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Abstract—Requirements specification is a pivotal activity in
software development. The use of structured templates for
specifying requirements can improve their clarity, consistency,
and analyzability, which is particularly important in safety-
critical domains such as avionics to support verification and
certification activities. However, template-based requirements
specification is typically a manual, resource-intensive process
that requires domain expertise. Large Language Models (LLMs)
provide promising capabilities for automating this task, especially
when augmented with domain knowledge, yet their effectiveness
in template-based requirement specification remains unexplored.
In this paper, we present an empirical evaluation of LLMs
for generating template-based functional requirements from raw
textual specifications, and we investigate the impact of enriching
LLM inputs with explicit domain models compared to unstruc-
tured textual context. We conducted 138 experiments evaluating
three LLMs with multiple prompting strategies on two avionics
datasets containing 146 requirements. The results indicate that
simple few-shot prompting is the most effective strategy for this
task. Although domain models improve execution efficiency, the
gains over unstructured text are not substantial enough to justify
the overhead of creating and maintaining those models.

Index Terms—Requirement Specification, Requirement Tem-
plates, Model-Driven Engineering, Large Language Models

I. INTRODUCTION

Requirements are fundamental software artifacts [1], par-
ticularly in safety-critical systems (SCS) which must comply
with strict certification standards. In industrial contexts, re-
quirements are typically specified in Natural Language (NL),
which can introduce ambiguity and inconsistency. In fact,
approximately 70% of software defects originate from faulty
requirements, further highlighting the importance of accu-
rately specified requirements [2f]. Controlled Natural Language
(CNL) addresses these issues by constraining the vocabulary,
syntax, and semantics of a base language through predefined
templates with fixed parts and placeholders [3]], thereby im-
proving requirement quality while preserving readability [4].

With the rapid advancement of Artificial Intelligence (AI),
Large Language Models (LLMs) have been widely deployed to
support various software engineering phases, particularly Re-
quirements Engineering (RE) [5]]. LLMs are advanced models
with billions of parameters trained on vast datasets, featuring
sophisticated capabilities in NL processing and generation [6],
[7]l. These capabilities make them highly relevant for RE in
general, and requirements specification in particular. Further-
more, they are capable of processing structured data, such as

models, thereby enabling the implementation of Model-Driven
Engineering (MDE) within LLM-based pipelines. Leveraging
MBDE facilitates the augmentation of the LLM with structured
domain context, while facilitating and automating downstream
RE tasks such as testing [8§]].

While various CNL approaches for requirements specifi-
cation have been proposed in literature (e.g., [4f, [91-[12]),
they do not leverage the reasoning capabilities of LLMs.
On the other hand, the majority of LLM-based requirements
specification approaches do not utilize CNL. Furthermore, they
often do not rely on domain knowledge to ensure requirement
correctness, and rarely incorporate structured domain knowl-
edge, such as domain models, into the specification process.

In this paper, we empirically evaluate the use of LLMs for
generating template-based requirement specification. Specif-
ically, we investigate their ability to reformulate raw tex-
tual requirements into the Operational Behavior Template, a
functional-requirement template introduced in our previous
work [4], [13]]. We also examine whether domain models
provide greater benefits than unstructured textual context when
enriching prompts. We compare multiple prompting strategies:
zero-shot, few-shot, traditional RAG, domain-model-enhanced
(DM-enhanced) RAG, and hybrid approaches combining few-
shot prompting with RAG. The evaluation comprises 138
experiments evaluating three models GPT5.4, Llama 3.1:8B
and Mistral:7B across two datasets derived from the ARINC-
653 standard [[14] totaling 146 requirements. All experiments
were assessed across three dimensions: logical decomposition,
structural reasoning, and semantic grounding.

The results show that GPT-5.4 outperforms Llama and
Mistral across all experiments and prompting variations. The
highest performance was achieved through few-shot prompt-
ing, suggesting that LLMs prioritize illustrative examples over
domain context for this task, as they provide both task-related
and domain-specific guidance. This advantage was consistent
across all evaluation dimensions. An optimal configuration
of eight examples achieved an overall correctness score of
0.83 and 0.75 across the two datasets. On the other hand,
while leveraging domain models instead of unconstrained
textual context enabled execution time savings, performance
improvements over traditional RAG were marginal (e.g., 2.8%
and 1.5%). This suggests that the overhead of creating and
maintaining domain models might not be justified for this task.
Finally, combining few-shot with RAG (both traditional and
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DM-enhanced) yielded lower performance than simple few-
shot prompting, indicating that excessive context may have
introduced noise and confused the models.

The remainder of the paper is organized as follows. Sec-
tion [I] presents the related work. Section [[II] presents the
background of the study. In Section[[V] we outline the research
method. Section [V] and Section present the evaluation
results and provide a discussion of our findings, respectively.
Finally, Section outlines the threats to validity and Sec-
tion [VITI] concludes the paper and presents the future work.

II. RELATED WORK

Several approaches and tools have been proposed to support
the semi-formal specification of requirements using templates
[4], [9]-[12]. For instance, FRET is a tool developed by NASA
to facilitate the specification and analysis of requirements
using a CNL called FRETis, while automating the translation
of CNL requirements into temporal logic through a set of
specialized algorithms [10]. MD-RSuT [4] is a tool for model-
driven requirements specification based on seven templates de-
rived from different certification standards. The tool supports
the specification and auto-filling of requirements using domain
models [4]]. Similarly, the works in [[11]Jand [[12]] provide term
suggestions to assist in template completion, with the latter
leveraging ontologies and NLP techniques for term selection.
While existing approaches partially automate template-based
requirements specification, they still require substantial manual
effort for template completion and correctness verification.
Moreover, they rarely exploit MDE, despite its demonstrated
benefits for downstream RE tasks. Leveraging LLMs for
template-based specification could effectively address these
limitations through their advanced reasoning capabilities.

Several approaches explored the use of LLMs in RE [5],
[15]-[21]]. Existing work focused on generating requirements
artifacts, such as user stories [17]] and specification documents
[16], as well as supporting requirements auto-completion [[18]],
formalization [19], and quality assurance through clarity and
correctness verification [20]], [21]. However, these approaches
generally do not target CNL requirements and rarely rely on
templates. Moreover, approaches that leverage formal models
primarily focus on translating requirements into formal specifi-
cations rather than improving NL requirements. To the best of
our knowledge, no existing approach combines the reasoning
capabilities of LLMs with MDE to support template-based NL
requirements specification.

