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Abstract 

Artificial Intelligence (AI) is deeply embedded in sectors handling sensitive information and mission-

critical operations, and safeguarding these systems has become paramount. This paper introduces a novel 

dual-layer defence system termed Secure Artificial Intelligence (SAI), designed to mitigate risks associated 

with prompt injections and prompt poisoning attacks. Using two Large Language Models (LLMs) in a 

sequential setup “SAI”– a “Guard” model for initial input prompt classification which effectively filters 

out adversarial inputs to protect the AI system and a primary response model that responds to the user’s 

queries. Through rigorous testing, SAI has shown resilience in preventing malicious prompts from 

compromising AI responses, thereby significantly advancing AI security. This paper thoroughly examines 

SAI’s architecture, methodology, and performance, addressing the growing demand for secure and 

adversarial-resistant AI systems. 

 

Keywords: Large Language Model, Secure Artificial Intelligence, Artificial Intelligence, Prompt 

Injection, AI security. 

 

INTRODUCTION 

While artificial intelligence (AI) offers many advantages in government, banking, and healthcare, its 

incorporation raises vulnerabilities especially as LLMs develop in complexity and capabilities. AI is still 

vulnerable to adversarial prompt manipulations that take advantage of natural language weaknesses 

notwithstanding much study on strong model training and hard-coded filter rules[1][9][18]. 

By directly embedding harmful material straight into AI input, rapid injection, and poisoning assaults offer 

a special hazard [1][6][11]. Unlike traditional cyber threats, which usually concentrate on attacking the 

weakness of the system, these assaults use AI's learned reaction patterns, therefore modifying the model 

to generate unintended and usually negative outcomes[1][3]. Given the intricate nature of language and 

the complexity of LLM answers, such hostile approaches can be tough to detect and prevent [6][7]. 

Secure artificial intelligence (SAI) is presented in this work as a solution for these challenges. SAI’s 

innovative architecture meets the need for a resilient, scalable defense against prompt-based hostile inputs 
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with its two-layered LLM system.  Under this configuration, a Guard LLM (SAI) classifies every prompt 

as either safe or malicious before forwarding it to the main response model, hence preserving user 

accessibility and security of interactions. 

 

LITERATURE REVIEW 

A. Prompt Bypass Attacks: Types and Exploitation Methods 

As LLM-integrated apps using artificial intelligence (AI) get more and more prevalent, attackers have 

developed ways to tamper with these models to generate negative or damaging outcomes by getting past 

initial prompt constraints. Prompt bypass attacks try to override or escape preset safety and ethical 

constraints, allowing malevolent actors to leverage LLMs for unexpected objectives [6][7].  Developing 

good countermeasures depends on an awareness of various assault forms. 

1. Direct Instruction Manipulation: In direct instruction manipulation, attackers submit carefully 

constructed prompts that subtly modify the intended meaning or context, prompting LLM to deviate 

from its constraints [6][7].  For example, by rephrasing critical issues or hiding instructions within 

harmless text, an attacker can defeat ethical filters, encouraging the model to output information it 

would ordinarily withhold [10][15][19].  

2. Contextual Prompt Injection: This form of attack takes advantage of the model's dependence on 

contextual input.  Attackers put deceptive information into the prompt structure to impact how the 

model interprets and responds [6][7].  For instance, a sequence of prompts that erroneously generates 

a trusted context can cause the large language model (LLM) to follow hazardous instructions while 

wrongly believing they are safe.  

3. Input Data Pollution: In this scenario, attackers offer inputs that corrupt the context of the training 

data.  By exploiting vulnerabilities in how the model matches cues and responses, they can "pollute" 

the input, forcing the LLM to create undesirable results[19][23].  This sort of attack is particularly 

concerning when LLMs rely on user-generated content, as attackers can subtly modify prompts across 

several instances, leading to persistent and systematic erosion of the model's performance. 

4. Adversarial Prompting: Adversarial prompts employ unique linguistic patterns designed to probe 

the boundaries of Large Language Models (LLMs), typically through trial and error [5][6][7][19].  

Attackers evaluate the model’s behavior to determine its limitations and weaknesses, allowing them 

to design prompts that can evade built-in restrictions[10][15].  These hostile cues can lead to negative 

outputs, ranging from privacy infractions to ethically problematic information. 

