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1. Introduction

Global data production has reached unprece-
dented volumes, fueled by pervasive technolo-
gies such as the Internet of Things (IoT), Cloud
Computing, and the widespread adoption of in-
telligent systems. In this scenario, businesses
and organizations face a crucial challenges on
how to leverage a growing amount of hetero-
geneous data, often distributed and lacking a
shared schema. In particular, difficulties arise
when organisations want to share data between
them.

The Data Space concept, presented in [2] in 2005
as a flexible alternative to classic DBMS, is now
back into vogue as a solution to new needs, such
as efficient interorganizational data sharing, of-
fering a flexible and decentralized data manage-
ment model based on the concept of coexistence
rather than integration.

A data space allows the management of hetero-
geneous information sources while maintaining
the autonomy of individual datasets, allowing
for more flexibility and scalability.

In order to share share and consume efficiently
data in a data space, the standard is to adopt
the FAIR principles (Findability, Accessibility,
Interoperability, Reusability). However, one of
the main limitations of such environments lies in

Findability, i.e., the ability of users to efficiently
locate datasets relevant to their needs. Current
solutions, based mainly on metadata consulta-
tion and filtering, are often inadequate: meta-
data is sometimes incomplete, not very descrip-
tive, or requires specialized terminological skills
on the part of the user. This means that datasets
within a data space should be at all times find-
able, accessible (according to their respective ac-
cess policies), reusable even in domains other
than data creation and management, and inter-
operable, i.e., not restricted by a different source
or format for their use.

However, the aspect of Findability, i.e., the abil-
ity of users to efficiently locate datasets relevant
to their needs in a data space, is still a chal-
lenge. Current solutions, based mainly on meta-
data consultation and filtering, are often inad-
equate: metadata is often incomplete, not very
descriptive, or requires specialized terminologi-
cal skills on the part of the user.

Can we search for a dataset in a data space re-
lying on the dataset itself and not on metadata?
This is the context for this research, whose main
objective is to design and implement an intel-
ligent method for Dataset Discovery in data
spaces, which overcomes the limitations of meta-
data and keyword-based techniques and makes
dataset search accessible even to users who are



not domain experts. The core of the pro-
posed approach is the integration of Large Lan-
guage Models (LLMs), known for their seman-
tic and natural language understanding capabil-
ities, within a Retrieval Augmented Generation
(RAG) pipeline.

Through the development and evaluation of a
prototype system, this research aims to demon-
strate that the use of LLMs can bridge the gap
between the complex structure of data spaces
and the expressive and informational needs of
end users. Moreover, our results show that this
method is functional and could work as a base
for future works aiming at enhancing data spaces
using LLMs.

2. LLM-powered dataset dis-
covery method

The main objective of this thesis was to de-
velop an intelligent method capable of improv-
ing the Dataset Discovery process within a data
space, overcoming the limitations of metadata or
keyword-based search mechanisms. Metadata is
often incomplete or superficial, thus often lead-
ing to unsatisfactory results, that is why we
decided to work directly on the datasets using
LLMs. Moreover, keyword-based queries can be
a limitation for data space users, as they usu-
ally do not know the schema of the data sources
they are searching for in advance. This means
that situations of semantic ambiguity can arise
where fields can be expressed in different ways,
for example, the ID field of a dataset could be
specified in different ways, such as userlD. An-
other factor we consider is the fact that a data
space can contain very different sources belong-
ing to different domains. As a result, there may
be users who are interested in datasets but are
not experts in the domain of the dataset. For ex-
ample, a Data Scientist may be looking for spe-
cific data on the treatment of diabetes, without
being an expert in Medicine or Diabetes. In this
situation the user is not expert about a domain
and lacks the specific terminology to propose an
efficient query. The idea, therefore, is to use the
power of LLMs to overcome this semantic ambi-
guity and allow users to specify queries in natu-
ral language, thus specifying their requirements
and still obtaining the desired result.

To achieve this goal, a pipeline has been de-
signed that combines the use of Large Language

Models (LLMs) with a Retrieval Augmented
Generation (RAG) architecture. The entire sys-
tem is divided into two main phases: the offline
phase and the online phase.