III. BACKGROUND

In our previous research [4]], [[13]], we proposed RESPECT,
a model-driven and template-based approach for requirements
specification and verification. RESPECT leverages MDE tech-
niques to: (1) model requirement templates, and (2) link the
template models to domain models in order to support re-
quirements verification and auto-filling. RESPECT establishes
a systematic process for the creation of templates, which was
applied on ARINC-653, a standard from the avionics domain
used for the certification of real-time operating systems [14].

[<condition>

[AND <condition>]* (one per line)
Then]

<operational behavior action>

Fig. 1. The operational Behavior Template

This application resulted in a set of seven templates covering
both functional and data requirements [4].

To support RESPECT, we developed MDRSuT, an editor
that enables template-based requirements specification and
auto-completion using domain models. RESPECT was later
extended to support the automated generation of test artifacts,
further demonstrating the benefits of combining templates with
MDE [8]. Despite these capabilities, requirements specifica-
tion remains labor-intensive, as most template placeholders
must still be completed manually. This study investigates
whether LLMs can reduce this effort by automating template
completion. We focus on the Operational Behavior Template,
the most commonly used RESPECT template for specifying
functional requirements [4]. The following sections introduce
the two RESPECT components used in our study: the Opera-
tional Behavior Template and the domain models.

A. Operational Behavior Template

The operational behavior template specifies functional re-
quirements, describing the behavior of a system or its com-
ponents. As shows, it describes an action that an
entity performs either globally or when condition(s) apply. An
operational requirement includes zero or multiple conditions
(denoted by the ”*” notation), and exactly one action.

The Operational Behavior Template supports five con-
dition types (Figure 2): continuous-action, discontinuous-
action, event-driven, value-related, and range-related con-
ditions. Continuous-action, discontinuous-action, and event-
driven conditions describe actions occurring over time, inter-
mittently triggering another action, or being triggered by a
specific event, respectively. They share a common structure
consisting of a subject, an action verb, an object, and optional
details, differing mainly in their conditional keywords (while,
when, and if), verb tense, and organization. Value-related
and range-related conditions express constraints on parameter
values and ranges. Both are defined by a parameter name, a
value or range, and optional associated entities and details.

The operational behavior template supports two types of
actions: Operational actions, describing an action that a sub-
ject performs on an object, and Value-related actions, which
specify a subject setting a parameter to a certain value.
provides examples of ARINC-653 requirements specified ac-
cording to the operational behavior template. Specifically, R/
illustrates a requirement that includes a discontinuous action-
driven condition, a value-related condition, and an operational
action, R2 illustrates a continuous-action driven condition, an



<Condition>

<Continuous action-driven condition> : While <subject> [<detail>] <action verb(-ing)> [<object>] [<detail>]*
<Discontinuous action-driven condition> : When <object> [<detail>] <action verb(-ed)> [ [<adverb>] <object> [<detail>] ]*
<Event-driven condition> ¢ If <subject> [<detail>] <action verb> [ [<adverb>] <object> [<detail>] |*
<Value-related condition> : If <parameter name> [of <entity> [<detail>]*"] is equal/inferior/superior to <value>
<Range-related condition> : If <parameter name> [of <entity> [<detail>]*] is within /out of <value range>

<Operational action> : <subject> [<detail>]* shall <action verb> [ [<adverb>] <object> [<detail>] ]*

: <subject> [<detail>]* shall set <parameter name> [of <entity> [<detail>]*] to <value>

<Preposition>

<Value range> [ <minimum value>, <maximum value> ]

<Action> <<Value-related action>

<Subject> / <Object> :<range> <entity>

<Detail> : [ <preposition> ] [ <range> ] <entity>

<adverb> :for /as/from/to/by/upon/in

<value> : <parameter name> [of <entity> [<detail>]*] / <concrete value>/valid value / invalid value / infinit value
<range> :the/an/a/each/only one/all/one or more/ at least one / other / another

:with / using / within / for / of / at / before / after / without / outside / in / on / via / until / to / other than / between / and

Fig. 2. The templates for conditions and actions

TABLE 1
EXAMPLES OF OPERATIONAL BEHAVIOR REQUIREMENTS

ID | Specified Requirement

R1 When the OS calls the RAISE_APPLICATION_ERROR service
AND

If ERROR_CODE is equal to DEADLINE_MISSED

Then

the OS shall set RETURN_CODE to INVALID_PARAM

R2 | While the error handler process is executing

AND

If The ACQUIRE_MUTEX service is called

Then

The ACQUIRE_MUTEX service shall return an error

R3 | If LOCK_LEVEL of a process within the partition is superior to 0
Then

The OS shall schedule the error handler process

event-driven condition, and a value-related action, and R3
illustrates a value-related condition and an operational action.

B. Domain Models For Requirement Auto-filling

In SCS, requirements correctness is essential, as defects in-
crease development costs, delay projects, and may compromise
certification. This motivates the need for the verification of
requirements against domain knowledge, or ideally, ensuring
their correct-by-construction specification. Domain models
help ensure correctness by providing a structured represen-
tation of domain knowledge through classes, attributes, types,
and associations. presents a fragment of the ARINC-
653 domain model for the Health monitor service, which is
responsible for error detection and recovery. For example, the
type ErrorCodeType defines valid error codes, while associa-
tions capture relationships between domain concepts, such as
the Error handler process and the the Process-level errors.

In our previous work, we automatically filled placeholders
in data requirements using predefined mapping rules between
data requirement templates and domain models. However,
this approach did not apply to the Operational Behavior
Template, as its placeholders do not consistently map to
domain model concepts. Since it is the most frequently used
template, grounding its specification in domain knowledge
remains important.

Process level error B D‘.ll Error handiler p I =
ErrorCode: ErrorCodeType r' TR ErrorCodeType
! DEADLINE_MISSED
APPLICATION_ERROR
NUMERIC_ERROR
Impacts 1 (Preesaras ILLEGAL_REQUEST
STACK_GVERFLOW
_ MEMORY_VIOLATION
I Run on HARDWARE_FAULT
[ e | S

Fig. 3. Fragment of the ARINC-653 Health Monitor domain model

IV. RESEARCH METHOD

The goal of this empirical evaluation is to assess the effec-
tiveness of LLMs in supporting template-based requirements
specification, as well as the impact of domain models on the
specification task. In this section, we detail the experimental
setup. First, we define the research questions addressed by this
study, the datasets used for the experiments, and the selected
LLMs. Then, we outline the experimental configurations and
the prompting techniques. Finally, we present the metrics used
for analyzing the results of the experiments.

