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Abstract

This thesis studies the use of Retrieval-Augmented Generation
(RAG) for requirement review in large-scale engineering systems. Re-
quirement management platforms such as Polarion contain thousands
of interconnected requirements, making manual review time-consuming,
subjective, and difficult to scale.

In this work, requirements are converted into vector representa-
tions, and retrieval is treated as a ranking task based on similarity.
Building on this, a RAG-based system is used to support requirement
analysis by identifying relationships, inconsistencies, and missing con-
straints between requirements.

A central part of the thesis is the evaluation framework. Retrieval
performance is treated as an estimation problem, where metrics such
as Precision@k, Recall@k, and MRR@k are analyzed using bootstrap
confidence intervals and uncertainty-aware comparison.

The results indicate that the retrieval component behaves as a
high-recall candidate generator, while the RAG-based system extends
this pipeline by adding structured interpretation of the retrieved re-
quirements. At the same time, the findings show that evaluation de-
sign has an impact on the conclusions and that uncertainty must be
taken into account when interpreting performance.

*Postal address: Mathematical Statistics, Stockholm University, SE-106 91, Sweden.
E-mail: christoforouaristil@gmail.com. Supervisor: Martina Favero.
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1 Introduction

Modern industrial systems, such as automation platforms and power grids,
rely on a large collection of requirements to characterize system behavior
and the interactions between different components. These requirements are
usually managed using specific tools such as Polarion. The repositories cre-
ated using these tools have thousands of entries that are connected with
each other and across multiple subsystems and products. Examples of re-
quirements include statements such as safety constraints, communication in-
terface specifications, synchronization requirements, or subsystem behavior
descriptions.

One important challenge in large requirement repositories is ensuring the
quality of these requirements. Even today, engineers need to identify issues
such as inconsistencies, missing constraints, duplicated functionalities, and
incorrect or incomplete links. This process is therefore still mostly performed
manually. The problem is that, as the size and complexity of requirement
repositories increase, it becomes more difficult to review them manually at
scale. As a consequence, engineers also need to go through large volumes of
text, often written by different people and at different levels of abstraction,
which makes it hard to identify relationships between requirements.

In this context, requirement review refers to the process of systematically
analyzing requirements to assess their quality and relationships.

Manual requirement review therefore has several important limitations.
Firstly, it is time-consuming and can depend strongly on the experience level
and focus of each individual engineer. As a result, the risk of missing impor-
tant issues increases, and the quality and consistency of the review may de-
pend on the expertise and experience of the individual engineer |1, 6]. Addi-
tionally, many relationships between requirements are not explicitly defined,
which makes them more difficult to identify using traditional keyword-based
search [9, [12]. This can cause relevant connections between requirements
to remain hidden, which can make relevant requirement relationships more
difficult to identify during review.

To address these challenges, recent studies have explored the use of ar-



tificial intelligence (AI) and large language models (LLM) in requirements
engineering [1, |6, [11]. Omne important method in this area is semantic re-
trieval, where requirement texts are converted into vector representations
and compared using similarity measures in order to retrieve relevant require-
ments beyond exact keyword overlap [9, |15, 3]. This is especially useful
for requirement review, because semantically related requirements may use
different terminology while still describing similar functions, constraints, or
system behaviors.

Building on retrieval, retrieval-augmented generation (RAG) combines
retrieved requirements with a generative language model in order to support
more advanced analysis. Such approaches are commonly used in software and
requirements-related settings to improve tasks by using retrieved information
as input for generation [2, 19, 21]. In the context of requirement review,
this makes it possible not only to retrieve relevant requirements, but also to
support their interpretation and explain why they are related.

Importantly, in this thesis, RAG is not used to improve retrieval perfor-
mance, but to support the review process by helping interpret and analyze
the retrieved requirements. In other words, retrieval generates candidates,
while RAG supports their interpretation. The goal is to assist engineers in
understanding relationships between requirements, rather than to replace the
retrieval component.

Unlike approaches based on training or fine-tuning task-specific models,
RAG does not require large labeled datasets, which are often unavailable in
industrial requirement repositories. Training such models is also computa-
tionally expensive and difficult to maintain as requirements evolve over time.
In contrast, RAG allows the system to operate directly on existing require-
ment data through retrieval, making it potentially more flexible and easier
to adapt to evolving industrial requirement repositories.

Existing work in requirements engineering shows that semantic retrieval
and retrieval-augmented generation can support tasks such as traceability
and consistency checking [2, 19, 21]. However, many existing studies often
focus primarily on demonstrating retrieval performance, while less attention

is given to the reliability and statistical validity of the evaluation process



itself |18 |16].

However, despite the growing interest in retrieval and RAG-based ap-
proaches, the way they are evaluated is still often limited or methodologically
limited. Research has shown that statistical analysis, evaluation design, and
the interpretation of metrics are critical for drawing reliable conclusions in
both information retrieval and machine learning [17, |10, [14]. For example,
metrics such as precision and recall are often reported as single values, even
though they are computed from finite samples and depend on the queries
that are selected and the relevance judgments that are made [8, [13]. This
means that differences in performance are not always meaningful, especially
when uncertainty and variability are not reported. As a result, it is often dif-
ficult to determine whether reported improvements reflect genuine retrieval
quality or artifacts of the evaluation setup.

To address these challenges, this thesis develops and evaluates a retrieval-
based and retrieval-augmented framework for requirement review using a

controlled and statistically grounded evaluation methodology.

Research questions This thesis is guided by the following research ques-
tions (RQ):

« RQ1: How well does embedding-based semantic retrieval support re-
quirement review tasks in terms of precision, recall, and ranking per-

formance?

« RQ2: How does the use of retrieval-augmented generation (RAG) sup-

port the interpretation and analysis of retrieved requirements?

o RQ3: How does the evaluation design, including relevance labeling and

statistical analysis, affect the interpretation of retrieval performance?

Together, these research questions aim to evaluate both the effectiveness
of retrieval-based methods and the impact of evaluation design on the inter-
pretation of results.

This thesis addresses these limitations by developing a controlled and

reproducible evaluation framework for retrieval-based requirement review. A

7



key contribution is the application of pooled relevance judging within the
proposed evaluation framework, which expands the ground truth beyond a
single retrieval output and helps reduce evaluation bias. In addition, retrieval
metrics such as precision, recall, and ranking performance are treated as
statistical estimates, and bootstrap confidence intervals are used to quantify
uncertainty. This provides a more reliable basis for interpreting performance
differences.

Overall, this work contributes both a practical retrieval and retrieval-
augmented pipeline for requirement review and a statistically grounded eval-
uation methodology that supports more interpretable and reliable evaluation

of results.

2 Background

2.1 RAG and requirements engineering

Recent advances in large language models have led to growing interest in their
use within requirements engineering [1, 6, [L1]. In general, these models are
used to support tasks that involve understanding, organizing, and analyzing
requirement texts. This is especially relevant in modern engineering projects,
where repositories are usually large and difficult to review manually.

One important approach in this area is retrieval-augmented generation
(RAG). A RAG system combines two steps. Firstly, a retrieval component is
used to identify documents or requirements that might be relevant to a given
query. Secondly, the retrieved information is passed to a generative language
model, which uses this context to produce a response. This means that the
model uses the retrieved information when generating the output, instead of

relying only on what it already knows |19} 21].

Why Retrieval-Augmented Generation RAG can provide a practical
alternative to fully fine-tuned models for domain-specific tasks [19, 21]. One
key advantage is that it does not require additional training. The model

uses a pre-trained language model together with a retrieval system, so it can



access relevant information when producing an answer.

This approach has several practical advantages. First, it reduces the need
for large labeled datasets, which are often expensive to obtain in industrial
settings. Second, it allows the system to remain flexible, since updates to the
knowledge base can be incorporated without retraining the model. Third, it
can improve transparency, since outputs can be compared with the retrieved
requirements used as evidence.

For requirement review tasks, this is particularly important, since cor-
rectness and traceability are essential. RAG therefore provides a potentially
more flexible and interpretable approach for requirement review compared
to fully fine-tuned approaches.

Combining these two steps is particularly useful for requirement review
tasks. In many cases, the goal is not only to find related requirements, but
also to understand how they are connected and whether they reveal potential
issues. For example, an engineer may need to identify inconsistencies between
parts of the system. A system that only retrieves can help find candidate
requirements, while a RAG-based system can support a more structured
interpretation of these results. In this thesis, the role of RAG is specifically
to support interpretation and reasoning over retrieved requirements, rather
than to improve retrieval performance itself.

Recent studies show that large language models and RAG systems are
increasingly explored in requirements engineering. Studies also report appli-
cations such as requirement classification, traceability analysis, consistency
checking, and review support [6, 11]. Other work has shown that retrieval-
augmented language models can be used in industrial settings to support
tasks such as generating test scenarios from natural-language requirements
[2]. These developments suggest that large language model (LLM)-based
systems may help reduce manual effort and make it easier to access relevant
information in large requirement collections.

One of the limitations worth mentioning in the literature is that eval-
uation is often less developed than the system design itself. Many studies
present promising tools or proof-of-concept systems, but the evaluation se-

tups are often very specific in the tasks used, and they are based on small



datasets, or they are difficult to compare across studies [6, 21, [1§]. As a
result, it is often not clear how reliable the reported improvements are, and
whether they can be generalized beyond the specific setting in which the
system was tested.

