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Abstract. The paper proposes a novel approach to the verification of linguistic hypotheses applying 

large language models. The method uses a formal description of a linguistic theory to be proven to 

build a vector representation for a collection of language data. The representation is compared with 

embeddings constructed with help of neural network models. The research purpose is to develop a 

universal tool for the fundamental linguistics by means of language modeling and generative artifi-

cial intelligence. 
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Аннотация. В статье предлагается новый подход к верификации лингвистических гипотез с 

помощью больших языковых моделей. Метод использует формальное описание лингвистиче-

ской теории, подлежащей доказательству, чтобы смоделировать векторное представление для 

коллекции языковых данных. Созданное представление сопоставляется с векторными вложе-

ниями, построенными с помощью нейросетевых моделей. Цель исследования заключается в 

попытке разработать универсальный инструмент для решения задач фундаментальной линг-

вистики средствами математического моделирования языка с помощью генеративного искус-

ственного интеллекта. 
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Introduction 

Fundamental linguistics seeks to explain the nature of human language. However, the 

emergence of large language models (LLMs), such as GPT-41, Phi-32, or Gemma3, forces 

scientists to rethink how human language functions in the brain. For example, the level of 

language performance demonstrated by LLMs is comparable to the human level, although 

the models do not receive information from the environment, as humans do, and they are 

not provided with the universal grammar described by Chomsky4. 

It seems that the ability of LLMs to capture the structure of various types of data makes 

them a promising tool for solving problems of theoretical linguistics, such as language an-

notation, and advanced analysis of linguistic structures. However, there are some prejudic-

es against using these models in linguistics, such as the evidence that LLMs do not handle 

complex linguistic information. For example, the inference of copredication, compound 

nominals, and prepositional phrase attachment is not suitable for LLM processing5. 

Natural language generation with LLM represents valuable language material since this 

process allows for generating grammatically correct and coherent texts outside the human 

brain. Thus, the analysis of LLMs might reveal the fundamental principles of natural lan-

guage grammar. In addition, the LLM technology is of high value for theoretical science 

methodology, because it presents an efficient broad-spectrum tool that should be adapted 

to enhance research in fundamental linguistics. 

The paper proposes a novel approach to the verification of linguistic hypotheses using 

LLMs. The study aims to develop an algorithm receiving a formal description of a linguis-

tic theory as input and returning a prediction or probabilistic judgment of whether a given 

linguistic hypothesis is valid, i.e. whether it describes linguistic structures adequately.  

The reasons to build the proposed algorithm using LLM are the following. Firstly, any 

theory created by a human scientist is subjective, while the LLM judgments are based on 

statistics and probability theory. Secondly, the human ability to study linguistic material is 

limited, while the automation provided by LLMs and other machine learning methods al-

lows for broad observations, which is valuable for comparison and theory verification. 

Thirdly, hypothetically, detecting matches between the LLM, capable of generating a 

grammatical and coherent text, and the linguistic description created by a human expert 

                                                 
1 Achiam J. et al. GPT-4 Technical Report. arXiv:2303.08774. 100 p. 

https://doi.org/10.48550/arXiv.2023.08774 
2 Abdin M. et al. Phi-3 Technical Report: A Highly Capable Language Model Locally on Your 

Phone. arXiv:2404.14219. 24 p. https://doi.org/10.48550/arXiv.2404.14219 
3 Mesnard T. et al. Gemma: Open Models Based on Gemini Research and Technology. 

arXiv:2403.08295, pp. 1–17. https://doi.org/10.48550/arXiv.2403.08295 
4 Chomsky N. Aspects of the Theory of Syntax. Cambridge: MIT Press, 1965. 261 p. 
5 Saba W. S. Stochastic LLMs do not understand language: towards symbolic, explainable and 

ontologically based LLMs. International Conference on Conceptual Modeling. Cham: Springer Na-

ture Switzerland, 2023, pp. 3–19. https://doi.org/10.1007/978-3-031-47262-6_1 
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should indicate a high degree of trustworthiness for both LLM and language theory. It is 

possible to think of LLMs as a tool for automated derivation of laws of linguistic relations 

and distributions that linguists explore. Each of these statements can be counterargument-

ed, which will be described in the Discussion section. 

