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The development of artificial intelligence (AI) and large language models (LLMs) has rapidly evolved 
new terminology such as retrieval-augmented generation (RAG), context engineering, and model 
context protocol (MCP), creating significant challenges for learners and researchers in tracking stable 
definitions and conceptual boundaries. MCP is a recent neologism in AI, introduced by Anthropic in 
2024 to designate an open standard that enables LLMs to interact with external tools and data 
sources in a structured way. The term spread quickly as other AI providers adopted it, yet its 
definition and scope remain fluid across sources, positioning it in relation to concepts such as 
function calling and agent frameworks. MCP exemplifies how fast-moving technical innovation 
generates terminology whose meaning and relations are still stabilizing, highlighting the need for 
lexicographic resources capable of tracking emerging terms and their evolving semantic boundaries. 	

AI terms inside glossaries are often defined inconsistently, with unclear conceptual boundaries and 
loosely described relations. For instance, OpenAI's glossary defines "embeddings" as a vector 
representation preserving content meaning (OpenAI, n.d.), while Google's Machine Learning 
Glossary uses the term embedding space for the same concept (Google, n.d.). Therefore, a 
comprehensive AI glossary with clear lexical relationships is needed to help students and researchers 
track the latest developments.	

Given	the	rapid	expansion	of	AI	neologisms,	this	study	adopts	explicit	terminological	principles	
grounded	in	ISO	704	(concept	orientation,	precision	of	conceptual	relations,	and	definition	by	
intension)	and	ISO	1087	(standardisation	of	terminological	systems	and	conceptual	modelling),	
operationalised	in	a	knowledge	graph	(KG)-based	lexicographic	system.	By	integrating	LLM-
based	extraction	with	these	principles,	the	resource	supports	consistent	treatment	of	new	
terminology,	transparent	definition	writing,	and	traceable	documentation	across	heterogeneous	
sources.	

Despite rapidly evolving AI terminology, existing glossaries such as Google's Machine Learning 
Glossary are mostly static and lack explicit relational structures. This paper proposes a KG-based 
glossary of English-language AI terminology, integrating lexicographic principles with LLM-based 
extraction. KG-based terminology resources have proven effective in organizing specialized 
vocabulary from heterogeneous sources (Martín-Chozas, 2019; Nesterov et al., 2023), and 
contemporary lexicography is increasingly shifting from tree-structured entries to graph-based 
models that capture rich lexical-semantic relationships (Mechura, 2016). However, few studies have 
built domain-specific KGs for AI, and none have systematically utilized modern LLM-based extraction 
libraries such as LangExtract (Goel & Kiraly, 2025). 

The proposed methodology integrates LLM-based extraction with a reproducible workflow: (i) 
corpus construction from arXiv papers, technical documentation, and curated AI glossaries; (ii) 
candidate term identification via domain filtering and pattern-based extraction; and (iii) definitional 
and relational extraction using LangExtract and structured prompts based on the SciDef framework 
(Kučera et al., 2026). The corpus is designed as a diachronic dataset, enabling the tracking of 
conceptual evolution through versioned term entries, allowing the KG to represent both synchronic 



and diachronic semantic variation. The extracted triples are stored in a graph database to form a KG-
based glossary of AI terminology, operationalizing Alexiev's (2006) glossary model by organizing each 
term with its definition, synonyms, narrower terms, and exemplary contexts. Validation combines 
automatic evaluation against the DefExtra benchmark (Kučera et al., 2026) with independent 
assessment by two annotators with backgrounds in lexicography and computational linguistics. 
Inter-annotator agreement is measured using Cohen's kappa. Each entry is labelled as validated or 
unreviewed, enabling users to filter by confidence level. 

 

FIGURE 1	 Overview	of	the	KG	construction	pipeline	that	comprises	seven	stages:	data	collection,	term	
discovery,	definition	extraction	through	multi-step	LLM	prompting,	relation	extraction,	
normalization,	KG	construction,	and	validation,	using	scientific	papers	and	technical	
glossaries	as	primary	data	sources.		



The significance of this study has three aspects. First, this study proposes a methodology for 
constructing domain-specific lexicographic KG resources utilizing LLMs as extractors. Second, storing 
definitions and sources on graph nodes supports transparent terminology documentation and 
semantic search. Third, the reproducible workflow can be applied to other technical domains where 
terminological clarity and neologism detection are critical. Overall, this study presents a 
reproducible, lexicographically grounded framework for AI terminology, combining LLM-based 
extraction with terminological standards, structured validation, and KG-based modelling. 
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