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Introduction
Machine learning algorithms are powerful tools for detecting intrusion attempts in 

network traffic. Traditional signature-based intrusion detection systems work by comparing 
network traffic to a database of known attack signatures. However, this method has its 
limitations. Attackers can easily modify their attack signatures to bypass detection, rendering 
signature-based IDS ineffective. Machine learning IDS, on the other hand, can learn to detect 
new attack patterns and tactics without the need for explicit signature updates. However, ML-
based IDS requires regular model updates to keep up with the ever-evolving threat landscape. 
This is a tedious and resource-intensive process, and even a small delay in updating the model 
can expose the network to significant security risks. This is where a self-update machine 
learning system (SUMS) comes in. A SUMS automates the process of updating the model, 
making it more efficient and less prone to human error.

Benefits of a SUMS for IDS
The main benefit of a SUMS for IDS is the ability to maintain optimal performance even 

in the face of new threats. When the model is not updated regularly, it becomes less effective 
in detecting new attacks, resulting in a higher false-negative rate. This, in turn, increases 
the likelihood of successful attacks on the network. A SUMS automates the process of 
model updates, ensuring that the model is always up-to-date and able to detect new threats 
effectively. Another benefit of a SUMS is the reduction in the workload for security analysts. 
Updating the model manually is a time-consuming and laborious process. With a SUMS in 
place, security analysts can focus on other critical tasks, such as investigating alerts and 
responding to incidents.

Challenges of a SUMS for IDS
Despite its benefits, implementing a SUMS for IDS poses some challenges. One major 

challenge is the potential for model drift. Model drift occurs when the distribution of data 
used to train the model changes over time. This can happen as attackers change their tactics 
or as the network undergoes changes. As a result, the model may become less accurate in 
detecting new attacks. To address this challenge, the SUMS must be designed to detect and 
correct model drift automatically. Another challenge is the risk of model poisoning. Model 
poisoning is a type of attack where an attacker introduces malicious data into the training 
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dataset to manipulate the model’s behavior. A SUMS must be 
designed to detect and prevent model poisoning attacks to ensure 
the integrity of the model.

Approaches to implementing a SUMS for IDS
There are several approaches to implementing a SUMS for 

IDS. One approach is to use an ensemble of models. An ensemble 
is a group of models that work together to make decisions. Each 
model in the ensemble is trained on a different subset of the data. 
This approach can help mitigate the risk of model drift and model 
poisoning by ensuring that the overall system is robust to attacks. 
Another approach is to use online learning. Online learning is a 
type of machine learning that updates the model in real-time as 
new data arrives. This approach can help address the challenge of 
model drift by allowing the model to adapt to changes in the data 
distribution as they occur.

Conclusion
In conclusion, a self-update machine learning system (SUMS) 

can help maintain optimal performance for intrusion detection 
systems (IDS) by continuously updating the model to account for 
new attack patterns and tactics. A SUMS automates the process 
of updating the model, making it more efficient and less prone to 
human error. The benefits of a SUMS include improved detection 
rates, reduced workload for security analysts, and enhanced security 

posture for the network. However, implementing a SUMS for IDS 
poses some challenges, including model drift and model poisoning. 
To address these challenges, the SUMS must be designed to detect 
and correct model drift automatically and prevent model poisoning 
attacks. Approaches to implementing a SUMS for IDS include using 
an ensemble of models and online learning. In summary, a SUMS 
is a promising solution to the challenge of keeping IDS up-to-date 
with the ever-evolving threat landscape. As the threat landscape 
continues to evolve, it is essential to explore new and innovative 
ways of improving the effectiveness and efficiency of IDS. A SUMS 
is one such solution that holds great potential in the fight against 
cyber threats [1-3].
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