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TRANSFERÊNCIA DE APRENDIZADO EM REPRESENTAÇÕES

SIMBÓLICAS E NEURAIS

Thais Luca Marques de Almeida

Agosto/2026

Orientadores: Gerson Zaverucha
Aline Marins Paes Carvalho

Programa: Engenharia de Sistemas e Computação

Algoritmos de aprendizado relacional combinam aprendizado de máquina e rep-
resentação de conhecimento para aprender com dados estruturados e relações entre
entidades. O Aprendizado Estatístico Relacional (SRL) usa representações lógi-
cas enquanto Redes Neurais de Grafos (GNNs) aprendem dados modelados como
grafos. Apesar de promissoras, ambas compartilham uma limitação: se mudanças
na distribuição entre os conjuntos de treinamento e teste, um novo modelo deve
ser treinado com novos dados. A transferência de aprendizado busca superar essa
limitação ao reutilizar conhecimento de modelos pré-treinados, reduzindo a necessi-
dade de grandes volumes de dados. Contudo, a literatura foca principalmente em
como e o que transferir, deixando pouco explorada a questão de de onde transferir
conhecimento. Portanto, domínios são frequentemente pareados de forma ad hoc.
Nesta tese, propomos o SMART-TL, que indica previamente de onde transferir con-
hecimento, dado um conjunto de modelos pré-treinados, para aprender um novo
domínio. Este baseia-se nas probabilidades subjacentes de domínios para calcular
suas divergências. Para tal, utiliza-se proposicionalização para representar domínios
relacionais em um espaço de alta dimensão, o que facilita comparar distribuições.
O método proposto é avaliado através do desempenho de três algoritmos estado-da-
arte em transferência de aprendizado: dois baseados em SRL e um em GNN. As
distribuições de dados são comparadas usando a divergência de Kullback-Leibler. Os
resultados mostram que os algoritmos apresentam melhor desempenho ao transferir
conhecimento entre os pares mais semelhantes. Contudo, para GNNs, nosso método
pode exigir mais tempo de processamento do que a abordagem de força bruta.
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Relational learning algorithms combine machine learning and knowledge repre-
sentation to learn from structured data and relationships between entities. Two
prominent approaches are Statistical Relational Learning (SRL), which uses logi-
cal representations, and Graph Neural Networks (GNNs), which learn from graph-
structured data. Although both are promising for handling more complex data, they
share a problem with traditional approaches: when there is a distribution shift be-
tween the training and test sets, a new model must be trained on new data. Transfer
learning addresses this limitation by leveraging knowledge from pre-trained models,
enabling faster, less data-intensive adaptation to new tasks. However, most research
focuses on what knowledge to transfer and how to transfer it, while from where to
transfer remains largely unexplored. As a result, source–target domain pairs are
often chosen ad hoc. In this thesis, we propose SMART-TL, which indicates before-
hand from where to transfer, given a set of pre-trained source domains to learn a new
target domain. It relies on the underlying probabilities of both domains and com-
putes their divergences. To do this, it relies on propositionalization, a method for
representing relational domains in a high-dimensional feature space to more easily
compare distributions. To evaluate our proposed method, we analyze the perfor-
mance of three state-of-the-art transfer learning-based algorithms, two SRL-based
and one GNN-based, and compare data distributions using Kullback-Leibler (KL)
divergence. Our results show that algorithms perform best when transferring be-
tween the most similar pairs of source and target domains. However, our method
can be more time-consuming in the GNN context than the brute-force approach.
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Chapter 1

Introduction

Machine learning has gained popularity for enabling systems to acquire knowledge
and adapt by learning from both labeled and unlabeled data [4–6]. This ability re-
quires well-defined data to help tune machine learning models. However, traditional
algorithms learn under the assumption that data are independent and identically
distributed (i.i.d.) by using as input data represented in a tabular format (attribute-
value pairs). Although it is useful for building elegant and general algorithms, this
type of abstraction ignores the rich logical structure of the underlying data, which is
crucial for solving more general and complex problems [7]. Besides, real data involve
objects described by different attributes that participate in relationships, actions,
and events.