2.1. Offline phase

The Offline phase consists of those components
that process all the Datasets in the data space
and must be performed once for each resource
contained in the data space, as we can observe
in Figure 1.

In this phase we prepare and preprocess every
dataset. We create a semantic and a statis-
tic profile for each dataset by using an LLM.
We use the profiles to create a prompt and use
an LLM to generate pseudo-queries about the
dataset, which we then store in a Vector DB.

Figure 1: Offline phase of the method.

2.1.1 Preprocessing and Profiles

Data spaces usually contain heterogeneous data,
in different formats and from different sources.
For time reasons we decided to work only with
datasets in CSV format, in order to create a sys-
tem that could serve as a basis for future expan-
sion to multiple formats. We opted for the CSV
format as it is a standard format used by many
companies to manage and share data. Moreover,
structured data like tabular data are particularly
difficult for LLMs to process, so it was particu-
larly interesting to start from this base.

The aim of the project was to develop a method
to find datasets in a easy way starting from nat-
ural language queries. In particular we are inter-
ested in the "meaning" of the whole dataset and
not in specific cell-level contents. So, our focus
is more on the semantics of the schema and on
range and frequency of values, which can give
us a perspective of what the dataset contains in
general.

Moreover, we want to process datasets using
LLMs and it can be problematic to fit a whole
dataset in a fixed length prompt. There are fea-
sible options like sampling, but we decided, in-



stead, to generate two profiles, one semantic and
one statistic, inspired by the approach used in
[5]. Both the profiles are text documents and
will be fed to an LLM through prompt in the
next steps of the method, in this way we can
work with any length datasets.
The statistic profile contains:

e Minimum, maximum, and average values

for numeric columns;
e Most frequent values for categorical
columns;

e Summary distributions of the data.
We need this profile during the instructions gen-
eration phase to provide the LLM with quanti-
tative information based on the dataset. This
aspect is particularly interesting for managing
ranges of numerical values, most frequent cate-
gories, or temporal data. All this without the
LLM having direct access to the dataset, for the
statistic profile generation we only used a profil-
ing library in Python. The result will be a text
document containing the summary.
Then we generate the semantic profile, which
includes:

e The description and meaning of each col-

umn;
e The implicit relationships  between
columns;

e A thematic classification of each column
and the dataset.

In this case we use an LLM to analyze the
schema and the meaning of every column of the
dataset. The result will be as well a text docu-
ment containing the summary. This profile al-
lows the LLM that generates the Instructions
to have accurate information about the intrinsic
meaning of the dataset and the meaning of each
individual column in it.

2.1.2 Instructions

Starting from the profiles we have generated, we
now want to generate Instructions, which are
pseudo-queries that attempt to represent hypo-
thetical and probable queries that a user might
make to find that specific dataset. They also
aim to represent the dataset in its entirety, both
semantically and quantitatively, as they will be
used later on in the method to retrieve the best
datasets. The idea is developed from a concept
presented in [4], a work in which the authors
generate questions from scientific papers in PDF

format and use them to create a RAG pipeline.
In our case, however, we generate these pseudo-
queries that cover the entire meaning and con-
tent of the dataset, then save them in a vec-
tor DB and use them for dataset retrieval. This
way, we do not need to serialize the dataset in
any way, nor do we need to resort to dataset
sampling techniques.

2.2. Online Phase

The Online phase consists of those components
and processes that accompany the user from the
query to the final response, as we can see in Fig-
ure 2.

In the online phase, the user interacts with a
prompt where they can specify their query in
natural language to find the datasets they need.
We optimize the query received by the user by
Internal Expansion and Decomposition. Then
we retrieve the best results and rerank them us-
ing an LLM.

Dataset Profiles ||
xiracts

Extrac

Figure 2: Online phase of the method.

2.2.1 Query Optimization

A natural language query is very convenient for
a user, who can easily specify what they want in
their own language. However, it can be complex
for a system to handle natural language queries.
In our case, to better manage the query, we op-
timize it with an approach based on the work
presented in [1]. In particular, we exploit the
idea of extracting a Background Document, i.e.,
a text that contains the information that the
LLM intrinsically has about the query topics and
considers essential for understanding the query
itself.
The optimization is divided into the following
phases:
1. Internal Expansion: starting from the
query, we extract, using an LLM, a Back-
ground document that includes essential



information for understanding the query.
This document will be included in the
prompt used in the second phase of query
optimization.

