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Abstract. The presence of the Large Language Models (LLMs) has been instrumental in
automating tasks involving the complexities of language. Such tasks include the
enhancement of human-computer interaction and the knowledge support provided across
various fields. Growth in LLMs due to the advances in technology has resulted in
personalized, scalable, and more efficient solutions in, among others, education,
healthcare and entertainment areas. Through, LLMs have transformed, seventeen Natural
Language Processing (NLP) getting to various different ways to customize this model of
the task app. As a focal point of this work, we have four basic strategies: prompting
engineering, fine-tuning, Low-Rank Adaptation (LoRA), Quantized LoRA (QLoRA),
and Retrieval-Augmented Generation (RAG). These strategies along with their
comparisons, pros, and cons, are especially treated in the text. The literature analysis and
qualitive assessment in this study provide a basis for further research in the field of fast
and efficient LLM adaptation. The main finding of the study is that full fine-tuning
provides the best task-specific performance, even though it has high computation costs.
On the other hand, LoRA and QLoRA are the best alternatives that are environmentally
friendly since they reduce the required resources yet perform well. Prompt engineering
and RAG clearly outperform in rapid deployment and dynamic information integration
respectively.

Keywords: large language model, prompt engineering, fine-tuning, retrieval-augmented
generation.

1 Introduction

The extraordinary expansion of large language models (LLMs), for example, GPT-3, BERT,
and their up-to-date versions, has revolutionized numerous applications in natural language
processing (NLP)[1]. On the other hand, the successful adjustment to tasks is still a major
problem. Prompt engineering[2], full fine-tuning, and newer strategies such as LoRA[3],
QLoRAJ4], and retrieval-augmented generation (RAG)[5] are some of the techniques. Every
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single one of them is dedicated to a particular condition of computational efficiency, model
performance, and resource availability.

The remarkable success of large language models in tackling a variety of problems including,
but not limited to, text generation, question answering, translation, and summarization, as they
have done until now, marks the turning point in NLP[6][7][8]. The models that are pre-trained
on huge collections of different data have revealed to be able to generalize over several fields
and in this way, they have substantially decreased the need for task-specific models[9].
Nevertheless, LLMs when they are used on specialized tasks or areas require of course some
adjustment to attain the best performance[10]. Numerous adaptation strategies have been
developed to meet this challenge, and the adaptations each have their own benefits and
drawbacks.

Despite the lack of a single best adaptation strategy, this manuscript will discuss the common
base of five such solutions: prompt engineering, the whole possibility-fine-tuning,
performance-efficient fine-tuning (LoRA and QLoRA), and retrieval-augmented generation
(RAG). These methodologies show major divergences in both functioning principles and
needs of resources and also in their adherence to specific tasks. The main purpose of this
assessment is to bring out the advantages and disadvantages of each technique, giving users
clear information on the conditions in which one approach may be more desirable than the
other in real-world applications. This comparative assessment will furnish researchers and
practitioners with a guideline for the most suitable adaptation method, because of their
specific use sites.

We are going to clarify the scope of these methodologies, which is to say, their best-case
applications. A systematic review will provide the researchers and practitioners with an
unambiguous conception of the appropriate situations for the implementation of each method.

2 Background Study

The parallel growth in complexity and scale of LLMs by the demand for efficient and
effective adaptation strategies is inevitable. Initial attempts to utilize pretrained models were
mostly based on fine-tuning, a method which includes adjusting weights of the entire model to
match a particular task or domain[11]. Although this method is useful, it can be quite costly in
terms of computational power, particularly for the massive models, which require labor-
intensive hardware resources and time[12].

As a result of these challenges, the development of alternative approaches has taken place,
such as prompt engineering[13] and retrieval-augmented generation[5]. These concepts target
to avoid or decrease retraining by innovatively requesting task-specific outputs from
pretrained models. The low-rank adaptation methods[3] like LoRA and QLoRA[11] have
recently come into existence, yielding performance-efficient tuning configurations that
significantly lessen the traditionally associated with full model fine-tuning computational
overhead[11].

