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 Given the development and progress of artificial intelligence in 

large language models, this article attempts to first introduce large 

language models and the importance of linguistics on these 

language models. After that, in separate sections, we will examine 

the important and fundamental issues of large language models in 

relation to linguistics. Examining the challenges and issues that 

these models have and the influence of linguistics on large 

language models will be the main goal of our work. Some of the 

solutions that exist for these challenges are presented and we try to 

provide solutions for other challenges that do not yet have a 

solution. Proposed solutions to the challenges of large language 

models can be grouped into three areas: interdisciplinary 

collaboration, which helps reduce bias and improve 

interpretability; user-centric design, which aligns models with real-

world needs through direct user involvement; and evolutionary 

trial-and-error approaches, where models are continuously refined 

with updated data and feedback. Together, these strategies foster 

the development of fairer, more interpretable, and context-

sensitive LLMs. 
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Introduction   

1- What Are Large Language Models? 

Large Language Models (LLMs) are a type of artificial intelligence designed to understand and 

generate human-like text based on the input they receive. LLMs are neural network-based models 

trained on vast amounts of text data from the internet, books, articles, and other written sources. 

In the following, in sections 1 to 1-6, we will try to provide a general introduction to LLMs. After 

that, in separate sections, we will examine the impact of linguistics on large language models, the 

challenges of large language models, and the existing and non-existing solutions to solve these 

challenges. 

1-2 How Did They Come About? 

The groundwork for LLMs dates back several decades with the advent of natural language 

processing (NLP) and early machine learning approaches. The resurgence of deep learning in the 

2010s, particularly the development of neural networks, significantly impacted NLP. Techniques 

like recurrent neural networks (RNNs) and long short-term memory (LSTM) networks were some 

of the first to enable better handling of sequential data such as language. In 2017, the introduction 

of the Transformer architecture by Vaswani et al. revolutionized the field. This model leverages 

mechanisms such as self-attention to weigh the significance of each word in a sentence relative to 

others, allowing for more effective processing of language. LLMs like GPT (Generative Pre-

trained Transformer) are typically trained through two main stages: Pre-training and Fine-tuning. 

a) Pre-training: The model is trained on a large corpus of text in an unsupervised manner, 

learning to predict the next word in a sentence. 

   - Masked Language Modeling: In some models like BERT, random words in a sentence are 

masked, and the model is trained to predict them based on the surrounding context. 

   - Next Sentence Prediction: Models like BERT also learn to predict if one sentence follows 

another, enhancing their understanding of text flow. 

    

b) Fine-tuning: After pre-training, the model may undergo supervised training on a specific 

task with labeled data. 

- Supervised Learning: Uses labeled datasets for tasks like sentiment analysis or question 

answering. 

- Transfer Learning: LLMs leverage their general understanding of language to adapt to specific 

tasks without requiring extensive retraining. 
 

 
 

 1-3  Architecture of Large Language Models 

1-3-1 Transformer Architecture 
The architecture of large language models is rooted in the Transformer framework, which was 

developed in 2017 by researchers at Google. This framework has fundamentally reshaped the 

landscape of natural language processing and understanding. Transformer consists of two main 

components: an encoder and a decoder.  

• Encoder: Processes the input text and captures its meaning. 

• Decoder: Generates the output text based on the encoded information. 

   - In models like GPT, only the decoder is utilized, which allows for autoregressive text 

generation. 

1-3-2 Self-Attention Mechanism 

This sophisticated model operates by initially breaking down input data into tokens, which are 
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then subjected to simultaneous mathematical operations aimed at uncovering intricate 

relationships between these tokens. This process empowers the system to extract and recognize 

patterns in a manner analogous to human comprehension when faced with a similar inquiry. 

The power of the transformer model lies in the ingenious self-attention mechanism. This 

mechanism contributes to accelerated learning compared to traditional models such as long short-

term memory models. Self-attention empowers the transformer model with the remarkable 

capability to meticulously scrutinize distinct segments of a given sequence or even encompass the 

entire contextual essence of a sentence. This profound contextual awareness enables the model to 

make predictions with an elevated degree of accuracy and relevance. In other words : 
- This mechanism allows the model to weigh the significance of different words when constructing 

meaning. Each word in a sentence can attend to every other word, helping the model to understand 

context effectively. 

- This allows LLMs to handle long-range dependencies in text, meaning they can consider words 

or phrases that are far apart in the input text. 

1-3-3 Positional Encoding 

- Since transformers do not have built-in sequential processing (like RNNs), positional encodings 

are added to embeddings to give the model a sense of word order. This helps the model recognize 

the relationships between words based on their positions in sentences. 

 

1-4 Applications of Large Language Models 

They can perform various tasks, including: text generation, translation, summarization, question 

answering, conversation and dialogue.  We will examine these tasks in detail below. 
1. Content Generation: LLMs can create articles, poetry, and stories or generate code, making them 

valuable for content creators and developers alike. 

2. Chatbots and Virtual Assistants: LLMs power conversational AI systems, providing human-like 

interaction in customer service, support, and information retrieval. 

3. Translation Services: LLMs are increasingly used to translate text between languages with high 

accuracy and fluency. 

4. Summarization: They can compress lengthy articles or reports into concise summaries, aiding 

in information consumption and analysis. 

5. Question Answering Systems: LLMs can analyze questions and retrieve relevant information, 

making them useful in educational contexts and information platforms. 

6. Sentiment Analysis: They can analyze customer feedback and social media to determine public 

sentiment towards products or brands. 

1-5 The growth and development of large language models (LLMs) can be traced through 

several key stages: 

1. Early Foundations (1950s - 1980s): 

   - The origins of natural language processing (NLP) began with rule-based systems and early 

attempts at machine translation. These systems relied on heuristic methods and hand-crafted 

grammar rules. 

   - Important breakthroughs included the development of algorithms like the latent semantic 

analysis and initial explorations of neural networks. 

2. Statistical Methods (1990s - 2000s): 

   - The introduction of statistical approaches revolutionized NLP. Algorithms began to utilize 

large text corpora to analyze language patterns, leading to improvements in tasks like translation 

and speech recognition. 

