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ABSTRACT: Since Google introduced the concept of Knowledge Graphs (KGs) in 2012, their construction technolo-
gies have evolved into a comprehensive methodological framework encompassing knowledge acquisition, extraction,
representation, modeling, fusion, computation, and storage. Within this framework, knowledge extraction, as the core
component, directly determines KG quality. In military domains, traditional manual curation models face efficiency
constraints due to data fragmentation, complex knowledge architectures, and confidentiality protocols. Meanwhile,
crowdsourced ontology construction approaches from general domains prove non-transferable, while human-crafted
ontologies struggle with generalization deficiencies. To address these challenges, this study proposes an Ontology-
Aware LLM Methodology for Military Domain Knowledge Extraction (LLM-KE). This approach leverages the deep
semantic comprehension capabilities of Large Language Models (LLMs) to simulate human experts’ cognitive processes
in crowdsourced ontology construction, enabling automated extraction of military textual knowledge. It concurrently
enhances knowledge processing efficiency and improves KG completeness. Empirical analysis demonstrates that this
method effectively resolves scalability and dynamic adaptation challenges in military KG construction, establishing a
novel technological pathway for advancing military intelligence development.

KEYWORDS: Knowledge extraction; natural language processing; knowledge graph; large language model

1 Introduction

Since Google first proposed the concept of “Knowledge Graph (KG)” in 2012, various industries
have continuously explored methodologies for constructing their own knowledge graphs. To date, the
technologies for KG construction have matured into a well-established technical framework [1]. A complete
knowledge graph construction process typically includes the following steps: knowledge acquisition —
knowledge extraction — knowledge representation — knowledge modeling — knowledge fusion — knowl-
edge computation — knowledge storage. Knowledge extraction, as a crucial step in the construction of
knowledge graphs, directly determines the quality of the graph’s construction.

In the military domain, due to confidentiality issues, data storage is often decentralized, and the
knowledge system is complex. Relying solely on manual organization makes it difficult to improve the
management efficiency of military knowledge. As a result, many researchers are actively exploring methods
for constructing knowledge graphs in the military domain. In this process, knowledge extraction in the
military domain is often a critical challenge. First, the military knowledge system cannot be constructed
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into an ontology through the “crowdsourcing method” as in general domains. Second, manually constructed
knowledge ontologies face limitations in terms of generalization.

To address the above issues, the military knowledge extraction method based on LLM ontology
awareness proposed in this paper leverages the text comprehension ability of large language models. It
simulates the process of human crowdsourcing for constructing knowledge ontologies specifically for
military domain texts. On one hand, it enhances the efficiency of knowledge extraction in the military
domain using large language models, and on the other hand, it improves the completeness of military domain
knowledge graphs.

2 Literature Review
2.1 Military Knowledge Extraction Research Advances

As a typical vertical domain knowledge graph, the construction of military domain knowledge graphs
usually follows a top-down paradigm: First, domain experts collaboratively develop the military ontology
layer, systematically defining entity types, relationship types, and attribute constraints to form a domain
knowledge template. Then, based on the predefined ontology, a structured annotated corpus is constructed,
and a weakly supervised learning mechanism is employed to train a deep neural network model, ultimately
achieving the automated mapping of unstructured military texts to the knowledge graph data layer. This
method, through the bidirectional coupling of expert knowledge and data-driven approaches, effectively
ensures the normativity and semantic consistency of the military knowledge system. However, there is still
room for optimization in terms of dynamic knowledge updating and cross-domain transfer.

Recent representative studies include Yuan et al. from the Army Engineering University [2] built
a system framework for knowledge extraction in the command and control support domain, and they
have preliminarily achieved the full lifecycle of knowledge extraction from “ontology modeling,” “corpus
named entity recognition” to “relationship extraction.” Wang et al. from the Jiangsu Automation
Research Institute [3] addressed issues such as the loose structure of military equipment databases, which
are difficult to utilize effectively, leading to inefficiency and chaotic management. They proposed an entity-
relationship extraction method based on CRF and syntactic parse trees. Through training with massive
data, they optimized the military knowledge graph construction method, improving the single-algorithm
extraction method to a ternary data extraction approach, and completed the military equipment graph
construction. Experimental results showed that the accuracy of this method can reach 72%, and after
incorporating a confidence model, the accuracy increased by 12.6%, with an overall evaluation accuracy of
78.11%.