Relational learning emerges from the combination of machine learning techniques
with knowledge representation principles to learn models from relational domains [8].
Unlike traditional machine learning, it does not rely on tabular-format input. The
objective of relational learning is to exploit the structure of how entities relate to
each other, introducing a more expressive form of knowledge representation that
captures domains involving multiple entities and their relationships. Finally, it does
not assume i.i.d. instances, unlike traditional methods. Several paradigms have
been proposed for learning from relational data. In this thesis, we focus on two
prominent approaches: (i) Statistical Relational Learning [7, 9], and; (ii) Graph
Neural Networks [10, 11]. While SRL relies on explicit relational representations
grounded in logic and probability theory, GNNs learn distributed representations
directly from graph-structured data.

Statistical Relational Learning (SRL) addresses high-complexity structures by
combining statistical and probabilistic modeling with relational learning [7]. In a
relational learning context, there may also be uncertainty about an object’s type,
number of objects, and the identity of this object, its relationship membership,
type, and number of entities related to it. This uncertainty might arise from noise
and incomplete information. SRL has been successfully applied to many real-world
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problems, as most real-world data is relational and consists of entities with distinct
attribute sets [12]. More importantly, SRL methods can handle the uncertainty often
present in real data. The goal of SRL is to express knowledge through probabilistic
models in a compact and intuitive form that captures the relational structure of
the domain while supporting efficient reasoning and learning in complex, richly
probabilistic structures [7].

Graphs are a practical example of such complex structures, as they are math-
ematical objects that model many entities and their relationships. Like data in
SRL, graphs also exhibit structural irregularity, as their topology may vary across
instances, including different numbers of nodes, the absence of a natural node or-
dering, and varying numbers of connections per node. Also, graphs are represented
in non-Euclidean domains and often exhibit structural irregularity and heterogene-
ity, making learning such structures challenging for conventional neural architec-
tures that assume fixed-size, grid-structured inputs. Besides, such networks assume
that instances are independent of each other, which is invalid for graph data, as
each instance (node) is interconnected with others through various types of links
(edges) [10]. Graph neural networks (GNNs) are mathematical models designed to
learn functions over graphs and are primary approaches for building predictive mod-
els on graph-structured data [11]. To deal with feature extraction on non-Euclidean
space data, they enable the use of a scalable kernel to perform convolutions on such
space data. Due to their ability to capture complex relationships and dependen-
cies within graph structures, GNNs have advanced to become the state-of-the-art
in many disciplines, such as social network analysis, recommendation systems, and
drug discovery [10].

However, like traditional machine learning models, SRL and GNNs models also
assume that training and test data must belong to the same feature space and are
sampled from the same distribution [2, 13]. In case of any difference between these
two sets, a new model must be trained using newly collected data. Furthermore,
these models may also face challenges during training. SRL models may suffer from
a lack of high-quality training data and long training times. When there are too
many relations, the available ones may be too scarce to learn an accurate model [2].
For GNNs, their effective implementation often requires significant training efforts
and substantial memory resources [14].

Transfer learning [2] is a key technique when such distributions differ and has
gained great interest in scenarios where collecting new data can be costly or im-
possible [5], as well as for large machine learning models that require substantial
computational resources and long hours of training. To avoid training a new model
from scratch, transfer learning leverages knowledge from a pre-trained model, mak-
ing learning a new task less time-consuming and data-intensive.
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Transfer learning has also confirmed its efficacy in relational-based methods as
transferring knowledge admits training and testing sets to have different distribu-
tions [14–24]. However, most of the works found in the literature focus on what
knowledge should be transferred and how to take advantage of this knowledge when
transferring between two different domains. Thus, deciding the most suitable pre-
trained model from where to transfer remains an open issue, as a pre-trained model
is not guaranteed to help or improve performance when adapting a model to new
data [2, 25]. For example, when domains are not related to each other, transfer
may fail and even degrade learning performance in the target domain. In some
scenarios, knowledge transfer may degrade the target’s performance, resulting in
negative transfer [2]. On the other hand, in scenarios in which there are differ-
ent pre-trained models available, one strategy is perform exhaustive, trial-and-error
searching (brute-force) for the best pre-trained model to transfer to the new target
domain. However, testing all possible pairs of source and target domains can be
costly and impractical.

