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Abstract 

The evolving sophistication of cyber-attacks calls for cutting-edge, specific solutions that empower 

security experts. While general-purpose Large Language Models (LLMs) have been highly 

versatile, their incapacity to address highly technical and complex domains such as cybersecurity 

requires specialized models. Here, we discuss Security Language Model (SecLM), a security-

focused LLM to address threats, operational fatigue, and talent shortages. SecLM is a layering 

system that uses deep reasoning, RAG, and user-level flexibility to provide concrete insight and 

automated repetitive work. Evaluations show SecLM’s significant performance advantage over 

general-purpose LLMs, with a 15–20% increase in the accuracy of fundamental operations like 

malware detection and query generation. Analysts saw a 40 percent decrease in alert triage time 

and SecLM’s capacity to decipher obfuscated scripts and detect attack pathways generated higher 

than 85% accuracy. It also identifies challenges in scaling SecLM, including ethical problems of 

data privacy and bias, as well as infrastructure and maintenance overhead. Addressing these 

challenges, and bringing innovative solutions such as federated learning and bias detection, 

SecLM is an example of the domain-specific LLM’s promise for changing cybersecurity. All these 

discoveries make it crucial to fuse advanced AI with ethical, cost-effective methods to secure 

complex digital ecosystems. 
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Introduction 

The emergence of large language models (LLMs) has revolutionized problem-solving in numerous 

fields, offering unparalleled capabilities in processing and analyzing complex datasets (Sharma et 

al., 2024). Traditionally, these models have been developed for general-purpose applications, yet 

their true potential lies in addressing domain-specific challenges. Cybersecurity represents a 

critical field where the adoption of LLMs can significantly enhance operational efficiency and 

strategic planning (Khan et al., 2024). However, the sensitive and technical nature of cybersecurity 

demands specialized solutions. The dynamic nature of cyber threats, characterized by constantly 

evolving attack vectors and increasing sophistication, poses a significant challenge for security 

professionals (OWASP, 2023). Compounding this issue are operational bottlenecks caused by 

repetitive tasks and a widespread talent shortage in the industry (Aspy & Proeve, 2017). General-

purpose LLMs, while powerful, lack the precision and domain expertise required to navigate these 

complexities effectively (Ruxton, 2016). To address these gaps, this paper introduces SecLM, a 

security-specialized LLM designed to tackle the unique challenges of cybersecurity (Mylla et al., 

2024). By combining advanced reasoning capabilities, integration with user-specific 

environments, and access to authoritative data, SecLM enables practitioners to efficiently analyze 

threats, automate labor-intensive tasks, and enhance decision-making processes. This study 

provides a comprehensive overview of SecLM's architecture, its application to real-world 

scenarios, and its potential to transform the field of cybersecurity. The remainder of this paper is 

structured as follows: Section 2 presents a review of related work and highlights the challenges in 

cybersecurity. Section 3 discusses the design and methodology of SecLM. Section 4 provides an 

evaluation of the model's performance and results. Section 5 analyzes the implications of these 

findings, and Section 6 concludes with recommendations for future research. 

Literature Review 

Cybersecurity faces a unique set of challenges that make the integration of advanced technologies, 

such as large language models (LLMs), both necessary and complex. These challenges can be 

broadly categorized into three areas: evolving threats, operational toil, and talent shortages. The 

ever-changing threat landscape presents significant difficulties for defenders. New forms of 

malware, phishing attacks, and advanced persistent threats (APTs) emerge daily, demanding 

continuous monitoring and adaptation. As attackers increasingly leverage artificial intelligence 

(AI) to amplify their reach and sophistication, defenders must sift through vast amounts of data to 

identify relevant threats and take timely action (Cantos et al., 2023). Operational toil further 

complicates cybersecurity efforts. Many security professionals are overwhelmed by repetitive 

manual tasks, such as alert triaging and log analysis, which consume valuable time that could be 

used for strategic defense planning (Bommasani et al., 2021). This repetitive work also hinders the 

ability to see the larger picture, which is critical for effective threat mitigation. Finally, the shortage 

of skilled professionals exacerbates the problem. Many organizations struggle to fill cybersecurity 

roles due to a lack of adequately trained personnel, leaving existing staff overburdened and 
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underprepared to address the rapidly evolving threat landscape (Singhal et al., 2023). LLMs have 

shown promise in addressing these challenges. For example, recent studies highlight the 

effectiveness of domain-specific models in translating natural-language queries, automating 

repetitive tasks, and offering context-aware threat analysis (Cantos et al., 2023; Zhang et al., 2019). 

However, the limited availability of publicly accessible cybersecurity data and the need for 

domain-specific reasoning create barriers for general-purpose models (Bommasani et al., 2021). 

To overcome these limitations, SecLM adopts a tailored approach, combining specialized training 

datasets, retrieval-augmented generation (RAG), and flexible APIs. 