These limitations highlight the need for more systematic and statistically
grounded evaluation methods. Because of this, we look more carefully at
semantic retrieval, evaluation methods, and uncertainty, which are discussed

in the next sections. The overall pipeline used in this thesis is illustrated in

Figure [1}
Requirement Semantic Top-k RAG Structured
query retrieval retrieved requirements generation review output
Evaluation

<(Pre(’,ision@k7 Recall@k, MRR, confidence intervals)>

Figure 1: High-level pipeline used in this thesis: semantic retrieval, RAG-
based analysis, and statistical evaluation.

2.2 Embeddings and similarity

Many approaches that use retrieval or RAG rely on representing text in a
meaningful way. Instead of comparing requirements based on exact descrip-
tions, many methods use embeddings. An embedding is a numerical vector
that represents a piece of text. In practice, a description of a requirement is
transformed into a point in a high-dimensional space, where similar require-
ments are expected to be located close to each other [15, 3].

Once requirements are represented as vectors, we can compute the simi-
larity between them mathematically. In this thesis, we use cosine similarity
as the main similarity measure. Cosine similarity measures how similar two
vectors are based on the angle between them. A higher cosine similarity
means that two requirements are more semantically similar in the embed-
ding space.

Several similarity and distance measures can be used to compare embed-

ding vectors. These metrics capture different geometric notions of similarity
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in the embedding space and may lead to different retrieval behavior [22].
In this thesis, we focus on cosine similarity, but also consider alternative
distance metrics for comparison.

Given two vectors x and y:

» Cosine similarity:
Ty
]l

cosine(x,y) =

Euclidean distance:

deuclidean($7y) = ||$ - yH?

Manhattan distance:

dmanhattan(xay) = ||ZL‘ - yHl

Chebyshev distance:
dchebyshev(xu y) = IH?X |fL’1 - yz|

Cosine similarity is commonly preferred in embedding-based retrieval, as
it measures directional similarity and is less sensitive to vector magnitude [9,
15]. When embeddings are L2-normalized, cosine similarity and Euclidean
distance become closely related, which explains their similar behavior in prac-
tice.

For this type of task, sentence-level embedding models are commonly
used. They are designed to represent entire sentences or requirement de-
scriptions as single vectors. This makes them suitable for semantic retrieval,
since the goal is to find requirements that are similar in meaning to a given
query requirement.

It is important to note that the quality of the retrieval results depends on
both the embedding model and the similarity measure. This is because the
embedding model determines how the text is represented, while the similar-

ity measure determines how these representations are compared. Different
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choices can lead to different retrieval results, which makes both components

important when designing and evaluating a retrieval system.

2.3 Evaluation in IR and RAG

Evaluation has long been an important topic in information retrieval (IR),
where the goal is to measure how well a system retrieves relevant documents
for a given query [10} [17]. In classical IR, this is usually done using metrics
such as precision and recall |10, [13]. Precision measures how many of the
retrieved items are relevant, while recall measures how many of the relevant
items are successfully retrieved. Additional metrics such as Mean Reciprocal
Rank (MRR) can be used in ranked retrieval settings in order to capture
how early a relevant item appears in the ranked list [10]. In this thesis, we
focus on a ranked retrieval setting, so we use metrics such as Precision@k,
Recall@k, and MRR to evaluate retrieval performance.

Most of these evaluation methods rely on a binary definition of relevance
[10, 13]. This means each item is labeled as either relevant or not. This sim-
plifies the evaluation, but it also introduces some limitations. One of them
is that relevance is not always clear, especially in requirement engineering
tasks, where relationships between requirements can be partial, indirect, or
context-dependent. This is also the approach used in this thesis, where rele-
vance is defined in a binary way for evaluation purposes.

Additionally, evaluation becomes more challenging with the introduction
of semantic search and embedding-based retrieval. Semantic retrieval focuses
on meaning rather than exact keyword overlap |7, [12]. This makes relevance
harder to define in a consistent way because two requirements may be related
in different ways depending on the task. For example, a requirement may
be useful for detecting inconsistencies but not for traceability analysis. More
generally, evaluating semantic search is difficult because results can depend
a lot on the domain, the dataset used, and the fact that different studies are
not always easy to compare.

In retrieval-augmented generation (RAG) systems, evaluation becomes

even more complex. This is because a RAG system consists of two parts:
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retrieval and generation, so the overall system performance depends on not
only how well relevant documents are retrieved but also on how well the
language model uses this information to generate useful outputs |21, [18]. As
a result, evaluation is often split into retrieval quality and generation quality,
which are not always easy to combine [21} |16].

Another limitation that can be found in the literature is the lack of unified
evaluation standards. Different studies use different datasets, tasks, and
metrics, which makes it difficult to compare results across papers [21, [18].
In many cases, evaluation setups are specific to a particular application or
dataset, and it is not always clear whether the reported results could be
generalized to other settings [6].

Overall, these challenges show that evaluation of retrieval and RAG sys-
tems is not straightforward. Differences in datasets, relevance definitions,
and evaluation protocols can make it difficult to draw consistent conclusions
across studies [17, |7, |21]. For this reason, evaluation should be designed
and reported more carefully and systematically. This thesis therefore focuses
on evaluation from a statistical perspective, which is discussed in the next

section.

2.4 Statistical evaluation and uncertainty

Evaluation metrics such as precision, recall, and MRR are often reported as
fixed values when retrieval systems are assessed. However, in practice these
metrics are computed from a limited set of queries, so the reported values
should be interpreted as estimates of system performance rather than exact
fixed values [8, |14].

Since performance metrics are usually calculated over a finite number of
queries, the reported values depend on the specific queries that are selected
and also on the associated relevance labels. In requirement engineering tasks,
this effect may be even stronger, since relevance is often defined manually and
may depend on how we interpreted the results. For this reason, evaluation
outcomes are subject to variability |8, [4].

This variability means that differences in metric values between systems
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do not necessarily reflect true performance differences. Instead, they may
arise because of the particular query set or the labeling process. It is therefore
important to quantify the uncertainty associated with the reported metrics.

One common way to address this is to construct confidence intervals,
which provide a range of plausible values for a performance metric and make
it easier to assess how stable the results are. For instance, wide intervals sug-
gest greater variability across queries, while narrower intervals may indicate
more consistent observed behavior [20, 5].

Statistical comparison methods can also be used to assess whether ob-
served differences may reflect variability in the evaluation setup. Instead of
relying only on small differences between point estimates, statistical methods
make it possible to assess whether observed differences might be meaningful
or occurred by chance [4, |14].

Overall, we can conclude that evaluation should not rely only on single
metric values. Performance should also be considered together with its as-
sociated uncertainty. This is important in requirement engineering settings,
since datasets are often limited in size and heterogeneous.

For this reason, this thesis treats evaluation as a statistical estimation
problem. Metrics are treated as estimates of performance, and uncertainty-
aware methods are used to make the results more reliable and easier to in-

terpret.

3 Methodology

3.1 Dataset

We conduct the evaluation on synthetic requirement datasets that are de-
signed to resemble realistic industrial requirement repositories. The use of
synthetic data is motivated by the lack of publicly available datasets that
capture the structure, heterogeneity, and scale of industrial systems such as
those managed in tools like Polarion. Since real-world requirement reposi-
tories are often incomplete, or difficult to access due to confidentiality con-

straints, two synthetic datasets were generated. This allows us to construct
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a controlled and reproducible evaluation setting while preserving selected
structural properties of real systems.

Although the dataset is synthetically generated, it is constructed using a
controlled, LLM-assisted workflow to support structural realism. The genera-
tion process enforces predefined constraints such as hierarchical relationships
(system, subsystem, component), multiple interacting products, and diverse
requirement types. The generated requirements are then manually reviewed
and cleaned to ensure consistency and coherence. The goal is not to exactly
replicate real industrial data, but to approximate its structure closely enough
to enable a meaningful and controlled evaluation of retrieval and RAG-based
methods in this setting. As a result, the dataset should be seen as structurally

realistic but not fully representative of real-world industrial repositories.

Dataset versions We use two dataset versions in this thesis.

o Dataset vl is the initial dataset used for controlled retrieval evalua-
tion. It contains a moderate number of requirements (approximately
130) and is used for developing the evaluation protocol, defining queries,

and performing the first experiments.

o Dataset v2 extends vl with additional requirements in order to in-
crease dataset size (approximately 340 requirements), structural diver-
sity, and subsystem coverage. It is used to analyze how the pipeline
behaves on a larger requirement collection, final system evaluation, and

demo scenarios.

Both datasets follow the same schema and generation principles, which

makes sure that we have consistency across the experiments.

Requirement structure FEach requirement in the dataset consists of:
A unique identifier (ID)
o A title and a natural-language description

A requirement type (e.g., system, software, interface, safety)

15



o A parent identifier encoding hierarchical relationships
o Product and subsystem annotations

o Additional metadata such as priority and verification method

Only the textual description is used as input to the embedding model for
retrieval. The remaining fields are used for interpretation, relevance defini-
tion, and qualitative analysis.

