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Introduction

Databases are organized collections of data stored electronically, designed to effi-
ciently manage, retrieve, and update information [74, 6, 56]. Missing or incomplete
data refers to the absence of values in a database, which can arise from various causes
such as human or machine errors, malfunction of equipments, non-response in sur-
veys, or data corruption during transmission or storage [28, 29, 102].

Despite their robust capabilities and widespread use, databases face challenges
that can undermine their effectiveness, with managing missing values being one of
the most significant issues. This is particularly evident in real-world datasets, where
missing information can significantly impact the quality and reliability of statistical
analyses and machine learning models, introducing bias, reducing statistical power,
and compromising the interpretability of results [69, 160].

Data imputation is the process of replacing missing data with estimated val-
ues. It is essential for preserving dataset integrity, enabling full data usage, and
improving model performance by reducing distortions from incomplete informa-
tion [128, 84, 41, 136, 129, 15, 125, 16]. Clearly, the higher the imputation accu-
racy the better the data quality. These considerations are more evident in safety-
critical applications (e.g., healthcare), where missing values can hinder decision-
making and lead to inaccurate predictions. Existing data imputation approaches
face challenges such as high computational complexity, dependency on specific
datasets, and difficulty in imputing rare values, highlighting the need for more ad-
vanced techniques. To fill this gap, we propose a novel and innovative data im-
putation technique called SENtence Transformer-based Imputation (SENT-I), that
combines advanced indexing techniques to perform quick and accurate similarity
searches (called vector databases) with sentence transformer models [115]. Sentence
Transformers (ST) emerged as a specialized extension of the transformer architec-
ture, particularly in its encoder part, designed to generate fixed-size embeddings that
can represent the semantic meaning of entire sentence, thus making them particu-
larly suitable for sentence-level tasks including semantic similarity, clustering, and
search [140]. SENT-I starts with converting the (possibly large, and textual) input in-
complete dataset into high-dimensional embeddings (according to a sentence trans-
former model), and storing them in a vector database. Then, missing values in tu-
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Name Surname BirthDate State Salary A.Code
t1 → Deere Second Jan Un. State 15k 100
t2 Allisa Jia 10th Jan America → 400
t3 David → 12th Feb France 10000 300
t4 John Iser → Austria 9000 500
t5 David Rao February 12th France 10k 300
t6 Alex Deere 2nd Jan → 15k →

Name Surname BirthDate State Salary A.Code
t1 Alex Deere Second Jan Un. State 15k 100
t2 Allisa Jia 10th Jan America 15k 400
t3 David Rao 12th Feb France 10000 300
t4 John Iser 10th Jan Austria 9000 500
t5 David Rao February 12th France 10k 300
t6 Alex Deere 2nd Jan Un. State 15k 100

Fig. 1: An example of an incomplete database (top), where null values have been
denoted with the symbol →, and one of its possible imputed versions (bottom).

ples are imputed with values obtained from most (semantically) similar tuples. The
experiments revealed that our technique outperforms the state-of-the-art approach
up to 40% in imputation accuracy. Performing an initial step of data imputation,
under the assumption that the quality of the imputation is high, can significantly
impact other well-known problems in database theory, such as Entity Resolution,
Data Query and Exchange, and Fraudulent Transaction Detection. Entity Resolu-
tion (ER) also known as record linkage or data deduplication, is the process of iden-
tification and establishment of links between tuples (belonging to possibly different
relations) that correspond to the same real-world entity (e.g., same book, same per-
son, etc.) [38, 104, 149, 78]. ER must be precise and efficient to ensure matched
pair generation. The presence of missing data impedes the ER process and adversely
affects quality and efficiency. Typically, most ER systems exhibit lower accuracy
in the presence of missing data. To overcome this limitation, we propose Sentence
transformer-based solver for Entity Resolution, (SolvER), a hybrid algorithm that
combines SENT-I with any existing ER system. SolvER, before calling an exist-
ing ER solver on the input incomplete database, uses SENT-I to convert it into a
complete database (i.e., imputing it).

Another well-known problem where the presence of missing information could
lead to a decrease in performance is the Data Query and Exchange, which consists of
transferring data from one database to another (potentially with a different schema),
respectively called source and target schema. Within the transfer process, several
missing information is typically produced. Thus, a data imputation step could be in-
voked to ensure the integrity and completeness of the target databases, so that queries
could be more precise and reliable.

Financial databases usually contain large amounts of data, in which the possi-
bility of missing values is extremely high [100, 40]. The presence of missing data
leads to a decrease in the performance of Fraudulent Transaction Detection sys-
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tems [130, 118], which identify unauthorized or suspicious transactions in financial
systems by analyzing patterns and anomalies in transactional data. It is anticipated
that effective data imputation techniques could help restore dataset completeness and
potentially enhance the performance of Fraudulent Transaction Detection systems.

Plan of the Thesis.

This thesis consists of six chapters, that have been organized as follows.1 Chapter 1
provides a brief introduction to relational databases (Section 1.1) and incomplete
databases (Section 1.2). Section 1.3 focuses on data imputation, discussing exist-
ing approaches using machine learning, deep learning, and graph-based techniques.
Entity resolution, including recent advancements and techniques in the field are dis-
cussed in Section 1.4. Finally, Section 1.5 explores machine learning architectures
(graph neural networks and transformers). In Chapter 2 we first discuss the state-of-
the-art data imputation approach (Section 2.1), and then present our approach SENT-
I (Section 2.2). The results of the experimental analysis are discussed in Section 2.3.
In Chapter 3 the state-of-the-art entity resolution approach is discussed (Section 3.1)
before presenting our approach SolvER (Section 3.2). In Section 3.3 we discuss the
results of the experimental analysis. Chapter 4 starts with a discussion of the data
query and exchange problem (Section 4.1) followed by the introduction of the pro-
posed approach (Section 4.2). In Section 4.3 we present the complexity analysis and
results. Chapter 5 consists of a brief discussion of the fraudulent transaction detection
problem (Section 5.1), and a novel technique for solving the problem (Section 5.3).
Finally, the conclusion of the thesis including potential directions for future work has
been outlined in Chapter 6.

1 Code and data have been made available online (link).

https://github.com/TariqMahmood93/SENT-I.git




1

Preliminaries

1.1 Relational Databases

A database model represents a theoretical framework or specification that outlines
the structure and usage of a database. It describes the organization of data structures,
constrains datasets within those structures, and defines how the data is manipulated.
The relational model is the most commonly used database model among different
types of database models (e.g. hierarchical, network-based, object oriented, graph-
based). The relational model was introduced by E. F. Codd in 1970 (see [22]), aimed
to make Database Management Systems (DBMSs) independent of specific applica-
tions.

Relational Model

We assume the presence of the following pairwise disjoint sets: a countably infinite
set Consts of constants, a countably infinite set A of attributes, and a countably
infinite set R of relation names, disjoint from the previous ones. Consts is also called
database domain. Each attribute Ai ↑ A is associated with a set of constants called
attribute domain and denoted as dom(Ai). Each relation name R ↑ R is associated
with a finite sequence of attributes A1, . . . , Am, where m = ar(R) is the arity of
R, which is a non-negative integer. Each attribute Aj is associated with a domain
dom(Aj) ↓ Consts.

We say that R(A1, . . . , Am) is a relation schema; such a relation schema will
also be referred to as R(U), where U = {A1, . . . , Am}. A relation (instance) r over
R(A1, . . . , Am) is a finite subset of dom(A1)↔ · · ·↔ dom(Am). We also say that r
is a relation of R. Each element t of r is called a tuple. A position is an expression
of the form t[Ai] or simply t[i] (resp., r[Ai]) used to denote the Ai-component of
t (resp., the Ai column of r). Likewise, for a set of attributes X ↓ {A1, . . . , Am},
t[X] (resp., r[X]) denotes the restriction of t (resp., r) to X . A database schema is a
non-empty finite set R = {R1(U1), . . . , Rm(Um)} of relation schemas. A database
instance (or simply database) D over R is a finite set of relations {r1, . . . , rm}, where
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Symbol Meaning

Consts (countably infinite) set of constants
A or Ai specific attribute

X ↑ {A1 . . . , Am} subset of attributes
A (countably infinite) set of attributes
R (countably infinite) set of relation names

R or Ri specific relation name
R(A1, . . . , Am) or R(U) specific relation schema

r relation over R(A1, . . . , Am), briefly a relation of R
t or ti tuple of r or s
t[Ai] Ai-component of t
t[X] restriction of t over attributes in X
r[Ai] Ai-column of r
r[X] restriction of r over attributes in X

R = {R1(U1), . . . , Rm(Um)} database schema
D = {r1, . . . , rm} database instance (or simply database) over R

Q query
I incomplete database
ω/→ labelled/unlabelled null

v valuation
v(t), v(R), v(D) valuation over incomplete tuple, relation or database

pw(I) set of all possible worlds of I
S = ↓S,T,εst,εt↔ data exchange setting

S/T generic or source schema in data exchange setting
T target schema in data exchange setting

I , J generic database instances
ϑ A tuple-generating dependency (TGD)
ϖ An equality-generating dependency (EGD)

εst finite set of TGDs
εt finite set of TGDs and EGDs over T

Table 1.1: Glossary of (database theory) terms and symbols used through the thesis.

each ri is a relation over Ri(Ui). To denote a tuple t belonging to a relation ri we
will use the notation ri(t) and call ri(t) a (ground) atom, or simply a fact; hence a
database can be viewed as a finite set of (ground) atoms, or facts.

Functional dependencies, keys and foreign keys.

Data dependencies or integrity constraints express semantic information about data,
i.e. relationships that should hold among data. To give an example, consider a
database schema consisting of the following two relation schemas:
Employee(E#, EName, Proj) and Project(P#, PName). In this case, we may
want to enforce the condition that no two distinct tuples in any relation based on the
first relation schema can have the same id (i.e. the same value on E#). Likewise, ev-
ery relation over the second relation schema cannot contain two different tuples with
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the same id (i.e. the same value on P#). It would be sensible also to insist that every
department id which occurs in the employee relation also occurs in the department
relation. The first two constraints mentioned above are examples of key constraints
– we say that attribute E# is a key of Employee and P# is a key of Project. The
last constraint mentioned above is an example of foreign key constraint – we say that
attribute Proj of Employee is a foreign key (referring to attribute P# of Project).
Key and foreign key constraints are special types of functional and inclusion depen-
dencies.

Example 1.1. Consider the following database:

E# Ename Proj
e1 John d1
e2 Peter d2
e3 Craig d3

P# Pname
d1 Physics
d2 Chemistry

Attribute E# is a key of the first relation, whereas attribute P# is a key of the second
one (this is illustrated by underlining E# and P#). The foreign key constraint stating
that each department appearing in the employee relation must appear in the depart-
ment relation can be denoted with the expression Employee[Proj] ↓ Project[P#].
The above database satisfies the key constraints, it is easy to see that the foreign key
constraint is not satisfied because there is no tuple in the department relation having
d3 as P#-value.

Given a relation schema R(U), a functional dependency fd over R(U) is an
expression of the form X ↗ Y , where X,Y ↓ U . If Y is a single attribute,
then fd is said to be in standard form whereas if Y ↓ X , then the functional de-
pendency is trivial. A relation r over R(U) satisfies fd, denoted as r |= fd, iff
↘t1, t2 ↑ r, t1[X] = t2[X] implies t1[Y ] = t2[Y ] (we also say that r is consistent
with respect to fd). Moreover, r satisfies (or is consistent w.r.t.) a set FD of func-
tional dependencies over R(U), denoted as r |= FD, iff r satisfies every functional
dependency in FD. We say that FD logically implies a functional dependency fd,
denoted FD |= fd, iff for every relation r over R(U), if r satisfies FD, then r sat-
isfies fd. A superkey dependency is a functional dependency of the form X ↗ U .
Given a set FD of functional dependencies, a key of R is a minimal (under set inclu-
sion) set K of attributes of R such that FD logically implies K ↗ U . Each attribute
in K is called key attribute. A primary key of R is a designated key of R. Given two
relation schemas R(U) and S(V ), a foreign key constraint fk is an expression of the
form R(W ) ↓ S(Z), where W ↓ U,Z ↓ V, |W | = |Z| and Z is a key of S (if Z
is the primary key of S we call fk a primary foreign key constraint). Two relations r
and s over R(U) and S(V ), respectively, satisfy fk iff for each tuple t1 ↑ r there is
a tuple t2 ↑ s such that t1[W ] = t2[Z] (we also say that r and s are consistent with
respect to fk).
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1.2 Incomplete Databases

The problem of incomplete data has been studied since the development of the rela-
tional data model. A database is said to be incomplete if some of its attribute values
are missing. Whenever a value is missing we also say that is is a null value. Seman-
tically, an incomplete database represents a collection of complete databases, often
referred to as possible worlds. Thus, instead of completely specifying one state of
the world, an incomplete database describes a range of alternative potential states.
Different formalisms, known as representation systems, have been developed to rep-
resent incomplete databases. The focus is primarily on representation systems that
utilize null values, though alternative methods not relying on null values have been
proposed for representing incomplete databases. Over the years, different types of
null values have been explored: an unknown null indicates that a value exists but is
currently unknown, an inapplicable (or non-existing) null specifies that a value does
not exist, a no-information null indicates uncertainty about whether a value exists at
all.

We use I and J to denote incomplete database instances (also called incomplete
databases or incomplete instances). Moreover, for any incomplete database I (repre-
sented according to a given representation system RS), we use pw(I) to denote the
set of possible worlds D of I.

Definition 1.2. Given a query Q and an incomplete database I (represented ac-
cording to a given representation system RS), the result of evaluating Q over I is
Q(I) = {Q(D) | D ↑ pw(I)}.

Thus, Q(I) includes a set of query answers corresponding to each possible world
of I. However, certain tuples may be answers to Q regardless of which possible
world represents the true state of the real world. Conversely, there may be tuples that
serve as answers to Q in relation to some possible worlds, but not necessarily in all of
them. These concepts give rise to the notions of certain and possible query answers.

A tuple is considered a certain answer to a query Q with respect to an incomplete
database I if it satisfies Q in every possible world represented by I.

Definition 1.3. The set of certain answers to a query Q with respect to an incomplete
database I is defined as follows:

certain(Q, I) =
⋂

D→pw(I)

Q(D)

A tuple is a possible answer to Q with respect to I if it is an answer to Q in some
possible world of I.

Definition 1.4. The set of possible answers to a query Q with respect to an incom-
plete database I is defined as follows:

possible(Q, I) =
⋃

D→pw(I)

Q(D)
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For any incomplete relation r, certain(r) denotes the set of tuples in r not
containing null values. Moreover, for an incomplete database I, certain(I) =

{certain(r) | r ↑ I}.

Representation Systems

To represent incomplete databases effectively, various representation systems have
been proposed. These systems focus on compactly encoding the information within
databases where some values are missing or unknown. Representation systems that
extend the relational model introduce labeled nulls into tuples, enhancing the model’s
ability to handle incomplete information. These labeled nulls act as placeholders,
representing unknown values while maintaining their distinct identities. The key idea
behind these systems is that the set of possible worlds (or complete databases) is
defined as the collection of all databases that can be obtained by substituting the
labeled nulls with constants. Representation systems for incomplete databases are
often classified as strong and weak, and give a picture of how the different represen-
tation systems behave with respect to such properties.

We start by introducing some notation and terminology that will be used in the
following. We assume the existence of a countably infinite set Nulls = {ωi | i ↑ N}
of labeled nulls.

Recall that Consts denotes the database domain. A valuation is a mapping v :

Nulls≃Consts ↗ Consts, such that v(c) = c for every c ↑ Consts. Hence, a valuation
maps every constant to itself and every labeled null to either a constant or a different
labelled null. The result of applying a valuation v over a tuple t (resp. relation r,
database D) possibly containing labeled nulls is denoted by v(t) (resp. v(R), v(D))
and is defined in the natural fashion (e.g. v(t) is the tuple obtained from t by replacing
every occurrence of a labeled null ωi with v(ωi)).

Given a query Q, we would like to be able to find a representation of the answers
to Q over the incomplete database I, using the same representation system used for
I. More precisely, for each query Q and incomplete database I, we would like to
compute an incomplete database J (from I and Q) such that pw(J ) = Q(pw(I)).
If a representation system has this property for a query language L then it is said to be
a strong representation system for L. The following commutative diagram illustrates
this point.

I pw(I)

J Q(pw(I))

pw

Q Q

pw

We now present the notion of a weak representation system by relaxing the re-
quirements of a strong representation system.

Given a query language L, we say that two incomplete databases I and J are
L-equivalent, denoted I ⇐L J , if certain(Q, I) = certain(Q,J ) for each query
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Q of L. A representation system is weak for a query language L if for each incom-
plete database I and query Q of L there exists a incomplete database J such that
pw(J ) ⇐L Q(pw(I)). As opposed to a strong representation system, a weak rep-
resentation system is not required to be able to represent Q(pw(I)) for every query
Q and incomplete database I; however, a weak representation system must be able
to provide an incomplete database J s.t. pw(J ) is L-equivalent to Q(pw(I)) – this
means that pw(J ) and Q(pw(I)) are indistinguishable as long as we are interested
only in the certain answers to queries in L.

In the following, different representation systems are presented. To simplify the
presentation, we restrict our discussion to unirelational databases, and assume that
every attribute domain coincides with the database domain Consts. Generalization is
straightforward.

Codd tables.

A Codd table is a relation possibly containing labeled nulls from Nulls, where each
labeled null can occur at most once. The incomplete database represented by a Codd
table I is defined as follows:

pw(I) = {v(I) | v is a valuation}

Thus, the possible worlds represented by I are the complete databases that can be
derived from I by replacing every labeled null in I with a constant. It is important to
highlight that the previous definition of pw(I) assumes the Closed World Assump-
tion (CWA) because each tuple in a possible world of pw(I) must be derived from a
tuple of I. If the Open World Assumption (OWA) is made, then the possible worlds
represented by I include pw(I) and any other complete database that contains a
database in pw(I).

Example 1.5. Assume ω1, ω2, ω3, ω4 are labeled nulls in Nulls. The following is a
Codd table:

A B C
0 1 ω1
ω2 ω3 1
2 0 ω4

The following relations are some of the possible worlds represented by the pre-
vious Codd table:

A B C
0 1 1
1 1 1
2 0 2

A B C
0 1 2
1 2 1
2 0 1

A B C
0 1 2
4 2 1
2 0 0
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As an example, the first relation above is obtained from the Codd table by means
of a valuation v s.t. v(ω1) = 1, v(ω2) = 1, v(ω3) = 1, v(ω4) = 2. Under the OWA,
the following is also one of the possible worlds (because it is a superset of the first
possible world reported above):

A B C
0 1 1
1 1 1
2 0 2
1 1 0

As illustrated in the following example, Codd tables are not a strong representa-
tion system even for very restricted subsets of relational algebra.

Example 1.6. To give an idea of why Codd tables fail to be a strong representation
system for different subsets of relational algebra, consider the Codd table of Exam-
ple 1.5, call it I, and the simple query Q defined as εA=4(I). Clearly, Q(pw(I))
contains an empty relation (this is obtained, for instance, by evaluating Q over the
first possible world reported in Example 1.5) and at least one non-empty relation
(e.g. the one obtained by evaluating Q over the third possible world reported in Ex-
ample 1.5). It can be easily verified that there is no Codd table I

↑ whose possible
worlds contain the two aforementioned relations.

Codd Tables form a weak representation system for the subset of relational al-
gebra consisting only of selection (involving equalities and inequalities) and projec-
tion. If we consider a language that allows also join or union, then Codd tables are
no longer a weak representation system for such a language.

Naive tables.

One of the limitations of Codd tables is that a labeled null can occur at most once.
Naive tables remove this limitation and are defined like Codd tables except that la-
beled nulls are allowed to occur more than once.1

The set of possible worlds represented by a naive table I is defined in the same
way as done for Codd tables, namely:

pw(I) = {v(I) | v is a valuation}

Notice that if a naive table contains multiple occurrences of the same labeled
null, then possible worlds are obtained by replacing the different occurrences of the
same labeled null with the same constant.

Example 1.7. Assume ω1, ω2, ω3 are labeled nulls in Nulls. The following is a naive
table (but not a Codd table because of the two occurrences of ω1):

1 Naive tables have also been called V-tables and e-tables [1, 50, 64].
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A B C
0 1 ω1
ω2 ω3 1
2 0 ω1

Notice that the naive table above says that even if the C-values of the first and
third tuples are unknown, we know that they are the same.