A. Research Questions

RQ.1: To what extent do State Of The Art (SOTA)
LLMs and different prompting strategies effectively generate
template-based requirements specifications? This RQ aims
to evaluate and compare the performance of zero-shot, few-
shot, and RAG across three SOTA LLMs for template-based
requirements specification.

RQ.2: How does the use of domain models as RAG context
compare to unstructured textual context for template-based
requirements specifications? This RQ investigates whether
domain models improve LLM performance and execution time
compared to textual context.

B. Datasets

We perform our evaluation on two datasets from the avionics
domain. Specifically, we cover two services of the ARINC-
653 certification: the Health Monitor (HM) and Intra-Partition
Communication (IPC) [14]]. The HM is responsible for de-
tecting and handling errors, while the IPC service manages



all communication between processes of a partition (i.e., a
logically isolated execution unit of the application). These
services were selected as: (1) they include requirements that
differ in terms of content and structure, (2) their original re-
quirements were reformulated using the Operational Behavior
Template in our prior work [4], producing a ground truth
(GT) specification, and (3) we have already developed the
domain models for these services in our previous research [4],
[22]]. Both the specified requirements and domain models were
evaluated and validated by an RE expert and our industrial
partner. Both datasets were published as part of our previous
work and are available through [23].

The HM dataset contains 30 input requirements refined into
53 operational behavior requirements, while the IPC dataset
includes 68 input requirements refined into 93 requirements.
Overall, the evaluation covers 98 input requirements refor-
mulated into 146 operational behavior requirements.

C. Selected LLMs

To evaluate the performance of LLMs for template-based
requirements specification, we selected three models which
were frequently used in requirements specification research
[5], [16], [17]: GPT, Llama, and Mistral. The GPT family
has been shown in the literature to be highly effective in RE-
related tasks; thus, GPT-5.4 was selected as the most recent
model. Similarly, Llama and Mistral represent prominent
open-source models that have proven effective for this task [5]],
[16]], [17]. Thus, we selected the newest versions that we could
implement via Ollama, i.e., Llama 3.1:8B and Mistral:7B. Our
LLMs selection ensures coverage of: (1) both proprietary and
open-source LLMs, (2) diverse model families, and (3) LLMs
most frequently used in literature for the specification task.

D. Experimental Configurations

In order to address the research questions, we define and im-
plement six experimental configurations. For RQ1, we evaluate
the selected LLMs across three prompting techniques: zero-
shot, few-shot, and Retrieval-Augmented Generation (RAG).
Thus, we cover three configurations. The first configuration
C1 prompts the LLMs directly without providing domain
context or examples. It aims to assess the models’ reason-
ing capabilities. In the second configuration C2, we provide
examples of requirements and their specification to the LLM.
This configuration aims to evaluate the necessity and effec-
tiveness of few-shot examples in guiding the LLM. In the
third configuration C3, we augment the prompt with domain
context extracted from the ARINC-653 specification through
RAG. This configuration aims to assess the impact of domain-
specific knowledge on specification accuracy.

To address RQ2, we implement three additional configu-
rations. In configuration C4, we use a domain model en-
hanced (DM-enhanced) RAG where we provide the LLM with
context in the form of several domain model snippets. This
configuration enables a direct comparison between traditional
textual RAG (C3) and DM-enhanced RAG to determine the
impact of model-based context on both LLM performance

and execution time. In the final configurations C5 and C6,
we combine both few-shot and RAG, and few-shot and DM-
enhanced RAG, respectively. These configurations evaluate
whether providing both task-related context (examples) and
domain-related context optimizes LLM effectiveness.

Overall, this study covers six experimental configurations
evaluated across three LLMs and two datasets, while consid-
ering various hyperparameter variations for each configuration,
resulting in a total suite of 138 experiments.

E. Prompting Techniques

Aligned with with the experimental configurations in
Section we assess various prompting techniques for
template-based requirement specification: zero-shot, few-shot,
traditional RAG, and DM-enhanced RAG. For the four tech-
niques, we use the base prompt presented in The
difference lies in the context added for each technique. For
instance, in both traditional and DM-enhanced RAG, we add
a ’Domain context’ section where the retrieved information
is provided. Similarly, for few-shot, an ’Examples’ section is
added to inject the selected examples into the prompt.

Zero-Shot. As illustrated in the prompt is struc-
tured into eight sections. The first section prompts the LLM
to adopt a persona of a requirement engineer expert in the
ARINC-653 standard and defines the specification task. The
second section ”Requirement to analyze” includes the input re-
quirement that LLM should specify according to the template.
The third section ”Instructions” provides a list of instructions
and steps that guide the LLM through the specification. For
instance, it instructs the LLM to first divide the input require-
ment into atomic requirements before applying the template.

The fourth section defines the format of the output. Specif-
ically, the LLM is instructed to generate a rationale and a
confidence score alongside the specified requirements for each
input requirement. Prompting the LLM to provide explicit
rationales enhances their reasoning capabilities and supports
credibility [24]. Furthermore, providing confidence scores en-
hances the interpretability of the LLM’s outputs [25].

The ”Definition of the template” section provides a de-
scription of the template. Specifically, it lists and defines the
types of conditions and actions supported by the operational
behavior template. The subsequent sections then present the
template itself ("Textual Template”) as well as the templates
for conditions and actions (“ZTemplates for Conditions and
Actions”), as described in Finally, the “Notations
Clarification” section explains the notations used to document
the templates, e.g., that “< >” denotes placeholders that must
be filled. In the case of the few-shot and RAG experiments, an
additional context section is added at the end of the prompt.

Traditional RAG. For RAG, we used Chapter 2 and
Appendices E and H of the ARINC-653 specification as
context [[14]. These sections were selected as: (1) chapter 2
provides an extensive description of the ARINC-653 services,
including the HM and IPC, (2) appendix E defines all ARINC
specification types and functions, and (3) appendix H includes
schema code detailing these types and their valid value ranges.



# Requirement to Analyze:

#Instructions:

- The output requirement(s) should be in active voice.

#0Output Format

The output MUST be structured using these exact labels, each on a new line:
##Reformulated Requirement(s): [Requirement(s)]**

#*Rationale: [EXPLANATION]**

##Confidence Score: [SCORE]**

# Definition of the template:

template allows zero or multiple conditions but only one action within the requirement.

and (5) Range-related conditions: specify whether a parameter is within or out of a certain range.

