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Abstract—Adversarial robustness is a critical aspect of
Large Language Models (LLMs), as these models are
increasingly deployed in real-world applications where they
may be vulnerable to adversarial attacks [1]. Optimization
techniques such as quantization and pruning, while effective in
reducing the computational and memory demands of LLMs,
may inadvertently weaken their defences against adversarial
manipulation [2][3]. This paper investigates the impact of
common optimization strategies on the adversarial robustness
of LLMs, exploring how model compression and parameter
reduction can expose vulnerabilities to adversarial attacks, such
as input perturbations and manipulation. We analyze existing
methods that trade off model performance for computational
efficiency, identifying potential risks in adversarial settings. In
response, we propose novel optimization techniques that strike
a balance between maintaining robustness and improving
computational efficiency [4][5]. By integrating adversarial
training with quantization and pruning, our approach
strengthens model resilience without significant performance
loss [10][14]. Empirical evaluations on benchmark datasets
demonstrate the effectiveness of our methods, offering insights
into how LLMs can be optimized while defending against
adversarial threats, ensuring safer deployment in critical
applications [13][15].

Keywords—Adversarial robustness, Large Language Models
(LLMs), quantization, pruning, model optimization, adversarial
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1. INTRODUCTION

Large Language Models (LLMs) have revolutionized
natural language processing, enabling advancements in tasks
such as text generation, machine translation, and question
answering. However, these models come with significant
computational and memory demands, driving the need for
optimization techniques like quantization and pruning. While
such methods reduce the size and computational complexity
of LLMs, they can also introduce new vulnerabilities,
particularly in adversarial settings where malicious actors
attempt to exploit weaknesses in model predictions through
carefully crafted input manipulations.

Adversarial attacks pose a significant threat to the integrity
and reliability of LLMs [5]. These attacks involve slight
perturbations to the input data, often imperceptible to humans,
which lead the model to make incorrect or unexpected
predictions. In domains where LLMs are deployed in real-
time decision-making processes, such as healthcare, finance,
or autonomous systems, these vulnerabilities can have serious
consequences [2,8]. Therefore, ensuring adversarial
robustness, which is the ability of LLMs to resist adversarial
attacks, is crucial for the secure and reliable application of
these models [7].

Optimization techniques, such as quantization and pruning
are commonly used to enhance the efficiency of LLMs.
However, these techniques may degrade a model’s robustness
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by reducing its ability to generalize well in adversarial
scenarios. This trade-off between computational efficiency
and model security raises an important question: how can we
optimize LLMs without compromising their adversarial
robustness.

This paper aims to address this challenge by investigating
the impact of optimization techniques on adversarial
robustness and proposing strategies to enhance model security
without sacrificing performance. We explore how adversarial
training can be combined with quantization and pruning to
maintain a balance between model efficiency and defence
against attacks. By evaluating our approach on benchmark
datasets, we provide insights into how LLMs can be optimized
for real-world deployment, where both efficiency and security
are critical.

The rest of the paper is structured as follows. In Section 2,
we review related work on adversarial robustness in LLMs
and optimization techniques. Section 3 outlines our
methodology for combining adversarial training with
optimization strategies. Section 4 presents our experimental
results, and Section 5 discusses the implications of our
findings. Finally, Section 6 concludes with recommendations
for future research directions.

II. LITERATURE REVIEW

The rapid growth in the development and deployment of
Large Language Models (LLMs) has brought with it new
challenges, particularly in the area of adversarial robustness.
As LLMs are optimized for efficiency through techniques
such as quantization and pruning, understanding the trade-offs
between performance improvements and  security
vulnerabilities becomes increasingly important. This section
reviews the key areas of research related to adversarial
robustness in LLMs and the effects of optimization techniques
on their security and performance.

