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1. Introduction

Design is the human-driven process of identifying problems
and developing solutions. Practices of documenting this pro-
cess can be inconsistent, resulting in unstructured multi-modal
artifacts of a creative human experience. When a new designer
attempts to build on prior work, they are often limited to naive
keyword-matching methods to retrieve knowledge artifacts or
existing CAD models [1] representing tremendous time and
capital investment. Recently, Large Language Models (LLMs)
have been integrated into information retrieval practices at de-
sign organizations to break reliance on keyword-matching and
semantically connect queries to answers by meaning. These
models can process and understand complex information, aid-
ing decision-making and generating results [2]. However, the
direct application of such technology prone to positive affirma-
tion can result in a rebound effect for design knowledge preser-

vation. Answers are pushed without context or validation re-
sulting in the user being removed from an educational process.

Coinciding with the increasing usage of generative AI is an-
other trend: the last generation of designers, with professional
expertise applying scientific fundamentals to design predating
a reliance on computational aids, are retiring. By 2050, 30% of
the European population will be older than 65 [3]. This trend
poses a significant threat to organizations as employees with
more than 25 years of work experience will become a rare re-
source [4]. Knowledge must be transferred from senior experts
to the novice workforce, though this process requires substan-
tial resources [5].

Knowledge must be urgently preserved before experts retire.
To address this need, we utilize knowledge graphs (KG) as a
framework for structuring information [6]. KGs allow for stor-
ing vast amounts of data [7], and structured information can
be represented logically [8]. The fundamental structure of a
knowledge graph is relational [9, 6] making it ideal for pro-
viding functionally relevant design context. While the develop-
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ment of KGs based on structured data is established, a research
gap remains concerning integrating unstructured data [10].

LLMs are a powerful tool for semantically extracting infor-
mation from unstructured texts. However, data on which LLMs
are trained are general language examples and do not include
knowledge for specific use cases [11], let alone design and man-
ufacturing [12]. To address this challenge, there has been grow-
ing research interest in combining context specific KGs with
LLMs [10, 8]. A key challenge is that KGs remain reliant on
structured datasets, which can lead to the loss of valuable con-
text when KGs are built from unstructured documents.

To overcome the challenges this work proposes a framework
utilizing an LLM to extract data from semi-structured docu-
ments to construct a knowledge graph of organizational-level
problem-solving knowledge for a case study in energy infras-
tructure design. The LLM extractions are validated through a
field study with both novice and expert design professionals.
Finally a user interface was designed to present retrieved infor-
mation to users together with the path in the knowledge graph
showing context and functionally-adjacent sources.

This work is structured as follows. Section 2 describes the
recent research regarding RAG, Section 3 provides a descrip-
tion of the proposed framework. Section 4 show a validation by
applying a field study. The discussion is provided in Section 5,
the work closes with a summary and outlook in Section 6.

2. State-of-the-art

When LLMs cannot access needed data, they invent false
information [11]. This is particularly the case when private or
domain-specific knowledge is considered. To overcome this is-
sue, models could undergo retraining or get fine-tuned, but this
is a work-intensive process resulting in high costs [8] and even
impossible for models that are only accessible through an Ap-
plication Programming Interface (API) [13]. Another approach
that has recently been discussed is the implementation of RAG,
which can be applied when LLMs lack domain-specific knowl-
edge [11, 8]. Data from external knowledge sources can be re-
trieved, such as databases or tools. LLMs access this stored in-
formation through prompts or embeddings [14].

Due to the attention that is currently posed on AI, knowledge
graph-enhanced large language models is a recently discussed
topic in literature, although the number of published work is
still limited [13, 14].

Table 1 shows an overview of the literature illustrated be-
low. In the approach from [15], an LLM accesses a knowledge
graph. The user question and the information from the KG are
compared using cosine similarity. The given answer is based on
the information retrieved that achieves the highest values. Al-
though the answers that could be offered are detailed and pro-
vide context, the approach is work-intense due to the necessary
training. In other methods, more attention is put on the seman-
tics of the KG [16], or instead of providing more information
via a knowledge graph, a RAG like procedure is used to verify
data provided by the LLM [17]. Both approaches [17, 16] pro-

Table 1. Overview of research papers addressing RAG
Approach Degree of context Training Purpose

[15] � X QA
[16] �� X QA
[17] �� - check

information
[18] �� X QA
[10] � X QA
[19] � X QA
[11] � - QA
[20] � X QA
[21] - X suggestions,

identification

Legend: �high degree, ��medium degree, �low degree, QA =
question-answer, X = apply, - = does not apply. Source: Own representation.

vide more context and can answer more detailed questions, but
the level of detail is still perceived as medium.