# Textual Template:

[when / while / if
<condition>

[AND <condition>]*

Then]

<operational behavior action>

# Predefined Templates:
Contil tion-driven
Di i ti

: While <subject> [<detail>] <action verb(-ing)> [<object>] [<detail>]*

driven
<Event-driven condition> : If <subject> [<detail>] <action verb> [ [<adverb>] <object> [<detail>] ]*
<Value-related condition> : If <parameter name> [of <entity> [<detail>]*] is equal/inferior/superior to <value>
<Range-related condition> : If <parameter name> [of <entity> [<detail>]*] is within / out of <value range>
<Operational action> : <subject> [<detail>]* shall <action verb> [ [<adverb>] <object> [<detail>] ]*
<Value-related action> : <subject> [<detail>]* shall set <parameter name> [of <entity> [<detail>]*] to <value>

<Subject> / <Object> : <range> <entity>
<Detail> : [ <preposition> ] [ <range> ] <entity>
<adverb> : for / as / from / to / by / upon / in

<range> : the / an / a / each / only one / all / one or more / at least one / other / another
<Value range> : [ <minimum value> , <maximum value> |

# Notations clarification:

- < > denotes the variable parts that should be filled.

- [ ] denotes an optional block within the template.

- * denotes the possibility of having zero or many instances of a block.
- "/" denotes the options that can be used to fill the variable parts.

- The output requirement(s) should not describe a different action or be semantically different from the input requirement.
- Provide a confidence score of the reformulated requirement(s), from a score of 0 to 3, with 0 being not confident at all and 3 being the most confident.
- Provide a rationale explaining all the decisions made during the reformulation. Provide only one paragraph for the rationale.

<value> : <parameter name> [of <entity> [<detail>]*] / <concrete value> / valid value / invalid value / infinite value

You are a requirement engineer expert in the ARINC-653 certification. You will be provided with a functional requirement which was extracted from the Health Monitor section of the ARINC-653 specification.

Given the following instructions, template definitions, and domain model information, your task is to analyze the requirement, divide it if necessary, and reformulate it according to the template.

- If the requirement includes multiple subjects, action verbs, or objects within the action section, divide it into multiple requirements that each covers one subject, one action verb, and one object. You must generate all the requirements.
- If an element of the template is missing from the requirement in order to match the template, identify the correct information from the domain model.

- If a missing element cannot be identified from the domain model nor from the domain context, leave it empty and explain why in the rationale.

- Make the requirement verifiable when possible. If a condition or an action can be specified by a parameter and its value, replace it by the parameter attribute to make the requirement more verifiable.

- You must not add a condition if it is not specified in the input requirement or if it does not provide new information.

- If a requirement is already atomic and matches the template, do not change the wording unless it contradicts the Domain Model.

- The output requirement(s) should be written exactly according to the template. Do not add or remove any element from the template.

- The template is used to specify functional requirements, describing an action that the system or its components perform under specific conditions. It includes two blocks: one block for conditions and another block for an action. The

- The template supports five types of conditions: (1) continuous action-driven conditions: describe a continuous action that triggers another action, (2) Discontinuous action-Driven conditions: describe a discontinuous action that can trigger
another action, (3) Event-driven conditions: describe a constraint that is triggered by an event occurring at a specific moment of time, (4) Value-related conditions: specify whether a parameter is equal, inferior, or superior to a certain value,

- The template supports two types of actions: (1) operational actions specify an action that a subject shall perform on an object, and (2) value-related actions specify that a subject shall set a parameter to a certain value.
- The structure of the template is described in the textual template below. The templates for all types of conditions and actions are described in the predefined templates below.

- The reformulated requirement MUST be structured using this exact template, with each line of the template placed on a new line:

: When <object> [<detail>] <action verb(-ed)> [ [<adverb>] <object> [<detail>] ]*

<Preposition> : with / using / within / for / of / at / before / after / without / outside / in / on / via / until / to / other than / between / and

Fig. 4. Base Prompt for the experiments

To evaluate various RAG configurations, we analyzed two
parameters: chunk size and the number of retrieved chunks.
For chunk size, we compared two values: 500 and 1000
characters, with 200 character overlap, enabling the inclusion
of sufficient context while evaluating the impact of varying
sizes. For the number of chunks, we experimented with 2, 4,
6, 8, and 10 chunks, covering a broad range of context lengths.

Few-Shot. For the few-shot evaluation, we experimented
with 2, 4, 6, 8, and 10 examples. Following prior work [26]-
[28]] examples were selected dynamically for each requirement
from the remaining dataset based on semantic similarity. This
approach was preferred over a train-test split due to the limited
dataset size, which would otherwise reduce the test set and
weaken the robustness of the evaluation.

DM-enhanced RAG. For domain-model-based RAG, we
used a domain model comprising four sub-packages: HM
errors, HM configuration tables, partition management, and
intra-partition communication. Partition management was in-
cluded because of its dependencies with the other sub-

packages and the domain concepts it provides. The model
was represented textually using PlantUMIﬂ a widely used
and LLM-friendly modeling language [29], [30]. Following
established chunking guidelines [31], each chunk contained a
single class, association, or enumeration to preserve semantic
completeness. Since the chunks are smaller and the same
concept can be included in multiple chunks, we experimented
with 5, 10, 15, and 20 chunks, as well as providing the entire
domain model as context.

presents a snippet of the HM domain model in
PlantUML. It illustrates the Process level error and Error
handler process classes, the Handles association between
them, and the ErrorCodeType as defined in During
the chunking process, for instance, this snippet will be divided
into four chunks, each covering a model entity: the Process
level error class, the Error handler process class, the Handles
association, and the ErrorCodeType enumeration.

Uhttps://plantuml.com/en/
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Listing 1. Snippet of the HM domain model in PlantUML.

@startuml

class "Process level error" {
ErrorCode: ErrorCodeType

}

class "Error handler process"

"Error handler process" "0..1" —--> "x" "Process
level error": Handles

enum ErrorCodeType {
DEADLINE_MISSED
APPLICATION_ERROR
NUMERIC_ERROR
ILLEGAL_REQUEST
STACK_OVERFLOW
MEMORY_VIOLATION
HARDWARE_FAULT
POWER_FAIL

}

@enduml

F. Metrics

Template-based specification cannot be evaluated mean-
ingfully using a single absolute metric. It requires multiple
dimensions taking into consideration the model’s ability to
use domain information and adhere to the template. Thus,
we decompose the evaluation into three stage-specific metrics
which assess: (1) the correctness of the decomposition, (2) the
correctness of the selected template, and (3) the correctness of
the template instantiation, conditional on selecting the correct
template. Accordingly, our evaluation includes metrics that
cover three cognitive capabilities of LLMs that reflect the
stages of the specification process: logical decomposition,
structural reasoning, and semantic grounding. Each metric ex-
clusively measures its corresponding capability without being
penalized for incorrectly executed previous steps. Structural
reasoning is evaluated only for requirements where decom-
position was executed correctly and sematic grounding is
measured strictly for requirements that demonstrated correct
structural reasoning. In the following, we define each dimen-
sion and its metrics.