The following relations are some of the possible worlds represented by the pre-
vious naive table:

A B C
0 1 1
1 1 1
2 0 1

A B C
0 1 2
1 2 1
2 0 2

A B C
0 1 2
3 2 1
2 0 2

As an example, the first relation above is obtained from the naive table by means
of a valuation v s.t. v(ω1) = 1, v(ω2) = 1, v(ω3) = 1. We remark again that for each
possible world of the previous naive table the C-value of the first tuple is equal to
the C-value of the third tuple.

Naive tables are a weak representation system for relational algebra queries using
selection (where only equalities are allowed), projection, join and union. For a query
Q in this class, the certain answers to Q with respect to the incomplete database
represented by a naive table I can be computed as follows: first, Q is evaluated over
I in the standard way by treating labeled nulls as new constants different from any
constant in the database domain; then, tuples in the result containing labeled nulls
are discarded and the remaining tuples are the certain answers.

Conditional tables.

So far we have seen that neither Codd nor naive tables are a strong representation
system for full relational algebra. We now present a much more powerful represen-
tation system, namely conditional tables, that forms a strong representation system
for relational algebra.

A condition is a conjunction of atoms of the form ωi = ωj , ωi = c, ωi ⇒= ωj ,
or ωi ⇒= c, where ωi and ωj are labeled nulls and c is a constant. A valuation v
satisfies a condition ϑ iff by replacing every occurrence of labeled null ωi in ϑ with
v(ωi), the resulting formula is true. A conditional table (c-table for short) is a triple
⇑I,ϖ,ϱ⇓ where I is a naive table, ϖ is a condition (called global condition) and ϱ is
a function mapping every tuple of I to a condition (conditions associated with tuples
via function ϱ are called local conditions). Global and local conditions can contain
labeled nulls not appearing in I.

The set of possible worlds represented by a conditional table ⇑I,ϖ,ϱ⇓ is defined
as follows:

pw(⇑I,ϖ,ϱ⇓) = {r | there exists a valuation v such that
v satisfies ϖ and r = {v(t) | t ↑ I and v satisfies ϱ(t)}}
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Notice that the previous definition of pw adopts the closed world assumption.

Example 1.8. Suppose we know that Sally is taking math or computer science (CS),
but not both, and another course that is not known. Alice takes biology if Sally takes
math, and math or physics, but not both, if Sally takes physics. This can be repre-
sented by the following c-table:

ω1 ⇒= math ⇔ ω1 ⇒= CS
Student Course
Sally math ω2 = 0

Sally CS ω2 ⇒= 0

Sally ω1
Alice biology ω2 = 0

Alice math ω1 = physics ⇔ ω3 = 0

Alice physics ω1 = physics ⇔ ω3 ⇒= 0

In the previous c-table ω1, ω2, and ω3 are labeled nulls. The global condition ϖ is
ω1 ⇒= math ⇔ ω1 ⇒= CS. For each tuple the condition associated by ϱ is reported in
the last column (a missing condition for a tuple t means that ϱ(t) = true).

The following relations are some of the possible worlds represented by the pre-
vious c-table:

Student Course
Sally math
Sally physics
Alice biology
Alice math

Student Course
Sally math
Sally biology
Alice biology

Student Course
Sally CS
Sally biology

As an example, the first relation above is obtained from the c-table by means of
a valuation v s.t. v(ω1) = physics, v(ω2) = 0, v(ω3) = 0.

A valuation v such that v(ω1) = math, v(ω2) = 1 would lead to the following
relation:

Student Course
Sally CS
Sally math

However this relation is not a possible world because v does not satisfy the global
condition.

C-tables form a strong representation for relational algebra.

Nulls in SQL

In the literature, the problem of nulls has been investigated for a long time, but there
is no accepted solution for its use and meaning. Two main approaches have been
considered based on using i) a single null value, adopted in the SQL language, and
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ii) multiple null values (called labeled nulls). We consider first the approach that
SQL adopted and based on using a unique null value. Although manuals and books
recommend to avoid or limit nulls, in practical applications such as data integration,
data exchange, database repairing, etc., they arise very often. Null values can be
introduced not only when databases are updated, but also in the execution of queries
as outer join operations introduce null values to complete tuples.

The SQL standard provides one single constant NULL to represent a missing
value. Generally, the full behavior of the NULL value in SQL is not described in de-
tail, as the SQL rules surrounding NULL can be ambiguous, often not intuitive, and in
some cases surprising. How NULLs should be handled in SQL, in all circumstances,
is not clear from the standard documents.

In SQL, NULL indicates that the value is unknown. Notice that a NULL oc-
currence is different from the value zero, the empty string, and even from others
NULL occurrences, that is two occurrences of NULL are not equal. Indeed, any
comparison between NULL and any other value – a constant or another NULL –
yields the unknown truth value because the value of NULL is unknown. Thus, in
the presence of NULL, SQL considers a three-valued logic where the truth val-
ues are false, unknown, and true. As an example, given two relations r1 =

{(a, NULL), (b, 1), (c, 2)} and r2 = {(a, NULL)} with schemas R1(A,B) and
R2(C,D), the join of r1 and r2 with join condition B = D gives in output an
empty relation, while the union of r1 and r2 is equal to {(a, NULL), (b, 1), (c, 2)}.
Moreover, the selection of the tuples of r1 satisfying the condition B = 1 gives the
relation {(b, 1)}, whereas if the condition is B ⇒= 1 we get the relation {(c, 2)}, as
NULL cannot be assumed to be equal to 1, but cannot even be assumed to be different
from 1, hence both comparisons yield the truth value unknown and the first tuple of
r1 is not included in the result. In fact, only tuples for which the comparison yields
true are included in the result.

Under the linear ordering false < unknown < true defined over the truth
values, the meaning of the logical operators ⇔ and ↖ does not change as A ⇔ B =

min{A,B} and A ↖B = max{A,B}; the meaning of the negation operators must
be extended assuming that ¬unknown = unknown is true. Moreover, arithmetic
operators involving NULL values give as result NULL. Although it is reasonable
that NULL + 5 = NULL, surprisingly NULL ↔ 0 = NULL. More surprisingly is
the fact that in SQL if we count the tuples in the above relation r1 the result is 3

(SELECT COUNT(↙) FROM R1), but if we count the tuples in the relation obtained by
projecting r1 over attribute B the result is 2 (SELECT COUNT(B) FROM R1) and if we
sum the values in the second column of r1 the result is 3 (SELECT SUM(B) FROM R1).

1.3 Data Imputation

Real-world databases are frequently characterized by the occurrence of missing val-
ues, that stems from system errors, failure, human mistakes, etc [28, 29, 102], and
can affect the quality, interpretability, and reliability of analytical results. Intuitively,
the Data Imputation (DI) is a process that transform any incomplete dataset (i.e., a
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Mean, Median, Mode, KNN, SVM,
LSTM, Auto-encoders, GNN,

GRAPE, GRIMP

Data Imputation Techniques

Evaluation Metrics
 (Skewness, Kurtosis, Frequent
values, unique value, exact-acc)

Complete Relation r Imputed Relation r*

Name Surname BirthDate State Salary A.code

Alex Deere Second Jan Un. State 15k 100

Allisa Jia 10th Jan America 13k 400

David Rao 12th Feb France 10000 300

John Iser January second Austria 9000 500

David Rao February 12th France 10k 300

Alex Deere 2nd Jan USA 15K 100

Incomplete Relation rk with k= 6/36

Name Surname BirthDate State Salary A.code

⊥ Deere Second Jan Un. State 15k 100

Allisa Jia 10th Jan America ⊥ 400

David ⊥ 12th Feb France 10000 300
John Iser ⊥ Austria 9000 500

David Rao February 12th France 10k 300

Alex Deere 2nd Jan ⊥ 15K ⊥

Incomplete Relation rk with k = 6/36

t1k

t3k

t6k

t2k

t4k

t5k

t1
t2
t3
t4

t5
t6

Name Surname BirthDate State Salary A.code

Alex Deere Second Jan Un. State 15k 100

Allisa Jia 10th Jan America 15k 400

David Rao 12th Feb France 10000 300
John Iser 10th Jan Austria 9000 500

David Rao February 12th France 10k 300

Alex Deere 2nd Jan Un. State 15K 100

t1*

t3*

t6*

t2*

t4*

t5*

Fig. 1.1: An example of the data imputation problem.

dataset containing missing values), into a complete dataset. The goal of any impu-
tation algorithm is to (i) detect cells containing missing values and (ii) replace them
with some ‘concrete’ values. Numeric data imputation is generally easier than tex-
tual data imputation, as text data involves semantics, context, and structure, requir-
ing sophisticated models like transformer-based approaches (e.g., BERT) to generate
meaningful imputations.

Definition 1.9 (General similarity between relations). Given a relation r = {t1, ...,
tn} defined over R(A1, ..., Am) and a relation r↓ = {t↓1, ..., t

↓
n
} obtained from r by

replacing some attribute values ti[Aj ] with a value in dom(Aj), the similarity be-
tween r and r↓ is defined as ς(r, r↓) = 1

n

∑
n

i=1 ς(ti, t
↓
i
).

For any r and rational number k ↑ [0, 100], rk denotes a relation derived from r
by replacing uniformly at random k% of its (n↔m) values with the null value →.

Example 1.10. Considering the relation r = {t1, . . . , t6} shown in Figure 1.1 (bottom-
left) where A1=Name, A2=Surname, A3=BirthDate, A4=State, A5=Salary, and A6=
A.Code. The number of positions in r is n↔m = 6↔6 = 36. An example of relation
rk, with k =

6↔100
36 , obtained from r by replacing 6 of the 36 values with nulls is

shown in Figure 1.1 (top-left). !
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Given an incomplete relation rk = {t1, ..., tn}, a data imputation function φ :

i↔ j ↗ dom(Aj) such that φ(i, j) = ti[Aj ] if ti[Aj ] is not null, otherwise φ(i, j) ↑
dom(Aj). Thus, φ is a function replacing nulls with constants.

We next state the problem formally.

Definition 1.11 (Data Imputation Problem). Let r be a complete relation, k a nat-
ural number in [0, 100], ς a similarity function, ↼ a real number in [0, 1], and rk an
incomplete relation obtained from r. Data Imputation is the problem of determining
a function φ such that ς(r, r↓ = φ(rk)) ∝ ↼ .

The threshold ↼ should be chosen based on the application’s tolerance for im-
putation error and the type of data. For sensitive applications, a higher threshold is
preferred to ensure high imputation accuracy, while for less critical applications, a
lower threshold may be acceptable. An inappropriate choice of ↼ can either leave
too much data unfilled (if ↼ is too high) or lead to inaccurate imputations (if ↼ is
too low). In most of the ML approaches φ is learned from the (training) data. It is
worth noting that, as φ is learned, the threshold ↼ it is only used for checking the
feasibility of φ. Observe also that although the data imputation problem has been de-
fined for incomplete relations rk obtained from a complete relation r, it can be easily
extended to incomplete databases Dk

= {rk1 , ..., r
k

i
} that is a set of incomplete rela-

tions rk1 , ..., rki obtained from complete database D = {r1, ..., ri}.
Regarding the similarity function ς, it should be chosen based on the nature of

the data (i.e., categorical/numerical). As it will be discussed in Chapter 2 in more
detail, we use the cosine similarity between the embedded relations r and s to ef-
fectively capturing semantic similarity of the two relations. So that, the accuracy of
data imputation is insensible with respect to the type of data, as both numerical and
categorical data are represented in the latent space through embeddings.

Furthermore, the results of any data imputation system might depend on the spe-
cific function ς used. As it will be discussed in Example 2.2, imputation based on
exact similarity might fail in accurately imputing data, whereas using semantic sim-
ilarity does not.

We next discuss some basic, standard instances of functions ς that are able to
evaluate the effectiveness of DI, and postpone the presentation of the more advanced
technique based on the semantic similarity in the next chapter.

Evaluation Metrics

To evaluate the effectiveness of the imputation, i.e. how close r↓ and r are, several
metrics for emulating the computation of the similarity between r↓ and r have been
proposed so far, also capturing both statistical properties and accuracy.

Exact Accuracy.

Exact Accuracy is a metric used to evaluate how well an imputation method re-
constructs missing values by comparing the imputed dataset with the original com-
plete dataset. To better understand, let r = {t1, ..., tn} is a complete relation defined
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over the schema R(A1, ..., Am), rk is an incomplete relation obtained from r and
r↓ = φ(rk) = {t↓1, ..., t

↓
n
} is an imputed relation obtained from rk,

exact-acc(r, rk, r↓) =
1

k ↔ (n↔m)

n∑

i=1

m∑

j=1

ord(ti[Aj ] = t↓
i
[Aj ])

where ord is the standard ordinal function.

Example 1.12. Considering the scenario of Figure 1.1, we have that exact-acc(r, rk,
r↓) = 3

6 = 0.5. !

The exact accuracy metric is strict because it requires an exact character-by-
character match between the original and imputed values. This is problematic for
categorical data, where different representations of the same entity (e.g., USA vs.
United States) are semantically equivalent but would still be considered incorrect
under exact accuracy.

However, expecting an exact match between r and r↓ is unrealistic and has lim-
ited practical value. Because of this, we also rely on other statistical tests, i.e., skew-
ness, kurtosis, frequent and unique values to emulate the computation of the similar-
ity between r↓ and r.

Average Skewness.

Skewness is a statistical measure that represents the asymmetry or deviation from
the symmetry of a dataset’s distribution. It indicates whether the data points are more
concentrated on one side of the mean (average) value. Clearly, skewness makes sense
for numerical attributes only.

The formula for computing the average skewness (denoted as avg-skew(r))
across all columns in r is typically written as follows:[32, 126]:

avg-skew(r) =
1

m

m∑

i=1

skew(r[Ai])

The skewness of r w.r.t. an attribute Ai, skew(r[Ai]) is computed as:

skew(r[Ai]) =

1
n

∑
n

j=1(tj [Ai]′ µ)3

(
1
n

∑
n

j=1(tj [Ai]′ µ)2
)3/2

where n = |r[Ai]| is the number of tuples in r[Ai], and µ is the mean of these values,
defined as follows:

µ =
1

n

n∑

i=1

ti[Ai].

Thus, the distance between r and r↓ according to the average skeweness can be
computed as ς(r, r↓) = |avg-skew(r) ′ avg-skew(r↓)|. Clearly, whenever r and r↓

coincide (i.e., whenever the imputation is correct) we have that ς(r, r↓) = 0.
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Average Kurtosis.

Kurtosis is another statistical measure used for the data distribution in terms of tailed-
ness of the distribution. Mathematically, one can represent average kurtosis denoted
as (avg-kurt(r)) across all columns in r of a given dataset with the following formula
[11]:

avg-kurt(r) =
1

m

m∑

i=1

kurt(r[Ai])

The kurtosis of r w.r.t. an attribute Ai, kurt(r[Ai]) is computed as:

kurt(r[Ai]) =

1
n

∑
n

j=1(tj [Ai]′ µ)4
(

1
n

∑
n

j=1(tj [Ai]′ µ)2
)2 ′ 3

Thus, the distance between r and r↓ according to the average kurtosis can be
computed as ς(r, r↓) = |avg-kurt(r) ′ avg-kurt(r↓)|. Clearly, whenever r and r↓

coincide (i.e., whenever the imputation is correct) we have that ς(r, r↓) = 0.

Average Number of Frequent Values.

The following metric is based on frequent values. A value is considered frequent if its
number of occurrences is larger than the 90% quartile of all occurrence frequencies
in the same attribute [16]. Formally,

avg-freq(r) =
1

m

m∑

i=1

F(r[Ai])

where F(r[Ai]) denotes the number of r[Ai]’s rows that contain frequent values.
Thus, the distance between r and r↓ according to the average frequent values can be
computed as ς(r, r↓) = |avg-freq(r) ′ avg-freq(r↓)|. Clearly, whenever r and r↓

coincide (i.e., whenever the imputation is correct) we have that ς(r, r↓) = 0.

Average Number of Unique Values.

This metric averages the unique values across all columns [16]. A value ti[A] is said
to be unique in column A if there is no tj ↑ r s.t. tj ⇒= ti and tj [A] = ti[A].
Formally,

avg-uni(r) =
1

m

m∑

i=1

N(r[Ai])

where N(r[Ai]) is the number of unique values in r[Ai]. The distance between
r and r↓ according to the average frequent values can be computed as ς(r, r↓) =

|avg-uni(r)′ avg-uni(r↓)|. Clearly, whenever r and r↓ coincide (i.e., whenever the
imputation is correct) we have that ς(r, r↓) = 0.
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Data Imputation Methods References

Traditional/
statistical Mean [33]

Median [68]
Mode [158]

Machine
Learning

K-Nearest Neighbors (KNN) [71], [21], [70], [162], [88]
Support Vector Vachine (SVM) [7], [128]
Decision Trees (DT) [139],[61],[95]
Gaussian Process Regression (GPR) [63], [117]
Expectation Maximiumization [101], [80].

Deep
learning

Auto-encoder (AE) [129], [111], [25], [46], [135], [15]
Long Short-Term Memory (LSTM) [94], [83], [156], [84], [41]
Generative Adversarial Network (GAN) [125]
GNN [16], [132], [154], [47]

Table 1.2: Overview of the different approaches proposed to solve the Data Imputa-
tion problem.

Intuitively, avg-freq and avg-uni metrics give an idea of “how hard” is to im-
pute values in a relation. Frequent values are in general easier to impute correctly,
therefore the larger the avg-freq the greater the number of rows containing “easier”
values. Dually, avg-uni measures how many distinct “frequent” values are present on
average; in this case, the larger avg-uni values, the greater the number of values to
be considered ‘frequent’.

After defining the data imputation and evaluation metrics, the focus now turns
to data imputation approaches. Thus, we next briefly explore some existing machine
learning, deep learning, and graph-based approaches for data imputation [33, 158,
4, 69, 68, 160, 71, 128, 84, 41, 15, 125, 16], that encompass traditional methods
(e.g. mean, median, and mode [33], [158], [68]) in terms of imputation accuracy. An
overview of the different approaches proposed to solve the DI problem is shown in
Table 1.2 and discussed next.

Statistical Data Imputation Methods

Statistical imputation methods are widely used due to their simplicity and efficiency
in handling missing data. These methods assume that the missing values follow the
same distribution as the observed data, making them easy to implement in various
applications. Mean, median, and mode imputation are common statistical imputa-
tion methods used to handle missing data. These techniques are based on summary
statistics and provide a straightforward way to fill missing values in datasets. Mean
imputation fill missing values in a dataset with the arithmetic mean of the available
data [33], median imputation fills missing data with the middle value when the data
is sorted, making it robust against outliers [68]. In contrast, mode imputation fills
the missing data with the most occurring value in the dataset [158]. Traditional im-
putation methods often rely on simplistic approaches that may fail to capture the
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underlying data patterns, leading to biased estimations [4, 69, 160]. The main differ-
ence between machine learning and statistical algorithms is that the former follows
an optimization process.

Machine Learning Based Data Imputation Methods

K-Nearest-Neighbor.

The k-Nearest Neighbours (KNN) algorithm is frequently utilized for data imputa-
tion tasks despite its primary use as a supervised learning technique. To impute the
missing values, one can use the mean (or often the weighted mean) of the top closest
samples. The basic method is first to calculate the distance between a sample with
missing data and other accessible samples. Euclidean distance is typically utilized
to compare sample similarity. Several KNN-based imputation algorithms exist, such
as CKNN [71], IKNN [121], SKNN [143], and ICKNN [71]. Techniques for cal-
culating distance, weighting approaches, and ways for figuring out the ideal value
of k vary throughout these approaches. As such, their computational complexity and
performance levels differ. In certain situations, certain algorithms may perform bet-
ter than others. For example, CKNN has been demonstrated to perform worse than
ICKNN when there is a high percentage of missing values in the data. Due to the
requirement for extensive distance calculations and the process of determining the k-
nearest samples, KNN-based imputation algorithms can be computationally costly,
especially for big datasets. This is one of their limitations.

Support Vector Machine.

SVM is mostly used for tasks related to classification and regression, but it may also
be customized for the purpose of data imputation, providing a distinct method of
managing missing values. Treating missing values as a prediction problem, SVM for
imputation takes advantage of the algorithm’s capacity to identify intricate patterns
in the data. Using the existing data, SVM models can be trained, treating the missing
values as target variables that need to be predicted. SVM is capable of modeling non-
linear relationships and produces accurate predictions. It can be better appropriate
for smaller or medium-sized datasets where capturing complex data structures is
essential. SVM offers a strong and adaptable approach to imputing missing values,
especially when other techniques might not be sufficient [7], [128].

Decision Trees.