All the above-mentioned techniques have their own limits and associated with different
boundaries of flexibility, efficiency, and performance. A comprehensive knowledge of their
limitations is a key factor to making optimal use of LLMs in real-life environments.



3 Existing Literature

This part accomplishes a comparative overview of the four methods of adaptation, departing
from the existing literature. The evaluation is carried out based on the following main criteria:
computational efficiency, adaptability to various tasks, memory consumption, and
performance outcomes as reported in prior studies.

3.1 Prompt Engineering

Prompt engineering is the technique of creating particular input prompts in order to steer the
output to the desired one from the LLM. In this way, since it does not change the model
parameters, it is lightweight and can be used in applications where the computational
resources are limited[2]. However, prompt engineering is sensitive to the variations of inputs,
thus being not suitable for the cases in which a stable result is expected over its use.

It is a representation of a paradigm where model performance is driven by the careful
construction of input prompts, rather than the modification of the model’s weights. The inputs
are carefully designed in a way that the model can reach the desired output without the need to
alter its base parameters. An illustration of this is putting the model through specific
instructions or examples that help the LLM simulate the template and therefore, output better-
suited or more accurate answers[14]. Few-shot and zero-shot prompting are other strategies
that have positively affected tasks when labeled data is limited or not available.

The starting point for the discussion is the belief that a well-structured input can yield the
desired output from an LLM[14]. It has been proven that few-shot prompting, a process where
only a limited number of examples are included in the prompt, can greatly increase model
performance on specific tasks without having to undergo retraining. On the contrary, zero-shot
prompting is reliant on the capability of the model to generalize without any task-specific
examples being provided. This algorithm is appealing as it requires very few resources but is
very risky because it is very sensitive to the way the prompt is built and thus it does not often
generalize.

Although prompt engineering is a highly flexible and portable adaptation solution, it still
struggles with some challenges such as the disposable nature of prompts and their being
grounded on some model internal representations, like prompt sensitivity and pre-trained
model inherent limitations, which exist since pre-training is done[15].

3.2 Full Fine-Tuning

In most cases, it is difficult to influence a model's inference about the unknown only by
learning its prompt since it requires a lot of context. Though full fine-tuning constantly is the
"go-to" approach model adaptation. A specific LLM's training can be continued for this
purpose just like with anything else in the universe. By training a model on an appropriate
dataset, this method brings the model closer to the final task. Generally, this technique is
implemented by modifying all model parameters according to tasks, and only then the model
is ready for downstream tasks. Thus, the performance also usually reaches the highest level in
most tests. On various fields, it has been frequently used including natural language



processing and computer vision[16].

Full fine-tuning scales the whole parameter space, and as a result, the model gains the
possibility to shift its internal representations into a more precise correlating form with the

new data. Formally, given a pre-trained model with parameters 60 and the loss function L (9)
defined on the given task, full fine-tuning involves solving:

9'=arg minL(G) (1)

Here, 07 0,—1nV,L(0), and, 1 denotes the learning rate[17]. This update can give better

performance when the target task is sufficiently complex or when the domain gap between the
pre-training and target datasets is minimal.

Full fine-tuning is still the preferred choice for achieving task-specific results that particularly
call for deep specialization. Nevertheless, its use is often impeded by the vastness of current
LLMs. Fine-tuning the biggest of the models entails a very high amount of memory and
computational power which are typically found in only the high-performance computing
environments. Besides, the overfitting risk is particularly emphasized in small datasets that
have a high requirement for proper tuning and regularization during the fine-tuning
process[18]. This approach has high performance on the given task, although it is somewhat
the opposite of high-efficiency, it indeed proves difficult because of resource requirements for
fine-tuning, particularly for large models[19]. Overfitting is also a concern especially with
small datasets. Full fine-tuning adjustments are always outside the reach of resources despite
being effective, especially with large-scale LLM deployments.