   - The advent of models like n-grams and hidden Markov models (HMMs) paved the way for 

probabilistic approaches to language modeling. 

3. Neural Networks (2010s): 
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   - The emergence of deep learning transformed the field. Key advancements included the 

development of architectures like recurrent neural networks (RNNs) and long short-term memory 

(LSTM) networks, which allowed models to effectively capture context over longer text 

sequences. 

   - Word embeddings, such as Word2Vec and GloVe, enabled the representation of words in a 

continuous vector space, capturing semantic meanings through mathematical relationships. 

4. Transformers and Attention Mechanism (2017): 

   - The Transformer architecture, introduced in the paper "Attention is All You Need" by Vaswani 

et al., marked a paradigm shift. It replaced RNNs with self-attention mechanisms, allowing for 

parallelization and improved handling of global contexts in text. 

   - This innovation paved the way for models like BERT (Bidirectional Encoder Representations 

from Transformers), which excelled at understanding context through bidirectional training. 

5. Large-Scale Pre-training (2018 onwards): 

   - The focus shifted toward training large models on vast datasets, significantly improving 

performance on various NLP tasks. 

   - Models like GPT (Generative Pre-trained Transformer), BERT, and their successors were pre-

trained on diverse internet text, allowing them to generate human-like text based on the context. 

6. Increased Model Sizes and Performance (2020s): 

   - The trend toward larger models continued, with architectures growing to billions of parameters. 

This has led to increasingly sophisticated understanding and generation capabilities. 

   - Techniques like fine-tuning, few-shot learning, and reinforcement learning from human 

feedback (RLHF) have also been employed to enhance model performance on specific tasks. 

7. Ethics and Accessibility: 

   - As LLMs have grown, concerns regarding ethical implications, bias, misinformation, and 

environmental impact have also gained prominence. Research in responsible AI and model 

interpretability has become increasingly critical. 

   - Tools and frameworks have been developed to make these models more accessible and to 

ensure that they are used responsibly in applications. 

Overall, the evolution of LLMs has been marked by significant technical advancements, increased 

computational power, and a greater focus on addressing the broader implications of their use in 

society. 

1-6 The changes in large language models (LLMs) 

The changes in large language models over the years reflect advancements in technology, 

methodologies, and applications. Here are some of the significant changes: 

1. Model Architecture: 

- From RNNs to Transformers**: Earlier models relied on recurrent neural networks 

(RNNs) and long short-term memory (LSTM) networks. The introduction of the 

Transformer architecture revolutionized the field, enabling better parallelization and 

improved handling of long-context dependencies through self-attention mechanisms. 

2. Scale and Size: 

 - Increasing Parameters**: LLMs have grown exponentially in size, with models like GPT-3 

and GPT-4 featuring hundreds of billions of parameters. This increase allows for more 

complex representations and more nuanced understanding of language. 

3. Training Data and Techniques: 

   - Diverse and Large Datasets: Models are now trained on vast and diverse datasets scraped from 

the internet, encompassing a wide range of topics, languages, and text types. This has improved 

their generalization capabilities. 

   - Pre-training and Fine-tuning: The two-step process of pre-training on generic data, followed 
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by task-specific fine-tuning, has become commonplace. This approach helps models adapt to 

specific applications while retaining general knowledge. 

4. Language Understanding: 

   - Contextual Understanding: LLMs have evolved to have a much deeper understanding of 

context and semantics. They can generate text that is more coherent and contextually relevant, 

improving their performance in tasks like translation, summarization, and conversation. 

5. Few-Shot and Zero-Shot Learning: 

   - Improved Adaptability: Modern LLMs demonstrate capabilities in few-shot and zero-shot 

learning, where they can perform tasks with little to no task-specific training data. This adaptability 

has expanded the range of applications for LLMs. 

6. User Interaction: 

   - Conversational Agents: LLMs are increasingly being used in conversational agents and 

chatbots, providing more human-like interactions. They can understand intent, maintain context 

over long conversations, and generate diverse responses. 

7. Ethics and Bias Awareness: 

   - Increased Focus on Responsible AI: There is a growing awareness of ethical implications, such 

as bias in training data, misinformation, and the potential environmental impact of training large 

models. Research communities are increasingly focused on developing guidelines and practices 

for responsible AI deployment. 

8. Interpretability and Explainability: 

   - Efforts to Understand Model Decisions: As LLMs have grown in complexity, there has been a 

concurrent push for improving their interpretability. Researchers are working on methods to make 

model outputs more explainable and to understand better how decisions are made. 

9. Applications and Integration: 

   - Broader Adoption Across Industries: LLMs are being integrated into various industries, 

including healthcare, finance, education, and entertainment, for applications such as content 

generation, customer support, and data analysis. 

10. Real-Time Processing: 

    - Optimization for Performance: More recent developments focus on optimizing LLMs for real-

time applications, enabling faster responses and processing in scenarios like chat interfaces and 

real-time data analysis. 

These changes reflect not only advancements in the technology behind LLMs but also a broader 

understanding of their impact and the need for responsible usage in diverse applications. 

2- Why and how does linguistics influence large language models? 

The science of linguistics significantly influences the development, design, and functionality of 

large language models (LLMs) in several ways. Here are some key aspects of this impact:  

Let’s delve deeper into how various branches of linguistics impact large language models (LLMs) 

at different levels. Linguistics can significantly enhance the performance and capabilities of Large 

Language Models (LLMs) in various ways: 

2-1 Understanding Language Structure 

   - Syntax and Grammar: Linguistic theories provide insights into the structures that govern 

sentence formation and grammatical rules. LLMs leverage this understanding to produce 

grammatically correct sentences and to parse complex structures in text. 

- Sentence Structure: Syntax examines how words combine to form phrases and sentences. 

Understanding syntactic rules allows LLMs to generate grammatically correct sentences. For 

example, LLMs learn to recognize subject-verb-object structures, which are fundamental in many 

languages. 

- Parsing: LLMs often employ syntactic parsing techniques to break down sentences into their 

components. This helps them understand the relationships between different elements, facilitating 
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better comprehension and generation of complex sentences.   

