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Abstract. The increasing integration of large language models (LLMs) into
systems introduces new attack surfaces that extend beyond traditional soft-
ware vulnerabilities. While LLMs are commonly protected by prompt-level
security mechanisms, recent researches show that these controls can be by-
passed through carefully crafted inputs. In this paper, we propose an in-
teraction model based on a Generative Adversarial Network (GAN) concep-
tual analogy and a dual-LLM framework for systematically examining and
testing the security boundaries of LLMs through malicious code generation.
The framework consists of two LLMs that iteratively produce attack-oriented
prompts, interpret and implement them. Experimental results demonstrate
that the proposed approach can generate outputs that are similar to real-
world attack patterns, such as SQL injection and cross-site scripting. This
research highlights the importance of LLM security controls and emphasizes
the need for proactive, automated evaluation methods to improve the robust-
ness and governance of LLM-based systems.
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1. Introduction

Over the past decade, advances in artificial intelligence have had a huge impact
on the IT domain. The rapid evolution of Al-driven methodologies, particularly
machine learning (ML) and deep learning (DL), has significantly influenced not
only economic and industrial processes but has also fundamentally reshaped the
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cybersecurity landscape, affecting both defensive and adversarial capabilities. Al
algorithms enable the efficient analysis of large-scale data and facilitate the iden-
tification of malicious patterns and anomalous behaviors with increasing accuracy
and speed ([4, 17, 36, 41]).

Traditionally, every IT system is designed to meet fundamental security re-
quirements. However, the growing complexity, operational speed, and adaptive
characteristics of modern threats have introduced challenges that exceed the ca-
pabilities of classical, mainly reactive defense paradigms.[26] On the other hand,
Al-based techniques have begun to appear on the offensive side, enabling adver-
saries to autonomously discover system vulnerabilities, optimize attack strategies,
and generate highly targeted phishing and social engineering attacks ([10, 13, 14,
33]).

The offensive use of artificial intelligence introduces new dimensions to the na-
ture of cyberattacks. Whereas earlier threat models relied mainly on automation
and script-based techniques, modern attack frameworks increasingly incorporate
self-learning and adaptive mechanisms capable of dynamically bypassing estab-
lished defensive controls. LLMs, in particular, leverage advanced natural language
processing capabilities to perform sophisticated conversational, text generation,
and analytical tasks, thereby facilitating the large-scale automation of social engi-
neering and disinformation activities. As a result, LLMs are increasingly employed
to generate phishing emails, fraudulent communications, and persuasive textual
content designed to manipulate or deceive users ([8, 13, 18, 45]).

The objective of this research is to develop an automated and proactive offensive
framework that systematically exposes system vulnerabilities through the gener-
ation of adversarial attacks. The proposed approach is based on the interaction
of two large language models, implemented as Generative Pre-trained Transformer
(GPT) based systems and driven by distinct prompting strategies, within a Gen-
erative Adversarial Network (GAN) inspired architectural paradigm. In this con-
figuration, one LLM functions as a generator that iteratively produces adversarial
prompts until it induces the discriminator model to generate malicious content.
This process enables the systematic evaluation of system-level security constraints.
The proposed framework highlights the critical importance of robust AI security
mechanisms and provides a foundation for the development of targeted defensive
measures and validation protocols. Furthermore, it enables structured testing of
LLM security controls, offering insight into the extent to which such models may
be sensitive to manipulation or compromise.

2. Related Work

There are numerous types of cyber attacks that, driven by ongoing digitalization,
affect multiple technological and organizational domains. The literature identifies
several major categories of cyber attacks, the diversity and increasing complexity of
these threats and illustrating the challenges faced by organizations and individuals
operating in today’s digitally interconnected environment ([26, 29, 32, 38]).
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Many techniques are employed in various ways to support cyberattacks, includ-
ing the automation of phishing campaigns and the generation of evasive malware
variants, thereby increasing the effectiveness and scalability of adversarial activi-
ties ([8, 33]). Through the application of natural language processing and LLMs,
adversaries are able to generate more convincing and seemingly legitimate mes-
sages, substantially enhancing the success rate of deception-based attacks. Such
techniques not only improve the efficiency of attack execution but also consider-
ably complicate their timely detection and mitigation ([13, 14]). LLMs must be
equipped with robust defensive mechanisms capable of detecting and mitigating
prompt injection attacks and consistently rejecting malicious prompts. However,
such defenses are often relatively easy to circumvent, while their systematic evalu-
ation and analysis remain inherently challenging. ([20, 42, 44])

Several recent studies explicitly investigate how large language models can be
deliberately coerced into producing malicious or policy-violating outputs through
prompt injection and jailbreaking techniques ([34, 42, 44]). Shen et al. [35] analyze
thousands of real-world jailbreak prompts collected from online communities, with
the explicit goal of identifying prompt patterns that successfully bypass built-in
security mechanisms. Their work focuses on empirical characterization of existing
attack prompts rather than generating new ones adaptively.