A Decision Tree (DT) divides the input dataset into sample groups in order to pro-
duce a hierarchical structure. A decision-making path from the root node to the
leaves, which correspond to distinct sample groups, represents each group. In data
imputation, samples associated with the same leaf as the incomplete sample are taken
into account for estimating missing values. DT comes in several varieties, includ-
ing ID3, C4.5, CRAT, CHAID, and QUEST [61, 95], each of which constructs the
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tree using a unique set of techniques. Certain trees, such as CRAT and C4.5, sim-
ply go through the growing phase, but others, like CHAID, and QUEST, go through
two phases: a growing phase to develop the tree and a pruning phase to simplify it
[139]. Since decision trees are non-parametric algorithms, they don’t make any pre-
sumptions about the distribution of the data before they begin training. Employing a
collection of decision trees can enhance performance, as a single DT might not be
able to extract sufficient information from the data. The decision trees are often built
using bootstrapping techniques.

Gaussian Process Regression.

Gaussian Process Regression (GPR) is a probabilistic, non-linear machine learning
technique that evaluates the uncertainty or variance of its predictions in addition to
predicting outcomes. When used for data imputation, GPR-based techniques esti-
mate missing values using a posterior distribution that is established by presump-
tions. GPR provides a more accurate forecast than deterministic approaches as it
provides a range of such values rather than a point estimate. The radial basis func-
tions are rational quadratic, Exp-Sine-Squared, and others, whereas linear kernels
are some of the kernel functions that are used in GPR among the kernel functions.
Each of these kernels are unique, all of them can be used to detect any patterns in the
data. The linear kernel is used when the data exhibits linear relationship, while the
Exp-Sine-Square kernel is used when the data is cyclic in nature. When data show
more than one trait, different kernel combinations can be used to capture both. When
the data exhibits both periodic and linear trends, for example, an Exp-Sine-Squared
and linear kernel combination can be helpful. For a variety of applications, many
GPR-based imputation techniques have been developed, including NGPR [63] and
MTGPR [60]. Nevertheless, a significant drawback of GPR is its high computational
cost, which renders it unsuitable for usage with big datasets.

Expectation Maximization.

When a statistical model’s local maximum likelihood parameters cannot be de-
termined directly, the Expectation Maximization (EM) procedure is used to esti-
mate them. Observed data, unknown parameters, and hidden variables are frequently
present in these models. The missing values of a dataset might be regarded as latent
variables when it comes to data imputation. Derivatives of the likelihood function
with respect to all values, latent variables, and unknown parameters are needed to
determine the highest probability. For most statistical models, it is also usually not
feasible to solve these concurrently. The expectation and maximization iterative nu-
merical processes –used by the EM algorithm to estimate the unknown values. It is
known to have a slow convergence rate, but it assures an increase in likelihood with
each iteration [101, 80].
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Deep Learning Based Data Imputation Methods

Auto-Encoder.

One class of deep learning algorithms, Auto-Encoders (AEs) can learn, without hu-
man supervision, to encode input data. Input, hidden, and output layers are the stan-
dard construction of an AE [129, 135]. The purpose of using the same data for both
the input and output layers is to map the input to the hidden layer and then use the
encoded hidden vector to reconstruct the original input. Data with missing values
can be inputted into the input layer and rebuilt using the hidden layer once training
is finished. By randomly masking input features during training, missing values are
simulated so that the model may learn to deal with partial data. Consequently, the
AE determines how to fill in the blanks by piecing together the incomplete input.
Auto-Encoders (AEs) come in a variety of flavours, with Denoising Auto-Encoders
(DAEs), Sparse Auto-Encoders (SAEs), Stacked Denoising Auto-Encoders (SDAEs)
being the most popular and widely used. Generative models like VAEs can generate
new samples under typical conditions, which makes them great for filling in missing
data, and DAEs excel at dealing with input data noise, [111, 25, 46, 15].

Long Short-Term Memory.

Problems where data points are dependent on temporal correlations are well-suited
to the strong deep learning technique known as Long Short-Term Memory (LSTM).
LSTM is a member of the RNN family, which is well-known for its capacity to han-
dle sequential data by retaining a memory of prior inputs [155]. When it comes to
learning from longer sequences, however, LSTM overcomes the constraints of regu-
lar RNNs and goes beyond them. LSTM is superior to other architectures because it
can detect both immediate and distant relationships in time-series data. The “cells”,
which are specialized memory units, accomplish this by controlling the flow of in-
formation through gates, namely the “input”, “output”, and delete gates. By utilizing
these gates, the model is able to selectively retain, update, or discard data, allowing
it to recall significant patterns over extended durations while disregarding insignif-
icant particulars. Since patterns in time-series data may extend over different time
intervals, LSTM is particularly good at obtaining useful information from this type
of data. Although LSTM has been a useful tool for time-series analysis, comparing
its performance for missing data imputing to other machine learning algorithms is
not as easy [94], [83], [156], [84], [41]. This is due to the fact that its imputa-
tion capabilities are typically tested in the setting of sequential data, where it excels.
In time-series datasets, LSTM may be employed for imputation to fill in missing
values by utilizing both historical and future data points. It learns temporal patterns
during training and uses them to anticipate what the missing information should be.
Making broad comparisons with imputation methods used in non-sequential data
is problematic due to the fact that LSTM’s performance in this domain is highly
context-dependent.
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Generative Adversarial Networks.

Generative Adversarial Networks (GANs)– Since the initial introduction by Good-
fellow et al. in 2014, GANs have found widespread use in several domains such as
image processing, speech recognition, video prediction, fingerprint localization, and
most significantly in data imputation. Two primary parts comprise a standard GAN:
the Generator (G) and the Discriminator (D). The generator discover a means of con-
verting random noise into data that cannot be distinguished from actual data. In the
meantime, the generator generates data, and the discriminator is trained to differen-
tiate between the two data types. The ultimate goal of the Generator is to generate
data that is indistinguishable from real data by the discriminator. GANs have vast
research opportunities for the future, but they are also full of weaknesses like in-
stability, a vanishing gradient, and an inability to produce labeled data. In order to
solve these problems, different models have been designed. For instance, conditional
GAN enriches the ability to produce labeled data; on the other hand, wasserstein
GAN alleviates the instability issues [98, 125].

Graph Neural Networks.

The problem of incomplete data impedes data analysis, as absent values often result
in biased outcomes and inferior performance. This issue is particularly evident in
relational datasets containing continuous and categorical variables.

In recent years graph neural networks have been employed for missing data im-
putation. GNN formulate missing data as denoising auto-encoder task, where graph
edges represent similarity between patterns. A GNN encoder constructs an interme-
diate representation (i.e., embeddings) for each data point by combining classical
projection layers with local information aggregation from similar nodes, while a de-
coding phase of GNN use the output of GNN encoder (embeddings) to reconstruct
the imputed dataset [132]. GRAPE, a graph-based framework for feature imputa-
tion and label prediction. In GRAPE, observations and features are treated as nodes
of bipartite graph, with edges denoting the observed feature values. Both tasks are
addressed using graph neural networks (GNN) [154].

Temporal setting imputation using graph neural network (TSI-GNN), introduces
a framework that captures sequence information for use within an aggregation func-
tion of a graph neural network. This was the first approach to employ a joint bi-
partite graph that integrates sequence information to address data imputation [47].
Another advanced technique, GRIMP (Graph embeddings for Relational data IMPu-
tations), is a unique imputation technique specifically designed for large-scale rela-
tional datasets [16]. GRIMP represents relational data as a heterogeneous graph il-
lustrating the interactions of individual cell values, attributes, and tuples. This graph-
based representation is crucial for effective imputation since it enables the model to
understand the underlying structure of the data and precisely infer missing values.
GRIMP uses a whole range of clever tricks to make imputation more effective. It
encodes relational data as a graph for integrating the data from related tuples and
characteristics. This method ensures the context information for imputation is op-
timal. Moreover, the method of graph representation learning is used for message
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Fig. 1.2: An overview of the Entity Resolution Problem. Tuples ti with i ↑ [1, 6] are
described in Figure 1.4.

passing and neighborhood information will be incorporated to enhance imputation.
Ultimately, the model can train on datasets devoid of explicit imputation labels due to
GRIMP’s implementation of a self-supervised multi-task learning framework. Con-
sequently, GRIMP exhibits remarkable flexibility in scenarios characterized by sig-
nificant data absence, offering a dependable approach for data imputation in rela-
tional databases.

1.4 Entity Resolution

Entity Resolution (ER), also known as record linkage or data deduplication, is a com-
plex and indispensable process in data management and analysis. ER’s primary pur-
pose is to identify and establish connections between tuples (belonging to possibly
different relations) that pertain to the same real-world entity (e.g., same book, same
person, etc.) [38], [104], [149], [78] as visually depicted in Figure 1.2. The en-
tity resolution problem is crucial in both knowledge graphs (KGs) and multimodal
knowledge graphs (MKGs), as it plays a key role in ensuring the accurate identi-
fication and integration of entities from diverse sources [157]. In KGs, this prob-
lem is fundamental for linking different data points and maintaining consistency
across large datasets. In the context of multimodal knowledge graphs, entity reso-
lution is particularly similar to entity alignment, as both involve aligning and match-
ing entities that appear across different modalities. Entity resolution in multimodal
graphs becomes even more critical, as it requires handling and aligning data from
various modalities to provide a unified and comprehensive representation of knowl-
edge [161].

Figure 1.3 represents two entities, where images associated with “Unical, Italy”
indicate that it represents a university, but aligning “University of Calabria” in KG1
with “Unical, Italy” in KG2 remains challenging when relying exclusively on images
or textual information. Knowledge graphs efficiently structure, manage, and retrieve
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Fig. 1.3: Illustration of entity alignment between multi-modal knowledge graphs.

vast amounts of information, typically represented as triplets [161]. Two key chal-
lenges in KG research include link prediction, which involves completing missing
triplets by identifying either the head or the tail, and entity matching, which focuses
on identifying similar entities across two KGs and linking them via the same as pred-
icate.

In the contemporary data landscape, characterized by an exponential growth in
data across various domains, ER has emerged as a critical and increasingly vital tech-
nique. Its applications span across a multitude of fields, including healthcare, finance,
and marketing [52, 65, 42, 12]. ER acts as a bridge that connects disparate data points
(tuples), enabling the merging of information attributed to the same real-world enti-
ties. Doing so substantially enhances data quality, a foundational cornerstone in any
data-driven endeavor. High-quality, integrated data is pivotal for informed decision-
making, enabling organizations to derive meaningful insights and make more ac-
curate predictions. Moreover, the significance of ER extends beyond data quality
alone. It plays a pivotal role in enhancing the overall data analysis process. Merging
data from multiple sources empowers analysts and data scientists to perform more
comprehensive statistical analyses. This leads to a deeper understanding of trends,
patterns, and correlations [8, 124].

We next introduce the ER problem formally.

Definition 1.13 (Entity Resolution Problem). Let r and s be two (possibly incom-
plete) relations, ς a similarity function, and ↼ a threshold value. The Entity Resolu-
tion problem consists of determining all the (matched) pairs (ti, tj) ↑ r↔s such that
ς(ti, tj) ∝ ↼ .

Clearly, r and s might not be distinct. Moreover, we assume that r (resp. s) does
not contain tuples denoting the same entity. Whenever such an assumption does not
hold, we can consider the problem where the input relations are r ≃ s and r ≃ s. In
such a case, trivial matchings (ti is similar to ti) are filtered out. It is worth noting
that, the ER problem can also be formulated as a learning problem where function ς
can be learned from (training) data.
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Name Surname BirthDate State Salary A.Code
tk1 → Deere Second Jan Un. State 15k 100
tk2 Allisa Jia 10th Jan America → 400
tk3 David → 12th Feb France 10000 300
tk4 John Iser → Austria 9000 500
tk5 David Rao February 12th France 10k 300
tk6 Alex Deere 2nd Jan → 15k →

Fig. 1.4: Incomplete relation r of Example 1.14.

Hereafter we will denote all the matched pairs w.r.t. r, s, ς, and ↼ with M(r, s, ς, ↼),
or simply M whenever r, s, ς, and ↼ are understood.

Example 1.14. Consider the incomplete relation r = {t1, t2, t3, t4, t5, t6} shown in
Figure 1.4. Assume ς is s.t. ς(ti, tj) = 1 if ti and tj share at least 3 non-null values
and could have the same state, 0 otherwise. The ER process over r ↔ r would return
the set M = {(t1, t6), (t3, t5)} of matched pairs. !

It is worth noting that, the ER task could require a quadratic number (i.e.,|r|↔|s|)
of possible comparison of tuples, although the use of indexes allows to really com-
pare small subsets of tuples. Considering Example 1.14, we could avoid comparing
tuple t3 with tuple t1, t2, t4, and tuple t4 with tuples t1, t2, t3 and t5 because they
have a different State, thus it is very unlikely to describe the same entity (i.e., per-
son). This intuition is captured by the so-called blocking phase. During the blocking
phase, tuples in I are partitioned in blocks by applying very simple rules. Consider-
ing again Example 1.14, there are three blocks B1 = {t1, t2, t6}, B2 = {t3, t5, t6}
and B3 = {t4, t6} (see also Figure 1.2) that groups tuples having State in common.
Tuples with missing values in the State are included in all blocks (e.g., t6).

Then, blocks could be further processed so that some tuples could be removed
according to some specific simple criteria. As an example, tuple t6 has been removed
from block B2 (resp., B3), based on the BirthDate—tuples with the same BirthDate
are retained in the block, while those with different BirthDate are removed. Then,
after concluding the blocking phase, only tuples in the same block are compared to
check whether they are similar (and thus called matched pairs). This latter phase is
called entity matching.

Evaluation Metrics

To assess the effectiveness of the ER task, several metrics have been proposed so far.
Let G be correct the set of matched tuples, given by an oracle O (simply referred

to as ground truth). As it will be clearer in the next sections, G is given in the training
phase in the ML-based approaches solving the ER process.

• True Positive refers to the number of correct predictions of matched pairs that
actually correspond to match entities by a classification model, and is denoted as

TP = |G ∞M|;
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• True Negative gives the number of correct non-match pairs that actually corre-
spond to non-match pairs by a classification model, and can be denoted as

TN = |((r ↔ s) \G) ∞ ((r ↔ s) \M)|;

• False Positive gives the number of matched pairs that actually correspond to dif-
ferent entities, and can be denoted as

FP = |((r ↔ s) \ G) ∞M|;

• False Negative refers to the number of non-match pairs (wrong prediction) that
actually correspond to match pairs, and can be denoted as

FN = |G ∞ ((r ↔ s) \M)|;

• Precision measures the proportion of correctly predicted match pairs, that is

PR =
TP

TP + FP
;

• Recall measures the proportion of predicted (total) match pairs, that is

RE =
TP

TP + FN
;

• F1-score is the harmonic mean of precision and recall, that is

F1 = 2 ↙
PR ↙RE

PR+RE
.

Example 1.15. Consider again the incomplete relation r = {t1, t2, t3, t4, t5, t6}
shown in Figure 1.4. Assume G = {(t1, t2), (t3, t5)}, and an ER system produc-
ing M = {(t1, t2), (t2, t5), (t1, t6)} ↓ (r ↔ r) as set of matched pairs. Then, we
have that TP = |{(t1, t2)}| = 1, TN = 32, FP = 2, FN = 1, and thus PR =

1
3 ,

RE =
1
2 , and F1 = 2 ↙

1
3↓

1
2

1
3

1
2

= 2. !

The F1-score is a general metric often used to summarize the overall perfor-
mance of an ER task. As it contains both precision and recall, the F1-score also
captures the trade-offs between recall and precision. The F1-score is thereby espe-
cially useful when high accuracy and completeness are important. The F1-score is
the harmonic mean of precision and recall. Only when both are strong, the F1-score
attains high values, thus appropriately reflecting the accuracy and completeness of
the ER method in solving entities. That also makes it a useful single measure for
assessing the success of ER algorithms.
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Fig. 1.5: Architecture of DeepMatcher [99].

Machine and Deep Learning Based Methods

Entity Resolution has developed strategies of over three ages: traditional, ML/DL,
and now, LLM-based techniques. For a long time, the rule-based system and heuris-
tics have been used to match and merge records in the traditional generation,
which has some disadvantages, like being able to cope with complex datasets well
but not at scale. ML/DL algorithms are an innovation that brought patterns in
data for more intelligent matching and processing, thus allowing faster responses
with larger volumes of data. Entity resolution has addressed the matching prob-
lem through various approaches, including rule-based methods [27, 36, 127, 147],
crowd-sourcing [146, 45, 97], and machine and deep learning based techniques
[45, 10, 24, 45, 76, 122]. Some of the deep learning-based approaches for entity
resolution are given below.

DeepMatcher & DeepER.

DeepMatcher [99] explores the application of Deep Learning (DL) in ER. It in-
troduces a design framework for DL-based solutions, emphasizing their potential to
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Fig. 1.6: Architecture of DeepER [35].

address challenges in ER—where traditional entity resolution methods may struggle
due to limited feature extraction capabilities. The architecture of DeepMatcher [99]
is given in Figure 1.5 and focuses on four optimization models: SIF (an aggregation
model), recurrent neural network (RNN), that is a sequence-aware model, Atten-
tion (A Sequence Alignment Model), and Hybrid (Sequence-aware with Attention),
each employing distinct strategies for attribute summarization and comparison. The
Smooth Inverse Frequency (SIF) sentence embedding technique serves as a baseline
due to its simplicity and effectiveness [5]. Its performance largely depends on the
quality of attribute embeddings and the classifier. The attention model (i.e., a se-
quence alignment model) uses decomposable attention for feature summarization. It
is a medium-complexity approach that jointly analyzes input sequences while learn-
ing a representation of their similarity [106]. The hybrid model combines decompos-
able attention with a bidirectional RNN. This hybrid is used for attribute summariza-
tion, allowing it to capture contextual information from both directions of the input
sequences [148].

Similar to DeepMatcher, DeepER [35] processes two data entries and converts
them into vector representations (embeddings) and then uses a feed-forward neural
network to perform classification (matching, non-matching) based on the embed-
ded vectors as given in Figure 1.6. The embeddings are generated by averaging the
GloVe [108] embeddings for each attribute, which provides a straight-forward rep-
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Fig. 1.7: Workflow of Deep Active Entity Matcher [62].

resentation, or using RNN to generate embeddings. Once the vectors are generated,
DeepER measures the similarity between them by computing their cosine similarity,
a metric that evaluates how closely aligned the vectors are in the embedding space.
These similarity scores are then fed into the feed-forward neural network, which
classifies whether the two entities represent a match or not.

Deep Active Entity Matcher.

Deep Active Entity Matcher (DAEM) is an approach to entity resolution that com-
bines deep neural networks with adversarial active learning [62]. The general work-
flow of DAEM is depicted in Figure 1.7. This approach tackles the challenges posed
by large-scale noisy data and insufficient labeled examples by introducing a dynamic
blocking mechanism. Furthermore, an adversarial active learning framework is also
presented that prioritize the collection of high-quality examples to improve model
stability, while minimizing labeling costs.

BERT-ER.

BERT-ER addressed the computational challenges in BERT models [81]. BERT-ER
introduced a siamese network architecture that independently encodes entities using
BERT. By delaying the pair-wise interaction through an enhanced alignment net-
work, the model effectively manages the computational costs associated with deep
interactions. The architecture of BERT-ER is depicted in Figure 1.8. The blocking
model is used to minimize the number of pair comparisons that reduce the computa-
tional costs. Furthermore, the integration of blocking and matching into a multi-task
learning framework enables the optimization of both tasks. This approach not only
enhances the model performance but also enhances the performance across diverse
datasets.
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t1 t2

Fig. 1.8: Architecture of BERT-ER [81].

1.5 Machine Learning Architectures

In this section, we provide a brief overview of ML architectures discussed or used
throughout the thesis, including Deep Neural Networks (DNN), Graph Neural Net-
works (GNN), Transformers (along with Sentence Transformers).

Deep Neural Networks

A supervised (neural network) learning model can be defined as a pair M = ⇑N,↽⇓

where N identifies the neural network and ↽ denotes the set of its parameter values.
The goal is to build a function fN (x;↽) (or simply f(x;↽) whenever the neural net-
work is understood) relating inputs x (also called instances) to outputs ŷ = f(x;↽)

(also called model predictions). The particular relationship between inputs and model
predictions is determined by M . To train the model, a loss function L(D,↽) is
adopted over a training dataset D2 consisting in pairs (x, y), where x is an instance
and y is its corresponding label (also called ground truth). The loss function quanti-
fies the mismatch between the model prediction ŷ = f(x;↽) and the ground truth y

2 With a little abuse of notation we will denote D as both a database or dataset.
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over all pairs (x, y) in D. Since the function f(x;↽) depends on parameters ↽, the
goal is to search for the parameter values that minimize the loss. An important (deep)
neural network learning model is Multi-Layer Perceptron (MLP), which appeared as
a building block of several learning architectures [109, 9]. An MLP M = ⇑N,↽⇓,
where N has k layers, is defined by a sequence of weighted matrices ω(1), . . . , ω(k),
bias vectors b(1), . . . ,b(k), and fixed activation functions a(1), . . . , a(k). 3 Given
an input instance x, we inductively define h(i)

= a(i)(h(i↗1)ω(i)
+ b(i)

) with
i ↑ {1, . . . , k}, assuming that h(0)

= x. The output of M on x is defined as h(k).