The method is based on embeddings processing. First, the formal description of a lin-

guistic theory is converted to a format suitable for building a vector representation similar 

to those constructed using the distributive semantics methodology. Next, the data collec-

tion used to build the vector representation is used to extract the embeddings from the 

LLM. The vector representation built from the formal description is compared to the LLM 

embeddings using mapping. The trustworthiness judgment is based on the ratio of the 

overlaps between two representations.  

The study uses llama.cpp library1 for LLM inference, embeddings extraction, and con-

verting formal descriptions for distributive semantics modeling, as well as Backus-Naur 

form2 for a formal grammar notation. The research gap is a lack of a universal notation for 

building formal descriptions of various linguistic theories. The study aims to develop a 

universal tool for the fundamental linguistics with LLMs that would automatically create a 

unified formalism for most linguistic theories and provide a judgment on theory trustwor-

thiness based on statistic and probability theory. The study contributes to a novel technolo-

gy combining theoretical linguistic knowledge and applied computer science tools. 

 

Related Work 

Approaches to linguistic phenomena analysis with LLMs include such tools as auto-

mated grammatical acceptability judgment, structural probing, linguistic context inference, 

and linguistic categories classification. This section reviews significant contributions to the 

linguistic analysis tools based on LLMs. 

The automated grammatical acceptability judgment is a method for testing the linguis-

tic competence of LLMs. However, given the prevalence of this approach in modern theo-

retical linguistics, neural network models trained or fine-tuned for this task could also find 

application in foundational linguistics. The procedure implies using an annotated dataset, 

such as Corpus of Linguistic Acceptability (CoLA)3. The dataset comprises grammatical 

and ungrammatical sentences with corresponding labels. The dataset is used for LLM as-

sessment. The analysis of errors allows for identifying types of grammatical errors and 

structural generalization that a model cannot capture. Although such a method is efficient 

in the model interpretability studies, there is not much evidence of applying CoLA-based 

classifiers in theoretical linguistics due to the limitations of the dataset structure. Such da-

                                                 
1 Gerganov G. LLM inference in C/C++. Available at: https://github.com/ggerganov/llama.cpp 

(accessed: 30.06.2024). 
2 Backus J. W. The syntax and semantics of the proposed international algebraic language of the 

Zurich ACM-GAMM Conference. Proceedings of the International Conference on Information Pro-

cessing (Butterworths, London, 1959), pp. 125–131. 
3 Warstadt A., Singh A., Bowman S. R. Neural Network Acceptability Judgments. Transactions 

of the Association for Computational Linguistics, 2019, vol. 7, pp. 625–641. 

https://doi.org/10.1162/tacl_a_00290 

https://github.com/ggerganov/llama.cpp
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tasets do not allow for analyzing the LLM’s ability to capture complex syntactic and se-

mantic relations, for example, syntactic constraint extraction. 

Structural probing1 is a method focused on capturing syntactic structures from LLM 

embeddings. The approach implies linear transformation to a model vector space to build a 

syntactic graph from a given sentence. The model takes an input sentence and creates word 

embeddings using LLM weights. The vector space is transformed using squared L2 dis-

tance and squared L2 norm to represent nodes and relations of a syntactic graph, i.e. a 

parse tree. This method based on Euclidean geometry is highly reproducible due to its 

simplicity. The approach presented in this study is also based on Euclidean space proper-

ties. 

The parse tree modeling through structural probing can be augmented with grammati-

cal relationships labeling and automated anaphoric coreference resolution using supervised 

or self-supervised learning. In the supervised scenario, the model learns syntactic labels, 

like a classifier. In the self-supervised setting, the model augments parse trees built with 

word embeddings and vector distances with contextual knowledge gained through solving 

fill-in-the-gap, or masked language modeling task2. Masked language modeling is a meth-

od that was inspired by the Cloze task from Gestalt psychology and has become widely 

spread in solving problems of understanding natural language with LLMs. This method 

allows for capturing semantic and pragmatic information, which is important for solving 

natural language understanding tasks and instruction following through prompt engineer-

ing. 