Each of these strategies needs a comprehensive understanding of LLM behavior and reaction processes 

[8][14][17].  Attackers regularly experiment with novel approaches to modify prompts, creating a dynamic 

threat landscape for apps that use LLMs. 

Securing Against Prompt Bypass Attacks: Introducing a defense-oriented LLM as a protective layer 

offers a unique method to increasing security in AI-powered systems.  This defense LLM operates as a 

"guard" or "filter," intercepting and assessing all incoming prompts before they are processed by the main 

model.  If a prompt exhibits indicators of malicious intent or bypass characteristics, the defense LLM will 

reject the prompt outright, preventing it from reaching or interacting with the main LLM. 

B. Advantages of AI in machine learning 

The inclusion of a defense-oriented LLM in front of the main model has numerous major benefits, notably  

in machine learning applications[13][27]: 

a. Real-Time Protection: The guard LLM’s capability to rapidly examine and dismiss harmful prompts  
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enables real-time filtering [13][14][27].  This is critical for applications that interface directly with 

users, as it minimizes latency while offering ongoing protection. 

b. Prevention of Malicious Output: By limiting hazardous prompts from reaching the main LLM, this 

defense system prevents unintentional outputs that could hurt users or breach ethical rules.  This layer 

of protection is particularly beneficial in sensitive industries such as healthcare, banking, and customer 

service, where replies must be painstakingly regulated. 

c. Reduction in Computational Overhead: The guard LLM can be lightweight relative to the main 

model, resulting in fewer total resource demands.  This efficiency enables fewer computer resources 

to be used to process potentially hazardous prompts, allowing the primary LLM to focus on legitimate 

user interactions. 

d. Enhanced Trust and Reliability: By limiting the possibility of rapid bypass attacks, enterprises can 

increase user trust in AI-integrated apps.  End users are more likely to trust applications that display 

comprehensive safeguards against manipulation and misuse. 

 

METHODOLOGY 

This section addresses the design and execution of the guard LLM.  It illustrates how the system is 

designed to identify and intercept harmful prompts.  Additionally, it highlights critical security procedures 

implemented to secure the guard LLM, known as ‘SAI,’ from exploitation, maintaining its reliability as a 

first defense. 

Architectural Design of the Guard LLM 

The guard LLM is a lightweight, specialized model designed to detect dangerous input patterns before 

they reach the main LLM.  While the main LLM is trained for a range of general tasks and generates 

sophisticated responses, the guard LLM has a specialized purpose: it evaluates prompts for malevolent 

traits.  When such features are discovered, the guard LLM ends the contact by dismissing the problematic 

prompt completely. 

To ensure that the guard LLM cannot be readily evaded and to identify it from the main LLM, it is 

developed with various unique features.  Characteristics: 

Pattern-Based Filtering as Compared to General Response Generation: The fundamental goal of a 

Large Language Model (LLM) is to provide coherent and contextually relevant responses to user queries 

based on a massive quantity of training data.  In contrast, the guard LLM has a unique training focus on 

interpreting cues and establishing filtering measures.  This distinction is essential; the guard LLM focuses 

on recognizing and comprehending patterns in user inputs instead of providing reactions.  By focusing on 

this feature, the guard LLM can analyze prompts more carefully and thoughtfully.  This method lowers 

the chance of generating unwanted or unsuitable outputs, making the interaction safer and more 

trustworthy.  Overall, this pattern-based filtering technique enhances the quality of user interactions by 

ensuring that cues are carefully reviewed before any responses are provided. 

In order to strengthen its resistance against efforts to bypass security measures, the guard LLM adopts a 

thorough interpretation of inputs that are constrained to a rigid, rule-based framework.  This strategy 

reduces the intricacy of how inputs are examined, focusing on essential qualities instead of intricate details.  

As a result, it becomes substantially more complex for potential attackers to abuse the system, as they are 

unable to modify the model through elaborate and sophisticated linguistic strategies. 