In general, it can be said improving the field of syntax with the assistance of Large Language 

Models (LLMs) is an intriguing idea that could lead to significant advancements in our 

understanding and application of syntactic theory. Here are several ways in which LLMs can 

contribute to the development and refinement of syntactic research: 

2-2 Data Generation and Annotation 

• Synthetic Data Creation: LLMs can generate vast amounts of syntactically diverse 

sentences. By controlling for specific syntactic structures (e.g., passive voice, relative clauses), 

researchers can create datasets that are difficult to acquire naturally, enriching the resources 

available for syntactic analysis. 

• Automatic Annotation: LLMs can assist in automatically tagging parts of speech, phrase 

structures, and hierarchies in large corpuses of text, providing syntactically annotated corpuses 

that facilitate deeper linguistic analysis. 

2. Empirical Validation: 

• Testing Syntactic Theories: By generating sentences that are aligned with or contrary to 

existing syntactic theories, LLMs can help linguists empirically test the validity of these theories. 

For instance, LLMs can generate sentences that challenge or support concepts like movement or 

island constraints. 

• Corpus Linguistics Studies: Researchers can use LLMs to analyze syntactic patterns within 

large text corpuses and identify trends, variations, or anomalies in syntax across different contexts, 

genres, or dialects. 

3. Syntactic Parsing 

• Improved Parsing Algorithms: LLMs can develop new parsing techniques or improve 

existing ones. By training on extensive datasets, LLMs can learn to parse sentences with a high 

level of accuracy, potentially leading to more robust and efficient syntactic parsers. 

• Fine-grained Parsing: LLMs can enhance the granularity of constituency and dependency 

parsing, enabling the distinction of subtle syntactic relationships that might be overlooked in 

classical parsing methods. 

 4. Syntactic Variation and Change 

• Modeling Language Change: LLMs can analyze historical texts and contemporary spoken 

language data to identify syntactic shifts over time. By examining patterns of syntactic change, 

researchers can gain insights into language evolution and grammaticalization processes. 

• Dialectal Variation: LLMs can be employed to study syntactic differences among various 

dialects or languages, helping to build models that accommodate syntactic variability and 

interactions. 

5. Experimental Linguistics 

• Designing Experiments: Syntactic theories often rely on experimental validation (e.g., 

acceptability judgments). LLMs can facilitate the design of experimental stimuli, generating 

sentences that align with specific syntactic structures and allowing researchers to explore linguistic 

intuitions. 

• Behavioral Studies: LLMs can simulate human-like responses to syntactically complex 

sentences, offering data that can be analyzed to understand processing difficulties and preferences, 

leading to insights into cognitive aspects of syntax. 

6. Theoretical Development 

• Exploring Syntactic Parallelism: LLMs can aid in the exploration of various syntactic 

structures and their relationships, prompting debates and discussions about theoretical constructs 

in syntax, such as generative grammar, lexical entries, and tree structures. 

• Cross-linguistic Investigations: By analyzing syntactic constructions across multiple 

languages, LLMs can inform linguists about universal grammar principles and language-specific 



International Journal of Modern Achievement in Science, Engineering and Technology (IJSET)2(3): 61-81, 2025 

 
 

 

 

67 

 

rules, leading to improved syntactic theories that are more inclusive. 

7. Interactive Learning and Feedback 

- Collaborative Tools for Linguists: LLMs can serve as interactive tools that allow linguists to 

input hypotheses about syntax and receive counter-examples, alternative structures, or support 

from generated sentences, facilitating a dynamic research process. 

- Teaching Syntactic Concepts: LLMs can be programmed to help educate students and researchers 

about syntactic theories by providing examples, challenging existing knowledge, and offering 

immediate feedback on syntactic analysis. 

conclusion: 

By leveraging the capabilities of LLMs, the field of syntax can benefit from innovative approaches 

to data analysis, modeling, and experimental design. This partnership can not only enhance our 

understanding of syntactic structures and principles but also open new avenues for syntactic 

research by providing empirical data, generating insights, and refining theoretical models. 

Moreover, as LLMs evolve and improve, their contributions to syntactic research will likely 

become even more significant, fostering a deeper comprehension of language as a whole. 

2-3 Morphology 

The study of word formation and structure informs how LLMs handle inflection, derivation, and 

the relationships between words, contributing to their ability to understand and generate language 

accurately. 

- Word Formation: Morphology studies how words are formed and the rules governing prefixes, 

suffixes, and roots. LLMs can leverage this understanding to better comprehend and generate 

variations of words (e.g., "run","running," "runner") based on context. 

- Handling Rare Words: Morphological rules can help models better understand and generate 

inflected forms of less common or compound words, which are prevalent in natural language. 

2-4 Semantics 

Meaning and Context: Linguistics addresses how meaning is constructed and interpreted in 

language. LLMs utilize techniques to discern semantic relationships and contextual nuances, 

allowing them to generate relevant and coherent responses. 

• Word Meaning: Semantics is concerned with meaning. Word embeddings, which map 

words to vectors in a high-dimensional space, capture semantic relationships such as 

similarity and difference. For example, "king" and "queen" may have vectors that are close 

to each other, reflecting their related meanings. 

• Contextual Meaning: Key advancements, particularly with the transition to models like 

BERT, involve achieving contextualized word representations. This means that a word's 

meaning is influenced by its surrounding words, allowing LLMs to disambiguate meanings 

based on context (e.g., "bank" as a financial institution versus the side of a river). 

• Polysemy and Homonymy: Understanding that words can have multiple meanings based 

on context is critical for LLMs to interpret and generate sentences correctly. 

2-5 Pragmatics 

Contextual Usage: Pragmatics studies how context affects meaning. LLMs integrate this 

understanding by considering the context within which language is used, aiding in the 

interpretation of language beyond literal meanings and enabling them to generate socially 

appropriate responses.  

- Speech Acts: Pragmatics studies the intended meaning behind utterances (e.g., making requests, 

offering, questioning). LLMs can be trained to recognize and generate these speech acts, enabling 

more natural interactions, such as asking for clarification or providing polite responses. 