Advanced probing approaches such as classification based on vector representations al-

low for encoding special parts-of-speech, dependency labels and other categories3. Such 

methods are used to estimate the LLM accuracy on linguistic tagging, identify types of 

dependencies captured by language models, and examine the linguistic sensitivity of a 

model across different languages, which is important for distinguishing language-agnostic 

and language-specific multilingual LLMs. 

While such methods as structural probing are useful in solving applied linguistics tasks, 

the provided solutions do not target problems of fundamental linguistics. For instance, 

parse trees generated from vector distance analysis do not follow any specific linguistic 

framework. Typically, a linguistic theory aims to explain the fundamental principles of the 

functioning of human language and the nature of processes occurring in the human brain 

                                                 
1 Hewitt J., Manning C. D. A structural probe for finding syntax in word representations. Pro-

ceedings of the 2019 Conference of the North American Chapter of the Association for Computa-

tional Linguistics: Human Language Technologies, vol. 1 (Long and Short Papers). Minneapolis: 

Association for Computational Linguistics, 2019, pp. 4129–4138. https://doi.org/10.18653/v1/N19-

1419 
2 Manning C. D., Clark K., Hewitt J., Khandelwal U., Levy O. Emergent linguistic structure in 

artificial neural networks trained by self-supervision. Proceedings of the National Academy of Sci-

ences, 2020, vol. 117, no. 48, pp. 30046–30054. https://doi.org/10.1073/pnas.1907367117 
3 Starace G., Papakostas K., Choenni R., Panagiotopoulos A., Rosati M., Leidinger A., Shuto-

va E. Probing LLMs for joint Encoding of Lingiustics Categories. Findings of the Association for 

Computational Linguistics: EMNLP 2023. Singapore: Association for Computation Lingustics, 2023, 

pp. 7158–7179. https://doi.org/10.18653/v1/2023.findings-emnlp.476 
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during language recognition and production. Such methods as structural probing deal with 

the interpretation of grammar relations generated by the model, but they do not answer the 

questions of their nature and connection to existing linguistic theories. 

Methods such as linguistic context inference1 do not require processing LLM training 

weights or embeddings, but they allow testing the model’s ability to perceive and analyze 

linguistic phenomena in detail. For example, prompting sample sentences and asking the 

model to identify a grammatical modifier, might result in inferencing exact structures en-

coded by the model. This method is related to research in the field of fundamental linguis-

tics, but it uses only model inference caused by stochastic processes and a sample of train-

ing data, i.e. adapts the LLM to solve the problem of classifying linguistic categories in-

stead of analyzing the structures that the model directly generates. Therefore, although the 

use of such methods is effective in analyzing the abilities of LLMs in specific domains, 

their use in fundamental research is questionable. 

Various LLM interpretability methods, such as grammatical acceptability judgment, 

structural probing, linguistic categorization, and inference, allow for LLM linguistic com-

petence assessment extracting syntactic, semantic, and pragmatic information captured by 

LLMs. These approaches are useful in the fields of explainable artificial intelligence, 

prompt engineering, and applied linguistics. However, there is a research gap in using 

LLMs in foundational linguistics, for example, in linguistic hypotheses verification. Evi-

dently, LLMs can capture significant linguistic information for theoretical studies, alt-

hough this capacity of neural network models is yet to be explored. In the next sections, a 

novel approach to using LLMs as a tool for theoretical linguistics will be presented and 

discussed. 

 

Data 

The dataset for the experiments is a synthetic language dataset specifically designed for 

a grammaticality judgment task. Table 1 demonstrates a dataset sample. The dataset is 

multilingual and comprises pairs of grammatical and non-grammatical sentences. The da-

taset aims to cover a wide range of linguistic phenomena across various languages. The 

research uses the following set of languages: English, Mandarin Chinese, and Russian.  

The synthetic sentences cover the following structural categories: simple sentences, 

compound sentences, complex sentences, questions, negations, and passive constructions. 

Each category is provided with 5 pairs of grammatical and non-grammatical, each repre-

senting one of the following non-grammaticality criteria: agreement errors, word order 

errors, missing articles or particles, incorrect case usage, and improper verb tense. 