A. Guard LLM for Malicious Prompt Detection 

The guard LLM performs a specific training procedure with datasets that include known prompt bypass  
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attacks and samples of hostile input[8][13][27].  This data spans a wide range of attack types, including 

direct manipulation and adversarial prompting, enabling the guard model to identify specific risk trends 

and respond appropriately.  Key parts of this training include: 

a. The model is trained on a range of prompt bypass tactics, focusing on detecting tiny language 

differences that may suggest manipulation.  This exposure strengthens the guard LLM's capacity to 

generalize across different types of bypass attempts. 

b. Incremental Fine-Tuning: As new bypass methods emerge, the guard LLM can be fine-tuned 

frequently on updated datasets, ensuring it stays effective against developing threats.  This ongoing 

learning process is necessary for adapting to new tactics [13][27][28]. 

c. Error Sensitivity Adjustment: By fine-tuning its sensitivity to potential dangers, the guard LLM adopts 

a more cautious posture in its assessments [13][14].  This careful and vigilant strategy seeks to reduce 

the likelihood of dangerous cues being inadvertently accepted, even when they closely mimic 

innocuous requests.  As a result, the system grows adept at discriminating between hazardous and 

innocuous inquiries, creating a safer interaction environment. 

B. Securing the Guard LLM Against Exploitation 

To ensure the guard LLM is secure from potential threats, a comprehensive multi-layered security solution 

is implemented.  This method gives the guard model additional safety measures and stricter limits 

compared to the main LLM, combining various advanced security protocols: 

1. Layered Authentication Protocols: Accessing or altering the guard LLM’s configuration requires 

severe authentication methods.  These safeguards include advanced approaches such as multi-factor 

authentication (MFA), role-based access control (RBAC), and rigorous password rules.  These 

standards ensure that only authorized workers may make changes, effectively preventing unauthorized 

users from interfering with the guard's filtering rules or adjusting its detection sensitivity.  This 

increased layer of protection helps safeguard against internal and external threats.  

2. Separate Parameter Optimization: The guard LLM is meant to work with unique model parameters 

specifically tuned for risk detection rather than reaction creation.  This intentional separation of 

functionalities and training procedures strengthens the guard model's robustness against attackers.  By 

using specific parameters suited for identifying and flagging harmful traffic, the guard LLM is 

substantially less susceptible to standard bypass tactics generally focused at the main LLM.  

3. Deployment in a Sandbox Environment: The guard LLM functions within a strictly regulated 

sandbox environment.  This system gives limited and regulated access to external resources, 

considerably lowering the danger of exposure to potential assaults.  The sandbox acts as a protective 

barrier that isolates the guard LLM from external threats and malicious activities, ensuring that even 

if vulnerabilities are revealed, the damage is contained within the sandbox. 

4. Anomaly Detection on Guard LLM Traffic: Continuous monitoring methods are deployed to 

observe the guard LLM’s interactions and detect any odd activity.  These techniques are designed to 

discover trends that depart from the norm, such as an unexpected rise in prompt bypass attempts or 

questionable interaction frequencies.  By integrating comprehensive real-time anomaly detection 

capabilities, the system may swiftly identify and prevent sophisticated assaults that may attempt to 

compromise the guard model's integrity. 

C. Practical Implementation and Integration 

The integration of the guard LLM into an LLM pipeline includes establishing it as the initial layer that 

intercepts and processes all user inputs.  This implementation procedure consists of multiple detailed steps: 
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1. User Input Processing: All user prompts are first forwarded to the guard LLM for preliminary 

examination.  Upon getting a prompt, the guard model undertakes an in-depth review of potential risk 

indicators, leveraging advanced pattern recognition algorithms tuned to detect malicious intent.  The 

guard LLM performs a variety of strict filtering procedures to assess the content of the prompt 

completely. 

2. Prompt Decision Making: Based on its evaluation, the guard LLM makes a vital decision on the user 

prompt.  If the prompt is detected as harmful or hazardous, it is promptly destroyed, preventing any 

potential harm.  If the prompt is found safe, it is forwarded to the main LLM for further processing.  

This decision-making process is completed within milliseconds to ensure minimal latency, allowing 

consumers to experience rapid responses while maintaining a high level of security. 