- Conversational Context: Understanding what has been previously mentioned in a conversation 

helps LLMs maintain coherence. If a user asks, "What can you do?" and then says, "Can you help 
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me with my project?", the model should recognize that "you" refers back to itself, maintaining 

conversational flow. 

2-6. Phonetics and Phonology: 

Although primarily related to spoken language, understanding the sounds of language can help in 

developing models for speech recognition and synthesis, making LLMs more versatile in handling 

audio inputs and outputs. 

2-7 Discourse Analysis 

Coherence and Cohesion: Linguists study how larger units of language (conversations, texts) 

maintain coherence and cohesion. LLMs use techniques that account for discourse structures, 

improving their ability to generate connected and contextually relevant text over longer 

interactions. 

- Cohesion Devices: LLMs learn to use cohesive devices (like conjunctions, pronouns, and 

referencing) that link sentences together and help create a smooth narrative. For example, 

recognizing that "he" in one sentence refers back to "John" mentioned earlier. 

- Thematic Development: Discourse analysis provides methods to understand how themes are 

developed across texts. LLMs can use this to keep track of the main topic of a conversation or text 

and structure their responses accordingly. 

2-8 Language Variation 

2-8-1 Sociolinguistics: Understanding language variation, dialects, and sociolects helps LLMs 

perform better across different linguistic contexts and user demographics, making them more 

adaptable and user-friendly. 

• Dialect and Register: Different communities may use language in distinctive ways. LLMs 

trained on diverse datasets can learn to adopt different dialects or registers (formal vs. 

informal), enhancing their applicability across various contexts and audiences. 

• Cultural Context: Awareness of sociolinguistic factors enables LLMs to be sensitive to 

cultural nuances, resulting in more appropriate and contextually relevant interactions. 

 

2-8-2 Multilingualism: Insights from linguistics aid LLMs in handling multiple languages, as 

they draw on common linguistic features and unique aspects relevant to each language. 

• Language Transfer: Linguistic research helps LLMs manage language transfer, where 

knowledge from one language aids understanding in another. For example, training on 

multilingual data can enhance understanding of similarly structured languages. 

• Corpus Development: Linguistic insights aid in curating diverse text corpora that represent 

various languages, ensuring models have adequate exposure to linguistic diversity. 

2-9 Language Acquisition 

Learning Models: Theories of how humans acquire language inform the training methods of 

LLMs. Concepts about how children learn to understand and produce language can shape the 

design of pre-training and fine-tuning strategies for models. 

- Simulating Learning: Research in linguistics provides insights into how humans acquire language 

over time, which can inform the design of learning algorithms for LLMs. For example, using 

sequential exposure to language data mimics how children learn language gradually. 

- Interactive Learning: Understanding human learning mechanisms can lead to developing models 

that improve dynamically through interaction, continuously refining their language abilities. 

2-10 Ethnolinguistics and Language Change 

- Diachronic Linguistics: Understanding how languages evolve over time provides context for 

training LLMs on historical texts and adapting them to handle changes in language usage. 

- Evolution of Language: By understanding changes in language over time, LLMs can be trained 
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on historical texts and adapt to recognize archaic language while also understanding modern shifts. 

- Diversity and Endangerment: Linguistic studies highlight the importance of preserving 

languages, influencing LLMs to be inclusive of diverse linguistic representations, especially for 

underrepresented languages. 

2-11 Theoretical Frameworks (computational linguistics)  

Why is computational linguistics considered as the theoretical framework for large language 

models? 

- Computational linguistics is a branch that merges linguistics with computer science, focusing on 

how language can be processed and understood by computers. Its principles and methodologies 

significantly impact the development and performance of large language models (LLMs). Here 

are key aspects of computational linguistics and its effects on LLMs: 

2-11-1 Algorithm Design 

• Natural Language Processing (NLP) Algorithms: Computational linguistics provides the 

foundation for designing algorithms that can parse, understand, and generate human 

language. These algorithms address various tasks, ranging from tokenization (breaking text 

into words or sentences) to more complex operations like parsing and semantic analysis. 

• Statistical Methods and Machine Learning: Techniques from computational linguistics 

often involve statistical models that allow for probabilistic interpretations of language, 

improving how LLMs learn from data. Modern LLMs utilize machine learning, 

particularly deep learning, to model language based on vast amounts of text data. 

2-11-2 Language Modeling Techniques 

• N-grams: Early language models relied on n-grams, which predict the next word based on 

the previous n words. While less common in state-of-the-art LLMs, n-gram models inform 

foundational concepts about word sequences and probabilities.  

• Neural Networks: The introduction of neural networks, particularly recurrent neural 

networks (RNNs) and later the Transformer architecture, marked a shift influenced by 

computational linguistics. These models are designed to handle sequential data effectively, 

capturing dependencies over longer contexts. 

2-11-3 Representation of Language 

• Word Embeddings: Computational linguistics led to the development of embedding 

techniques (like Word2Vec, GloVe) that convert words into continuous vector spaces. 

These embeddings capture semantic similarities, allowing LLMs to understand 

relationships between words more effectively. 

• Contextualized Representations: Advanced embeddings, especially those used in BERT 

and GPT models, provide contextual representations, meaning that the same word can have 

different representations depending on its usage in a sentence. This is crucial for nuanced 

language understanding. 

2-11-4 Parsing and Semantic Analysis 

• Dependency Parsing: Computational linguistics defines how to analyze the grammatical 

structure of sentences. LLMs use parse trees to understand relationships between words, 

enabling better comprehension of complex sentence structures. 

• Semantic Role Labeling: This technique identifies the roles that various words or phrases 

play in a sentence, helping LLMs discern meaning beyond surface-level syntax. 

2-11-5 Discourse and Cohesion 
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Cohesion and Coherence: Computational linguistics studies how texts and dialogues maintain 

coherence over longer stretches, influencing LLMs in generating connected responses. Techniques 

for recognizing references and maintaining context throughout a conversation are vital for 

producing fluent dialogue. 

2-11-6 Text Generation and Transformation 

• Generation Techniques: Computational linguistics informs algorithms for text generation, 

such as beam search, sampling methods, and reinforcement learning approaches. These 

methods allow LLMs to produce diverse outputs while adhering to linguistic norms. 