3.3 LoRA and QLoRA

Owing to feasibility challenges faced by fine-tuning methods, one may consider the following
two approaches that come at a lower cost.

LoRA and QLoRA are the newest methods for banking the computational expense of a full
fine-tuning down. LoRA is a Low-Rank Adaptation that reduces the wastage of resources from
full fine-tuning by only modifying parts of parameters in a lower-dimensional space [3].The
method involves the low-rank updates of the model weights that are pre-trained facilitating the
efficient task-specific adaptation without the need to change the entire model. LoRA replaces
the full fine-tuning with a computationally effective method that is based on low-rank matrix
updates. Instead of modifying the whole model's parameters, LoRA only changes a part of
them which enables a task that is specific and tuned properly with comparatively less
resources[20].

LoRA training, the type of training which it is, initiates from a base model while it preserves
its weights in a frozen state. That means that the parameters of the pre-trained model stay
unchanged[21]. QLoRA, a kind of an application of LoRA, goes a step further by using
quantization methods, which lowers memory needs even more while still meeting the task-
specific performance[4]. QLoRA, the one that is actually, is based on quantization and it
reduces the memory that is used with no impact on the performance. This feature makes
QLoRA an optimal choice for edge computing and resource-limited conditions[22], even
though both techniques may be subject to performance losses on more comprehensive tasks.



QLoRA is initiated from a model that has undergone pre-training. Loading the model in the
quantized format implies the model is not used in the full precision mode[23]. The standard
choice is 4-bit quantization that is selected owing to its excellent balance vis-a-vis speed and
accuracy performance. To the model's weights, QLoRA employs the 4-bit NormalFloat (NF4)
quantization[4]. This step significantly reduces the memory footpring but also achieves the
desired computational stability by keeping the activations (FP16, BF16, etc.) in a higher
precision. Mathematically, for a quantized wieght matrix W, we have:

W, =Quant(W) ()

where, Wq is the quantized representation, and dequantization is performed dynamically

during inference. The process of adding LoRA adapters remains the same, except quantized
weights are used.

After quantization, the weights are frozen and LoRA adapters are introduced in attention layer.
Each LoRA adapter consists of two low-rank matrices A and B. Here, A€R%*" and

BERer, with rank r << d, reducing the number of trainable parameters. The modified
weight during fine-tuning is computed as:

W=W +AW (3)

where, Wq is the quantized frozen weight and and AW is the LoRA adaptation. These

methods have been especially useful in scenarios where computational resources are limited or
where rapid adaptation is required. They are particularly useful for tasks with limited
resources while maintaining strong performance.

3.4 Retrieval-Augmented Generation (RAG)

In cases when there is a large amount of frequently changing and/or unlabeled data, it
becomes difficult to keep up with just the aforementioned methods.

Retrieval-Augmented Generation (RAG) constitutes a combination of an extrinsic retrieval
feature and a generative model, thereby permitting the LLM to consult act-specific knowledge
which is outside its internal database. These features are the ones that can be utilized to
retrieve information related to them during the discovery phase of the project. In situations
where the model's knowledge cutoff results in the use of outdated or irrelevant information, or
when some information is really not there in the model's training phase, it is especially
advantageous. Thus, it becomes possible for the model to introduce related external
documents or datasets in real time. The approach is specifically useful in cases where the task
is dependent on the real-time provision of the updated or specialized data[24].

RAG allows a large language model to access and generate information that is not in its
weight by using an external database. This is the reason why RAG is the best choice for areas
where timely and specific task knowledge is of utmost importance. Apart from that, there is
also an issue with relying on retrieval systems, which can increase latency and also affect
retrieval accuracy.



3.5 Hybrid Approaches

Despite the variety of approaches mentioned above that are single-solution pathways to a
myriad of tasks, attention has also recently been focused on the coupling of several adaptation
strategies so as to use all their potential synergies while at the same time diminishing their
respective shortcomings. Combining strategies have remarkably been a very instrumental way
in gaining a closure in the performance differential against application-specific fine-tuning and
those strategies being more adjustable and fewer power-consuming decisions. Apart from the
conventional use of hybrid approaches, their programming techniques, and their prevalence in
the most recent literature, this piece also includes external programming techniques and their
acceptance by the current literature.