The dataset follows a three-level hierarchy:
System — Subsystem — Component

This structure shows how requirements are typically organized in indus-
trial systems and helps model relationships between requirements such as

traceability and cross-level dependencies.

Products The dataset includes requirements from multiple interacting prod-

ucts:

Protection Relay
o Intelligent Sensor

e Grid Automation Controller

Protection Gateway

Monitoring Software (human-machine interface, HMI)

These products represent different layers of a power system architecture,
from field devices to supervisory systems, and allow evaluation on cross-

product retrieval behavior.
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Requirement types To reflect engineering diversity, the dataset includes

multiple requirement types:

» Software requirements
« Hardware requirements
o Firmware requirements
 Interface requirements
« Safety requirements

« System-level requirements

The use of a variety of requirement types makes the retrieval task more

diverse and closer to realistic requirement review scenarios.

Reproducibility During evaluation, the dataset is kept fixed. No require-
ments are added, removed, or modified after the evaluation setup is defined.
This ensures that all experiments are reproducible and that the differences
found in performance can be attributed to changes in the retrieval or RAG
configuration rather than to changes in the underlying data.

Importantly, retrieval is based only on the requirement text, not on meta-
data fields. This means that the system must identify similarity from the

requirement descriptions rather than from simple metadata matches.

3.2 Retrieval methodology

The retrieval system used in this thesis is based on semantic similarity be-
tween the description of the requirements [9]. Using the description of each
requirement, we transform it into a dense vector embedding using a pre-
trained embedding model [15]. Specifically, the descriptions are encoded us-
ing the Azure OpenAl embedding model text-embedding-3-small to gen-

erate these representations.
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In addition to the baseline embedding model text-embedding-3-small,
we also consider a larger embedding model text-embedding-3-large for
comparison.

The two models differ in representation capacity and embedding dimen-
sionality. According to the model documentation, text-embedding-3-small
produces 1536-dimensional embeddings, while text-embedding-3-large pro-
duces 3072-dimensional embeddings.

This comparison allows us to examine whether increased embedding ca-
pacity leads to improved retrieval performance in requirement-based semantic
search. However, since retrieval performance also depends on the structure
of the dataset and the similarity measure, larger models do not necessarily
guarantee better results.

In the final pipeline, the embeddings are precomputed once and stored
as matrix files, and are loaded during retrieval to avoid recomputation. As a
result, the retrieval process is faster, computationally consistent, and easier
to reproduce.

After we load the embeddings, we perform the retrieval using cosine sim-
ilarity [9, [15]. For a query requirement, we compare its embedding with all
other embeddings in the dataset. Since the vectors are L2-normalized, co-
sine similarity is equivalent to the dot product, which simplifies computation
and ensures consistent similarity scores across requirements. In general, a
higher similarity score means that the query and the compared requirement
are considered to be more semantically related.

To better understand the structure of the embedding space, we visualize

the requirements using a three-dimensional PCA projection, as shown in
Figure 2]
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3d embedding projection on transparent sphere colored by product

product
Bl Grid Automation Controller

. ntelligent Sensor

BN Monitoring & Diagnostic Software (HMI)
BEm Protection Gateway

B Protection Relay

Figure 2: 3D PCA projection of requirement embeddings for dataset v2.
Each point represents a requirement, colored by product category. The pro-
jection illustrates the structure of the embedding space and the overlap be-
tween different product groups. The first three principal components explain
approximately 18.9% of the total variance. The principal components corre-
spond to directions in the embedding space that capture the largest variation
in the data. Since only a portion of the total variance is explained, the visu-
alization provides an approximate view of the structure.

When we are done with computing the similarity scores, the requirements
are ranked in descending order. In order to avoid retrieving the query re-
quirement itself as the nearest neighbor, we exclude it from the ranking. At
the end of this step, the system returns the top-k ranked requirements as the
candidates of the query.

Throughout the thesis, we keep the retrieval depth fixed at £ = 10, so the
system returns the ten most similar requirements for each query. The reason
for fixing k is to ensure consistency across all experiments and allow com-
parison between results. It also reflects a realistic review setting, where an
engineer would usually check only a small number of top-ranked candidates.

The retrieved results are then stored in structured JSON (JavaScript
Object Notation) files so that we can reuse the pipeline without rerunning

the full retrieval step each time. This frozen retrieval setup is the basis for
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both the retrieval-only baseline and the retrieval-augmented generation setup

used later in this thesis.

3.3 Evaluation Protocol

In this thesis, we evaluate the retrieval system using a controlled query-
based information retrieval setup |10} [17]. The goal is to evaluate how well
the system retrieves requirements that are relevant for different review tasks,
such as detecting duplicates, identifying possible conflicts, and finding related

requirements that should be analyzed together.

3.3.1 Query setup

Before starting the evaluation, we manually define a fixed set of 20 evaluation
queries. Each query corresponds to a selected requirement from dataset v1
and represents a plausible requirement review scenario. The queries that we

chose are designed to cover different types of review situations, including:

detection of similar or duplicate requirements

« identification of potential conflicts or inconsistencies
o discovery of missing constraints

 interface and integration analysis

o logging and fault-related behavior

The limited number of queries is considered when interpreting the statis-
tical results.

For each query, the system retrieves the top-k most similar requirements
using the fixed retrieval configuration with k& = 10. The ranked outputs are

stored and reused during evaluation.
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3.3.2 Relevance definition

We define relevance using a binary semantic relevance model, which is com-
mon in information retrieval evaluation [10, [13]. For each query ¢, each
retrieved requirement is manually labeled as either relevant or non-relevant.
The set of requirements labeled as relevant forms the evaluation ground truth
for that query. Since the labels are manually assigned by one annotator, the
relevance judgments should be interpreted as task-specific evaluation labels
rather than objective ground truth.

In general, a requirement is considered relevant if it supports the intended
review objective of the query.

A requirement may be labeled as relevant to a query if it:

o expresses similar functional behavior
 refers to related subsystem or system-level logic
» represents a meaningful engineering dependency

» supports traceability or cross-product relationships

The relevance labels are stored in structured JSON files and reused across
experiments.

It is important to note that we manually define the relevance labels be-
cause there is no existing ground truth for requirement similarity or con-
sistency in this dataset. As a result, it is necessary to determine which
requirements are relevant for each query. This approach is common in infor-
mation retrieval evaluation, where relevance is often defined through human

assessment [10} |17].

3.3.3 Metrics

We measure retrieval performance using Precision@k, Recall@Qk, and Mean
Reciprocal Rank (MRR@F), which are standard metrics in retrieval evalua-
tion (10} 8].
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Using Ry(q) for the top-k retrieved requirements and G(q) for the set
of relevant requirements for query ¢ (the ground truth), Precision@k and
Recall@k are defined as:

_ |Re(e) N G(q)|

| R(q) NG(q)]
: : .

Recall@k(q) = G

All evaluation queries are constructed with at least one relevant require-
ment, so RecallQk is well-defined.

Let rank, be the rank of the first relevant requirement retrieved for query
q. Then

Precision@k(q)

1

MRR@]{?(Q) _ ) rankg’
0, otherwise.

if at least one relevant requirement appears in the top-k results

All main metrics are first computed separately for each query. We then
report the average across all queries. This means that the results describe
average query performance, rather than one combined count over all retrieved
requirements.

In addition to the standard metrics, we also compute Adjusted Precision@k
as a secondary interpretation measure. This is motivated by the fact that
many queries contain only a small number of relevant requirements. In these
cases, raw Precision@10 can appear low even when the system retrieves most
or all relevant items.

As a result, using adjusted precision helps by normalizing the number
of retrieved relevant items by the maximum number of relevant items that
could be retrieved at depth k. It is defined as:

Adjusted Precision@k(q) = Lf’;(f]z TG(?(;]])J
1 , q

Adjusted Precision@10 takes values between 0 and 1 and reflects how close

the system is to the best possible performance for that query at the given

retrieval depth. Overall, we use this metric not as a replacement for the
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standard metrics, but as an additional measure that helps interpret precision

more fairly when relevance sets are small.

3.3.4 Candidate set size justification (k=20)

In order to construct a pooled relevance set that captures a sufficiently broad
candidate set for manual relevance judging of relevant requirements, it is
necessary to choose an appropriate candidate pool size.

In this thesis, we use k = 20 as the candidate set size for pooled relevance
judging. This choice balances coverage of potentially relevant candidates
with manageable manual labeling effort. A larger value of k£ may increase
the number of retrieved relevant requirements, but also introduces additional
non-relevant candidates, making manual labeling more time-consuming.

The choice of k = 20 is further supported by empirical analysis of retrieval

coverage across different depths, as shown in Section [

3.3.5 Pooled relevance judging

In the initial evaluation setup, relevance labels were defined only within the
top-10 retrieved results for each query. This introduces bias, since the eval-
uation would depend on the output of the retrieval system itself.

To address this issue, we apply pooled relevance judging, a common ap-
proach in information retrieval evaluation |10, [17]. Specifically, for each

query, a candidate pool is constructed by combining:

o the top-20 retrieved requirements from the baseline system

« requirement identifiers referenced in the RAG outputs

We also removed any duplicate identifiers, and we manually labeled all
candidates again using the same binary relevance criteria as before.