A. Adversarial Attacks on LLMs

Adversarial attacks involve small, carefully crafted
perturbations to input data that cause machine learning
models, including LLMs, to produce incorrect or unexpected
outputs. In the context of LLMs, such attacks can take the
form of subtle changes to text inputs that lead to significant
changes in model predictions, misclassifications, or biased
responses. Previous research has shown that LLMs are
vulnerable to a variety of adversarial techniques, including
gradient-based attacks (e.g., FGSM, PGD) and more
sophisticated methods like synonym substitution and context
manipulation.

These vulnerabilities are concerning, particularly in
critical applications where LLMs are used for decision-
making in areas such as healthcare, legal systems, and finance.
Defending against adversarial attacks in LLMs requires the
implementation of robust strategies that allow models to
generalize better in adversarial settings.



B. Adversarial Robustness Techniques

Various methods have been proposed to improve the
adversarial robustness of neural networks, including LLMs
[4][6]. One of the most common approaches is adversarial
training, where models are explicitly trained on adversarial
examples alongside regular data [10] to enhance their ability
to withstand attacks [7, 9]. However, adversarial training can
be computationally expensive, especially for large-scale
models, making it less practical for models with billions of
parameters [3].

Other defence mechanisms include defensive distillation,
gradient masking, and robust optimization strategies that aim
to reduce the sensitivity of the model to small input changes.
These methods focus on enhancing the model's stability under
adversarial conditions but may introduce new challenges, such
as overfitting to specific attack types or reducing overall
performance on clean data.

C. Quantization and Pruning in LLM Optimization

Quantization is a widely-used optimization technique that
reduces the precision of model parameters, such as weights
and activations, from 32-bit floating point to lower bit-widths,
such as 8-bit or 4-bit [9, 11]. This compression reduces
memory usage and computational requirements, allowing
LLMs to operate more efficiently on hardware with limited
resources. Popular methods like LLM.Int8() and GPTQ
demonstrate that quantization can significantly speed up
inference with minimal performance degradation in terms of
accuracy.

However, reducing the precision of weights may
inadvertently decrease the model's ability to generalize well to
adversarial examples, as smaller numerical representations
can make the model more susceptible to slight input
perturbations.

Pruning, another prevalent optimization method, involves
removing unnecessary or redundant parameters from a model.
Techniques like SparseGPT perform unstructured pruning,
while structured pruning methods focus on removing entire
blocks of parameters e.g, neurons or filters.

While pruning reduces model complexity and improves
efficiency, it can also diminish the model's capacity to resist
adversarial attacks by weakening the network’s redundancy,
which is often key in resisting adversarial perturbations.

D. Impact of Optimization Techniques on Adversarial
Robustness

shown that pruned models tend to exhibit higher
vulnerability to adversarial perturbations due to the removal
of protective redundancies within the network.

Similarly, quantization can introduce numerical
instabilities, making it easier for adversarial examples to
exploit smaller, less precise parameter spaces.

These trade-offs have sparked interest in developing
optimization strategies that maintain the advantages of model
compression while preserving or even enhancing adversarial
robustness. Several studies have explored combining
optimization techniques with adversarial training, resulting in
models that are both efficient and resilient to attacks. This
approach presents a promising direction for future research,
particularly for applications where resource-constrained
environments require efficient yet secure LLMs.

E. Open Challenges and Future Directions

The current state of research highlights several open
challenges. First, finding an optimal balance between model
efficiency and robustness remains a key hurdle. While
adversarial training can improve robustness, it often comes at
the cost of increased computational demand, contradicting the
objectives of model optimization. Similarly, quantization and
pruning, though effective for reducing memory usage and
inference time, may compromise model security, especially in
adversarial settings.

Fig. 1. Optimization Techniques Unified Approach
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III. METHODOLOGY

This section outlines the methodology adopted to enhance
the adversarial robustness of Optimized Large Language
Models (LLMs) against potential attacks. Our approach
integrates advanced optimization techniques with robust
defense strategies to maintain model performance while
ensuring resilience to adversarial threats.

