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Abstract

At the core of Intelligent Transportation Systems (ITS) lies a wide range of applications leveraging
communication and information technologies to support safer, more efficient, and more sustainable
mobility. However, due to their inherent complexity, ITS architectural design remains challenging,
particularly for designers unfamiliar with the domain. A promising approach is to build upon
existing ITS reference architectures, which are validated frameworks encapsulating essential
architectural knowledge. Yet these reference architectures remain underutilized, in part because the
architectural elements and reusable components they provide are insufficiently known and
disseminated. To address this gap, we propose a Retrieval-Augmented Generation (RAG) system
that enables users to explore such architectures through a question-answer interface. The system
combines the generative capabilities of large language models (LLMs) with structured knowledge
from established ITS reference architectures, including ARC-IT and FRAME, and has been evaluated
from both technical and user-oriented perspectives.

Keywords: intelligent transportation systems; reference architectures; retrieval-augmented
generation system; large language models

1. Introduction

Intelligent Transportation Systems (ITS), such as autonomous vehicles, apply advanced
information and communication technologies to enhance the sustainability, efficiency, and safety of
transportation networks [1]. Their adoption is expanding rapidly in response to increasing demands
for safer, more efficient, and environmentally sustainable mobility solutions [2]. From a safety
perspective, ITS improve road security by reducing the frequency, severity, and cost of accidents,
thereby lowering fatalities and enhancing personal safety. From an environmental perspective, they
aim to reduce energy consumption and mitigate adverse impacts by minimizing fuel use and
emissions due to congestion, while also decreasing noise pollution and limiting traffic disruption in
residential areas [3]. These benefits have been demonstrated across diverse transport environments
[4].

Nevertheless, the benefits of ITS are accompanied by several key challenges, foremost among
them their inherent complexity. This complexity arises, first, from the fact that ITS consist of multiple
components and subsystems characterized by dynamic, time-dependent interactions [5]. Second, it
stems from the multidisciplinary nature of ITS, which integrate telecommunications, electronics,
information technologies, and traffic engineering. As a result, the architectural design of ITS becomes
increasingly intricate and time-consuming, particularly when system designers must rely primarily
on their own domain knowledge.
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To address this challenge, a reliable approach is to build on existing ITS reference architectures.
A reference architecture can be defined as a shared and validated system description, developed by
domain experts and adopted by a community of interest as a guide for the development and
evolution of systems [6]. It constitutes a key outcome of the domain design process, encapsulating
established knowledge about how to design system architectures within a specific application
domain [7].

However, despite their recognized significance, feedback from joint research and industry
projects conducted by our institute—such as TAM (Trusted Autonomous Mobility), SCA (Secure
Cooperative Autonomous Systems), and RTI (Resilience of Intelligent Transport) —indicates that ITS
reference architectures remain underutilized. A key reason is that the architectural elements and
reusable components they encompass are insufficiently known and disseminated.

To address this gap, this paper proposes a Retrieval-Augmented Generation (RAG) system that
assists designers in exploring ITS reference architectures in terms of the architectural elements they
encompass, their definitions, purposes, and interactions. The key idea is to combine the generative
capabilities of large language models (LLMs) with structured knowledge derived from established
ITS reference architectures, including ARC-IT [8] and FRAME [9], in order to provide designers with
relevant answers through a question—-answer interface.

The remainder of this paper is organized as follows. Section 2 introduces the background of this
research. Section 3 provides a methodological and technical description of the proposed RAG system
pipeline. Section 4 presents the results of the pipeline implementation evaluation, covering both
technical and user-oriented perspectives. Finally, Section 5 discusses the findings and concludes the

paper.

2. Background

This section first presents the key motivations underlying this research, followed by the
fundamental notions on which it is based.

2.1. Motivation

The notion of a reference architecture is well-established and highly valued within the
standardization community, where it is defined as “a shared and agreed reference system description
used by a community of interest to achieve its business purposes. It is typically generic and
instantiated as system architectures specific to individual business purposes” [10]. Despite its
recognized importance, feedback from joint research and industry projects conducted by our
institute—such as TAM (Trusted Autonomous Mobility), SCA (Secure Cooperative Autonomous
Systems), and RTI (Resilience of Intelligent Transport) —indicates that ITS reference architectures are
often underutilized, in part because the architectural elements and reusable components they
encompass are insufficiently known and disseminated. This observation is further supported by
feedback from the systems engineering community within AFIS (French Association for Systems
Engineering), which highlights that ITS reference architectures remain largely unknown within the
field.