Finally, the pooled relevance labels are stored and used to recompute the
evaluation metrics. It is important to note that the requirement identifiers
extracted from the RAG outputs are only used to expand the candidate pool,

and are not automatically considered relevant. All candidates are manually
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labeled using the same binary relevance criteria. Duplicate identifiers are
removed before labeling. In this thesis, the labeling is done by one person.
This makes the process simpler, but it also means that the labels may be
subjective. Therefore, no inter-annotator agreement is reported, which is a

limitation of this work.

3.3.6 Statistical evaluation, uncertainty and baseline—pooled com-

parison

The evaluation metrics that we report are treated as statistical estimates
rather than exact values. Since the evaluation is based on a finite set of
N = 20 queries, the metrics may vary depending on the sampled queries [8,
4).

In order to quantify the uncertainty, we use a non-parametric bootstrap
procedure. We resample the evaluation queries with replacement, and then
recompute the mean metric for each resample. This process is repeated with
B = 5000 bootstrap iterations. We choose B = 5000 to obtain stable boot-
strap estimates while keeping the computation practical. A smaller number
of resamples could make the confidence intervals less stable due to random-
ness in the resampling process, while a much larger number would mainly
increase computation time without significantly changing the results.

In simple terms, the bootstrap estimates how much the results may vary
by repeatedly resampling the query set. This helps avoid over-interpreting
small observed differences.

The confidence intervals are obtained from the empirical bootstrap dis-
tribution, which provides a range of plausible values for each metric [20, [5].
The bootstrap intervals reflect variability across the sampled queries, but
they do not capture all sources of uncertainty, such as subjective relevance
labels or the use of synthetic data.

In this thesis, we compare two evaluation settings. The first uses the
original relevance labels that were defined from the baseline retrieval outputs,
while the second uses the pooled relevance labels obtained after we expanded

the candidate set. In both settings, the retrieval outputs are kept identical,
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which allows us to isolate the effect of the ground-truth construction.
We also apply the same bootstrap-based comparison framework to the
Adjusted Precision@10 in order to analyze how the change in relevance la-

beling affects how this metric is interpreted.

Dataset-specific evaluation setup It is important to clarify that the
baseline and pooled evaluation comparison is conducted only on dataset v1.
This dataset is used to develop and analyze the evaluation protocol in a
controlled setting.

For dataset v2, the evaluation is performed exclusively using the pooled
relevance protocol. This is because v2 is used for extended evaluation on a
larger dataset, where a broader and less system-dependent evaluation ground
truth is required.

As a result, all comparisons between baseline and pooled relevance labels
are restricted to dataset v1, while dataset v2 reflects the final evaluation

setup based on pooled relevance judging.

3.3.7 Reproducibility artifacts

To support reproducibility, all key components of the evaluation pipeline are

stored and organized in a structured format. This includes:

o the synthetic datasets (v1 and v2)
o retrieval outputs for all queries

« manually defined relevance labels
o pooled candidate sets

« evaluation scripts and notebooks

o generated figures and result tables

These artifacts make it possible to reproduce the evaluation results with-
out rerunning the full pipeline, and support transparency in how the results

are obtained.
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3.4 System setup: Baseline vs RAG

This section describes the two final system configurations used in the evalu-
ation.

In this thesis, we compare two system configurations in order to study
how adding a generation component changes the interpretation layer built

on top of retrieval.

Baseline__ vl The first configuration, referred to as Baseline_ v1, con-
sists only of the retrieval component. For a given query requirement, the
system retrieves the top-k most similar requirements using cosine similarity
in the embedding space.

In this step, we do not use any generation algorithm. The output is
therefore a ranked list of requirement identifiers, which is then used directly

in the retrieval evaluation.

RAG_v1l The second configuration, referred to as RAG__v1, extends the
baseline by adding a retrieval-augmented generation component. We use the
same retrieval setup to obtain the top-k candidate requirements. These re-
trieved requirements are then provided as context to a large language model.
In this thesis, the purpose of the RAG component is not to improve retrieval
metrics directly, but to support interpretation of the retrieved requirements.

The overall pipeline is illustrated in Figure [3]
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RAG Pipeline Overview
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y . e o . N (generated_text)
Collection of Convert requirements Store embeddings in a Retrieve the top-k most Build the prompt with Generate an analysis

engineering into dense vector high-dimensional similar requirements the query and retrieved based on the prompt Return a structured
requirements. representations. vector space. using cosine similarity. requirements. and context. review with insights,

relationships, and
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Figure 3: Overview of the RAG_ vl pipeline. Requirements are embedded
into a vector space, retrieved using cosine similarity, and passed to a language
model to generate structured requirement reviews.

To guide the generation process, we use a fixed prompt template (see Ap-
pendix A). The prompt is designed to support requirement review tasks such
as identifying inconsistencies, missing constraints, and relationships between
requirements.

Generation is performed with temperature set to 0.0, which helps reduce
output variability across runs. The generated outputs follow a structured

format, which makes them easier to interpret and analyze.

Frozen configuration We keep fixed the setup across both configurations
in order to ensure a fair comparison between the baseline and the RAG-based

system. In particular, the following components remain unchanged:

the dataset

e the predefined evaluation queries

o the retrieval depth (k = 10)

o the embedding model and similarity measure
e the prompt template and its version

e the evaluation protocol
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The fixed setup makes it easier to understand where any differences come
from. Since everything else stays the same, this makes it easier to inter-
pret differences as being related to the added generation component rather
than changes in the retrieval setup. It also helps keep the evaluation setup

consistent across configurations.

Role of dataset v2 In addition to the controlled experiments conducted
on dataset v1, dataset v2 is used for extended evaluation and scalability
analysis. In this setting, the system is evaluated using the pooled relevance
protocol, and additional experiments are conducted, including embedding
model comparison and evaluation of the RAG-based system.

This allows us to assess how the system behaves under a larger and more
diverse dataset while maintaining consistency with the evaluation framework
defined for dataset v1.

Free-text query support In addition to the predefined evaluation queries,
we added free-text queries to the system for demonstration purposes. In this
case, the same retrieval and generation pipeline is used, but the input is no
longer restricted to requirements from the dataset.

Instead, a user can provide an arbitrary natural-language query. Apart
from this difference in input type, the underlying system remains unchanged.
This makes the demo setting technically consistent with the evaluated pipeline,

although the free-text queries are not part of the quantitative evaluation.

3.5 Example of pipeline output

This example illustrates how the system behaves in a realistic usage scenario.
The query is not part of the evaluation set. The goal is to show the full
pipeline, from user input to retrieval and structured output.

The example below includes the query, the retrieved requirements, and
the generated requirement review. For readability, only the first five retrieved
requirements are shown, although the generation step uses the full retrieved

context.
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The generated review shown below is lightly formatted for readability,

while preserving the structure and content of the original system output.
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User Query

What requirements are related to time synchronization?

Top-5 retrieved requirements

ID Description

PR-HW-005 | The hardware shall support high-precision time synchro-
nization.

PR-SW-004 | The subsystem shall manage time synchronization with
external sources.

PR-SW-008 | The module shall synchronize time using external proto-
cols.

PR-SW-017 | The module shall detect time synchronization deviations.
PR-IF-003 The interface shall support Network Time Protocol
(NTP) and Precision Time Protocol (PTP) synchroniza-

tion.

Generated requirement review

Related requirements

PR-HW-005: Hardware support for precise synchronization

PR-SW-004: Synchronization management logic

PR-SW-008: External protocol synchronization

PR-SW-017: Drift detection

PR-IF-003: Interface-level synchronization support

Potential conflicts

o GA-HW-005, PG-HW-005: inconsistent precision definitions without

explicit tolerance
Missing constraints
o No explicit synchronization accuracy thresholds

o No explicit synchronization frequency requirements

Figure 4: Example of the end-to-end RAG pipeline using a free-text query.
The system retrieves semantically reldtd requirements and generates a struc-
tured requirement review, including relationships, potential conflicts, and
missing constraints.



4 Results

4.1 Baseline retrieval results (Dataset v1)

In this section, we report the retrieval performance of the baseline system on
dataset v1 using the evaluation protocol described in Section [3[ |10} |17]. The
results are computed over N = 20 evaluation queries with a fixed retrieval
depth of &k = 10.

The baseline achieves the following mean performance:
e Precision@10 = 0.235

e Recall@10 = 0.925

« MRR@10 = 0.679

In addition, uncertainty is estimated using bootstrap resampling (B =

5000), and the corresponding 95% confidence intervals are reported |20}, |5]:

 Precision@10: [0.190, 0.270]
« Recall@10: [0.800, 1.000]

« MRR@10: [0.513, 0.838]

The results show a clear difference between precision and recall. The
high recall indicates that the system is generally able to retrieve most of the
relevant requirements within the top-10 results. In contrast, the relatively low
Precision@10 suggests that many non-relevant requirements are also included
in the retrieved set.

Since many queries contain only a small number of relevant requirements,
the raw Precision@10 values can appear low even when most relevant items
are retrieved. To support interpretation, Adjusted Precision@10 is also com-
puted, which normalizes the number of retrieved relevant requirements by
the maximum achievable number of relevant requirements at depth k. This

metric is analyzed further in the adaptive-k analysis below.
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In embedding-based semantic retrieval, this behavior is expected, since
similarity captures broad semantic relations rather than strict relevance. As
discussed in the literature, precision and recall should be interpreted as sta-
tistical estimates that depend on the evaluation setup and query sample
5.1,

The MRR@10 result further shows that even though the top-10 set con-
tains some noise, relevant candidates are typically found among the top-

ranked results.