Graph Neural Networks

Graph Neural Networks (GNNs) are deep learning architectures designed to operate
on graph-structured data. Graphs are particularly versatile data structures capable
of representing complex systems where relationships (edges) occur between entities
(nodes), such as social networks (e.g., interactions between individuals) or biological
networks (e.g., interactions among proteins). Formally, a graph G can be defined as
(V,E,X), where V is the set of nodes (with |V | = N number of nodes), E ↓ V ↔V
is the set of edges and X ↑ RN↔d is the node feature matrix storing for each node
vi ↑ V the corresponding feature vector xi ↑ Rd.

This general structure can be further specialized to capture more nuanced se-
mantics, such as in the case of directed edges (where edge directionality matters),
weighted edges, or encompass multiple (i.e., heterogeneous) types of entities or
edges. A typical graph representation consists of the adjacency matrix A ↑ RN↔N

that encodes the connection between nodes as follows:

Aij =

{
1 if an edge between vi and vj exists
0 otherwise

GNNs operate on graph-structured data as G = (V,E,X) through iterative
message-passing and neighborhood aggregation schemes. Initially, each node vi ↑ V

has an initial feature vector h(0)
i

corresponding to its row in the node feature matrix
X . At each step of message passing, nodes exchange information with their neigh-
bors using the connections in the edge-set E. Specifically, at a generic time-step k,
each node vi ↑ V gathers information from its neighbors as

m(k)
i

= Aggregate(h(k↗1)
j

| j ↑ N (i))

where N (i) denotes the set of neighbors of node vi, and h(k↗1)
j

corresponds to the
feature vector of neighbor node vj from the previous layer (or step). It should be
noted that aggregation functions must ensure permutation invariance, as the order
of neighbors does not have to affect the result; these include sum, mean, and max
functions.

3 In MLP, the activation functions are part of the neural network N , while matrices ω and
vectors b constitute parameters ϱ.



1.5 Machine Learning Architectures 33

Fig. 1.9: An overview of the Transformer architecture from Vaswani et al. [140].

Following aggregation, each node updates its features using a learnable function
(e.g., a feedforward neural network) as

h(k)
i

= Update(h(k↗1)
i

,m(k)
i

)

After the k-th iteration, the node features of vi are updated to h(k)
i

, and gather
information from k-top neighbors, i.e., nodes at distance k from the target node.

Transformers

The Transformer architecture, originally introduced by Vaswani et al., [140], has
emerged as a foundation model in Natural Language Processing, revolutionizing a
wide range of tasks by achieving state-of-the-art performances, including machine
translation, summarization, generation, and language understanding. Transformers
model complex dependencies between tokens using self-attention mechanisms, re-
placing traditional recurrence-based approaches more efficiently.

The Transformer architecture follows an encoder-decoder structure, as shown in
Figure 1.9, where the former (on the left) maps input sequences into sequences of
context-aware dense representations, i.e., embeddings capturing semantic relation-
ships within input sentences, that are eventually fed into the decoder (on the right).
This predicts outputs in an auto-regressive way, conditioned on the received output
from the encoder, as well as the decoder output from the previous step.

The Transformer architecture consists of the following building blocks/phases:
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Fig. 1.10: (left) Scaled Dot-Product Attention. (right) Multi-head attention consists
of several attention layers running in parallel [141].

• Tokenization: aimed at breaking down input sequences into smaller units, dubbed
tokens, that the model can process. These are produced according to different
strategies, ranging from the simplest word-level or character-level tokenization
(whereby each word, respectively character, represents a token), to more complex
strategies involving sub-words (e.g., Byte-Pair or WordPiece encoding).

• Input Representation: here, a tokenized input sequence T = [↼1, ↼2, ..., ↼ω] is
transformed into a sequence of embeddings e = [e1, e2, ..., eω], s.t. each ei ↑ Rd

corresponds to the d-dimensional word embedding for token ↼i. Furthermore,
positional encodings P ↑ Rd↔ω are added to input embeddings to account for
the token positions in the input sequence, resulting in a final input H .

• Self-Attention Mechanism: it computes pairwise interactions between tokens to
capture contextual relationships. For each token, the so-called queries, keys, and
values are computed according to learned projection matrices

Q = HWQ,K = HWK , V = HWV ,

where WQ, WK , and WV
↑ Rd↔dk are learnable parameters, and dk is the

dimensionality of the query/key space. The attention matrix is then computed as

Attention(Q,K, V ) = Softmax

(
QKT

∈
dk

)
V.

In this regard, Vaswani et al [141], found it beneficial to linearly project queries,
keys, and values h times with different learned parameters, to jointly attend in-
formation from different representation spaces at different positions.
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MultiHead(Q,K, V ) = Concat(head1, ..., headh)W
O

headi = Attention(QWQ

i
,KWK

i
, V WV

i
)

where the projections are parameter matrices WQ

i
,WK

i
and WV

i
↑ Rd↔dk , and

WO
↑ Rhdk↔d.

• Position-wise Feed-Forward Networks: after attention, each token representation
is passed through a position-wise FFN s.t.

FFN(x) = ReLU(xW1 +B1)W2 +B2

The Transformer architecture lends itself very versatile and adaptable to diverse
NLP tasks, involving understanding, generating, and transforming text sequences.
More specifically, encoder-only models like BERT [30] only use the encoder part of
the architecture and are primarily designed for understanding tasks (e.g., text classifi-
cation, text similarity), decoder-only approaches as GPT [13] discard the encoder to
entirely focus on autoregressive sequence generation (i.e., one token at a time, con-
ditioned on the previous generated ones). Finally, encoder-decoder approaches like
T5 [112] retain the full Transformer structure to operate on tasks where the input
sequence needs to be transformed into an output one (e.g., machine translation).

Sentence transformers

Sentence Transformers (ST) also called pre-trained language models (PLM) are spe-
cialized adaptations of the Transformer architecture, focusing on the encoder compo-
nent to produce high-dimensional embeddings that capture the semantic meaning of
the sentences. This makes ST particularly well-suited for sentence-level tasks such
as semantic similarity, clustering, and search. Indeed, while traditional Transformer-
based models like BERT [30] perform well for token-level tasks by producing em-
beddings for each input token, they are suboptimal in sentence-level tasks, where
naive approaches would involve aggregating (i.e., via mean or CLS-token pooling)
individual token embeddings to derive single representation of the entire input. On
the contrary, Sentence Transformers (as in the case of Sentence-BERT [115]) are
specifically fine-tuned for sentence-level semantic tasks and can therefore yield more
meaningful sentence embeddings, resulting in embeddings closer to a sentence’s
meaning as a whole [115, 23, 137, 116].

Formally, the process of sentence embedding can be described as follows.
A given input sentence s is passed through the tokenization process associated

with the PLM, which transforms it into an initial token sequence representation
e = [e1, ..., eω]. In our context (i.e., that of Data Imputation), to represent each tuple
t as an input sentence, we concatenate the values of all its attributes resulting in a
sentence S(t) = ⇑t[A1], ti[A2], ..., t[Am]⇓. The token sequence is then deeply con-
textualized by mapping each ei into a dense vector space of dimensionality d, where
d depends on the specific PLM used. The resulting output, PLM(S(t)) ↑ Rd↔ω,
represents the token embeddings of tuple t. Hereinafter, we will refer to PLM(S(t))
simply as PLM(t). To obtain a single embedding vector h ↑ Rd representing the
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“David Rao February
12th France 10k 300”

“David”
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655

8979
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9797

Tokenization Token ID

[-0.003 0.901 -0.425  . . . ]

[0.091 0.251 -0.139   . . . ]

[-0.003 0.901 -0.305  . . . ]

Embeddings

POOLING:
Average

Sentence Em
beddings

“France” 1569

E
N
C
O
D
E
R

[-0.603 -1.001 -0.437 . . . ]

[-0.809 -1.043 -0.091 . . . ]

“10k”

“300” 1569

1569 [-0.809 -1.043 -0.091 . . . ]

[-0.809 -1.043 -0.091 . . . ]

Fig. 1.11: An example of sentence tokenization and embedding.

entire textual representation of tuple t, a pooling function pooling(·) is applied, s.t.,
h = pooling(PLM(t)) ↑ Rd. Following Sentence Transformers, we consider the
mean as the pooling function, and the resulting outputs h are referred to as sentence
embeddings. During training, STs as Sentence-BERT leverage siamese and triplet
network structures to push the capability of the encoder to produce semantically
meaningful and appropriate representations [115].

Figure 1.11 reports an example of sentence embedding production via Sentence
Transformers considering the string “David Rao February 12th France 10k 300”, its
tokenization, pooling and the embedding.

It should be noted that, by producing embeddings for entire sentences in a fixed-
length format, these networks enable feeding sentence-level information into other
workflows or applications. For instance, these embeddings are particularly suitable
for comparing the meaning between different sentences, making them ideal for ap-
plications like semantic search, where a user’s search query can be matched with
similar information in a database, using embedding representations.

Similarity.

Given two embedding vectors (or simply embeddings) E1 and E2, a widely used
metric to compare E1 and E2 is the so-called cosine similarity, that is computed as
follows [152]:

sim(E1, E2) =
E1 · E2

||E1|| · ||E2||
(1.1)

Intuitively, it captures the cosine of the angle between the vectors, ranging from
′1 to 1 (completely different and completely the same). A cosine similarity of 0

means E1 and E2 are orthogonal, that is there is no correlation between them.
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Name Chroma Qdrant FAISS

Developer Chroma Inc Zilliz Facebook
AI Research

Website trychroma.com qdrant.tech faiss.ai
Initial Release 2022 2021 2017
License Apache-2.0 Apache-2.0 MIT License
Cloud-based Only No NO No
Sharding Yes Yes Yes

Index Types HNSW HNSW Flat, IVF,
HNSW, PQ

Programming Languages Python,
TypeScript Java, Python

Python, C++,
with wrappers

for others

Table 1.3: Basic properties of Vector databases.

Vector databases

Vector databases are a specialized type of database built to manage high dimen-
sional data, enabling efficient storage, indexing, and retrieval of vector representa-
tions [72, 107, 152, 55, 145]. These databases treat sentence embeddings as points
in a high-dimensional geometric space, where similar points are kept close together.
This structure enables efficient search of similar points based on similarity metrics.

Some of the advanced vector databases include Chroma4, Qdrant5, and FAISS6

(cf. Table 1.3). Each of these databases boasts an automated indexing mechanism,
streamlining the process of data organization and retrieval for enhanced efficiency
and usability. Chroma is a robust vector database designed to support the needs of
language models (LMs). Its functionality goes beyond just storing high-dimensional
vectors; it also allows the integration of metadata, enriching the dataset with con-
textual details. Qdrant, like Chroma, provides a complete solution for storing high-
dimensional vectors along with their corresponding metadata payloads. Its architec-
ture is optimized for efficient storage and retrieval, enabling fast search and similarity
calculations even with large datasets. In addition to others, FAISS (Facebook AI Sim-
ilarity Search), is a vector database developed by Facebook AI, it enables quick and
efficient similarity search in high dimensional vector space, and is commonly used in
applications such as information retrieval, recommendation systems, and large-scale
clustering. FAISS core functionality is implemented in standard C++ for speed and
efficiency, without external dependencies, and provides a wrapper allowing seamless
integration with Python [34].

We next discuss the technical detail of a vector search in a vector database.

4 https://www.trychroma.com/
5 https://qdrant.tech/
6 https://faiss.ai/

http://trychroma.com
https://qdrant.tech/
http://faiss.ai
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The vector search is a well-defined, unambiguous operation. In its simplest for-
mulation, given a set of embedded vectors {xi, | i = 1, . . . , N} ∋ Rd and a query
vector q ↑ Rd, it computes:

n = argmin
i=1...N

△q ′ xi△

The minimum can be computed with a direct algorithm by iterating over all em-
bedded vectors: this is brute force search [73].

A slightly more general and complex operation is to compute the nearest neigh-
bors of q:

(n1, ..., nk, ↙, ..., ↙) = argsort
i=1..N

△q ′ xi△

Where argsort returns the indices of the array to sort it by increasing distances and
↙ means that an output is ignored. This is what the search method of a FAISS index
returns. A related operation is to find all the elements that are within some ⇀ distance
to the query:

R = {n = 1..N s.t. q ′ xn ▽ ⇀},

In the equations above, the definition of the distance is undefined. The most com-
monly used distances in FAISS are the L2 distance, the cosine similarity and the
inner product similarity (for the latter two, the argmin should be replaced with an
argmax). These measures have useful analytical properties: for example, they are
invariant under d-dimensional rotations.
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Data Imputation Using Transformers

Recent advances in data imputation have proposed sophisticated methods using re-
lational structures and context-aware techniques. These approaches uses the rela-
tionships between attributes and cell values to enhance the quality of imputation
[16]. In this chapter, we present a new data imputation algorithm that makes use
of transformer architecture. We compare our algorithm with SOTA data imputation
algorithm GRIMP over benchmark datasets.

2.1 State-of-the-art Approach: GRIMP

Graph embeddings for Relational data IMPutation (GRIMP) is an algorithm solving
the problem of missing data [16]. GRIMP represents relational data as a heteroge-
neous graph and capture interactions between individual attributes, tuples, and cell
values. This graph-based approach is important because it allows the model to un-
derstand the underlying structure of the data, and with this, it can effectively infer a
lot of the missing values by using relationships in the data. GRIMP processes miss-
ing data in three steps: preprocessing, training, and imputation. The architecture of
GRIMP is depicted in Figure 2.1. During the preprocessing step GRIMP construct
a heterogeneous graph where each node represent rows and values, and edges repre-
sents the relationship between them. Additionally, GRIMP produce training corpus
by injecting synthetic missing values in the considered datasets. The generated graph
and corpus provide a foundation structure for training. GRIMP uses a graph neural
networks to refine node features by aggregating information from closest nodes [54].
A multi-task learning models (sub-models) are then applied. These sub-models are
combining hard-parameter sharing for graph neural network parameters across sub-
models with attribute-specific tasks to impute data in individual attributes. Each step
of GRIMP is briefly discussed below.

Graph Construction.

The first step in GRIMP is the construction of a heterogeneous graph from the con-
sidered dirty dataset that contain missing values. The graph is created row by row
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Fig. 2.1: GRIMP architecture [16].

Fig. 2.2: Process of graph construction in GRIMP [16].

iteratively over the entire dataset, whereas for each new tuple a new node is added to
the graph. Additionally, the algorithm also check for unique values in the tuples and
if found a unique value– create a new node for it, for each tuple node and value node
an edge is established. For a missing value in a cell no edge is created and hence
each time the cell with missing value is ignored as shown in Figure 2.2. If a same
value appear in multiple attributes, each time a new node is created so that ensuring
that each corresponds to its respective attribute. GRIMP create embeddings for these
graphs and then a missing value in a tuple is replaced with the closest one.

Building the Training Corpus.

GRIMP uses an efficient and noise-robust representation of tuples. In order to train
the model, all non-missing values are used once by creating multiple copies of the
original tuple. For each copy, a particular value is artificially treated as missing,
hence enabling the model to impute it and compute a loss, since the actual value
for the injected missing data is known. Each tuple, with a missing value, is copied
once for each non-missing attribute to create a separate training sample. To better
understand the training phase and the creation of tuple copies, we are considering
example of [16], visually represented in Figure 2.3. From the Figure 2.3 is clear that
R1 tuple generates a training sample by introducing a new null (yellow cell) for each
non-null value in the same tuple. This method enable GRIMP to use all possible
version of tuples, even those with a large number of missing values. Each training
vector is passed through an attribute-specific imputation model.
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Fig. 2.3: Generation of training samples for GRIMP [16].

Graph Representation Learning.

After constructing graph and the training corpus, next, GRIMP use the constructed
graph and trained corpus to learn node representations. Initial node features may
be random, pre-trained, or generated using local embedding models. Then GRIMP
refines these representations with GNNs, which are designed to capture generic pat-
terns from the training data, such as relations between nodes or their neighborhood
structures [49, 151, 150]. By this inductive capability, GRIMP is able to impute un-
seen tuples for missing values.

Multi-task Learning & Imputation.

The imputation module of GRIMP follows a multi-task learning architecture with
task-specific and shared parts [16]. The task-specific part models attributes individ-
ually, treating each attribute independently as an imputation task. The shared part
uses hard parameter sharing for embedding the input into a common representation
for all tasks. Moreover, for the same input vector, the result might be different if the
target attribute is different. This approach allow GRIMP to handle those tuples that
contain more than one missing value. Imputation is achieved by building a vector
representation for every dirty tuple and putting it to the trained model. For categor-
ical values, imputation is done by choosing the value having the highest likelihood,
while numerical values are imputed by processing the output of the numeric task.

Limitations of GRIMP

Although GRIMP works well in data imputation for relational databases, it has some
limitations that may affect the overall efficiency and generalizability in many usage
contexts. These restrictions might result from the features of the information itself,
computational complexities, or some related hypothesis the model makes about re-
lationships in data. Understanding these limitations is key to finding opportunities
for improvement. In the following sections, we will look into particular drawbacks
of GRIMP and how these may impact its widespread applicability in varying data
contexts.
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Difficulty with Rare Values.

One of the most substantial limitation of GRIMP is, how to handle filling rare (infre-
quent) values correctly. According to the authors, it is a known difficulty for most im-
putation methods (like GRIMP itself) when dealing with rare values. Subsequently,
this indicates that GRIMP might be a sub-optimal approach for some scenarios with
rare values to impute (resembling an issue of missing data points in today’s imputa-
tion techniques).

Dependence on Data Quality.

The results of GRIMP are likely affected by the quality of the input data, as is the
case with any predictive tool. Excessive noise or defects in the dataset can adversely
affect imputations. The impact of noise on imputed values (robustness of synthetic
complete-data imputation): GRIMP indicates an issue with the robustness of impu-
tation in the presence of noise, suggesting that noise may compromise the veracity
or precision of synthetic missing data.

Complexity of Graph Representation.

The use of a heterogeneous graph representation, while beneficial, introduces com-
plexity. Constructing and processing these graphs can be computationally expansive,
especially for large datasets. This complexity may limit the scalability of GRIMP in
practical applications where quick processing times are essential.

Generalization to Different Data Types.

The paper mainly concerns relational datasets that contain categorical and numerical
data. However, it does not detail how generalizable GRIMP is to other database
structures or formats. This limitation of GRIMP raises issues on its generalization
power to data from other sources: does this property indicate whether the algorithm
will work well in datasets out of their friend-list environment?

In response to the limitations of GRIMP, we introduced a more advanced and
novel data imputation technique based on sentence transformers.
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Fig. 2.4: Overview of SENTentence transformer-based data Imputation (SENT-I).

2.2 Proposed Technique for Data Imputation

To fulfill the limitations of GRIMP and to accurately fill in missing values, we intro-
duce a novel approach that combines any well-known vector database with multiple
sentence transformer models (Section 1.5), particularly aimed at enhancing accuracy
for high textual datasets. Before that, we introduce the semantic-aware data imputa-
tion problem, discussed next.

Semantic-aware Data Imputation.

Here, we are defining the semantic similarity, that is a specialization of Definition 1.9
measuring of how similar two pieces of information are in meaning, regardless of
their syntactic structure.

Definition 2.1 (Semantic similarity). Given a sentence transformer ST, a relation
r = {t1, ..., tn} defined over R(A1, ..., Am) and a relation r↓ = {t↓1, ..., t

↓
n
} ob-

tained from r by replacing some attribute values ti[Aj ] with a value in dom(Aj), the
semantic similarity between r and r↓ is defined as follows:

sim(r, r↓) =
1

n

n∑

i=1

hi · h
↓
i

||hi|| · ||h
↓
i
||

where hi (resp., h
↓
i
) denotes the embedding of tuple ti (resp., t↓

i
) produced by ST.

Thus, the semantic similarity between r and r↓ is computed as the average of the
cosine similarities of their tuples. Intuitively, it captures the (average of the) cosine
of the angle between the vectors hi and h

↓
i

(with i ↑ [1, n]).
We consider the semantic-aware data imputation problem, that is an instance of

Definition 1.11 where function ς is replaced with the semantic similarity function
sim introduced in Definition 2.1. In the following example, we compare the classical
data imputation problem, where ς(t, t↑) = 1 iff t[i] = t↑[i] for any i ↑ [1,m], with
our proposed semantic-aware version.