1.1 Motivation

According to YANG et al. [2], the first question in applying transfer learning across
domains is what parts of the source model can be transferred to boost performance
in the target domain. After identifying what parts of knowledge (i.e., the learned
representations, parameters, patterns, or structures that encode task-relevant infor-
mation to be transferred), the next question is how to leverage this learned knowl-
edge when transferring between two different domains (for example, through direct
reuse, adaptation, fine-tuning, or transformation into a different representation).
When to transfer asks in which scenarios transferring skills should benefit the learn-
ing process, and is still an open issue.

Most studies on transfer learning focus on what and how knowledge should be
transferred as they assume implicitly that domains are related to each other [2].
However, in the worst-case scenario, where domains are unrelated, transfer learning
may hurt performance in the target domain. For example, in [17], authors report
omitting experimental results for transferring between one of the pairs of domains
due to negative transfer issues. In [21], authors show that the method is not as
effective as learning from scratch when transferring between some datasets and that
it succeeds in cases where domains have similar structures. Negative transfer might
also be related to how an algorithm performs transfer which leads to the transfer
being unsuccessful.

Deciding when to apply transfer learning is an arbitrary decision, as transfer-
ring from any pre-trained source model is not guaranteed to help or improve the
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performance of the target task. In the absence of such an informed decision, what
remains is applying brute-force to determine which available learned source model
is more suitable for transfer to the target task. However, testing every possible pair
of source and target domains can be a costly and unfeasible approach. Selecting
an ad-hoc source model can also harm the target performance, resulting in negative
transfer [2].

When it comes to avoiding negative transfer, YANG et al. [2] point to a fun-
damental research question regarding how to measure the “distance” between any
pair of domains or tasks, and what form such a notion of distance between these
domains or tasks should be measured in. If the distance is very large, it indicates
transferring is likely to be ineffective. However, applying existing statistical mea-
sures to transfer learning has two main limitations: first, general distribution-based
distance measures often fail to reflect how hard it is to transfer a model between
tasks, and; if domains have different feature spaces and/or label spaces, one has to
first project the data onto the same feature and/or label space and then apply the
statistical distance measure.

In this thesis, we are interested in determining under which conditions transfer
learning can be performed safely. Thus, our first contribution is to propose a method
that detects from where to transfer, i.e., given a target domain and a set of models
pre-trained on different source domains, we want to know beforehand which one is
the most suitable to transfer from. To assess whether the thesis holds under different
forms of relational data representation, we independently evaluate our proposed ap-
proach within SRL and GNNs. SRL employs symbolic probabilistic representations
to explicitly encode relational dependencies and data logical structure, enabling in-
terpretable inference over entities and their interactions. GNNs, on the other hand,
rely on distributed, continuous vector embeddings learned through message passing,
capturing complex topological and non-linear patterns that emerge from graph-
structured inputs. Then, our objective is to analyze our proposed method under
both representational paradigms to assess its performance across both symbolic-
probabilistic and neural-distributed settings, providing a more comprehensive un-
derstanding of its generalizability, limitations, and robustness. In addition, this dual
evaluation yields a more comprehensive and rigorous empirical evaluation.

1.2 Hypothesis

A subsequent question presented in [2] is: “what form should such a notion of dis-
tance measure be in?” Considering the difference between semantic or topological
structures of relational datasets, one way to compare distributions is by capturing
underlying probabilities and computing their divergences [26]. However, there are
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plenty of statistical measures for computing the distance between any two proba-
bility distributions such as the Kulback–Leibler (KL) divergence and the Maximum
Mean Discrepancy (MMD), for example. To compare such data, for the source
domain, we rely on probabilistic representations of relational databases and distri-
butions learned by relational models through inference. To alleviate the complexity
of capturing probabilistic distributions directly from relational domains, for the tar-
get domain, we represent the datasets in a simplified feature space by relying on
propositionalization [27], and, then, we obtain its conditional probability distribu-
tions using Naive Bayes (NB) [28].