» «

annotation,

2.2 LLM-Enhanced Military Knowledge Extraction Research Advances
2.2.1 LLM-Enhanced NER

In the traditional knowledge graph construction paradigm, Named Entity Recognition (NER) is a
core task of knowledge extraction, aiming to locate and classify predefined entity types from unstructured
texts. General domain NER models typically focus on basic categories such as people, organizations, and
geographical entities, with their performance heavily reliant on large-scale manually annotated corpora.
However, this paradigm faces domain adaptation challenges: The inherent tension between the continuously
evolving nature of domain-specific knowledge architectures and the scarcity of high-quality annotated
datasets, making traditional supervised learning methods unable to meet the dual demands of timeliness
and coverage of knowledge in vertical domains such as military and healthcare.
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Generative artificial intelligence technologies, represented by GPT [4,5] and Deepseek [6,7], have
introduced new solutions for the NER task. Notable studies include: Wang et al. from Peking University and
Zhejiang University [8], who jointly proposed GPT-NER. On one hand, they improved the generalization
of knowledge extraction by converting the NER sequence labeling task into a text generation task. On the
other hand, after entity extraction, they alleviated the low extraction accuracy caused by hallucinations in
LLMs by incorporating a self-validation strategy. Sergey et al. from Allen Al Lab [9] designed an innovative
prompt strategy for the biomedical field, which improved the F1 score of GPT-4 by 15% across six publicly
available NER test datasets, and in some cases, the knowledge extraction performance even surpassed that of
language models fine-tuned with supervision. Ashok et al. from Carnegie Mellon University [10] proposed
the PromptNER method, which, with only a few-shot prompt, enables LLMs to generate a potential entity
list based on the given text and automatically link it to predefined entity types. This method achieved an 11%
F1 score improvement on the CoNLL dataset.

2.2.2 LLM-Enhanced KG Embedding

The main task of Knowledge Graph Embedding (KGE) is to map each recognized entity and relation
into a low-dimensional vector space. These embeddings contain both semantic and structural information
of the knowledge graph and can be used for various tasks such as question answering [11], knowledge
reasoning [12], and knowledge recommendation [13]. Traditional knowledge graph embedding methods
primarily rely on the structural information of the knowledge graph to optimize the embedding scoring
function, such as TransE [14] and DisMult [15]. However, these approaches exhibit persistent challenges
in effectively characterizing unseen entities and long-tail relational patterns, particularly pronounced in
scenarios with constrained availability of structured training data [16,17].

To address the aforementioned issues, Wang et al. [18] proposed a unified model for knowledge
embedding and pre-trained language representation called KEPLER. This model uses a pretrained language
model (PLM) to encode textual entity descriptions as its embedding vectors, and then jointly optimizes the
knowledge embedding (KE) and language modeling objectives. Zhang et al. from the MOE Key Laboratory
of Computer Language at Peking University [19] proposed a training framework called Pretrain-KGE,
which includes three stages: semantic-based fine-tuning of the pre-trained language model, knowledge
extraction, and word embedding. Experimental results demonstrated that this training framework can
improve knowledge embedding issues under few-shot conditions.

2.3 Contributions

By combining the current research status of knowledge extraction technology in the military domain
with LLM-enhanced knowledge extraction technology, the following conclusions can be drawn:

1. Scarcity of Supervised Data. Traditional supervised learning-based knowledge extraction models often
rely heavily on the scale and quality of annotated datasets. However, data in the military domain is
characterized by high sensitivity, resulting in an extreme scarcity of available annotated corpora, which
significantly constrains the performance of knowledge extraction models.

2. The Contradiction between the Dynamics of Domain Knowledge and Model Adaptability. Knowledge
in the military domain updates rapidly (such as the iteration of new equipment and tactical theories),
while supervised learning-based knowledge extraction models often require significant data annotation
and model training costs to continuously adapt to the evolving domain knowledge.

3. Research on LLM-Enhanced Knowledge Extraction Is Still in Its Early Stages. Most studies on LLM-
enhanced knowledge extraction in general domains primarily explore the prompt layer and have not



4 Comput Mater Contin. 2026;86(1)

yet formed a mature research paradigm. The extraction effectiveness in the military domain has not yet
reached a usable state.

To address the aforementioned issues and technical bottlenecks, the main contributions of this paper
are as follows:

1. A basic framework for the military knowledge extraction method based on LLM ontology awareness
has been established, providing a new research paradigm for enhancing knowledge extraction in the
military domain through LLMs.

2. A multi-agent collaborative dynamic ontology construction mechanism based on LLM has been
designed. By creating a multi-agent collaboration model (such as expert roles in military equipment
and combat command) and a phased iterative validation process, the mechanism achieves automated
aggregation and dynamic updating of knowledge ontologies, significantly enhancing the ontology’s
adaptability to emerging military terminology.

3. Through prompt engineering, automated knowledge extraction in the military domain based on
LLM has been achieved under unsupervised learning conditions, ensuring extraction efficiency while
attaining performance comparable to supervised learning models.

3 Methodology and Experiments
3.1 Basic Framework

In general, to build a highly flexible knowledge graph, the first step is to establish a comprehensive
ontology [20]. This ontology then serves as a foundation for progressively enriching the knowledge graph
with data from other collection channels as needed. The traditional paradigm for knowledge graph construc-
tion involves directly collecting manually edited knowledge graph corpora. However, this crowdsourcing
approach is often costly and inefficient [21]. Therefore, we introduce Large Language Model (LLM) Agent
technology to reduce the costs associated with crowdsourcing.

The basic framework of the military knowledge extraction method based on LLM ontology awareness
proposed in this study (named LLM-KE) is shown in Fig. 1. Its architecture consists of four core modules
arranged in a bottom-up manner: domain corpus collection layer, ontology awareness layer, knowledge
extraction layer, and annotation generation layer, forming a progressive knowledge transformation mecha-
nism among the layers.