4.2 Per-query variation in the baseline v1 evaluation

In addition to the aggregated baseline results for dataset v1, we analyze how
retrieval performance varies across individual queries in the original baseline
evaluation at £ = 10. This provides a more detailed view of how the system
behaves across different queries.

Figure[5]shows the Precision@10 values per query. The results vary across
queries, with some achieving higher precision than others.

o Per-query Precision@10 for the baseline v1 evaluation

Precision@10
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Figure 5: Per-query Precision@10 for the baseline v1 evaluation.

Figure [6] shows the Recall@10 values per query. In contrast to precision,
recall remains high for most queries, although a small number of queries show
lower recall, including one clear failure case, where no relevant requirements
are retrieved.

Standard deviation measures how much the metric values vary across

queries. The standard deviation is 0.093 for Precision@10 and 0.245 for
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Recall@10, which indicates that recall varies more across queries, mainly
because of a small number of difficult cases.

Finally, query PG-SUB-001 represents a clear failure case, where both
precision and recall are zero. This means that the retrieved set contains
mostly non-relevant requirements and misses relevant ones entirely.

Overall, the results confirm that recall is consistently high, while precision
varies across queries. This supports the interpretation that the reported
mean values should be seen as aggregated estimates rather than uniform

performance across all queries [8, |14].

Per-query Recall@10 for the baseline v1 evaluation
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Figure 6: Per-query Recall@10 for the baseline v1 evaluation.

4.3 Pooled evaluation (vl vs v2)

We use the pooled evaluation as the main evaluation protocol in this thesis.
As described in Section [3] pooled relevance judging gives a broader evaluation
ground truth than the original baseline-only labeling setup, since relevance
is defined after combining candidates from retrieval and RAG outputs [10,
17].

For dataset v1, the pooled evaluation gives the following mean results:
e Precision@10 = 0.435
e Recall@10 = 0.794

« MRR@10 = 0.779

33



For dataset v2, the pooled evaluation gives the following mean results:

e Precision@10 = 0.440
e Recall@10 = 0.737

« MRR@10 = 0.802

The pooled results show that precision remains almost unchanged be-
tween the two datasets. In contrast, recall is slightly lower for dataset v2,
while MRR is slightly higher. This means that under the pooled protocol,
the system keeps a similar level of precision, retrieves a somewhat smaller
share of all relevant requirements in v2, but tends to place the first relevant
requirements slightly earlier in the ranked list.

To quantify how much the evaluation protocol changes the results, we
also compare the original baseline labels with the pooled labels for dataset
vl while keeping the retrieval outputs fixed. For Precision@10, the mean
difference between the pooled and baseline evaluation is 0.20, with a 95%
confidence interval of [0.15,0.25]. Since this bootstrap interval does not in-
clude zero, it suggests a consistent positive difference across the evaluated
queries.

For Adjusted Precision@10, the mean difference between the pooled and
baseline evaluation is —0.13, with a 95% confidence interval of [—0.23, —0.03].
This indicates that the pooled protocol changes the interpretation of per-
formance, since the same retrieval outputs are evaluated against a broader

ground truth.

4.4 Confidence intervals (vl vs v2)

To quantify the uncertainty of the results reported, we estimated 95% boot-
strap confidence intervals using B = 5000 resamples over the query set, as
described in Section [3] [20], [5].

For dataset v1, the pooled confidence intervals are:

« Precision@10: [0.370, 0.500]
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» Recall@10: [0.704, 0.877]

« MRR@10: [0.642, 0.908]
For dataset v2, the pooled confidence intervals are:

« Precision@10: [0.385, 0.495]
. Recall@10: [0.672, 0.807]

« MRR@I0: [0.655, 0.929]

Overall, the intervals suggest relatively stable results across the evaluated
queries, although some uncertainty and variability still remain, especially for
recall and MRR.

4.5 Retrieval behavior results

To further analyze retrieval behavior beyond fixed & = 10 evaluation, we

examine how performance changes with varying retrieval depth.

4.5.1 Adaptive-k

To better understand how retrieval depth affects ranking quality, we analyzed

retrieval performance for different values of k.

Dataset v1: Precision@k and normalized precision For dataset v1,

we computed mean Precision@Fk across different retrieval depths:

e Precision@]1 = 0.650

Precision@3 = 0.567

e Precision@5 = 0.570

e Precision@10 = 0.435

e Precision@20 = 0.275
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As expected, Precision@k generally decreases as k increases. This reflects
a typical ranked retrieval behavior, where the highest-ranked results are the
most relevant, while lower-ranked results introduce additional non-relevant
items |10, [13].

To further examine how ranking quality changes with depth, we define
normalized precision as the ratio between Precision@k and Precision@1 for

each query:

_ Precision@k(q)
~ Precision@1(q)’

Normalized Precision@k(q)

This measure captures how quickly precision decreases relative to the
top-ranked result.

For queries where Precision@l = 0, normalized precision is defined as
zero for all k, which reflects complete retrieval failure. As a result, the mean
normalized precision at k = 1 reflects the proportion of queries for which the
top-ranked retrieved requirement is relevant.

The corresponding mean normalized precision values are:

« Normalized Precision@1 = 0.650
e Normalized Precision@3 = 0.467
e Normalized Precision@5 = (0.430
» Normalized Precision@10 = 0.310

e Normalized Precision@20 = 0.178

The normalized precision values show a consistent decrease as k increases,
from 0.650 at £ =1 to 0.178 at £ = 20. Normalized precision highlights that
this decline is steep relative to the top-ranked result, indicating that most
useful information is concentrated in the highest-ranked items.

This behavior is illustrated in Figure [7j where both Precision@k and

normalized Precision@Fk are shown for comparison.
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Precision@k vs Normalized Precision@k (Dataset v1)
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Figure 7: Comparison between Precision@k and normalized Precision@k for
dataset v1. While Precision@k decreases with increasing k, normalized pre-
cision highlights how quickly ranking quality degrades relative to the top-
ranked result.

Although this measure is useful for analyzing ranking behavior, it is not
stable across all queries and does not provide a complete picture of retrieval

performance. For this reason, it is used here primarily as a diagnostic tool.

Adjusted Precision@k Adjusted precision is computed using the pooled
relevance labels, so the corresponding Precision@k values differ slightly from
the original adaptive-k precision values reported above.

In addition to normalized precision, we also compute Adjusted Precision@k,
which measures how close the system is to retrieving all relevant requirements
that we set as ground truth within the top-k results. Adjusted precision is
defined as the number of retrieved relevant requirements divided by the max-
imum possible number of relevant hits within the top-k, i.e., min(k, |G(q)|).

The corresponding mean adjusted precision values are:
o Adjusted Precision@1 = 0.650

37



Adjusted Precision@3 = 0.567

Adjusted Precision@5 = 0.600

o Adjusted Precision@10 = 0.794

Adjusted Precision@20 = 0.794

Unlike normalized precision, adjusted precision increases with k£ and sta-
bilizes around k& = 10. This indicates that most relevant requirements are re-
trieved within the top-ranked results, and that increasing the retrieval depth
beyond this point mainly introduces non-relevant items rather than addi-

tional relevant ones.

Precision@k vs Adjusted Precision@k (Dataset v1)
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Figure 8: Comparison between Precision@k and Adjusted Precision@k for
dataset v1. While Precision@k decreases with increasing k, adjusted preci-
sion increases and stabilizes, indicating that most relevant requirements are
retrieved within the top-ranked results.

Dataset v2: Precision@kt and adjusted precision For dataset v2, we
compute both Precision@k and Adjusted Precision@Fk, where adjusted pre-

cision is defined as the number of retrieved relevant requirements divided
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by the maximum possible number of relevant hits within the top-k, i.e.,
min(k, |G(q)|).

The results are summarized below:
e k =1: Precision = 0.700, Adjusted = 0.700
e k = 3: Precision = 0.600, Adjusted = 0.600

e k =5: Precision = 0.520, Adjusted = 0.530

k = 10: Precision = 0.440, Adjusted = 0.737

k = 20: Precision = 0.305, Adjusted = 1.000

We can observe the same Precision@k pattern as in dataset v1.

1o Adaptive-k Precision Curve for v2
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Figure 9: Adaptive-k Precision@k curve for dataset v2 under pooled evalua-
tion.

Normalized precision was also computed for dataset v2 and shows the

same decreasing trend as in dataset vl. For clarity, the discussion here
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focuses on adjusted precision, which provides a more direct interpretation of
retrieval coverage under the pooled evaluation protocol.

Precision@k decreases as k increases, which shows that less relevant items
are introduced at deeper ranks. However, Adjusted Precision@k shows a
different trend.

Figure [10] illustrates this difference between raw and adjusted precision.

Adaptive-k Raw vs Adjusted Precision for v2
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Figure 10: Comparison of Precision@k and Adjusted Precision@k for dataset
v2, illustrating the trade-off between ranking quality and retrieval coverage.

It increases with k& and reaches 1.0 at £ = 20, which indicates that the
system retrieves all judged relevant requirements within the top-20 results
under the pooled relevance set.