This highlights the need to make ITS reference architectures more accessible to practitioners.
Addressing this need provides the primary motivation for this research, which seeks to do so through
the development of a Retrieval-Augmented Generation (RAG) system that enables users to explore
such architectures via a question—-answer interface. The choice of a Retrieval-Augmented Generation
approach is justified by its ability to combine the capability of large language models (LLMs) to
generate natural-language answers with the validated and domain-specific knowledge provided by
ITS reference architectures, thereby ensuring that the answers are both accessible and reliable.
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2.2. Key Notions
2.2.1. Intelligent Transportation Systems

As previously stated, intelligent transportation systems (ITS) refer to systems that capitalize on
information and communication technologies, such as sensor networks and real-time data, to
enhance safety, reduce travel time, alleviate traffic congestion, and thereby mitigate environmental
impacts. ITS considers all facets of transportation, covering a variety of system types designed to
address specific challenges within each transportation domain.

Intelligent transportation systems are distinguished from traditional transportation systems by
the following characteristics [11]:

e  Proactive capabilities: ITS employ techniques from artificial intelligence and predictive analytics
to implement preemptive measures and anticipate potential issues.

e  Data-driven nature: ITS continuously collect and analyze large volumes of data to optimize
system performance.

e  User-centric orientation: ITS prioritize delivering personalized guidance and real-time
information to travelers, thereby enhancing the overall travel experience.

e Interconnected architecture: ITS leverage advanced information and communication
technologies to enable seamless data exchange between infrastructure, vehicles, and travelers.

2.2.2. ITS Reference Architectures

Given the complexity of intelligent transportation systems (ITS), the design of their architectures
is particularly challenging when system designers must rely solely on their own knowledge of the
domain. In this context, domain-specific reference architectures offer a robust solution: they save time
in the design process since they provide a reusable, shared, validated, and agreed-upon system
description developed by domain experts [6].

In this sense, a reference architecture provides a consistent set of architectural best practices for
use by other teams. High-level, generic architectural designs that can be reused, tailored, and
instantiated for specific situations or projects play a key role in avoiding repeated solution design
efforts [12].

When dealing with ITS reference architectures, several distinct viewpoints are typically
considered [13]:

e  User Needs: the expectations that an ITS deployment and its associated services are required to
meet.

e  Functional Viewpoint: the set of functionalities that the ITS must provide to satisfy user needs,
usually organized into functional areas and further detailed into specific functions.

e  Physical Viewpoint: the organization of functions into physical components and their allocation
to modules or subsystems.

e Communications Viewpoint: the communication links necessary to support the exchange of
physical data flows.

Two of the most prominent ITS reference architectures are the Architecture Reference for
Cooperative and Intelligent Transportation (ARC-IT) [8] and the European ITS Framework
Architecture (FRAME) [9].

The European ITS Framework Architecture (FRAME) is technology-independent and supports
the development of the ITS services and equipment market. It provides a flexible, high-level
framework that individual countries can tailor to their specific requirements and user needs [14].
FRAME is organized around four key viewpoints: User Needs, Functional Viewpoint, Physical
Viewpoint, and Communications Viewpoint [13].

The Architecture Reference for Cooperative and Intelligent Transportation (ARC-IT) provides a
unified framework for planning, defining, and integrating Intelligent Transportation Systems. It
establishes a common language for describing system architectures across diverse transportation
domains. Like FRAME, ARC-IT is organized around four key viewpoints: Enterprise, Functional,
Physical, and Communications [8]. Although ITS reference architectures may differ in the specifics
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of architectural representation [15], they converge on a shared high-level view of ITS architecture, as
reflected in these core viewpoints.

2.2.3. Large Language Models and Retrieval-Augmented Generation

Large language models (LLMs) are designed to process and interpret unstructured data—
typically natural language —in ways that approximate human cognitive abilities [16,17]. They have
been widely adopted across multiple subfields of natural language processing (NLP), particularly for
tasks requiring the analysis of large volumes of text. This success is largely attributed to the
Transformer architecture, which enables LLMs to capture complex patterns and linguistic structures
[18].

This capability enables LLMs to process the large-scale and heterogeneous data streams intrinsic
to modern intelligent transportation systems (ITS), thereby enhancing adaptability and
responsiveness to the dynamic challenges of transportation environments. Furthermore, the
integration of LLMs into ITS represents a significant technological advancement, supporting the
development of smarter and more adaptive transportation systems that are better equipped to meet
evolving demands [19].

Nonetheless, LLMs are prone to hallucinations—generating outputs that are syntactically
correct but factually inaccurate—particularly when sufficient or contextually relevant information is
lacking [20]. Such inaccuracies pose serious risks in safety-critical domains, especially transportation
and, more specifically, intelligent transportation systems, where system failures may lead to
significant harm or even loss of life [21].

One way to mitigate the risks inherent to LLMs is to ground them in established, domain-specific
reference architectures, such as those employed in the intelligent transportation domain. This can be
achieved through Retrieval-Augmented Generation (RAG), a methodology that integrates the
generative capabilities of LLMs with information retrieval mechanisms [22]. RAG enables models to
dynamically access and incorporate relevant external knowledge during the generation process [23].