3.1.1 Domain Corpus Collection Layer

A multi-source heterogeneous data collection strategy is employed to systematically gather unstruc-
tured text data from specialized domains, including weaponry parameters, logistics support procedures, and
military policies and regulations, thereby constructing a seed corpus that is representative of the domain.
Through data cleaning and standardization, a small sample data foundation covering the core dimensions of
military knowledge is formed.
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Military domain text corpus KE example (large scale)

Annotation The F-35 fighter Aircraft<Amaments> was developed by Lockheed Martin<American defense contractor> and has
g ped by
. become one of the main [ifth-generation fighters<Armaments> for the United States and its allies. It was commissioned into
Generation the British Royal Air Force=Armed forces > on Februaty 9, 2015; on June 28, 2015, the first F-35<Armaments> in Japan
began production. On June 11, 2018, Lockheed Martin < American defense contractor > delivered the 300th F-35 fighter
Layer )
Aircraft<Armmaments> to its customers.

Phase 2: Using the list of entity types created based on the
ontology, achieve large-scale KE through LLM

Knowledge Entity types: <

{<Armaments> <fighter aircraft> ,

Extraction Entity 'TE DA N -o- [ oo

extraction
Layer prompt

Force>, <UK Armed Forces>,<Armed ye. .
Military domain text corpus

Forces>,+}
oree (small scale)

A

Phase 1: Aggregate the military knowledge ontology
from a small-scale corpus using LLM

Ontol e KRGy Onlogy F-35 fighter Aircrafi==fiftl I fight
-35 fighter Aircraft—fifth-generation fi ghters—
ntology O ighter Aircra 1-generation fi ghters—fighter
agsent C Aircraft—Amaments
Awareness g o— N Sehier Alremfi— A !
ifth-generation fi ghters—fighter Aircraft— Armaments
Laver /T, —» O— » .
Yy }‘ @e—— Lockheed Martin=American defense contractor—Company
Y o oO— British Roval Air Force==Reyal Air Force=~UK Armed
(@ == Forces—Armed Forces

Military- Domain Text Corpus (small scale)

SpeCIflc'Domaln The F-35 fighter Aircraft was developed by Lockheed Martin and has become one of the
COl‘puS main fifth-generation fighters for the United States and its allies. It was commissioned into

. the British Royal Air Force on February 9, 2015; on June 28, 2015, the first F-35 in Japan
Collection Layer began production. On June 11, 2018, Lockheed Martin delivered the 300th F-35 fighter

Aircraft to its customers.

Figure 1: Basic Framework for LLM Ontology-Aware Military Domain Knowledge Extraction Method (LLM-KE)

3.1.2 Ontology Awareness Layer (Phase 1)

Constructing a Multi-Agent Collaborative Ontology Construction Mechanism:

1. Dynamic Definition of Expert Roles (e.g., specialists in military equipment, combat command, and
logistics management) via military text embeddings and latent space clustering, eliminating the need
for manual preset roles;

2. Designing a phased knowledge distillation process that simulates crowdsourced knowledge discovery
through multi-round “hypothesis-validation-iteration” mechanisms;

3.  Employing a hierarchical clustering algorithm to perform consistency checks on LLM-generated
“entity-relation” outputs, ultimately forming an ontology model layer aligned with military
domain characteristics.

3.1.3 Knowledge Extraction Layer (Phase 2)
Based on the established military ontology model layer, a dynamic role-switching mechanism is

implemented:

1. Transforming domain ontology entity types into semantic constraint templates that are understandable
by the LLM;
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Using the few-shot learning paradigm to design entity recognition prompting engineering [22],
dynamically adjusting the temperature coefficient to balance entity recall and precision;

Introducing an attention mechanism to enhance the model’s semantic sensitivity to military termi-
nology, enabling the batch extraction of structured knowledge from large-scale tactical documents,
operational regulations, and other texts.

3.1.4 Annotation Generation Layer

A standardized annotation template library (The example fragment is shown in Table 1) is constructed

to achieve efficient annotation through the following technical pathways:

1.

Designing an annotation instruction framework based on ontology constraints to ensure that the
annotation format strictly aligns with the domain knowledge graph schema;

Developing an annotation quality assessment module that uses a cross-validation mechanism to filter
out noise annotations generated by the LLM;

Establishing an automated annotation pipeline that supports multi-threaded parallel processing and
incremental data updates, significantly enhancing the efficiency of knowledge transformation from
military texts.