Let M = {mdA ,mdB} be a set of two models pre-trained on different source
datasets, dA and dB belonging to domains DA and DB, respectively, and dT the
target dataset. We posit the existence of a transferability function T : D ×D → R
to be investigated in which T (dA, dT ) > T (dB, dT ). We hypothesize that trans-
fer performance is monotonically related to source–target similarity; that is, when
transferred to dT , the model mdA , pre-trained on the most similar source dataset,
will outperform mdB :

Perf(mDA
→ DT ) > Perf(mDB

→ DT )

where Perf is a measure of performance (for example, accuracy). Then, we hypoth-
esize that a model trained using the knowledge learned from mdA will outperform
models trained using knowledge from mdB in transfer tasks.

In this thesis, we present a method to know from where to transfer and eval-
uate our method by analyzing the performance of three state-of-the-art transfer
learning-based algorithms, namely, TreeBoostler [17], TransBoostler [19–21] and
GraphBridge [14]. TreeBoostler focuses on transferring Boosted Relational Depen-
dency Networks (RDNs) [29], which propose representing conditional probability
distributions that might appear in RDNs as a weighted sum of relational regression
models. TransBoostler proposes a modification to TreeBoostler’s mapping compo-
nent to find adequate mappings by similarity. Finally, GraphBrigde is a pre-train-
tuning graph transfer framework that addresses transfer learning by relying on a
trainable side network with the capability of efficiently guiding end-to-end graph
transfer learning. This work uses 13 real-world relational datasets and compares
distributions using the Kullback-Leibler (KL) divergence [30]. To do it, it relies on
propositionalization to representing target datasets, which is the method of repre-
senting relational domains in a high-dimensional space of features for comparing
distributions more easily [27]. Our results show that algorithms perform best when
transferring between the most similar pairs of source and target domains. However,
our method can be a costly approach when used to choosing pairs of datasets for
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finding the most suitable source when transferring GNNs.

1.3 Research Questions

As we are interested in whether the similarity between source and target datasets
can be used as a reliable indicator of transfer learning performance, this hypothesis
motivates the following research questions.

Q1 Is the proposed method capable of identifying properly which datasets are the
most suitable for transfer learning in relational learning scenarios?

Q2 When instantiated with different propositionalization techniques, how does
reducing the feature space affect the effectiveness of the proposed method?

a. Does a reduced feature space impair performance compared with the full
feature space?

b. Can similar results be achieved while reducing the search space?

Q3 Does the proposed method provide time savings by avoiding the exhaustive
evaluation of all possible transfer-learning pairs?

Q4 How do different knowledge-transfer strategies employed by transfer learning-
based algorithms affect the performance achieved in the target dataset?

1.4 Contributions

Motivated by these research questions, this thesis makes the following contributions:

• A method for identifying suitable source datasets for transfer learning based
on probabilistic representations of relational datasets and the distributions
learned by predictive models.

• A domain-independent approach that can be applied to other tasks that require
comparing relational datasets.

• An analysis of the proposed method under two representation formalisms,
namely, Statistical Relational Learning (SRL) and Graph Neural Networks
(GNNs).

• For the SRL setting, an analysis of how different knowledge-transfer mech-
anisms employed by transfer learning algorithms affect performance on the
target dataset. A similar analysis is not provided for the GNN setting due to
the limited availability of transfer learning methods for GNNs.
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• The research presented in this thesis has resulted in the following journal
publications:

– Luca, T., Paes, A. & Zaverucha, G. “Word embeddings-based trans-
fer learning for boosted relational dependency networks”. Ma-
chine Learning 113, 1269–1302 (2024). https://doi.org/10.1007/

s10994-023-06404-y

– Luca, T., Paes, A. & Zaverucha, G. “Select First, Transfer Later:
Choosing a Proper Dataset for SRL and GNN Based Transfer Learn-
ing”. Machine Learning 115, 32 (2026). https://doi.org/10.1007/

s10994-025-06940-9

• And the following conference papers:

– Thais Luca, Aline Paes, and Gerson Zaverucha. 2022. “Combining Word
Embeddings-Based Similarity Measures for Transfer Learning Across
Relational Domains”. In Inductive Logic Programming: 31st Inter-
national Conference, ILP 2022, Windsor Great Park, UK, September
28–30, 2022, Proceedings. Springer-Verlag, Berlin, Heidelberg, 84–99.
https://doi.org/10.1007/978-3-031-55630-2_7

– Thais Luca, Aline Paes, and Gerson Zaverucha. 2023. “Select First,
Transfer Later: Choosing Proper Datasets for Statistical Relational
Transfer Learning”. In Inductive Logic Programming: 32nd International
Conference, ILP 2023, Bari, Italy, November 13–15, 2023, Proceedings.
Springer-Verlag, Berlin, Heidelberg, 62–76. https://doi.org/10.1007/
978-3-031-49299-0_5

– T. Luca, A. Paes, G. Zaverucha and A. d. Garcez, “Towards Robust
Neurosymbolic Relational Learning”, 2025 International Joint Conference
on Neural Networks (IJCNN), Rome, Italy, 2025, pp. 1-8. https://doi.
org/10.1109/ijcnn64981.2025.11229419.

– Thais Luca, Aline Paes, and Gerson Zaverucha. 2023. “Choose your
Graph: Dataset Selection for GNN and SRL Transfer Learning for Graph
Data”. In 6th International Joint Conference on Learning and Reason-
ing, IJCLR 2026, Valencia, Spain, September 16–18, 2026. Accepted for
publication.

1.5 Outline

The remainder of this thesis is organized as follows:
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Chapter 2, introduces the background necessary to understand the contents of
this work. We give a brief overview of First-Order Logic, Inductive Logic Pro-
gramming, and Statistical Relational Learning. We also describe Bottom Clause
Propositionalization and Semi-Propositionalization for bottom clauses. Secondly,
we introduce a brief overview of Graph Neural Networks. Finally, we also review
Transfer Learning. We also present overviews for the algorithms used to evaluate
this thesis and their transfer learning strategies.

Chapter 3 presents some related work considering transfer learning-based ap-
proaches for relational domains, with focus on SRL and GNNs, how they perform
transfer, and some works related to finding a measure to compare datasets. Lastly,
we compare the literature with our proposed method.

Chapter 4 presents the proposed method named SMART-TL and its process to
choose the most suitable source domain for transference. We evaluate our method
considering two representation formalisms: (1) SRL using transfer learning-based
algorithm named TreeBoostler and TransBoostler, which focus on transferring Re-
lational Dependency Networks across different relational domains, and; (2) GNNs
using a versatile pre-train-tuning graph transfer framework focused on knowledge
transfer across diverse graph domains named GraphBridge.

Chapter 5 presents the experimental setup for evaluating our proposed method
considering different relational datasets. We also present the datasets used in this
thesis, which are represented in logic and graphs, our experimental setup, how such
experiments were performed and the metrics used to evaluate them.

Chapter 6 presents the evaluation of our proposed method in the SRL setting.
We analyze whether the proposed method can be used as a reliable indicator of
transfer-learning performance for datasets represented using logic, investigate the
relationship between similarity and algorithms’ performance, and assess the time
savings obtained by avoiding exhaustive evaluations of all possible transfer-learning
configurations. We also analyze different instantiations of propositionalization tech-
niques within our method and investigate how different knowledge-transfer mecha-
nisms affect performance in the target domain.

Similarly, Chapter 7 presents the evaluation of our proposed method in a GNN-
based setting. We employ the propositionalization technique that achieved the best
execution time in the SRL setting and investigate whether the proposed method can
reduce the time required to train GNN models.

Finally, Chapter 8 presents the conclusions of this thesis and discusses opportu-
nities for future work.
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Chapter 2

Background Knowledge

This chapter introduces an overview of the concepts used to build this work. First,
we describe the concepts related to relational learning by presenting First-order
logic, Inductive Logic Programming, and Statistical Relational Learning. We also
describe Bottom Clause Propositionalization which is the method used to represent
relational domains in a propositional feature space to compare distributions more
easily. Secondly, we describe Graphs and Graph Neural Networks. Finally, we
introduce Transfer Learning.

