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Abstract

Large Language Models (LLMs) have demonstrated remarkable capabilities in language understanding and gener-
ation, driven by advancements in deep neural networks However, the current trend of developing increasingly
larger models to enhance task competence comes at a significant cost, including a substantial carbon footprint
with detrimental environmental consequences. Furthermore, these models often internalize vast amounts of
factual knowledge, leading to issues such as hallucinations and the use of outdated information. This research
explores the hypothesis that linguistic competence—the ability to understand and produce natural language—can
be separated from memorized factual knowledge and other cognitive skills in neural networks. We propose the
development of “Fundamental Language Models” (FLMs), smaller, more efficient models focused on language
understanding and reasoning. These FLMs will leverage external sources and tools, using techniques like Re-
trieval Augmented Generation (RAG), to access up-to-date factual knowledge, thereby potentially mitigating both
environmental impact and factual inaccuracies. Our main objective is to understand the functioning of Large
Language Models as reasoning engines, with a special focus on language models for Spanish.
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1. Justification of the Proposed Research

Large Language Models (LLMs), developed through transformer-based architectures and trained on
massive text corpora, have revolutionized natural language processing. These autoregressive models
have demonstrated remarkable capabilities in understanding and generating human language, driving
advancements in various artificial intelligence applications, including sophisticated conversational
agents like GPT-4 [1] and Llama 3 [2].

However, the prevailing paradigm of scaling LLMs to achieve broader task competence presents
significant limitations. The sheer size of these models demands substantial computational resources and
energy, resulting in a considerable carbon footprint with detrimental environmental consequences [3].
Furthermore, these monolithic models are susceptible to generating factual inaccuracies, or "hallucina-
tions" [4], which undermines user trust. Additionally, LLMs can inadvertently perpetuate and amplify
societal biases present in their training data, raising critical ethical concerns [5].

To address these challenges, this research proposes a novel architectural paradigm centered on
Fundamental Language Models (FLMs). The core idea is to develop smaller LLMs focused on mastering
linguistic competence——the ability to understand and generate natural language-—while minimizing
the storage of factual knowledge within their parameters. We hypothesize that decoupling language
understanding from world knowledge will lead to more efficient and controllable language engines. In
this framework, FLMs would serve as the central reasoning unit within intelligent agents, leveraging
external, specialized tools such as knowledge bases to access and process factual information relevant
to specific tasks. This modular approach offers the potential to mitigate hallucinations and biases by
grounding knowledge retrieval in external, curated sources.

Developing FLMs may involve techniques such as selectively pruning or fine-tuning existing LLM
architectures to remove factual knowledge while retaining linguistic capabilities, or pretraining on
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carefully curated datasets that emphasize linguistic structure and reasoning. This research will investi-
gate the feasibility and effectiveness of these approaches, exploring the trade-offs between model size,
linguistic competence, and the effective utilization of external tools. By focusing on building agents
with a clear separation of language processing and knowledge access, this work aims to contribute to
the development of more sustainable, reliable, and ethically sound artificial intelligence systems.

The remainder of this paper is structured as follows: Section 2 provides a review of the relevant
literature on LLM emergent abilities and limitations; Section 3 presents the research hypothesis and
objectives. Section 4 details the methodology employed in this thesis and three experiments proposed,
and Section 5 concludes by outlining specific research elements for discussion.

2. Background and Related Work

Transformer models are language models pretrained to understand language structures by using semi-
supervised learning with huge amounts of data. Encoder transformers such as BERT [6] or RoBERTa [7]
use Masked Language Modeling (MLM) mainly while decoder or generative transformers like LLaMa [8],
Mistral [9], and GPT [10] are trained using Causal Language Modeling (CLM).