[10] propose an approach within a user question is proceed
to an OpenAI GPT4-endpoint. It is converted into a query state-
ment to retrieve knowledge from a graph on which the response
is built. Although the graph is constructed in the manufactur-
ing context based on unstructured and structured data, existing
ontologies are used. Four nodes and relation labels define the
graph. Within the work of [19], a question is already linked to
five potential answer choices. In a context node, this question-
answer representation is stored within the KG with the help of
a language model. A joint working graph is built by linking it
to the entities describing various topics. The relation between
the context node and all other nodes described within the KG
is determined with a relevance score. Within the approach of
[11], an LLM is linked with a Neo4j knowledge graph. Al-
though the information base is in Japanese, a robot can chat in
English about the cooking knowledge stored within the knowl-
edge graph. [20] aim to consider both structured and unstruc-
tured knowledge, unify, and then use it to answer a user ques-
tion utilizing a retriever-reader architecture where different in-
formation sources are first converted into text, and a retriever
selected appropriate passages from these texts. A reader pro-
cesses the various parts together to answer the user’s question.
Although all aforementioned approaches [11, 10, 20, 19] can
answer questions, they do not provide much context. Only sim-
ple questions with answers of a few words are described.

Within the approach of [21], a GPT-3.5 model is fine-tuned
for intelligent aircraft maintenance by integrating an aircraft
structure ontology. Therefore, the model increases its perfor-
mance by identifying aircraft components and suggesting main-
tenance actions. In contrast to the aforementioned approaches,
it does not focus on question-answering tasks.

Although a few approaches exist that provide more con-
text, in most cases, training is needed that is work intensive
and costly [22]. Moreover, although general semantic com-
parisons are used for providing context-specific knowledge, a
more in-depth comparison is desirable for providing relevant
and connected design information on a higher level. Therefore,
resource-friendly approaches are desired. Using KGs could
solve this problem, and, hence, this research investigates if KGs
can build the knowledge base for LLMs to sufficiently support



Katharina Theuner  et al. / Procedia CIRP 134 (2025) 1125–1130 1127

design knowledge retrieval. This work follows an approach of
using an LLM to construct a knowledge graph [8] and to query
the design knowledge without LLM re-training.

3. Framework

The presented methodology is divided into three sections.
First, Subsection 3.1 creates a KG with the assistance of a LLM.
Then, Subsection 3.2 leverages the information stored in the
knowledge graph to augment the question-answering process.
Finally, a user interface is presented in Subsection 3.3.

3.1. Knowledge Graph Construction

The key objective for developing a design knowledge graph
is to represent the problem-solving process utilizing relational
connections between nodal entities. Assuming the information
source to be a corpus of design documents, the resulting de-
sign knowledge graph contains the source document as a cen-
tral entity. In order to preserve the functional structure of the
documented problem-solving, problems addressed by the doc-
ument constitute the radial nodes. These problems buried in
documentation were semantically extracted from the corpus us-
ing an LLM. In implementation, the OpenAI model gpt4o-mini
[23] is used as it is considered a state-of-the-art transformer-
based model. A prompt was designed to guide the model in
extracting problems. The behavior and roles of both the system
and the user are described in the message. A specific scenario
is outlined, in which the model is asked to extract problems
from provided texts that could be considered relevant issues for
a novice engineer without prior knowledge, ensuring that the
answers can be found within the text. This is outlined in the
system role. The prompt includes a variable referencing the rel-
evant text documents stored in the knowledge graph (KG). The
user’s role focuses on searching for questions within the rele-
vant texts.

Reliance purely on problem nodes can omit valuable back-
ground information pertinent to user questions requiring de-
tailed context e.g. step-by-step work processes rather than
merely tool names. Hence, an additional text node is integrated
into the KG to represent the full text in a single entity. Detailed
answers contained within this full text node are connected to
questions which are most similar to the design problem nodes
acting as labels for the document cluster as visualized in Fig-
ure 1. The graph database library is utilized to implement the
final knowledge graph connecting the extracted functional in-
formation representing the design process.