Table 1: Converting text into structured data (example fragment)

{

“Core Entity”: “F-35 fighter Aircraft”,
“Aliases”: [“F-35”, “F-35 Aircraft’],
“Attributes”: {

}

3« » o«

“Manufacturer”: {“value”: “Lockheed Martin”, “source”:
“Generation”: { “value”: “Fifth-Generation”, “source”: “Equipment Expert”},
“Deploying Countries™: [
{“value”: “United Kingdom’, “time”: “2015-02-09”, “source”: “Tactical Expert”},
{“value”: “Japan”, “time”: “2015-06-28”, “source”: “Tactical Expert”}

I,

Equipment Expert”},

“Production Milestones™: {

“300th Delivery Date”: “2018-06-117,

» <«

“source”: “Logistics Expert”

}

3.2

Key Technologies

Though the LLM ontology-aware military domain knowledge extraction methodology illustrated

in Fig. 1 largely adheres to conventional knowledge graph construction workflows, its superiority lies in
automating traditionally expert-dependent procedures via large language models. This approach reduces

manual effort while preserving KG professionalism and generalization. Concurrently, several critical tech-
nical challenges persist in the methodology depicted in Fig. 1. The following elaborates on these challenges
and their corresponding solutions proposed in this study.
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3.2.1 LLM-Based Multi-Agent Collaborative Ontological Perception

Role Cognition Model for LLM-Based Agents. To enhance the generalizability of LLM role configu-
ration, military text embeddings are first incorporated followed by latent space feature clustering to define
expert roles. The role feature space is defined as R = ry, 73, ..., r,, where ry € R4 (with d denoting the word
embedding dimensionality) represents the role embedding vector for the k-th category of military domain
experts. The role constraint function is constructed as:

¢ (r,T) = softmax (Wg - [E(T);rk] + by) 1)

where T denotes the input text, E(-) represents the text embedding function, Wy, by are learnable parame-
ters, and the output is a role-specific semantic attention distribution. This function integrates the input text
T with the role feature rj to generate a role-specific attention distribution.

The softmax function in Eq. (1) is chosen because it naturally models a probability distribution over
potential roles given the input text and a specific role embedding. By using the concatenation [E (T); rg],
the model learns a joint representation that captures the relevance of a specific role ry to the content of the
input text T. The linear transformation W/ [...] + by projects this joint representation into a scalar, which
is then normalized by softmax to provide a “role activation” score. This design is grounded in the principles
of neural network-based classification, where the model learns to assign probabilities to categories based
on input features. In our multi-agent context, this allows each agent to assess its “fit” for processing a given
text segment, ensuring that only relevant agents engage in subsequent extraction tasks. This is theoretically
efficient as it prunes irrelevant agents early, reducing computational overhead and improving focus.

Subsequently, an attention masking mechanism is employed to constrain the LLM’s focus on domain-
specific semantic comprehension:

T
ag,];-) = softmax ( (Qkhi\)/d_iKkhi) ) (2)

where Qy, Kj are dynamically generated from the role embedding r«, and h; denotes the embedding vector
of the input text sequence. By employing dynamically generated Q; and K matrices, the model confines its
attention to domain-specific semantic features.

Eq. (2) employs a self-attention mechanism, a widely adopted and theoretically sound component in
large language models. The key innovation here is the dynamic generation of query Qj and key K matrices
from the role embedding r. This design is justified by the need for role-conditioned attention. Instead of a
generic attention mechanism, we aim for attention that specifically highlights domain-relevant information

for a given expert role. By deriving Q; and Kj from ry, the attention mechanism effectively learns to filter
(Quhi) " (Kihi)
Vs
measures the compatibility between different parts of the input text in the context of role k. The division
by \/dj is a common scaling factor in attention mechanisms to prevent large dot products from pushing

out noise and amplify features pertinent to the agent’s assigned role. The dot product attention

the softmax function into regions with tiny gradients, thus ensuring stable training. This role-conditioned
attention mechanism theoretically improves the precision of information extraction by guiding the LLM’s
focus to semantically relevant parts of the input for each specialized agent.

Distributed LLM-Agent Collaborative Entity Extraction. By establishing role cognition models for
LLM agents, multiple agents can be configured to assume expert roles across various domains, such as
military equipment specialists, operational command experts, and logistics support professionals. When
processing lengthy textual inputs, these domain-specific LLM agents can either handle distinct text segments
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or focus on different entity types within the same text. For instance, military equipment specialists may
concentrate on identifying weapon systems and technical specifications, while operational command experts
might prioritize tactical patterns and command hierarchies.

Multiple LLM agents perform parallel extraction of domain-specific entities and relations from the given
text. Each LLM agent k generates an entity set & based on role constraints:

£k :{(ei,t,-,cfk))},e,-eﬂ', tieTy (3)

(k)

where e; represents an entity, ¢; denotes the entity type, and ¢;”’ indicates the confidence score.

The use of multiple LLM agents for parallel entity extraction, formalized by &, is justified by both
empirical observations in distributed systems and theoretical principles of task decomposition. Empirically,
processing complex, multi-domain texts with a single monolithic LLM often leads to lower precision due
to its broad focus. By decomposing the extraction task into specialized sub-tasks handled by role-cognizant
agents, we leverage the “divide and conquer” paradigm. Each agent, with its specific role and attention
mechanism (as per Eq. (2)), becomes highly efficient and accurate in identifying entities within its designated
domain. Theoretically, this architecture allows for parallel computation, significantly reducing the overall
processing time for large datasets. Furthermore, it inherently promotes modularity and interpretability, as
the contribution of each specialized agent to the final knowledge graph can be traced. The confidence score
cfk) serves as a crucial component for subsequent aggregation, allowing for weighting based on an agent’s
expertise and certainty.