 

 

 

 

 

 

                                                 
1 Saba W. S. Stochastic LLMs do not understand language: towards symbolic, explainable and 

ontologically based LLMs. International Conference on Conceptual Modeling. Cham: Springer Na-

ture Switzerland, 2023, pp. 3–19. https://doi.org/10.1007/978-3-031-47262-6_1 
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Table 1 

 

Synthetic dataset sample reviewed by linguistic experts and native speakers 

 

Language Template Grammatical Sentence Non-Grammatical Sentence 

English Simple Sentence:  

<Subject> <Verb> 

<Object> 

The cat sits on the mat. Agreement Error: 

The cats sits on the mat 

Word Order Errors:  

On the mat the cat sits 

Missing Articles/Particles:  

Cat sits on mat 

Incorrect Case Usage:  

(Not applicable in English) 

Improper Verb Tense:  

The cat will sits on the mat 

Chinese Simple Sentence: 

<主语> <动词> <

宾语> 

猫坐在垫子上。 Agreement Errors: 

(Not applicable in Chinese) 

Word Order Errors:  

垫子上坐猫。  

Missing Articles/Particles:  

猫坐垫子上。 

Incorrect Case Usage:  

(Not applicable in Chinese) 

Improper Verb Tense:  

猫会坐在垫子上。 

Russian Simple Sentence: 

<Подлежащее> 

<Сказуемое> 

<Дополнение> 

Кот сидит на ковре Agreement Errors:  

Коты сидит на ковре 

Word Order Errors:  

На сидит ковре кот 

Missing Articles/Particles:  

(Not applicable in Russian) 

Incorrect Case Usage:  

Кот сидит на коврам 

Improper Verb Tense:  

Кот будет сидит на ковре 

 

The dataset synthesis is performed through generating sentence templates for each sen-

tence structure category (for example, [<Subject> <Verb> <Object>: “The cat sits on the 

mat.”] is a template for a simple sentence) and generating non-grammatical examples for 

each template according to the chosen criteria, covering the specified error types. The gen-

erated sentences were reviewed by linguistic experts and native speakers to ensure the ac-
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curacy of the generated material. The dataset was built using OpenAI API. The synthetic 

collection will be updated and expanded for further research. 

 

Method 

Consider a syntactic theory T aiming to describe the structure of simple sentences in 

English. The theory T proposes the rules and allows for building a parse tree illustrated in 

Figure 1. The same sentence can be described differently by various grammar, and the de-

scription provided in Figure 1 can be written in several ways. The study proposes convert-

ing rules to Backus-Naur form (BNF) to make the description compatible to llama.cpp li-

brary, which would allow running LLMs on low-resource hardware, such as a central pro-

cessing unit (CPU) or a single graphics processing unit (GPU). 

 

 
 

Figure 1. The rules and the parse tree for a syntactic theory T provided for illustration purposes 

 

Figure 2 represents the BNF representation that describes rules, sentence structures, 

grammar relations, and can be extended to cover more complex grammatical constructs. 

To derive embeddings from the BNF representation, the grammar rules and their con-

straints should be represented in a vector form, such that can be processed by a distribu-

tional semantics computational model. The vectorization can be performed by assigning 

numerical identifiers to each element of the BNF representation, both terminal (for exam-

ple, “the” and “cat”) and non-terminal nodes (for example, “sentence” and 

“noun_phrase”). The vectorization sample is given in Table 2. The identifiers can be con-

verted to vectors using such methods as one-hot encoding for the further processing, i.e. 

building an embedding space. 
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Figure 2. The BNF representation for a syntactic theory T provided for illustration purposes 

 

Table 2 

 

Vectorization example: assigning numerical identifiers to terminal and non-terminal nodes 

 

Node Identifier One-Hot Encoding 

<sentence> 1 [1, 0, 0, 0] 

<noun_phrase> 2 [0, 1, 0, 0] 

“the” 3 [0, 0, 1, 0] 

“cat” 4 [0, 0, 0, 1] 

 

The study proposes the following model for the linguistic hypotheses verification based 

on formal grammar theory: V = {D, M, T, J}. D denotes the grammaticality judgment da-

taset used for building sentence-level embeddings (see Data section for detailed infor-

mation). M denotes a neural network model, or LLM, that would be used as a tool for theo-

ry verification. T denotes embedding space built with vectorized BNF representations and, 

thus, a linguistic theory or a hypothesis for verification. J denotes a set of judgments, such 

as “verified”, “not verified” or “unclear”, based on the ratio of the overlaps between M and 

T representations. 

