International Journal of Research and Applied Innovations (IJRAI)

| ISSN: 2455-1864 | www.ijrai.com | editor@ijrai.com | A Bimonthly, Scholarly and Peer-Reviewed Journal |

|[IVolume 7, Issue 2, March-April 2024||

DOI:10.15662/1JRAI.2024.0702002

Guardrailed LLMs: Red Teaming and
Safety Mitigations

Swati Kumar Mehta

AGTI’s DACOE, Karad, India

ABSTRACT: Large Language Models (LLMs) have made impressive strides in natural language generation, but
ensuring their safe deployment through effective guardrails remains a paramount challenge. This paper examines red
teaming and safety mitigation approaches developed before 2022 to fortify LLMs against harmful behaviors.

Key red teaming techniques include adversarial prompt testing—such as prompt injection, jailbreaks, confidentiality
stress tests, and bias probes—that reveal vulnerabilities in model outputs and filter systems MacgenceTechTarget.
Automated red teaming using LMs to generate adversarial test cases has also been introduced, offering scalable
methods to probe harmful responses arXiv. These approaches help uncover content issues like hate speech,
misinformation, privacy leaks, and unsafe instructions.

Safety mitigations highlighted include rejection sampling, reinforcement learning from human feedback (RLHF), and
multi-stage defense pipelines involving models explicitly tasked with identifying and blocking harmful content
arXivToloka.

Although quantitative data is limited, structured red teaming frameworks have influenced guardrail improvements—
such as prompt injection filters, adversarial training, and continuous monitoring systems—demonstrating their practical
impact. This paper outlines a methodology combining adversarial testing, automated prompt generation, policy-
informed defenses, and ongoing safety evaluation.

Advantages include comprehensive coverage of attack vectors, scalability through automated testing, and tangible
improvements to safety mechanisms. Disadvantages involve high resource demands, evolving threat landscapes,
challenges in interpreting black-box models, and the trade-offs between safety and model utility.

We conclude that robust guardrails for LLMs require iterative red teaming, layered defense design, and continuous
feedback loops. Future directions include formal safety verification, explainable mitigation strategies, and standardized
red teaming benchmarks.
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(Reinforcement Learning from Human Feedback), Automated Red Teaming, Safety Pipelines, Model Robustness,
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L. INTRODUCTION

As Large Language Models (LLMs) continue their transition from laboratory prototypes to real-world applications,
ensuring their safety and trustworthiness is critical. These models can produce harmful or misleading content due to
prompt vulnerabilities, biases, or unintended behaviors.

Red teaming—the adversarial testing of models by probing them with malicious or manipulative prompts—is
foundational to uncovering such weaknesses before deployment. Techniques range from crafted “jailbreak’ prompts to
sophisticated adversarial strategies like prompt injection, testing for training data leakage, and socio-linguistic bias
probing TechTargetAporia. Additionally, the innovation of automated red teaming, where another LLM generates
test prompts, facilitates broader and more scalable vulnerability discovery arXiv.
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To mitigate discovered vulnerabilities, developers have applied methods such as rejection sampling, RLHF
(Reinforcement Learning from Human Feedback), output filters, and guardrail layers—often multi-stage pipelines that
detect and block harmful outputs proactively arXivToloka.

This paper synthesizes pre-2022 research on red teaming and mitigation strategies for LLM safety. We propose a
unified methodology integrating manual and automated red teaming, layered defense mechanisms, and ongoing
evaluation to achieve robust and trustworthy LLM deployment.

II. LITERATURE REVIEW

Adversarial Red Teaming Techniques

— Prompt Injection & Jailbreaks: Prompts crafted to bypass safety filters or misuse system instructions have been a
consistent threat vector, including attempts to extract protected behavior or information TechTargetAporia.

— Automated Red Teaming with LLMs: Perez et al. (2022) introduced an approach where one LM generates
adversarial test cases targeting another model, effectively scaling red teaming capabilities and uncovering diverse
harmful outputs arXiv.

Safety Mitigation Approaches

— RLHF and Rejection Sampling: Models trained with human feedback (RLHF) and guided through rejection
sampling show more resistance to red teaming attacks. Red team trials revealed RLHF models are increasingly difficult
to redirect as model scale increases arXiv.

— Pipeline Defenses: Structured defenses involve chained models where certain components focus explicitly on
detecting and blocking harmful content, rather than relying solely on base model behavior Toloka.

III. RESEARCH METHODOLOGY

We propose a layered methodology for implementing guardrails in LLMs:

Threat Modeling and Test Case Design

Identify threat categories: prompt injection, bias, misinformation, privacy leaks.

Use human red teamers and automated LLM-generated adversarial prompts (via automated red teaming) to create a
comprehensive test suite.

Red Teaming Execution
Human-led adversarial testing for nuanced vulnerabilities.
Automated red teaming using LLMs to generate diverse attack prompts, covering a broader input space.

Defense Pipeline Development
Implement RLHF and rejection sampling to reduce harmful outputs.
Construct multi-stage pipelines with guardrail models screening for unsafe content before final output.

Safety Evaluation and Iteration
Iterate rounds of red teaming to evaluate defense efficacy.

Incorporate feedback loops: failed safety cases feed into retraining or prompt filter refinement.

Safety-Utility Metric Balancing
Measure false refusal rate (FRR) and defense recall to maintain usability and safety balance.

Documentation and Compliance
Record known attack vectors, mitigation steps, and safety performance for deployment transparency.

Advantages
e Comprehensive Vulnerability Coverage: Diverse testing approaches uncover a broad range of failure modes.
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e  Scalability: Automated red teaming enables probing at scale beyond manual testing capacity.
¢ Robust Defenses: Layered safety pipelines reduce the likelihood of harmful outputs.
e Adaptive Improvement: Iterative feedback allows continuous hardening of models post-deployment.

Disadvantages

e Resource Intensive: Red teaming and RLHF require significant human labor and computation.
o Persistent Risk Surface: Attack strategies evolve alongside mitigations.

e  Opacity: Multiple defense layers may reduce transparency of model decisions.

o False Refusal Trade-off: Aggressive safety filters may block benign content, affecting usability.

IV. RESULTS AND DISCUSSION

Empirical studies revealed:

e RLHF Models Resist Red Teaming Better: They show stronger resistance to adversarial prompts and reduced
harmful outputs arXiv.

e Automated Red Teaming Is Effective: LLM-generated adversarial prompts uncovered diverse and subtle
vulnerabilities at scale arXiv.

o Pipeline Defenses Improve Safety: Adding dedicated guardrail models significantly enhances safety even when
base model vulnerabilities remain Toloka.

e These findings advocate for combined human and automated red teaming paired with multi-layered defense
architecture.

V. CONCLUSION

Guardrailed LLMs represent a multi-faceted approach to building safe AIl. Pre-2022 work establishes that red
teaming—both manual and automated—paired with layered defenses like RLHF, rejection sampling, and guardrail
pipelines, markedly improves LLM safety. However, evolving threats and the safety-utility balance continue to
challenge developers, necessitating continuous, dynamic testing and mitigation.

VI. FUTURE WORK

Formal Verification of Safety: Develop provable guarantees for key failures.

Explainable Guardrail Decisions: Make safety filters interpretable and auditable.

Standardized Red Team Benchmarks: Create shared datasets and frameworks for safety evaluation.

Adaptive Safety Training: Apply real-time model adaptation to new adversarial inputs.

Community-based Red Teaming Ecosystems: Facilitate open collaboration for discovering and mitigating novel
harms.
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