Military Knowledge Ontology Aggregation. After extracting several entities, it is necessary to further
aggregate them through hierarchical clustering. The goal is to merge similar entities extracted by different
LLM experts to eliminate redundancy and construct a consistent knowledge ontology. The process of
ontology aggregation can be expressed mathematically as:

nin;

A(Cl,Cz) = ||M61_y62|| (4)

ny +np

where ¢}, c; are the two clusters to be merged, each representing a set of similar entities. #;, 1, are the numbers
of entities in clusters cj, c,, respectively. u.,, ., are the centroid vectors of c;, ¢, which are the mean vectors
of all entity representations in the respective clusters.

Eq. (4) represents a commonly used distance metric for hierarchical clustering. The term ||y, — pio,||
calculates the Euclidean distance between the centroids of the two clusters, representing their dissimilarity
- is crucial for theoretical justification. It ensures that when
merging clusters, the increase in within-cluster variance is minimized. This specific weighting factor gives
preference to merging clusters that are not only close in terms of their centroids but also have a more balanced
size distribution, preventing a large cluster from “absorbing” a tiny, distinct cluster solely based on centroid
proximity. This method is theoretically robust for creating cohesive and semantically meaningful clusters,
which is essential for building a consistent and non-redundant knowledge ontology from potentially diverse
extractions by multiple agents.

in the embedding space. The scaling factor

Following the aforementioned methodology, domain-specific knowledge ontologies can be derived
directly from arbitrary domain-agnostic textual data.

3.2.2 Ontology-Based Military Knowledge Extraction

Crafting precise prompts for Large Language Models to generate content that aligns with human
preferences for specific tasks and scenarios is a process known as prompt engineering [23,24]. Designing a
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comprehensive prompt is highly beneficial for enhancing an LLM’s ability to accomplish a given task. Our
prompt construction approach was adapted from the framework established by Zhao et al. [25], with the
detailed implementation procedure outlined below.

To achieve precise constraints on the task roles, task content, and output format of large language models

(LLMs), this study constructs standardized prompt templates through prompt engineering. Specifically, the
prompt design is developed from the following three dimensions:

1.

Task Role Constraints. Injecting domain-specific expert cognitive patterns into LLMs. For example,
in the military domain, roles such as “weapon equipment analyst” and “operational command expert”
are defined.

Task Content Guidance. Clarifying the task objectives and processing requirements for input data to
ensure that LLMs focus on key information. For instance, for named entity recognition tasks, the
prompt specifies a detailed list of entity types (such as equipment names, combat units) and their
semantic boundaries.

Output Format Standardization. Designing structured output templates to specify the format and orga-
nization of LLM-generated results. For example, using JSON or triple formats to output entity-relation
pairs to enhance compatibility and processing efficiency in downstream tasks.

Following the aforementioned methodology, prompts were designed at the knowledge extraction layer

illustrated in Fig. 1, as presented in Table 2.

Table 2: Examples of prompts

Prompt template

# You're a weaponry analyst. # Youre a weaponry analyst.

# Your task is extract the key concepts (and non personal entities) mentioned in the given context.

# Extract only the most important and atomistic concepts, if needed break the concepts down to the
simpler concepts.

# Categorize the concepts in one of the following categories: [<Armaments>, <fighter aircraft>,
<Company>, <Defense Contractors>, < Royal Air Force>, <UK Armed Forces>, <Armed Forces>, .. .]
# Format your output as a list of json with the following format:

[

]

{

}

“entity”: The Concept,
“importance” The contextual importance of the concept on a scale of 1 to 5 (5 being the highest),
“category”: The Type of Concept,

3.3 Experimental Design

3.3.1 Purpose of the Experiment

To comprehensively evaluate the performance of the Ontology-Aware LLM Methodology for Military

Domain Knowledge Extraction (LLM-KE) proposed in this paper, the following experiments are designed
to verify three key scientific questions:

1

Comparison of Ontology Construction Capabilities. The comparison of ontology construction capabil-
ities focuses on two aspects: (1) to verify whether the ontology awareness layer of LLM-KE proposed



10 Comput Mater Contin. 2026;86(1)

in this paper can achieve the level of manual ontology construction based on the seven-step method,
thereby validating its effectiveness; and (2) to compare LLM-KE with state-of-the-art research works
such as LLMs4OL [26] to validate its technical advancement.

2. Comparison of Extraction Performance. To evaluate whether LLM-KE can achieve extraction accu-
racy comparable to current mainstream military knowledge extraction methods while maintaining
extraction efficiency.

3. Evaluation of Dynamic Ontology Adaptability. Military domain knowledge ontologies exhibit signifi-
cant dynamic evolution characteristics, requiring continuous updates to their structure in response to
the introduction of new equipment (e.g., hypersonic weapons), the iteration of tactical theories (e.g.,
multi-domain operations), and changes in the international strategic environment. Traditional manual
ontology maintenance models face three major challenges: (1) lag in knowledge updates; (2) high costs of
version iteration; (3) risk of cross-domain knowledge conflicts. Therefore, it is also necessary to examine
the adaptability of LLM-KE to dynamic ontology scenarios.