Example 2.2. Consider the following incomplete relation:
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Name Surname BirthDate
t1 → Deere Second Jan
t2 Alex → 2nd Jan
t3 Brad Carter 4th March

and assume we want to impute the missing name in t1. Note that the exact similarity
between t1 and either t2 or t3 is 0 (as ‘Second Jan’ differs from both ‘2nd Jan’ and 4th
March). Thus, classical data imputation approaches could wrongly impute ‘Brad’, as
either t2 or t3 can be selected. Differently, the semantic-aware data imputation is able
to recognize that t2 is ‘closer’ to t1. In fact, using any ST, it holds that the semantic
similarity between t1 and t2 is higher than that between t1 and t3.1 !

Hereinafter, the semantic-aware data imputation will be simply called data impu-
tation. Next, we discuss our proposed data imputation approach, which enhances data
imputation accuracy for high-dimensional datasets by combining vector databases
with pre-trained sentence transformers.

Our proposed technique for data imputation starts by embedding the input in-
complete dataset and storing it into a vector DB. As it will be clearer in what fol-
lows, the vector DB plays a key role in handling high-dimensional textual data as
it represents an efficient and accurate setup for finding similar entries in large and
high-dimensional databases. By employing a range of transformer models from Hug-
gingface2 (i.e., all-MiniLM-L6-v2, all-mpnet-base-v2, and LaBSE),
we capture different aspects of meaning and context, allowing us to handle even
the most complex and nuanced data [39]. After creating the embeddings for the in-
put dataset, we organize and store these embeddings in a vector database, so that fast
similarity searches to identify records that closely match those with missing values
are conducted. When we need to fill in missing information, the system retrieves
the most similar entries from the vector DB and uses their data as a reference. This
allows us to fill in the nulls with values from entries that are contextually relevant,
drawing on the relationships embedded in the text.

The architecture of our proposed model is depicted in Figure 2.4.

SENTence transformer-based Imputation (SENT-I)

We now present SENTence transformer-based Imputation (SENT-I) (cf. Algorithm 1),
an algorithm specifically designed to solve the imputation problem. The architecture
of SENT-I is shown in Figure 2.5. In particular, SENT-I fills the missing values in
an incomplete relation rk using a pre-trained sentence transformer ST. Algorithm 1
starts by creating a vector DB to facilitate similarity-based retrieval (line 1). For each
(possibly incomplete) tuple t in r, its embedding ST(t) is computed using the sen-
tence transformer ST, resulting in the desired vector DB that is a set of embeddings
V ST
r

= {ST(t) | t ↑ r}. These embeddings can be managed using any of the li-
braries designed for efficient similarity search and clustering in high-dimensional
1 For instance, considering the LaBSE sentence-transformer, sim(t1, t2) = 0.536, while

sim(t1, t3) = 0.377.
2 https://huggingface.co/
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Algorithm 1 SENT-I(r, ST)
Input: An incomplete relation r defined over schema R(A1, ..., Am); a pre-trained sentence

transformer ST.
Output: A complete relation r→ obtained from r by replacing nulls with constants.

// Step 1: Creating the Vector DB
1: Compute vector DB V ST

r = {ST(t) | t ↗ r};
2: Compute distances among all pairs of embeddings in V ST

r ;
// Step 2: Imputing the Missing Values

3: for t ↗ r s.t. → ↗ t do

4: Let ↓t1, ..., tn↔ be the list of tuples in r ordered w.r.t. the distance of ST(ti) from
ST(t) (for i ↗ [1, n]);

5: for j ↗ [1,m] do

6: if t[j] = → then

7: for i ↗ [1, n] do

8: if ti[j] ↘= → then

9: t[j] = ti[j];
10: break;
11: return r→ = r

spaces. This step is critical as it transforms the data into a format where seman-
tic relationships among tuples are preserved and can be effectively compared. The
resulting vector database V ST

r
forms the foundation for identifying similar tuples,

which will be used to impute the missing values in the upcoming second step. Then,
the algorithm computes for each pair of distinct embeddings in the vector DB their
distance (line 2).

After the two preliminary steps, the algorithm proceed to replace nulls with con-
stants. The underlying idea of the next steps is that missing values in the incomplete
relation are filled with the most similar values based on the semantic similarity of
tuples. Thus, for each incomplete tuple t ↑ r (line 3), the sequence ⇑t1, ..., tn⇓ of
tuples in r, ordered w.r.t. the distance of ST(ti) from ST(t) (for i ↑ [1, n]), s.t. the
higher the similarity, the closer the distance, is computed (line 4). We recall that we
use the cosine as the reference similarity function between embeddings. Then, for
each missing value of tuple t in position j (lines 5-10), Algorithm 1 iterates over the
list ⇑t1, ..., tn⇓, and whenever the i-th closest tuple (retrieved from the i-th closest
embedding ST(ti)) contains a constant value in position j (line 8), it replaces the
null in t[j] with the non-null value in ti[j] (line 9). The algorithm ends in line 11
returning r↓ that is the complete updated relation r. It is worth noting that, it is not
necessary to order at each step the complete set of tuples (line 4), but it is sufficient
to consider only the tuples corresponding to the closest embeddings to ST(t) which
have no nulls in correspondence of the positions containing nulls in t.

Example 2.3. Consider as input the incomplete relation rk shown in Figure 1 (top)
containing six tuples tk1 , . . . , tk6 , and a given pre-trained sentence-transformer ST.

Algorithm 1 creates the vector DB V ST
r

= {ST(tk) | tk ↑ rk} in line 1, where
e.g. ST(tk1) : [′0.06, ′0.003, . . . ]. Then, at line 3, the first tuple of rk containing
a missing value is tk1 = [→, ‘Deere’, ‘Second Jan’, ‘Un. State, ‘15K’, ‘100’], as
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Name Surname BirthDate State Salary A.code
⊥ Deere Second Jan Un. State 15k 100

Allisa Jia 10th Jan America ⊥ 400
David ⊥ 12th Feb France 10000 300
John Iser ⊥ Austria 9000 500

David Rao February 12th France 10k 300
Alex Deere 2nd Jan ⊥ 15K ⊥

Incomplete Relation rk
  with k = 6/36

t1k

t3k

t6k

t2k

t4k
t5k

``  Deere Second Jan Un. State 15k 100''
``Allisa Jia 10th Jan America   400''

`` David   12th Feb France 10000 300''
``John Iser   Austria 9000 500''

`` David Rao February 12th France 10k 300''
Alex Deere   2nd Jan   15k ''

[-0.24 -0.006   ...]
[-0.06 -0.003   ...]
[-0.08 -0.041   ...]
[ 0.01  -0.028  ...]
[-0.01 -0.006   ...]
[-0.09 -0.026   ...]

   Sentence
Transformer

STEP 1

Sentence generation Vector database VrST

⊥ Deere Second Jan Un. State 15k 100

STEP 2

[-0.024 -0.006  ...]

Retrieved embedding 

[-0.29   -0.026  ...]
[-0.06  -0.003   ...]
[-0.13  -0.028   ...]

Alex Deere 2nd Jan Un. State 15k 100

Allisa Jia 10th Jan America ⊥ 400

John Iser ⊥ Austria 9000 500

Decoder

Query

ordered VrST wrt t

Top 3 similar tuples

Imputation

Name Surname BirthDate State Salary A.code
Alex Deere Second Jan Un. State 15k 100
Allisa Jia 10th Jan America 15k 400
David Rao 12th Feb France 10000 300
John Iser 10th Jan Austria 9000 500

David Rao February 12th France 10k 300
Alex Deere 2nd Jan Un. State 15K 100

t1*

t3*

t6*

t2*

t4*
t5*

Output

Input

Imputed Relation r*

t

Fig. 2.5: Overview of Step 1 (top, blue dashed box) and Step 2 (bottom, magenta
dashed box) of SENT-I (Algorithm 1).
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Dataset Acronym #Rows #Columns #Categ #Num #Distinct # Fun. dep.

IMDB IM 4529 11 9 2 9829 0
TAX TX 5000 12 5 7 910 6
Australian AU 690 15 9 6 957 0
Mammogram MA 830 6 5 1 93 0
Flare FL 1066 13 10 3 34 0
Credit CR 653 16 10 6 918 0
Contraceptive CO 1473 10 8 2 65 0
Adult AD 3016 14 9 5 289 2
Fodorszagats FD 864 6 2 4 435 2
Thoracic TH 470 15 14 3 355 0

Table 2.1: Statistics for all datasets used in the experimental analysis. For each
dataset we report the number of rows, columns, and that of categorical and numer-
ical columns, respectively. Moreover, we report the number of unique values in the
dataset (Distinct), and the number of functional dependencies.

tk1 [1] = →. The list of tuples ⇑tk1 , t
k
6 , t

k
3 , t

k
2 , t

k
5 , t

k
4⇓ in rk ordered w.r.t. the distance

of ST(tk
i
) from ST(tk1) (for i ↑ [2, 6]); is computed at line 4. Then, Algorithm 1

replaces tk1 [1] = → with tk6 [1] at line 9. This process is repeated for each incomplete
tuple of rk. Finally, the complete relation r↓, shown in Figure 1 (bottom), is obtained
from rk by replacing nulls with constants and returned at line 11. !

Proposition 2.4. Assuming that the input relation r does not have any column with
only nulls, Algorithm 1 produces a complete relation in time bounded by O(n2

↔

(d+m)), where n = |r|, m = ar(r) and d is the size of embeddings.

As usual, we have that d ̸ m, and we can say that the complexity of Algorithm
1 is O(n2

↔ d).
In the next section, a thorough experimental analysis conducted on 10 real-world

mixed datasets (i.e., containing both categorical and numerical values) showed that
our technique outperforms GRIMP up to 40% in imputation accuracy.

2.3 Experimental Analysis and Results

We conduct a thorough experimental analysis on real-world datasets, and show that
our technique outperforms the current state-of-the-art approach by up to 40% in im-
putation accuracy. We start discussing the dataset used in the evaluation analysis and
then present the methodology adopted.

Datasets.

To evaluate the effectiveness of Algorithm 1, and ensure proper and fair comparison
with the current state-of-the-art approach, namely GRIMP, we resorted to the same
benchmark datasets used in [16]. It includes 10 diverse datasets, each containing a
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single relation, with the number of rows ranging between 470 and 5000, and a num-
ber of attributes ranging between 6 and 16; attributes refer to different data types,
encompassing both categorical and numerical attributes, whose number ranges in
[2, 10] and in [1, 6], respectively. Finally, the number of distinct values ranges from
34 (in Flare DB) to 9829 (in IMDB dataset), while the number of functional depen-
dencies does not exceed 6. All these statistics are resumed in Table 2.1.

Methodology.

We corrupt each relation r ↑ {AD, AU, CO, CR, FD, FL, IM, MA, TH, TX} by
injecting four different percentages k% with k ↑ {5, 10, 20, 40} of nulls in each col-
umn, obtaining four different incomplete datasets rk. The injected nulls have the type
of Missing Completely At Random (MCAR) [120], because we are not considering
any specific pattern in injecting nulls. Then, we repeated the process 30 times ob-
taining, for each complete relation r a number of 4 ↔ 30 = 120 distinct incomplete
datasets r51, r

10
1 , r201 , r401 , . . . r530, r

10
30, r

20
30, r

40
30 . To ensure diversity and significance

in the results, a different seed for the randomness is used in each of the 30 runs.
For each of the 120 runs, we computed the (imputation) accuracy between rk

i
and

r by means of Definition 2.1. Although we have used several sentence-transformers
(e.g., LaBSE, all-MiniLM-L6-v2, all-mpnet-base-v2, that are pub-
licly available at (https://huggingface.co), we show only the results for LaBSE that
showed the best performance.

• all-MiniLM-L6-v2: This lightweight model is based on the architecture of
MiniLM (Miniature Language Model). This model has 6 transformer layers and
maps sentences and paragraphs to a 384-dimensional dense vector space and
has approximately 22 million parameters, making it lightweight and efficient for
deployment in resource-constrained environments. This transformer model is op-
timized for tasks requiring semantic understanding, such as semantic similarity,
semantic search, clustering, and classification. The model is trained on various
datasets containing more than one billion sentence pairs. It effectively ensures
the efficiency of embeddings without compromising their quality [57, 153].

• LaBSE: The full form of LaBSE is Language-agnostic BERT Sentence Em-
bedding, this model is specially optimized for generating high-quality sentence
embeddings across a variety of languages [39]. It was developed by researchers at
Google AI to incorporate the need for robust multi-lingual semantic understand-
ing, enabling various natural language processing (NLP) tasks across multiple
languages. This model ensures strong cross-lingual skills, which is important for
tasks where datasets are available in multiple languages. This language model
supports more than 109 languages, providing embeddings that are language-
neutral, which means that sentences with similar meanings in multiple languages
will have embeddings that are similar to each other in the high dimensional vec-
tor space. LaBSE is a large model based on the BERT architecture, with approxi-
mately 470 million parameters. LaBSE architecture consists of 12 hidden layers,
768 hidden units per layer, and 12 attention heads per layer.

https://huggingface.co
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Model Architecture
Languages

Supported
Dimensionality Use Case Performance Key Features

all-MiniLM-L6-v2
Transformer
(MiniLM)

Primarily
English

(effective on
multilingual)

384

Embeddings
for

semantic
similarity

Moderate

Lightweight
and optimized
for efficiency

with smaller size.

LaBSE
Transformer

(BERT-based) 109+ languages 768

Multilingual
sentence

embedding,
translation, and

cross-lingual
retrieval

High
(cross-lingual

tasks)

Designed for
bi-directional

translation
tasks and

cross-lingual
similarity.

all-mpnet-base-v2
Transformer

(MPNet-based)

Primarily
English

(effective on
multilingual)

768

Semantic
search,

clustering,
and

classification

High
(on English)

Provides
high-quality
embeddings
for semantic
similarity.

Table 2.2: Key features and performance comparison of Hugging Face models:
all-MiniLM-L6-v2,LaBSE, and all-mpnet-base-v2.

• all-mpnet-base-v2: This is a high-dimensional sentence transformer used
to convert a sentence to a high-dimensional space. The model is built on the
framework of MPNet (Masked and Permuted Pre-training) and leverages both
masked language and permuted language modeling techniques [39]. It is opti-
mized for the generation of sentence embeddings that are effective in tasks like
semantic search, text similarity, and clustering. The architecture of this model
consists of 12 transformer encoder layers, 768 hidden units per layer, and 12 at-
tention heads per layer, making it a powerful model. The model is trained on
various datasets including Stanford Natural Language Inference (SNLI), Multi-
Genre NLI (MNLI), Quora Question Pairs, and Paraphrase Adversaries from
Word Scrambling (PAWS) [159].

Key features and performance comparisons of the three above discussed models
have been summarized in Table 2.2. The aim of testing different sentence transformer
models is to ensure that the imputed values reflect diverse linguistic and contextual
nuances. As vector DB we used FAISS [34], a specialized library designed for Ap-
proximate Nearest Neighbor Search (ANNS) (see Section 1.5 for background on
FAISS).

For each incomplete relation rk
j

, we compute rj,kGRIMP and rj,kSENTI, respectively
denoting the imputed dataset by calling GRIMP and Algorithm 1 over rk

j
. Then, for

each of the two (complete) datasets r↓ ↑ {rj,kGRIMP, r
j,k

SENTI}, the overall imputation
accuracy w.r.t. the ground truth r has been computed based on the average of the
cosine similarity between pairs of embeddings. More in detail, for each row index
i ↑ [1, n = |r|], we compute the cosine similarity between embeddings ST(ti) and
ST(t↓

i
), where ti (resp., t↓

i
) is the i-th tuple of r (resp., r↓). Formally:

acc(r, r↓) =
1

n
·

n∑

i=1

sim(ST(ti),ST(t↓
i
)) (2.1)
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Fig. 2.6: Average accuracy of GRIMP (left) and SENT-I (right) across bench-
mark datasets (cf. Table 2.1) with varying percentages of nulls k% with k ↑

{5, 10, 20, 40}.

Thus, the higher the value of acc(r, r↓) the closer r and r↓ from a semantic point
of view.

As an example, consider the following.

Example 2.5. Consider the following strings:

• S1 : “Deere Second Jan Un. State 15k 100”;
• S2 : “Allisa Jia 10th Jan America 400”; and
• S6 : “Alex Deere 2nd Jan 15k”;

respectively obtained from tuples t1, t2 and t6 of relation r shown in Figure 2.5 (top).
The embeddings of S1, S2, and S6 w.r.t. the sentence transformer ST are as

follows:

• ST(t1) = [′0.136, ′0.003, . . . ];
• ST(t2) = [′0.094, ′0.015, . . . ]; and
• ST(t6) = [′0.077, ′0.093, . . . ].

The (cosine) similarity between the embeddings ST(t1),ST(t2) and ST(t6) is
as follows:

• sim(ST(t1),ST(t2)) = 0.82,
• sim(ST(t1),ST(t6)) = 0.88,
• sim(ST(t2),ST(t6)) = 0.85.

This states that t1 and t6 are semantically similar, tough syntactically different. !

It is worth noting that the accuracy w.r.t. the semantic similarity can not be com-
puted by using the exact accuracy, as evidenced in the next example.
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Example 2.6. Consider tuples t1 and t6 from the previous example, and assume now
that the BirthDate of t6 is replaced with ‘2nd January’. Then, according to the exact
accuracy we have that the similarity between t1 and t6 is 0, while according to the
above-proposed semantic similarity measure, it holds that sim(ST(t1),ST(t6)) =

91 (with ST is LabSE). !

Results.

Figure 2.6 reports the imputation accuracy for each considered dataset in the bench-
mark (denoted with different colors in the figure) for either GRIMP (left) and SENT-
I (right). In particular, we report imputation accuracy averaged over 30 runs for each
dataset and percentage of nulls under the LaBSEmodel, which was the one achieving
the best performance. It is worth noting that, although the accuracy under the other
two models is lower than that obtained under LaBSE, it does not decrease by more
than 10%. This suggests that SENT-I outperforms GRIMP regardless of the specific
sentence transformer model used. From the results, it is clear that for datasets such as
IM, MA, AD, FD and TH, GRIMP maintains high accuracy (i.e., more than 65%),
demonstrating its effectiveness on certain datasets. However, in the other datasets
(i.e., TX, AU CR, FL and CO), GRIMP’s accuracy is on average 57%. As the miss-
ing values grow, its accuracy drops noticeably, highlighting its challenges in dealing
with higher levels of missingness. GRIMP does not perform very well with high
percentages of nulls. In fact, for k = 40, its accuracy is on average 62%.

Compared to GRIMP, SENT-I shows better imputation accuracy across all
datasets and nulls percentages. That is, SENT-I’s accuracy remains high (i.e., more
than 80%) for all the benchmark datasets and null percentages (i.e., 5%, 10%, 20%,
and 40%). In particular, whenever the percentage of nulls is lower than 10%, SENT-
I is able to impute values with an accuracy greater than 90%, independently of the
dataset. We observe that SENT-I is insensitive to the nature of the data (i.e., cate-
gorical or numerical), and the performance improvement is primarily attributed to
the use of sentence transformers, that are able to represent data on the basis of their
semantics in the so-called latent space.

Thus, our results state that SENT-I should be the preferred method, even when
the datasets are highly textual and contain a high level of missing values.

2.4 Summary

We presented SENTence transformer-based Imputation (SENT-I), a novel approach
designed to overcome the limitations of existing methods like GRIMP by improving
the accuracy and reliability of imputing missing values, particularly in datasets with
substantial textual content. SENT-I combines the strengths of advanced sentence
transformer models with a vector-based search mechanism to efficiently handle in-
complete data. Our method embeds the dataset into a semantic space to identify and
leverage similar records for accurate imputation. Through evaluation of diverse real-
world datasets with varying levels of missing data, SENT-I consistently outperforms
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GRIMP, achieving over 40% improvement in accuracy on average. Its performance
advantage increases as missingness grows, highlighting its robustness and adaptabil-
ity. These results position SENT-I as a highly effective solution for imputation tasks,
capable of enhancing data quality in complex, text-rich applications.

For future work, we would like to focus on the fine-tuning of sentence trans-
formers on topic-specific datasets to improve embedding quality. We will also focus
on attention mechanisms, such as multi-head self-attention, alongside with some op-
timizations like summarization for long strings and serialization. We believe these
enhancements could dynamically refine the imputation process by better capturing
relevant contextual information and efficiently handling larger or more complex tex-
tual data.