This is particularly important in this setting, where each query has only a
small number of relevant requirements and raw precision is therefore capped

at relatively low values.

Interpretation The comparison between normalized precision and adjusted

precision shows that the two measures support different interpretations. Nor-
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malized precision is useful for analyzing ranking behavior, while adjusted pre-
cision provides a more interpretable estimate of retrieval coverage, especially

when the ground truth sets are small.

4.5.2 Pooling depth analysis

In order to justify the choice of candidate pool size used in the pooled rele-
vance judging, we analyze how retrieval depth affects the inclusion of addi-
tional relevant requirements.

Specifically, we compare retrieval results at depths k = 20, £ = 30, and
k = 40 for each query in dataset vl. The goal is to examine whether in-
creasing the pooling depth beyond k = 20 provides a substantial number of
additional relevant requirements. For each query, we identify the additional
candidates that appear beyond the top-20 results (i.e., ranks 21-30 and 21-
40), and we manually inspect whether the candidates are relevant according
to the same binary relevance criteria.

The results show that increasing the depth from k£ = 20 to £ = 30 in-
troduces, on average, only 0.5 additional relevant requirements per query.
Extending further to & = 40 increases this number to approximately 0.9
relevant requirements per query.

At the same time, each increase in depth introduces a fixed number of
additional candidates (10 for top-30 and 20 for top-40), most of which are
not relevant. This shows that deeper pooling adds many non-relevant candi-
dates and only a small number of additional relevant items. This is further
supported by the low average number of additional relevant requirements
observed beyond rank 20.

Based on these results, we can say that the majority of judged relevant
requirements in this evaluation setup are already captured within the top-20
results, while only a small number of additional relevant items appear at
deeper ranks. Increasing the pooling depth only gives a small improvement
in coverage, while requiring much more manual labeling effort.

As a conclusion, this analysis suggests that k& = 20 provides a reason-

able balance between coverage and efficiency, and is therefore used as the

41



candidate pool size for pooled relevance judging for both datasets v1 and v2
throughout the thesis.

4.5.3 Distance metric comparison

As an additional retrieval analysis, we compared cosine similarity with Eu-
clidean, Manhattan and Chebyshev distance using the same embeddings,
query set (N = 20), and retrieval depth (k = 10).

For dataset vl (pooled evaluation), cosine and Euclidean distance pro-
duced identical results across all metrics (Precision@10 = 0.435, Recall@10 =
0.794, MRR@10 = 0.779). Manhattan distance showed very similar perfor-
mance, with slightly higher Precision@10 (0.445) and Recall@10 (0.808), and
a small improvement in MRR@10 (0.792). In contrast, Chebyshev distance
resulted in substantially lower Precision@10 (0.330) and Recall@10 (0.600),
although it produced a higher MRR@10 (0.875), which indicates that rele-
vant items were sometimes ranked early despite retrieval quality being weaker
overall.

For dataset v2, the same overall pattern was observed. Cosine and Eu-
clidean distance again produced identical results (Precision@10 = 0.440, Re-
call@10 = 0.737, MRR@10 = 0.802). Manhattan distance remained close to
cosine, with slightly lower performance (Precision@10 = 0.425, Recall@10 =
0.712, MRR@10 = 0.774). Chebyshev distance again showed a clear drop
in Precision@10 (0.325) and Recall@10 (0.529), while MRR@10 remained
relatively high (0.754).

The distance-metric results are summarized in Table [II
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Metric Precision@10 Recall@10 MRR@10
Dataset v1 (pooled)

Cosine 0.435 0.794 0.779
Euclidean 0.435 0.794 0.779
Manhattan 0.445 0.808 0.792
Chebyshev 0.330 0.600 0.875
Dataset v2
Cosine 0.440 0.737 0.802
Euclidean 0.440 0.737 0.802
Manhattan 0.425 0.712 0.774
Chebyshev 0.325 0.529 0.754

Table 1: Comparison of retrieval performance across distance metrics for
datasets v1 (pooled) and v2 (k = 10).

Overall, cosine similarity and Euclidean distance behave identically under
normalized embeddings, which indicates that Euclidean distance does not
provide a practical difference in this setting. Manhattan distance introduces
only minor variations and remains close in performance. Chebyshev distance,
however, consistently reduces Precision@10 and Recall@10, indicating weaker
retrieval quality despite having occasionally high MRR values.

These results suggest that cosine similarity is a suitable default choice for
the retrieval setup used in this thesis, especially since it behaves identically to
Euclidean distance under normalized embeddings and remains competitive
across both datasets [3) 22].

4.6 Embedding model comparison

To evaluate the impact of the embedding model on retrieval performance,
we compared the baseline embedding model (text-embedding-3-small) with
a larger model (text-embedding-3-large) under the pooled evaluation setup.
The comparison is limited to the pooled setting, as the baseline results re-
ported earlier in this section were computed only using the smaller embedding

model. This comparison was included to examine whether a larger embed-
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ding model improves retrieval quality in this requirement retrieval setting.

Dataset v1 (pooled)

o text-embedding-3-small: Precision@10 = 0.435, Recall@10 = 0.794,
MRR@10 = 0.779

o text-embedding-3-large: Precision@10 = 0.425, Recall@10 = 0.778,
MRR@10 = 0.779

For dataset v1, the larger embedding model leads to a small decrease in
both Precision@10 and Recall@10, while MRR@10 remains unchanged. This
indicates that the ranking of the first relevant requirement is not affected,

but slightly fewer relevant requirements are retrieved overall.

Dataset v2

o text-embedding-3-small: Precision@10 = 0.440, Recall@10 = 0.737,
MRR@10 = 0.802

o text-embedding-3-large: Precision@10 = 0.400, Recall@10 = 0.663,
MRR@10 = 0.817

For dataset v2, the larger model shows a clearer trade-off. Precision@10
and Recall@10 both decrease, while MRR@10 increases. This means that the
larger model tends to rank the first relevant requirement earlier, but retrieves

fewer relevant requirements within the top-10 results.

Interpretation Across both datasets, the larger embedding model does
not consistently improve overall retrieval quality in this setting. While it can
slightly improve early ranking (as reflected by MRR in v2), it consistently
reduces Precision@10 and Recall@10.

Overall, these results show that a larger model does not necessarily lead
to better retrieval performance. In this setting, the smaller model provides a
better observed balance between precision, recall and ranking performance.
This suggests that, in this thesis, retrieval quality depends not only on model

size but also on the dataset structure and the retrieval setup.
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4.7 RAG evaluation (vl vs v2)

In this section, we summarize the behavior of the RAG component for dataset
vl and dataset v2. The goal here is not to evaluate retrieval quality again,
but to examine how the generated requirement reviews behave with respect

to structure, grounding and consistency [21].

Dataset vl For dataset vl, the RAG outputs are structured and follow
the fixed prompt format introduced in Section 3. In general, the generated
reviews are organized into the same main parts, including related require-
ments, potential conflicts, missing constraints or assumptions, and notes.
The outputs are therefore easy to inspect across queries and they remain
aligned with the review task.

At the same time, the explanations given by the LLM are largely grounded
in the retrieved evidence, with only limited instances of unsupported refer-
ences. In most cases, the model presents requirement IDs that are already
present in the retrieved top-k set, which suggests that the generation step
remains closely tied to the retrieval step [19]. However, it is important to
mention that the outputs in vl are not perfect. A small number of queries
still contain unsupported references, mainly in the form of self-references or
occasionally additional requirement IDs. For this reason, the v1 results still
contain some grounding issues, but overall they remain largely grounded and

consistent with the retrieved evidence.

Dataset v2 For dataset v2, the same overall output structure is preserved,
but the generated responses appear more detailed. The sections remain con-
sistent across queries, and the answers provide clearer reasoning for why
retrieved requirements are related, for potential conflicts or useful for identi-
fying missing constraints.

In addition, in comparison with the v1 outputs, the v2 outputs also appear
more stable in terms of format. The structure remains the same across
queries, but the content is usually more developed. In particular, the model

provides complete sections more often and uses explicit statements such as
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“Not enough information” when the evidence is insufficient. This may make

the outputs easier to interpret and may help reduce unsupported conclusions.

Grounding and hallucinations Across both datasets, the RAG system
is mostly grounded in the retrieved requirements, although some partial
grounding issues remain. Grounding coverage measures the share of gen-
erated requirement references that are present in the retrieved context.

The grounding and hallucination results are summarized in Table [2]

Property vl v2
Generated IDs outside retrieved set (%) 30 40
True hallucinated IDs (not in dataset) (%) 0 0
Average grounding coverage (%) - 88

Self-references (% of queries) 30 -

Table 2: RAG grounding and hallucination analysis across datasets

The quantitative results are consistent with the qualitative observations.
In the first dataset, 30% of queries contain unsupported references, mainly in
the form of self-references rather than true hallucinations outside the dataset.
In the second dataset, generated IDs outside the retrieved set appear in ap-
proximately 40% of queries, but all generated IDs still correspond to valid
requirements. This indicates that the model rarely introduces invalid re-
quirement identifiers, but it sometimes refers to valid requirements outside
the retrieved context. Furthermore, the average grounding coverage in the
second dataset is approximately 88%, meaning that most generated refer-
ences are directly supported by the retrieved results. Overall, these findings
show that the RAG system remains mostly grounded in the retrieval step,
with errors mainly related to partial grounding rather than true hallucina-
tion.

