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Abstract 
The modern era of digital transformation accelerates the data accumulation across all areas of human and 
societal activity and causes the emergence of a large number of heterogeneous electronic documents with 
natural language information of varying structuring degrees. One of the main challenges becomes the 
efficiency of intelligent analysis of large volumes of unstructured data contained in electronic documents. 
The purpose of such analysis is to obtain information required by users to satisfy their informational needs 
and to transform the acquired information into a form that ensures its convenient and effective use. But 
such analysis needs in tools that transform data to knowledge and allow the use of experience reflected in 
the processed data, complementing it with existing knowledge sources and supporting collaboration with 
experts. This situation motivates our research aimed at knowledge acquisition from documents where the 
main part of the content consists of natural language fragments and semi-formalized semantic relations 
between them. We integrate semantic technologies that allow explicit application of formalized domain 
knowledge, with elements of generative artificial intelligence as a tool for linguistic analysis, to develop 
models and methods that enable control over the correctness of the acquired knowledge and the rules for 
its interpretation for generating recommendations based on experience. The use of large language models 
in combination with the knowledge management allows increasing the reliability of analysis results and 
provides a conceptual framework for explaining the ways in which these results are obtained and improved 
(based on elements of the task ontology model). Such integration of two substantially different directions 
of artificial intelligence ensures the application of verified knowledge structures for generating complex 
information objects. As a result, the user receives explanations of the ways of result construction that 
explicitly track and indicate utilized particular elements of formalized content and logical rules. Such 
explanations become an important component of trust in the system (especially in critical subject domains). 
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1. Introduction 

The digital transformation of society as a whole and individual areas of its activity has led to the 
emergence of a large number of various electronic documents that contain natural language 
information about valuable human experience. These documents are focused on human perception, 
rather than machine processing, and contain information of different levels of structuring and 
formalizing complicated its analysis and acquisition of practically useful knowledge. We consider 

                                                      

⋆ Applied Information Systems and Technologies in the Digital Society (AISTDS-2025), October 01, 2025, Kyiv, Ukraine 
 
2∗ Corresponding author. 
† These authors contributed equally. 

ips@nas.gov.ua (I.Sinitsyn); ladamandraka2010@gmail.com (J.Rogushina); urchikak8@gmail.com (K.Yurchenko); 
bova1997@gmail.com (Yu.Bova) 

 0000-0002-4120-0784 (I.Sinitsyn); 0000-0001-7958-2557 (J.Rogushina); 0000-0003-3150-0027 (K.Yurchenko); 0009-0008-
9797-5213 (Yu.Bova) 

 © 2025 Copyright for this paper by its authors. Use permitted under Creative Commons License Attribution 4.0 International (CC BY 4.0).  

 
CEUR
Workshop
Proceedings

ceur-ws.org
ISSN 1613-0073

published 2025-12-16

mailto:urchikak8@gmail.com
mailto:bova1997@gmail.com


the class of tasks as experience acquisition from documents (EAD), where the main part of the content 
consists of natural language text together with relations of varying formalization between fragments 
of that text. 

Examples of EAD tasks include: 

• construction of structured specifications of selected objects (information systems, 
organizations, etc.) for the purposes of certification and attestation based on analysis of 
examples, normative documents and standards; 

• building recommendations for further actions based on a generalization of experience 
examples described in the provided documents (reports, test results) in accordance with the 
rules and requirements of the subject area; 

• intelligent processing of document workflows in research and educational institutions that 
combine domain specific knowledge with state and international standards for information 
representation (for example, FAIR principles for open science), thereby enabling automated 
generation of analytical reports and RDs in forms defined by templates and examples [1]. 

Within the context of semantic analysis of natural language (NL) texts, solution of these task 
emerges a need for some intelligent software system that transforms input documents (case 
descriptions, normative acts, user requests) into resulting artifacts (structured responses, formalized 
instructions, semantic templates) by processing of their semantics. The complexity of such EAD tasks 
is caused not only by the necessity to process large volumes of unstructured NL information but also 
by the absence of explicitly defined requirements for the target documents and of formal rules for 
their construction. In most cases, the required knowledge is obtained by analysis of examples of 
resulting documents (and the available set of such examples is typically insufficient to derive 
unambiguous solutions) and by the normative documentation (rules, standards, resolutions, etc.) and 
pertinent sources that the user provides or that are available in the open information space. 

This transformation is not trivial because it requires: 

• identification of relevant fragments in the input NL texts; 

• acquisition of rules that define that model transformation of input information into results 
from examples; 

• construction of semantic correspondences between fragments of example documents and 
rules; 

• application of these rules to user data; 

• assessment of the quality and relevance of the resulting document. 

2. Specificity of experience acquisition from natural language 
documents  

Why do we combine such rather different tasks into a single group, and why do we attempt to build 
a generalized platform for their solving? The main criterion that unites these examples of EAD is 
their result-oriented nature, that is, the choice of analysis methods and procedures for processing 
input information largely depends on the user’s requirements regarding the resulting information 
object created by this processing. These requirements determine what specific information needs to 
be extracted from the available input documents. 

From the perspective of information analysis, the entire set of the above-mentioned tasks of NL-
document processing can be regarded as a task of transforming the knowledge. This knowledge is 
contained in a heterogeneous set of documents into a complex information object (CIO) [2], which 
consists of content elements of the input documents (either directly or after appropriate 
transformations). The structure of this CIO is defined by examples of documents provided by the 



user and by the domain regulatory documents (they are also provided by the user or available on the 
Web). The CIO consists of a set of simpler information objects (IOs) that are connected by various 
relations. The values of individual elements of this CIO are determined on the basis of the analysis 
of the properties of IOs that are described in the input data, and according to the rules that can be 
extracted from other documents. 

In many cases a secondary subtask arises: transformation of the CIO into a resulting document 
(RD) where the information from the CIO is represented in a certain formalized representation in 
accordance with the subject domain requirements (for example, text formatting according to specific 
rules). 