This approach has been recognized as a promising strategy, not only for mitigating
hallucinations but also for enhancing domain-specific accuracy and temporal relevance [22,24]. As a
result, RAG improves the controllability and interpretability of model outputs, making them more
reliable and better aligned with the requirements of the target domain.

3. Retrieval-Augmented Generation System Pipeline

This section provides both a methodological overview (i.e., a general description of the pipeline
steps) and a technical perspective (i.e., a detailed account of how each step is implemented in our
context) of the proposed Retrieval-Augmented Generation (RAG) system for exploring Intelligent
Transportation System (ITS) reference architectures.

As illustrated in Figure 1, the system pipeline comprises three main steps—indexing and
embedding, retrieval, and generation —which are highlighted in blue and will be described in detail
in the following subsections.

ITS Refe rence Vectorial Large Language
Architectures Database Models (LLMs)
| g |

Indexing and
Embedding

A3

Generated
response
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documents

Relevant
documents
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—_—

Retrieval

Generation

Figure 1. RAG system pipeline.
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3.1. Indexing and Embedding

The information required to construct the database of a RAG system may originate from diverse
sources and exist in multiple formats (e.g., HTML, PDF, CSV). Consequently, an initial extraction and
normalization step is required to convert all content into a uniform plain-text representation. In the
case of web-based data, this extraction phase is commonly referred to as web scraping.

To align with the context window of the embedding model, the extracted documents are
segmented into smaller chunks. Each chunk is then transformed into a dense numerical
representation by the embedding model. Notably, chunking not only mitigates context window
limitations but also improves embedding quality: by restricting the number of tokens per input, the
model can focus more effectively on the salient content within each chunk [25].

The resulting document embeddings are stored in an index, commonly referred to as a vector
store. The vector store must support a similarity search metric, which plays a critical role in the
retrieval step, as will be detailed in the following subsection.

In the context of our system, we consider two prominent and widely recognized ITS reference
architectures as sources of data: The Architecture Reference for Cooperative and Intelligent
Transportation (ARC-IT) [8] and the European ITS Framework Architecture (FRAME) [9], both of
which were presented earlier (see Section 2.2.2).

As ARC-IT and FRAME differ in their specific architectural representations and terminology,
we have relied on a high-level system architecture framework to facilitate the mapping and
convergence of these ITS reference architectures. This high-level framework has been widely used in
our joint research and industry projects across various application domains, including automotive,
defense, and aeronautics.

As illustrated in Figure 2, the framework considers three main architectural levels: (1) the
operational level, which defines the services provided by the system to its environment; (2) the
functional level, which specifies the functions required to realize these services; and (3) the
organic/physical level, which identifies the resources used to perform these functions.

What services does the g
system provide to its Operational level E‘
environment? (WHY) ]
System ;
I'I'IISEIDI'.I ™~
F
: Functional level
What are the functions to (WHAT)
be performed?

/ =
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ACSTCR (- :
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What practical » Software Hardware
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used? (HOW)

Technical
3 components

Figure 2. General framework for high-level system architecture description.

Based on this framework, we performed a mapping between the two reference architectures. At
the functional level, we compared the functional views of both architectures and incorporated
FRAME’s low-level functions that addressed aspects not covered by ARC-IT’s processes. The index
was ultimately constructed using data from both the functional and physical views of these reference
architectures.
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Having identified the underlying structure of our database, we proceeded to implement an
initial indexing approach for constructing the vector database. We employed the Python library
BeautifulSoup to scrape the webpages of both reference architectures. A corpus of LangChain
Document objects was constructed, each containing information about a specific object, process, or
community. We used the gte-multilingual-base model [26] to generate embedding vectors, which
offers a favorable trade-off between size (305M parameters) and performance. The resulting vectors
have a dimensionality of 768 and are stored in a Chroma index, which supports a wide range of
similarity metrics.

Raw data from the reference architectures were first extracted, divided into manageable chunks,
and subsequently embedded and stored in an index. Given the size of the database, it would be
inefficient for the LLM to search through the entire dataset. Therefore, a retrieval step is implemented
to generate a shortlist of query-relevant documents—also referred to as the context—which is then
provided as input to the LLM to generate its response. This retrieval step will be described in detail
in the following subsection.

3.2. Retrieval
3.2.1. Retrieval — Similarity-Based Methods

In this subsection, we present the first family of retrieval modules we implemented, which are
all based on global semantic search. The first module is a simple retriever that operates according to
the steps outlined above. However, this straightforward approach proved to be highly sensitive to
query formulation: for instance, the set of retrieved documents varied noticeably when two queries
expressed the same semantic meaning but were phrased differently.