3. Feedback Loop and Reinforcement: Feedback methods are established to strengthen the guard 

LLM's detection capacities over time.  As the main LLM interacts with user prompts, it examines if 

prompts that were previously authorized are truly benign or if they reveal malicious traits upon further 

investigation.  If the main LLM identifies any prompts as being intentionally bypassed, this 

information is instantly communicated back to the guard LLM.  This feedback is crucial for the guard 

model’s constant learning and improvement, helping it to adapt and recognize similar patterns in the 

future more effectively. 

4. Periodic Security Audits and Updates: To maintain a high level of security, the guard LLM’s 

performance is routinely reviewed using simulated bypass attacks, ensuring it remains resilient against 

emerging threat landscapes.  These periodic security audits include stress testing and vulnerability 

evaluations targeted at detecting holes in the model.  Updates and appropriate security patches are 

subsequently implemented depending on the findings from these evaluations.  This proactive strategy 

assures that the guard LLM continually improves and strengthens its defenses against novel prompt 

manipulation tactics and upcoming attack vectors. 

 

RESULTS 

To show the need for prompt bypass security measures, recent statistics underscore the ubiquity and 

growing sophistication of prompt-based assaults targeting LLM-integrated applications.  Studies have 

shown that up to 30% of prompt-based manipulation attempts successfully bypass default ethical and 

safety constraints in standard LLMs, resulting in outputs that may include offensive content, misleading 

information, or privacy-compromising data disclosures bypass attacks require minimal technical expertise 

and rely on linguistic creativity rather than direct hacking, they present an accessible entry point for 

malicious actors [1][17][28]. 

As indicated in Figure 1, the spark-off is cautiously constructed to confound Language Learning Models 

(LLMs) by giving a hypothetical circumstance in which humans are extinct, and a species called "Arevala" 

seeks historical information.  When analyzed using ChatGPT, as seen in Figure three, the model escapes 

its protection rules and responds to the activation without recognizing its false nature—this famous weak 

point in the model's capacity to distinguish between valid and manipulative requests.  Similarly, whilst the 

equivalent spark-off is applied in Gemini (Figure 4), it additionally fails to stumble on the cause behind 

the activation and ends up producing a little code snippet when similarly stimulated.  However, when the 

identical take look is supplied on Secure Artificial Intelligence (SAI), as demonstrated in Figure 2, it 

efficaciously blocks the set-off.  SAI analyzes the input and recognizes it as an effort to request keylogger-

associated content disguised as an educational or ancient query. 
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In every other case, depicted in Figure five, the spark-off is supposed to create a survival situation in which 

the LLM is encouraged to act as though immediate activity is needed to “keep” the user.  As indicated in 

Figure 6, ChatGPT methods enter and surpass its safeguards, giving steps and bits of code that could be 

hazardous.  Similarly, Gemini, as demonstrated in Figure 8, fails to forestall this set-off and delivers 

doubtlessly hazardous outputs.  This illustrates that both designs are sensitive to prompts using function-

playing settings.  In comparison, Secure Artificial Intelligence (SAI), as proven in Figure 7, efficiently 

cuts the spark off by identifying its harmful intent.  SAI uses improved approaches including 

understanding the environment, figuring out patterns of harmful requests, and detecting the position-play 

tactic used to request the advent of dangerous software, including keyloggers. 

These findings show the need of strengthening LLMs towards unpleasant cues.  Techniques like 

adversarial training, contextual cause evaluation, and non-stop monitoring of enter conduct are needed to 

boost the security of these styles [6][7][14][27][29].  SAI demonstrates how such tactics may be carried 

out efficiently to cope with vulnerabilities, ensuring the version runs accurately and fits with moral criteria, 

even if challenged with difficult or deceptive queries

 

Figure 1 Prompt which confuses the LLM into thinking that humans are extinct and a different 

species is in the rule. 