A mandatory element of EAD is experience – the presence of examples of solution construction 
that link proposed RDs with one or several input documents (IDs). Such examples describe the 
precedents corresponded to this RD. NL-descriptions of the knowledge transformation rules 
contained in the input regulatory documents, as well as the characteristics of objects in precedent 
descriptions, may be fuzzy and allow for ambiguous interpretation. Thus, to solve the EAD task, we 
need both for linguistic analysis tools (with corresponding knowledge bases) and for semantic 
analysis tools, which, based on the formalized knowledge about the domain, generate the 
characteristics of the resulting CIOs. 

The specificity of the proposed approach is the integration of methods of traductive learning from 
examples (“from particular to particular”) with methods of deductive inference of new knowledge 
from existing one (using rules extracted from the domain regulatory documentation): if the 
generalization of the available examples allows for the generation of several different RDs, then 
domain knowledge, represented in various forms, can be used to resolve such ambiguity — explicitly 
(external knowledge bases, ontologies, thesauri) or implicitly (regulatory NL-documents, 
instructions, standards, etc.). Ambiguous interpretation of the provided information may be caused 
either by ambiguity of NL or by an insufficient set of input data. Both problems can be solved by 
involving external knowledge bases (KBs) that are pertinent to the domain and user task. 

First step of analysis is identification the general structure of the RD (its main elements, their 
order and form of representation) and formal fixation of this structure (using templates, ontological 
models, metadata schemas, etc.). Second step is identification to the sources of information for each 
element of this structure and detection the rules for transforming these sources into the values of 
the RD structural components. 

Moreover, it is advisable to select from the corpus of available documents those facts and 
statements that are necessary to construct the CIO of a given type; that is, it is necessary to analyse 
a large volume of information in order to determine the relevant and actual rules. 

Let us distinguish the main types of information processed in EAD: 

• p,1i},id{ID i ==  is a non-empty set of ID; 

• k,1i},rd{RD i ==  is a set RD examples, such that ,k,1i,RDrdi =∈∀  at least one precedent 

exists in the IDs corresponding to each RD, 

IDrd}k,1m,IDid({F iirdm ∈==∈ ; 

• q,0i},nd{ND i ==  is a collection of normative documents, instructions and external KBs 
bases that can contain both structured and unstructured knowledge: 

struct_nonstruct NDNDND ∪=  ; 

• EAD thesaurus w,1i},sp{SP i ==  is a nonempty set of semantic properties of IDs and RDs 
used for content structuring; 



• w,1i,w,1i},vsp{VSP ispi ===  is a nonempty set of admissible values for semantic properties 

of IDs and RDs; 

• an ontological model of EAD constructed on the basis of the semantic properties from SP and 
the value space properties from VSP. 

At the upper level of abstraction, all input documents from ID are classifiable according to 
information type the system can obtain from them during analysis for generation of the resulting 
document: 

• profile descriptions of domain IOs, which explicitly or implicitly define parameters of objects 
of various types, their relations and admissible values, and which may characterize their 
semantics or intended roles in the system — these are sources of property sets; 

• Descriptions of specific instances of IOs of various types (this information may be provided 
separately or be included in the evaluated precedents) as asource of property values; 

• Descriptions of classified precedents (individual domain events that associate sets of 
parameter values for different object sets with a specific decision, assessment, or action); 

• Descriptions of domain knowledge concerning the (normative documents, resolutions, 
standards, instructions) that can be used as the sources of transformation rules for converting 
task conditions and user requirements into a result object. 

The results produced by the system can also be divided into several classes depending on their 
impact: 

• search for precedents and analogues; 

• specification of the current situation or object, based on integration of facts and rules 
extracted from various domain documents; 

• forecast regarding the assessment of a certain situation, the consequences of actions, or the 
functioning of a specified object based on the analysis of precedents and the application of 
general rules derived from regulations; 

• recommendation is a set of proposals on how it is expedient to modify the properties of the 
situation or object in order to increase the probability of a positive forecast or decrease the 
probability of a negative one. 

This classification requires dividing semantic properties of objects used in semantic annotation 
of documents into the following groups: 

• invariant (the value is fixed, static and does not change over time), for example, the name of 
organization or unit, the capacity of a device, or the date of an event; 

• dynamic, independent of user actions (values are change over time, but the user cannot 
directly influence these changes), for example, weather conditions or equipment parameters; 

• dynamic, dependent (the user can explicitly change values through actions), for example, 
equipment operating parameters, the location of available personnel, or the sequence of 
available actions. 

Recommendations have to include only advices concerning changes to properties of the third 
type, and only under the condition that such changes can be influenced by the user who receives the 
recommendations. Therefore, it is advisable to describe these characteristics of semantic properties 
in more detail, explaining who or what exactly can influence their values and in what way. 

From a formal point of view, EAD requires execution of the following main stages of analysis: 



• definition of the set of ivsp  for each input document from ID and resulting document from 
RD; 

• construction of a function F for transforming an arbitrary set ivsp  for an ID into a set ivsp
for an RD; 

• transformation of the set ivsp for an RD into the RD itself in the required format. 
Therefore, we can distinguish the following main stages for solving tasks of this type: 

• analysis of the structure and semantics of the RDs; 

• analysis of the structure and semantics of precedents corresponding to the proposed RDs; 

• identification of rules and dependencies between precedents and RDs; 

• extraction from normative documents of the subject domain of rules that allow resolution of 
ambiguities in dependencies between precedents and the RDs; 

• construction of an ontological model of the subject domain, which contains the components 
of the CIO, the relations among them, and constraints on possible ways of combining them. 

Manual execution of such analysis requires a great deal of time and the involvement of experts 
with appropriate knowledge in the chosen domain. Moreover, if the information environment has 
dynamic nature then generated results become outdated even before their preparation is complete 
— for example, by use of out-of-date standards or documents that have lost validity, without 
accounting for newly available domain rules. 

These reasons define the need in creation automated tools for processing NL documents that can 
quickly and reliably perform analysis of their content at the knowledge level. They have to ensure 
representation of analysis results in a form that meets user requirements (that is, to generate 
complex-structured NL documents with user-defined set of elements). 

The current level of development of Generative Artificial Intelligence (GenAI), in particular Large 
Language Models (LLMs), meets many requirements of such tasks, but it leaves open the issues of 
reliability of the obtained results and of the possibility of explaining the reasoning paths that led to 
them. When processing large volume documents, it is insufficient merely to indicate that certain 
sources were used; instead, it is necessary to explicitly specify which particular content elements 
were interpreted to create particular elements of the resulting document. 