A. Model Selection and Baseline Establishment

1) Selection of LLM: We begin by selecting a
representative Large Language Model, such as BERT or
GPT, as the base architecture. These models are chosen due
to their widespread usage in natural language processing
tasks and their established performance benchmarks

2) Baseline Performance Evaluation: The baseline
model is evaluated without any optimization or adversarial
training to establish performance metrics. Key metrics
include accuracy, Fl-score, inference speed, and memory
usage, using benchmark datasets relevant to our application
context (e.g., IMDB for sentiment analysis).

B. Optimization Techniques Implementation

1) Quantization: We implement quantization techniques
to reduce the precision of model weights and activations. This
involves:



a) Selecting Bit Width: Experimenting with different
bit-widths (e.g., 8-bit, 4-bit) to determine the optimal balance
between model size and performance.

b) Applying Quantization: Utilizing methods like
LLM.Int§() or GPTQ to perform quantization while
minimizing the impact on accuracy.

2) Pruning: We apply pruning strategies to eliminate
unnecessary parameters from the model. This involves:

a) Determining Pruning Criteria: Establishing criteria
for identifying less significant weights using techniques like
unstructured and structured pruning,

b) Implementing Pruning: Executing the pruning
process while ensuring the model architecture remains intact,
thus enhancing operational efficiency.

C. Adversarial Training Integration

1) Adversarial Example Generation: We generate
adversarial examples using established techniques such as:

a) Gradient-Based Attacks: Applying methods like the
Fast Gradient Sign Method (FGSM) and Projected Gradient
Descent (PGD) to create inputs that maximize model loss.

b) Input Perturbation Attacks: Introducing small but
impactful perturbations to inputs to assess model
vulnerabilities.

2) Training with Adversarial Examples: The optimized
model undergoes adversarial training

a) Combining Clean and Adversarial Data: Training
the model on a mixture of clean and adversarial examples to
improve robustness.

b) Loss Function Adjustment. Modifying the loss
function to account for both clean and adversarial examples,
enhancing the model's ability to generalize across different
input scenarios.

D. Evaluation of Robustness and Performance

1) Performance  Metrics:  The  optimized and
adversarially trained model is evaluated using the same
performance metrics as the baseline. This includes:

a) Accuracy: Measuring how often the model correctly
predicts outputs on clean and adversarial datasets.

b) Fi1-Score: Calculating the Fl-score to assess the
balance between precision and recall, particularly on
imbalanced datasets.

¢) Inference Speed: Analyzing the model's inference
speed post-optimization to ensure it meets real-time
processing requirements.

d) Memory Usage: Evaluating memory consumption
to confirm efficiency gains from quantization and pruning.

2) Adversarial Robustness Testing: We test the
adversarial robustness of the optimized model by:

a) Evaluating Against Adversarial Attacks: Measuring
the model's performance on adversarial examples generated
earlier to quantify susceptibility.

b) Comparative Analysis: Comparing results with the
baseline model to quantify improvements in adversarial
robustness while maintaining performance metrics.

E. Feedback Loop: Based on the evaluation results, an
iterative feedback loop is established to refine the model:

1) Analyzing Weakness: We test the adversarial
robustness of the optimized model by:

2) Analyzing ~ Weakness:  ldentifying areas  of
vulnerability in the model where further optimization or
training is needed.

3) Adjusting  Optimization  Strategies:  Modifying
quantization, pruning techniques, and adversarial training
parameters to enhance robustness and performance.

4) Final Model Selection: The final model is selected
based on the best trade-off between performance metrics and
adversarial robustness, ensuring it is suitable for deployment
in real-world applications.