Logical decomposition. This dimension evaluates whether
the requirement was correctly decomposed into atomic re-
quirements. An atomic requirement describes a single capabil-
ity of the system, describing the action with one subject, one
action verb, one object, and optionally other details related to
the object. To measure logical decomposition, we consider two
metrics: Atomicity Precision (AP), which measures whether
generated requirements are truly atomic, and Atomicity Recall
(AR), which measures whether all expected atomic require-
ments were extracted.

AP — Number of correctly generated atomic requirements
N Number of generated requirements

(D

AR — Number of correctly generated atomic requirements

Number of expected atomic requirements
2)
Structural reasoning. This dimension assesses whether
the LLM selected the correct templates for conditions and

actions. It is evaluated through one metric: Template Accuracy
(TA), which measures the percentage of templates that were
correctly selected by the model relative to the total templates
within the correctly decomposed requirements.

Number of correctly selected templates

TA = - -
Number of templates in correctly decomposed requirements

Semantic grounding. This dimension evaluates the correct-
ness of the information used to fill the placeholder slots within
the condition and action templates. It is assessed through
one metric, Slot Filling Precision (SFP), which measures the
percentage of slots that were correctly filled out of the total
slots of correctly selected templates.

Number of correctly filled slots

SFP =
Number of slots in correctly selected templates

To derive a single score that reflects the overall correctness
of the specification across all dimensions, we compute a
weighted combination of the correctness metrics. The Overall
Correctness (OC) metric aggregates the metrics based on
their relative significance to the specification process and the
research objectives. Since the evaluation focuses exclusively
on correctness, OC is computed using only the correctness
metrics, namely (T'A), (SF P), (AP). There are no predefined
weights for these metrics. The weights should be determined
based on the evaluator’s objectives. In our case, since our
main goal is to evaluate the LLM’s ability to adhere to the
template structure and accurately leverage domain information,
we allocate a higher weight (0.4) to Template Accuracy
(T'A) and Semantic Grounding (SFP) compared to Logical
Decomposition (AP 0.2).

OC=a-AP+B-TA+~-SFP (5)

G. Metrics Calculation

To ensure objective and consistent evaluation, we developed
scripts to calculate all metrics, using the regex library. The
metrics scripts were designed to accommodate the variations of
LLM outputs to the best of ability. For Atomic Precision (AP)
and Atomic Recall (AR), a requirement is deemed "correctly
generated" if: (1) the input requirement is decomposed into
the correct number of requirements, and (2) each requirement
contains only one subject, one action verb, and one object. For
Template Accuracy (TA), a condition or an action is "correctly
selected" if: (1) the type matches the ground truth (GT), and
(2) it adheres to the template structure.

For SFP on the other hand, a slot is considered "correctly
filled" only if the content matches the one expected in the
GT. Since the templates include various slots with some being
optional and can occur multiple times with various structures
(e.g., "detail" slot), we only included mandatory slots in
the analysis, making the analysis focused and flexible. We
only assess the "subject”, "action verb, and "object" slots for
continuous, discontinuous, and event driven conditions, as well



TABLE II
EXPERIMENTAL RESULTS OF ZERO-SHOT LLMS

LLM HM Dataset IPC Dataset
AP AR TA SFP oC AP AR TA SFP oC
GPT-54 | 076 064 080 056 | 0.70 | 0.80 0.82 075 0.44 0.64
Llama 045 042 0.6l 037 | 048 | 042 051 056 038 0.46
Mistral 057 038 063 040 | 053 | 066 057 0.67 030 0.52

as operation actions. While we assess the "parameter name"
and "parameter value" slots for value and range related con-
ditions, and the "subject", "parameter name", and "parameter
value" slots for value conditions. To ensure flexibility, the SFP
script is case-insensitive, ignores verb tense (e.g., "is created"
and "creates" are treated as equivalent), and treats variations
in terminology (e.g., "OS," "O/S," and "operating system").
Furthermore, the script ignores articles (e.g., "the,” "a") to
focus on core concepts. However, despite this flexibility, the
script remains strict specifically regarding subject and object
content. For example, if the GT requires "detected error" but
the model generates "error”, the output is marked incorrect.

V. EXPERIMENTAL RESULTS

To evaluate LLM performance across configurations, we
calculated the metrics described in the previous section. For
readability, tables displaying results highlight the highest score
per metric in bold, while the overall best-performing configu-
ration across all experiments is highlighted in red.

A. RQ.1: Comparative analysis of SOTA LLMs and Prompt
Strategies for Template-Based Requirements Specification

To answer this RQ, we evaluated the performance of the
three LLMs for zero-shot, traditional RAG, and few-shot
across the two datasets.

Zero-shot. presents the results for the zero-shot
experiments. GPT consistently outperforms the open-source
LLMs across all metrics, achieving 0.7 and 0.64 in OC for
HM and IPC, respectively. For open-source models, Mistral
outperforms Llama with regards to OC and most metrics.

Traditional RAG[Table III| presents the results of the tradi-
tional RAG experiments. GPT consistently achieves the high-
est performance across all configurations. Regarding chunk
size, 500 and 1000 tokens yield comparable results. However,
chunk size of 500 is slightly more effective for the HM dataset,
reaching an overall correctness score above 0.70 in all three
experiments. Overall, variations in chunk size do not provide
a substantial difference. On the other hand, the number of
chunks has a more evident impact, with OC consistently im-
proving as the number of chunks increases, with configurations
of 8 and 10 chunks yielding the highest scores. However,
even the best-performing RAG configurations do not show
considerable improvement over simple zero-shot prompting.