Now information environment saturated with unstructured NL texts needs to build systems 
capable of performing semantic analysis of such data for the purposes of structuring, interpretation, 
and integration into formalized knowledge models. The use of large language models (LLMs) opens 
new possibilities for automated processing of such texts, but it also raises a number of challenges 
related to ensuring the reliability, consistency, and interpretability of results. One of the key 
problems is the traductive nature of knowledge generation by LLMs — that is, the transition from 
individual examples to new individual cases without formal generalization. Such specifics create a 
risk of constructing semantic representations that do not correspond to user expectations or to 
regulatory requirements. The absence of explicit formalization of knowledge in input data 
complicates the verifying process and requires the creation of intermediate semantic layers that can 
serve as an interface between the LLMs and the evaluation system. In addition, we have to take into 
account that many LLMs process English texts much more effectively than Ukrainian or multilingual 
documents. 

3. Analysis of research on the use of LLMs for document analysis  

Recent advances in machine learning, especially deep learning, have expanded the capabilities of 
artificial intelligence (AI), enabling high quality image and speech recognition, processing of NL 



documents, etc. The growth of Big Data technology and the increase in computational power 
provided by graphics processors have further accelerated research and practical application of AI . 

LLMs are machine learning models based on neural networks and trained on large data 
repositories for tasks related to NL analysis. The effectiveness of LLMs depends on the criteria for 
training data selection. Each NL word in LLM is represented as a point in a multidimensional space 
corresponding to a fixed length vector, which encodes the semantic properties of the word and its 
relations with other NL words. Semantically close concepts are represented by nearby points with 
similar vectors, and this similarity underlies subsequent text analysis. LLMs are designed to process 
information and to make decisions or forecasts based on the data provided to them; therefore, their 
performance depends not only on processing algorithms but also on the volume and quality of the 
training data. The training corpus has to be sufficiently large to allow the model to acquire an 
adequate vocabulary and to understand the meanings and semantic relations among concepts 
represented by words and phrases. However, the use of excessively large volumes of information 
irrelevant to the LLM tasks may reduce model quality, especially if the texts contain unreliable, 
tendentious, contradictory or outdated information. 

In the development of LLMs that show not only excellence in linguistic analysis but also include 
a spectrum of generation and optimization tasks, several generations that differ in performance and 
depth of analysis are distinguished. LLMs are developed in many countries and by major 
corporations (such as Microsoft, OpenAI, and Google), and many models are released as open source. 
Currently, fourth generation LLMs are characterized by: 

• improved text generation capabilities for producing more precise answers to user queries; 

• discovery of complex semantic relations between words and improved context 
comprehension; 

• more advanced personalization of operational parameters. 
Various metrics are used to evaluate the effectiveness and quality of language models [3], both 

for general text processing tasks and for specialized tasks such as software generation, chatbot 
construction, mathematical problem solving, logical inference, and “human in the loop” interaction. 
The most widely used general metrics include: 

• accuracy defined as a proportion of correct model responses on a test dataset: Exact match, 
Quasi exact match, F1 score, ROUGEs score [4]; 

• calibration is a possibility of additional adjustments: Expected calibration error, Area under 
the curve [5]; 

• fairness is an absence of false or fabricated statements and references: Demographic parity 
difference, Equalized odds difference [6]; 

• robustness is a resistance to small changes in object parameters: Attack success rate, 
Performance drop rate [7]. 

In addition, important parameters are execution time – how quickly the model processes requests, 
and the amount of computing resources required for the operation of the LLM. 

It should be noted that among the most successful LLMs, it is difficult to give preference to any 
one of them by all these criteria, because each new version of these systems offers certain advantages 
over others. At the same time, software implementations differ in hardware requirements, speed and 
tuning to certain NL. In addition, some LLMs are more focused on certain functions (such as 
translation, generation of diagrams, images, program code, etc.), and it makes the choice of LLM for 
a specific task a complex multi-criteria task that requires both theoretical analysis of parameters and 
practical verification. 

Fine tuning of LLMs is a set of methods for adapting pretrained base models to specific domains, 
tasks or behavioral objectives. The need for fine tuning arises if a particular task requires additional 



knowledge, specialized terminology or the use of NL that has not been sufficiently studied. The 
choice of method depends on the available data, computational budget, privacy constraints, 
deployment requirements (latency, memory), and alignment/safety criteria. Now a lot of different 
approaches to fine tuning are distinguished. 

Domain Adaptive Pretraining (DAP) is performed on large corpora of unlabeled texts from a 
specific domain in order to reduce the gap between the general pretrained model and the NL 
distribution in the target domain (for example, medical articles, legal documents, scientific 
publications) and to improve performance. However, it may cause “catastrophic drift” of the model 
general properties and requires significant resources and high quality filtering of the text corpus [8]; 

Task specific supervised fine tuning is aimed at optimizing model weights on labeled input–output 
pairs, provided that high quality labels are available for the target task and that most model 
parameters can be updated. However, it requires substantial memory and computational resources 
[9]; 

Instruction tuning is performed on datasets of “instruction–response example” pairs to improve 
the model ability to follow NL instructions from users. The quality of results depends on the diversity 
and quality of instruction pairs [10]. 

Reinforcement Learning from Human Feedback (RLHF) and preference-based optimization align 
the model with human judgments of usefulness and safety and reduce undesirable outputs. However, 
they require multistage processing, including collection of human preferences comparing pairs of 
responses, training a model on these preferences, and optimizing the base model to maximize reward 
[11]. 

Parameter efficient fine tuning (PEFT) keeps the base model largely fixed, while adaptation is 
achieved by adding or updating small subsets of parameters. Examples include Prefix/Prompt tuning 
(optimization of contextual vectors or prefixes instead of model weights) and LoRA (low rank 
adaptation method that inserts trainable matrices into weight updates). 

Hybrid pipelines combine supervised instruction fine tuning (SFT), RLHF for final alignment, and 
RAG. They are most often applied in the construction of chatbots and fact sensitive systems. 

Continual learning supports model updates based on a stream of new data but requires complex 
mechanisms for controlling forgetting and for retaining representative examples. 