3.5.1 Combining Prompt Engineering with External Retrieval

A prominent method that joins together retrieval-augmented generation and prompt
engineering. This is a method that is able to adapt more of the prompt-based techniques
through the integration of the external knowledge base. The studies demonstrate that the
application of retrieval mechanisms with prompt engineering leads to big increases in
response accuracy and the reduction of hallucination in response generation tasks[5]. This
method supports the main idea of light prompts while opening the way to the use of either new
or specific knowledge concerning the domain, thus it is very suitable for the use in dynamic,
knowledge-intensive applications[25].

3.5.2 Fine-Tuning with Retrieval-Augmented Generation (FT RAG)

One more new tactic is the integration of full fine-tuning with retrieval-augmented generation,
which makes it possible for models to adjust their internal representation and search through
the external data sources dynamically. This approach is especially applicable in situations
where full-fine tuning by itself is not enough to solve the quick changes in knowledge. For
instance, investigations in the field of biomedical NLP have revealed that fine-tuning models
in domain specific corpora and at the same time integrating RAG for real-time literature
retrieval increases the performance of medical question answering tasks[24].

4 Comparative Analysis and Discussion

The approach selection of LLM adaptation is mainly based on the intricacy of the task, the
resources available, and the requirements of the application. Although full fine-tuning is the
benchmark for performance, it is not possible for big applications, due to it being resource-
heavy. LoRA and QLoRA provide a balanced crossover of performance and computational
efficiency making them suitable for cases where resources are limited but specific adaptation
to a task is needed[3].

Although prompt engineering is of interest due to its simplicity, it is restricted by its inability
to perform well on various tasks. RAG is a strong method for handling queries that pertain to a
domain not typically encountered, but it might have problems, such as the time it takes to
retrieve data and the need for external knowledge.



To distinctly define the methods, it is imperative to juxtapose them on fundamental theoretical
parameters. The discussion will particularly address the aspects of computational efficiency,
flexibility, resource requirements, and their potential for generalization to other tasks. The
conclusions drawn from the analysis of existing literature will give an excellent basis for the
understanding of appropriate timing and reasons to apply the methods.

Table 1. Comparison of methods

Aspect Prompt Fine-tuning LoRA QLoRA RAG
Engineering
Performance Limited by base High Good balance ~ Similar to Excellent for
model’s performance of performance LoRA with knowledge-
existing with significant and efficiency  minimal intensive tasks
capabilities task-specific degradation
improvements
Training Cost No direct cost ~ Very high due  Moderate with Low due to Minimal - only
except prompt  to reduced quantization knowledge base
development computational  resource benefits preparation
time and data requirements
requirements
Running Cost Standard API ~ Base inference  Slightly higher Similar to High due to
costs with plus model than base model LoRA with vector database
longer prompts hosting costs efficient and retrieval
memory use costs
Computation Base model Intensive Moderate GPU Lower memory Additional
inference only ~GPU/TPU requirements ~ requirements  retrieval
requirements than LoRA computation
overhead
Accuracy Highly variable High butrisks Comparable to  Slight precision High for factual
based on catastrophic fine-tuning with loss vs LORA  queries within
prompt quality  forgetting better stability knowledge base

4.1 Computational Efficiency

When it comes to the adaptation of LLMs, efficiency is indeed a paramount factor. It is
common knowledge that full fine-tuning is extremely computationally demanding particularly
as the scale of the model increases[26]. For hefty models such as GPT-3, BERT, or T5 to make
the adjustment of billions of parameters. obvious, they need to attach significant GPU or TPU
resources. On top of that, fine-tuning is also a process that should be executed with caution,
especially in relation to hyperparameters for avoiding the problem of overfitting, which is
pertinent mainly when the target dataset is small. Conversely, LoORA and QLoRA are Federal
Resource-efficient completely by using low-rank adaptations and quantization approaches
respectively. Investigations have pronouncedly indicated that such techniques reduce both
memory and compute costs without compromising performance significantly.