3

Entity Resolution Using Transformers

Data integration tries to provide a single, unified, duplicate-free data representa-
tion. The benefits include better accessibility of information and improved decision-
making, as the overall quality of the information will be higher as well. One of the
main steps in the data integration pipeline is Entity Resolution (ER)–the process of
identifying and merging records from multiple data sources that belong to the same
entity [38, 104, 149, 78]. Nowadays researchers mainly approach ER tasks with Deep
Learning (DL) models [35, 77, 20, 62]. These DL models are trained for binary clas-
sification, where 0 represents a non-match, and 1 represents a matched pair. The
architecture of a DL model consists of two main parts, an encoder and a decoder.
The encoder parts generate a piece of information for matched pairs. In contrast, the
decoder classifies the results from the encoder as 1 or 0 (i.e., match or non-match).1
In this chapter, after discussing the state-of-the-art ER (SOTA) system Ditto [85], we
present a technique for the ER task in the presence of missing data that is orthogo-
nal w.r.t. the specific ER system used. Our approach first applies data imputation on
the datasets used for the ER task by making use of Algorithm 1, and second applies
any existing ER system over the previously obtained datasets. We have conducted an
experimental analysis on the well-known Magellan ER benchmark and showed that
our approach outperform Ditto.

3.1 Overview of the Ditto System for ER

The current state-of-the-art approach, Ditto [85], works in the same way as discussed
above. Ditto, a transformer-based architecture (BERT, SBERT, RoBERTa, and Dis-
tilBERT), can capture hidden information about the matched and non-matched pairs.
These transformers bring a revolution in the task of ER. The architecture of Ditto
for ER is given in Figure 3.1. Ditto is one of the first ER processes that leverage
pre-trained transformer-based language models to provide deeper language under-
standing for ER. The process of Ditto starts with the blocker–it is used to reduce the
1 Tough for a different purpose, the terminology encoder/decoder overlaps that of Trans-

former architecture
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Fig. 3.1: Overview of the Ditto System [85].

number of tuple comparisons, resulting in less computation time. The second step in
Ditto is serialization, Injecting domain-knowledge, and Summarization, these sub-
steps correspond to the training phase of the Ditto model. The following sections
briefly explore each step of Figure 3.1.

Blocker.

Without blocking, the process of comparing every tuple with all other tuples in a
database can be computationally expansive, especially for large databases [105, 82].
Ditto employs various blocking techniques depending on the database.

Serialization.

Serialization is the process used to convert data into a specific format suitable for a
ML (or DL) model to process, and then reconstruct it back to its original format. Ditto
uses a special type of serialization to encode the input data. That is, the serialization
of a tuple t = [t[A1], . . . , t[Aar(t)] is defined as follows:

serialize(t) = [COL] A1 [VAL] t[A1] . . . [COL] Aar(t) [VAL] t[Aar(t)]

where [COL] and [VAL] are special tokens used to represent the start and end of an
attribute, respectively.

Example 3.1. The serialization of tuple t5 = [‘David’, ‘Rao’, ‘February 12th’,
‘France’, ‘10000’, ‘300’] from relation r of Figure 1.4 is the following:

serialize(t5) = [COL] Name [VAL] David[COL] Surname [VAL] Rao
[COL] BirthDate [VAL] February 12th [COL] State [VAL] France
[COL] Salary [VAL] 10000[COL] Code [VAL] 300.

!

It is worth noting that, whenever t[Ai] = →, a blank space is used to represent →.
Moreover, the serialization of a pair (t, t↑) of tuples is defined as serialize(t, t↑) =
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serialize(t) serialize(t↑), that is the string obtained by concatenating the two serial-
izations.

Thus, the language models used in Ditto (i.e., BERT, SBERT, RoBERTa, or Dis-
tilBERT) convert serialize(t, t↑) into embeddings, rather than the pair (t, t↑). Serial-
ized data can enhance overall performance of ER task.

Domain-knowledge.

To enhance the overall performance of ER task, Ditto inject domain-knowledge into
the model, to improve the quality of the embeddings, domain-knowledge is used
by refining the serialized tuples. That is, special additional tokens are added to
serialize(t). Ditto implements two types of domain-knowledge, that are span typ-
ing and span normalization discussed next.

Span Typing.

Span types represent a form of domain knowledge that can be provided to Ditto.
Examples include product IDs, street numbers, and publishers. These span types
help Ditto reduce mismatches by ensuring that, for instance, a street number is not
mistakenly matched with a year or a product ID. Table 3.1 outlines the key span
types that human annotators typically consider when matching three types of entities
in our benchmark datasets. The span typing adds information about the attributes’
meaning (e.g., date, country, etc). After the types are recognized, the original text is
replaced by a new text where special tokens are inserted to reflect the spans types.

Example 3.2. The span typing of tuple t5 = [‘David’, ‘Rao’, ‘February 12th’,
‘France’, ‘10000’, ‘300’] after its serialization could be the following:

[COL] Name [VAL] David[COL] Surname [VAL] Rao
[COL] BirthDate [VAL] [/DATA] February [/DATA][/DATA]12th[/DATA]

[COL] State [VAL] [/COUNTRY]France[/COUNTRY]

[COL] Salary [VAL] [/Salary]10000[/Salary]
[COL] Code [VAL] [/Code]300[/code].

Intuitively, in comparing strings like the previous one, the model could exploit
the novel tokens representing the domain-knowledge. !

Span Normalization.

Span normalization is another type of domain knowledge that can be provided to
Ditto. Span normalization rewrites syntactically different but semantically equiva-
lent values into a uniform string (e.g. “New York” and “ N. York” are replaced with
“N.Y”). This ensures they share identical embeddings, making it easier for Ditto to
recognize them as matching spans. Ditto defines a set of rewriting rules to transform
spans. This process involves a function that first identifies the relevant spans and
then replaces them with their rewritten versions. Ditto includes predefined rules for
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Dataset Types of important spans

Publications, movies, music Persons (e.g., authors), year, publisher
Organizations, employers Last 4-digit of phone, street number
Products Product ID, brand, configurations (num.)

Table 3.1: Main span types for ER used in Ditto [85].

Operator Explanation

span del Removes a randomly selected span of tokens
span shuffle Alters the token order within a random span
attr del Deletes a randomly chosen attribute and its associated value
attr shuffle Changes the order of all attributes
entry swap switches the positions of two data entries

Table 3.2: Data augmentation operators used in Ditto [85].

handling numbers, such as rounding floating-point values to two decimal places and
removing commas from integers (e.g., “2,020” ↗ “2020”). For abbreviations, devel-
opers can provide a dictionary of synonym pairs to standardize equivalent spans.

For each dataset, the specific span type utilized in Ditto is shown in Table 3.1.

Summarization.

It is worth noting that, language models are not performing well in the presence
of long strings as they can not pay attention to important pieces of information,
leading to a decrease in the model’s performance. To overcome this limitation, Ditto
selects the most important words from the data by focusing on those that are more
meaningful for the ER task. Ditto ignore the tokens generated by span typing in this
process and use the list of stop words from scikit-learn library. In this way, Ditto
inject only the important tokens to the model.

Data augmentation.

Data augmentation, through one (or more) augmentation operator, is a common tech-
nique used to generate more training data from the original dataset. The data augmen-
tation operators used by Ditto are summarized in Table 3.2. Some of these operators
might suffer from the drawback of making the ER task harder. For example, the
operator attr del may delete a randomly chosen attribute and its associated value.
Whenever the ER process heavily depends on a specific attribute and this has been
deleted through a data augmentation, the ER system may fail to predict the match.
To avoid this situation, Ditto uses a technique called MixDA, that computing convex
interpolation between the original data and the augmented data [85]. We remand the
reader to the original paper for more details.

Matcher.

The last step in Ditto is the Matcher, that is devoted to predict the matched pairs
across the processed datasets, as also shown in Figure 1.2.
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Relation r

Name Surname BirthDate State Salary Code
t1 ↘ Deere Second Jan Un. State 15k 100
t2 Allisa Jia 10th Jan America ↘ 400
t3 David ↘ 12th Feb France 10000 300

Relation s

Name Surname BirthDate State Salary Code
John Iser ↘ Austria 9000 500 t4

David Rao February 12th France 10k 300 t5

Alex Deere 2nd Jan ↘ 15k ↘ t6

DIS
Relation r

→

Name Surname BirthDate State Salary Code
t
→
1 Alex Deere Second Jan Un. State 15k 100
t
→
2 Allisa Jia 10th Jan America 15k 400
t
→
3 David Rao 12th Feb France 10000 300

Matched pairs

Relation s
→

Name Surname BirthDate State Salary Code
John Iser 10th Jan Austria 9000 500 t

→
4

David Rao February 12th France 10k 300 t
→
5

Alex Deere 2nd Jan Un. State 15k 100 t
→
6

Fig. 3.2: Overview of our ER technique. DIS (resp., ERS) system is any system able
to perform the Data Imputation (resp., ER) task.

3.2 Proposed Technique for Entity Resolution

Although Ditto leverages language models, it does not fully exploit their potential
when applied to incomplete databases. As demonstrated in the original work, its per-
formance significantly degrades when dealing with inconsistent databases (referred
to as dirty databases). These dirty databases are generated from the clean version
by randomly emptying certain attribute values and filling them with other randomly
selected values. Moreover, the percentages of missingness (i.e., the proportion of
nulls in the dataset) are not explicitly reported, and no study has been conducted to
evaluate the system’s efficiency as the degree of incompleteness varies.

To address this limitation, we pose the following research question:

Before performing entity resolution on incomplete databases, is it beneficial to first
conduct an imputation phase?

To answer the above question, we propose a novel ER technique (summarized
in Figure 3.2) that consists of an initial imputation phase followed by a standard ER
phase. Particularly, in the first step, the incomplete databases from which we aim to
identify matched pairs are imputed by calling any existing DI system.2 In the second
step, any ER system is called over the previously obtained (complete) databases to
return the set of matched pairs.

Example 3.3. Consider tuples t1 and t6 respectively belonging to relations r and s
shown in Figure 3.2 (left). As t1 and t6 shares only 2 (over 6) attribute values, an ER
system could fail in classify them as matched pairs.

Consider now the case where a data imputation process has been applied to both
relations r and s, obtaining respectively the complete relations r↓ and s↓, also shown
in Figure 3.2 (right). As t↓1 and t↓6 now shares 5 (over 6) attribute values, any ER
system is more likely to classify them as matched pairs than before the imputation. !
2 Although the ER problem has been initially defined for a single database (cf. Defini-

tion 1.13), it can be generalized to multiple databases sharing both the schema and the
topic (e.g., Restaurants, Electronic, Music, etc.).
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Algorithm 2 SolvER(r, s, DIS, ERS)
Input: A pair (r, s) of incomplete relations over the same schema,

a Data Imputation system DIS,
an Entity Resolution system ERS.

Output: A set M ↑ r ≃ s of matched pairs;
// STEP 1: Performing the imputation

1: Let u = r ⇐ s;
2: Compute u→ = DIS(u);

// STEP 2: Performing the resolution
3: (r→, s→) = SPLIT(u→, r, s); // r→ and s→ denotes the complete relations obtained from r

and s, respectively;
4: return ERS(r→, s→)

Naturally, the more accurate the imputation, the higher the accuracy of the ER.
It is worth noting that our technique is orthogonal to the specific ER and DI systems
adopted in the two steps. Moreover, it is specifically designed to solve ER task in the
presence of missing values—it would coincide with the ER system adopted whenever
the input datasets contain no missing value.

In the following sections, we first describe an algorithm implementing the pro-
posed technique that focuses on specific DI and ER solvers (cf. Algorithm 2), and
then experimentally evaluate it to find a response to the above research question.
The evaluation assesses the impact of varying the percentage of incompleteness on
the overall ER accuracy. We demonstrate that Algorithm 2 outperforms SOTA ER
system Ditto whenever Algorithm 1 is selected as DI system.

Sentence transformer-based solver for Entity Resolution (SolvER)

We now present Sentence transformer-based solver for Entity Resolution (SolvER)
(cf. Algorithm 2), that is an algorithm specifically designed to solve ER task in terms
of data imputation. Algorithm 2 takes as input (i) a pair r and s of incomplete re-
lations, (ii) a Data Imputation system DIS, (iii) an Entity Resolution system ERS,
and gives as output a set M ↓ r ↔ s of matched pairs.

Algorithm 2 starts combining the two relations by taking their union u = r ≃ s
(line 1), so that each of them could be imputed by looking at u (ensuring that the
imputation process leverages more information on the same domain-knowledge).
Intuitively, as r and s may contain overlapping or duplicate tuples, combining them
may allow Algorithm 2 to impute missing data in r not only based on the information
within r itself but also considering information from s, and vice versa. Then, (at
line 2) a complete relation u↓

= DIS(u) obtained from u is computed by calling any
Data Imputation system (e.g. Algorithm 1 introduced in the previous chapter).

After the imputation process has been completed, the (imputed) relation u↓ is
split back in two complete relations r↓ and s↓ corresponding to the original incom-
plete relations r and s, respectively (line 3). The complete relations r↓ and s↓ are
then passed into any ER systems ERS. The result of applying ERS to the complete
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relations r↓ and s↓ is a set of matched and non-matched pairs between them, that is
returned at line 4 by Algorithm 2.

Example 3.4. Consider the relations r and s shown in Figure 3.2 (left). Algorithm 2
performs an imputation phase by calling a Data Imputation solver DIS on u = r ≃ s
(line 2). The result u↓, though function SPLIT(u↓, r, s) called at line 3, is split in
two complete relations r↓ and s↓ (see Figure 3.2 (right)). Finally, Algorithm 2 calls
(at line 4) an ER system ERS on r↓ and s↓ to find the matched pairs, that are denoted
with green checkmarks in Figure 3.2. !

Example 3.5. Consider t1, t3, t5, and t6 from Figure 3.2, the cosine similarity be-
tween t1 and t6 (w.r.t. ST = LaBSE) before imputation is 0.88, while after the
imputation the similarity becomes 1, whereas the similarity between t3 and t5 is
0.85, and after imputation it similarity enhance to 0.97. This suggests that effective
imputation let the ER process more accurate. !

In the next section we present a thorough experimental analysis conducted on
three real-world datasets, and show that SolvER (i.e., Algorithm 2) outperforms
Ditto.

3.3 Experimental Analysis and Results

In this section, we present a thorough experimental analysis, aimed to show the effec-
tiveness of our approach. After providing a comprehensive description of the datasets
used, we give details of the methodology used for analyzing the effectiveness of our
approach, and finally discuss the obtained results.

Datasets.

We conducted experiments using dataset provided by the Magellan library, that is the
main benchmark for the evaluation of ER systems.3 Each dataset consists of candi-
date pairs (of tuples) from two relational tables r and s of entity records defined over
the same schema. We have considered datasets whose relations have arity greater
than 3 and a reasonable number of candidate pairs (i.e., greater than 10K). As shown
in Table 3.3, the percentage of matched pairs varies from 9.4% (in Walmart-Amazon)
to 18.63% (in DBLP-Scholar), whereas the number of candidate pairs ranges from
10.2K (in Walmart-Amazon) to 28.7K (in DBLP-Scholar). To start with complete
datasets, an initial data cleaning step has been applied to remove candidate pairs
containing nulls.

3 http://github.com/anhaidgroup/deepmatcher/

http://github.com/anhaidgroup/deepmatcher/
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Relations r-s #Tuples #Attributes % matched pairs Topic

DBLP-ACM 12363 4 17.96 Bibliographic
DBLP-GoogleScholar 28707 4 18.63 Bibliographic
Walmart-Amazon 10242 5 9.39 Electronics

Table 3.3: Statistics of paired datasets used in the experimental analysis. We report,
for each pair r ′ s of relations, the total number of rows (i.e., |r|+ |s|), the number
of attributes (recall they coincides in r and s), and the percentage of matched pairs.

Methodology.

Each pair r-s of relations has been corrupted by injecting k% of nulls in every
column of each of the two relations, with k ↑ {10, 20, 30, 40}. The process is re-
peated 30 times (using distinct seeds) to guarantee diversity and meaningful results.
Then, we compared the F1-scores obtained by invoking Ditto and SolvER (i.e., Al-
gorithm 2) on rk-sk, respectively. Regarding the specific data imputation system, we
choose SENT-I (with parameter ST = LaBSE) based on the strong performance
demonstrated in Section 2.3, whereas for the ER system, we opted for the state-of-
the-art approach Ditto [103].

Results.

Table 3.4 presents the average F1-scores for each combinations of dataset and miss-
ing percentages, comparing the performance of Ditto (columns 2-6) and SolvER
(columns 7-10). Blue-colored values in the last columns represent the (average) per-
centage of improvement obtained by SolvER w.r.t. Ditto. From these values, we
can say that our proposed SolvER approach consistently outperforms Ditto in all
the combinations, with an overall percentage of improvement of 1.5% (resp., 1.7%,
2.7%, and 4.2%) with k = 10 (resp., 20, 30, and 40). Thus, the higher the per-
centage of nulls the higher the improvement. It is worth noting that, although the
improvement could appear not very large in absolute terms, it is consistent with typi-
cal enhancement observed in the ER field. For example, Ditto itself demonstrated an
average improvement of 4.8% over DeepMatcher [99, 85].

We also observe that the imputation accuracy achieved by SENT-I consistently
remains above 80% as shown in Table 3.5 (Definition 2.1).

Regarding the efficiency, we point out that the imputation phase in SolvER takes
on average the 43% of the total time required to solve the whole ER task. Although
this could seem a big overhead, we should stress that in the entity resolution problem,
the main focus is on effectiveness rather than on efficiency.

Thus, our findings emphasize the pivotal role of DI in enhancing ER performance
on highly-textual datasets.
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Dataset r - s Ditto SolvER
0% 10% 20% 30% 40% 10% 20% 30% 40%

DBLP-ACM 97.2 90.6 83.4 73.9 63.4 91.6 (+1.10%) 85.2 (+2.11%) 76.0 (+2.88%) 65.7 (+3.69%)
DBLP-Scholar 97.8 88.1 79.6 69.9 59.1 89.1 (+1.16%) 81.0 (+1.64%) 71.6 (+2.44%) 60.2 (+1.83%)
Walmart-Amazon 58.7 53.7 49.0 43.9 37.1 55.0 (+2.30%) 49.7 (+1.44%) 45.2 (+2.83%) 39.8 (+7.18%)

Table 3.4: Average F1-scores of Ditto and SolvER across pairs of relations r-s with
varying percentages of nulls in 10%, 20%, 30%, and 40%. We also report the result
for 0%, where SolvER coincides to Ditto. Blue-colored values represent the (aver-
age) percentage of improvement obtained by SolvER.

Dataset Percentages of nulls (k)
10% 20% 30% 40%

DBLP-ACM 80.0 80.6 80.4 80.0
DBLP-Scholar 84.1 83.4 83.5 83.0
Walmart-Amazon 84.6 82.6 81.0 80.0

Table 3.5: Imputation accuracy achieved by SENT-I with varying percentages of
nulls in 10%, 20%, 30%, and 40% (Definition 2.1).

3.4 Summary

We developed SolvER (Algorithm 2), a novel technique designed to tackle the chal-
lenge of ER in datasets with missing values. Instead of allowing incomplete data
to hinder the process, SolvER takes a two-step approach: First, SolvER imputes
the missing values using SENT-I (Alogrithm 1), that predict and restore the miss-
ing information, staying as close as possible to the original data. This step ensures
the dataset is more complete and ready for further processing. Once the imputation
process completed, SolvER applies any existing ER method to identify and match
duplicate entities. By separating the imputation and ER phases, SolvER offers a
flexible design that works with a wide range of ER approaches. Without relying on
any optimization techniques, SolvER achieves impressive results, outperforming the
state-of-the-art approach, Ditto. This demonstrates the strength of SolvER in effec-
tively handling missing values and performing accurate entity resolution, making
SolvER a powerful and reliable solution for real-world datasets where incomplete
information is a common challenge.

Thus, we believe SolvER could benefit from the adoption of some optimiza-
tion methods like implementing serialization, summarization, and fine-tuning in the
construction of the vector database, thus improving the performance of both the im-
putation and ER processes.
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Data Imputation in Data Querying and Exchange

Incomplete data is common in querying and data exchange. However, the existence
of such incompleteness, in most cases, lead to false query outcomes. In schema map-
ping, most target schemas are usually constructed with missing information; how-
ever, without appropriate measures, such absence usually affects the overall perfor-
mance of the exchanged information. Techniques like missing data imputation effec-
tively address this problem as it ascertains a favorable level of data integrity; thus,
data queries are more precise, and the exchanged information is also more reliable. If
the issue of missing information is not effectively addressed, the entire data exchange
process and the analysis of its results via queries would be compromised profoundly.
Our work emphasizes the importance of managing data to maintain accurate and
reliable results in both data exchange and query processes.