Methodology 

The design and development of SecLM center on addressing the core challenges of cybersecurity 

through a multi-layered approach. SecLM integrates LLMs with domain-specific reasoning, 

authoritative data, and user-specific adaptability, forming a robust framework for tackling diverse 

cybersecurity tasks. 

Framework 

SecLM’s training process begins with a foundational model pre-trained on extensive general-

purpose datasets, including structured data, natural text, and code in multiple languages as depicted 

in Figure 1 below. This foundational model undergoes continued pre-training using domain-

specific content, such as threat intelligence reports, security blogs, and IT manuals, to develop its 

understanding of technical language and cybersecurity concepts (Zhang et al., 2019). Proprietary 

and sensitive data are incorporated selectively through parameter-efficient tuning (PET), ensuring 

relevance while maintaining data security. 



Asoronye et al. 2024   SecLM: A Specialized Security Language Model for Advanced Cybersecurity Applications 

and Threat Mitigation 

36 
 

        

Figure 1. Core SecLM and specialized derivative models for high-level training flow 

Here is a detailed explanation: 

Generic Foundational Model: The process begins with a generic pre-trained large language model 

(LLM), which is trained on vast amounts of general-purpose text data. This serves as the 

foundational base, enabling the model to understand natural language effectively. 

Continued Pre-Training: The foundational model undergoes further pre-training using large-scale, 

open-source security-specific datasets. This phase includes security content such as rules, threat 

intelligence reports, and codebases, enhancing the model's familiarity with cybersecurity concepts 

and terminology. 

Supervised Fine-Tuning: At this stage, the model is refined for security-focused tasks by 

introducing proprietary data. This includes using specific datasets relevant to cybersecurity 

scenarios, with an emphasis on ensuring the model can effectively handle data expansion strategies 

while maintaining accuracy. 

SecLM Core Model: The result of the pre-training and fine-tuning stages is SecLM, a core model 

optimized for general cybersecurity tasks. SecLM integrates two critical mechanisms: 

Retrieval-Augmented Generation (RAG): This component ensures that the model can incorporate 

fresh, authoritative information in real-time, either from trusted external sources or the user's 

specific environment. 



        Ekete - International Journal of Advanced Research Vol. 2 No. 6, November 2024 
 

37 
 
 

PET-Based Specialization: PET (Parameter-Efficient Tuning) methods enable fine-tuning of 

SecLM for specific tasks prone to frequent updates or requiring customer-specific adaptations. 

Specialized SecLM Derivative Models: The core SecLM model serves as the foundation for 

creating specialized variants tailored to unique use cases. Examples include: 

Query Language X SecLM: A variant focused on processing and understanding specific query 

languages used in cybersecurity operations. 

Customer Environment SecLM: Customized versions adapted to particular organizational 

environments, integrating proprietary tools, workflows, or operational requirements. 

Key Features Represented in the Diagram 

The flow highlights the modular and adaptable architecture of SecLM, emphasizing a progressive 

development pipeline from general to specialized knowledge, the integration of authoritative, real-

time information (RAG) and efficient customization (PET), and the ability to create bespoke 

solutions tailored to specific security needs while leveraging a robust foundational model. This 

structured approach ensures that SecLM and its derivatives are not only capable of general 

cybersecurity tasks but also adaptable to niche, highly dynamic security challenges. 

Layered Architecture 

SecLM operates across three distinct layers: 

Top Layer: Integrates existing security tools to provide relevant context and implement necessary 

changes. 

Middle Layer: Houses a security-specialized API that combines reasoning and planning 

capabilities. 

Bottom Layer: Includes authoritative data sources and operational expertise for accurate threat 

analysis. 

This architecture enables SecLM to synthesize heterogeneous data sources, perform real-time 

analysis, and offer actionable insights to security practitioners. 

Evaluation Metrics 

To comprehensively assess SecLM's performance on cybersecurity-specific tasks, multiple 

evaluation metrics were selected, each tailored to address distinct dimensions of these challenges: 

Classification Accuracy 
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Cybersecurity tasks, such as malware classification and alert triaging, often rely on accurate 

categorization of data. Classification accuracy quantifies the model's ability to correctly identify 

threats, ensuring its effectiveness in real-world scenarios. 

Similarity-Based Metrics (BLEU, BERTScore) 

Rationale: These metrics measure the quality of generated outputs against reference answers. For 

tasks like generating security event queries or summarizing alerts, BLEU and BERTScore assess 

how well the outputs align with expert-generated gold standards (Papineni et al., 2002; Zhang et 

al., 2019). High similarity indicates that SecLM provides actionable and contextually relevant 

recommendations. 