The security of LLMs extends beyond external threats such as prompt manipu-
lation, data leakage, or malicious misuse (e.g., phishing or disinformation), and also
encompasses internal risks arising from the autonomous operation of these models
([20, 34, 42]). These risks are especially in the case of autonomous LLM-based
agents, where the objectives pursued by the model may diverge from user intent,
strategic deceptive behaviors may emerge, or latent goal structures may persist
despite extensive security and alignment training ([15]). Among these, it includes
not only goal misalignment but also the potential emergence of hidden objectives,
strategic deception (scheming), self-preserving behaviors, and the persistence of
these undesirable properties even under current security training paradigms ([15,
28, 35]).

Yu et al. [43] propose GPTFUZZER, a black-box red-teaming framework that
adapts the concept of software fuzzing to the security analysis of LLMs through the
use of an initial jailbreak template corpus and evolutionary mutation operators.
While their approach demonstrates strong capability in generating diverse and
robust adversarial prompts via automated template exploration, its effectiveness
heavily depends on the quality of the initial seeds and places less emphasis on fine-
grained, context-specific semantic interaction between the attacker and the target
model.

Mehrotra et al. [25] propose the TAP (Tree of Attacks with Pruning) method, an
automated framework that combines tree-based search with output-driven pruning
to systematically jailbreak black-box LLMs. While their approach demonstrates
that structured reduction of the search space can significantly improve attack ef-
ficiency and reduce query costs, its effectiveness critically depends on the evalu-
ator model’s ability to accurately predict the target model’s safety responses to

https://icai.uni-eszterhazy.hu/2026 109



https://icai.uni-eszterhazy.hu/2026
https://icai.uni-eszterhazy.hu/2026
https://icai.uni-eszterhazy.hu/2026

T. Giraszi, N. Papp, N. Oldh, A. Huszti ICAI 2026

partially refined prompts. Additionally, the approach may exhibit limited gener-
alization across models with different alignment strategies, incur non-trivial com-
putational overhead due to tree expansion, and risk converging to locally optimal
attack strategies, thereby overlooking more diverse jailbreak trajectories.

Chao et al. [5] propose the PAIR (Prompt Automatic Iterative Refinement)
method, an automated framework that iteratively refines semantically grounded
adversarial prompts against black-box LLMs through an “attacker—judge—target”
loop. While their approach demonstrates the remarkable effectiveness of social
engineering—based jailbreaking with a minimal number of queries, it requires the
use of an additional LLM as part of the attack pipeline, which introduces extra
computational cost and potential monetary overhead.

3. Our Contribution

This work presents a comprehensive, proactive-offensive, LLM-assisted security
evaluation framework for the systematic analysis of prompt-level vulnerabilities in
large language models. Its primary contributions are the design, implementation,
and empirical evaluation of a novel GAN-inspired dual-LLM adversarial prompt-
ing architecture that models prompt manipulation as an iterative, self-supervised
process, enabling continuous exploration of prompt-based attacks without any pa-
rameter modification or fine-tuning. Instead of optimizing a single attack objective
or replaying known jailbreak patterns, the framework captures how adversarial
prompts evolve through sustained interaction between a generator and a discrim-
inator, thereby supporting the systematic study of vulnerability emergence and
offering deeper insight into the adaptive dynamics that can drive malicious model
behavior. Figure 1 illustrates the proposed architecture, and the resulting gener-
ated prompts can be leveraged to inform and develop more effective LLM defense
mechanisms.

—> Malicious Code 1

—> Malicious Code 2

Generator o Discriminator
2 — Malicious Prompt—> @GPT >l Malicious Code 3

Prompt @GPT
Injection
— Malicious Code 4

“— Malicious Code 5

Figure 1. Proposed system structure.