To address this sensitivity issue, we introduced a pre-retrieval module implemented using the
MultiQueryRetriever method from LangChain. This module employs an LLM to generate a set of
alternative queries derived from the initial user query, with each query expressing the same topic
from a different perspective. By aggregating the responses across all variants, the resulting context
becomes more robust to variations in query formulation. For this step, we used the Llama3.1 model
(8 billion parameters) to generate the alternative queries. Although this approach alleviated the
problem of wording sensitivity, we observed that the retriever still failed to capture relationships
between entities. For example, given the query “Provide the list of ITS services within the Data
Management domain”, the retriever would return either services or documents related to data
management, but would not capture the hierarchical relationship between domains and services.

Given that our index is optimized for precise searches (e.g., identifying a single entity), it was
necessary to develop a method to capture the inherent dependencies between objects. One potential
solution, inspired by graph-based RAG methods [27], involves distinguishing local entities from
global ones in the user’s query, and then constraining the similarity search to a specific community
through a hybrid search method. LangChain provides a related functionality via the
SelfQueryRetriever method, which leverages an LLM to generate a structured query and retrieves
documents by combining similarity search with metadata-based filters. Although this approach
appeared promising, we faced challenges in stabilizing the generation of structured queries, likely
due to insufficient granularity in our metadata descriptions. Nevertheless, we retained the principle
of filtering our vector database rather than relying solely on similarity search. The following
subsection details the filtering strategies we evaluated.

3.2.2. Retrieval — Pre-Filtering Methods

These methods operate by narrowing the scope of retrievable documents through the
application of filters. In practice, similarity search is performed only on documents that possess the
required attributes. By adopting such pre-filtering, we aim to improve both the recall and the
accuracy of the retriever. The main challenge, however, lies in ensuring that the system can reliably
extract the appropriate filters from the user’s query.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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The first step in this workflow is the design of the metadata structure, defined as a set of
attributes that can be used to identify either individual entities in the database or collections thereof.
As noted earlier, a thorough understanding of the database structure is essential for building such a
framework. The attributes used depend on the chosen retrieval method. Importantly, this metadata
structure captures the relationships between items in the database —an aspect that earlier approaches
were unable to represent.

For each diagram object, we store the base64-encoded diagram within its metadata field. Upon
retrieval, the system outputs the corresponding object, and a decoder is employed to reconstruct the
original image. This strategy allows us to handle multimodal data representations without requiring
a model that natively supports multimodality.

The first filter-based retrieval method we implemented is based on an Extract-and-Associate
(EA) module. In this approach, an LLM extracts keywords from the user query and links them to
specific metadata fields: type (domain, service, object, or diagram), domain/service/object name, and
nature. To guide this process, the LLM is provided with a ResponseSchema and a tailored prompt.
The schema specifies the objects to be identified in the query and reflects the metadata structure of
the documents. Each document’s metadata thus serves as a unique identifier, while the keywords
extracted from the query act as the query’s identifier. This pre-filtering step ensures that the retrieved
context remains concise. However, despite generally accurate keyword extraction, none of the tested
models achieved consistent results, as correctly associating keywords with their corresponding
metadata fields proved challenging.

To improve the system’s consistency in constructing filters, we divided the EA module into two
submodules: extraction and alignment. The extraction module employs an LLM to identify keywords
in the user query, without relying on a predefined schema. The alignment module then links each
extracted keyword to an item in the database. For this purpose, we constructed a dedicated vector
store, derived from the main index, that contains only item names and types. A distance-based metric
is applied to align keywords with entries in this index.

This Extract-and-Align (EAL) module proved more reliable than the Extract-and-Associate (EA)
approach, as it requires the LLM only to extract keywords, leaving alignment to the secondary
module. This division enhances robustness by mapping user terms to index terminology, thereby
increasing tolerance to variations in query formulation.

The main limitation of the EAL module lies in database scale: with a large number of items in
the alignment index, aligned keywords do not always correspond to the intended entities. To address
this issue, we implemented pre- and post-processing functions. Pre-processing improves similarity
scores and ensures that irrelevant words are removed from the keyword list, while post-processing
constructs coherent filters from the aligned keywords.

With this method, we improved the reliability of keyword extraction. However, the alignment
module continued to struggle with linking keywords to the intended items. To address this, we
designed a final approach, termed the Adaptive Retriever, which combines the Extract-and-Associate
(EA) module with the alignment submodule.

Building on the limitations of the EA method, we simplified the metadata structure so that the
model identifies only two fields: item and community. The first field answers the question “What is
the user asking for?”, while the second specifies “Where should it be retrieved from?”. For example,
if the user asks for the services linked to a given domain, the model infers that item corresponds to
“service” (what) and community to the specified domain (where).

