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Abstract

This position paper proposes a novel approach to advancing NLP security by
leveraging Large Language Models (LLMs) as engines for generating diverse ad-
versarial attacks. Building upon recent work demonstrating LLMs’ effectiveness in
creating word-level adversarial examples, we argue for expanding this concept to
encompass a broader range of attack types, including adversarial patches, universal
perturbations, and targeted attacks. We posit that LLMs’ sophisticated language
understanding and generation capabilities can produce more effective, semanti-
cally coherent, and human-like adversarial examples across various domains and
classifier architectures. This paradigm shift in adversarial NLP has far-reaching
implications, potentially enhancing model robustness, uncovering new vulnerabili-
ties, and driving innovation in defense mechanisms. By exploring this new frontier,
we aim to contribute to the development of more secure, reliable, and trustworthy
NLP systems for critical applications.

1 Introduction

Natural Language Processing (NLP) has been revolutionized by transformer-based |[Vaswani| [[2017]]
classification models, achieving remarkable success across various domains. These models have
become integral to many critical applications, from healthcare to cybersecurity Mahbub et al.| [[2022]],
Rahali and Akhloufi|[2021]], Angelis et al.|[2023]]. However, despite their capabilities, these systems
remain vulnerable to adversarial attacks|Zhang et al.| [2020], |Qiu et al.| [2022], |Goyal et al.|[2023]],
Baniecki and Biecek| [2024]], posing significant risks to their reliability and trustworthiness in crucial
sectors.

In this position paper, we argue that leveraging Large Language Models (LLMs) for generating adver-
sarial attacks represents a paradigm shift in NLP security, offering unprecedented opportunities for
both attack sophistication and defense enhancement. Recent work has demonstrated the effectiveness
of using LLMs for generating valid and natural adversarial examples Wang et al.|[2024], and we
posit that this approach could be extended to address the limitations of current adversarial attack
methods, which often produce detectable or semantically incoherent text Jin et al.|[2020]], Ebrahimi
et al.| [2018]], L1 et al.| [2021a]], across various types of attacks including adversarial patches, universal
perturbations, and targeted attacks.

LLMs, renowned for their ability to understand and generate human-like text across diverse contexts
Minaee et al.|[2024], present a unique opportunity to create adversarial examples that are not only
effective at deceiving target classifiers but also indistinguishable from human-written text. This
capability could fundamentally change how we approach both the creation of adversarial attacks and

Submitted to AdvML-Frontiers’24: The 3nd Workshop on New Frontiers in Adversarial Machine Learn-
ing@NeurIPS’24, Vancouver, CA. Do not distribute.



34
35

36
37
38
39
40
41

42
43
44
45

46
47
48
49
50

51

52
53
54
55
56

57
58
59
60
61
62
63

64
65
66
67

68
69
70
71
72
73

74
75

76
77

78
79
80

81
82
83

the development of robust defenses in NLP. It’s crucial to note that we are proposing to use LLMs as
tools to generate adversarial patches and not as targets of adversarial attacks.

This proposed approach represents a significant departure from the traditional methods of adversarial
attack generation in NLP. By harnessing the sophisticated language understanding and generation
capabilities of LLMs, we envision a future where adversarial patches are not just noise in the system,
but coherent, context-aware modifications that challenge our very conception of text security. This
shift could lead to more robust NLP systems capable of surviving increasingly sophisticated attacks,
while also raising new challenges in distinguishing between genuine and adversarial inputs.

However, this novel approach raises important questions: How do we redefine the boundaries between
benign and malicious text across different attack types? What are the ethical implications of creating
more sophisticated adversarial attacks? How might this approach reshape our understanding of Al
security and robustness?

By exploring the potential of LLM-powered adversarial attack generation, we aim to spark discussion
on the future of NLP security and the development of more robust Al systems. This paper examines
the current challenges in adversarial NLP, presents our position on the transformative potential of
LLM-generated adversarial attacks, and discusses the broader implications and future directions of
this approach across various attack types.

2 Current Challenges and Opportunities in NLP Security

The landscape of NLP security is rapidly evolving, presenting both significant challenges and exciting
opportunities. Current adversarial attacks on transformer classifiers encompass a range of techniques,
from simple word replacements to more complex perturbations Jin et al.[[2020], [Ebrahimi et al.
[2018], L1 et al.| [2021a]]. While these methods have shown some success, they face substantial
limitations that hinder their effectiveness and applicability in real-world scenarios.

One of the primary challenges across various attack types is the lack of semantic coherence in
generated adversarial examples. Many existing techniques produce text that, while successful in
fooling models, appears nonsensical or out of context to human readers. This detectability issue
severely limits the practical applicability of these attacks, especially in domains where human
oversight is common. Additionally, current methods often struggle to maintain the original intent or
style of the text while introducing adversarial elements. This is particularly challenging for attacks
that aim to be stealthy or preserve specific semantic properties of the original text.