• Machine Translation: Insights from computational linguistics drive the development of 

translation algorithms that go beyond simple word substitution, allowing LLMs to capture 

idiomatic expressions and contextual meanings in different languages. 

2-11-7 Evaluation Metrics 

• Performance Metrics: Computational linguistics determines benchmarks and metrics for 

assessing LLM performance, such as BLEU scores for translation quality, perplexity for 

language modeling, and other measures that ensure models meet linguistic standards. 

• Error Analysis: By leveraging computational linguistic theories, researchers can conduct 

error analyses to identify where models fall short, leading to iterative improvements in 

LLM design. 

2-11-8 Annotation and Data Preparation 

• Corpus Development: Computational linguistics emphasizes the importance of annotated 

corpora for training LLMs. Linguistic annotations can cover syntactic, semantic, and 

pragmatic features, enriching the data that models are trained on. 

• Data Preprocessing: Techniques in computational linguistics provide guidelines for 

preprocessing text, ensuring that models operate effectively on cleaned and formatted input 

data. 

2-11-9 Multimodal Processing 

Incorporating Other Modalities: Computational linguistics is expanding to include multimodal 

approaches, wherein LLMs also process visual or auditory data alongside text. This integration 

allows for richer understanding and generation of language in context, such as captioning images 

or generating text based on video content. 

2-11-10 Human-Computer Interaction 

• Dialogue Systems: Computational linguistics contributes to the development of systems 

that facilitate interaction between humans and machines. It helps design conversational 

agents that can understand user inputs, manage context, and generate appropriate 

responses. 

•  User Interaction Models: Understanding how humans use language in conversation 

informs the development of models that aim to mimic natural human interactions, making 

LLMs more user-friendly. 

The integration of computational linguistics into the development of LLMs is profound and 

multifaceted. By applying linguistic theories and computational principles, researchers create 

models that not only perform well in language tasks but also engage meaningfully with human 

users. This cross-disciplinary synergy enhances the capabilities of LLMs, making them more 

effective tools for understanding and generating human language in a variety of contexts. As the 

field continues to evolve, ongoing advances in computational linguistics will likely further refine 
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and expand the functionality and applications of LLMs. 

Then, the science of linguistics provides a rich theoretical framework that underpins many of the 

methodologies and practices used in the development of LLMs. By leveraging insights from 

syntax, semantics, pragmatics, and other linguistic areas, researchers can enhance the accuracy, 

fluency, and contextual relevance of language models, leading to more effective and nuanced 

interactions between humans and machines. This interdisciplinary approach not only improves 

technical performance but also ensures that LLMs engage in socially responsible and culturally 

sensitive ways.    
3 Let’s further explore how specific branches of linguistics can be practically applied to 

improve Large Language Models (LLMs), with examples and applications to enrich your 

understanding: 

3-1 Syntax and Grammar 

• Tree Structures: Syntax can be visualized using tree structures representing grammatical 

relationships. By training LLMs to recognize and generate these structures, they can 

produce well-formed sentences that adhere to the grammatical rules of a language. For 

example, a sentence like “The cat sat on the mat” maintains a subject-verb-object structure 

that LLMs can learn to replicate. 

• Complex Sentence Structures: Understanding compound and complex sentences allows 

LLMs to handle more intricate text. For instance, distinguishing between main clauses and 

subordinate clauses enables better sentence generation like “While I was studying, the cat 

slept on the mat.” 

3-2 Semantics 

• Contextual Word Embeddings: LLMs utilize contextual embeddings (like BERT or GPT) 

that adjust meanings based on context. By using semantic theories, these embeddings can 

be tuned to reflect subtle differences in meanings based on usage. For instance, 

understanding how "bank" can refer to a financial institution or the side of a river in distinct 

contexts enhances comprehension. 

• Ontology and Knowledge Graphs: Incorporating structured knowledge from ontologies 

(which formalize relationships between concepts) helps LLMs discern thematic 

relationships and supply more accurate responses. For example, recognizing that an 

“apple” is a type of fruit and providing knowledge related to fruit when asked about apples. 

 

3-3 Pragmatics 

• Politeness Theory: Pragmatics includes understanding varying levels of politeness across 

cultures. LLMs can be trained to tailor their language based on user tone or formality. For 

example, responding differently to a casual greeting like “Hey!” versus a formal “Good 

morning” by adjusting language style accordingly. 

• Speech Acts: Understanding speech acts (like making requests, promises, or assertions) 

empowers LLMs to differentiate between types of utterances. For instance, recognizing 

“Can you pass the salt?” as not just a question but as a polite request to take action. 

3-4 Morphology 

• Subword Tokenization: Morphological awareness informs subword tokenization 

techniques (like Byte Pair Encoding) that break down complex words into smaller units, 

which help LLMs efficiently learn inflected forms of words. For example, breaking down 

“unhappiness” into “un,” “happy,” and “ness” aids in comprehension and generation. 
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• Language Acquisition: Insights from morphological studies can mimic how humans 

acquire language, allowing LLMs to learn morphological rules during training in a more 

naturalistic manner. This approach helps models understand nuances, such as pluralization 

in English versus how it works in languages like Russian. 

3-5 Discourse Analysis 

• Maintaining Context in Dialogues: Discourse analysis teaches LLMs how to keep track of 

topics across multiple turns in a conversation. For instance, if a user asks, “What’s the 

weather like?” and then follows up with, “What about tomorrow?” the model should 

recognize the context and understand that the question concerns the same topic (weather) 

rather than shifting to a different subject matter. 

• Reference Resolution: Understanding how pronouns refer back to nouns (anaphora) is 

critical. For instance, in “Maria loves her cat. It is very playful,” recognizing that “It” refers 

to “cat” enhances the model’s response coherence. 

 

3-6 Phonetics and Phonology 

• Phonetic Transcription Training: For applications in speech recognition, a model could be 

trained using phonetic transcriptions to better understand nuances in pronunciation. LLMs 

can thus improve their accuracy in recognizing spoken words in different accents or 

dialects. 