2. Decomposition: we break down the orig-
inal query using an LLM, thus obtaining a
list of clear and direct subqueries, which fa-
cilitate the retrieval phase. It should be
noted that these subqueries will be very
similar in form and content to the Instruc-
tions we generated in the Offline phase.

This process allows us to effectively manage even
the most complex queries. In particular, the use
of the background document is extremely help-
ful when the query is not very specific, as the
subqueries generated are enriched with keywords
not present in the original query, thus leading
to a much more accurate retrieval. This allows
even users who are less familiar with a domain to
find the specific data they are looking for. Even
in the case of more specific, complex queries,
thanks to our optimization, we are able to man-
age them efficiently without losing detail.

2.2.2 Retrieving

The general idea behind our retrieval step is
to exploit the similarity between the instruc-
tions generated in the Offline phase and the sub-
queries generated in the Online phase. To make
the most of this scenario, we decided to use a
vector DB, in which all the instructions gener-
ated from the datasets are saved. Each instruc-
tion is paired with metadata:

e Dataset Identifier;

e Semantic Profile;

e Statistic Profile;
After the decomposition, each subquery is trans-
formed into a vector and compared with the in-
structions saved in the offline phase. Then, for
each subquery, we extract the most relevant in-
structions and their metadata, which we will use
in the next step of the method.

2.2.3 Reranking

At this stage, we have a list of the best can-
didates obtained from the retrieval. For each
candidate, we have the semantic and statistical
profiles available. At this point, an LLM per-
forms a semantic evaluation between the user’s
query and each candidate dataset, assigning a

Listing 1 Example of a keyword query.

1 ‘DS1-E-0005’: ‘births by
— month’

relevance score. For the evaluation of the candi-
dates we use a listwise unsupervised approach,
basically we provide a LLM with the query of
the user and the whole list of candidates. With
a listwise evaluation the lenght of the prompt
can be a problem since we want to provide the
LLM with the list of all candidates, but in this
case it’s not a problem since we can decide how
many candidates we retrieve during the retrieval
step. The results are then sorted according to
this evaluation, returning a final set of datasets
consistent with the user’s information expecta-
tions.

3. Evaluation

To validate the effectiveness of the proposed
method in improving Dataset Discovery within
a data space, a systematic experimental evalu-
ation was conducted. The goal was to measure
the system’s ability to return relevant datasets
in response to natural language queries.

3.1. Benchmark

The experiment was conducted using the
NTCIR-15 Data Search benchmark [3], an estab-
lished standard for evaluating data search sys-
tems. This benchmark includes:
e a corpus of heterogeneous datasets from the
statistical and governmental domains;
e a set of keyword queries, see an example in
Listing 1;
e a ground truth (human relevance judg-
ments) for each query, which allows for the
calculation of objective metrics.

3.2. Evaluation Methodology

The system’s performance was measured using
classic information retrieval metrics:
e Precision@k: how many datasets proposed
as relevant are actually relevant;
e Recall: how many of the relevant instances
were proposed in the response;
e nDCG@k (Normalized Discounted Cumula-
tive Gain): measures how well the system



ordered the proposed datasets, considering
both the relevance of each proposed dataset
and the position in which it was inserted.

3.3. Experimental setup

To evaluate our system, we had to make some
trade-offs, as our system is currently only able
to work with tabular datasets in CSV format,
while the NTCIR-15 benchmark has many dif-
ferent types of dataset formats. This led us to
select a subset of the benchmark to work on. In
particular, we selected queries for which the rele-
vant datasets are in CSV format. This allows us
to effectively evaluate our system working with
queries which have as results only CSV datasets.
In this case, we consider that our system, being
evaluated on a subset of the benchmark, may
perform better than the systems presented in the
benchmark since our system has to find the best
candidates for a query between significantly less
datasets.