3.3.2 Datasets and Evaluation Methods

This study uses the same military domain dataset as in reference [27]. The dataset consists of 50
randomly selected military scenarios and battle case texts (approximately 320,000 characters) that have been
manually annotated, covering 6105 annotated military text entities.

To evaluate the ontology construction capabilities of LLM-KE, we adopted the seven-step method for
military domain ontology construction as described in reference [4]. Based on the aforementioned military
texts (5 documents randomly selected), we constructed a knowledge ontology that includes 11 entity types:
combat forces, countries, military types, equipment names, equipment types, equipment parameters, facility
names, facility types, combat times, combat areas, and combat environments, as shown in Table 3. The quality
of the ontology and its alignment with manually constructed ontologies were assessed using domain expert
consistency metrics. The evaluation metrics are ontology coverage and redundancy, calculated as follows:

{Ti € Texperthj € TLLM—KE) Sim (T,', t]) 2 08}

Coverage =

©)
‘Iexpert

‘J—LLM—KE - Texpert

Redundancy = (6)

{-Texpert
where Ty pers is the set of 11 entity types constructed by domain experts, Ty -xE is the set of ontologies
generated by LLM-KE, and Sim(+) is the cosine similarity function.

To evaluate the knowledge extraction capabilities of LLM-KE in the military domain, we assessed
precision (P), recall (R), and F; score. The evaluation metrics are calculated as follows:

TP
P=—— )
TP + FP
TP
- (8)
TP+ EN
5 _2°PR o)
" PyR

where TP represents the number of true positive samples correctly identified, FP represents the number
of false positive samples incorrectly identified as positive, and FN represents the number of true positive
samples not identified.
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Table 3: Military domain knowledge ontology constructed based on the seven-step approach

Item Entity type Description
1 Combat forces Entities responsible for executing combat operations.
2 Nation The sovereign state to which the combat forces belong.
3 Military branch Classification used to distinguish different types of armed forces.
4 Equipment name Public designation or model of a weapon system.
5 Equipment category Classification used to distinguish the operational domain of equipment.
6  Equipment parameters Performance metrics that define the capabilities of weapon systems.
7 Facility name Infrastructure utilized for military operations within combat scenarios.
8 Facility category Classification used to distinguish the functional domain of facilities.
9 Combat time Temporal element used to specify astronomical time in combat scenarios.
10 Combat region Geographical area where the military scenario is situated.
11 Combat environment  Environmental conditions relevant to entities during military operations.

To evaluate the dynamic ontology adaptability of LLM-KE, we used the BiGRU-MTATT knowledge
extraction method described in reference [27] to re-extract entities from the original corpus based on the
entity types listed in Table 3, and compared the results with those of the method proposed in this paper.

4 Results and Discussion

4.1 Comparison of Ontology Construction Capabilities

Five randomly selected documents were used as input for LLM-KE. The ontology generated by LLM-KE
was evaluated using the ontology coverage and redundancy metrics provided in Section 3.3.2. The generated
results and evaluation scores are shown in Table 4.

Table 4: Ontology coverage and redundancy assessment generated by LLM-KE

» <« » < »

Texpert = { “Combat Forces”, “Nation”, “Military Branch”, “Equipment Name”, “Equipment Category”,

“Equipment Parameters’, “Facility Name”, “Facility Category”, “Combat Time”, “Combat Region”, “Combat

Environment”}
Trim-xe = { “Weapon Systems”, “Fighter Aircraft”, “Company’, “U.S. Defense Contractors’, “British Air

» <« 3«

Force”, “British Military”, “Armed Forces”, “Nation”, “Time”, “Geographical Location”, “Organization’,

» <« » «

“Military Department’, “Equipment Model”, “Equipment Performance Metrics”, “Military System”

Evaluation metric Result
Coverage 0.73
Redundancy 0.36

The experimental results in Table 4 show that LLM-KE can generate a knowledge ontology that closely
aligns with the expectations of domain experts, even in a completely unsupervised setting, using only a
small-scale corpus.

To further evaluate the technical advancement of LLM-KE, a comparative analysis was conducted
between LLM-KE and the state-of-the-art research work (LLMs4OL [26]). The same evaluation metrics
as Formulas (5) and (6) were adopted to assess ontology coverage and redundancy. The generated knowledge
ontology results and evaluation scores are presented in Table 5.
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Table 5: Ontology coverage and redundancy assessment generated by LLMs4OL

» <« 3«

Texpert = { “Combat Forces”, “Nation”, “Military Branch”, “Equipment Name”, “Equipment Category”,

» <« >« » « >« »

“Equipment Parameters’, “Facility Name”, “Facility Category”, “Combat Time”, “Combat Region”, “Combat
Environment”}

» » <«

Tiimsaor = { “Weapon Delivery System”, “Defense Contractor”, “National Military Force”, “Air Force

Branch”, “Alliance Network’, “Service Entry Event”, “Delivery Event’, “Sensor Fusion’, “Avionics System’,

“Propulsion System”, “Defense Manufacturing”, “Technology Transfer Agreement”, “Military

Modernization Program’, “Alliance Defense Policy”, “Equipment Standardization”, “Defense Budget

2 < » « » «

Allocation”, “Military Doctrine Evolution Driver”, “Strategic Deterrence Capability”, “Military

>«

Timestamp’,

» <«

Equipment Serial Record”}

Evaluation metric Result
Coverage 0.28
Redundancy 0.66

The experimental results in Table 5 indicate that LLMs4OL [26] demonstrates domain-specific expertise
in military ontology comprehension. However, it was observed to deviate significantly from human-expert-
defined ontologies in the military ontology generation scenarios established in this study. This suggests
that the ontology aggregation capacity of LLMs4OL remains misaligned with human preferences in the
patent domain.