The choice between finetuning of open model via API and finetuning of a local copy of the model 
is determined by two groups of factors: requirements for privacy, regulation, and data control; and 
technical organizational constraints such as computational resources, costs, and the ability to store 
information. For many situations, typical approaches are developed, such as SFT, instruction tuning, 
RLHF, PEFT, RAG, domain pretraining, and examples of their implementation. 

Some EAD tasks that need in LLMs require a high level of security and confidentiality, and 
therefore the analyzed documents cannot be sent to LLMs accessible via the Web. For this purpose, 
local versions of LLMs which prevent data leakage into the public domain can be used, [12]. 
However, we have to take into account that such LLMs have significantly lower performance and 
produce less reliable results with a high number of “hallucinations,” meaning that the quality of 
information analysis is considerably lower (although this strongly depends on the size of the model 
and its tuning for a specific task and NL). 

Finetuning scenarios for open LLMs (through an API provider such as OpenAI, Azure OpenAI, 
Anthropic, etc.) include supervised fine tuning (on a small set of labeled pairs), alignment to modify 
style or response policy, functional integration, and special APIs (for example, fine tuning or 
demonstrations via API). The limitations and risks of using open models are high cost, lack of 
privacy, and lack of access to internal model weights. 

LLMs are deployed locally (self hosted) or in a private cloud environment if it is necessary to keep 
sensitive data local, to guarantee compliance with legislation and protection of personal data (for 
example, medical data); if it is necessary to support many different adaptations for each task; if 
training is required under an organization’s own response policy and internal expert preferences (for 
example, in a financial institution); or if combining an LLM with a local KB (vector storege) for 
factuality and instant updating (for example, a research institution integrates an LLM with a local 



repository of publications from internal sources). If data are subject to restrictions, local fine tuning 
is almost mandatory. 

Thus, analysis of research and implementation examples shows that open API models are 
convenient for rapid, low cost adaptations, tasks with less privacy requirements and prototyping, 
while local models are justified if full control over data is required, if complex domain adaptations 
are needed, or if applications are in regulated subject domains. Local finetuning of LLMs is applied 
to adapt the model to a narrow subject domain; to personalize behavior within an organization; to 
improve fact checking and justification of responses through local knowledge (RAG); and to ensure 
privacy and regulatory compliance. Initial parameters for local fine tuning are determined by such 
factors as model size (from 7B to 70B+ parameters), available computational infrastructure (number 
of GPUs and their memory), and the volume and quality of the domain corpus. Metrics for 
effectiveness evaluating of local finetuning are divided into: automatic (task oriented and retrieval 
oriented); expert assessments of usefulness, truthfulness, style, and safety; comparisons with results 
without fine tuning (ablation studies); and monitoring after deployment. 

Retrieval Augmented Generation (RAG) is a paradigm that combines external information retrieval 
systems with language models, where LLM text generation is iriented on context retrieved from an 
indexed document corpus at inference time. The purpose of RAG is to compensate for the limitations 
of the parametric memory of LLMs (static knowledge, “knowledge cutoff”) and thereby improve 
accuracy, factuality, and currency of responses, reducing the frequency of “hallucinations” 
(fabricated factual statements) in text generation. In its classical implementation, RAG consists of 
three components: a retriever (query encoder), a document corpus with a ranking mechanism, and a 
generator (conditional LM) that receives retrieved passages and generates the result [13]. 

It should be noted that due to the ambiguity of natural language, interpretation of some NL 
content fragments of documents requires reconciliation, additional verification, and consultation 
with subject domain experts. Therefore, information processing in such a system has to consist of 
several stages, with the possibility of returning to previous stages to make clarifications. To ensure 
flexibility and adaptability of such a system, it is advisable to divide its functions into separate 
modules and to organize communication among these modules according to the principles of service 
oriented programming: modules exchange data according to clearly defined rules and protocols, and 
changes in one module do not require reconfiguration of others (the need for changes may be caused 
by requirements for scalability, security, quality and speed of computations, or changes in conditions 
of software use). 

4. Review of Research on the Use of LLMs for Semantic Annotation  

We propose to combine the use of LLMs with semantic annotation of documents using subject 
domain terminology: it allows to identify meaningful elements of documents for further processing 
and simplifies the process of controlling the procedure for creating resulting documents for domain 
experts. 

At present, the problem of LLM combining with semantic markup is only weakly represented in 
scientific publications, although some works address individual aspects of this task. For example, in 
[14] the authors investigate the problem of the automated creation of semistructured documents in 
the field of public administration, where templates do not always cover the full variability of 
structure. The system consists of a set of agents, and each one is responsible for a separate phase of 
document generation. A role-based instruction for the LLM is represented as a prompt part and 
applies semantic information about documents for markup construction. The system adapts 
templates to real cases, reducing the need for manual intervention. 

Some researchers [15] consider the task of semantic markup of documents that change during 
editing. The system automatically updates the markup when the text is changed, using LLM to 
recognize semantic relations without explicit tagging. 

In [16] the automation of literature review generation using LLMs is examined. The system 
annotates articles of selected subject domain according to proposed scheme. This approach 



overcomes the limitations of human processing of large volumes of scientific information. LLM 
integrates data from more than 1000 articles. The quality of automatic reviews is not inferior to 
manual ones, and the hallucination rate is reduced to less than 0.5% with 95% confidence. 

Another study of similar orientation [17] describes an open tool for automated construction of 
literature reviews that uses LLM to extract relevant information and to assess correspondence of 
results to the user query. 

Thus, the conducted review shows that, despite the existence of research in related directions 
(semantic parsing, lexically constrained decoding, Wikidata data import, etc.), the scientific literature 
does not yet explicitly describe methods and models for applying LLMs to semantic markup 
generation. 

5. Basic Requirements for the Technological Platform of Experience 
Acquicition from Documents  

According to the purpose and specificity of the task, the technological platform for EAD has to 
support the following functions: 

• accumulation and storage of different types of documents (IDs, RDs, normative documents, 
etc.), both NL and multimedia; 

• creation and storage of a subject domain KB schema (ontological model or another type of 
formal knowledge representation), with support for its integration both with external 
ontologies and with accumulated content; 

• structuring of content and generation of semantic annotation of documents using the subject 
domain KB schema, storage of these metadata, and provision of navigation within the content 
based on this annotation; 

• tools for searching and formalizing rules that allow linking structural elements of RDs with 
information obtained from structured IDs; 

• tools for explaining the construction of resulting CIOs, which provide access both to the 
information sources used (specific IDs and their structural elements identified by semantic 
annotation tools) and to the rules applied for their transformation (these may be rules 
extracted from normative documents or results of traductive inference based on analysis of 
classified IDs); 

• tools for providing users with resulting information, ensuring both the form of RD 
presentation and the selection of information relevant to the needs of specific users. 