The V model uses mapping to count overlaps between vector representations built from 

a formalized grammar description and LLM sentence embeddings. The embedding space T 

built with BNF should be mapped on embedding space built with M (LLM for theory veri-

fication). In this study, llama.cpp library is used for getting LLM sentence embeddings on 

a low-resource hardware (Ryzen 5 CPU). However, counting the overlap between two em-

bedding spaces is yet an open question in this study. In perspective, the mapping of two 
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embedding spaces will be implemented through aligning embedding spaces1 and overlap-

ping spaces for compact graph embeddings2 methods.  

 

Results and Discussion 

While the study suggests that linguistic theories are often subjective, LLM judgments 

might not provide enough information for hypotheses verification, since neural network 

weights capture language in isolation, without anthropological context. Another reason to 

review LLM judgements is neural network biases; the LLM inference is a subject to hu-

man biases meaning that subjectivity of such models is questionable. However, the proba-

bilistic approach behind LLMs makes them a promising tool for making objective or neu-

tral judgments in linguistic hypotheses assessment.  

The argument that LLMs can handle vast amounts of data providing broad observations 

might oversimplify the complexity of linguistic nuances that human experts can capture, 

which find evidence in LLM inference studies in the context of linguistic analysis. Howev-

er, it is possible that LLMs can handle context, ambiguities, and cultural nuances accord-

ing to the performance of these models. 

Also, the coherence and grammaticallity of an LLM-generated text do not necessarily 

validate the linguistic theories or the model's understanding of language. LLMs generate 

text based on pattern recognition from training data, not from a deep understanding or 

analysis of linguistic laws. Nevertheless, since the patterns recognized by LLMs allows for 

generating coherent and grammatically correct texts on a human-level, might signify valid-

ity of these pattern for linguistic theory. 

 

Conclusion 

The study presents an approach to the verification of linguistic hypotheses using large 

language models (LLMs). By leveraging the capabilities of LLMs to capture the structure 

of diverse linguistic data and generate grammatically correct and coherent texts, this re-

search aims to bridge the gap between theoretical linguistic knowledge and applied com-

puter science tools. 

The proposed algorithm for the verification of linguistic hypotheses using LLMs 

demonstrates the potential to provide probabilistic judgments of the validity of linguistic 

hypotheses based on formal descriptions of linguistic theories. The proposed algorithm 

combines the use of llama.cpp library for LLM inference and embeddings extraction, as 

well as the Backus-Naur form for formal grammar notation. 

The model for linguistic hypotheses verification, denoted as V = {D, M, T, J}, offers a 

structured framework for evaluating the trustworthiness of linguistic theories through the 

comparison of vector representations built from formalized grammar descriptions and 

LLM sentence embeddings. The study presents a novel synthetic dataset for grammaticalli-

                                                 
1 Artetxe M., Labaka G., Agirre E. Learning principled bilingual mappings of word embeddings 

while preserving monolingual invariance. Proceedings of the 2016 Conference on Empirical Meth-

ods in Natural Language Processing (November 1–5, 2016, USA). Association for Computational 

Linguistics, 2016, pp. 2289–2294. https://doi.org/10.18653/v1/D16-1250 
2 Shevkunov K., Prokhorenkova L. Overlapping Spaces for Compact Graph Representations. 

arXiv:2007.02445, pp. 1–15. https://doi.org/10.48550/arXiv.2007.02445 
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ty judgments that can be broadly used in theoretical linguistic studies. The study contrib-

utes to a novel technology that integrates theoretical linguistic knowledge with computer 

science tools, laying the groundwork for a more automated and comprehensive approach to 

fundamental linguistics research. 
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