4.2 Comparison of Knowledge Extraction Performance

To comprehensively evaluate the performance of the fully unsupervised method LLM-KE proposed in
this paper for military domain knowledge extraction, we selected five classic supervised learning models as
benchmark comparisons: Bi-LSTM [28], Bi-GRU [29], BERT-BIiLSTM-ATT [30], BERT-BiGRU-ATT [31],
and BiGRU-MTATT [27]. The two types of methods exhibit significant differences in data dependency,
training mechanisms, and inference capabilities. Furthermore, we also selected the GPT-NER [8] method, a
representative unsupervised learning approach in general domains, for comparative analysis.

For the experimental data settings of the supervised learning models: 6105 manually annotated military
text samples were used, and the data were randomly divided into a training set (80%) and a validation set
(20%).

For the experimental settings of the unsupervised LLM-KE: LLM-KE does not require manually anno-
tated data and relies solely on the inference capabilities of the large language model (Deepseek-r1:671B, as
selected in this study) to complete knowledge extraction. Following the process outlined in Fig. 1, knowledge
extraction is automated through the domain corpus collection layer, ontology perception layer, knowledge
extraction layer, and annotation generation layer. The performance comparison results of LLM-KE and
traditional supervised learning models in the knowledge extraction task are shown in Table 6.

The experimental results in Table 6 lead to the following conclusions: (1) The proposed LLM-KE
achieves an accuracy of 75.1% in the knowledge extraction task, which is only at the lowest level of traditional
supervised learning models. This result indicates that relying solely on zero-shot prompts to guide the
large language model (Deepseek-r1:671B) for inference still has certain limitations in entity recognition and
boundary determination in the military domain, particularly in handling complex semantics or polysemous
entities, where misjudgments are more likely to occur. (2) The recall rate of LLM-KE reaches 91.1%,
significantly higher than that of traditional supervised learning models. This excellent performance is mainly
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attributed to the strong contextual understanding capability of Deepseek-r1:671B, which excels in capturing
long-distance dependencies and implicit semantics, thereby effectively reducing the phenomenon of missed
entity detections. (3) In the comparative experiments, the F1 score of LLM-KE is at a moderate level, reflecting
its ability to balance precision and recall. Although its precision is relatively low, the high recall rate ensures
that its overall performance remains competitive, especially in unsupervised scenarios, where it demonstrates
good application potential. (4) As shown in the comparative results with GPT-NER [8], although GPT-
NER demonstrates superior recall, its failure to emphasize the importance of ontology construction during
military domain knowledge extraction leads to suboptimal precision, resulting in a lower F1 score.

Table 6: Performance comparison of LLM-KE with traditional supervised learning models for knowledge extraction
tasks

Model P/% R/% F1/%
Bi-LSTM [28] 753 794 773
Bi-GRU [29] 776 831 80.3

BERT-BiLSTM-ATT [30] 80.7 824 815
BERT-BiGRU-ATT [31] 83.6 8L3 824
BiGRU-MTATT [27] 89.9 869 88.4
GPT-NER [8] 65.8 887 755
LLM-KE (ours) 751 911 823

Note: Bold values indicate the highest performance
score for each metric.

In summary, LLM-KE exhibits a significant advantage in recall in the knowledge extraction task, but
there is still room for improvement in terms of precision. Future work can focus on optimizing prompt
engineering or introducing a small amount of labeled data to further enhance its performance.

4.3 Evaluation of Dynamic Ontology Adaptability

Based on the military domain knowledge ontology constructed using the seven-step method (as
shown in Table 3), five documents were randomly selected from the original corpus. These documents were
manually annotated to create a test dataset of 1000 data points, which was used to simulate the dynamic
updating process of the knowledge ontology.

In the comparative experiments, the knowledge extraction prompts for LLM-KE were modified as
shown in Table 7. The supervised learning models listed in Table 6 were still trained and validated using an
80:20 split of the training and validation sets. The test results are shown in Table 8.

The experimental results in Table 8 lead to the following conclusions: Under dynamic ontology condi-
tions, the performance of traditional supervised learning models significantly declines in terms of precision
(P), recall (R), and F1 score (all F1 scores drop below 70). This decline is likely due to the insufficient amount
of labeled data available for supervised learning. In practical military scenarios, the amount of labeled data
available for training may be even more limited. In contrast, the impact of dynamic ontology on LLM-KE
is minimal (F1 score decreases by only 4.7 points), indicating that LLM-KE has stronger adaptability under
dynamic ontology conditions.