Overall, the RAG component behaves in a fairly consistent way. The
outputs are structured, mostly grounded when it comes to the evidence they
provide, and stable across queries. Taken together, these observations sug-

gest that the RAG component can support structured review of retrieved
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requirements, while still depending on the quality of the retrieved results.

5 Further Analysis

This section provides a deeper interpretation of the results presented in Sec-
tion [l While the results section reports the measured performance, this
section discusses possible reasons for the observed patterns and what they

mean for requirement review.

5.1 Adaptive-k analysis

The results suggest that there is no single best value of k for all queries in
this setup. Many queries reach their highest precision at small values such
as k =1 or k = 3, while some queries benefit from a larger retrieval depth.
This means that the most suitable retrieval depth depends on the query and
the review objective.

Despite this, we keep k = 10 throughout the main evaluation. Although
k = 10 does not give the highest precision, it provides a practical balance
between ranking quality and retrieval coverage.

Overall, the adaptive-k analysis supports the interpretation that the re-
trieval system should be understood as a candidate generation step rather

than a perfect ranking system.

5.2 Adjusted precision interpretation

Many queries in the evaluation contain only a small number of relevant re-
quirements. This directly affects how Precision@k should be interpreted.
Precision@k measures how clean the retrieved set is, while Adjusted
Precision@k measures how complete the retrieved set is compared with what
is achievable for that query. For example, in dataset v2, Precision@Q10 is
relatively low but Adjusted Precision@10 is higher, showing that the system
retrieves most relevant requirements while still including some non-relevant

items.
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Overall, adjusted precision helps explain why the system can still retrieve
many relevant requirements even when raw precision appears low. It is es-

pecially useful in this thesis because many relevance sets are small [8], [10].

5.3 Distance metric comparison

The distance metric comparison shows that cosine similarity is a suitable de-
fault choice for this retrieval setup. Cosine similarity and Euclidean distance
behave identically because the embeddings are normalized. Manhattan dis-
tance produces only minor changes, while Chebyshev distance consistently
reduces retrieval quality.

This suggests that changing the distance metric does not substantially
improve retrieval performance in this setting. Instead, the main retrieval
behavior is determined by the embedding representation and the structure

of the requirement data [3, 22].

5.4 Embedding model comparison

The comparison between text-embedding-3-small and text-embedding-3-large
shows that a larger embedding model does not necessarily improve retrieval
quality. The larger model sometimes improves early ranking, as reflected by
MRR, but this does not lead to better Precision@10 or Recall@10.

This suggests that model size alone is not enough to improve requirement
retrieval. In this thesis, the smaller model provides a slightly better balance
between precision, recall, and ranking performance. It is also expected to
be more computationally efficient due to its smaller size, which makes it a

reasonable default choice for the final retrieval pipeline.

5.5 Failure case analysis

The per-query analysis in Section 4] showed that retrieval performance is not
uniform across queries. A representative failure case is PG-SUB-001, where

no relevant requirements were retrieved within the top-10 results.
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Even though Recall@10 is high on average, this does not mean that every
query is handled well [8, [7]. These failure cases are important because they
show limitations that are hidden by aggregated metrics.

One reason for these failures is semantic mismatch. The embedding model
may perform poorly when the query and the relevant requirements describe
the same concept using different wording. Another reason is domain-specific
terminology, where similar concepts may be expressed differently across prod-
ucts or subsystems. A third reason is that requirements may differ only in
small but important details, which embedding models do not always capture
well.

These cases show why per-query analysis is necessary. Mean Precision@10
and Recall@10 provide useful summaries, but they can hide difficult queries

where the retrieval performance becomes very poor.

6 Discussion

6.1 Interpretation of results

To sum up, the results show similar overall patterns across both datasets.
The retrieval system achieves high recall, while precision remains lower. This
means that the system retrieves most of the relevant requirements, but also
returns non-relevant items.

As discussed earlier, this behavior is expected in embedding-based re-
trieval, since similarity captures broader semantic relationships rather than
strict task-specific relevance [9, [7]. Its main role is to ensure that relevant
requirements appear in the retrieved set so that they can be inspected fur-
ther. In an industrial setting, this means that retrieval may support engineers
by quickly surfacing relevant parts of large requirement repositories, even if
additional filtering is still needed.

The RAG setup builds on this retrieval behavior. Instead of directly
improving the retrieval stage, it adds a structured interpretation based on
the top retrieved requirements. In this way, it helps organize the evidence,

highlight potential conflicts, and suggest missing assumptions between re-
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quirements. It also aligns with recent work that shows that RAG systems
are often most useful when they support interpretation and reasoning over
evidence rather than replacing the retrieval process completely [19] [21]. This
is particularly useful in requirement engineering, where understanding rela-
tionships and inconsistencies between requirements is often more important
than retrieving them individually.

From an engineering perspective, this behavior may still be practical for
exploratory review tasks. In requirement review, the goal is usually to inspect
a broader candidate set for tasks such as inconsistency detection, traceability
analysis, and validation. A high-recall set therefore provides a reasonable
starting point for manual inspection, even if it contains some noise [10].

In addition, the comparison between embedding models shows that in-
creasing model size does not necessarily improve retrieval performance in this
setting. While the larger model slightly improves early ranking in some cases,
it consistently reduces Precision@10 and Recall@10. This suggests that re-
trieval performance depends not only on representation capacity, but also
on the dataset structure and the retrieval setup. In this thesis, the smaller
embedding model provides a more stable balance between ranking quality

and coverage.

6.2 Why pooling matters

In the initial setup, relevance labels were only defined within the top-£ results
of the baseline retrieval system. This made the ground truth partially depen-
dent on the retrieval output and introduced evaluation bias, since relevant
requirements outside the top-k set were not labeled |10, |17].

To address this, we introduced pooled evaluation by combining retrieval
outputs and RAG-generated references, and by increasing the candidate set
from k£ = 10 to k£ = 20 for manual labeling. This provides a broader and less
system-dependent approximation of relevance while keeping manual effort
manageable.

Changing the evaluation protocol has a direct effect on the reported met-

rics. In our experiments, the same retrieval outputs led to different con-
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clusions when relevance was redefined through pooled judging. The pooled
setup therefore provides a less system-dependent estimate of performance
within this evaluation framework.

Overall, this is one of the main methodological findings of this thesis.
It shows that the evaluation protocol plays a critical role in how retrieval
performance is interpreted, and that relying only on the top-k labeling can

lead to incomplete or misleading conclusions.

6.3 Evaluation problems

Retrieval performance depends not only on the system itself, but also on the
evaluation design. In our setup, query selection, relevance labeling, and the
fixed retrieval depth k£ = 10 all influence the reported metrics. Because the
query set is relatively small (N = 20), even small design changes can affect
the results |10} |17].

This means that retrieval evaluation is not a neutral measurement. In-
stead, it depends on several design choices that must be made explicit, in-
cluding query selection, relevance definition, candidate pooling, and metric

reporting [4].

6.4 Limitations

Despite the controlled and reproducible evaluation setup used in this thesis,
there are several limitations that should be considered when interpreting the

results.

Limited query set The evaluation is based on a relatively small set of only
N = 20 queries. While a small set allows for controlled analysis and manual
relevance labeling, it limits how representative the statistical results are. As
discussed in Section |3} the reported metrics should therefore be interpreted as
estimates rather than measures of system performance [8]. A larger and more
diverse query set would likely provide a more representative and generalizable

evaluation. The bootstrap confidence intervals only capture variability across
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the sampled queries and do not include uncertainty from manual relevance

labeling or synthetic data generation.

Synthetic dataset The datasets used in this thesis are generated synthet-
ically. Although they aim to reflect key structural properties of industrial
requirement repositories, they do not fully capture the complexity, noise,
and inconsistencies found in real-world data. As a result, the retrieval per-
formance observed in this work may differ from what would be obtained in
an actual industrial environment, which limits the external validity of the

results [6].

Binary relevance definition We define relevance using a binary labeling
scheme, where each requirement is labeled as either relevant or non-relevant.
While this simplifies the evaluation and aligns with common information
retrieval practices |10], it does not capture different degrees of relevance.
Relevance can vary in strength depending on the context in requirement
engineering tasks. This means that the evaluation may not fully reflect the
relationships between requirements. It may also affect how precision and
recall are interpreted, since partially relevant requirements are treated as

non-relevant [17].

Lack of large-scale industrial validation The evaluation is conducted
entirely in a controlled experimental setting, without validation on large-scale
industrial datasets or with real engineering workflows. Although the system
is designed to reflect industrial use cases, it is not tested in a real industrial
working environment. This means that factors such as user interaction, tool
integration, and domain-specific constraints are not evaluated, which limits

the ability to directly assess the system’s impact in practice.

RAG evaluation without expert study The RAG component is eval-
uated mainly based on its structure, such as grounding, output and format
consistency. While this provides insight into how the system behaves, it does

not include a systematic human expert evaluation of the generated require-
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ment reviews. As discussed in recent work on RAG evaluation, assessing
usefulness, correctness, and trustworthiness often requires domain experts
[21, /1§]. This means that the conclusions about the RAG component should

be interpreted as preliminary.

