rise to ethical questions. AI hiring 
tools, for instance, have the potential to reinforce preexisting biases 
and compromise the fairness of hiring procedures. The intricacy of 
bias, the dynamic character of justice, and the compromises made 
between eradicating bias and accomplishing other goals all add 
to the persistent difficulties in tackling this problem. Ensuring 
fairness and preserving confidence in intelligent systems require 
addressing these issues.

2.9.  Integration with Existing Systems
Since historical systems might not be built to handle emerging 
technologies, integrating intelligent agents into them can be 
difficult and complicated.
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Compatibility Issues: Older hardware and software are frequently 
used in legacy systems, which may render them unsuitable with 
emerging protocols and technologies.

Data Incorporation: Due to disparities in data formats, 
frameworks, and storage procedures, ensuring smooth data flow 
between intelligent agents and older systems can be exceedingly 
difficult.

Performance Results: If a legacy system is already at its 
limit, integrating new agents within it can end up in delays and 
performance concerns.

Administrative and Technical Restrictions:
• Technical Roadblocks: These include outdated APIs, hardware 
and software incompatibility, and an absence of information for 
older technologies.
• Organizational Barriers: Lack of specialist knowledge to 
oversee the installation, staff opposition to change from those used 
to old procedures, and inadequate funding for improvements.
• Security Concerns: There may be security risks when merging 
modern agents with older technologies due to weaknesses that 
could become apparent.

Example: For artificial intelligence to identify and react to 
criminal activity instantaneously, the banking industry must ensure 
compatible and smooth data flow when incorporating AI-powered 
fraud detection systems with existing systems for processing 
transactions.

Why the Problem Hasn’t Been Solved Yet:
• Complexities of Legacy Systems: Integration tasks are made 
more difficult and lengthy by the fact that many legacy systems are 
highly individualized and lack guidelines.
• Resource Constraints: Organizations may postpone integration 
efforts due to the unaffordability of upgrading or replacing legacy 
systems.
• Risk Avoidance: Because of the possible dangers and 
disturbances to vital company operations, organizations could be 
reluctant to take on large-scale integration initiatives.

In conclusion, performance limitations, compatibility problems, 
and data integration concerns make intelligent agent integration 
into legacy systems extremely challenging. Modern technology 
integration is made more difficult by legacy systems’ frequent 
struggles with antiquated hardware and software. The integration 
process is made more difficult by organizational and technical 
obstacles such security concerns, antiquated APIs, and opposition 
to change. For instance, maintaining smooth data flow and 
interoperability is necessary for integrating AI-powered fraud 
detection into current financial systems. The intricacy of legacy 
systems, resource limitations, and risk mitigation all play a part in 
the persistent difficulty associated with tackling these integration 
issues. Sufficient resolutions are required to close these gaps and 
improve system performance.

2.10.  High Maintenance
For optimal efficiency, privacy, and relevance, intelligent agents 
need to be upgraded and kept functioning on a regular basis. This 
covers hardware repair, data refreshes, algorithm adjustments, and 
updates to the software.

Software Improvements: Making sure the agent’s software has 
the most recent safety enhancements, bug fixes, and capabilities.

Algorithm Tuning: To maintain or boost performance, algorithms 
should be examined and modified on an ongoing basis.

Data Refreshes: Making certain that the agents’ utilization of 
knowledge is up to date and appropriate.

Hardware Maintenance: Monitoring the reliability of the 
underlying computer equipment in order to activate the agent’s 
capabilities.

Challenges in Keeping Systems Up-to-Date:
• Heavy Assets: Time and skilled workers are among the many 
assets needed for regular upkeep of an agent based system.
• Outages: Repair work can trigger a system to become 
disconnected; which might impact the operations of businesses.
• Complexity of Updates: It might be challenging and potentially 
hazardous to introduce novel issues when trying to update intricate 
systems, especially those that have been integrated into other 
systems.
• Security Risks: Vulnerabilities and breaches of security may 
arise from a failure to update or sustain systems.

Example: In order to give users timely and precise recommendations, 
an AI-driven recommendation system in ecommerce needs to have 
its algorithms for recommending products updated on a regular 
basis, its inventory and customer information refreshed, and its 
foundational components kept up to speed.

Why the Problem Hasn’t Been Solved Yet:
• Cost and Asset Constraints: Many firms may find it difficult to 
dedicate constant funds and human resources to management of 
such systems
• The Degree of Complexity and Interdependencies: Maintaining 
and keeping up modern intelligent systems can be tough due to 
their inherent complexity and countless interconnections.
• Rapid Technical Transformation: Systems call for regular 
updates to stay relevant due to the rapid speed of technical 
breakthroughs, which puts constant pressure on maintenance 
personnel.

In summary, frequent upgrades—including software enhancements, 
algorithm tweaking, data refreshes, and hardware maintenance—
are necessary to ensure the best efficiency, privacy, and relevance 
of intelligent agents. The high resource requirements, possible 
system outages during upgrades, update management complexity, 
and security threats from obsolete systems provide challenges for 
this maintenance. For instance, to ensure optimal performance, an 
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AI-driven recommendation system in e-commerce requires regular 
changes to its hardware, inventory, and algorithms. Because of 
budgetary limitations, the complexity of contemporary systems, 
and the quick speed at which technology is developing, these 
problems are difficult to resolve and require constant attention and 
resources for efficient system administration.

3. Future Directions to Address Limitations
3.1.  Advances in Computational Techniques
The key for addressing computational complexity is emerging 
technological advances. As an example, quantum computing has 
the possibility of processing calculations tenfold quicker than 
those handled by conventional computers, which could completely 
transform industries like artificial intelligence, optimization, and 
encryption. Furthermore, the goal of neuromorphic computing is to 
analyze complicated data with previously unattainable efficiency 
and speed via replicating the neuronal architecture of the human 
brain.

Hardware and software innovations are additionally crucial. 
The capacity for computation has been greatly increased by 
the development of particular types of hardware, such as Field-
Programmable Gate Arrays (FPGAs), Tensor Processing Units 
(TPUs), and Graphics Processing Units (GPUs). Large-scale 
calculations can be handled more effectively on the software 
front courtesy to more efficient approaches, which can be found 
in distributed computing environments like Apache Spark and 
parallel programming.

3.2.  Enhancements in Data Management
Enhancing the quality and accessibility of data is fundamental to 
the progress of intelligent agent systems. Data sparsity problems 
can be mitigated by utilizing novel approaches like federated 
learning, data augmentation, and synthetic data generation, which 
can increase the quantity and variety of instructional data. In 
addition, methods such as normalization, recognizing anomalies, 
and data cleaning are being improved to decrease noise and 
guarantee the reliability and consistency of databases.

Innovative data processing and storage techniques are necessary 
for successfully managing large amounts of data as observed by 
creations such as distributed databases, cloud storage options, 
and real-time data processing frameworks like Apache Kafka. By 
guaranteeing that intelligent agents have access to current, high-

quality information, these technologies assist further enhance their 
functionality and dependability.

4. Conclusion
To summarise, Intelligent agents have limitations that must 
be addressed if they are to continue expanding and becoming 
integrated into an assortment of industries. We may solve many 
of the present issues by working on improvements in data 
management, computing methodology developments, and the 
establishment of ethical frameworks and policies. In order to 
make intelligent agents more productive, trustworthy, and fair, it 
is imperative that these areas receive top priority in the advancing 
research and development procedures. The potential for intelligent 
agents to revolutionize industries along with improving our daily 
lives is sure to keep growing as we construct and enhance these 
systems [1-7].
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