The second step of this approach consists of aligning the extracted keywords. Instead of
maintaining a single index containing all items, we constructed two databases: one for communities
(services and domains, viewed as collections of items) and another for individual items. This
separation enables a more guided alignment process, thereby mitigating the risk of incorrect
associations.
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3.3. Generation

By providing the generation LLM with a contextual background, we ensure that its responses
remain grounded in reliable sources. The prompt for the generation LLM is constructed from the
retrieved context combined with the user’s query. To reduce the length of the context, we introduce
a summarization step, performed by a dedicated LLM. For both summarization and generation, we
employ mistral-small3.1:24b, which offers a good balance between model size and consistency. By
contrast, lighter models such as gemma3:4b tended to omit key points during summarization.

The source code for the RAG system pipeline, including indexing and embedding, retrieval, and
generation, is available in the following Git repository: [Link]. Access to this repository is currently
restricted to collaborators within our institute, in accordance with the institute’s internal open-source
policy. However, the repository will be made available to reviewers upon request to ensure
reproducibility and facilitate the evaluation of our work.

4. Results

This section presents the results of the pipeline implementation evaluation, encompassing both
technical aspects (i.e., the evaluation of the implemented retrieval methods) and user-oriented
perspectives (i.e., the assessment of the system by end-users).

4.1. Evaluation of Retrieval Methods

Evaluating a retrieval-augmented generation (RAG) system requires assessing the quality of its
retrieval component. As highlighted in [28], large language models (LLMs) often struggle to correct
false or missing information, which makes accurate retrieval essential. This evaluation is typically
performed by comparing the retrieved corpus chunks with the expected ones for a given query.
Commonly used metrics include Top-K Recall, Mean Reciprocal Rank (MRR), and Normalized
Discounted Cumulative Gain (NDCG). Retrieval quality can also be assessed through the
informativeness of the retrieved chunks [29], and recent studies have explored leveraging LLMs
themselves to judge the quality of retrieved contexts [30,31].

In our case, as described in Section 3.2, we implemented two families of retrieval methods: pre-
filtering-based methods and semantic-search-based methods. Since the first family (i.e., pre-filtering-
based methods) requires the use of an LLM to extract the query keywords, we first analyze the results
obtained with different LLMs for these methods.

4.1.1. Evaluation of Models for the Filter-Extraction Task

To ensure reproducibility and limit computational costs, we considered only open-source LLMs.
Due to GPU memory constraints, the experiments focused on relatively small models (i.e., fewer than
30 billion parameters). Accordingly, we selected state-of-the-art generalist models, including Gemma
3 [32], LLaMA 3 [33], Mistral-small-2501 [34], Phi-4 [35], and Qwen 2.5 [36]. For Gemma 3, multiple
model sizes were tested to evaluate their impact on performance. Based on the findings in [37], we
adopted 4-bit quantized models, which provide substantial memory savings while preserving most
of the performance. All models were served using the Ollama framework and were used in the GGUF
format with Q4_M quantization.

We evaluated performance using 35 real-world queries suggested by domain experts. Each
query required the extraction of specific metadata filters, and the examples were selected to cover a
comprehensive range of scenarios involving diverse metadata types. Filter extraction was framed as
a classification task, where each label was expected to take a specific value. Accuracy was measured
as the proportion of correct answers among all predictions. For cases where no value was expected
for a given label, the LLM was required to return a blank response. By incorporating these negative
cases, we also computed precision, recall, and F1 score.

To account for the inherent variability of LLM outputs, each test was repeated 10 times, and only
responses occurring above a predefined frequency threshold were retained. For instance, if an LLM
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was queried 10 times, only responses appearing more than 8 times would be accepted. After testing
different configurations, we set the threshold to 0.4.

The results of each model with the Extract-and-Align Module (cf. Section 3.2.2) are presented in
Table 1.

Table 1. Results of the metadata extraction task with different LLMs using the Extract-and-Align module.

Model Accuracy Recall Precision F1
gemma3:1b 0,33 0,18 0,29 0,22
qwen3:1,7b 0,75 0,62 0,76 0,68
gemma3:4b 0,57 0,47 0,59 0,52

mistral:7b 0,56 0,45 0,52 0,48
llama3.1:8b 0,57 0,43 0,55 0,48
gemma3:12b 0,71 0,71 0,64 0,67
mistral-nemo:12b 0,7 0,59 0,68 0,63
phi4:14b 0,73 0,74 0,67 0,7
qwen2.5:14b 0,68 0,64 0,66 0,65
qwen3:14b 0,81 0,8 0,78 0,79
mistral-small3.1:24b 0,84 0,86 0,8 0,83
gemma2:27b 0,74 0,76 0,68 0,72

As shown in Table 1, language models exhibit varying levels of performance. First, model size
appears to have a significant impact: smaller models tend to hallucinate more frequently, producing
outputs that are poorly formatted and consequently yield lower scores. In contrast, larger models
generally produce more consistent results, with Mistral-small 3.1:24B achieving an F1 score of 83%.

