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Introduction

As the use of artificial intelligence (Al) moves from the
experimental phase to actual deployment, a clear pattern is
emerging: general-purpose language models (LLMs) are not
entirely sufficient for tasks that require a deep understanding of
a domain. Many applications need models capable of
interpreting specialised terminology or reasoning with
information that is not easily accessible by general-purpose
models. This is particularly relevant in technical and specialised
fields, such as sustainability (ESG), credit risk, legal analysis,
and healthcare, among others, where accuracy and context are
critical.

This realisation has driven growing interest in specialised
LLMs: models designed to excel within a defined area of
knowledge. The current wave of innovation reflects a broader
effort to balance general linguistic ability with domain-
specific accuracy.

There are three main technical approaches commonly used to
make expert knowledge available and incorporate it into LLMs:

1. Scaling general models, leveraging the broad knowledge
embedded in large LLMs, which may partially cover certain
specialised domains.

2. Fine-tuning, which consists of adapting a pre-trained model
by modifying its weights—either totally or partially—with
domain-specific data, or by using already fine-tuned
alternatives.

3. Knowledge augmentation, using methods such as RAG
(Retrieval-Augmented Generation), which enriches
responses by retrieving relevant external information, and ICL
(In-Context Learning), which allows the model to infer
patterns or styles directly from the prompt content.

In practice, these approaches are often combined, as each offers
different advantages in terms of adaptability, accuracy, and
efficiency.

In addition, there is the possibility of using integrated tools and
frameworks, which offer ready-made solutions for creating
specialised agents or workflows without the need to completely
retrain a model.

Finally, it is worth highlighting some trends in the field of domain
expert models, both in the academic and business fields. Relevant
examples include the growing use of SLMs (Small Language
Models) and Model Routers.

This publication explores how specialised LLMs are transforming
the landscape of Al applications, enabling more reliable and
contextualised results in complex and knowledge-intensive
domains.
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Technical Review

Scaling general models

As previously noted, there are multiple strategies for adapting
an LLM to a specific field of knowledge or task. Traditionally,
the dominant paradigm has been "bigger is better" [1] [2]
based on the premise that larger models offer greater
generalisation and versatility. Indeed, so-called generalist
frontier models tend to perform outstandingly well on a
wide variety of tasks, which in many cases allows them to
be used directly, without the need for additional
customisation.

However, even among these enormous models, each one
stands out in different areas[3], and there is still much room
for improvement, especially in highly specialised sectors
[4], characterised by a scarcity of public data or the complex
interpretation of such data. Some examples of sectors with
these characteristics are law, medicine, and finance.

Furthermore, large-scale models often involve high costs. In
many production scenarios, this approach may not be
optimal, especially when tasks are repetitive or limited in
scope. In contrast, there are smaller models that, when

.

deployed in a controlled manner or through hybrid solutions,
offer comparable or even better performance [5] at a
fraction of the cost [6]. Thus, although large models can
successfully solve a wide range of tasks, their use is not always
the most appropriate option from the perspective of resource
optimisation, scalability and, in some cases, even accuracy.

Another compelling reason why model specialisation is
recommended in many cases is the risk of hallucination [7],
particularly in those domains where LLMs have limited
knowledge or show low confidence in their predictions. This
phenomenon, derived from the probabilistic nature of the
model, can lead to the generation of incorrect or invented
information that appears to be true. In environments where
accuracy is critical, this risk can become unacceptable([8] .

That is why model fine-tuning [9], ICL [10], and RAG [11] have
gained much relevance, as they make models more efficient
and accurate. Below, we will present the fundamentals of
each of these approaches, followed by a comparison that will
allow us to understand in which situations it is most
appropriate to apply each one.




Fine-tuning

Fine-tuning a language model consists of training a pre-
trained model (such as GPT-5, Claude Sonnet 4.5, etc.) using
proprietary data to adapt it to a specific use case.

One might wonder whether it would be possible to train an
expert model from scratch, rather than performing fine-
tuning. While it is true that it is during pre-training that an LLM
acquires most of its knowledge[12], this stage is difficult to
replicate in most practical scenarios, as it requires an
enormous amount of energy, data and infrastructure [13].
As a reference, it is estimated that the training of large-scale
models such as GPT-4 exceeded £100 million, according to
statements by Sam Altman (CEO of OpenAl). Even considerably
smaller models require very high investments, with computing
costs ranging from $100,000 to $500,000, not including the
costs associated with data development, cleansing and
storage [14] .