F. Mathematical Expressions:

1) Quantization: Quantization reduces the precision of
model parameters, typically represented as weights. The
mathematical representation for quantization can be
described as follows:

w— min(w)>

Q(w) = round <
scale
where:
e  (Q(w) is the quantized weight.

e w is the original in floating-point

representation.

weight

e min(w) is the minimum weight value in the original
weight matrix.

e scale is a scaling factor that adjusts the range of
weights.

e Use Case: In a sentiment analysis application,
quantization allows the LLM to run on devices with
limited processing power, maintaining efficient
performance while slightly reducing accuracy.

2) Pruning: Pruning eliminates non-essential weights
from the model to enhance efficiency. The mathematical
representation can be expressed as:

0ifw, < T
P(wy) = {Wi otherwise

where:
e  P(wi) is the pruned weight.

e T is the pruning threshold based on weight
importance.

e Use Case: In an online customer service chatbot,
pruning can significantly reduce the model size,
allowing it to provide responses faster while
maintaining a high level of accuracy.

3) Adversial  Training: Incorporating  adversarial
examples during training improves the model's robustness
against attacks. The loss function during adversarial training
can be represented as:

L=a Lgg+ (1 —a)- Ly
where:

e L is the total loss.

e L is the cross-entropy loss for true labels.



e Lgp is the knowledge distillation loss, measuring the
difference between the model's output and the
teacher model's output.

e« is a balancing factor between the two losses.

e Use Case: In a fraud detection system, adversarial
training helps the model learn to recognize subtle
fraudulent patterns, reducing the risk of false
negatives and enhancing security.

4) Adversarial ~Example  Generation:  Adversarial
examples are generated by modifying the input data. The
perturbation can be mathematically represented as:

x' =x+¢€-sign(V,J(x,y))
where:

e  x is the original input.
e x'is the adversarial input.
e ¢ is the perturbation magnitude.

e VxJ(x,y) is the gradient of the loss function with
respect to the input.

e Use Case: In image classification tasks, generating
adversarial examples allows for stress testing the
model, ensuring it remains robust against slight input
changes that could be exploited by an attacker.

G. Evaluation Metrics

1) Accuracy Matrix: The accuracy metric can be
represented as:
True Positives + True Negatives

A =
ccuracy Total Samples

Use Case: In cybersecurity applications, monitoring the
adversarial success rate helps ensure that the deployed LLMs
remain secure against attacks and maintain high accuracy on
legitimate inputs.

2) Adversarial Success Rate: The adversarial robustness
can be quantified using the adversarial success rate:
Adversarial Success Rate
Number of Misclassifications on Adversarial Samples

Total Adversarial Samples
3) Mathematical Representation for Accuracy and F1-
Score:
True Positives + True Negatives

A =
ccuracy Total Samples

2 - Precision - Recall
1 =

Precision + Recall

IV. RESULTS AND ANALYSIS

In this section, we present the results of our experiments
aimed at enhancing adversarial robustness in optimized Large
Language Models (LLMs) through the integration of
quantization, pruning, and adversarial training. We evaluate
the model's performance using various metrics, including
accuracy and the F1 score, both before and after applying the
optimization techniques.

Additionally, we analyze the impact of these methods on
the model's robustness against adversarial attacks.

A. Experimental Setup:

1) Model Selection: We used the BERT-base model for
sentiment analysis as the baseline model

2) Dataset: The IMDB dataset was utilized, containing a
balanced set of positive and negative movie reviews.

3) Optimization Techniques:

a) Quantization: We applied 8-bit quantization to
reduce memory usage and improve inference speed.

b) Pruning: We employed unstructured pruning,
removing 30% of the least significant weights based on their
magnitude.

¢) Adversarial Training: We used the Projected
Gradient Descent (PGD) method to generate adversarial
examples during training.

B. Performance Metrics:

1) Accuracy: The accuracy of the model was measured
before and after optimization.

2) F1 Score: The F1 score was calculated to assess the
balance between precision and recall.

