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Abstract

An offline language-based support tool is presented to assist pilot training and
tactical decision-making in air combat operations. The system applies retrieval-
augmented generation (RAG) to answer natural language questions using content
extracted from doctrinal and tactical manuals. Built entirely with open-source
components, it performs text preprocessing, embedding generation, and semantic
search locally, ensuring full offline functionality. Current capabilities are demon-
strated through use cases involving air combat manuals, and potential applications
are discussed in onboard mission systems, flight simulators, and training environ-
ments. The source code is modular and intended for public release to support future
extensions and integration.

1 Introduction

Air combat missions often require fast and reliable access to tactical information that is usually
found in lengthy and complex manuals. During planning or even in flight, pilots and mission
planners may need to consult this content quickly. However, doing so manually is often slow and
impractical, especially in environments where internet access is not available or allowed. The ability
to interact with technical documents in a natural and efficient way is increasingly valuable in defense
contexts [Möbius et al., 2023].

Recent progress in natural language processing (NLP), especially with large language models (LLMs),
has made it possible to build systems that answer user questions in plain language using information
from documents [Brown et al., 2020, OpenAI, 2023]. However, most of these tools depend on cloud
services, which limits their use in sensitive or disconnected environments such as military aircraft or
secure simulators.

To address this gap, we present an offline language-based support tool that uses retrieval-augmented
generation (RAG) [Lewis et al., 2020] to provide helpful answers based on doctrinal manuals. The
system combines document search with a local language model, allowing users to ask questions in
natural language and receive relevant, context-aware answers. It is built entirely with open-source
tools and works fully offline, making it suitable for use in onboard systems, simulators, and training
environments. The system is modular and can be adapted to different types of documents.

The main contribution of this work is the design and implementation of a tactical tool that runs
completely offline and helps users access sensitive documents that should not be processed online.
We show how it works using real examples from air combat manuals and explain how it can support
decision-making and training in air combat situations. We also propose a validation process with
experts to check the quality and usefulness of the answers provided by the tool.
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2 Related Work

NLP has been increasingly applied in military contexts to enhance decision-making, intelligence
analysis, and operational efficiency [Teze and Nazaruka, 2024]. Early initiatives, such as DARPA’s
TIPSTER program, aimed to improve information retrieval and extraction for defense applications,
laying the groundwork for subsequent advancements in military NLP systems [Defense Advanced
Research Projects Agency, 1991].

Recent developments have seen the integration of NLP in various military operations. For instance,
the U.S. Army’s TransApps program developed mobile applications that leverage NLP for tasks like
speech recognition, cultural training, and mission planning, demonstrating the versatility of NLP in
field operations [Defense Advanced Research Projects Agency, 2010]. Similarly, the MiTAP system,
developed by the Mitre Corporation, utilizes NLP to gather, translate, and present information for
monitoring global events, aiding in biosecurity and defense intelligence [Damianos et al., 2002].

In the field of intelligence analysis, NLP has been employed to process vast amounts of unstructured
data. Primer, an AI company, has developed NLP tools for the U.S. Special Operations Command to
analyze and identify disinformation campaigns, showcasing the role of NLP in modern information
warfare [Wired, 2020]. Additionally, the COA-GPT model employs large language models to
generate courses of action in military operations, highlighting the potential of NLP in strategic
planning [Goecks and Waytowich, 2024].

Specific applications of NLP in air combat have also been explored. For example, the Air Combat
Evolution (ACE) program by DARPA aims to develop collaboration between AI and human pilots,
allowing pilots to act as “battle managers” for unmanned aircraft [The New Yorker, 2022]. Moreover,
speech recognition systems have been implemented in advanced fighter aircraft, such as the F-35
Lightning II, to manage cockpit functions like adjusting radio frequencies and autopilot commands,
thereby reducing pilot workload [Schutte, 2007].

3 Methodology

The proposed system is designed to provide offline, natural language access to tactical knowledge by
combining document retrieval and generative language modeling. It follows a modular architecture
with five key elements: document indexing, semantic retrieval, language model interaction, user
interface, and offline deployment.

Document Indexing: The pipeline starts by preprocessing and indexing doctrinal and tactical
manuals stored locally. Supported formats (.txt, .pdf, .doc, .docx) are converted into raw text. The
all-MiniLM-L6-v2 model from SentenceTransformers [Reimers and Gurevych, 2019] generates
fixed-size embeddings, stored in a FAISS index [Johnson et al., 2019] for efficient similarity search.
A metadata file links document names to their embeddings.

Semantic Retrieval: When a user submits a natural language question, the system computes its
embedding using the same all-MiniLM-L6-v2 model and performs a nearest-neighbor search over
the FAISS index. The top-k most relevant documents (default k = 3) are selected, and their contents
are concatenated to form a textual context. This context is passed as input to the language model. All
retrieval logic is implemented in Python using the FAISS and SentenceTransformers libraries.

Language Model Interaction: The context and user query are forwarded to a locally deployed large
language model via the Ollama API [Ollama, 2023]. The model used is a fine-tuned variant of Mistral
called mistral:instruct, which operates entirely offline. Mistral is an open-weight transformer-
based model designed for efficient inference and strong performance on language tasks [Mistral
AI, 2023]. A FastAPI [Ramírez, 2018] backend handles requests from the interface or external
applications and formats the prompt as a simple concatenation of the retrieved context and the user’s
question. The response is generated locally and returned to the interface.