4.1 The Data Exchange Problem

Data exchange is the problem of transferring data from a source schema to a target
schema, where the transfer process is usually described via so-called schema map-
pings, specifying how the data should be moved and restructured. Furthermore, the
target schema may have its own constraints to be satisfied. Schema mappings and tar-
get constraints are usually encoded via standard database dependencies. Thus, given
a database instance I (or simply instance) over the source (database) schema S, the
goal is to materialize an instance J over the target schema T, called solution, in such
a way that I and J together satisfy the dependencies.

By now, the certain answers semantics is the most accepted one for answering
queries. The certain answers to a query is the set of all tuples that are answers to
the query in every solution of the data exchange setting [37]. Although it has been
formally shown that for positive queries (e.g., conjunctive queries) the notion of so-
lution of [37] is the right one to use, for more general queries such solutions become
inappropriate, as they easily lead to counterintuitive results. Before describing the
problem, we introduce some notation.
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I J

Target Schema 
(T) 

Source Schema
(S) 

Fig. 4.1: An overview of the Data Exchange problem [43].

Dependencies.

Other than constants, attributes and relation names, we assume the presence of an-
other pairwise disjoint countably infinite set Var of variables. A term is a constant,
a variable, or a null. For a set of atoms S, dom(S) is the set of all terms in S,
whereas var(S) is the set dom(S) ∞ Var . A homomorphism from a set of atoms
S to a set of atoms S↑ is a function h : dom(S) ↗ dom(S↑

) that is the iden-
tity on Consts, and such that for each atom R(t) = R(term1, . . . , termn) ↑ S,
R(h(t)) = R(h(term1), . . . , h(termn)) ↑ S↑.

A tuple-generating dependency (TGD) ⇁ (over a schema S) is a first-order for-
mula of the form ↘x,yϕ(x,y) ↗ ∃zψ(y, z), where x,y, z are disjoint tuples of
variables, and ϕ and ψ are conjunctions of atoms (over S) without nulls, and over the
variables in x,y and y, z respectively. The body of ⇁, denoted body(⇁), is ϕ(x,y),
whereas the head of ⇁, denoted head(⇁), is ψ(y, z). We use exvar(⇁) to denote the
tuple z and fr(⇁) to denote the tuple y, also called the frontier of ⇁.

An equality-generating dependency (EGD) ▷ (over a schema S) is a first-order
formula of the form ↘xϕ(x) ↗ x = y, where x is a tuple of variables, ϕ a con-
junction of atoms (over S) without nulls, and over x, and x, y ↑ x. The body of ▷,
denoted body(▷), is ϕ(x), and the head of ▷, denoted head(▷), is the equality x = y.
For clarity, we will omit the universal quantifiers in front of dependencies and replace
the conjunction symbol ⇔ with a comma. Moreover, with a slight abuse of notation,
we sometimes treat a conjunction of atoms as the set of its atoms. We say that an
instance I:

• satisfies a TGD ⇁ if for every homomorphism h from body(⇁) to I , there is an
extension h↑ of h such that h↑ is a homomorphism from head(⇁) to I;

• satisfies an EGD ▷ = ϕ(x) ↗ x = y, if for every homomorphism h from
body(▷) to I , h(x) = h(y);

• satisfies a set of TGDs and EGDs ◁ if I satisfies every TGD and EGD in ◁.



4.1 The Data Exchange Problem 65

Queries.

A query Q(x), with free variables x, is a first-order (FO) formula ϕ(x) with free
variables x. The arity of Q(x), denoted ar(Q), is the number |x|. The output of
Q(x) over an instance I , denoted Q(I), is the set {t ↑ dom(I)|x| | I |= ϕ(t)}, where
|= is FO entailment.1 A query is Boolean if it has arity 0, in which case its output
over an instance is either the empty set or the empty tuple ⇑⇓. A conjunctive query
(CQ) is a query of the form Q(x) = ∃yϕ(x,y), where ϕ(x,y) is a conjunction of
atoms over x and y. A union of conjunctive queries (UCQ) is a query of the form
Q(x) =

∨
n

i=1 Qi(x), where each Qi(x) is a CQ. We also refer to UCQs as positive
queries.

Definition 4.1 (Data Exchange Setting). A data exchange setting (or simply setting)
is a tuple of the form S = ⇑S,T,◁st,◁t⇓, where S,T are disjoint schemas, called
source and target schema, respectively; ◁st is a finite set of TGDs, called the source-
to-target TGDs of S , such that for each TGD ⇁ ↑ ◁st, body(⇁) is over S and head(⇁)
is over T; ◁t is a finite set of TGDs and EGDs over T, called the target dependencies
of S .

We say S is TGD-only if ◁t contains only TGDs. A source (resp., target) in-
stance of S is an instance I over S (resp., T). We assume that source instances are
complete databases, i.e., they do not contain nulls. Given a source instance I of S , a
solution of I w.r.t. S is a target instance J of S such that I ≃ J satisfies ◁st and J
satisfies ◁t [37]. We use sol(I,S) to denote the set of all solutions of I w.r.t. S .

Definition 4.2 (Certain answers). Given a data exchange setting S = ⇑S,T,◁st,◁t⇓,
a source instance I of S and a query Q over T, the certain answers to Q over I w.r.t.
S is the set certS(I,Q) =

⋂
J→sol(I,S) Q(J).

To distinguish between the notion of solution (resp., certain answers) above and
the one defined in Section 4.2, we will refer to the former as classical.

A universal solution of I w.r.t. S is a solution J ↑ sol(I,S) such that, for every
J ↑

↑ sol(I,S), there is a homomorphism from J to J ↑ [37]. Letting Q(J)≃ =

Q(J) ∞ Consts|x|, for any instance J and query Q(x), the following is well-known:

Theorem 4.3 ([37]). Consider a data exchange setting S , a source instance I of S
and a positive query Q. If J is a universal solution of I w.r.t. S , then certS(I,Q) =

Q(J)≃.

Example 4.4. Consider a data exchange setting denoted by S = ⇑S,T,◁st,◁t⇓,
where S is the source schema, storing orders about products in a binary relation
Ord, where the first argument is the id of the order, and the second one specifies
whether the order has been paid. Moreover, T is the target schema having unary re-
lations AllOrd and Paid, storing all orders and paid orders, respectively. The schema
mapping is described by the source-to-target TGDs ◁st:
1 We assume active domain semantics, i.e., quantifiers range over the terms in the given

instance.
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⇁1 = ↘x, y Ord(x, y)↗ AllOrd(x), ⇁2 = ↘x Ord(x, yes) ↗ Paid(x).

In this example, we assume that the set of target dependencies ◁t is empty. The
above schema mapping states that all orders in the source schema must be copied
to the AllOrd relation, and all the paid orders must be copied to the Paid relation.
Assume the source instance is as follows:

I = {Ord(1, yes),Ord(2, no)},

and assume we want to pose the query Q over the target schema asking for all the
unpaid orders. This can be written as the following FO query:

Q(x) = AllOrd(x) ⇔ ¬Paid(x).

One would expect the answer to be {2}, since the schema mapping above is sim-
ply copying I to the target schema, and hence J = {AllOrd(1),AllOrd(2),Paid(1)}
should be the only candidate solution. However, under the classical notion of solu-
tion of [37], also the instance J ↑

= {AllOrd(1),AllOrd(2),Paid(1),Paid(2)} is a
solution (since I ≃ J ↑ satisfies the TGDs), and every order in J ↑ is paid. Hence, the
certain answers to Q, which are computed as the intersection of the answers over all
solutions, are empty. !

The issue above arises because the classical notion of solution is too permissive, in
that it allows the existence of facts in a solution that have no support from the source
(e.g., Paid(2) in the solution J ↑ of Example 4.4 above).

Some efforts exist in the literature that provide alternative notions of solutions for
which certain answers to general queries become more meaningful. Prime examples
are the works of [59] and [58]. In both approaches, the certain answers in the example
above are {2}. However, also the works above have their own drawbacks. In [59],
so-called CWA-solutions are introduced, which are a subset of the classical solutions
with some restrictions. However, these restrictions are so severe that certain answers
over such solutions fail to capture certain answers over classical solutions, when
focusing on positive queries. Moreover, even when focusing on more general queries,
answers can still be counterintuitive.

Example 4.5. Consider the data exchange setting S = ⇑S,T,◁st,◁t⇓, where S stores
employees of a company in the unary relation Emp. For some employees, the city
they live in is known, and it is stored in the binary relation KnownC.

The target schema T contains the binary relation EmpC, storing employees and
the cities they live in, and the binary relation SameC, storing pairs of employees
living in the same city.

The sets ◁st = {⇁1, ⇁2} and ◁t = {⇁3, ▷} are as follows (for simplicity, we
omit the universal quantifiers):

⇁1 = Emp(x) ↗ ∃z EmpC(x, z),
⇁2 = KnownC(x, y) ↗ EmpC(x, y),
⇁3 = EmpC(x, y),EmpC(x↑, y) ↗ SameC(x, x↑

),
▷ = EmpC(x, y),EmpC(x, z) ↗ y = z.



4.2 Proposed Approach 67

The above setting copies employees from the source to the target. The TGD ⇁1
states that every copied employee x must have some city z associated, whereas ⇁2
states that when the city y of an employee x is known, this should be copied as well.
Moreover, the target schema requires that employees living in the same city should
be stored in relation SameC (⇁3), and each employee must live in only one city (▷).
Assume the source instance is

I = {Emp(john),Emp(mary),KnownC(john,miami)},

and assume our query Q asks for all pairs of employees living in different cities. This
can be written as:

Q(x, x↑
) = ∃y∃y↑ EmpC(x, y) ⇔ EmpC(x↑, y↑) ⇔ ¬SameC(x, x↑

).

One would expect that the set of certain answers to Q is empty, since it is not certain
that john and mary live in different cities. However, no CWA-solution admits mary

and john to live in the same city, and thus (john,mary) is a certain answer under the
CWA-solution-based semantics. !

The approach of [58], where the notion of GCWA↓-solution is presented, seems
to be the most promising one. For positive queries, certain answers w.r.t. GCWA↓-
solutions coincide with certain answers w.r.t. classical solutions. Moreover, GCWA↓-
solutions solve some other limitations of CWA-solutions, like the one discussed
in Example 4.5. However, the practical applicability of this semantics is somehow
limited, since the (rather involved) construction of GCWA↓-solutions easily makes
certain query answering undecidable, even for very simple settings with only two
source-to-target TGDs, and no target dependencies.

Other semantics have been proposed in [87], but they are only defined for data
exchange settings without target dependencies. Hence, one needs to assume that the
target schema has no dependencies at all.

We propose a new notion of data exchange solution, dubbed supported solution,
which allows us to deal with general queries, but at the same time is suitable for prac-
tical applications. That is, we show that certain answers under supported solutions
naturally generalize certain answers under classical solutions, when focusing on pos-
itive queries. Moreover, such solutions do not make any assumption on how values
associated to existential variables compare to other values, hence solving issues like
the ones of Example 4.5.

As expected, there is a price to pay to get meaningful answers over general
queries: we show that certain answering is undecidable for general settings, but be-
comes coNP-complete when we focus on weakly-acyclic dependencies.

4.2 Proposed Approach

The goal of this section is to introduce a new notion of solution for data exchange
that we call supported. As already discussed, the main issue we want to solve w.r.t.
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classical solutions is that such solutions are too permissive, i.e., they allow for the
presence of facts that are not a certain consequence of the source instance and the de-
pendencies. Consider again Example 4.4. The (classical) solution J ↑ in Example 4.4
is not supported, since from the source instance I and the dependencies, we cannot
conclude that the fact Paid(2) should occur in the target. On the other hand, the so-
lution J = {AllOrd(1),AllOrd(2), Paid(1)} is supported: it contains precisely the
facts supported by I and the dependencies, and no more than that. Similarly, consid-
ering Example 4.5, the instance J = {EmpC(john,miami), EmpC(mary, chicago),
SameC(john,mary)} is a solution, but it is not supported, since from the source and
the dependencies we cannot certainly conclude that john and mary live in the same
city. We now formalize the above intuitions.

Consider a TGD ⇁ and a mapping h from the variables of ⇁ to Consts. We say
that a TGD ⇁↑ is a ground version of ⇁ (via h) if ⇁↑ = h(body(⇁)) ↗ h(head(⇁)).

Definition 4.6 (ex-choice). An ex-choice is a function φ, that given as input a TGD
⇁ = ϕ(x,y) ↗ ∃zψ(y, z) and a tuple t ↑ Consts|y|, returns a set φ(⇁, t) of pairs of
the form (z, c), one for each existential variable z ↑ exvar(⇁), where c is a constant
of Consts.

Note that if ⇁ does not contain existential variables, φ(⇁, t) is the empty set.
Intuitively, given a TGD, an ex-choice specifies a valuation for the existential

variables of the TGD which depends on a given valuation of its frontier variables.
We now define when a ground version of a TGD indeed assigns existential vari-

ables according to an ex-choice.

Definition 4.7 (Coherence). Consider a TGD ⇁ = ϕ(x,y) ↗ ∃zψ(y, z), an ex-
choice φ and a ground version ⇁↑ of ⇁ via some mapping h. We say that ⇁↑ is coherent
with φ if for each existential variable z ↑ exvar(⇁), (z, h(z)) ↑ φ(⇁, h(y)).

For a set ◁ of TGDs and EGDs, and an ex-choice φ, ◁ε denotes the set of dependen-
cies obtained from ◁, where each TGD ⇁ in ◁ is replaced with all ground versions
of ⇁ that are coherent with φ. Note that the set ◁ε can be infinite. We now present
our notion of solution.

Definition 4.8 (Supported Solution). Consider a setting S = ⇑S,T,◁st,◁t⇓ and a
source instance I of S . A target instance J of S is a supported solution of I w.r.t. S
if there exists an ex-choice φ such that I ≃ J satisfies ◁ε

st
and J satisfies ◁ε

t
, and

there is no other target instance J ↑ ⊋ J of S such that I ≃ J ↑ satisfies ◁ε

st
and J ↑

satisfies ◁ε

t
. !

Note that a supported solution contains no nulls. We use ssol(I,S) to denote the
set of all supported solutions of I w.r.t. S .

Example 4.9. Consider the data exchange setting S and the source instance I of Ex-
ample 4.5. The target instance J = {EmpC(john,miami),EmpC(mary, chicago)}
is a supported solution of I w.r.t. S . Indeed, consider the ex-choice φ such that
φ(⇁1, john) = {(z,miami)}, and φ(⇁1,mary) = {(z, chicago)}. Then, ◁ε

st
is
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{KnownC(0,1) ↗ EmpC(0,1) | 0,1 ↑ Consts}≃
{Emp(0) ↗ EmpC(0,1) | 0 ↑ Consts ⇔ (z,1) ↑ φ(⇁1,0)},

whereas ◁ε

t
is the set containing the EGD ▷ of Example 4.5, and the set of TGDs

{EmpC(0,1),EmpC(0↑,1) ↗ SameC(0,0↑
) | 0,0↑,1 ↑ Consts}.

Clearly, I ≃ J satisfies ◁ε

st
, and J satisfies ◁ε

t
, and any other strict subset J ↑

of J is such that I ≃ J ↑ does not satisfy ◁ε

st
. Another supported solution is

{EmpC(john,miami), EmpC(mary,miami), SameC(john,mary)}. !

With the notion of supported solution in place, it is now straightforward to define
the supported certain answers.

Definition 4.10 (Supported Certain Answers). Consider a data exchange setting
S , a source instance I of S and a query Q over T. The supported certain answers to
Q over I w.r.t. S is the set of tuples scertS(I,Q) =

⋂
J→ssol(I,S) Q(J).

Example 4.11. Consider the data exchange setting S , the source instance I , and the
query Q of Example 4.4. It is not difficult to see that the only supported solution of
I w.r.t. S is the instance J = {AllOrd(1),AllOrd(2),Paid(1)}. Thus, the supported
certain answers to Q over I w.r.t. S are scertS(I,Q) = Q(J) = {2}. Consider now
the data exchange setting S , the source instance I , and the query Q of Example 4.5.
Then, one can verify that scertS(I,Q) = ∀. !

We now start establishing some important results regarding supported solutions
and supported certain answers. The following theorem states that supported solutions
are a refined subset of the classical ones, but whether a supported solution exists is
still tightly related to the existence of a classical one.

Theorem 4.12. Consider a data exchange setting S . For every source instance I of
S , its holds that (1) ssol(I,S) ↓ sol(I,S), and (2) ssol(I,S) = ∀ iff sol(I,S) = ∀.

Regarding certain answers, we show that supported solutions indeed enjoy an
important property: supported certain answers and classical certain answers coincide,
when focusing on positive queries. Note that this does not necessarily follow from
Theorem 4.12.

Theorem 4.13. Consider a setting S = ⇑S,T,◁st,◁t⇓ and a positive query Q over
T. For every source instance I of S , scertS(I,Q) = certS(I,Q).

From the above, we conclude that for positive queries, certain query answering
can be performed as done in the classical setting, and thus all important results from
that setting, like query answering via universal solutions, carry over.

Corollary 4.14. Consider a setting S = ⇑S,T,◁st,◁t⇓ and a positive query Q over
T. If J is a (classical) universal solution of I w.r.t. S , then scertS(I,Q) = Q(J)≃.

Proof. It follows from Theorem 4.3 and Theorem 4.13.
We now move to the complexity analysis of the two most important data ex-

change tasks: deciding whether a supported solution exists, and computing the sup-
ported certain answers to a query.
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4.3 Complexity Analysis and Results

In data exchange, it is usually assumed that a setting S does not change over time,
and a given query Q is much smaller than a given source instance. Thus, for under-
standing the complexity of a data exchange problem, it is customary to assume that S
and Q are fixed, and only I is considered in the complexity analysis, i.e., we consider
the data complexity of the problem. Hence, the problems we are going to discuss will
always be parametrized via a setting S , and a query Q (for query answering tasks).
The first problem we consider is deciding whether a supported solution exists; S is a
fixed data exchange setting.

PROBLEM : EXISTS-SSOL(S)
INPUT : A source instance I of S .
QUESTION : Is ssol(I,S) ⇒= ∀?

The above problem is very important in data exchange, as one of the main goals
is to actually construct a target instance that can be exploited for query answering
purposes. Hence, knowing in advance whether at least a supported solution exists is
of paramount importance.

Thanks to Item 2 of Theorem 4.12, all the complexity results for checking the
existence of a classical solution can be directly transfered to our problem.

Theorem 4.15. There exists a data exchange setting S such that EXISTS-SSOL(S)
is undecidable.

Despite the negative result above, we also inherit positive results from the litera-
ture, when focusing on some of the most important data exchange scenarios, known
as weakly-acyclic. Such settings only allow target TGDs to belong to the language
of weakly-acyclic TGDs, which have been first introduced in the seminal paper [37],
and is now well-established as the main language for data exchange purposes. We
refer to [37] for more details on the definition of weak-acyclicity.

Theorem 4.16. For every weakly-acyclic data exchange setting S , EXISTS-SSOL(S)
is in PTIME.

We now move to the second crucial task: computing supported certain answers.
Since this problem outputs a set, it is standard to focus on its decision version. For a
fixed data exchange setting S and a fixed query Q, we consider the following decision
problem:

PROBLEM : SCERT(S, Q)

INPUT : A source instance I of S and a tuple t ↑ Constsar(Q).
QUESTION : Is t ↑ scertS(I,Q)?

One can easily show that the above problem is logspace equivalent to the one of
computing the supported certain answers.

We start by studying the problem in its full generality, and show that there is a
price to pay for query answering with general queries.
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Theorem 4.17. There exists a data exchange setting S = ⇑S,T,◁st,◁t⇓, with ◁t

having only TGDs, and a query Q over T, such that SCERT(S, Q) is undecidable.

Although the complexity result above tells us that computing supported certain
answers might be infeasible in some settings, we can show that for weakly-acyclic
settings, the complexity is more manageable.

Theorem 4.18. For every weakly-acyclic setting S and every query Q, SCERT(S, Q)

is in coNP, and there exists a weakly-acyclic setting S that is TGD-only and a query
Q such that SCERT(S, Q) is coNP-hard.

We point out that the above result is in contrast with all the data exchange semantics
discussed in the introduction, for which computing certain answers is undecidable,
even for weakly-acyclic settings [59, 58].

We conclude this section by recalling that for positive queries, supported certain
answers coincide with the classical ones (Theorem 4.13), and computing (classical)
certain answers for weakly-acyclic settings, under positive queries, is tractable [37]
and can be accomplished via the well-known chase procedure (e.g., see [138]).
Hence, the result below follows.