Another crucial limitation is the transferability of adversarial examples. Attacks generated for one
model often fail to transfer effectively to other models or domains, restricting their broader impact on
NLP security research. This lack of generalizability hampers our ability to develop comprehensive
defense strategies against diverse and evolving threats.

However, these challenges also present opportunities for innovation. The emergence of Large
Language Models (LLMs) offers a promising avenue for addressing these limitations Wang et al.
[2024]]. LLMs have demonstrated remarkable capabilities in understanding and generating human-like
text across diverse contexts |Minaee et al.[[2024]. Their ability to capture long-range dependencies
and understand complex language patterns positions them as potential game-changers in the field of
adversarial NLP.

We posit that leveraging LLMs for adversarial patch generation could overcome many of the current
limitations:

* LLMs could generate adversarial examples that maintain contextual relevance and semantic
consistency with the original input, regardless of the specific attack type.

* Human-like Text: The sophisticated language generation capabilities of LLMs could produce
adversarial examples that are indistinguishable from human-written content, enhancing the
stealthiness of attacks.

* Cross-domain Applicability: Pre-trained on vast amounts of data from various domains,
LLMs could potentially generate adversarial examples that are effective across multiple
domains and classifier architectures.
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» Adaptability: The few-shot learning capabilities of many LLMs suggest they could quickly
adapt to new tasks or domains with minimal fine-tuning, allowing for the generation of
diverse attack types.

* Intent Preservation: LLMs’ understanding of context and semantics could enable the genera-
tion of adversarial examples that preserve the original intent of the text while still fooling
classifiers.

This novel approach of using LLMs as adversarial engines represents a paradigm shift in how we
approach both the creation of adversarial attacks and the development of robust defenses in NLP. By
exploring this new paradigm across various attack types, we aim to advance the field of NLP security,
potentially leading to more robust and reliable Al systems across various critical applications.

3 LLMs as Engines for Diverse Adversarial Attacks in NLP

Recent work by [Wang et al.| [2024] has demonstrated the effectiveness of using Large Language
Models (LLMs) for generating valid and natural adversarial examples through word-level substitutions.
We propose to expand on this foundation, leveraging LLMs as powerful engines for generating a
wide range of adversarial attacks in NLP.

Our approach goes beyond word-level modifications to encompass various types of adversarial attacks,
including but not limited to:

* Adversarial patches: LLMs can generate contextually relevant text snippets that, when
inserted into benign inputs, cause misclassification.

 Universal perturbations: Utilizing LLMs to create text perturbations that are effective across
multiple inputs and potentially multiple target models.

* Targeted attacks: Employing LLMs to craft adversarial examples aimed at specific misclas-
sifications, leveraging their deep understanding of language and context.

 Transferable attacks: Exploiting LLMs’ broad knowledge to generate adversarial examples
that are effective across different model architectures and domains.

We propose a novel paradigm for generating adversarial patches in NLP using Large Language Models
(LLMs) shown in figure[I] This approach represents a fundamental shift in how we conceptualize
and create adversarial examples for text data. Unlike traditional methods that rely on simple word
replacements or character-level modifications, our proposed approach leverages the contextual
understanding of LLMs. This allows for the generation of adversarial examples that seamlessly
integrate with the surrounding text, making them significantly more challenging to detect. We
envision a process where LLMs are fine-tuned or prompted to generate adversarial examples based
on specific attack goals and constraints. This could involve iterative refinement, where the LLM
generates candidates, receives feedback on their effectiveness, and improves its outputs accordingly.

Adversarial Patches

o o
-
Universal Perturbations
Input —>e >
Text

Large Language Model Targeted Attacks

Target Model(s)

Figure 1: Conceptual Framework of LLM-Powered Adversarial Attack Generation for NLP System

By expanding the use of LLMs beyond word-level substitutions to a comprehensive adversarial engine,
we aim to push the boundaries of what’s possible in adversarial NLP. In addition to sophisticated
attacks on transformer-based models, this approach has the potential to uncover previously unknown
vulnerabilities in NLP systems. It enables us to develop more comprehensive and realistic datasets
for adversarial training.
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However, this paradigm also raises important questions and challenges. How do we ensure ethical use
of such powerful adversarial generation capabilities? What new defense mechanisms will be needed
to counter these more sophisticated attacks? How might this approach influence the development of
future NLP models and architectures?

By exploring these questions and pushing the boundaries of adversarial NLP, we believe this new
paradigm has the potential to significantly advance the field of Al security, leading to more robust,
reliable, and trustworthy NLP systems.

