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Abstract

Using Large Language Models (LLMs) to automate routine tasks in processing structured and
unstructured data — specifically, test protocols for stationary gas turbine units (GTUs) — shows great
promise. However, processing tabular data remains challenging. To improve search efficiency and logical
inference, the authors propose integrating knowledge graphs with prompt templates. This approach
allows for the representation of table structures of any complexity, and a modified framework based on
this integration has been developed. This framework outlines the workflow for handling GTU test
protocol input and extracting knowledge to generate output documents. To improve output efficiency,
specific prompt templates are proposed for data extraction based on document structures defined within a
knowledge graph. Experiments demonstrate that performance improved by 15% compared to the basic
model.
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1. Introduction

Stationary gas turbine units (GTUs) are complex technical systems where automated control
systems (ACS) monitor numerous parameters for control algorithms and to indicate the health and
safe operation of the plant [1].

During GTU testing, the operability of the entire plant and all its components is verified,
including parts, subassemblies, units, and functional systems. Tests are carried out across all
operating modes specified by technical regulations. Critical parameters of GTU operation are
simultaneously recorded because they are characteristic of each operating mode.

One of the primary functions of ACS is to record all GTU operational parameters in archive files
for subsequent retrieval and analysis. However, current practice still involves manually recording
key plant parameters in test protocols, including descriptions of adjustments made, external factors
that may influence results, and identification of responsible personnel. These parameters are
documented at every mode change or anomalous situation. All operating parameters are compared
against permissible value ranges to confirm proper functionality.

Upon completion of the active testing phase, the data processing and result analysis stage
begins [2]. Numerous test protocols are processed to create a consolidated protocol, where data is
aggregated over the entire active phase. The consolidated test protocol then serves as the primary
source for a summary data table, which is used to populate technical forms and documentation for
the GTUs. Figure 1 illustrates the conventional data flow between these documents.
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Figure 1: Data flow between documents.

The substantial volume of routine manual labor described above presents a significant
optimization opportunity through automation. This research addresses the challenges and
problems the authors encountered while automating data processing from GTU test protocols.

Section 2 provides an analysis of modern scientific works devoted to large language models
(LLMs), with a focus on the retrieval-augmented generation (RAG) approach for analyzing
technical data from gas turbine units.

Section 3 presents tasks developed specifically to increase the accuracy of extracting data from
protocols containing complex tables. Using knowledge graphs that can represent table structures of
any complexity is proposed. The work's overall goal is also formulated here.

Section 4 describes a modified framework based on a knowledge graph. This section outlines the
process of handling input GTU test protocols and extracting knowledge to generate output
documents. Section 5 provides information about experiments conducted using this framework to
investigate data extraction through the integration of knowledge graphs, prompt templates, and
LLMs. Finally, Section 6 summarizes the research findings.

2. State of Art

Large language models (LLMs) have been widely implemented across various fields and have
demonstrated significant results (3—-4). These systems can process textual data, interpret content,
extract key information, and generate human-like responses. They also perform effectively in
Natural Language Processing tasks. To enhance reliability and minimize errors, the Retrieval-
Augmented Generation (RAG) approach is used. This approach generates answers based on
previously retrieved relevant sources [5]. One study analyzed how this approach affects LLM
performance quality and investigated the role of query precision in shaping results.

However, LLMs have several disadvantages, such as requiring substantial computational power
and raising concerns about data security. Researchers addressed the use of local open-source LLMs,
which support local hosting and ensure data confidentiality. This is critical for the present study
because the GTU test results are proprietary and not publicly accessible, especially in the context of
experimental development and high market competition.

However, LLMs have several disadvantages, including their substantial computational power
requirements and data security concerns. Researchers addressed the use of local, open-source
LLMs, which support local hosting and ensure data confidentiality. This is critical for the present
study because the results of GTU tests are proprietary and not publicly accessible, particularly in
the context of experimental development and intense market competition.

For GTUs, model training may be hindered by the limited number of available test protocols,
which is common for specialized, low-volume industrial products. Nevertheless, research [8]
demonstrates the effectiveness of LLMs with small data samples, showing that limited datasets can
provide an acceptable level of quality.