14 Comput Mater Contin. 2026;86(1)

Table 7: LLM-KE prompts

LLM-KE prompt

# You’re a weaponry analyst.

# Your task is extract the key concepts (and non personal entities) mentioned in the given context.

# Extract only the most important and atomistic concepts, if needed break the concepts down to the
simpler concepts.

# Categorize the concepts in one of the following categories: [<Combat Forces>, <Nation>, <Military
Branch>, <Equipment Name>, <Equipment Category>, <Equipment Parameters>, <Facility Name>,
<Facility Category>, <Combat Time>, <Combat Region>, <Combat Environment>]

# Format your output as a list of json with the following format:

[
{

“entity”: The Concept,
“importance”: The contextual importance of the concept on a scale of 1 to 5 (5 being the
highest),
“category”: The Type of Concept,

}

Table 8: Performance of LLM-KE Vs traditional supervised learning models in knowledge extraction tasks according
to the knowledge ontology in Table 3

0, 0, 0,

Model P/% R/% F1/%
Before After Before After Before After
Bi-LSTM [28] 75.3 60.9 79.4 71.9 77.3 69.9
Bi-GRU [29] 77.6 58.7 83.1 73.8 80.3 654

BERT-BiLSTM-ATT [30] 80.7 59.3 82.4 60.4 81.5 59.8
BERT-BiGRU-ATT [31] 83.6 66.9 81.3 63.1 82.4 64.9
BiGRU-MTATT [27] 89.9 70.1 86.9 63.2 88.4 67.8
LLM-KE (ours) 75.1 69.3 911 88.3 82.3 77.6

[ i —

Note: Bold values indicate the highest performance score for each metric.

5 Ablation Study

To evaluate the overall effectiveness of the proposed LLM-KE framework, an importance assessment was
conducted on the ontology perception layer and the knowledge extraction layer. Specifically, the evaluation
method described in Section 4.2 was used after separately removing the ontology perception layer and
the knowledge extraction layer (by removing the extraction prompt constraints). The results are shown
in Table 9.

The analysis of Table 9 shows that when the ontology perception layer and the knowledge extraction
layer are separately removed, the performance of LLM-KE significantly declines in terms of precision (P),
recall (R), and F1 score. Notably, the performance of knowledge extraction is particularly sensitive to the
presence of the ontology perception layer.
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Table 9: Results of the ablation trial evaluation

Model P/% /% R/% /% Fl/% /%

LLM-KE (Remove ontology awareness layer) ~ 63.5 116 578 333 605 218
LLM-KE (Remove knowledge extraction layer) 692 59 645 266 66.8 155
LLM-KE 751 - 91.1 - 82.3 -

6 Conclusions and Future Work

This study addresses core issues in knowledge extraction across various domains, including the scarcity
of supervised data, insufficient dynamic adaptability, and the immature application of Large Language Model
(LLM)-enhanced techniques. We propose a knowledge extraction method based on an LLM with ontology
awareness. By leveraging zero-shot learning and advanced prompt engineering, our framework, LLM-KE,
achieves extraction performance comparable to traditional supervised learning models, even in the complete
absence of annotated corpora. This success validates the potential of LLMs in mitigating data dependency
and establishes a reusable, generalizable methodology for the automated construction of domain-specific
knowledge graphs.

While our initial validation focused on the complex military domain—a challenging environment due
to its highly specialized terminology and data scarcity—the underlying principles of LLM-KE are designed
for cross-domain applicability. The core innovation lies in its ability to adapt to new domains without the
need for extensive retraining or fine-tuning, simply by modifying the prompt to define the new ontology.
This adaptability makes the framework an ideal candidate for deployment in a wide range of fields, such as:

o Medical science: Extracting relationships between diseases, symptoms, and treatments from clini-
cal notes.

o LegalTech: Identifying key entities and clauses in legal documents to build a knowledge graph of
case law.

o Financial analysis: Extracting market trends and relationships between companies from finan-
cial reports.

Despite these preliminary achievements, the task of robust knowledge extraction still presents several
challenges that require further exploration in future research:

o Improving Extraction Accuracy and Adaptability: While our zero-shot approach is effective, the
accuracy of LLM-based knowledge extraction can be further enhanced. We need to explore regular
incremental learning or continuous fine-tuning mechanisms to boost the LLM’s knowledge inference
capabilities and ensure its performance remains high as domain knowledge evolves.

« Automating Data Annotation: Future work will investigate research paradigms for expanding super-
vised datasets through automatic annotation by LLMs. This will significantly reduce the high annotation
costs of traditional supervised learning models and accelerate the development of more accurate,
domain-specific models.

o Multimodal Knowledge Fusion: Our future research will focus on multimodal knowledge fusion
and expansion. By integrating heterogeneous data sources—such as images, sensor data, and spa-
tiotemporal logs—we will study the collaborative mechanisms between LLMs and multimodal models.
This will extend the coverage of knowledge graphs from text to a joint representation of “text-image-
spatiotemporal” dimensions, providing a more comprehensive understanding of complex domains.
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