• Tonal Languages: In languages like Mandarin, tone alters meaning. Linguistic input helps 

LLMs differentiate meanings based on pitch variation and enhance their database of tonal 

representations. 

3-7 Cross-linguistic Insights 

• Typological Comparisons: Studying various languages helps in predicting and managing 

challenges in language translation and generation. For example, recognizing that some 

languages have a Subject-Verb-Object order while others may use Verb-Subject-Object 

helps in building adaptable models for diverse linguistic structures. 

• Code-Switching: By incorporating knowledge of how bilingual speakers switch between 

languages, LLMs can be trained to handle mixed-language inputs more naturally, making 

them better suited for real-world applications where multilingual communication occurs. 

3-8 Bias Detection and Mitigation 

• Corpus Analysis: Linguistic frameworks provide methods for analyzing large corpuses of 

text to identify biases. For example, analyzing the frequency of certain demographics in 

various contexts can reveal underrepresentation or stereotypical portrayals that need to be 

corrected in the model training dataset. 

• Inclusive Language Guidelines: Drawing from linguistics, LLMs can be programmed to 

avoid biased or discriminatory phrases, ensuring that generated text is more inclusive, 

which is essential in applications like hiring tools or customer service. 

By thoroughly integrating insights from the various branches of linguistics into the development 

and training of LLMs, we can achieve a more nuanced, accurate, and socially responsible system. 

This interdisciplinary cooperation not only enhances the technical performance of LLMs but also 

makes them more effective and ethical in real-world applications. The evolving understanding of 

language through linguistics continues to point to new methodologies and practices for improving 

AI interactions, making the partnership between linguistics and machine learning invaluable. 
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4 Challenges and Limitationsof LLMs 

Despite the advances that large language models have made, they are always accompanied by 

challenges. Some of these challenges are general challenges and others are specific linguistic 

challenges that affect large language models. For some of these challenges, there are solutions, 

and for some other challenges, no suitable solution has yet been presented. Given the importance 

of the topic, we first introduce 3 important articles in this field, in which the most important 

challenges are presented and then strategies for finding suitable solutions are presented. After 

introducing these articles, we will classify the existing challenges and present suitable solutions 

for them.  Below, we summarize three notable papers that discuss these challenges and potential 

solutions, along with areas that still require further exploration. 

4-1 Challenge: Bias and Fairness 

Paper: "Mitigating Unwanted Biases with Adversarial Learning" (Zhang et al., 2018) 

- Overview: This paper discusses the issue of biases present in LLMs, which can perpetuate 

stereotypes and unfairness. The authors propose an adversarial learning approach to mitigate these 

biases by training models to reduce the predictability of undesirable features while maintaining 

overall performance. 

   - Solutions Offered: The adversarial approach is a step toward addressing biases in LLM outputs. 

By introducing strategies for bias reduction during model training, the paper provides a framework 

to create fairer models. 

   -Unresolved Challenges: Despite these advancements, complete bias elimination is still a 

challenge since biases can be deeply embedded in training data and language use. Ongoing 

research is needed to develop more comprehensive frameworks that account for diverse cultural 

contexts and ethical considerations. 

4-2 Challenge: Contextual Understanding 

Paper: "Attention Is All You Need" (Vaswani et al., 2017) 

   - Overview: This landmark paper introduced the Transformer architecture, which has 

significantly advanced the state of contextual understanding in LLMs. By leveraging self-attention 

mechanisms, it allows models to capture dependencies in language effectively. 

   - Solutions Offered: The Transformer architecture enhances the ability of LLMs to manage long-

range dependencies and context in textual data, making models more adept at understanding 

nuanced language features. 

   - Unresolved Challenges: However, understanding real-world context, including pragmatic and 

colloquial aspects of language, poses ongoing challenges. Future work may involve integrating 

world knowledge and developing dynamic models that can adjust to varying contexts in real-time, 

suitable for conversation or inquiry-based tasks. 

4-3 Challenge: Interpretability 

   Paper: "The Mythos of Model Interpretability" (Lipton, 2016) 

   - Overview: Lipton's paper delves into the complexities and limitations of interpretability in 

machine learning (including LLMs). It discusses the tension between model performance and the 

ability to understand model decision-making processes. 

   - Solutions Offered: The paper calls for developing techniques that provide insights into how 

models function without sacrificing their predictive power. Techniques such as feature importance, 

attention visualization, and surrogate models can offer transparency into LLM behavior. 

   - Unresolved Challenges: However, many of these interpretability techniques provide limited 

granularity and may not reveal the full scope of how LLMs arrive at their outputs, especially in 

complex models. Ongoing work is required to create interpretative frameworks that truly enhance 

user understanding and trust in LLMs. 

5 Finding Solutions 

To address these challenges related to LLMs, consider the following strategies: 
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1. Collaborative Research: Encourage interdisciplinary collaboration between linguists, ethicists, 

data scientists, and domain experts to tackle problems like bias and interpretability 

comprehensively corpous. This can illuminate new perspectives and foster innovative solutions. 

2. User-Centric Design: Involve end-users in the development process for systems that demand 

high contextual understanding. Gathering diverse feedback can lead to models that better 

understand user needs and real-world complexities. 

3. Trial and Error: Implement evolutionary approaches where LLMs are continuously refined 

based on real-world performance and user interactions. Regularly updating models with new data 

while incorporating user feedback can help address deteriorating performance or new biases. 

By focusing on these aspects, the research community can work towards creating more equitable, 

interpretable, and context-aware LLMs.  

Large Language Models (LLMs) have transformed the landscape of natural language processing 

and their applications within linguistics. However, both general and specific challenges persist 

which impact their effectiveness and applicability. Below, we explore these challenges in two 

parts: general challenges of LLMs and the specific challenges they face in the realm of linguistics.  

 

 
6 General Challenges of LLMs: 

6-1 Data Quality and Bias 

• Biased Outputs: LLMs are trained on large datasets sourced from the internet, which can 

contain biases and stereotypes. This results in the potential for LLMs to generate prejudiced 

or culturally insensitive content. 

• Misinformation: Not all knowledge contained in the training data is accurate. As a result, 

LLMs can unintentionally propagate false information, which has significant implications 

for users relying on their outputs. 