C. Results and Outpus:

TABLE L PERFORMANCE METRICS OUTPUT
After Optimization
Metric Before Optimization (with Adversarial
Training)
Accuracy 89.3% 87.5%
F1-Score 88.6% 86.2%
Inference Speed 0.35 seconds 0.20 seconds
Memory Usage 12GB 0.7advers GB
Adversarial
Success Ratje 45% 25%
(on adversarial
examples)

D. Analysis of Results
1) Accuracy and F1 Score:

a) The accuracy decreased slightly from 8§9.3% to
87.5% post-optimization. This drop can be attributed to the
trade-offs associated with quantization and pruning, which
may affect the model's ability to generalize to unseen data.

b) The F1 score also exhibited a decline from 88.6% to
86.2%. While this indicates a reduction in the model's
performance, it is essential to note that the goal of the
optimization was to enhance adversarial robustness, not
solely to maintain accuracy.

2) Inference Speed and Memory Usage

a) A notable improvement in inference speed was
observed, reducing from 0.35 seconds to 0.20 seconds. This
enhancement is significant for real-time applications,
indicating that the optimization techniques successfully
reduced the computational burden.

b) Memory usage decreased from 1.2 GB to 0.75 GB,
showcasing the effectiveness of the quantization and pruning
techniques in compressing the model.

3) Adversial Robustness:

a) The adversarial success rate, which measures how
often adversarial examples mislead the model, improved



significantly from 45% to 25%. This reduction indicates that
the adversarial training process effectively enhanced the
model’s resilience against adversarial attacks, making it
more robust in real-world applications.

4) Trade-off Consideration:

a) While there was a decrease in accuracy and the F1
score, the primary goal of this research was to balance
performance and security. The observed improvements in
adversarial robustness highlight the trade-offs involved in
optimizing LLMs for both efficiency and security.
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TABLE II. TRADE OFFS BETWEEN MODEL SIZE, INFERENCE TIME,
AND MEMORY USAGE
Optimization . Inference Memor
p . Model Size . y
Technique Time Usage
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110 M 0.35 sec :
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After 110 M 0.20 sec 0.75 GB
Quantization
After Pruning 77M 0.15 sec 0.5 GB
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V. CONCLUSION

In this study, we explored the intricate balance between
optimizing Large Language Models (LLMs) and enhancing
their adversarial robustness. Through the application of
optimization techniques such as quantization, pruning, and
adversarial training, we aimed to improve the operational
efficiency of LLMs while ensuring their resilience against
adversarial attacks.

The results of our experiments demonstrate that while
optimization can lead to improvements in inference speed and
reductions in memory usage—critical factors for real-world
deployment—the trade-offs in performance metrics such as
accuracy and F1 score cannot be overlooked. Specifically, we
observed a slight decline in these metrics following
optimization, which is an expected consequence of model
compression  techniques. However, the substantial
enhancement in adversarial robustness, evidenced by a
reduction in the adversarial success rate from 45% to 25%,
underscores the effectiveness of our approach in fortifying the
model against potential threats.

Moreover, the integration of adversarial training proved
essential in bolstering the model's defense mechanisms,
allowing it to learn from adversarial examples and thereby
improve its performance in challenging scenarios. This
resilience is particularly vital in applications where LLMs are



employed for critical tasks, such as sentiment analysis,
healthcare, and customer service, where misclassifications can
have significant consequences.

Overall, our findings highlight the importance of
prioritizing adversarial robustness in the optimization of
LLMs. While achieving high accuracy is essential, ensuring
that models can withstand adversarial attacks is equally
critical for their safe deployment in real-world environments.
Future work should continue to refine these optimization
strategies, exploring novel techniques that minimize the trade-
offs in accuracy while maximizing robustness and efficiency.
This dual focus will pave the way for more secure and reliable
Al systems, ultimately advancing the field of natural language
processing and machine learning.

In conclusion, as the reliance on Al technologies increases,
fostering adversarial robustness alongside performance
optimization will be paramount for ensuring that LLMs
operate safely and effectively across various domains.
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