Another essential aspect is the structural analysis of documents, which enables the precise
identification of text fragments and tables while preserving the logical consistency of the content.
Works [9, 10, 11] propose solutions to increase the accuracy of these tasks. Poor formatting of the
input text can also lead to a partial loss of context and erroneous results. This is due to the



structural gap between tabular data and natural language, which hinders the application of natural
language reasoning. Converting table data into a linear, sequential text format (serialization) is
essential for LLM performance and bridges this gap. Serialization typically comprises two main
phases: partitioning and parsing, followed by data retrieval and extraction [12].

Classifying tables by their structure, internal relationships, and orientation enables the
conversion of raw tabular data into structured knowledge graphs (see [13]). Work [14] presents a
method for the automated creation of structured documents using a combination of LLMs and
knowledge graphs. The authors address the issue of low Al accuracy in the industrial sector by
implementing a step-by-step generation system based on logical reasoning chains and data
extraction from professional knowledge bases. This approach is highly relevant for stationary gas
turbine units.

One of the solutions which allows to improve the content accuracy generated by LLM is
knowledge graph. The knowledge graph (KG) is utilized for its ability to store and retrieve
information hierarchically, which is more effective than simple keyword matching [14]. In [9]
authours use KG to preserve structured context, which is often lost in traditional vector-based
retrieval systems. Authors showed that by integrating RAG with KG, systems can perform more
complex reasoning and reduce the "hallucinations". KG are also used to model the internal
structure of tables [15]. But the authors in [9] also come to the conclusions, that LLMs often
struggle to determine the contextual interrelationship between text and tabular information
provided in a graph or retrieval context, which can lead to a failure in retrieving the correct data
segments.

3. Problem statement

In study [16], the authors considered implementing Retrieval Augmented Generation (RAG) to
process gas turbine unit test results, which consist of mostly complete structured tables.

Initial experiments in processing GTUs test protocols using Large Language Models (LLMs) via
the RAG method demonstrated low performance.

Among the identified challenges were the processing of handwritten Cyrillic text and the
inherent complexity of extracting data from protocols stored in tabular formats. Consequently, the
primary focus was directed toward increasing the accuracy of data retrieval from tables. This can
be achieved by representing table structures through knowledge graphs and organizing structured
template-based queries to the LLM.

An analysis of the protocol structures revealed a clear hierarchical organization, where
information is ordered from the general to the specific. Such a well-defined structure, characterized
by the absence of chaotic or cross-links between subordinate levels, aligns effectively with a
hierarchical knowledge graph. Figure 2 illustrates the knowledge graph representing the
hierarchical structure of a test protocol.
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Figure 2: Knowledge graph of a test protocol.



Due to its hierarchical structure (protocol — parameter group — operating mode — value), the
graph enables an accurate search for relevant information based on similarity. This ensures the
traceability and interpretability of the results produced by the artificial intelligence.

On the other hand, the knowledge graph can enhance the efficiency of constructing prompt
templates, transforming them from fragmented text queries into dynamic, context-sensitive
structures. The knowledge graph allows for decomposing a complex prompt into sequential steps
that correspond to the data hierarchy (e.g., parameter group — parameter — operating mode — actual
value). This approach ensures a logical generation sequence. Furthermore, the prompt template is
populated with standardized names and formulations through the unification and standardization
of terminology.

The goal of this research is to increase the efficiency of data retrieval and logical inference based
on test protocols stored in tabular form by integrating knowledge graphs and prompt templates
with large language models.

4. Methodology

Based on the developed knowledge graph of the test protocol (Figure 2), a structure for the GTUs
consolidated test protocol is proposed, as illustrated in Figure 3.

Furthermore, a modified framework based on the knowledge graph has been developed (Figure
4). The defined structure of the consolidated test protocol is utilized to mark up the input protocol,
enabling the identification of structural features within the semi-structured document. This process
includes the definition of classes (parameter groups), entities (the operating parameters),
relationships between them, and properties (operating modes and corresponding parameter
values).