3.2. Knowledge Graph-based LLM Application

The key metric by which answers are connected to queries
is semantic similarity, estimated by the cosine similarity be-
tween LLM-generated vector embeddings representing lan-
guage meaning. Using the text-embedding-3-large model from
OpenAI [23], embeddings of the user question and all problem
nodes represented in the KG are generated. To compare both on

a semantic level, the cosine similarity value is calculated. Ac-
cording to predefined rules selected in a parametrization phase,
a certain number of problem nodes is chosen and the corre-
sponding text nodes based on the calculated cosine similarity
values. The model is then instructed to generate an answer to a
question based on the text nodes linked to the chosen problem
nodes. To enhance this process, we add an additional knowl-
edge retrieval loop. This involved creating summary nodes,
condensed representations of the text nodes, to explore new
pathways not identified in the initial knowledge retrieval round.
A semantic comparison is then conducted between the sum-
mary node linked to the problem node with the highest cosine
similarity and all other summary nodes. The node with the high-
est similarity is selected to provide supplementary information.

The system instructions are formulated to minimize inci-
dents of false information generated when the LLM cannot
retrieve information with confidence, known as a ”hallucina-
tion”. This will be indicated if the LLM fails to provide a re-
sponse based on the supplied documents. No extensive training
is needed to reach the desired model behavior. This could solely
be achieved by varying the prompts and explain detailed the de-
sired model behavior.

3.3. User Interface

A key aim of the design knowledge retrieval system pre-
sented in this paper is not only to efficiently map queries to
answers but also to show the user how the answer was found.
Without transparency, user trust is impacted. Without context,
user comprehension is impacted. The system is intended to rep-
resent organizational-level quantities of knowledge, resulting
in large graphs from which answers are retrieved. This creates
a conflict between prioritizing transparency and overwhelming
the user. Another aim of the system is to facilitate a design re-
search journey such that the ease of finding answers does not
rob the user of inadvertent discovery of related knowledge. Si-
multaneously, the system must prioritize presentation of accu-
rate, focused results from the knowledge graph source.

The UI is designed for interaction with the system on a desk-
top pc, illustrated in Figure 2. The left half of the space is a
stack of three text-based modules, and the right half is reserved
for an interactive graphic visualization. A text field below the
prompt ”Ask a Question” invites the user to enter a query, which
is passed as an embedding according to the method in Subsec-
tion 3.2 to obtain a list of answers, the first of which is returned
in the module immediately below. Accompanying the answer is
an information module listing the linked source document used
to abstract the answer, the node type, a preview of the full con-
text, and finally a similarity score corresponding to the semantic
similarity computed between the query and answer.

The visualization on the right updates to display a grayed-
out representation of the complete knowledge graph. Superim-
posed is a ”Knowledge Path” which is a highlighted sequence
of node connections reflecting organizational structure of the
source documents, similar to a file path. The user can dis-
cover functionally similar problem descriptions by navigating
to nodes nearby in the knowledge graph’s semantic space.
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Fig. 1. Detailed LLM Application for Design Knowledge Graph creation

Fig. 2. User interface for returning answers and transparently showing path to
relevant prior problem nodes represented in the knowledge graph representation
of the documentation source.

For every query, a list of N most relevant answers which
achieve a predefined semantic similarity threshold are returned.
The user can navigate down this list using arrows on both the
source text-based module and the graphic visualization. This
user interface was implemented using the Streamlit framework
to connect the graph database to a web application.

4. Results

Documents from a design consultancy in the energy infras-
tructure sector were used as a case study to implement the
framework. The documents focused on the design of structural
systems for electric power transmission. They encompassed
various supportive information for novice engineers, such as
general work instructions. Some had a clear structure and de-
scribed a step-by-step process, others were a summary of guide-
lines and general suggestions. The provided documents were
used to build the knowledge graph. Nine different documents
were included, and 148 problem nodes could be extracted.

The key aim of this validation analysis was to evaluate the
reliability of the system for returning accurate and relevant an-
swers to users. Given the methodology relies on the veracity of

extractions provided by an LLM, a field study was conducted to
benchmark the correctness of the answers provided by the LLM
in comparison to human professionals’ assessment of ground
truth. From the design consultancy upon which the case study
was performed, we recruited 6 junior designers and 2 expert
designers. The junior designers were given access to an instruc-
tional document, and asked to answer 5 questions. The docu-
ment contained textual descriptions, formulas, and calculation
best practices for the structural design of a power transmission
pole. In addition, as a baseline another approach was used in
which the user question was semantically compared to docu-
ments, based on which the answer was given.

Next, the two expert designers were asked to rank all an-
swers according to correctness. For every question, there was
disagreement between the expert designers as to the rankings,
which differed for one question for a range of rank 1 to rank 6.
This demonstrated the challenge of identifying a ground truth
in a creative domain such as design from which to establish a
benchmark. However their answers and rankings were used to
compare the methodology described in this paper to the answers
achieved by junior experts and an LLM.