4 Implications and Future Directions

The proposed approach of using LLLMs as engines for diverse adversarial attacks in NLP has far-
reaching implications for both offensive and defensive aspects of Al security. One of the most
significant implications is the potential to enhance the robustness of transformer-based classifiers
through advanced adversarial training. By generating large-scale datasets of sophisticated, human-like
adversarial examples across various attack types, we can train classifiers to be more resilient against
a wide range of potential attacks [Yoo and Qi [2021], [Yang et al.| [2024]]. This could lead to the
development of more secure and reliable Al systems, particularly in critical applications such as
healthcare, cybersecurity, and energy infrastructure |[Patwardhan et al.| [2023]].

The ability to generate human-like adversarial examples across different attack types raises important
questions about the nature of Al vulnerabilities. As these examples become increasingly indistinguish-
able from genuine human input, it may necessitate a reevaluation of what constitutes an adversarial
example and how we define model robustness |Yuan et al.|[2021]. This could lead to new theoretical
frameworks for understanding and quantifying the security of NLP systems.

From an offensive security perspective, the proposed approach could potentially reveal previously
unknown vulnerabilities in existing NLP systems. By systematically exploring the space of possible
adversarial attacks using LLMs, we may uncover new attack vectors that current defense mechanisms
are ill-equipped to handle L1 et al.| [2021b]. This knowledge, while potentially concerning, is crucial
for developing more comprehensive defense strategies.

The use of LLMs in generating diverse adversarial attacks opens up interesting research directions
in the field of Al alignment. As we leverage one Al system (the LLM) to generate attacks against
another (the target classifier), we may gain new insights into the interplay between different Al
architectures and the nature of machine-to-machine interactions in adversarial settings [Ji et al.|[2023]].

Looking to the future, this research could pave the way for more sophisticated, context-aware defense
mechanisms in NLP. As adversarial attacks become more advanced, so too must our methods for
detecting and mitigating their effects. This might involve developing new techniques for distinguish-
ing between genuine and artificially generated text, or creating adaptive defense systems that can
recognize and neutralize emerging attack patterns in real-time (Goyal et al.| [2023]], Minh and Andini
[2023]], |Qiu et al.| [2022].

The ethical implications of this research warrant careful consideration and further study. The ability
to generate highly convincing adversarial examples across various attack types raises questions
about potential misuse, such as in the creation of sophisticated disinformation campaigns |Garg et al.
[2023]]. Future work should focus on developing ethical guidelines and safeguards for the responsible
development and use of these technologies.

While the proposed approach shows promise, it’s important to acknowledge potential limitations and
risks. The computational cost of fine-tuning and using large language models for adversarial attacks
may be prohibitive for some applications. There is also a risk of overfitting, where LLM-generated
examples might become too specific to certain models or datasets, limiting their generalizability. If
this approach proves less effective than anticipated, alternative directions could include exploring
hybrid approaches that combine traditional adversarial techniques with LLM capabilities, focusing
on improving the interpretability of NLP models, developing more sophisticated ensemble methods
for robust NLP systems, or investigating the use of formal verification techniques in NLP security.

We believe that the proposed approach of using LLMs for generating diverse adversarial attacks
represents a significant step forward in the field of NLP security. It not only offers new tools for
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testing and improving the robustness of Al systems but also opens up exciting new avenues for
research in adversarial machine learning, Al alignment, and ethical Al development.

5 Conclusion

In this position paper, we have presented a novel perspective on the future of adversarial machine
learning in NLP, proposing the use of Large Language Models as powerful engines for generating
diverse adversarial attacks. This approach represents a significant advancement from recent work that
has demonstrated the effectiveness of LLMs in generating word-level adversarial examples [Wang
et al.|[2024]).

We argue that leveraging LLMs for adversarial attack generation has the potential to:

* Create more effective and human-like adversarial examples across various attack types,
including adversarial patches, universal perturbations, and targeted attacks.

* Uncover new vulnerabilities in existing NLP systems, pushing the boundaries of what we
consider “secure” in NLP.

* Enhance the robustness of AI models through advanced adversarial training using more
sophisticated and diverse adversarial examples.

* Drive innovation in defense mechanisms to counter these more advanced attacks.

However, this approach also raises important ethical considerations and challenges that the research
community must address. As we move forward, it will be crucial to develop this technology
responsibly, with a focus on enhancing the overall security and reliability of NLP systems.

The interdisciplinary nature of this research opens up exciting possibilities for collaboration across
various fields, including machine learning, linguistics, cybersecurity, and ethics. These collaborations
will be essential in addressing the complex challenges that arise from more sophisticated adversarial
techniques.

As Al systems continue to play an increasingly critical role in our society, ensuring their security and
reliability becomes ever more important. We believe that this work will contribute to the ongoing
effort to create more robust, trustworthy Al systems that can withstand sophisticated adversarial
attacks while maintaining their performance and utility.

In conclusion, while challenges remain, the potential of LLM-powered adversarial attack generation
to revolutionize NLP security is significant. We hope this position paper will spark further discussion
and research in this exciting and important area, ultimately leading to more secure and reliable NLP
systems across various critical applications.
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