Unlike conventional robustness evaluations that rely on static test sets or su-
pervised fine-tuning, the proposed framework operates entirely at the input level.
It leverages the interaction between two large language models in an adversarial
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but cooperative configuration to expose failure modes arising from linguistic refor-
mulation, contextual reframing, and indirect instruction. This approach allows us
to adapt our Al-based system without teaching it ([12, 22]).

Furthermore, the proposed framework demonstrates that the use of LLMs in
this manner can substantially amplify the capabilities of smaller, less resourced,
or knowledge-constrained adversarial groups, potentially increasing their overall
threat level.

In contrast, our work focuses on modelling adversarial prompt generation as a
dual-LLM interaction process in which one model continuously reformulates attack
prompts while the other model provides response-based feedback for subsequent
finetuning. The objective is therefore not only to maximize attack success, but
also to study how prompt-level vulnerabilities emerge through iterative linguistic
reframing, contextual manipulation, and feedback-driven reformulation.

The proposed architecture does not implement gradient-based adversarial train-
ing, discriminator loss optimization, parameter updates, or end-to-end neural net-
work training. Instead, the analogy refers to the functional separation between
a prompt-generating component and an evaluating/responding component, whose
interaction resembles an adversarial feedback loop. This distinction is important
because the framework operates entirely at inference time and modifies only the
textual input, not the model parameters.

Accordingly, the contribution of this paper is a proof-of-concept framework for
proactive LLM security evaluation. Its purpose is to support systematic exploration
of prompt-level failure modes and to provide empirical insight into how adversarial
prompts can evolve through repeated reformulation.

The security concern examined in this work is demonstrated through malicious
code generation. This work is not to evaluate the quality, completeness, or suc-
cess rate of the generated code, but to show that the tested LLMs can be forced to
produce outputs containing malicious attack patterns despite built-in safety restric-
tions. This is a security concern because the proposed framework was able to bypass
prompt-level defenses through reformulation and contextual framing. Therefore,
the generated outputs are treated as evidence of a security-relevant failure mode
not because they are necessarily fully executable or optimized, but because they
contain misuse-relevant logic that should normally be restricted.

3.1. Iterative Adversarial Prompting Process

Rather than learning a probability distribution through gradient-based optimiza-
tion, the framework iteratively refines adversarial prompts and evaluates model
responses through a closed feedback loop ([2, 42]).

This occurs for two reasons. First, such models are trained using extensive
computational resources and large-scale datasets, the replication of this is both
technically complex and economically costly. Second, access to these capabilities
is available at a relatively low marginal cost, enabling users to leverage the results
of large-scale training with minimal financial investment. As a consequence, ad-
versarial actors can significantly reduce the time, effort, and resources required to
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develop sophisticated attack capabilities.
The architecture consists of two functionally complementary components:

o Generator: The generator is responsible for constructing and iteratively
refining adversarial prompt candidates. Its objective is to explore the space
of potentially unsafe or policy-challenging instructions by producing linguis-
tically varied, contextually framed prompts associated with specific attack
scenarios (e.g., SQL injection, cross-site scripting, phishing logic).

e Discriminator: The discriminator evaluates the generator’s outputs by re-
sponding to the generated prompts using its built-in security mechanisms
and alignment constraints. The discriminator’s responses implicitly contain
whether a given prompt successfully elicits security-relevant behavior, thereby
functioning as a risk assessor and feedback provider.

Although the generator and discriminator follow opposing objectives, they oper-
ate cooperatively by forming a continuous feedback loop. This interaction realizes
a form of adversarial learning at the prompt level, where the generator’s search
strategy is shaped by the discriminator’s responses rather than by explicit labels
or gradients.

A central idea of this work is the formulation of an iterative, self-supervised
adversarial prompting process. In each iteration, the generator produces a can-
didate prompt, which is then executed by the discriminator. Based solely on the
discriminator’s response, the generator adapts its subsequent prompt-generation
strategy.

The iterative process follows four conceptual stages:

1. Attack Goal Definition: The generator identifies a high-level attack objec-
tive or threat category, such as injection-based attacks or social engineering
tactics.

2. Prompt Synthesis: A candidate prompt is generated using predefined tem-
plates and contextual modifiers to produce the selected attack objective.