Human Evaluations 

Many cybersecurity tasks require nuanced reasoning and interpretation. Expert human evaluators 

assess the outputs based on domain relevance, accuracy, and clarity, offering insights that 

automated metrics may not capture. This is especially important for high-stakes applications like 

attack path analysis, where errors can lead to significant risks. 

Preference Comparisons 

Side-by-side evaluations against general-purpose LLMs provide a comparative perspective on 

SecLM's domain-specific strengths. Win rates across tasks such as alert summarization and 

malicious script analysis highlight areas where SecLM excels, reinforcing its suitability for 

cybersecurity applications (Bommasani et al., 2021). 

By employing these diverse metrics, the evaluation ensures a balanced analysis of SecLM's 

capabilities, capturing both quantitative and qualitative dimensions crucial for cybersecurity tasks. 

Results 

SecLM demonstrated superior performance compared to general-purpose LLMs across a variety 

of cybersecurity-specific tasks. This section presents the quantitative outcomes of the evaluations 

and highlights the impact of SecLM's domain-specific optimizations. 

Performance Metrics 

SecLM outperformed general-purpose LLMs in tasks requiring domain-specific reasoning and 

accuracy. Key results include: 

Malware Classification: SecLM achieved an accuracy of 92% on malware classification tasks, 

compared to 78% for a leading general-purpose LLM. This improvement reflects its ability to 

parse and interpret domain-specific patterns in security data. 
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Query Generation: For generating domain-specific security queries, SecLM’s BLEU score was 

0.72, compared to 0.61 for the baseline model (Papineni et al., 2002). Similarly, BERTScore values 

for SecLM averaged 0.84, a 10% improvement over the baseline (Zhang et al., 2019). 

Task-Specific Comparisons 

Alert Summarization: Security analysts using SecLM noted a 40% reduction in time spent 

triaging alerts. In side-by-side evaluations, SecLM received a 65% preference rate compared to 

general-purpose models, owing to its contextual accuracy and clarity. 

Attack Path Analysis: SecLM identified potential attack paths with 88% precision, significantly 

higher than the 70% precision of the baseline model. This improvement is attributed to SecLM’s 

layered architecture and retrieval-augmented generation (RAG), which ensured real-time 

integration of authoritative data. 

Script Analysis: SecLM successfully analyzed obfuscated PowerShell scripts with a win rate of 

79% in preference evaluations. The model de-obfuscated and classified potentially malicious 

commands faster and with greater accuracy than general-purpose models. 

Broader Impacts 

The quantitative results highlight SecLM's ability to handle nuanced cybersecurity tasks 

effectively. For example: 

SecLM reduced alert fatigue by correctly triaging 95% of false positives, compared to 82% for 

the general-purpose baseline. 

It synthesized threat intelligence reports with a readability score 20% higher than baseline 

models, as rated by human evaluators. 

These outcomes reinforce SecLM’s position as a domain-specific solution that significantly 

enhances both efficiency and effectiveness in cybersecurity operations. 

Discussion 

The findings from SecLM’s evaluation underscore its transformative potential in addressing 

critical challenges in cybersecurity. This section examines the broader implications of these 

results, as well as the limitations, barriers, and areas for improvement. 

Addressing Cybersecurity Challenges 

SecLM effectively tackles the three primary challenges outlined in the literature: 
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Evolving Threats: By leveraging real-time threat intelligence through RAG, SecLM ensures that 

users have access to the latest data, enabling proactive responses to emerging threats. 

Operational Toil: The model’s automation capabilities significantly reduce the burden of repetitive 

tasks, such as alert triaging and log analysis, freeing up analysts for strategic activities. 

Talent Shortage: SecLM empowers less experienced practitioners by providing authoritative, 

context-aware guidance, bridging the skill gap in cybersecurity teams (Cantos et al., 2023). 

Strengths and Innovations 

The layered architecture of SecLM ensures robust performance across a wide range of 

cybersecurity tasks. Its ability to combine LLMs with traditional machine learning models, user-

specific data, and authoritative intelligence sets it apart from general-purpose models. 

Additionally, the use of PET for sensitive tasks ensures privacy and data security while 

maintaining model performance. 

Limitations 

Despite its strengths, SecLM faces several limitations. The reliance on high-quality domain-

specific data for fine-tuning poses challenges, given the scarcity of publicly available cybersecurity 

datasets. Furthermore, while the model performs well in specific tasks, certain highly nuanced 

problems may still require human expertise for accurate resolution. 

Barriers to Scaling SecLM 

While SecLM offers significant advantages, several barriers to large-scale implementation must 

be considered: 

Ethical Considerations: 

Bias and Fairness: As SecLM operates in high-stakes environments, any bias in decision-making, 

such as unfair prioritization of certain threats, could have serious consequences. Ensuring fairness 

and transparency in its outputs is a critical requirement. 