Performing a complete fine-tuning, i.e, modifying all the
weights of a model, is also very costly. According to[15],
completely fine-tuning a model on the scale of Llama-3 would
require storage systems with several petabytes of capacity,
ultra-high-speed memory interconnections, and hundreds or
even thousands of state-of-the-art GPUs. This type of
operation is not only economically unfeasible for most
organisations, but also technically complex, as it requires
precise orchestration of communication and synchronisation
between GPUs, as well as advanced training pipeline
management to avoid bottlenecks and efficiency losses.

Furthermore, when performing a complete fine tuning, there
risk of catastrophic forgetting [16] [17] is introduced, a
phenomenon in which the model loses some of the previously
acquired knowledge by over-specialising in a new task, thus
compromising its versatility and generalisation capacity.

That is why, in the field of fine tuning, the concept of PEFT
(Parameter Efficient Fine Tuning) has emerged [18] . The
basic idea behind PEFT is to keep most of the parameters of
the base model frozen, retraining only a small subset of new
parameters that adjust its behaviour to the desired task or
domain. Some of the most popular examples are LoRA (Low-
Rank Adaptation) [19], QLora [20], and so-called adapters
[21][22].
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Examples of PEFT
LoRA (Low-Rank Adaptation)

Instead of updating all the parameters of an LLM, LoRA
injects small low-rank matrices into the model layers, which
act as additional adjustments without modifying the
original weights. IBM describes it as follows: "LoRA is a
technique that adapts a large model by adding lightweight
components to the original, rather than changing the entire
model." This approach dramatically reduces training costs
and memory consumption, achieving a significant increase
in efficiency without sacrificing model performance [23].

QLoRA

This is a variant of LoRA that combines its low-rank
approach with quantisation techniques, reducing the
numerical precision of the parameters to decrease memory
usage without substantially compromising performance.
Google Cloud recommends LoRA for speed and cost, and
also notes that QLoRA consumes ~75% less GPU memory
[24].

Adapters

Adapters are small additional modules inserted into the
transformer layers, designed to adjust the behaviour of the
model without modifying its original weights. This approach
allows switching between tasks or domains by simply
replacing the corresponding modules. Although the
addition of adapters introduces some additional latency
during inference and leads to greater resource usage in
training, it can offer superior performance compared to
lighter techniques, as a higher percentage of parameters are
trained [25].



Context Engineering (ICL y RAG)

ICL and RAG are strategies encompassed within the concept of
context engineering [26] [27], a discipline that seeks to
optimise the amount and manner in which information is
introduced into an LLM call to obtain the most accurate and
efficient response possible. Context engineering allows the
potential of an LLM to be fully exploited , enabling them to
perform tasks that would be impossible or much less efficient
without this approach [28] [29] .

In recent years, this field has undergone rapid evolution,
resulting in a proliferation of specialised research disciplines,
including:

» Context Retrieval and Generation: this is the most
relevant area for the purpose of this document. It focuses
on determining which elements should be selected and
presented to the model, prioritising those that are most
relevant or informative[30] . This can be geared towards
both incorporating external knowledge and inducing
specific behaviours [31] .

» Context Processing: Studies how to structure and integrate
information so that the model processes it more efficiently,
facilitating more accurate decisions. Techniques such as
GraphRAG make use of advanced Context Processing [32] .
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» Context Management: Focuses on optimising the space
available in the prompt through strategies such as text
compression, context vectorisation or dynamic selection of
fragments, in order to balance relevance and memory
capacity [33].

The application of these concepts allows us to extract the
maximum possible performance from the models with
strategies such as the following:

» In Context Learning (primarily Prompt Engineering): ICL is
based on the ability of LLMs to learn patterns, styles, or
behaviours simply from the content of the prompt. On a
practical level, ICL has evolved from simple chains of
examples (few-shot prompting), in which the LLM is shown
how it should behave, to techniques such as prompt
chaining, dynamic prompting or 12CL (Iterative In Context
Learning) [34] [35].

» RAG: This technique introduces an intermediate layer
between user input and model generation, responsible for
retrieving relevant information from an external knowledge
base and providing it as context to the LLM. In this way, the
model can reason about up-to-date and specific
information. More advanced versions, such as GraphRAG
[32] or HybridRAG[36] , improve the process through
Context Processing techniques to provide more coherent
and verifiable responses.