For this reason, in order to make the evaluation
fairer, we decided to implement a baseline with
BM25, a solution widely used in search engines
and information retrieval systems. The baseline
will be evaluated on the same subset of data as
our system.

Another interesting aspect we evaluated is the
type of query. In fact, in the benchmark, the
queries are simply a set of keywords, which is
limiting. For this reason, we used an LLM
to convert these keywords queries into complex
queries in natural language. Then we submitted
them to our system, so as to evaluate it in this
context as well, which is more similar to how an
end user would use it. We can observe the differ-
ence between a keyword query and its respective
natural language we generated in Listing 2.

In the following section, we can see the results
of our evaluation.

3.4. Results

After testing our system on both keyword
queries and natural language queries and the
baseline on keyword queries, we obtain the re-
sults shown in Table 1, where our system is
called OS, the variant that works with natural
language queries is called OSNL and the baseline
is called BM25:

Listing 2 Example of keyword query converted
into natural language.

1 'DS1-E-0005': 'births by month'

2 'DS1-E-0005': 'Find comprehensive
statistical data and detailed
analyses on the number of
births categorized by each
calendar month, including
historical trends, regional

!

variations, seasonal
patterns, and potential
correlations with
socio-economic,
environmental, or healthcare
factors over the past several
decades.'

e

Comparison of results

Precision@l10 Recall nDCGQ@10

BM25 0.325 0.488 0.455

(O} 0.560 0.8 0.679
OSNL 0.54 0.8 0.632

Table 1: Comparison of results of the baseline
and our system.

Our system is significantly superior to the base-
line in both scenarios, making it an interesting
alternative, especially in scenarios where com-
plex natural language queries are used or re-
quired.

The results show how a LLM approach to
dataset search can overcome the limitations of
traditional techniques, which often fail when
the user does not use exactly the same key-
words as those found in the metadata. The use
of offline-generated semantic profiles, combined
with the interpretative power of LLMs in the
search phase, has resulted in a more flexible, ac-
cessible, and accurate system.

3.5. Limitations and Future Work

Despite the positive results, our method has
some limitations. First of all, the current ap-
proach is able to work only on tabular data in
CSV format, so adaptations will be needed to




include other data formats, both structured and
unstructured (e.g., PDF, images). This would
also lead to the possibility of a more exten-
sive and detailed evaluation, for example using
the whole dataset corpus included in NTCIR-15
dataset search.

Furthermore, in a future scenario, it might be
interesting to consider solutions where there is
direct access to data in order to provide cell-level
answers. This would open to queries looking for
dataset containing specific values, scenario that
at the moment with our proposed method is not
possible and in general was out of the scope of
this work.

It should also be considered that an approach
such as ours, which involves the use of LLMs,
has higher costs and latency than, for example,
the system implemented for the baseline. This
means that a method such as ours is not perfect
for every scenario, especially if cost is a problem.
It would also be interesting to obtain evaluations
from users, through questionnaires, to under-
stand how convenient they find the use of such
a system compared to traditional ones.

4. Conclusions

This research has introduced and validated a
method for Dataset Discovery in a data space,
capable of overcoming the intrinsic limitations
of traditional techniques based on metadata and
keywords. By integrating Large Language Mod-
els (LLM) within a Retrieval Augmented Gener-
ation (RAG) pipeline, it was possible to offer a
system capable of understanding queries in nat-
ural language, significantly improving the acces-
sibility and quality of the results returned.

The proposed approach demonstrated high per-
formance in terms of accuracy, recall, and sort-
ing of results, surpassing an established baseline
such as BM25. The system was particularly ef-
fective even in the presence of complex queries or
those formulated by users who were not experts
in the domain.

Despite the constraints related to the type of
data processed (CSV format) and the computa-
tional resources required by LLMs, the results
obtained highlight the validity and potential of
the approach. Future extension to heteroge-
neous formats, performance optimization, and
the inclusion of feedback from end users repre-
sent the main directions for development.

In conclusion, this thesis provides a concrete
contribution towards the construction of more
intelligent, inclusive, and semantically aware
data spaces, paving the way for new ways of in-
teracting with and enhancing data.
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