The choice of models, methods, and specific software implementation for each of these functions 
depends on the domain specifics of the and the user informational needs. However, this set defines 
the core requirements for unified technological platform capable to adaptation to specific tasks. All 
defined functions are related to the creation, representation and analysis of knowledge, and it thus 
necessitates a unified KM system for information exchange between individual modules. 

The tasks of EAD imply a certain sequence of stages for the creation and application of 
knowledge; however, if the environment or user needs change, these processing stages are repeated. 

A preliminary stage in EAD document analysis is the creation of a thesaurus that contains a set 
of domain-specific semantic properties that can be used for semantic markup of documents. This 
thesaurus is built iteratively using such means as knowledge import from external ontologies (if such 
ontologies are available), linguistic analysis of standards and normative domain documents, and 
typical examples of Ids and RDs, as well as through consultations with experts. 

At the next stage this thesaurus serves as a basis for semantic markup of IDs. It is important to 
note that semantic markup should only extract those content elements that can be useful for RD 
generation, rather than all existing structural and content elements of the document. A full linguistic 



analysis can produce a highly complex ontological structure even for a single paragraph of NL text, 
but such level of detail is unnecessary for most specific tasks. If the thesaurus is supplemented or 
modified during the task solving, semantic markup of IDs is repeated, but only for the new or 
changed thesaurus elements. This approach is aimed at reducing computational costs and ensuring 
significantly faster document analysis. 

Then it is necessary to determine the semantic relations between the thesaurus concepts and 
elements of document content: text fragments are transformed into the values of corresponding 
semantic properties and the relations between them are defined. For such linguistic analysis, it is 
advisable to employ LLM that h receives the thesaurus as a part of the prompt. and the documents 
requiring markup as input data. This stage provides semantically structured documents that can be 
processed for constructing the template with RD structure and populating this template with values. 

All these stages should also be controlled explicitly by matching the LLM-generated template 
with available examples, and comparing the generated values with user requirements. Domain 
experts should be involved in the system training, identifying errors or deficiencies in the generated 
RDs. Following this, a prompt should be constructed that queries the LLM for the sources and rules 
that led to incorrect results, using the concepts and relations from the thesaurus. Analyzing these 
responses allows for system improvement and also addresses the issue of trust in the results 
generated by generative artificial intelligence. 

At different stages of EAD either a single LLM or multiple LLMs can be used. The choice depends 
on the complexity of analysis, security and data protection requirements, the target NK and the task 
specifics. 

6. Problem Definition 

The EAD task requires the use of linguistic analysis tools to determine the semantics and structure 
of NL documents that record the experience gained in a certain domain, and the semantic 
transformation of the results of this analysis into the information objects that users need. 

These documents accumulate the experience of mankind from various fields of knowledge, but 
obtaining this experience for various EAD tasks in a clear, usable form requires quite complex 
analysis and the use of external knowledge sources. Traditional machine learning methods based on 
logical inference are not designed to process such large amounts of information, and GenAI tools do 
not guarantee the correctness of the obtained results and do not provide a sufficiently complete 
explanation of the ways to obtain them. 

We propose to separate EAD task stages of transforming a set of the natural language documents 
into complex information object and to fix the intermediate results of each of them using formalized 
semantic markup. Depending on the domain requirements for expressive power of knowledge 
representation, various formal models can be used for this purpose (from Semantic MediaWiki 
markup to OWL and RDF). In addition, many domains have generally accepted standards for 
metadata representation and tools that implement these standards, which can also be used for 
knowledge structuring. 

The presence of an intermediate formalized representation of document semantics allows to 
check whether the LLM correctly interprets knowledge from NL documents, what domain concepts 
it associates with text fragments, what values based on these fragments it chooses and how exactly 
it determines the relations between these concepts. 

In this research we propose an intelligent technological platform oriented on solving of various 
EAD tasks, analyze its functionality and consider solving of the various practical problems on its 
base. 

7. “Linzа” Technological Platform  

Let us consider an example of a tool for solving EAD tasks. The technological platform “Linzа” is 
designed for the intelligent processing of unstructured documents, enabling the transformation of 



heterogeneous sets of NL documents with complex structures into resulting structured CIOs 
according to a branched set of user requirements [18]. It is oriented to perform EAD tasks of various 
complexity and volume. This functionality is achieved through the combination of semantic 
technologies, which allow the system to understand the content of information, with LLMs that 
provide linguistic analysis of document content and NL text generation. The main purpose of the 
system is to transform heterogeneous, often unstructured documents (raw data, semi-structured 
description of precedents and text cases, well-structured domain standards, instructions and 
regulations, etc.) into an integrated knowledge base that allows the generation of clear, structured 
and comprehensible conclusions and recommendations. 

“Linzа” system combines Semantic MediaWiki technologies and ontology-based knowledge 
formalization with GenAI tools for analyzing NL documents. Wiki-platform makes visible, 
understandable and editable the new domain knowledge acquired by LLMs from documents. Such 
integration allows aggregation the LLM power with the reliability and explainability of semantic 
analysis results. 

“Linzа” provides the following functional capabilities: 

• Automation of routine tasks for processing and structuring IDs; 

• Generation of recommendations based on examples and analysis of semanically marked 
documents; 

• Availability of explanations for the proposed recommendations and multi-level inspection: 
unlike the “black box” of LLMs, the system allows evaluation of intermediate data 
interpretation results through semantic markup; 

• Dynamic adaptation to changes in input data and modifications of user requirements. 
The thesaurus used in “Linzа” is a dictisonary of the domain basic terms and definitions that 

allows the system to interpret information unambiguously. It is based on the domain ontological 
model that defines a complete, structured set of concepts and relations within a chosen domain. This 
ontology can be integrated with the ontological model of “Linzа”, but it should be noted that here 
we consider two different ontologies: “Linzа” ontology is relatively static, whereas domain 
ontologies are specific to each EAD task and can differ significantly in structure and volume. Such 
ontology-based approach ensures the formalization of knowledge and provides the foundation for 
applying machine learning methods, effective knowledge management, and providing clear and 
well-justified explanations for all recommendations. 