With the arrival of the Model Context Protocol (MCP) [37], the
ability of LLMs to invoke external tools, such as APIs, databases,
calculators, or browsers, has been standardised and unified.
This advance allows models to reason more effectively about
information that exceeds their internal knowledge and lays the
foundation for Intelligent Agent Systems, considered "the
pinnacle of context learning" [26] .

According to Douwe Kiela, one of the researchers who
introduced the RAG technique and CEO of Contextual Al, MCP
complements techniques such as RAG by providing a cleaner
and more efficient framework for communication between
databases and linguistic models [38] . In addition, it enables the
use of Multi-Agent Systems (MAS) for information retrieval,
which can improve the accuracy of RAG using a similar, but
agentic, pipeline.

Comparison between the different options

Once we have reviewed the main techniques that enable a
model to specialise in a specific domain (ICL, RAG and fine
tuning), we can proceed to compare them, given that each
approach has advantages and limitations depending on the
use case.

An illustrative analogy when comparing these techniques is
that of several students with different study strategies facing
an exam in which they will be asked about a book [39] [40] .

The first student has read and studied the book, so they
understand the concepts and the relationships between them:
this represents fine-tuning. The second student has not
studied, but during the exam they can consult the book,
searching directly for the answers they need. This would be
the equivalent of RAG. Finally, a third student has not read the
book, but has received precise instructions from the teacher
on how (though not what) to answer the questions; this case
represents ICL.

Depending on the complexity and objective of the exam,
each student will perform better or worse. For example, in a
history exam with specific dates, RAG might work better, while
in a mathematical reasoning exam, fine-tuning would be more
appropriate. In a simple exam where the form of the answer
matters, with more or less general knowledge, ICL would
suffice and no additional effort would be required. Each
technique requires a different type of infrastructure and
expenditure.

Technical requirements for each strategy

ICL stands out for its simplicity, low implementation cost,
and flexibility, far surpassing the other two techniques in
these aspects [41] . It does not require additional
infrastructure, embedding generation, or training processes,
making it a particularly attractive option for simple cases,
experimentation phases, or rapid adaptation to new
contexts.

However, ICL performance tends to decrease as task
complexity increases, and depends heavily on both the
quality of the prompt and the model's ability to handle long
contexts. ICL is often considered the first strategy to
evaluate before resorting to more costly techniques, as it
allows hypotheses to be validated and useful results to be
obtained with minimal effort [34] .

When using RAG, the technical and operational
requirements are more demanding [28] . It is necessary to
have a high-quality document base, which will serve as a
source of knowledge for the model. For the system to function
properly, a vector database must be integrated to store the
numerical representations of the texts, along with an ingestion
and processing pipeline capable of dividing the documents
into manageable fragments (chunks).

In addition, an embedding model is required to convert the
text into semantic vectors, and a retrieval mechanism that,
when faced with a query, identifies the most relevant
fragments within the knowledge base. This process inevitably
introduces some latency, as searching and retrieving
information requires additional time before the model can
generate a response.

A basic RAG environment can be implemented using managed
services[42] (embeddings APl and vector base in the cloud), so
the initial configuration does not have to be complex,
although it is more expensive than ICL. The main costs come
from data storage, embedding generation, and the increase in
the number of tokens processed in each query.
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Fine-tuning is the most demanding technique of the three,
both in terms of time and resources [43]. It requires a large
amount of high-quality data that is well labelled and
representative of the specific domain or task to be improved.
Preparing this dataset and ensuring that it is well structured,
clean, and balanced often requires a significant amount of
time and has a direct impact on the quality of the final result.

In addition, the process requires an adequate training
infrastructure, generally one or more GPUs, depending on the
size of the base model [20] . The process also requires
specialised technical personnel with experience in
hyperparameter tuning, validation and model monitoring after
deployment. These tasks are critical to avoid overfitting and
ensure stable performance in production [44] .

Some frontier models offer the possibility of fine tuning from
the APl itself, which solves many of the problems mentioned
so far, but the cost of inference can increase [45] . Furthermore,
this functionality is not common, and, for example, GPT-5 has
not maintained this option, having focused its development on
Agentic-Al-oriented functionalities.

Performance of each technique according to
use case

The ability of fine-tuning to add new knowledge is a matter
of debate in the current literature, with some studies claiming
that using this technique to teach factual or external
information to the model may, in fact, increase the likelihood
of generating hallucinations [46] .