 

6-2 Interpretability 

• Black Box Nature: The complexity of LLMs makes it difficult to interpret how they arrive 

at specific conclusions or outputs. This lack of transparency challenges trust and 

accountability, especially in high-stakes scenarios. 

• Difficulty in Providing Explanations: In many applications, understanding the rationale 

behind a model's decision is crucial for users. The black box nature complicates this 

process. 

6-3 Resource Intensity 

• Computational Demand: Training and deploying LLMs require substantial computational 

resources, which can be prohibitively expensive for smaller organizations or researchers. 

• Energy Consumption: The environmental impact associated with the energy used to train 

these models has raised concerns within the scientific community. 

6-4 Overfitting and Generalization 

• Overfitting: LLMs can memorize patterns in training data to the extent that they struggle 

to generalize to new instances, leading to potential inaccuracies in real-world applications. 

• Sensitivity to Inputs: LLMs often react to subtle changes in input phrasing, which can lead 

to inconsistent outputs or misunderstandings. 

6-5 Ethical Concerns: 
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• Potential for Misuse: The technology can be exploited to create harmful content, deepfakes, 

or misinformation campaigns, posing ethical dilemmas around responsibility and 

regulation. 

• Impact on Employment and Skills: Automation through LLMs threatens certain job 

sectors, leading to discussions about the future of work and the need for reskilling. 

 

 7 Specific Challenges of LLMs in Linguistics: 

While LLMs offer significant potential in linguistics, their challenges necessitate ongoing research 

and refinement. Addressing these issues involves interdisciplinary collaboration among linguists, 

computer scientists, ethicists, and domain experts to enhance both theoretical and practical 

applications. By understanding these challenges, we can cultivate LLMs that are more effective, 

inclusive, and responsible in their linguistic capabilities. By addressing both general issues and 

linguistic challenges, the development of LLMs can lead to more effective, fair, and contextually 

aware applications in natural language processing. 

7-1 Linguistic challenges and their impacts 

The application of Large Language Models (LLMs) in linguistics highlights several challenges 

that can affect their performance, understanding, and output quality. Below, we elaborate on these 

challenges: 

7-1-1 Ambiguity and Polysemy 

• Challenge: Words in natural language often have multiple meanings depending on context 

(e.g., "bank" can refer to a financial institution or the side of a river). LLMs may struggle 

to accurately disambiguate these meanings. 

• Impact: This ambiguity can result in LLMs generating responses that are nonsensical or 

contextually inappropriate if they misinterpret the intended meaning. 

7-1-2 Lack of Pragmatic Understanding 

• Challenge: Pragmatics involves understanding language in context, including implied 

meanings, speaker intentions, and social cues. LLMs often rely on superficial patterns in 

the data and may not grasp underlying implications or conversational norms. 

• Impact: Without an understanding of pragmatics, LLMs may provide responses that miss 

the nuances of a conversation, leading to misunderstandings or awkward interactions. 

7-1-3 Cultural and Contextual Sensitivity 

• Challenge: Different languages and cultures have unique idiomatic expressions, cultural 

context, and references. LLMs trained predominantly on a specific cultural dataset may 

lack awareness of these aspects. 

• Impact: Responses may inadvertently offend, misinform, or fail to resonate with users from 

diverse backgrounds due to a lack of cultural sensitivity. 

7-1-4 Morphological Complexity 

• Challenge: Some languages have rich morphological systems with complex word 

formation rules, including prefixes, suffixes, and inflections (e.g., Finnish, Turkish). LLMs 

often have difficulty modeling these complexities accurately. 

• Impact: This can lead to grammatical errors or incorrect interpretations, especially in 

languages where word forms provide essential semantic information. 

7-1-5 Syntax and Sentence Structure 
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• Challenge: While LLMs can generate grammatical sentences, they sometimes struggle 

with more complex syntactic structures (e.g., nested clauses, advanced punctuation). 

Inconsistent performance across different linguistic constructions can occur. 

• Impact: Sentences generated by LLMs might be syntactically incorrect or awkward, 

hindering effective communication. 

7-1-6 Language Diversity and Underrepresentation 

• Challenge: LLMs generally perform well on widely spoken languages (like English, 

Spanish, and Mandarin) but often struggle with less-resourced languages that have fewer 

training examples available. 

• Impact: This disparity can lead to inequality in language processing capabilities, limiting 

the accessibility of technologies powered by LLMs for a significant portion of the global 

population. 

7-1-7 Idioms and Figurative Language 

• Challenge: Language regularly uses idiomatic expressions and metaphors that may not 

make literal sense. LLMs may misinterpret these, leading to responses that can be 

surprisingly literal or wholly off-mark. 

• Impact: Users may find interactions with LLMs unhelpful or frustrating if the models fail 

to recognize and respond appropriately to figurative language. 

7-1-8 Evolution of Language 

• Challenge: Language is dynamic, evolving with new slang, terms, and meanings emerging 

regularly, especially in digital communication. LLMs trained on historical data may 

become outdated. 

• Impact: This can result in models providing responses that do not reflect current usage, 

rendering their outputs less relevant or accurate. 

7-1-9 Errors and Noise in Training Data 

• Challenge: LLMs learn from large datasets scraped from the internet, which may contain 

errors, noise, or misleading information. Discrepancies in data quality can propagate 

through to model outputs. 

• Impact: The presence of erroneous data can lead to LLMs generating factually incorrect 

information or reproducing harmful stereotypes. 

7-1-10 Meta-linguistic Awareness 

• Challenge: Effective language use often requires an awareness of the language itself, 

including rules and conventions governing its structure. LLMs might lack a meta-linguistic 

understanding necessary for nuanced language use. 

• Impact: This limitation may result in responses that don't match the complexity of human 

thought and reasoning about language, particularly in advanced academic or specialized 

discussions. 

Addressing these linguistic challenges requires ongoing research and development aimed at 

improving the design and training of LLMs. Potential solutions include enhancing training datasets 

with more diverse and representative language samples, integrating frameworks for pragmatics 

and cultural context, and developing mechanisms for dynamic updates to account for language 

evolution. The goal is to ensure that LLMs can communicate effectively, sensitively, and 
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accurately across a wide range of linguistic contexts. 
 