According to the following general definition of emergence, as stated by the Nobel prize-winning
physicist Philip Anderson [11]: “Emergence is when quantitative changes in a system result in qualitative
changes in behavior”, the rapidly growing size of such models, especially the generative ones, into
what we call LLMs is allowing them to showcase new emergent abilities such as reasoning [12]. Along
with these properties, this semi-supervised pretraining technique allows LLMs to memorize lots of
factual data [13] that, in some cases, may lead to problems such as hallucinations [14] and outdated
answers when training data does not include the latest events and news. Hallucinations in LLMs refer to
instances where the model generates responses that are not factual or grounded in reality but rather are
inferred from patterns in the training data. These hallucinations can occur when the model synthesizes
information based on statistical correlations in the data rather than true understanding [15].

In addition to that, the use of large corpora of texts from various sources in the generation of
pre-trained models results in the model capturing stereotypical patterns present in the texts. This
issue, known as bias detection, is related to explainability but focuses on the detection, evaluation, and
mitigation of gender, profession, origin, ethnicity, or religion stereotypes present in trained models [16].
The problem has become a topic of interest beyond the field of AI algorithm research and is known as
fairness [17] due to its ethical and legal implications.

Additionally, although they seem powerful in terms of results and predictions, large language models
have their own limitations. The most significant is opacity or lack of transparency [18]. This means
that the logic and internal functioning of these models are hidden from the user, which is a serious
disadvantage because it prevents a human, whether expert or not, from verifying, interpreting, and
understanding the system’s reasoning and how decisions are made. In other words, any sufficiently
complex system acts as a black box when it is easier to experiment with than to understand [19].

The study of “foundational” language models can help address bias and improve explainability by
focusing on core linguistic competence, separate from stored factual knowledge. This approach aligns
with long-standing linguistic debates, particularly Chomsky’s distinction between internal (I-language)
and external (E-language) systems. As Graffi [20] notes, viewing language as an internal cognitive
system, rather than a socially embedded one, raises questions still relevant when interpreting LLM
behavior. Recent empirical work supports this conceptual separation. Miaschi et al. [21] demonstrate
that LLMs vary in their ability to generate sentences that follow explicit morpho-syntactic and syn-
tactic constraints, highlighting clear limitations in linguistic control that are independent of factual
recall. These findings underscore the value of disentangling linguistic competence from knowledge
storage—central to the design of FLMs.



3. Hypothesis and Objectives

This research is guided by the central hypothesis that it is possible to develop Fundamental Language
Models (FLMs): Small Language Models (SLMs) that primarily encode linguistic competence rather
than extensive factual knowledge and other cognitive capabilities. We propose that these FLMs can
effectively function as reasoning engines when coupled with external knowledge sources and tools,
potentially leading to more efficient, reliable, and ethically sound Al systems.

With this framework in mind, the main objective of this research is to investigate the functioning of
Large Language Models as fundamental language processing engines. To achieve this, the following
secondary objectives have been defined:

1. Study the internal encoding of linguistic structures and their role in language understanding,
independent of factual knowledge.

2. Decompose the capabilities of current language models to differentiate between core linguistic
skills and those reliant on internalized knowledge or reasoning.

3. Develop and evaluate methods for enhancing language model capabilities by integrating external
knowledge sources and tools for tasks beyond pure language processing.

4. Improve the explainability of Al task resolution by clearly separating the linguistic processing
stage from the contributions of external modules and retrieved information.

4. Methodology

The following methodology aims to validate the hypothesis that linguistic competence in LLMs can be
separated from other cognitive abilities, enabling the development of FLMs. The methodology comprises
the following key stages:

1. Literature review and initial study: A comprehensive review of existing literature will be conducted
to establish a strong foundation in current LLM techniques and advancements. This will involve
identifying key resources, including publications in leading scientific forums such as AAAI,
NeurlIPS, and ACL, as well as relevant information from reference bulletins like PapersWithCode
and The Batch.

2. Experimental design and evaluation: Rigorous experimental setups will be defined for each
research objective. This includes specifying appropriate datasets and evaluation metrics. To
ensure robust evaluation and benchmarking, we will actively participate in evaluation forums
such as CLEF, SemEval, and IberLEF.

3. Study of internal encoding of knowledge: A series of experiments will be performed to analyze
the internal representations of LLMs. This will involve comparing representations across different
models to identify common patterns and structures related to linguistic competence encoding
and other capabilities.