In general terms, if the objective is for an LLM to be able to
use and reason about new or updated data, the literature
indicates that RAG is the most appropriate option [47], even
in highly specialised contexts [48] .

Recent studies seem to agree that fine-tuning is more
appropriate for teaching the model "skills," while RAG is more
powerful when it comes to incorporating new data into the
model [49] . In addition, RAG has the added advantage of
being able to dynamically change the knowledge that the
LLM has access to, making it particularly useful in
environments where knowledge changes frequently. In
practice, although RAG alone tends to be the business
standard [43], being sufficient for most use cases, the
combination of both techniques can offer better results
[39].

For example, in the legal field [43], it is useful to apply fine-
tuning so that a model learns to communicate like a lawyer,
adopting their terminology, argumentative style, and
understanding of specific linguistic nuances. In other words,
the model develops a 'legal way of thinking'. These types of
skills cannot be achieved with RAG, as RAG does not teach
the model to reason or internalise patterns of thought, but
simply gives it access to information.

On the other hand, laws and regulations themselves should
not be incorporated through fine-tuning, as this would
require massive amounts of data and eliminate the
traceability of responses. This knowledge would be
introduced with RAG, which also offers the advantage of
being able to easily update the system when laws change or
become obsolete, without the need to retrain the model.

Thus, once it has been determined that ICL is not a viable
option for the use case, if the goal is for the LLM to acquire
a skill, specific behaviour, or a deeper understanding of
certain concepts, the most appropriate strategy will be PEFT.
Conversely, when the goal is for the model to incorporate or
use new data, it will be more efficient and scalable to use
RAG [43].

If there is not enough data available to perform PEFT without
the risk of overfitting, but ICL does not achieve the necessary
depth for the task, there are intermediate techniques that
can serve as a solution, achieving a level of adaptation
comparable to that of other fine-tuning variants and
surpassing the accuracy and consistency of ICL [50] [51].

Examples of integrated tools and frameworks

In addition to the approaches described above, it is important
to consider the use of integrated "as a service" platforms and
frameworks, which allow both the deployment of specialised
models and the creation of expert agents within specific
business or technical environments. These solutions facilitate
the incorporation of advanced reasoning capabilities, access to
corporate data, and regulatory compliance without requiring
proprietary training infrastructure. Below are some
representative examples:
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» Microsoft 365 Copilot - Agents and extensibility. Allows
the creation of specialised agents within the Microsoft
ecosystem, which act on business data in Microsoft Graph,
Word, Excel, Teams or external connectors. It supports two
approaches: declarative agents (configuration of
instructions, data, actions) and custom engine agents
(external hosting, proprietary or specialised models) [52] .
Some of the advantages include reduced complexity,
increased speed to market, improved reliability and
compliance, etc. Some examples that can be created are
finance agents, invoice management, internal process
automation, etc. [53].

» Expert.ai - Vertical Al solution for specific domains.
Offers greater control, explainability and semantic accuracy
for regulated or high-risk sectors (legal, compliance) [54].

» Services: There are some platforms such as Zfort Group [55]
or Scopic [56] that offer customised or integrated
developments for sectors such as healthcare, finance, legal,
etc.

» Creation of multimodal agents for complex domains.
These types of solutions illustrate where the market is
heading: "domain expert" agents that combine base models
+ context + specialised tools.

Other trends: Model Routers and SLMs

In the field of cost and resource optimisation when
performing tasks with Large Language Models, the emergence
of model routers stands out. These are a category of tools and
architectures designed to dynamically assign requests to the
most appropriate model according to the type of task, the
complexity of the input and the cost per token. Most of these
solutions can be understood as an extrapolation of the Mixture
of Experts (MoE) paradigm[60] to the field of LLMs. In this
approach, a set of expert models, each optimised for specific
tasks or domains and of small size, generates predictions that
are then weighted by a routing model (gating network model),
which determines how much weight each expert should have in
the final response.

Another notable trend is the growing interest in SLMs (Small
Language Models) within the Al ecosystem [64] . SLMs are
lighter models than large generalist LLMs. Unlike LLMs, SLMs
are designed for specific use cases where privacy, latency and
efficiency are priorities [56]. They can be fine-tuned at a
fraction of the cost of an LLM using accessible hardware (24-
48 GB GPUs), with deployments integrated into RAG pipelines or
internal agents.