Dual Use Concerns: The same capabilities that make SecLM effective in defending systems could 

potentially be exploited by malicious actors if the technology is misused. This risk necessitates 

robust access controls and ethical guidelines for deployment 

Resource Constraints: 

Computational Costs: The training and fine-tuning of security-specialized LLMs require 

significant computational resources, which may be prohibitive for smaller organizations or those 

in resource-constrained environments. 
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Infrastructure Requirements: Implementing SecLM at scale requires robust infrastructure to 

support real-time data processing, integration with diverse security tools, and frequent updates for 

emerging threats. 

Adoption Challenges: 

Workforce Resistance: The integration of AI tools like SecLM into existing workflows may face 

resistance from security professionals who fear job displacement or lack confidence in automated 

systems. 

Training and Onboarding: Effective use of SecLM demands a certain level of technical 

proficiency, requiring organizations to invest in training and onboarding programs for their teams. 

Conclusion and Future Work 

This paper explored the potential of SecLM, a security-specialized large language model (LLM), 

to address the critical challenges facing the field of cybersecurity. Through its layered architecture, 

integration of authoritative data sources, and user-specific adaptability, SecLM demonstrates the 

ability to significantly enhance operational efficiency, automate labor-intensive tasks, and enable 

informed decision-making. By tackling challenges such as evolving threats, operational toil, and 

the talent shortage, SecLM not only provides actionable insights but also empowers security 

practitioners at all levels. The findings from this study underscore the transformative potential of 

domain-specific LLMs in revolutionizing cybersecurity practices. 

Looking ahead, expanding SecLM’s capabilities to include real-time adaptability, enhanced 

explainability, and support for emerging technologies could further strengthen its impact. By 

continuing to refine and develop this model, researchers and practitioners can unlock new 

possibilities in cybersecurity, paving the way for more secure and resilient systems. 

Future Directions 

In order to address aforementioned barriers, it is recommended that future research could focus on 

improving explainability, developing lightweight models, and formulating ethical frameworks. 

Improving explainability can mean enhancing the transparency of SecLM’s outputs to build user 

trust and mitigate ethical risks. Developing lightweight models involve creating efficient versions 

of SecLM that require fewer resources, making the technology accessible to organizations of all 

sizes. Formulating ethical frameworks will establish clear guidelines and controls to prevent 

misuse while encouraging responsible deployment. 

References 



Asoronye et al. 2024   SecLM: A Specialized Security Language Model for Advanced Cybersecurity Applications 

and Threat Mitigation 

42 
 

Aspy, D. J., & Proeve, M. (2017). Mindfulness and loving-kindness meditation: Effects on 

connectedness to humanity and to the natural world. Journal of Positive Psychology, 12(3), 

225-236. 

Bommasani, R., et al., 2021. On the opportunities and risks of foundation models. arXiv preprint 

arXiv:2108.07258. [online] Available at: https://arxiv.org/pdf/2108.07258.pdf. 

Cantos, J., et al., 2023. Threat Actors are Interested in Generative AI, but Use Remains Limited. 

[online] Available at: https://cloud.google.com/blog/topics/threat-intelligence/threat-

actors-generative-ai-limited/. 

Khan, A., Huynh, T. M. T., Vandeplas, G., ... Bachert, C. (2024). When LLMs meet cybersecurity: 

A systematic literature review. arXiv. https://arxiv.org/html/2405.03644v1 

Lin, C.Y., et al., 2003. Automatic Evaluation of Summaries Using n-gram Co-occurrence 

Statistics. [online] Available at: https://aclanthology.org/N03-1020.pdf. 

Mylla, T., & Others. (2024). Awesome LLM4Cybersecurity: An overview of LLMs for 

cybersecurity applications. GitHub. https://github.com/tmylla/Awesome-

LLM4Cybersecurity 

OWASP. (2023). OWASP Top 10 for Large Language Model Applications. Retrieved from 

https://owasp.org/www-project-top-10-for-large-language-model-applications/ 

Papineni, K., et al., (2002). BLEU: A Method for Automatic Evaluation of Machine Translation. 

[online] Available at: https://aclanthology.org/P02-1040.pdf. 

Ruxton, C. (2016). Tea: Hydration and other health benefits. Primary Health Care, 26(8), 34-42. 

https://doi.org/10.7748/phc.2016.e1162 

Sharma, P., Kumar, A., & Singh, R. (2024). LLMs for Cyber Security: New Opportunities. arXiv. 

https://arxiv.org/html/2404.11338v1 

Singhal, K., et al., 2023. Large language models encode clinical knowledge. Nature, 620(7972), 

pp.172-180. [online] Available at: https://www.nature.com/articles/s41586-023-06291-2. 

Zhang, T., et al., 2019. BERTScore: Evaluating Text Generation with BERT. [online] Available 

at: https://openreview.net/attachment?id=SkeHuCVFDr&name=original_pdf. 

 