Based on these results, we concluded that Mistral-small 3.1:24B is the most suitable model for
the keyword-extraction task, independent of the retrieval method. We next evaluate the methods in
terms of the quality of the retrieved contexts.

4.1.2. Retrieved Context Quality Evaluation

In this sub-section, we evaluate the quality of the contexts retrieved by the system after filters
have been extracted (see Section 4.1.1). While the previous sub-section focused on selecting the best
LLM for extracting metadata filters from queries, here we assess how effectively the system retrieves
relevant chunks of the corpus using those filters. To measure the quality of the retrieved contexts, we
compare them with manually constructed reference contexts. We used the same question set
introduced in the previous sub-section and built each reference context by applying the expected
filters and selecting, among the filtered documents, only the most relevant paragraphs.

After building the test set, we selected a set of automatic evaluation metrics for text generation.
Our main selection criterion was the metric’s correlation with human judgment. The selected metrics
are:

e METEOR [38]: originally developed for machine translation evaluation, this metric relies on
unigram matching and incorporates stemming, synonymy, and paraphrasing.

e  BERTScore [39]: designed for text generation evaluation, this metric computes token similarity
using contextual embeddings rather than exact matches.

e  BLEURT [40]: extends BERT by improving its correlation with human ratings through pre-
training on synthetic data and fine-tuning on human evaluation datasets.

e LLM-as-a-Judge: an LLM is prompted to assess the quality of the retrieved context, given both
the reference context and the user query. The evaluation considers two aspects: accuracy
(whether all assertions are factually correct) and relevance (the closeness to the reference
context). The model assigns a score from 1 (off-topic context) to 4 (high accuracy and relevance),
accompanied by an explanation. These explanations are essential to verify the alignment
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between the model’s judgment and human ratings. We used Mistral-small 3.1:24B as the judging
model.
We evaluated the following five retrieval methods:

e  Vanilla: a similarity-based retrieval method relying on basic semantic search without query
processing, applied to an index built from raw-extracted data of the reference architectures using
a recursive chunking method (see Section 3.2.1).

e  Structured Vanilla: a similarity-based retrieval method that applies the vanilla approach to the
structured index (see Section 3.2.1).

e  Extract-and-Associate (EA): a pre-filtering-based retrieval method (see Section 3.2.2).

e  Extract-and-Align (EAL): a pre-filtering-based retrieval method (see Section 3.2.2).

e  Adaptive: a pre-filtering-based retrieval method (see Section 3.2.2).
Table 2 presents the results of the retrieved context quality evaluation for each method.

Table 2. Retrieved context quality evaluation of retrieval methods.

Method Meteor Bert f1 Bleurt Judge
Vanilla 0,23 0,27 0,4 0,45
Structured Vanilla 0,32 0,41 0,45 0,55
EA 0,12 0,15 0,15 0,33
EAL 0,29 0,31 0,38 0,48
Adaptative 0,31 0,41 0,45 0,59

The results indicate that all four metrics are strongly correlated, with correlation coefficients
ranging from 0.92 (Bert score/Bleurt) to 0.99 (Bert score/ LLM as a Judge). Analysis of the explanations
provided by the judge LLM further confirmed the consistency of its evaluation process. Therefore,
the subsequent observations are primarily based on this metric.

By comparing the first two methods, Vanilla and Structured Vanilla, we observe that structuring
the database improves the quality of the retrieved context. Among all methods, the Adaptive retrieval
approach achieves the highest judge score and outperforms the first pre-filtering method, EA(Extract-
and-Associate), owing to its robustness to query formulation. Results also show that guiding the
alignment module enhances retrieval consistency compared to the EAL (Extract-and-Align) method.
Overall, the Adaptive method obtains the best scores in three out of the four evaluation metrics. The
Structured Vanilla method ranks second, ahead of the other pre-filtering-based methods.

In our use case, where many queries require the retrieval of multiple entities, it is crucial for the
retriever to capture relationships between indexed items. The Structured Vanilla method performs
better than naive retrieval in this respect, but the retrieved contexts are often incomplete.
Consequently, this method cannot be either fully discarded or solely relied upon. Instead, we employ
it as a fallback strategy when the Adaptive method fails to generate a coherent filter, thereby ensuring
that the system always returns a context relevant to the query.

To reduce the complexity of the final prompt, we applied an LLM-based summarization step to
the retrieved context. To ensure that no relevant information was lost in this process, the summarized
contexts were evaluated using the same metrics as before. As shown in Table 3, summarizing the
retrieved context improves the judge score for the two best retrieval methods, namely Structured
Vanilla and Adaptive.