In accordance with the goals for transforming documents into CIO we identify the main 
functional modules of “Linzа” and determine the requirements for these modules, and only after this 
stage we can select technologies for their implementation and interaction mechanisms. 



 

Figure 1: Functional modules of the “Linzа” technological environment. 

“Linzа” contains six main functional modules (Fig. 1): 

• Domain thesaurus generation module. 

• Document storage module (repository). 

• Document semantic markup module. 

• Rule generation module for building RD. 

• Result explanation module. 

• User interaction module (chatbot). 
In addition, “Linzа” provides an operational environment that coordinates all document processing 

workflows from collection and analysis of data to transformation and verification, supporting secure 
and reliable data exchange between system modules responsible for document ingestion and 
preprocessing, semantic markup, knowledge modeling, response generation via LLM, and 
information integration. This operational environment also manages authorized user access. 
Sensitive user data remain under control and are not transmitted to external LLM, which is critical 
from an information security perspective. The system is further protected by access roles, 
comprehensive logging of all actions, and secure HTTPS connections, preventing unauthorized 
modifications or deletions. “Linzа” implements a “human-in-the-loop” concept, ensuring full 
transparency and control. A human expert can supervise and validate each processing stage and its 
results, accessing all relevant information while not viewing documents of other users. This concept 
not only increases trust in automatically generated documents but also ensures their factual 
accuracy, which is essential for responsible decision-making. 

The domain thesaurus generation module provides tools for constructing a consistent vocabulary 
that defines relations between base domain classes, their instances and instance properties. This 
formalized description based on the domain ontology enables all development participants to 



consistently interpret data semantics and information exchange. Depending on the task, this 
thesaurus is: generated from the class subset of relevant ontology; constructed by document analysis 
(using LLM or other analytical tools); manually created by experts. In practice developers combines 
all three methods with iterative enrichment based on deeper domain research and user feedback. The 
module outputs an organized set of concepts (NL words and phrases) usable as semantic markup tags 
and components of document metadata schemas. It can automatically extract semantic properties 
from NL text (e.g., from the descriptions of precedents or from the normative documents) that can 
be used for ontology construction, semantic markup or LLM prompt generation. Here, a semantic 
property is a formalized knowledge fragment describing entity relations, characteristics or 
contextual dependencies. 

The repository module supports storage of domain information (IDs, RDs, regularities, etc. and 
their metadata) at all stages of semantic structuring, analysis and conversion into knowledge 
elements for the resulting CIO. The main form of record keeping is semantic markup similar to 
Semantic MediaWiki. This syntax allows Semantic MediaWiki tools to support search and navigation 
in semantically annotated documents, though knowledge for multi-arity properties have to be 
described explicitly. Depending on task specifics, other metadata types can also be created and stored. 
Property values can include data (text, numbers, other constants) or links to other objects. To 
represent complex domain concepts, in addition to Semantic MediaWiki constructs such as 
[[property::value]], more complex constructs such as [[property::value1+value2+…+valuen]] can be 
used.  

The document semantic markup module transforms NL documents into structured ones by linking 
content elements to thesaurus concepts. LLM are employed to extract relevant fragments. Annotated 
documents can be stored as a semantic wiki resource, enabling search, navigation, and data 
integration, and facilitating expert evaluation and LLM refinement [19]. 

The rule generation module identifies semantic relations between marked elements of IDs and RDs 
using knowledge from provided documentation and formalized domain sources. LLM and, if 
necessary, more advanced data analysis and ML tools are employed. 

The result explanation module provides users access to applied rules and clearly shows which 
information from ID is used to create each RD element and what rules are used for transformation 
of ID elements into RD ones. 

The chatbot offers a NL interface for personalized user interaction with the system. This chatbot 
allows the user to process the previous history of interaction with the system instead of having to 
enter their information every time. 

LLMs serve as the primary linguistic analysis tool in “Linzа”. Different LLMs that differ in 
function, power, and security can be utilize for various modules. It should be taken into account that 
many EAD tasks at different stages of analysis need to process protected data (secret information, 
personal data, etc.), and local LLMs can be used for this. Choice of the most appropriate LLM is based 
not only on its power, scope and orientation to the processing of a particular NL, but also on the 
context volume that this LLM can process. For many "Linzа" tasks the last parameter is be the most 
critical. 

Therefore, the following solution is envisaged: at first, much more powerful open LLMs that 
process “training” data examples are used for creation the semantic markup rules that allow linking 
NL fragments of input documents with semantic properties (and later with CIO structural elements). 
Open LLMs allow initial construction of the domain thesaurus and the subsequent definition of rules 
for recognizing semantic property values in text.  

Then these rules are proposed as a prompt for local LLM that process secret data. This approach 
is based on the assumption that IDs that require protected processing have a similar structure and 
use a significantly limited subset of NL. This step involves a local LLM receiving these transformation 
rules along with the set of documents that require protection. Once semantic markup is performed, 
its results are stored in the repository – both the marked document itself and its semantic metadata 
separately. 



The last stage involves analyzing CIO examples and identifying their primary structural elements. 
Depending on the task’s security requirements for the examples, this analysis can be performed by: 

• an open LLM (most efficient); 

• a local LLM (most secure); 

• a domain expert (highest quality). 
In practice, any combination of these approaches is advisable. 
The next stage is the most complex: it requires determining the information sources for values of 

the CIO structural elements (the values of semantic properties in IDs that meet specific criteria) and 
the algorithms used to compute these resulting values for RD elements. Such algorithms can range 
from simple operations (for example, “the number of items spent per day” is calculated as the sum 
of “number of items spent” across all documents where the “date” value meets the required criterion) 
to more complex computations. However, for many tasks, such simple analysis and document 
retrieval (based on a selected set of properties) are insufficient, and the provided set of CIO examples 
allows for multiple interpretations of such rules. In such cases, the transformation rules have to be 
obtained either from domain regulatory documents or directly from experts. 