8 Specific Challenges in Linguistics and Their Solutions 

8-1 Linguistic Nuances and Polysemy 

• Challenge: LLMs often struggle with words that have multiple meanings or are context-

dependent. 

• Solution: Develop context-aware models that better capture nuances through reinforcement 

learning on task-specific datasets. 

8-2 Cross-linguistic Variation 

• Challenge: LLMs may perform well in dominant languages but poorly in lesser-used languages. 

• Solution: Promote data collection efforts for underrepresented languages and encourage 

multilingual training architectures. 

8-3 Morphological Richness: 

• Challenge: Many languages have complex morphological structures that LLMs may misinterpret. 

• Solution: Incorporate morphological analysis capabilities and training on diverse language 

families to broaden understanding. 

8-4 Pragmatics and Contextual Understanding 

• Challenge: LLMs may misinterpret the intended meaning behind utterances due to lack of 

pragmatics. 

• Solution: Integrate pragmatic theories into model training and leverage datasets focused on 

conversational context. 

8-5 Syntax and Structure 

• Challenge: LLMs may generate syntactically incorrect sentences or struggle with complex 

sentence structures. 

• Solution: Use syntactic parsing during training to reinforce grammar rules and sentence structure 

comprehension. 

8-6 Cultural and Societal Context 

• Challenge: Failure to fully grasp cultural references or idiomatic expressions can lead to 

inappropriate responses. 

• Solution: Build culturally aware datasets and collaborative models that include cultural context 

in training. 

8-7 Language Evolution 

• Challenge: Language is constantly evolving, and LLMs may struggle with new words, phrases, 

or usages. 

• Solution: Implement dynamic update mechanisms that allow models to incorporate real-time 

linguistic changes and trending terms. 
 

9 Challenges with Existing Solutions 

Large Language Models (LLMs) like GPT-4 have made significant advancements but still face 

various challenges. Here’s a breakdown of some challenges that currently have solutions, as well 

as those that need further exploration. 
9-1 Data Bias Mitigation 

- Solution: Techniques such as data preprocessing, augmentation, and bias correction algorithms 

can help reduce biases in training datasets. Continuous monitoring and updates to training data 

also contribute to minimizing biases. 

9-2 Fine-tuning and Transfer Learning 

- Solution: Transfer learning enables models to adapt to specific tasks with minimal additional 

training, enhancing their performance for diverse applications. 

9-3 Model Compression 
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- Solution: Methods like pruning, quantization, and knowledge distillation effectively reduce 

model size while maintaining performance, making them more efficient for deployment. 

9-4 Interpretability (Partial) 

- Solution: Techniques such as attention visualization and LIME (Local Interpretable Model-

agnostic Explanations) can provide insights into model decision-making, although this is still an 

evolving area. 

9-5 Multimodal Capabilities 

- Solution: The integration of multiple data types (text, image, etc.) has been successfully tested, 

allowing for richer interactions and understanding across different media.  

10 Challenges Lacking Effective Solutions:  

Large Language Models (LLMs) face numerous challenges, some of which have proposed 

solutions, while others remain unresolved. These challenges include the following: 
10-1 Understanding Context and Ambiguity  

• Challenge: Despite improvements, LLMs often struggle with nuanced context or 

ambiguous questions, leading to inconsistent performance. 

• Action Required: Developing better context retention mechanisms and enhancing 

comprehension in ambiguous situations. 

10-2 Inherent Knowledge Limits 

• Challenge: Models are constrained by the data available until their training cutoff and 

cannot access real-time information or updates. 

• Action Required: Implementing dynamic learning approaches or real-time updates to keep 

model knowledge current. 

10-3 Fact-Checking 

• Challenge: LLMs can produce plausible yet factually incorrect information, raising 

concerns about reliability. 

• Action Required: Creating systems for real-time fact-checking and integrating with 

knowledge bases to verify generated content. 

10-4 Ethical and Safe Use 

• Challenge: The poten tial for malicious use (e.g., deepfakes, misinformation) and sensitive 

topics poses ethical dilemmas. 

• Action Required: Stronger guidelines and frameworks for ethical AI deployment, 

alongside built-in safeguards and monitoring mechanisms. 

10-5 Generalization and Robustness 

• Challenge: LLMs may perform poorly when faced with out-of-distribution data or 

uncommon scenarios. 

• Action Required: Research into methods that enhance model robustness and generalization 

capabilities to unfamiliar inputs. 

While progress has been made in certain areas of LLM challenges, substantial work remains to be 

done. Addressing the identified challenges can improve the utility and safety of LLMs, ensuring 

they are effective and responsible tools in various applications. 

 

11 Future Directions 

Researchers are actively exploring ways to make LLMs more efficient, interpretable, and 

responsible. Some promising areas of development include: 
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- Model Compression: Techniques like pruning and quantization can reduce the model size and 

energy consumption without significantly sacrificing performance. 

- Continual Learning: Developing models that can adapt to new information without forgetfulness 

is a growing field. 

- Multi-modal Models: Integrating text with other data types (e.g., images, audio) to create more 

versatile and context-aware AI systems. 

In summary, large language models have revolutionized many aspects of natural language 

processing and continue to evolve, providing numerous applications while presenting challenges 

to address for responsible and ethical use. 

 

12 Conclusion 

The result is that by reviewing articles and books that include the opinions of a large number of 

experts, we understand that many of the challenges of language models that potentially exist in the 

language models themselves or have been created due to linguistics can be solved and solutions 

have been provided for them. However, there are some other challenges that, unfortunately, have 

not yet been provided with a solution, and it is hoped that in future research we will be able to 

provide solutions to these challenges as well. olutions mainly target bias and interpretability 

(through interdisciplinary collaboration), contextual adaptation (via user-centric design), and 

performance stability (with evolutionary trial-and-error approaches). However, there are still no 

clear or systematic solutions for broader linguistic and domain-specific challenges, which remain 

unresolved and suggestions were also provided in the text to resolve existing problems. 
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