Table 3. Evaluation of summarized versus raw retrieved contexts.

Method Judge
Structured vanilla 0,55
Structured vanilla (summarized) 0,69
Adaptative 0,59
Adaptative (summarized) 0,74
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As shown in Table 3, the judge LLM consistently values conciseness. This indicates that not all
information contained in the retrieved documents is relevant to the query, and that summarization
effectively removes extraneous content while preserving the essential elements.

4.2. User-Oriented Evaluation of the System

The main user interface of our RAG system, through which end-users interact with the retrieval
and generation components, is shown in Figure 3.

on sécurisé 5 a# () =} lettre & jour ++
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UserGuide

Assistant

Exploration Assistant for Intelligent
Transportation System (ITS) Reference
Architectures

1. Introduction

This guide provides a structured approach for using our Retrieval-Augmented Generation (RAG) system, developed to support
the exploration and understanding of reference architectures in Intelligent Transportation Systems (ITS). The aim is to help

users extract coherent, multi-level architectural knowledge in a guided and effective manner.

2. Background Concepts

Before interacting with the system, it is important to understand the two core concepts at the heart of the RAG system:

Figure 3. Main user interface of the RAG system.

As shown in Figure 3, the system is accompanied by a user guide designed to help users obtain
the most relevant answers and to support effective exploration of the reference architectures. The
guide introduces both the system and the reference architectures considered, specifies the types of
questions that can be asked, and recommends a top-down approach, progressing from the most
general to the most detailed level of information. This approach follows the general framework for
high-level system architecture description presented in Figure 2 (see Section 3.1), which distinguishes
three levels: operational (why?), describing the services provided by the system; functional (what?),
specifying the functions to be performed; and organic (how?), identifying the concrete resources
employed. We adopt this hierarchical logic to guide the exploration of reference architectures, using
a top-down approach from the most general level of questions to the most detailed. This process
consists of the following seven steps:

1. Identify ITS domains;

° Action: Ask the system for the list of ITS domains defined in the reference architectures;

e  Expected output: A list of key domains (e.g., Traffic Management, Public Transport, etc.);

2. Explore a selected domain;

e  Action: Choose one domain and ask for detailed information;
Expected output: A description of the domain and a list of ITS services it contains;

3. Investigate an ITS service;

e  Action: Select a service relevant to your needs and ask for its functional overview;

e  Expected Output: A brief explanation of the service’s objectives and its main architectural
components;

4. Retrieve architectural objects;

e  Action: Ask for the list of functional or physical objects associated with the selected service;

e  Expected output: A structured list of relevant architectural elements (e.g., sensors, systems,
users);

5. Deep dive into specific objects;
Action: Request a description of a specific object;

e  Expected Output: A detailed explanation of the object’s role, purpose, and characteristics;
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6. Discover related objects;

e  Action: Ask the system to identify objects related to a selected object;

e Expected output: A list of linked or interacting objects in the architecture;

7.  Visualize the architecture;

e  Action: Ask for the physical architecture diagram of the selected ITS service;

e  Expected output: A visual representation showing the key objects and their interactions;
Figures 4-6 illustrate the use of the RAG system following the top-down approach described

above. They present the results corresponding to the first two steps as well as the final step of this

approach.
= O | A& Nonsécurise \931:,32_1”% 8502/Assistant AN O 0 Mettre ajour - M
Exploration Assistant for Intelligent
b Transportation System (ITS) Reference
Architectures

Which ITS domains are defined in the reference architectures?

The ITS domains defined in the reference architectures are:

* Traffic Management

* Support
o Traveler Information and Personal Mobility

* Public Transportation

* Vehicle Safety

Commercial Vehicle Operations
¢ Data Management

* Public Safety

* Maintenance and Construction
* Weather

* Parking Management

¢ Sustainable Travel

Figure 4. Step 1: identification of ITS domains.
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g What does the data management domain refer to, and what services are included in it?
The data management domain refers to the services related to storing, processing, and managing transportation-
related data to suoport various analvtical and operational needs.
The services included in this domain are:
1. DMO02: Performance Monitoring
o Functional Objects: Archive Data Repository, Archive Government Reporting, Archive Online Analysis and
Mining, Archive Situation Data Archival
> Physical Objects: Archived Data Administrator, Archived Data System, Archived Data User System, Government
Reporting Systems, Other Archived Data Systems
2. DMO1: ITS Data Warehouse
Functional Objects: Archive Data Repository, Archive Situation Data Archival, BIAC Data Collection, CVAC Data
Collection, Emergency Data Collection, Emissions Data Collection, MCM Data Collection, PAC Data Collection,
Parking Data Collection, Roadway Data Collection, RSE Situation Monitoring
> Physical Objects: Alternate Mode Transportation Center, Archived Data Administrator, Archived Data System,
Asset Management System
En yur text | .
Figure 5. Step 2: exploration of a selected domain.
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Figure 6. Step 7: visualization of the physical architecture diagram for the selected ITS service.
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The system was deployed for evaluation by internal users, namely colleagues from different

departments of our institute. These evaluators had diverse backgrounds (systems engineers, systems

architects, software developers, etc.) and no prior knowledge of ITS reference architectures. To assess

the clarity and accessibility of the user guide, users were allowed to formulate queries freely, without

intervention, in order to measure the system’s robustness when faced with a variety of query

formulations.