3. Evaluation and Feedback: The discriminator processes the prompt and
generates a response.

4. Refinement: The generator refines the prompt formulation based on the
discriminator’s feedback and initiates the next iteration if needed.

When designing generator prompts, our goal is to ensure that malicious intent is
not explicitly revealed when generating offensive prompts. We use implicit prompt
injection techniques at the generator prompt level to hide the offensive nature of
the generated prompt and maintain the appearance of a harmless context in two
different ways. One approach is to modify the wording, focusing exclusively on
lexical-level changes. The other approach is reframing, which modifies not only
the words but also the meaning of the entire context in order to make the prompt
appear harmless.
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The discriminator component executes the prompts generated by the generator,
which decides their acceptability based on its security. If the evaluation is unsuc-
cessful, program code is generated, while if it is successful, the system starts a new
generation-evaluation cycle to jailbreak the discriminator.

This mechanism is intentionally analogous to the iterative competition observed
in classical GAN training, with the crucial distinction that no model parameter
updates or training process are performed. All adaptation occurs at the prompt
level, demonstrating that model behavior can be materially influenced through
linguistic manipulation alone. The process shows how security mechanisms based
on static alignment or rule-based filtering can be progressively weakened through
contextual and semantic variation.

By generation adversarial prompt as a controlled evaluation process, the frame-
work provides a principled methodology for studying how and why large language
models may fail under adversarial linguistic pressure ([28, 35, 44]).

4. Preliminaries

4.1. Large Language Models (LLMs)

Large Language Models (LLMs) are autoregressive probabilistic models trained to
predict the next token in a sequence given its preceding context ([20, 42]). For
an input token sequence x1.,, an LLM parameterized by 6 models the conditional
distribution

n
po(T1:m) = Hpe(xt | z<t),
t=1

and generates text by iteratively sampling or decoding tokens from this distribution
until a stopping criterion is met.

Modern LLMs are predominantly based on the Transformer architecture, which
uses multi-head self-attention to compute context-aware token representations.
This mechanism enables the model to capture long-range dependencies and to adapt
its outputs based on subtle variations in prompt structure and context ([39]).

LLMs are typically pretrained using a next-token prediction objective on large-
scale text corpora, allowing them to acquire broad linguistic and semantic knowl-
edge[42]. Subsequent instruction tuning and alignment techniques, such as rein-
forcement learning from human feedback, are often applied to encourage helpful
and safe behavior in downstream applications ([6, 27]).

At inference time, text generation can be controlled through decoding strate-
gies such as greedy decoding or stochastic sampling with temperature scaling and
probability truncation (e.g., top-k or nucleus sampling), which influence output
diversity and determinism ([42]).

Crucially, LLM behavior is highly sensitive to prompt conditioning ([22]). Be-
cause the prompt forms part of the model’s context window, variations in phrasing,
role specification, or framing can significantly alter the generated output ([7, 37]).
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While deployed systems employ prompt-level policies and post-generation filtering
to enforce security,[6] these mechanisms remain vulnerable to adversarial linguis-
tic manipulation, motivating systematic robustness evaluation under adversarial
prompting conditions ([28, 35, 44]).

An attack against LLMs can be deliberate input manipulation or environmen-
tal modification—such as adversarial prompting—aimed at bypassing the model’s
internal safety constraints, inducing unintended or non-compliant behavior, ex-
tracting sensitive information, or maliciously steering the model’s outputs.

4.2. Prompt Learning

Prompt-based learning is an approach in which task adaptation is achieved by care-
fully designing input prompts for a pre-trained model, without changing its param-
eters[22]. By embedding task descriptions or contextual instructions directly into
the input, the model’s pre-existing knowledge is leveraged to perform new tasks, en-
abling flexible and data-efficient experimentation in domains such as cybersecurity
([42]). Prompt learning encompasses both discrete, textually represented prompts
and continuous, embedding-based approaches. In the former case, the prompt is
explicitly expressed in natural language tokens and remains human-readable, al-
lowing for manual or automated optimization while preserving interpretability.

The literature distinguishes several approaches within prompt-based learning.
The simplest form is manual prompting, in which the researcher or developer uses
natural language instructions to guide the model’s behavior. This approach is
more closely related to prompt engineering, as it relies on human intuition and
experience; for example, a user may manually construct prompts for analyzing
network traffic or generating phishing messages ([13]).