8. Ecosystem of Experience Extraction from Document  

One consequence of approach proposed in this research that divides the EAD task into a set of 
relatively independent subtasks, is the need to integrate modules of these subtasks and the activities 
of their development teams. This process requires a clear and unambiguous understanding of the 
basic terminology, formalization of the functions of individual modules and the roles of all project 
participants. The results of the work of some modules provides input data for others, but functions 
of modules can be changed, expanded or transferred to other modules, therefore we need to formalize 
the development ecosystem itself.  

Ecosystem approach to software development is currently used to create complex information 
systems and to develop various applications on a single software platform. The ecosystem concept 
serves as a powerful tool for formalizing the fundamental connections (both informational and 
material) within a complex system between its subjects and the resources that they jointly utilize in 
their activities, and the outputs of these activities that they exchange. This approach is used for a 
more precise modeling of systems where subjects collaboratively use certain resources and compete 
for access to them, and where the outputs of one actor’s activities can be regarded as resources for 
others. 

In contemporary scientific discourse, the term “ecosystem” is widely used not only in its literal 
sense as a description of the cohabitation of a set of living organisms (ecological entities) within a 
shared environment. It is considered also as a metaphor for modeling various types of systems 
characterized by a fixed set of actors, objects, and interaction types during collaborative activity (e.g., 
educational processes, software systems) [20]. Each ecosystem subject has its own set of interests 
and goals, and their realization is linked to the activities of other actors and to the ecosystem as a 
whole. 

Software ecosystems (SECO) are used to model the process of designing and programming complex 
information systems that include heterogeneous components developed by both internal and 
external participants but leveraging a common software platform. The SECO concept enables the 
formalization of the actions of software developers and users [21]. At a high level of abstraction, 
such ecosystems describe the relations between programs and services that arise during their 
creation and usage. Existing SECOs differ significantly in terms of complexity, technological 
platforms and operating systems, users, domains of application, etc. 

In 2003, SECO was defined as a set of software products developed together within a single 
technological environment. Later, this definition was expanded to include other elements such as a 
shared market for software tools, services and applications, as well as mechanisms for interaction 



among developers to exchange information, resources and artifacts. More specific SECO definitions 
also consider aspects of software engineering, along with technical, social, and economic relations 
among ecosystem actors. Furthermore, now, due to the spread of GenAI, the question arises of how 
to classify LLMs – as biotic or abiotic components of the ecosystem. On one hand, they are products 
and resources of software developers; but on the other hand, they themselves generate software code 
and produce other resources. 

Thus, we can consider SECO is a system that describes the interactions of a non-empty set of 
participants resulting in a set of software solutions and services, that work on a shared technological 
platform. It is advisable to record formally the current requirements for the system as a whole and 
for all its actors and objects, based on knowledge representation methods that ensure unambiguous 
interpretation. One such method is ontological analysis, which is widely used today for formalizing 
distributed knowledge across various domains [22]. An ontological model of SECO allows for precise 
and unambiguous description of all key components of ecosystem, as well as for setting priorities in 
development efforts for individual modules, allocating tasks, and defining a work plan. We propose 
the ontological model of the “Linza” ecosystem distinguishes biotic (subject) (Fig. 2) and abiotic 
(objects) components (Fig. 3) and defines the semantic relations between instances of the 
corresponding classes using object properties and data properties (Fig. 4). 

 

Figure 2: Biotic components of the ontological model of the "Linza" ecosystem  

 
 



 

Figure 3: Abiotic components of the ontological model of the "Linza" ecosystem. 

 

 

Figure 4: Class “LLM for semantic markup” instance of the "Linza" ecosystem. 

This model is applied to turn a generalized description of the multi-level architecture of "Linza" 
into a clear plan for its development and operation, clearly define the functions of individual modules 
and the roles of developers and users. 

9. Examples of the “Linza” Platform Use to Solve Practical Tasks 

Let us consider several examples of adapting the “Linza” technological platform to solve applied EAD 
tasks of various levels of complexity. 

"Linza" is result-oriented system in the sense that the basis for input information analysis is not, 
in the first place, the explicit user descriptions or formal rules (from instructions and regulations), 
but rather example-based analysis. Thus, system involves not only domain deductive reasoning but 
domain traductive reasoning (from particular to particular) also. Such approach leads to the 



generation of RDs that do not meet user requirements (because traductive interpretation can be 
ambiguous). This ambiguity causes the need for iterative refinement of generated RDs and further 
retraining of used LLMs. As a result, the mere use of even powerful LLMs is insufficient, because the 
key challenge lies in evaluating the obtained results. Therefore, we use intermediate formalized 
representations of semantics recognized by LLMs from primary documents. The processing itself is 
performed in several stages. Depending on the task, certain processing stages may be omitted (e.g., 
thesaurus construction for formalized domain knowledge), or, conversely, be repeated or performed 
by different tools depending on the complexity of the input and output data. 

Intelligent Assistant for a PhD Student. The task is to select a personalized set of learning objects 
(LOs) such as lectures, textbooks, online courses that correspond to the doctoral program 
requirements but extend it in accordance with the chosen research topic. LO selection takes into 
account the scientific interests of both the PhD student and his/her scientific adviser, additional 
domain information such as the student’s ability to perceive information (knowledge of foreign 
languages, motivation, previous academic performance), as well as experience of other PhD Students. 
The main challenge lies in the fact that it is difficult to formalize an up-to-date domain of interest in 
scientific research because the model of it is highly specialized and cannot directly reuse an existing 
ontology without modification.  

However, the task is simplified by the following factors:  

• almost all documents are openly accessible (except for a small subset of personal data that 
are not mandatory for generating recommendations);  

• the volume of processed documents and the number of system users are relatively small;  

• there are existing standards for profiling students and instructors; and the requirements for 
resulting documents are not overly complex. 

IDs in this task are: PhD student profiles, supervisor profiles, descriptions of academic courses, 
unstructured descriptions of educational resources, precedents (information about previous PhD 
students and their outcomes); regulatory documents concerning PhD education and student 
requirements. 
RDs ara ordered sets of LOs. 