For the user-oriented evaluation, three quantitative criteria were defined to measure user

satisfaction. These criteria, their definitions, and the associated scoring system are presented in Table

4.

Table 4. User-oriented evaluation criteria, definitions, and corresponding scores.

Criterion Definition Score Label Description

The answer is a raw

0 No synthesis | copy-paste or poorly

structured content.

Assesses whether the
system presents the main

Conciseness points in a clear, Partial reformulation,
and synthesis | synthesized form, rather 1 |Some synthesis|but the answer is still

than copying raw content.

redundant or lacks
clarity.

The answer is clearly

2 Well- reformulated and
synthesized structured in a
concise, coherent
way.
Evaluates whether the 0 Hard to The answer is too
answer is understandable understand | technical or unclear
Comprehensibill and adapted to non-expert for non-specialists.
ity users. 1 Moderately Some parts are
clear understandable;
others require expert
background.
2 Clear and |The answer is easy to
accessible |[understand and well-
adapted for non-
expert users.
Measures the extent to 0 No new The answer contains
which the answer content only familiar or
Informative introduces new, relevant obvious information.
value information that the user 1 Partially new | The answer includes
may not have known or some new or
expected. enriching
information, but
nothing substantial.
2 Highly The answer brings
informative | clearly new, useful

knowledge or
insights for the user.
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The evaluation results of our RAG system, obtained from the first ten users considered in our
study, are summarized in Table 5.

Table 5. Evaluation results of the system by end users according to the defined criteria.

User Criteria Total score
Conciseness & | Comprehensibility| Informative
synthesis value
User 1 2 1 2 5
User 2 2 2 2 6
User 3 1 2 2 5
User 4 1 1 2 4
User 5 2 1 2 5
User 6 2 2 2 6
User 7 1 2 2 5
User 8 2 2 2 6
User 9 2 1 2 5
User 10 1 2 2 5

As shown in Table 5, the evaluation scores assigned by the ten users indicate a high level of
satisfaction with the system. Each user rated the system on three criteria — conciseness and synthesis,
comprehensibility, and informative value — with individual scores ranging from 0 to 2 per criterion
(maximum total score per user = 6). The total scores for all users sum to 52 out of a maximum possible
60, corresponding to an overall satisfaction rate of 86.7%. This high satisfaction can be attributed, in
part, to the utility of the user guide, and specifically the seven-step top-down approach it describes,
which is designed to help users obtain the most relevant answers and support effective exploration
of the reference architectures.

5. Discussion and Conclusions

Intelligent Transportation Systems (ITS) represent a major research focus for addressing the
challenges of safer, more efficient, and environmentally sustainable mobility. Nonetheless, the
architectural design of such systems is inherently complex, particularly for designers who are not
deeply familiar with the domain.

An effective way to address this complexity is to build on ITS reference architectures, which
offer validated frameworks that consolidate essential architectural expertise. Nevertheless, their
potential is often insufficiently exploited, partly because the architectural elements and reusable
components they encompass are not widely disseminated or easily accessible. Feedback from
academic and industrial partners confirmed this gap in awareness and usage. To respond to this
issue, this paper proposed a Retrieval-Augmented Generation (RAG) system that allows users to
interact with these architectures through a question—answer interface.

The system integrates the generative capabilities of large language models (LLMs) with
structured knowledge from established ITS reference architectures, including ARC-IT and FRAME.
It was assessed from both technical (i.e., evaluation of retrieval methods) and user-oriented
perspectives (i.e., evaluation by end users). The addition of a user guide, designed around a seven-
step top-down approach, played a significant role in user satisfaction, as shown by the evaluation
results.

These positive outcomes point toward several promising directions for further work. A first
objective is to make the system publicly accessible, enabling testing and validation by a broader range
of users, and potentially opening new opportunities for collaboration with research and industry
partners worldwide. Furthermore, we plan to increase the system’s adaptability by introducing
autonomous agents capable of selecting the most relevant tools to deliver high-quality answers.
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Finally, since the interface supports conversational interaction, another line of work will focus
on leveraging dialogue history to improve not only system accuracy and robustness but also the
overall user experience.
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