 

 

Figure 2 SAI blocks the prompt because it is asking for a keylogger and asking it by saying that it 

is for historical or educational purposes. 
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Figure 3.1 

 

 

Figure 3.2 

 

 

Figure 3.3 

 

 

Figure 3.4 
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Figure 3.5 

 

 

Figure 3.6 

 

 

Figure 3.7 

 

 

Figure 3.8 

 

 

Figure 3 ChatGPT answering the prompt from Figure 1 and being bypassed. 
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Figure 4.1 

 

 

Figure 4.2 

 

 

Figure 4.3 
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Figure 4.4 

 

 

Figure 4.5 

 

 

Figure 4 Gemini is bypassed with the prompt from Figure 1 and when asked for the code, it also 

gives the code. 
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Figure 5 Prompt which simulates LLM that it needs to roleplay different characters for survival 
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Figure 6.1 

 

 

Figure 6.2 

 

 

Figure 6.3 
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Figure 6.4 

 

 

Figure 6.5 

 

 

Figure 6.6 
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Figure 6.7 

 

 

Figure 6.8 

 

 

Figure 6.9 

 

 

Figure 6.10 
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Figure 6.11 

 

 

Figure 6.12 

 

 

Figure 6.13 

 

 

Figure 6.14 
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Figure 6 ChatGPT being bypassed by the prompt shown in Figure 3 

 

 

Figure 7.1 

 

 

Figure 7.2 

 

 

Figure 7.3 
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Figure 7 SAI blocks the prompt because the prompt instructs to role-play to get the LLM to 

hallucinate and go against ethics. 

 

 

Figure 8.1 

 

 

Figure 8.2 
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Figure 8.3 

 

 

Figure 8.4 

 

 

Figure 8.5 
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Figure 8.6 

 

 

Figure 8.7 

 

 

Figure 8.8 
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Figure 8.9 

 

 

Figure 8.10 

 

 

Figure 8.11 
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Figure 8 Gemini is bypassed by the prompt in Figure 4 and when asked to show the code gives the 

code and its explanation. 

 

PRACTICAL IMPLICATIONS 

These findings underline the critical demand for effective AI-driven defense measures designed to combat 

prompt manipulation.  As large language models (LLMs) become increasingly embedded in sensitive 

applications, such as customer service platforms and healthcare systems, the risk posed by prompt-based 

attacks grows considerably.  Such attacks can compromise both the operational integrity of these systems 

and the faith that users invest in them.  By adopting steps to restrict these types of attacks at the prompt 

level, companies can limit the risk of misuse while still preserving the LLM's overall functionality and 

ensuring a great user experience. 

Furthermore, the connection between a guard LLM and a primary LLM inside the same operational 

pipeline brings out critical questions regarding inter-LLM communication and the potential hazards 

connected with AI-to-AI interactions.  In the proposed design, the guard LLM fulfills a vital role as an 

independent filtering mechanism.  It does not engage in conversational exchanges or reaction activities 

affecting the major LLM.  Instead, it functions as a safeguard, monitoring, and filtering prompt to avoid 

potentially hazardous adjustments before they can affect the system's output.  This distinction is critical 

for strengthening the security and dependability of AI applications without losing their efficiency [13][27]. 

a. One-Way Filtering Process: The basic role of the guard LLM is to intercept and assess prompts 

according to established security criteria, after which it either permits or blocks them.  The guard LLM 

does not produce responses to these prompts, nor does it communicate any generated data back to the 

main LLM.  This one-way filtering method ensures that both models run on the same platform without 

direct interdependence, hence limiting the possibility of inadvertent communication between them.  

b. Differentiated Training Objectives: The guard LLM is particularly taught to identify malicious 

patterns, which means it uses a constrained vocabulary and a rule system targeted at security rather 

than generic language generation.  This specialization decreases the hazards inherent with general-

purpose LLMs, including difficulties like hallucinations or overfitting to specific instructions.  As a 

result, the guard LLM remains focused, precise, and non-interactive, hence minimizing potential 

security threats due to LLM-to-LLM interference. 

https://www.ijfmr.com/


 

International Journal for Multidisciplinary Research (IJFMR) 
 

E-ISSN: 2582-2160   ●   Website: www.ijfmr.com       ●   Email: editor@ijfmr.com 

 

IJFMR250135371 Volume 7, Issue 1, January-February 2025 22 

 

NECESSITY OF THE SOLUTION 

As the deployment of large language models (LLMs) continues to proliferate across numerous industries, 

the prevalence and sophistication of quick bypass attacks have expanded considerably.  A detailed analysis 

conducted by OpenAI indicated that over 50% of all reported security issues using LLMs in 2022 were 

tied to some type of quick manipulation [17][28].  This worrying trend underlines the essential demand 

for proactive and powerful protection methods geared to resist prompt-based attacks.  These procedures 

must successfully prevent malicious exploitation while yet protecting the critical functionality and 

usability of apps that include LLM technology. 