User Interface: The interface is built using Tkinter [Python Software Foundation, 2024], a
lightweight GUI library for Python. It allows users to type questions in natural language and
receive AI-generated answers. The GUI includes support for keyboard shortcuts, error handling, and
customization options such as a splash screen and application icon. All interactions with the backend
occur through HTTP requests to the local FastAPI server. Figure 1 shows a screenshot of the user
interface, where the assistant answers a tactical question using doctrinal content offline.
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Figure 1: Screenshot of the offline assistant’s graphical interface.

Offline Deployment: All components are designed to run entirely offline, supporting use in air-
gapped environments. The embedding model, FAISS index, and the language model are all stored
locally. The system can be packaged using tools like PyInstaller [PyInstaller Development Team,
2025] to create a standalone executable, and no internet connection is required at runtime. This
ensures suitability for sensitive or classified military applications. Figure 2 summarizes the overall
architecture and data flow of the system, showing how user queries are processed through semantic
retrieval and local language generation.
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Figure 2: Overview of the offline tactical assistant system architecture.

4 Validation Proposal

To assess the effectiveness of the proposed system in supporting tactical decision-making, we propose
a validation procedure based on the analysis of publicly available air combat manuals. As we cannot
include or disclose classified military documents in this study, the main reference will be chapter
5, "Section Tactics: Two-versus-One", of Robert L. Shaw’s manual “Fighter Combat: Tactics and
Maneuvering” [Shaw, 1985]. This chapter provides comprehensive descriptions of section-level
tactics, two-versus-one engagements, and the tactical principles relevant to our validation.

The validation will involve extracting tactical concepts and scenarios from the manual and using
them to formulate strategic questions that reflect typical queries a pilot or mission planner might have.
These questions will serve as a reference to evaluate the tool’s ability to retrieve and generate accurate
and contextually appropriate responses. The validation process will include the following steps:
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1) Question Formulation: Strategic questions will be developed, covering aspects of air combat tactics.
2) System Query: Each question will be submitted to the tool, and the generated responses will be recorded.
3) Expert Review: Subject matter experts (SMEs) in air combat will evaluate the responses.
4) Scoring: Responses will be rated based on predefined criteria: relevance, accuracy, and completeness.

The responses will initially be evaluated by a panel of 5 SMEs in air combat tactics. This number was
chosen to provide a balance between the diversity of expert opinions and the practical feasibility of
conducting a structured assessment. Prior studies suggest that panels of 5 to 10 experts are sufficient
for exploratory evaluations involving domain-specific judgment [Okoli and Pawlowski, 2004]. Each
SME will independently rate the responses using a 5-point Likert scale [Boone and Boone, 2012],
assessing the relevance, accuracy, and completeness of each answer.

To analyze the results, the mean and standard deviation of the scores for each question will be
computed. In addition, inter-rater agreement will be assessed using statistical measures such as the
Intraclass Correlation Coefficient (ICC)[Koo and Li, 2016] and Kendall’s coefficient of concordance
(W)[Legendre and Legendre, 2012]. These analyses will help determine the consistency among
expert evaluations and the overall effectiveness of the tool in generating doctrinally sound responses.

The following example questions were chosen to reflect important aspects of air combat. They include
decisions made during the initial merge, pursuit tactics, offensive maneuvers, energy management,
and defensive actions. This helps ensure the tool is tested on different types of tactical situations.

Question 1: What is the primary advantage of flying as a section instead of a single fighter?
Question 2: What are the main advantages of the Fighting Wing formation for new pilots?
Question 3: What are the main weaknesses of the Fighting Wing doctrine?
Question 4: What tactical innovation did the Double Attack introduce compared to Fighting Wing?
Question 5: How does the Loose Deuce differ from the Double Attack in offensive engagement?

The SMEs will evaluate each response using a 5-point Likert scale, ranging from 1 (poor) to 5
(excellent), according to three key criteria: relevance (how well the response addresses the question),
accuracy (the correctness of the information based on the manual), and completeness (whether the
response covers all key aspects of the question).

The aggregated scores and expert feedback will provide a basis for assessing the system’s potential as
a tactical decision support tool in air combat contexts. Results from this validation will guide further
refinements in retrieval and response generation.

5 Conclusion and Future Work

This work presented an offline tactical assistant that combines document retrieval with a local
language model to support decision-making and training in air combat operations. The tool allows
users to ask questions in natural language and receive answers based on doctrinal manuals, even in
environments without internet access. It was built using open-source tools and follows a modular
architecture, making it suitable for integration into simulators and mission planning systems.

An initial set of tests using content from a widely known air combat manual showed that the tool has
the potential to produce relevant and accurate answers to strategic questions. These promising results
led to the design of a more complete validation process, which has already been planned and will
include structured evaluation with SMEs.

Future work will focus on four main improvements: validation with military personnel, where
the proposed procedure will be tested with fighter pilots and tactical instructors to assess the tool’s
usefulness in real scenarios; dialogue history and context awareness, adding support for follow-up
questions and maintaining context across interactions; integration with simulation environments,
enabling dynamic queries during training sessions; and voice interface, developing a voice-controlled
version to support hands-free use during flight or simulator-based training.

Offline tools like the one presented in this work may eventually help pilots access relevant tactical
knowledge during training, operational missions, or post-mission debriefings. Although still in its
early stages, this type of system has the potential to serve as a valuable support tool in simulators or
onboard aircraft, particularly in air combat operations that demand quick decision-making under high
pressure and without reliable connectivity.
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