In contrast, prompt tuning and soft prompting represent automated approaches
in which the prompt is not explicitly defined as textual input, but instead is encoded
within the model’s learnable embeddings. During this process, the core model
weights remain largely unchanged, and only the prompt representation is optimized

([19])-

Prefix tuning (also referred to as P-tuning) constitutes a further refinement
of this idea. This method introduces learnable vectors prepended to the input
sequence, which define the model’s context and behavior without modifying its
primary parameters[21]. Such techniques are particularly effective in few-shot and
zero-shot learning settings, where little or no task-specific training data is available
(123)).

While textually represented prompts offer advantages in terms of transparency
and auditability, they are inherently more susceptible to prompt injection attacks.
We use textual represented prompt learning. Conversely, soft prompt learning ap-
proaches reduce direct manipulability but introduce significant challenges in terms
of interpretability and systematic security evaluation.
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4.3. Generative Adversarial Networks

Generative Adversarial Networks (GANs) were introduced by Goodfellow et al. in
2014 as a generative modeling framework in which two neural networks, a generator
and a discriminator, are trained through an adversarial, game-theoretic interaction
to approximate the distribution of real data[11]. The structure of GANs represented
on Figure 2. GANs have become significant across numerous scientific disciplines
and research domains due to their ability to generate new data based on existing
datasets ([1, 2, 40]). They are particularly effective in image-related tasks [11], and
are therefore frequently applied in computer vision, as well as in the training of
systems designed to detect malicious files and applications ([3, 16]). Furthermore,
GANSs offer a means to artificially augment underrepresented or rare classes within

datasets ([30]).
Real Data z —|

Discriminator D

- 1 1
Noise z Generator G

G(z)

Figure 2. GAN structure.

The operational principle of GANs is based on a two-component architecture
involving two competing deep neural networks. The Generator attempts to pro-
duce samples from random noise inputs that closely approximate the distribution
of real data, while the Discriminator is simultaneously presented with both real
and generated samples and seeks to classify them as either genuine or artificial.
Learning is enabled through backpropagation: when the Discriminator correctly
classifies the samples, the resulting feedback is propagated back to the Generator,
which adjusts its weights and probability distributions to improve the realism of
the generated outputs. Conversely, when misclassification occurs, the Discrimina-
tor updates its own parameters to enhance its recognition accuracy. The training
process is considered complete when the Discriminator’s performance degrades to
the level of random guessing-approximately 50% accuracy-indicating that the sam-
ples generated by the Generator have become effectively indistinguishable from real
data ([11]). We use GAN terminology strictly as a conceptual analogy rather than
a learning-theoretic equivalence.

5. Results

The framework is implemented in Python 3.12 using an object-oriented and mod-
ular software architecture. Both components interact with GPT-based language
models via structured prompt templates and standardized interfaces. During the
evaluation, the GPT-4.1 mini, GPT-5.2, and DeepSeek language models were
tested. The implementation can be found on GitHub. [9]
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Two distinct methodological approaches were applied. In the first approach,
only the input context was incrementally refined, while in the second approach
the entire text was modified using a reframing technique derived from cognitive
psychology, resulting in a structural and semantic transformation of the content.
Reframing is effective in LLM attacks because it presents a prohibited request as a
legitimate or benign objective (e.g., research, auditing, or defense), which weakens
the model’s guardrails and increases the likelihood of compliant behavior[24]. Both
approaches were successful, but reframing achieved the malicious results in fewer
iterations.

Our observations demonstrate that the framework is capable of avoiding secu-
rity-relevant behavioral patterns from large language models, including logic con-
sistent with SQL injection and cross-site scripting scenarios, under constrained and
non-executing conditions. These findings provide empirical evidence that prompt-
level adversarial manipulation remains a significant attack vector and that current
security alignment techniques exhibit structural limitations when confronted with
adaptive linguistic strategies.

The primary goal of the testing phase was to evaluate how the proposed gener-
ator-discriminator architecture can circumvent the built-in prompt-level defense of
LLM models, as well as to analyze how large language models respond to security-
sensitive inputs under malicious prompting conditions. Several consistent and well-
defined behavioral patterns emerged during the evaluation process.