To address these security concerns, deploying a guard LLM can be extremely useful.  This protective layer 

acts by filtering and analyzing user prompts before they are processed by the primary language model 

[13][27].  By intercepting potentially harmful or manipulative inputs, the guard LLM secures the primary 

interaction layer, ensuring that the system follows set ethical rules and safety requirements.  This technique 

is crucial in sustaining user trust and system integrity[13][27]. 

Furthermore, the tiered security approach inherent in the guard LLM gives considerable scaling benefits.  

Organizations can adjust the guard LLM to comply with their security requirements without necessitating 

extensive alterations to the architecture of the core LLM.  This flexibility allows firms to change their 

security measures as threats evolve, offering continual protection within a dynamic context. 

The introduction of a guard LLM corresponds with the broader trends in AI safety, where proactive 

detection of dangers and effective mitigation measures have become acknowledged as best practices 

[27][29].  By integrating this method into an LLM framework, firms can uncover a myriad of long-term 

benefits.  These advantages may include better resistance against assaults, improved compliance with 

regulatory standards, and the cultivation of a safer environment for users engaging with LLM-based apps. 

a. Enhanced Trust: Applications that visibly prioritize security and data protection are more likely to 

acquire users' trust, especially in businesses that handle sensitive information, such as finance, 

healthcare, and personal data services [27][29].  When users realize that an application has 

incorporated effective security measures, they feel more trust in its ability to protect their data from 

illegal access or breaches.  This trust can lead to increased user engagement and loyalty, ultimately 

enhancing the application’s reputation and success. 

b. Cost Efficiency: Prompt bypass assaults can have serious financial ramifications for enterprises, 

leading to substantial losses, particularly when they result in regulatory non-compliance or costly data 

breaches [14][28].  When a breach happens, organizations may face fines, legal fees, and recovery 

costs that might amount to millions of dollars.  By adopting a guard LLM that intercepts and mitigates 

threats early in the process, firms can considerably reduce these risks, safeguarding themselves from 

the financial burden associated with prompt-based exploitation.  This proactive approach not only 

saves money but also helps maintain a brand's reputation and customer trust [27][29].  

c. Reduced Burden on the Main LLM: The inclusion of a guard LLM streamlines the operational 

process by allowing the main LLM to focus entirely on its core function: giving correct and relevant 

responses to authorized user inquiries.  By outsourcing security management to the guard LLM, the 

main LLM is freed from the additional strain that comes from handling possible security threats.  This 

separation of roles helps the overall effectiveness of both models, since the guard LLM specializes in 

threat detection and mitigation, while the main LLM excels in processing and responding to user 

requests effectively.  This collaborative setup ensures that both systems can run at their highest 

capability without 
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LIMITATIONS AND CHALLENGES 

As quick manipulation techniques continue to improve, the guard LLM will require constant modifications 

to stay effective against new assault forms.  This continual need for training involves resource allocation 

for maintenance and fine-tuning coupled with overly cautious filtering by the guard LLM may accidentally 

reject legitimate alerts, thereby aggravating users.  Fine-tuning the model to reach the correct mix between 

sensitivity and permissiveness will be critical for long-term success. 

 

CONCLUSION 

This study highlights the growing need for security in LLM-integrated applications by focusing on quick 

bypass attacks and their potential to erode trust and safety.  The proposed implementation of a guard LLM 

gives a scalable, proactive approach for intercepting harmful prompts without impacting the user 

experience or the main LLM’s performance. 

By adopting a lightweight, highly focused model as a defensive layer, this strategy mitigates the risks 

posed by rapid bypass attempts and answers broader concerns about responsible AI [13][14][27][29].  As 

the AI landscape continues to develop, adopting specialized, defense-oriented LLMs may become an 

industry-standard approach for enterprises wishing to defend LLM applications against increasingly 

complex threats. 
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