For open-source models, Mistral outperforms Llama in most
configurations. Llama achieved its peak performance with 8
chunks of 500 characters (OC of 0.52 and 0.49 for the HM and
IPC), while Mistral peaked with 6 chunks of 500 characters
(OC of 0.53 and 0.52). Additionally, while Llama occasionally
improved upon its zero-shot performance, Mistral failed to
reach its zero-shot baseline across all RAG configurations. For

TABLE III
EXPERIMENTAL RESULTS OF TRADITIONAL RAG
" HM Dataset TPC Dataset
LIM | Chunk Size | No. Chunks | —p——p—74 gpp [ 0C | AP AR TA _SFP [ OC
2 Chunks | 065 053 080 056 | 067 | 072 075 068 053 | 0.63
4 Chunks | 066 051 080 062 | 070 | 078 078 073 047 | 0.64
500¢ 6 Chunks | 0.80 0.66 064 060 | 066 | 078 078 071 049 | 0.64
8 Chunks | 084 058 070 067 | 072 | 080 077 075 048 | 0.65
GPTs4 10 Chunks | 0.87 077 082 052 | 071 | 079 080 072 053 | 0.66
2 Chunks | 0.77 062 072 058 | 067 | 085 083 069 047 | 0.63
4 Chunks | 0.63 051 080 048 | 0.64 | 082 081 068 044 | 061
1000¢ 6 Chunks | 0.66 051 072 052 | 063 | 076 076 070 048 | 0.62
8 Chunks | 0.62 047 075 072 | 071 | 086 081 071 051 | 0.66
10 Chunks | 079 062 078 056 | 069 | 082 081 066 058 | 0.66
2 Chunks | 054 040 056 048 | 052 | 033 040 070 024 | 044
4 Chunks | 039 034 068 042 | 052 | 051 056 065 027 | 047
500¢ 6 Chunks | 049 040 057 034 | 046 | 050 056 066 029 | 048
8 Chunks | 034 028 067 046 | 052 | 047 055 062 038 | 049
Liama 10 Chunks | 033 030 048 039 | 041 | 041 048 062 033 | 046
2 Chunks | 042 034 056 032 | 044 | 048 046 057 027 | 043
4 Chunks | 043 040 054 034 | 044 | 049 053 066 025 | 046
1000¢ 6 Chunks | 037 030 048 035 | 041 | 045 048 064 026 | 045
8 Chunks | 029 028 055 030 | 040 | 041 045 056 016 | 037
10 Chunks | 040 032 0.65 029 | 046 | 038 042 064 023 | 0.42
2 Chunks | 038 030 066 025 | 044 | 054 036 069 029 | 050
4 Chunks | 044 034 068 027 | 047 | 047 041 067 028 | 047
500¢ 6 Chunks | 0.63 049 066 034 | 053 | 052 051 075 030 | 052
8 Chunks | 0.52 042 072 031 | 052 | 055 053 065 025 | 047
Mistral 10 Chunks | 050 040 065 028 | 047 | 0.50 043 073 022 | 048
2 Chunks | 045 032 072 024 | 047 [ 052 054 073 027 | 050
4 Chunks | 046 036 064 029 | 046 | 054 048 072 020 | 048
1000¢ 6 Chunks | 034 028 062 030 | 044 | 044 045 063 021 | 042
8 Chunks | 037 036 061 022 | 041 | 043 043 063 024 | 043
10 Chunks | 0.37 034 069 023 | 044 | 036 031 067 019 | 042

chunk size, 500 characters consistently yields higher OC for
both models. However, unlike GPT, Llama and Mistral yielded
fluctuating results regardless of the number of chunks.

Regarding atomicity (AP and AR), GPT clearly outperforms
Llama and Mistral, often achieving nearly twice their scores.
For HM, precision is consistently higher than recall, indicating
that GPT is conservative: it identifies decompositions accu-
rately but misses some requirements that should be decom-
posed. In contrast, for IPC, recall is generally higher than
precision, meaning that GPT identifies more decompositions
at the cost of some incorrect ones. This difference might
stem from variations in dataset content and the proportion of
decomposed requirements (37% for HM vs. 29% for IPC).

With regards to TA, while GPT consistently provides higher
scores, Mistral provides comparable results in most experi-
ments. However, slot filling (SFP) remains a challenge for
all models. While GPT achieves the highest scores, they
remain modest, ranging between 0.50 and 0.65. This is largely
due to GPT often reverting to passive voice despite prompt
instructions, failing to match the GT. This performance is also
due to the inherent rigidity of the evaluation script. Liama
and Mistral demonstrate even lower SFP, with scores falling
to 0.29 and 0.16 for Llama, and 0.23 and 0.19 for Mistral, for
HM and IPC, respectively.

Overall, Providing domain context via traditional RAG
does not seem to offer a substantial advantage over zero-shot
prompting.

Few-shot. The results for the few-shot experiments are
presented in Consistent with the previous techniques,
GPT outperforms Llama and Mistral across all dimensions.
The highest scores were achieved using 8§ or 10 examples, with
8 examples providing the overall highest scores for TA, SFP,
and OC across all experiments in this study. This configuration
achieved an OC of 0.75 and 0.83 for HM and IPC, respectively.
The improvement was much more evident for TA, as few-shot
reached 0.78 compared to 0.58 in traditional RAG for IPC.

We initially expected few-shot prompting to primarily im-
prove atomicity (AP and AR) by illustrating decomposition,



TABLE IV
EXPERIMENTAL RESULTS OF FEW-SHOT LLMS

TABLE V
EXPERIMENTAL RESULTS OF ZERO-SHOT WITH DOMAIN MODEL RAG

HM Dataset IPC Dataset

HM Dataset IPC Dataset

LIM | No. Examples | —p——g—711 5Fp [ OC | 4P AR TA _SFP | OC LLM | No. Chunks | p——p——74 —<pp [ 0C [ AP AR TA SFP [ OC
2 Fxamples | 066 058 079 067 | 072 | 083 084 082 063 | 0.5 SChunks | 060 051 078 033 | 064 | 082 083 075 048 | 066

4 Examples | 064 057 079 063 | 070 | 083 084 086 072 | 080 10 Chunks | 0.69 055 073 062 | 0.68 | 076 077 065 049 | 06l

GPT54 | 6Examples | 067 060 077 069 | 072 | 080 081 084 073 | 0.79 GPT:54 | 15Chunks | 0.66 055 078 059 | 068 | 080 080 072 046 | 0.63

8 Examples 071 0.64 085 067 | 075 | 082 083 089 0.78 | 0.83

20 Chunks 0.68 057 071 059 | 066 | 079 082 073 050 | 0.65

Llama 6 Examples 031 030 065 053 | 053 | 040 046 069 057 | 058
8 Examples 029 028 056 057 | 051 031 037 071 0.55 | 0.57

10 Examples 035 032 058 0.8 037 | 032 035 067 060 | 0.57

10 Examples 0.62 0358 075 077 073 | 082 085 087 074 | 081 Entire Model | 0.92 085 085 0.54 074 | 084 083 070 055 0.67
2 Examples 0.62 058 073 031 0.54 | 030 035 071 0.54 | 0.56 5 Chunks 064 053 059 034 050 | 050 056 058 0.22 0.42
4 Examples 047 040 067 041 053 | 033 035 076 0.57 0.60 10 Chunks 043 034 070 036 0.51 055 062 055 0.25 0.43