Summary Overall, these limitations reflect the trade-offs between control,
reproducibility, and realism. The setup supports systematic analysis, but
stronger conclusions would likely require larger query sets, real industrial

data and expert-based validation.

6.5 Contributions

In this thesis, we make several contributions to the evaluation of semantic

retrieval and retrieval-augmented generation (RAG) for requirement review.

Semantic retrieval baseline Firstly, we design and evaluate a semantic
retrieval baseline for requirement engineering data. Using dense embeddings
and cosine similarity, the system behaves as a high-recall candidate generator,

consistent with first-stage retrieval in multi-stage pipelines [9].

Controlled RAG comparison Secondly, we introduce a controlled com-
parison between a retrieval-only baseline and a RAG-based system. By keep-
ing the dataset, queries, retrieval configuration, and prompt fixed, we study
the effect of adding a generation component. The RAG system does not
directly change retrieval performance, but adds structured interpretation on

top of retrieved requirements [19, 21].

Pooled relevance evaluation Thirdly, we apply pooled relevance judg-
ing to reduce dependence on a single retrieval output during evaluation. By
combining retrieval outputs and RAG references, we construct a larger can-
didate pool and show that ground-truth construction can change reported
metrics even when retrieval outputs are fixed [10, 17]. We also justify the

top-20 pool as a practical balance between coverage and labeling effort.
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Statistically grounded evaluation framework Fourthly, we treat re-
trieval metrics as estimates rather than exact values. Using bootstrap con-
fidence intervals, we quantify uncertainty in the reported evaluation results
and avoid over-interpreting small differences under limited query counts and

manual relevance labels |8, [4].

Reproducible evaluation pipeline Finally, we implement a reproducible
evaluation pipeline in which embeddings, retrieval outputs, relevance labels,
pooled candidate sets, and evaluation results are stored and reused across
experiments. This supports transparent comparison across configurations
and contributes to more consistent experimentation in Al-based requirement
engineering [6]. Taken together, these contributions provide both a practical
system for requirement review and a structured evaluation framework for

this domain.

7 Conclusion

In this thesis, we studied how semantic retrieval and retrieval-augmented
generation (RAG) can support requirement review in large-scale requirement
repositories. The motivation comes from industrial settings, where engineers
need to work with large collections of independent requirements, and manu-
ally reviewing them is often time-consuming and difficult to scale.

To solve this problem, we designed a retrieval-based system that rep-
resents requirements using dense embeddings and retrieves related require-
ments based on semantic similarity. Additionally, we implemented a RAG
setup that uses the retrieved requirements as context for structured require-
ment review. In this way, the goal is to support the interpretation of the
retrieval results by organizing and explaining relationships between require-
ments, rather than replacing the retrieval step.

A key part of the work is the evaluation framework. We defined a con-
trolled query-based setup with manually labeled relevance, and we extended
it using pooled relevance judging in order to reduce evaluation bias in the

manually defined ground truth. We also treated evaluation metrics as sta-
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tistical estimates and used bootstrap confidence intervals to quantify uncer-
tainty.

The results show that the retrieval system generally behaves with high
recall while retrieving both relevant and non-relevant requirements for the
given queries. For example, the baseline evaluation shows a Precision@10
of 0.235 and a Recall@10 of 0.925, confirming the high-recall nature of the
system. Under pooled evaluation, Precision@10 increases to approximately
0.44 while recall remains high, which highlights the impact of evaluation de-
sign on the interpretation of results. It is generally able to retrieve most of
the relevant requirements defined in the ground truth, but it does not always
produce a clean ranking, which means that additional interpretation or fil-
tering is needed. Building on this behavior, the RAG component provides
structured explanations of the retrieved results, without directly improving
retrieval performance.

The main contributions of this work are threefold. First, it demon-
strates that semantic retrieval can be used as a high-recall candidate gen-
eration mechanism for requirement review. Second, it shows that retrieval-
augmented generation can support structured interpretation of retrieved re-
quirements. Third, it provides a statistically grounded evaluation framework
that highlights how evaluation design affects the interpretation of retrieval
performance.

One of the main findings is that evaluation design has a strong impact on
the reported results. This is observed when using pooled relevance instead
of top-k labeling, where the same retrieval outputs lead to different metric
conclusions.

From a statistical point of view, the results show that evaluation metrics
should be treated as estimates and not as exact values. Since the evaluation
is based only on a few queries, we should always take into account the un-
certainty. Using bootstrap confidence intervals helps avoid over-interpreting
small differences and provides a more reliable comparison between evaluation
settings [8, 4].

In practice, pooled relevance judging provides a broader estimate of the

retrieval performance compared to the original setup. This is particularly
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important in settings where the full set of relevant requirements is not known
in advance. We also observe that a candidate pool of size 20 provides a
reasonable trade-off between capturing many of the relevant requirements
and keeping the manual labeling effort manageable in this setting.

At the same time, this highlights that careful evaluation design is neces-

sary for meaningful conclusions.

7.1 Research Questions Answered

RQ1: How well does embedding-based semantic retrieval support
requirement review tasks in terms of precision, recall, and ranking
performance? The results show that embedding-based retrieval is effective
at finding relevant requirements, especially in terms of recall. At the same
time, precision is lower, which means that non-relevant requirements are also
retrieved. This indicates that the retrieval component is best understood as
a high recall candidate generator rather than a precise ranking system.

RQ2: How does the use of retrieval-augmented generation (RAG)
support the interpretation and analysis of retrieved requirements?
The results show that RAG supports requirement review by producing struc-
tured and mostly grounded explanations based on retrieved requirements. It
can help organize potential conflicts or missing constraints for interpretation.
However, it does not directly improve retrieval performance, since its role is
interpretation rather than retrieval optimization.

RQ3: How does the evaluation design, including relevance la-
beling and statistical analysis, affect the interpretation of retrieval
performance? The results show that evaluation design has a clear impact
on the conclusions that are reported. When pooled relevance is used instead
of top-k labeling, the same retrieval outputs can lead to different metric val-
ues and different interpretations. In addition, treating metrics as statistical
estimates with uncertainty analysis gives a more reliable basis for comparing

evaluation settings.
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7.2 Future work and outlook

Future work should focus on validating the approach on real industrial datasets
and integrating the system into practical engineering workflows. In addition,
it would be important to study how these systems are used in practice to
better understand their impact.

Overall, this thesis shows that combining semantic retrieval, structured
interpretation, and statistically grounded evaluation can support requirement

review in large-scale requirement repositories.
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A Prompt Template

The following prompt template is used in the RAG-based system.

prompt is kept fixed across all experiments to ensure reproducibility.

Query requirement

ID: {query_id}

Title: {q_title}
Description: {q_desc}

Retrieved requirements (top-{k})
{retrieved _block}

Task

Using only the query requirement and the retrieved list:
1. Identify likely duplicates / near-duplicates

2. Identify potential conflicts

3. Identify missing constraints

Output format (must follow exactly)

=== Related requirements ===

e ID: | Reason: <1-2 sentences>

=== Potential conflicts ===
e ID: | Conflict: <1-2 sentences>

(or write "None")

=== Missing constraints / assumptions ===
e <bullet 1>
e <bullet 2>

(or write "None")

=== Notesg ===
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o <optional short notes or "None">

Constraints
e Do not invent requirement IDs.
e If no items fit a section, write "None".

e Keep the output short and technical.

B Dataset Structure

The datasets used in this thesis follow a structured requirements format with

hierarchical parent-child relationships.

B.1 Schema
Field Description
id Unique requirement identifier
title Short requirement title

description | Requirement statement in natural language

type Requirement type (system, software, hardware,
firmware, interface, safety)

parent_id | Parent requirement identifier (empty for top-level
requirements)

product Product family/category

subsystem | Functional subsystem label

priority Requirement priority (e.g., MUST, SHOULD,
MAY)

verification | Verification method (e.g., analysis, test, inspec-

tion, demonstration)

Table 3: Requirements dataset schema
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B.2 Example Entries

1D Title Description Type | Parent Product Subsystem | Priority | Verification
PR-SYS-001 | Protection Re- | The protection relay system shall | system - Protection Relay System MUST analysis
lay System | provide real-time monitoring, pro-
Overview tection, and control for medium-
and high-voltage power networks.
PR-SYS-002 | Interoperability | The system shall interoperate with | system - Protection Relay System SHOULD analysis
Requirement external devices using standard-

ized protocols.

Table 4: Sample entries from the requirements dataset (v2)

B.3 Dataset Overview

e Dataset v1: 130 requirements
o Dataset v2: 340 requirements
o Number of products: 5

» Requirement types: system, software, hardware, firmware, interface,

safety

o Hierarchy depth: variable (up to 5 levels in v2)

B.4 Hierarchy Structure

Level 1: System

Level 2: Subsystem

‘Level 3: Module / Interface / Safety‘

‘ Level 4: Submodule (if applicable) ‘

Level 5: Deep specialization (v2 cases)
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The first three levels represent the main conceptual hierarchy used in the
evaluation, while deeper levels appear only in some extended v2 cases.
Not all requirements use all levels; many entries stop at earlier levels depend-

ing on product and subsystem complexity.
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