Therefore all questions were integrated in the proposed
framework and based on the previously mentioned answers and
rankings it could be validated. Across all five questions, no in-
correct information was provided. However, a distinction must
be made between correctness and the level of detail. Wherease
the first ensures that no false information is provided, the level
of detail focuses on including all relevant aspects without omis-
sion. Three answers demonstrated an adequate degree of de-
tail. One response was impacted by the complexity of interpret-
ing formulas, which posed a challenge. For the final question,
the level of detail could be improved by slightly rephrasing the
question to better guide the response. In addition by using the
summary nodes further information could be provided for one
question leading to information which could not be retrieved in
the first round of knowledge acquisition. In total, the answers
provided by our method were on par or exceed that of junior
engineers. One main aspect of this framework is the detailed
search for the correct text fragments important to answer the
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Fig. 3. Cosine similarity values between problem nodes and user questions for field study (left) and an example of different problem nodes for a user question with
their corresponding cosine similarity values (right).

questions by using the problem nodes. Semantic similarity can
be estimated by the cosine similarity between feature vectors
representing text obtained from an LLM. A value closer to 1
relates to high similarity while a value closer to zero indicates
low similarity [24]. Figure 3 shows the chosen documents for
the five questions asked in the field study. In this case, doc-
ument A contained the useful information for answering the
question. All problem nodes that are marked are linked with
the correct text node A for answer generation, all other problem
nodes that are not highlighted are linked to other documents not
relevant for question answering. The number of problem nodes
displayed for each question varies based on the cosine similar-
ity threshold applied to determine their relevance and inclusion
in the process. Although the cosine similarity values can differ
they are a useful metric to link the correct document to a user
question. However, the exact value does not provide much in-
formation regarding the correctness of a certain answer. A value
that appears low still leads to the correct problem node and cor-
responding text for answering the question, as it remains rela-
tively higher compared to irrelevant nodes.

5. Discussion

This work proposes a framework for knowledge preservation
combining large language models and knowledge graphs. It is
developed and validated based on the industrial use case of a
consultancy established in the sector of power line engineering.
With the rise of digital documentation and LLM technology, the
way knowledge is retrieved is evolving. While keyword-based
retrieval offers clear query-to-answer connections, LLM-based
methods often lack this clarity, functioning as ”black boxes.”
This work aims to enhance transparency by representing design
knowledge as a graph, linking queries to answers through se-
mantic positions. In addition, the search for the relevant texts
by the problem nodes and further information through the sum-
mary nodes it ensures an in depth retrieval. While excelling in

application a key benefit is that ability to create a long term
knowledge base with the KG that is accessed through the LLM.
The proposed method additionally does not require expensive
and slow retraining of the LLM.

Design documentation often includes non-textual elements
like sketches and 3D models. Our method primarily handles
textual data, posing limitations for multi-modal integration. As
seen during the validation, formulas can be handled to a satis-
fying degree, however, room for improvement and the ability to
cope with different variables still exists. Future work could in-
corporate nodes for non-textual data, addressing this challenge.

A key advantage of the framework is its adaptability to var-
ious contexts, as it relies primarily on prompt engineering and
the nexus of the constructed KG and used LLM. This flexi-
bility allows the knowledge graph to be constructed for appli-
cations such as manufacturing tasks and maintenance jobs. A
challenge facing this research involves evaluating and selecting
the appropriate language model for application, given frequent
turnover and the often closed-source nature of this software.
A further area of research with significant benefits of the pro-
posed method is on the interface of design and manufacturing,
i.e. Product-Production-CoDesign [25]. Additionally, frequent
changes and the ability to grow the knowledge persistently, e.g.
by using the ever increasing digital thread [26], exists.

6. Summary and Outlook

The demographic shift in Europe presents challenges, par-
ticularly in knowledge preservation, as companies face numer-
ous retirements. Within the setting of design, validated with
design of energy power transmission systems, our approach
addresses that gap. This work, hence, proposes a framework
combining knowledge graphs and large language models focus-
ing on dual enhancement, where the KG is built using LLMs,
which, in turn, leverage the KG for context-specific answers.
This approach is efficient in gaining deeper insights and discov-
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ering connections through advanced KG searches. The system
also benefits senior staff by facilitating access to comprehen-
sive information. The simplicity of prompt engineering makes
the method replicable across companies and sectors, offering
broader applicability. Future research should address the inclu-
sion of multi-modal data and the enhanced processing of for-
mulas. Additionally, the dynamics of real manufacturing sys-
tems, beyond design, for instance during adaptions and contin-
gencies, should be regarded and the approach expanded.
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