15 Chunks 045 038 062 040 | 050 | 053 056 060 035 | 049
20 Chunks 057 045 057 032 | 047 | 041 047 047 021 0.35
Entire Model | 029 028 062 033 | 044 | 036 039 058 0.17 | 037

Llama

2 Examples 047 038 072 045 0.56 | 037 034 076 0.56 | 0.60
4 Examples 0.31 023 075 051 0.57 | 026 024 069 034 | 046
6 Examples 042 028 075 039 054 | 027 024 079 045 0.55
8 Examples 0.41 030 076 055 0.61 035 032 073 054 | 058
10 Examples 049 034 069 055 059 | 023 019 076 058 0.58

Mistral

5 Chunks 059 042 071 0.41 0.57 | 061 059 0.62 023 | 046
10 Chunks 036 025 0.68 026 | 045 | 063 068 064 023 | 047
15 Chunks 054 040 067 025 048 | 049 055 0.61 020 | 042
20 Chunks 039 030 053 0.1 033 | 059 066 059 021 0.44
Entire Model | 0.00 0.00 000 0.00 | 000 | 006 003 033 0.00 | 0.14

Mistral

while domain context (RAG) would mainly enhance TA and
SFP by providing domain-specific knowledge. However, these
results, supported by the DM-RAG findings discussed in the
following section, suggest otherwise. This demonstrates that
LLMs rely more heavily on concrete task examples than con-
textual domain knowledge, as they provide both task-related
guidance and the domain context that guide the specification.
Compared to zero-shot, few-shot prompting provided a 5%
increase in OC for HM and a notable 19% increase for IPC.

For open-source models, few-shot also outperformed tradi-
tional RAG, achieving the highest OC scores in three out of
four cases with a lower number of examples. Llama reached
peak performance (OC of 0.54 and 0.60 for HM and IPC)
with 2 and 4 examples, while Mistral peaked with 2 examples
for IPC. This confirms that both proprietary and open-source
LLMs prioritize illustrative examples over domain context for
template-based specification. The difference in the optimal
number of examples, where GPT favored a higher count and
open-source models favored fewer might originate from the
limited capacity of smaller models to process long context
prompts. Finally, when comparing the two open-source mod-
els, Mistral outperformed Llama in 8 out of 10 experiments.

Overall, few-shot prompting provides a more significant
improvement over zero-shot and traditional RAG, highlighting
the importance of illustrative examples for this task.

B. RQ.2: Comparative Study of Domain Models and Unstruc-
tured Text as RAG Context

To answer this RQ, we compare the results of traditional
RAG with those of DM-enhanced RAG regarding both eval-
uation metrics and execution time. Furthermore, we analyze
and compare their performance when combined with few-shot.

Traditional RAG vs. DM-enhanced RAG. [Table V]
presents the results of DM-enhanced RAG. Consistent with
prior observations, GPT outperforms Llama and Mistral. GPT
achieved its best overall results when provided with the entire
domain model, reaching an OC of 0.74 for HM and 0.67
for IPC. This suggests that the model is sufficiently compact
to provide comprehensive context without overwhelming the
LLM. However, the improvement over traditional RAG was
marginal (2.8% for HM and 1.5% for IPC), offering limited
justification for the effort required to create and maintain
domain models. Although DM-enhanced RAG achieved high
AP, AR, and TA scores—yielding the best results for the HM

dataset—its SFP was lower than that of traditional RAG.
GPT often identified the correct domain concepts but used
passive constructions or terminology that differed from the
GT, reducing SFP. Overall, few-shot prompting remained the
best-performing approach, particularly for IPC.

For the open-source models, DM-enhanced RAG yielded
performance comparable to traditional RAG, with no clear ad-
vantage for either technique. For Llama, peak OC scores were
0.51 and 0.49 (compared to 0.52 and 0.49 in traditional RAG),
while Mistral reached 0.57 and 0.47 (compared to 0.53 and
0.52) for HM and IPC, respectively. However, a decline was
particularly evident in the SFP metric. Output analysis showed
that Llama and Mistral often struggled to interpret domain-
model information, frequently hallucinating details that altered
the original requirement. For instance, the requirement "These
mechanisms (buffers and blackboards) support the communi-
cation of messages between multiple source and destination
processes" was reformulated by Llama as "When a process
uses an intra-partition communication mechanism, then it
shall set the parameter MAX_NB_MESSAGE of the Buffer with
BUFFER_NAME <BUFFER_NAME> to the valid value".
Unlike GPT, providing the full domain model degraded the
performance of the open-source models. Mistral achieved OC
scores as low as 0.00 and 0.14, largely because it frequently
generated non-compliant JSON outputs which were marked as
incorrect. These findings suggest that open-source models have
greater difficulty leveraging domain-model context. Overall,
few-shot prompting remained the most effective approach for
both proprietary and open-source models.

Beyond performance, we compared the execution time of
traditional RAG and DM-enhanced RAG. presents
the average execution time across all configurations. DM-
enhanced RAG consistently reduces execution time compared
to traditional RAG, with savings ranging from 22 to 39
seconds for HM and 3 to 152 seconds for IPC. The difference
was the most evident for Llama. These results are consistent
with our expectations, since traditional RAG requires scanning
through long unstructured text while DM-enhanced RAG
leverages a structured and compact model. We anticipate that
this gain would be more substantial for larger datasets.

Overall, while DM-enhanced RAG reduces execution time
compared to traditional RAG, the performance gains remain
marginal. Few-shot prompting remains the most effective
strategy for template-based requirements specification.