4. Decomposition of language model capabilities: This stage focuses on isolating and evaluating
individual linguistic skills. Specific tasks and benchmarks will be designed or adapted to target
lexical, grammatical, and semantic competencies. Controlled experiments will be conducted
to assess model performance on these targeted tasks, allowing for a detailed analysis of each
competency.

5. Enhancement through external tools: Methods for effectively connecting LLMs with external
tools and knowledge bases will be developed and evaluated. Retrieval Augmented Generation
(RAG) will be a key technique explored. Experiments will compare the performance of enhanced
models against baseline models to quantify the benefits of such tools.

6. Dissemination of findings: Research findings will be prepared and disseminated through publica-
tions in high-impact journals and presentations at international conferences.



4.1. Proposed experiments

This section outlines three key experiments currently in development. These experiments are designed to:
1) provide evidence supporting the FLM concept; 2) enable rigorous evaluation of linguistic competence,
a core feature of FLMs; and 3) demonstrate the potential of smaller models to perform complex tasks
when equipped with appropriate external tools and sufficient linguistic competence.

Study of internal encoding of knowledge: This experiment aims to analyze the scaling behavior
of linguistic competence in LLMs relative to reasoning and factual recall. Specialized benchmarks will
be used to assess each competency:

« Linguistic competence: Assessed as a composite of lexical, grammatical, and semantic competen-
cies. The hypothesis is that this competence will saturate at smaller model sizes compared to
reasoning and factual recall.

« External factual knowledge: Evaluated using question-answering tasks based on provided text
chunks. These tasks require reasoning and inference over the given factual information.

« Internal factual knowledge: Evaluated using question-answering tasks without context. Success
in these tasks relies on the model’s memorized factual knowledge.

Lexical competence evaluation: Current benchmarks often lack the ability to effectively evaluate
LLMs’ lexical competence across diverse languages and specialized domains. To address this gap, we
are developing a novel, automated method for evaluating lexical competence in a multilingual and
domain-specific manner. This method will be used to assess the preservation of lexical competence in
FLMs as other capabilities are reduced.

Enhancement through external tools: This experiment explores the use of external reasoning
tools to enhance the performance of small language models (SLMs) on logic-based benchmarks, such
as ZebraLogic [22]. The objective is to determine whether reasoning capabilities, similar to factual
knowledge in RAG systems, can be effectively delegated to external tools, or whether they represent a
more fundamental capability that FLMs must retain internally.

5. Research elements proposed for discussion

The following key discussion points are proposed to facilitate a comprehensive exploration of the
potential benefits, limitations, and broader implications of the FLM paradigm within Al systems. These
points directly relate to the central hypothesis and objectives of this research:

« To what extent does separating linguistic competence from the storage of factual knowl-
edge mitigate the generation of hallucinations and enhance the reliability of information
generated by LLMs? This point prompts a critical evaluation of whether the FLM approach
effectively reduces the occurrence of inaccurate or speculative content arising from outdated or
erroneous internalized information.

« How effectively can external tools and retrieval mechanisms, such as Retrieval Aug-
mented Generation (RAG), provide FLMs with accurate, up-to-date information and
empower them to perform complex, knowledge-intensive tasks? This discussion will
center on the capabilities and limitations of RAG and other external knowledge integration
methods in supporting FLMs’ access to and utilization of current and relevant information.

« How does the separation of linguistic competence from other cognitive skills impact
the transparency of FLMs’ processing of information and task execution? This inquiry
explores whether separating linguistic competence from factual knowledge enhances the model’s
ability to explain its reasoning process transparently, thereby improving trust and interpretability
in Al-driven decision-making.

+ To what extent can FLMs maintain comprehensive language understanding and gen-
eration capabilities when completely decoupled from internalized knowledge, relying



solely on external resources? This discussion will critically assess the potential trade-offs
between knowledge externalization and the preservation of essential linguistic competencies
required for effective performance in various Al applications.
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