Prompt engineering, however, is the most efficient method among all since it requires no
retraining at all. The only cost entailed in prompt engineering arises from the inevitable trial-
and-error stage of coming up with prompts that work properly. Although this may result in a
more effective use of computing machinery, the level of success achieved via prompt
engineering is predominantly dependent on the task at hand, and the problem of creating



prompts that work across multiple tasks is still a hard one. Retrieval-Augmented Generation
(RAG) can be considered a middle ground since it is the addition of an external retrieval
system that will burden the periphery of the computational cost, particularly latency. On the
other hand, a fair amount of the resources that are consumed by fine-tuning or training from
scratch are countered by RAG's ability to deliver task specific information instantly.

Table 1 compares the stated methods with respect to cost, performance and usage.

4.2 Flexibility and Generalization

Flexibility is described as the model's ability to be adjusted to new tasks without affecting its
native parts severely. Full fine-tuning gives the most flexibility since it allows to change the
internal parameter of the model to fit the target task. Nevertheless, this very flexibility bears
the price of generalization: An instance of a model modified for a specific task may have low
performance on others without the additional retraining of the model.

Contrarily, prompt engineering is a method that may adapt tasks at a technical speed without
the necessity to change the model's parameters. This characteristic renders it very much
application-wide flexible, particularly in zero-shot and few-shot settings[27]. On the other
hand, the efficacy of this technique is frequently determined by the prompt's quality, which
acts as a source of variability and consequently affects generalization across tasks. LoRA and
QLOoRA are the intermediaries between the two mechanisms, prompt engineering, and overall
fine-tuning being the extremes. After the implementation of low-rank adaptations, such
methods would therefore task-specific fine-tuning and hold the majority of the pre-trained
model generalization capabilities. The balance of detail and generality is the key reason that
LoRA and QLoRA are favored when project criteria frequently alter.

Retrieval-Augmented Generation (RAG), which is retrieval-based model architecture,
achieves generalization better through it using prediction of relevant external information[24].
In contrast to the previously suspended model's parameters, RAG is able to augment the
model's knowledge with real-time data retrieval, which is why it is easily adaptable to new
domains and arising information. Whereas, it is the quality of the retrieved information mostly
affecting the model's performance, and still the optimal integration of retrieval into a
generation framework is a challenge.

4.3 Resource Requirements

The resource requirements for different adaptation techniques are quite different. Complete
fine-tuning is the adaptation method that needs the largest resources like hardware and time,
especially working with big models. This stipulation makes it impractical for the companies
which do not have sufficient computing power to use this approach.

Speaking of LoRA and QLoRA, these technologies not only provide a large array of resources
but also cut costs by only tuning a part of the model's parameters. You can reduce memory
usage effectively with LoRA which is a big advantage over full fine-tuning, whereas QLoRA,
through quantization[28], achieves even greater reduction and thus is of particular importance
for the edge devices and typical low-resource environments.

Prompt engineering, as per the theory, does not need any extra training resources other than



what is needed to do inference on a pre-trained model. Thus, it becomes the option requiring
the least resources. However, the creation of good prompts is based on a lot of human efforts
such as indirect costs. Although the generative model stays the same, the costs of using the
retrieval system and processing the retrieved documents can differ greatly based on how
difficult the task is and how extensive the external knowledge base is.

4.4 Scalability

The practical adaptation method's usage is determined by the scalability factor. Full fine-
tuning is very full-featured but scales poorly with larger models, which implies that as the
model size increases exponentially, the required resources also increase[29]. This definitely
makes full fine-tuning an inefficient approach for organizations with limited computational
resources or for large-scale applications.