LLM specialisation: Towards task- and domain-specific optimisation I 9



Business Challenges

The development and integration of specialised language
models offer enormous potential value, but they also pose a
number of strategic, operational, and ethical challenges that
must be addressed to achieve effective and sustainable
adoption.

Availability and Quality of Domain Data

Specialised LLMs depend on specific, high-quality data.
However, many organisations face barriers to collecting,
cleaning, or structuring the necessary information. Key
challenges include balancing the need for relevant data with
the protection of sensitive information and corporate
confidentiality.

Governance, compliance, and information
security

The use of models that handle internal knowledge or
regulated information requires high standards of
governance. The following key challenges arise: ensuring
traceability, access control, and compliance with regulations
such as GDPR or ISO 27001, especially when models interact
with personal or confidential data.

Maintenance and updating of specialised
knowledge

A domain model can quickly become obsolete if it is not
updated with new regulatory frameworks, technical criteria,
or industry changes. Some of the key challenges are
establishing continuous processes for updating the model
and the associated knowledge base.

Integration with existing systems and
workflows

Adopting a specialised LLM is not just about the model, but
also about its integration into the organisation's digital
ecosystem (ERP, CRM, intranet, document management
systems, etc.). The main challenge is to define an architecture
that allows the model to be integrated without generating
operational friction or duplication.

Scalability and operation cost

Customisation, fine-tuning and maintenance of models may
require costly infrastructure or dependence on third parties.
The main challenges are evaluating the return on investment
and defining an efficient scaling strategy — for example,
combining specialised LLMs with modular agents or off-the-
shelf solutions.

Balance between customisation and vendor
dependency

The current market offers numerous proprietary platforms
(Copilot, Vertex Al, Claude, etc.) alongside open options
(Llama, Mistral, etc.). Key challenges include finding the right
balance between leveraging mature commercial capabilities
and maintaining sovereignty over data and models.

10 | LLM specialisation: Towards task- and domain-specific optimisation
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Conclusions

Specialisation represents one of the natural stages in the
maturation of artificial intelligence within production
environments. General-purpose language models remain
extraordinarily versatile tools, ideal for rapid experimentation
and covering a wide range of tasks, but their performance
and scalability tend to decline when a high degree of
accuracy, traceability, and contextual understanding of
the domain is required.

In this scenario, context engineering strategies (such as ICL
and, especially, RAG) and efficient parameter tuning
techniques (PEFT using LoRA, QLoRA or adapters) are the most
widely adopted. The optimal choice among these options
does not lie in prioritising one over another, but in designing
hybrid architectures where each technique contributes its
specific value: RAG to incorporate updated knowledge with
transparency and verifiability; PEFT to consolidate specialised
reasoning, normative alignment and style; and ICL to facilitate
agile experimentation or adjust specific behaviours without
requiring complex deployments.

Furthermore, the standardisation of tool use, driven by
initiatives such as the Model Context Protocol (MCP), is a
decisive step towards expanding the capabilities of LLMs,
allowing them to interact with external sources and access
real-time information in a controlled manner. This functional
integration not only increases their practical usefulness, but
also lays the foundation for the development of Multi Agent
Systems (MAS) that can improve processes such as RAG itself.

Also noteworthy is the evolution of concepts such as Small
Language Models (SLMs) and model routers, which
introduce a right-sizing approach that makes the transition to
production of Al systems more efficient.

Also noteworthy is the growth of integrated platforms, which
reduces the technical barriers to adoption, democratising the
use of specialised LLMs, although it poses new challenges in
terms of governance, transparency and data sovereignty. The
real competitive advantage will lie not only in access to the
model, but in the ability to strategically orchestrate its
integration, specialisation and continuous monitoring.

In summary, the specialisation of language models marks the
transition from exploration to consolidation of artificial
intelligence as critical infrastructure in productive
environments. The future of LLMs will depend not only on
their size or power, but also on their ability to integrate
intelligently with specific data, tools and contexts. The
strategic combination of approaches such as RAG, PEFT and
ICL, together with the standardisation of tool use and the rise
of hybrid and scalable architectures, will enable the design of
more efficient, auditable systems that are tailored to the real
needs of each domain. Ultimately, competitiveness will be
defined by the maturity with which organisations manage this
ecosystem: how they govern their models, how they ensure
their traceability, and how they align their technical evolution
with ethical and digital sovereignty principles.

12 | LLM specialisation: Towards task- and domain-specific optimisation
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