As the system progressed, a clear adaptive behavior became apparent. The
generator gradually adjusted its prompt-generation strategy in response to the
discriminator’s feedback. In particular, the generator learned to avoid specific
keywords and expressions that consistently triggered negative evaluations. Table 1
shows these keywords. This adaptation highlights the role of linguistic biases and
internal security patterns in large language models, where certain terms reliably
activate defensive filtering mechanisms, while semantically similar but differently
phrased inputs may partially bypass them.

When the generator produced prompts that explicitly referenced malicious in-
tent, such as attacks, system compromise, or security bypassing, the discriminator
consistently rejected the requests. However, when prompt operational logic was em-
bedded within a neutral to malicious behavior context, the model often no longer
classified the request as dangerous and proceeded to generate a response. This be-
havior underscores the critical importance of contextual framing in security-related
decision processes.

During execution, the framework generated multiple attack-related patterns
commonly used in real-world scenarios. One such output corresponded to a canon-
ical SQL injection structure. The generated code dispatched a series of predefined
time-based SQL payloads to a specified endpoint, subsequently analyzing the re-
sponse content for characteristic database error messages (e.g., MySQL, MSSQL,
Oracle signatures) and measuring response latency.

In addition, discriminator outputs exhibited patterns consistent with cross-site
scripting (XSS). In the analyzed example, a client-side input parameter was re-
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Table 1. Empirically Observed Keyword Sensitivity Patterns.
Category Representative Key- Typical Model Response

words / Phrases

High-risk (Blocked)

Context-dependent

Low-risk (Accepted)

Reframed (Evasive)

hack, exploit, ransomware,
backdoor, bypass security,
steal credentials

SQL injection, XSS, pay-

load, encryption key, au-
tomation
analyze, evaluate, mitiga-

tion, detection, security as-
sessment, compliance

stress-test system, robust-
ness evaluation, data expo-
sure scenario, autonomous

Immediate rejection or strict
policy enforcement

Response depends on sur-
rounding context and fram-
ing

Accepted, detailed analyti-
cal output

Partial or full acceptance de-
spite equivalent operational
logic

software artifact

flected back into the HTML response without appropriate sanitization or encoding.

A ransomware variant was also successfully produced. Within this file, the pro-
gram dynamically imported a cryptographic library providing symmetric, authen-
ticated encryption functionality, specifically relying on the Fernet [31] encryption
scheme. Using a pseudo-randomly derived seed, the application generated a secret
encryption key, which was subsequently used to perform encryption operations on
all resources accessible under the process’s effective privilege set. The resulting
executable was detected by the Windows Defender firewall, indicating that its run-
time behavior and cryptographic activity patterns were classified as malicious. This
external detection serves as an independent validation that the generated artifact
exhibits characteristics recognizable by established endpoint security solutions as
indicative of ransomware-like behavior.

The results demonstrate that the framework can generate functional malicious
code and representative attack scenarios that expose the boundary conditions of
LLM security behavior. Given that the policy explicitly prohibit activities in-
volving the destruction, unauthorized access, or compromise of other systems or
property—including malicious or abuse-driven cyber activities, as well as attempts
to violate intellectual property rights—such behavior can be classified within the
scope of disallowed actions under the defined framework. Although models often
initially reveal only simple vulnerabilities, the application of reframing enables the
construction of more complex and effective attacks, underscoring the sensitivity
of discriminator behavior to subtle contextual manipulation. Overall, the findings
show that LLMs can exhibit adaptive, attack-oriented behavior without explicit
fine-tuning, and that prompt-level manipulation alone can significantly influence
security enforcement and model responses.
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6. Conclusion and Future Work

In this work, we proposed a proactive and automated security evaluation framework
for large language models based on a GAN-inspired dual-LLM architecture. The
framework systematically explores prompt-level vulnerabilities through iterative
adversarial prompting in a black-box setting, without requiring model fine-tuning
or access to internal parameters. Experimental results demonstrate that contextual
reframing and semantic reformulation can significantly influence model behavior,
enabling the generation of security-relevant, attack-oriented outputs, including re-
alistic injection patterns and malware-like logic.

Future work will extend the proposed framework to a wider range of language
models. In addition, we plan to incorporate psychology-inspired attack strate-
gies, such as algorithmic persuasion modeling and cognitive bias exploitation-into
the adversarial prompting process, with the goal of systematically analyzing how
psychological manipulation influences LLM security decisions and enables more
realistic simulations of human-like social engineering attacks.
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