TABLE VI
AVERAGE EXECUTION TIME OF TRADITIONAL RAG AND DOMAIN
MODEL ENHANCED RAG

LLM HM Dataset IPC Dataset
RAG DM-RAG RAG DM-RAG
GPT-5.4 195 s 177 s 470 s 441 s
Llama 328 s 289 s 545's 393 s
Mistral 257 s 233 s 355 s 352's
TABLE VII

EXPERIMENTAL RESULTS OF FEW-SHOT WITH DOMAIN MODEL AND
TRADITIONAL RAG

HM Dataset IPC Dataset
RAG LLM AP AR TA SFP ocC AP AR TA SFP oC
GPT-54 | 083 085 072 0.60 | 0.69 | 081 083 090 070 | 0.80
Llama 0.21 0.17 0.64 0.24 0.39 0.26 0.31 0.79 0.60 0.61
Mistral | 047 034 078 033 | 054 | 026 024 088 036 | 0.55
GPT-5.4 0.80  0.85 0.85 0.52 0.71 0.84 0.86 0.89 0.72 0.81
DM Llama 0.42 0.40 0.74 0.53 0.59 0.32 032 074 0.56 0.58
Mistral 0.49 0.34 0.73 0.51 0.59 0.24 0.22 0.79 0.50 0.56

Standard

Combining RAG with Fewshot. While few-shot yielded
the highest performance compared to RAG techniques, it
remains unclear whether combining few-shot with RAG would
provide further benefits or if the inclusion of few-shot would
cause one RAG technique to outperform the other. To investi-
gate this, we compare the combination of few-shot with both
traditional and DM-enhanced RAG. For these experiments, we
selected the optimal configurations for few-shot, traditional
RAG, and DM-enhanced RAG for each model based on the
average OC scores between the two datasets from our previous
experiments. The selected configurations were: (1) GPT: 8
examples, 8 chunks of 500 characters, and the entire domain
model; (2) Llama: 4 examples, 8 chunks of 500 characters,
and 15 domain model chunks; and (3) Mistral: 8 examples, 6
chunks of 500 characters, and 5 domain model chunks.

provides the results of the experiments. The
results exhibit patterns consistent with our previous findings.
While incorporating a DM with few-shot yielded marginally
better results than traditional RAG combined with few-shot
(2.9% and 1.25% improvements for HM and IPC), this gain re-
mains insignificant. Furthermore, simple few-shot consistently
outperformed few-shot combined with either RAG technique.
This drop may be attributed to the excessive content added
to the prompt, which might have introduced noise and con-
fused the LLM. For Llama and Mistral, the results of these
combinations are comparable to simple few-shot prompting.

Overall, combining few-shot with RAG does not provide
any benefits. Simple few-shot suffices, yielding the highest
results across all conducted experiments.

VI. DISCUSSION

a) RQOI.: The experimental results demonstrate the su-
periority of GPT over Llama and Mistral, with Mistral out-
performing Llama. Zero-shot yielded decent results, particu-
larly for the HM dataset, indicating that the instructions and
template structure provided in the prompt allow for relatively
accurate requirement decomposition and template selection
even in the absence of external context or examples.

Regarding traditional RAG, a chunk size of 500 characters
consistently yielded higher performance across all models,

by minimizing the noise often present in 1000 character
chunks. All models achieved their highest OC scores when
provided with 8 chunks. While OC for Llama and Mistral
fluctuated with the number of chunks, GPT-5.4 exhibited a
linear performance increase, reflecting its superior capacity
for information analysis and utilization. These findings were
further confirmed by the DM-enhanced RAG experiments, as
GPT performed optimally when augmented with the entire
model, whereas open-source models suffered, which can be
attributed to their limited capacity for processing large input.
b) RQ2.: Ultimately, leveraging a domain model instead
of textual context did not yield the performance improvements
we expected. This may be attributed to the inherent complexity
of domain models. While they offer structured information,
they lack the descriptive details present in textual content.
Moreover, the performance of DM-enhanced RAG is highly
sensitive to the quality and completeness of the input DM.
Furthermore, given the significant time, effort, and domain
expertise required to build high-quality DMs, this technique is
less cost-effective than utilizing standard textual context.
Few-shot prompting proved to be the most effective tech-
nique across all evaluation dimensions. This indicates that
LLMs perform best when provided with illustrative examples
as they illustrate the specification steps (i.e., decomposition,
template selection, and slot filling). According to our exper-
iments, the optimal configuration for template-based require-
ments specification, is GPT-5.4 using 8 few-shot examples.
Furthermore, our experiments showed that combining few-shot
with RAG techniques provides no benefits, as the long context
appears to introduce noise that confuses the models.

VII. THREATS TO VALIDITY

Some threats might impact the internal, and external validity
of our evaluation.

For internal validity, the GT and the domain models were
manually constructed by one of the authors which might in-
troduce bias. To mitigate this, both the specified requirements
and domain models were validated by an RE expert and our
industrial partner’s team. Another threat is that the evaluation
of the metrics was performed by the authors. We addressed
this threat by implementing a script that strictly adheres to
the guidelines described in this paper, thereby eliminating
human subjectivity and ensuring homogeneous results across
all experiments. However, the scripts can be strict. This
is an inherent limitation of automated text analysis script.
Another threat relates to the variability in how requirements
can be specified. While this is particularly evident for non-SCS
requirements, SCS specifications rely on a more constrained
vocabulary, which helps mitigate this threat. Finally, LLMs can
generate varying outputs due to their nondeterministic nature.
To mitigate this threat, we set the model temperature to 0.2
across all experiments, which largely reduces the randomness.

Regarding external validity, our evaluation is limited to a
single template and our datasets are limited to requirements
extracted from one certification standard: the ARINC-653
from the avionic domain. However, the template is general



and applicable across different domains,as demonstrated in
our previous work [4], and both datasets include requirements
with varying structures and content. We plan to extend our
evaluation to additional domains as part of future work.

VIII. CONCLUSION

This paper presents an empirical evaluation of LLM-
enabled, template-based requirements specification, comparing
various prompting strategies and context-enrichment tech-
niques. The study targets the operational behavior template
for functional requirements. We assessed the performance
of zero-shot, traditional RAG, and few-shot prompting, and
compared traditional RAG against DM-enhanced RAG. The
evaluation comprised 138 experiments across three LLMs
using two datasets from the ARINC-653 avionics standard.
All experiments were assessed for logical decomposition,
structural reasoning, and semantic grounding.

The results indicate that GPT-5.4 outperformed Mistral
and Llama, with Mistral showing better overall performance
than Llama. While leveraging domain models rather than
unstructured textual context reduced execution time, it yielded
comparable overall correctness, suggesting that the overhead
of creating and maintaining domain models may not be
justified for the task. Few-shot prompting achieved the highest
performance, reaching an overall correctness score of 0.83 and
0.75 for the two datasets when using GPT-5.4 with an optimal
configuration of eight examples. Furthermore, combining few-
shot with RAG proved less effective than few-shot alone,
demonstrating that illustrative examples are sufficient.

As future work, we plan to compare the cost of LLMs (e.g.,
in terms of token usage) against manual effort to assess their
value in industrial settings. Furthermore, we aim to explore
the use of a multi-agent architecture to support the various
specification steps (i.e., decomposition, template selection,
and slot filling). We will also extend the study to include
other safety-critical domains (e.g., automotive), and analyze
the rationale and confidence scores generated by the LLMs.
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