Subsequently, knowledge extraction is performed: entities and properties are extracted through
direct definition, while specific entities are further refined through tokenization. Finally,
knowledge fusion is executed by integrating these entities to construct a comprehensive
knowledge graph of the GTUs test protocols. Due to the tabular format of the test protocols, the
majority of entities, attributes, and relationships can be identified and extracted based on the
structural features of the table (Figure 3).

The resulting knowledge graph is then used to generate the output document — summary data
table of test — which is also constructed based on the structural description (Figure 5). The same
prompts working for any input table.

General view of the prompt (colors according to Figure 2):

Extract within parameter group — XXXXXXXX - for parameters — XXXXXXX - on operating
modes — XXXXXXX (if necessary) — only corresponding actual values
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The implementation includes a retrieval-augmented mapping of converted CSV protocols with a
knowledge graph featuring hybrid search and reranking. Since building domain-specific graphs
with LLMs is difficult because traditional lexicon-based tokenization tools perform poorly on
professional industrial vocabulary, the knowledge graph was created manually for the consolidated
protocol. It was stored in observation-centric JSON with strict validation and full provenance,
enabling reproducible extraction and analysis across evolving CSV protocols.

For each retrievable node (column, subcolumn, upper node, parameter, operating mode), we
generate a compact textual 'node card' containing the ID, type, label and a one-sentence




role/definition. Multilingual sentence embeddings suitable for Cyrillic text were used
(IntFloat/Multilingual-E5-Base (E5)) [15, 17]. Retrieval-tuned embedding models were trained with
instruction prefixes that inform the encoder that the text is a document. Using the same prefixes at
inference time keeps the embedding spaces aligned and improves retrieval accuracy. The
embeddings are L2-normalised, and cosine similarity is implemented as an inner product in a
Facebook AI Similarity Search (FAISS) [18]. For each query token (e.g. the header 'Actual’), a BM25
search is run to find the top-k candidates with an exact or near-exact text match in order to create
the candidate pool. Next, reranking is performed.

The Ollama Server is used for the following steps [19]: first, to parcel prompts; then, to select
the node that best matches the knowledge graph. The hybrid retriever then narrows down the
candidate set for groups, parameters, and modes. This makes the Ollama choice more precise.
Values are fetched deterministically from the knowledge graph.

The examples of the prompts were following.

Prompt for Edge 1 Figure 5

1. Extract within parameter group - Power quality parameters - for all parameters -
only corresponding actual values

Prompt for Edge 2 Figure 5

2. Extract within parameter group — Basic parameters of operating modes - for parameters -
Vibration - on operating modes - Operating mode;, ... Operating mode, -
only corresponding actual values

Prompt for Edge 3 Figure 5

3. Extract within parameter group — Basic parameters of operating modes - for parameters -
Fuel consumption * - on operating modes_Operating mode;, ... ., Operating mode; -
only corresponding actual values

* — Extract prompt with the following parameters Power turbine speed
Gas temperature downstream of the

turbine

Oil pressure at the gas turbine inlet
Oil pressure at the gearbox inlet

Oil pressure at the turbogenerator inlet
QOil pressure at the Torquemeter system

inlet
Voltage
Electric current
Current frequency

General improvements to the basic model were achieved at a rate of 15%. One of the most
common problems is the program returning empty cells instead of values, which will be addressed
in future work.

6. Conclusions

The implementation of RAG technology for generating reporting documentation from GTUs test
protocols enables the effective automation of industrial processes while offering users an intuitive
interface. The importance of local hosting is emphasized to ensure data confidentiality when
processing test protocols.

At the same time, processing tabular structures within this task remains a significant challenge,
necessitating the application of specialized preprocessing methods for input documents to ensure
the validity of the results. The authors propose the integration of a knowledge graph and



structured prompt templates with large language models to enhance the efficiency of search
operations and logical data extraction.

A modified framework based on a knowledge graph has been developed, which leverages
detailed descriptions of the tabular structures found in both input and output documents. Prompt
templates for data extraction are proposed, which are based on the developed graphs of the
structure of input and output documents.

Experimental research proves the positive impact of integrating knowledge graphs and prompt
templates with large language models compared to previous experiments. Search accuracy was
increased by 15%.

Future work will focus on implementing the full report generation sequence and development
of the graph database.

Declaration on Generative Al
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