Corollary 4.19. For every weakly-acyclic setting S and every positive query Q,
SCERT(S, Q) is in PTIME.

4.4 Summary

We presented a novel notion of supported solutions for data exchange, in the presence
of general FO queries. We have shown that supported solutions overcome different
limitations of previous approaches: supported certain answers precisely recover the
(classical) certain answers when focusing on positive queries, and at the same time,
keep the complexity of computing supported certain answers decidable, for weakly-
acyclic settings. Since explaining query answering has recently drawn considerably
attention under existential rule languages (e.g., see [91, 93, 18, 17, 92, 19]), and
knowledge representation in general (e.g., in the context of argumentation [2]) an
interesting direction for future work is to address such issue in our setting. Also,
it would be interesting to account for user preferences when answering queries, as
recently done in [14], possibly considering other ways of expressing preferences, e.g.
by means of CP-nets [89, 90].





5

Data Imputation in Fraud Detection

In this chapter, we focus on a possible application of data imputation technique
within the detection of fraudulent transactions. Our research on fraudulent trans-
action detection explores innovative methodologies for identifying and mitigating
fraudulent activities within financial systems, enhancing security and trust.

The Importance of Data Imputation in Fraud Detection

The integration of machine learning algorithms has been of remarkable importance
in fraud detection cases because they can simply analyze and sort through immense
transactional data to identify unusual patterns that are likely to be fraudulent. This
also makes it possible to monitor all previous transactions and associated behaviours
and predict what will likely happen, i.e., whether fraudulent or non-fraudulent trans-
actions will occur [31]. Regarding fraud, it has been observed that decision trees
[123], gradient boosting [133], and neural networks [44], have all shown a reason-
able degree of success in flagging potentially fraudulent transactions that sometimes
may not be captured in the rule row systems. Nonetheless, there is a restriction in
utilizing these machine learning models for fraud detection even when they are more
effective in solving numerous tasks. First, although the number of spurious records
has been increasing and are now relatively significant, they remain a minor fraction
of all transactions, often less than 1%, all other dominant classes on the datasets.
This means that the transaction datasets are highly unbalanced and machine learning
models tailored for such datasets tend to focus on predicting the dominant class of
transactions which are real instead of identifying fraudulent transactions, resulting in
a lot of false negatives.

Another crucial problem is missing data and incomplete transactions. Missing
data can be attributed to various factors, including systems glitch and incomplete
files as well as restrictive privacy issues that arise when certain elements of a trans-
action cannot be revealed [130]. To overcome this challenges, it is essential to apply
missing data imputation. Imputation of missing data refers to the process through
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Fig. 5.1: Proposed framework for credit card fraud detection.

which incomplete portions of data sets are filled with some values, which makes it
possible for the machine learning models to be trained on a complete dataset.

5.1 The Fraudulent Transaction Detection Problem

In recent years, there has been a significant increase in the volume of financial trans-
actions due to the expansion of financial institutions and the popularity of web-based
e-commerce. Fraudulent transactions have become a growing problem in online
banking, and fraud detection has always been challenging [100, 40].

Along with credit card development, the pattern of credit card fraud has always
been updated. Fraudsters do their best to make it look legitimate, and credit card
fraud has always been updated. Fraudsters do their best to make it look legitimate.
They try to learn how fraud detection systems work and continue to stimulate these
systems, making fraud detection more complicated. Therefore, researchers are con-
stantly trying to find new ways or improve the performance of the existing methods
[131].

There are two mechanisms, fraud prevention and fraud detection, that can be
exploited to avoid fraud-related losses. Fraud prevention is a proactive method that
stops fraud from happening in the first place. On the other hand, fraud detection is
needed when a fraudster attempts a fraudulent transaction [79].

Fraud detection in banking is considered a binary classification problem in which
data is classified as legitimate or fraudulent [96]. Because banking data is large in
volume and with datasets containing a large amount of transaction data, manually re-
viewing and finding patterns for fraudulent transactions is either impossible or takes a
long time. Therefore, machine learning-based algorithms play a pivotal role in fraud
detection and prediction [51].

In this paper, we propose an efficient approach for detecting credit card fraud
that has been evaluated on publicly available datasets and has used optimized algo-



5.2 Proposed Approach 75

Variable Name Description Type

V1, V2, . . . , V28 Transaction feature after PCA transformation Integer
Time Seconds elapsed between each transaction with the first

transaction
Integer

Amount Transaction Value Integer
Class Legitimate or Fraudulent 0 or 1

Table 5.1: Features of the credit-card fraud dataset.

rithms LightGBM, XGBoost, CatBoost, and logistic regression individually, major-
ity voting combined methods, as well as deep learning and hyperparameter settings
as shown in Figure 5.1. An ideal fraud detection system should detect more fraud-
ulent cases, and the precision of detecting fraudulent cases should be high, i.e., all
results should be correctly detected, which will lead to the trust of customers in the
bank, and on the other hand, the bank will not suffer losses due to incorrect detection.

The main contributions of this paper are summarized as follows:

• We adopt Bayesian optimization for fraud detection and propose to use the
weight-tuning hyperparameter to solve the unbalanced data issue as a pre-
processing step.

• We propose a majority-voting ensemble learning approach to combine CatBoost,
XGBoost, and LightGBM and review the effect of the combined methods on the
performance of fraud detection on real, unbalanced data.

• To better cover the unbalanced datasets, we use recall-precision in addition to the
typically used ROC-AUC. We also evaluate the performance using F1 score and
MCC metrics. According to the results, the proposed methods outperform the ex-
isting and based methods. For evaluations, we use publicly available datasets and
also publish the source codes 1 with public access to be used by other researchers.

5.2 Proposed Approach

The proposed framework for credit card fraud detection is presented in Figure 5.1.
We first apply the pre-processing on the dataset and further split the data into two
sections: training and testing, followed by performing Bayesian optimization on the
training data to find the best hyper-parameters that lead to the improvement of the
performance. We use the cross-validation method to obtain performance compari-
son in an unbalanced set and then examine the algorithms using different evaluation
metrics, including accuracy, precision, recall, the Matthews correlation coefficient
(MCC), the F1-score, and AUC diagrams.

we use a real dataset so that the outcome of the proposed algorithm can be used
in practice. We consider a dataset named “credit card” that contains 284,807 records

1 The codes are available at https://github.com/khadijehHashemi/Fraud-Detection-in-
Banking-Data-by-Machine-Learning-Techniques

https://github.com/khadijehHashemi/Fraud-Detection-in-Banking-Data-by-Machine-Learning-Techniques
https://github.com/khadijehHashemi/Fraud-Detection-in-Banking-Data-by-Machine-Learning-Techniques
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No. of Transactions No. of legitimate
Transactions

No. of fraudulent
Transactions

Legitimate
(%)

fraudulent
(%)

284,807 284,315 492 99.83% 0.17%

Table 5.2: The transaction label distribution in the “credit card” dataset This unbal-
anced data is expected in real-life datasets.

of two days of transactions made by credit card holders in September 2013. There
are 492 fraudulent transactions, and the rest of the transactions are legitimate. The
positive class (frauds) accounts for 0.172% of all transactions; hence, the dataset
is highly imbalanced. the original features and background information about the
data are not given due to confidentiality and privacy considerations. PCA yielded
the following principal components: V1, V2, V28. The untransformed features with
PCA are ”time” and ”amount.” The ”Time” column contains the time (in seconds)
elapsed between each transaction and the first transaction in the dataset. The fea-
ture ”Amount” shows the transaction amount. Feature ”Class” is the response vari-
able, and it takes the value 1 in case of fraud and 0 otherwise. The summary of
the variables and features is presented in table 5.1. The total number of fraudulent
transactions are significantly lower than the total number of legitimate transactions,
indicating that the data distribution is unbalanced as shown in Table 5.2. This data
imbalance causes performance issues in machine learning algorithms, and having a
class with the majority of the samples influences the evaluation results[114]. There-
fore, in many studies, under-sampling and over-sampling methods are used to solve
the data imbalance problem [66]. Using under-sampling methods leads to data loss
[163]. Besides, using over-sampling methods leads to the production of duplicate
data that doesn’t provide information (the data and information are different, and the
subject is discussed under the “Entropy”). Some researchers use synthetic minor-
ity oversampling (SMOTE) as a solution, which avoids the drawbacks of under and
oversampling [110, 134, 3]. However, the SMOTE method causes an increase in the
false-positive rate, which is not acceptable in banking for customer orientation. To
solve this problem, in this study, we use class weight tuning hyperparameter to solve
the mentioned disadvantages [110, 134, 3]. However, the SMOTE method causes an
increase in the false-positive rate, which is not acceptable in banking for customer
orientation. To solve this problem, in this study, we use a class weight tuning hyper-
parameter to solve the mentioned disadvantages.

Features extraction and selection

The “time” feature includes the time (in seconds) elapsed between each transaction
and the first transaction. The features are unknown except for “Time” and “Amount”,
and we have no additional information. Feature selection tries to find a subset of fea-
tures that improve the classifier’s performance on effectively detecting credit card
fraud [26]. The information gain (IG) method is used to select the most important
features that lead to a dimension reduction of the training data. Information gain
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Fig. 5.2: Feature importance diagram.

functions by extracting similarities between credit card transactions and then award-
ing the greatest weight to the most significant features based on the class of legitimate
and fraudulent credit card transactions [113, 134]. Figure 5.2 shows the diagram of
the IG, and the top six features extracted by this method have been used to evaluate
the proposed algorithm.

Algorithms

Hyperparameters have a significant effect on the performance of machine learning
models. We refer to optimization as the process of finding the best set of hyperparam-
eters that configure a machine learning algorithm during its training. In this paper,
we use the Bayesian optimization algorithm to tune the hyperparameters that lead to
computational time reduction and performance improvement.

Logistic Regression.

This algorithm could not be used for unbalanced data. Therefore, we used hyper-
parameter class weight to solve the class imbalance prior to applying logistic re-
gression. We show that the ROC-AUC curve cannot be used for the evaluation of
unbalanced data and leads to false interpretations.

LightGBM.

The LightGBM algorithm is built on the GBDT framework and aims to improve
computational efficiency, particularly on big data prediction problems [86]. The
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high-performance LightGBM algorithm can quickly handle large amounts of data,
and the distributed processing of data [134]. In LightGBM, the histogram-based al-
gorithm and trees’ leaf-wise growth strategy with a maximum depth limit is adopted
to increase the training speed and reduce memory consumption. The tuned hy-
perparameters include the “num leaves”, which is the number of leaves per tree,
“max depth”, which denotes the maximum depth of the tree, and “learning rate”
which is also balanced by tuning the weight of the class. With the excessive increase
of the leaves, the problem fits horizontally. Therefore, we need to consider a suitable
range for this algorithm to obtain good optimization results.

XGBoost.

Extreme Gradient Boosting (XGBoost) has become a dominant algorithm in the field
of applied machine learning. This algorithm is a hybrid technique in which new mod-
els are added to fix errors caused by existing models. XGBoost includes parallel com-
putation to construct trees using all the CPUs during training. Instead of traditional
stopping criteria (i.e., criterion first), it makes use of the ”max depth” parameter and
starts tree pruning from the backward direction, which significantly improves the
computational performance and speed of XGBoost [86]. XGBoost employs a more
regularised technique called ”formalization” to control over-fitting and achieve bet-
ter performance [67]. The tuned hyperparameters include learning rate, number of
trees, and maximum tree depth, as well as applying weight to classes.

Majority-voting.

Ensemble learning (EL), which is a type of machine learning, combines several clas-
sifiers, minimizes the error of the classifiers, and achieves more reasonable results
than a single technique. A voting majority classifier is not a real classifier, but a
method that is trained and evaluated in parallel in order to use the different features
of each algorithm. We can train the data using different hybrid algorithms to pre-
dict the final output. The final result of the prediction is determined by a majority of
votes according to two different strategies: hard voting and soft voting. If voting is
hard, it uses the predicted class labels to vote for the majority law. Otherwise, if the
vote is soft, it predicts the class label based on ”Argmax,” the sum of the predicted
probabilities, which is recommended for a set of well-calibrated classifiers. In this
case, the probability vector is calculated on average for each predicted class (for all
classifiers). The winning class is the one with the highest value [75, 48].

Deep Learning.

Deep learning is shown to be a very promising solution to deal with fraud in financial
transactions, making the best use of banks’ big data. [119]. In this paper, we use a
sequential model, which is a linear stack of layers to construct an artificial neural
network model. We use the Relu activation function, and in the last layer, we use
“Sigmoid”, since our output is binary. The Sigmoid function generates values in a
range of zero and one. The function of the Relu activation function is in many ways
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Model Accuracy AUC Recall Precision F1-score MCC

Keras 0.9994 0.9401 0.8222 0.8043 0.8132 0.8129

Table 5.3: Deep Learning Model Results

Model Accuracy AUC Recall Precision F1-score MCC

Log Reg 0.97477 0.9578 0.8730 0.0617 0.1143 0.2248
LGBM 0.99919 0.9472 0.7990 0.7534 0.7699 0.7727
XGB 0.99923 0.9517 0.7949 0.7862 0.7830 0.7864

CatBoost 0.99880 0.9390 0.8096 0.6431 0.7066 0.7158
Vot Lg, Xg, Ca 0.99924 0.9501 0.8033 0.7720 0.7825 0.7847

Vot Lg, Xg 0.99927 0.9522 0.8012 0.7901 0.7901 0.7925
Vot g, Ca 0.99923 0.9492 0.8097 0.7681 0.7823 0.7852

Vot Lg, Ca 0.99912 0.9459 0.8075 0.7260 0.7581 0.7620

Table 5.4: Performance evaluation of Algorithms

similar to the function of our biological neurons. We use kernel-initializer, which
defines the method of determining the random weights of the primary Keras layers.
To overcome the unbalanced data problem, we consider the ratio of 1 to 4 for the
weight of the majority class to the minority class. This causes an increase in the
processing speed as well as increasing the efficiency of the model. The size of the
input layer is equal to the number of features plus the extracted features. We also re-
move the ”time” feature. To build the Keras model, we optimise the number of layers
and neurons, the number of epochs, and the batch size, which leads to an increase
in speed. Commonly, batch size is set to 32 or 128. However, our dataset is highly
unbalanced, and by choosing the common batch size, there may be no fraud cases in
the batch during training. Therefore, our range is chosen so that we can see fraudu-
lent samples in each batch. Also, by choosing a larger batch size, the processing is
faster, and we also need less memory. Large epoch sizes can result in either over-
or under-fitting. Therefore, selecting the appropriate range for optimization not only
increases the efficiency of the algorithm but also reduces the time required to find
the optimal points. By performing Bayesian optimization, the number of neurons in
the first hidden layer is set to 86, the number of epochs is set to 117, and the batch
size is set to 1563.

5.3 Experimental Analysis and Results

We use the stratified 5-fold cross-validation method and the boosting algorithms
with the Bayesian optimization method to evaluate the performance of the proposed
framework. We extract the hyperparameters and evaluate each algorithm individu-
ally before using the majority voting method. We examine the algorithms in triple
and double precision. The comparison results are presented in Table 5.4.
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Model Accuracy AUC Recall Precision F1-score

Method presented in [134] 0.984 0.909 0.406 0.973 0.569
Proposed LightGBM 0.9992 0.947 0.799 0.753 0.769
Proposed Approach 0.9993 0.952 0.801 0.79 0.79

Table 5.5: Performance comparison of the proposed approach and the method pre-
sented in [134]

Most studies in the literature rely on AUC diagrams to evaluate performance.
However, as can be seen from the ROC-AUC curve in Figure 5.3, the value of AUC
in severely unbalanced data is not a good evaluation metric. It is influenced by the
real positives and considers the negatives irrelevant. According to the ROC-AUC,
the logistic regression algorithm 0.9583 has the highest number of fraud detection,
but it has the lowest value in other criteria. The precision-recall curve is illustrated
in Figure 5.4 and shows the system performance in a more precise manner compared
with the ROC-AUC curve. Comparing the precision, recall, and F1-score as well as
the MCC, the algorithms used are shown in Figure 5.5. The evaluation results of the
proposed approach using different pre-processing and class weight hyperparameter
tuning to deal with the problem of data unbalance. In Table 5.4, it is shown that the
proposed methods outperform the intelligence method.

5.4 Summary

A number of methods have been proposed by researchers in order to detect and
prevent fraudulent credit card transactions. Halvaiee & Akbari develop a new fraud
detection model called the AIS-based fraud detection model (AFDM). To improve
fraud detection accuracy, they use Immune System Inspired Algorithms (AIRS). Ac-
cording to their paper, their proposed AFDM improves accuracy by up to 25%, re-
duces costs by up to 85%, and reduces system response time by up to 40% compared
to basic algorithms [53].

Randhawa et al., analyze the effectiveness of machine learning algorithms for de-
tecting credit card fraud. To evaluate the available datasets, they used Naive Bayes,
stochastic forest and decision trees, neural networks, linear regression (LR), and lo-
gistic regression, as well as support vector machine standard models. By applying
AdaBoost and majority voting, they propose a hybrid method. Additionally, they
add noise to the data samples in order to evaluate robustness. On publicly available
datasets, they demonstrate that majority voting is effective at detecting credit card
fraud[114].

In [144] the authors propose a group learning framework based on partitioning
and clustering of the training set. Their proposed framework has two goals: 1) to
ensure the integrity of the sample features, and 2) to solve the high imbalance of the
dataset. The main feature of their proposed framework is that every base estimator
can be trained in parallel, which improves the effectiveness of their framework.
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To detect fraud in credit card transactions, Altyeb et al., propose an intelligent
approach consisting of a Bayesian-based hyperparameter optimization algorithm for
tuning LightGBM parameters [134]. A publicly available dataset of credit card trans-
actions is used for their experiments. Transactions from both legitimate and fraud-
ulent sources are included in these datasets. Their evaluation results are reported in
terms of accuracy, the area under the receiver operating characteristic curve (ROC-
AUC), precision, and F1-score metrics.

Verma and Tyagi investigate machine learning algorithms in order to determine
the best supervised ML-based algorithm for credit card fraud detection in the pres-
ence of an imbalanced dataset. They evaluate five classification techniques and show
that the supervised vector classifier and logistic regression classifier outperform other
algorithms in an imbalanced dataset [142].

In this chapter, we studied the credit card fraud detection problem in real un-
balanced datasets. We proposed a machine-learning approach to improve the perfor-
mance of fraud detection. Our experimental results showed that the proposed Light-
GBM method improved the fraud detection cases by 50 percent and the F1-score
by 20 percent compared with SOTA. For future studies and work, we propose us-
ing other hybrid models as well as working specifically in the field of CatBoost by
changing more hyperparameters.
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Fig. 5.3: AUC-ROC

Fig. 5.4: Precision-Recall

Fig. 5.5: Performance comparing algorithms with different evaluation criteria.



6

Conclusion and Future Work

We explored the problem of missing data and the possible solutions to this problem
by introducing SENtence Transformer-based Imputation (SENT-I) Algorithm 1, a
transformer-based approach for imputing missing values in real-world datasets, par-
ticularly those that contain heavy text. By embedding data into a high dimensional
semantic space using sentence transformers and utilizing Facebook AI Similarity
Search (FAISS) (a vector database to store embeddings), SENT-I demonstrated its
ability to accurately impute missing values even in heavy textual datasets, addressing
the limitations of state-of-the-art data imputation method, GRIMP. Through exten-
sive evaluations on diverse real-world datasets, with varying percentage of missing
values, SENT-I demonstrated its supremacy. SENT-I achieved an average accuracy
improvement of over 40% compared to GRIMP. This highlights the effectiveness,
robustness and adaptability of SENT-I, making it an effective solution for enhanc-
ing data quality in heavy textual datasets. Furthermore, we introduced Sentence
transformer-based solver for Entity Resolution SolvER (Algorithm 2). SolvER is
the combination of a data imputation technique with any existing ER approach, in
our case we use SENT-I for data imputation while Ditto for the ER task. SolvER
improve the accuracy of ER in the presence of missing values, further validating
the effectiveness of SENT-I (Algorithm 1). We employed SolvER on 3 real-world
datasets with varing percentage of nulls. SolvER consistently achieved higher F1-
scores compared to the state-of-the-art Ditto. The achieved results emphasize the
dual advantage of SENT-I, not only in improving the quality of incomplete datasets
and enhancing downstream tasks (i.e., ER) that rely on accurate and complete data.

For future work, we aim to adopt optimization techniques like serialization and
summarization for handling long strings, as well as fine-tuning during the construc-
tion of the vector database, to improve the efficiency and accuracy of both the im-
putation and ER processes. Furthermore, to extend SolvER’s capabilities, we intend
to handle multilingual datasets by leveraging cross-lingual embeddings for accurate
entity resolution across multiple languages.
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