On the other hand, LoRA and QLoRA are very scalable due to the fact that they introduce only
slight alterations to the model's design. This is the reason why they can be effectively scaled
even with LLMs. Furthermore, QLoRA's use of quantization also cuts down on the resource
burden, thus it is especially attractive for cases that need large-scale deployment.

From a theoretical viewpoint, prompt engineering has infinite scalability; it does not require
any retraining and it scales with no computational cost as the model increases in size. The
difficulties that arise from the dependence on human intuition and trial-and-error at the stage
of prompt construction make it a practical limitation for the scalability, especially for the more
complicated tasks.

The retriveal system is the primary basis for the scalability of a RAG. Even though the
generative part is mainly affected by the model, the retrieval part may be the one that if not
optimized properly is dealing with the bottleneck. In real-world situations, the retrieval system
needs to be optimally tuned in such a way as to deal with a large number of queries without
any formidable latency or performance degradation.

4.5 Use Cases and Best Practices

Choosing the right adaptive method is greatly influenced by the certain needs of the task in
question, the computational resources at hand, and the trade-in options of flexibility,
performance, and scalability desired. The current section is a combinatorial source that brings
together literature, and practical considerations to give the commonly accepted practices for
selecting and implementing each approach.

4.5.1 Ideal Scenarios for Each Method

»  Prompt Engineering is a method that finds its application primarily in instances
where there is a restriction on computational resources and an immediate switch on
to a different task is required. Under such conditions, it really works well in the
absence of any kind of pre-trained data or with very few examples due to its ability to
generalize learned knowledge to new problems. Typical tasks dealing with text
classification or sentiment analysis where the categories are given beforehand are



good illustrations of this.

e Full Fine-Tuning is practical when the top-level performance of the task is the main
concern, and resource issues are not of significant importance. Fine-tuning is suitable
for tasks with plenty of labeled data and when the model requires a complete
understanding of the target domain, such as medical diagnosis, legal text analysis, or
specialized scientific research[30][31].

» The optimal application of LoRA and (QLoRA can be seen in situations where
resource efficiency is of utmost importance, despite the need for some level of task-
specific fine-tuning. These techniques are especially effective in low-resource
settings like mobile or edge devices, as well as during the adaptation of models for
tasks that change very often.

*  RAG performs best mainly when the task needs the instantaneous access of external
knowledge or when the information of the pre-trained model is either not enough or
outdated. RAG is mostly adopted in question-answering systems, dialogue agents, or
any application where the domain knowledge is transient.

4.5.2 Recommendations for Choosing the Right Method

»  For general-purpose NLP tasks that are flexible, minimize resource expenditure,
prompt engineering is the top choice still.

»  For the most critical applications which require the highest degree of accuracy and
domain-specific, like healthcare or finance, full fine-tuning is recommended despite
it is higher resource cost.

*  Resource-constrained cases use LoRA and QLoRA as the top choices regarding
performance and effectiveness, especially in the edge computing or mobile
deployments.

»  For rapidly changing fields where a knowledge base is constantly altered, RAG is the
most powerful approach and can put real information from the environment into the
model.

5 Conclusion

LLM adaptation is a field that is developing very quickly and this paper looks at a total of five
dominant options which include- prompt engineering, full fine-tuning, LoRA, QLoRA, and
retrieval-augmented generation- with the main point of the paper being to demonstrate the
individual advantages of each alternative procedure based on factors such as task difficulty,
the pool of resources, and the expected performance. Relying on prompt engineering is still
the most lightweight and efficient, but the highest level of full fine-tuning corresponds to the
greatest results in serious applications; LoRA and QLoRA are both options that avoid larger
resource usage, while retrieval-augmented generation performs the best in new and
information-centered environments. Although no single technique can be used in all cases, the
analysis provided here can act as a roadmap when it comes to the choice of suitable methods,
and the collaborative effort on hybrid models, automatic prompt design, and perpetual



learning would be the reasons for what should evolve further the skills and possibilities of
LLM adaptation.
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