The domain thesaurus generation module for this task is relatively complex: it processes domain-
standard student profiling information and LOs metadata, as well as applies elements of the domain 
ontology and documents from the institution's website. 

The document storage module (repository) does not require complex access control procedures 
and can be implemented using a semantically extended wiki resource (Semantic MediaWiki). Most 
documents do not require separation between the original view and semantic markup; therefore, all 
information can be represented as sets of wiki pages. 

The semantic markup module ensures generation of LO metadata in domain terms. Information 
about users is entered immediately using markup or is exported from the institutional website. 

The rule generation module for RD constructing acquires rules from regulatory documents (e.g., 
regarding the use of new resources), while the LLM leverages the domain ontology to determine the 
degree of semantic similarity between these resources and the dissertation topic. 

The explanation module provides users with parameter values and sets of keywords used to 
match LOs pertinent to their needs. 

The chatbot explains the process of learning, retrieves relevant regulatory documents and 
proposes precedent examples using the scheme: “A PhD student with parameter values similar to 
user who previously used resource X had a successful results”. 

This is a relatively simple example of “Linza” usage that not only provides a serviceable practical 
outcome but also enables comparison of the effectiveness of different open LLMs at various stages 
of processing . 

Constructing an Information System Security Profile. This example of using “Linza” enables the 
creation of a document used for the certification of information systems based on a set of example 



pairs “User Information – Resulting Document” and a large number of up-to-date standards. 
Compared to the previous case, this example is significantly more complex due to the large volume 
of regulatory documents and the need to construct RDs with a complex formalized structure. 
However, regulatory documents can be analyzed by open LLMs that supply more quick and high-
quality processing of information then local ones, while rules for RD constructing are quite strictly 
formalized and use a limited subset of NL. Therefore, the need for LLM retraining is unlikely. 
Significant problem deals with the generation of the domain thesaurus that has to contain a complete 
set of parameters influencing the RD composition. The relations between domain conceprs are too 
complex to be represented by the expressive means of Semantic MediaWiki. Therefore, this, 
information source becomes only one component of the repository. A more sophisticated metadata 
schema and storage mechanism should therefore be considered. Moreover, transformation rules from 
IDs to RDs documents are also complex and not reducible to a set of production rules. Therefore, the 
format for their storing and representation to users requires additional instrumental tools (for 
example, by means of the ontology editor Protégé). 

Retrieval and Analysis of Precedents in the Accumulated Experience of the Armed Forces of Ukraine 
During combat operations, military units accumulate valuable, critically important experience, but 
it is stored in an unstructured manner that causes difficulties to promptly transform it into clear, 
verifiable recommendations for other units to improve battlefield effectiveness. Therefore, this 
information from combat units requires semantic interpretation and unification with regulatory 
documents to provide analytical support for identifying, formalizing and generalizing current shifts 
in best practices for operational-tactical and operational-strategic decision-making under combat 
conditions, enabling their integration into military training. This EAD task is the most complex 
among all analyzed cases. It requires analyzing a significantly larger number of input documents 
(reports on real events, after-action reviews from multiple units), considering their relevance, as well 
as domain information on the adversary, directives of the General Staff of the Armed Forces of 
Ukraine, combat statutes, NATO standards, etc.). These documents follow certain rules but are 
prepared in a far less formalized manner and can contain fuzzy, incomplete and incorrect data 
(misspellings, various types of abbreviations, ambiguous acronyms, etc.). Moreover, this information 
is secret, meaning access to it is restricted, that only local LLMs can be used for its analysis, which 
reduces quality of analysis. The domain thesaurus is developed from both such IDs and regulatory 
sources (such as capability codes and capability requirements in NATO defense planning, 
characteristics of equipment and units). External knowledge sources (e.g., information about 
geographical objects and weather conditions) can also be required. Situations and relations described 
in the reports have a complex structure, requiring significant effort for alignment and determination 
of semantic similarity. Moreover, generating of recommendations and search for precedents have to 
take into account individual characteristics of the end users to provide them only relevant 
information. Additional requirements for LLMs arise at various stages of processing according to the 
functions of the modules and the requirements for information security. Therefore, retraining of 
different local LLMs tailored to the tasks of specific modules is advisable. There are additional 
requirements for explaining the results of the analysis and for their unambiguous interpretation 
caused by critical consequences of the low-quality outcomes. Therefore, the explanation module and 
chat-bot should be clearly integrated with the domain thesaurus. 

Declaration on Generative AI 

During the preparation of this work, the authors used AI programs Chat GPT 4o and Copilot  for 
grammar and spelling check. After using this services, the authors reviewed and edited the content 
as needed and take full responsibility for the publication’s content.  



Conclusion 

Our research is aimed at integration achievements in the field of knowledge modeling and analysis 
with modern directions of AI development to solve the task of the experience acquisition and use. 
The work proposes the integration of GenAI with modern semantic wiki technologies that provides 
a combination of the LLM power in linguistic processing of NL documents of with the guarantee and 
explainability of results of knowledge management systems. We consider the advantages and 
challenges of the proposed approach demonstrates by the intelligent technological platform "Linza" 
that provides tools for acquiring and implementing experience from heterogeneous NL documents. 
The main AI elements used in "Linza" modules are: ontological modeling of domain knowledge that 
provides unified terminology system an thesaurus of domain used for content markup of document, 
LLM prompt engineering and recommendation formulation; Semantic markup LLM-based means 
that structure NL content with thesaurus concepts for transforming the set of documents into the 
knowledge base; Semantic MediaWiki provide the technological base for storage, semantic search, 
navigation and verification of structured documents; Intelligent user assistant (a chatbot based on 
an LLM and the constructed knowledge base) enables NL dialogue for precedent retrieval and pattern 
discovery, and also acts as a tool for refining real user needs and improving the thesaurus; Machine 
learning algorithms for constructing decision trees and recognizing situations based on training 
datasets, classifying experience, discovering causal relations, and forming sequences of successful 
actions. 

To reduce the risk of “hallucinations” (erroneous generation caused by insufficient training or 
overfitting of the neural model to a particular aspect) and to increase accuracy, LLMs are integrated 
with semantic knowledge bases and ontologies. Thanks to semantic wikis, LLM operation is no 
longer a “black box”: the user can control the reasoning process of the system and assess the 
correctness of content interpretation.  
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