2.1 Relational Learning

Traditional machine learning algorithms, such as decision trees, artificial neural net-
works, and linear models, perform attribute-value learning which refers to a machine
learning setting in which input data consist of a set of data elements, where each
element is described as a fixed set of attributes that are assigned values [31]. Such
algorithms expect inputs in a tabular format, in which each example (also called
instance or individual) corresponds to a single row or tuple, and each feature or
attribute to a single column.

The idea of representing data as points, proposed by such learning systems, holds
for tasks such as plant species classification and disease diagnosis, in which each ex-
ample can be treated and learned independently using a fixed set of features. How-
ever, we would like to consider learning functions that take variable-length tuples,
sets, sequences, or graphs as arguments. These functions are much more difficult to
specify. Techniques implied by traditional machine learning methods are useful for
building elegant and general algorithms but limited from a knowledge representa-
tion perspective which is essentially propositional (based on boolean or propositional
logic). Traditional propositional representation ignores the relational structure of
the data, which contains crucial information about how objects participate in rela-
tionships and events [7, 32].
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Figure 2.1: Examples of molecular structures from a Yeast compound (left) and an
HIV compound (right) represented as graphs. Vertices correspond to atoms and
edges correspond to chemical bonds. Each atom is labeled by its chemical element,
while bonds are categorized as single, double, triple, or aromatic.

Relational learning deals with data that have a complex structure, internally or
externally. Complex internal structures imply that instances consist of a variable
number of components and relationships among those components. Consequently,
each example cannot be adequately represented as a fixed-length feature vector. So
learning algorithms employ instance-centered representations, such as logical repre-
sentations, that capture all available information about an individual instance while
explicitly modeling its internal structure. Most real-world data is relational and
consist of different types of entities characterized by different sets of attributes [12].
One example are chemical databases like Yeast [33] and HIV [34], in which each
molecular structure of each compound can be represented as a graph where vertices
are atoms and edges are bonds. As depicted in Figure 2.1. Atoms are labeled with
their respective element type and bonds can be single, double, triple, or aromatic
bonds. In addition, taking HIV as example, compounds are classified as active
or inactive in terms of disease, so the goal is to build models that are capable of
distinguishing active from inactive compounds based on their molecular structure.
Then, the main limitation of traditional attribute–value learning approaches is their
assumption that such examples are independent and identically distributed (i.i.d.).

External structures, on the other hand, allow that relationships exist between
different data elements, so instances are generally not i.i.d., and properties of one
instance may depend not only on its own properties but also on those of related
instances. Each example itself has a relatively simple description, and relationships
may be present among these examples. For example, consider the Internet Movie
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Database (IMDB) [35], in which each movie is described by a fixed set of attributes
(like title and genre) and related to entities of other types like studio, producer, and
actor, which each are described by a different set of attributes. Movies can also
be related to each other by entities of other types. For example, they can star the
same actor, which is the case of Edward Scissorhands and Charlie and the Chocolate
Factory which are both starred by Johnny Depp and directed by Tim Burton. For
this example, the learning task could be predicting which actor has worked under
a director. Since examples are related, they might not be i.i.d., so many learning
algorithms may perform poorly if they assume they are. Also, knowledge of the
relationships among examples can be exploited by learning algorithms, as they are
a source of information.

For many applications, relationships can be either internal or external to in-
stances. For example, in classifying nodes in a graph, the connections are considered
external because the examples to classify are individual nodes. In classifying entire
graphs, connections are internal. The difference does not matter from a representa-
tion point of view. When classifying single nodes, external node’s context are part
of their descriptions. According to BLOCKEEL [9], whether the relational informa-
tion is internal or external to the object being described, it is always internal to the
representation of that object.

2.1.1 First-Order Logic

First-order logic (FOL) is a robust way to represent relational data as it extends
propositional logic to represent objects, their properties, and how these objects relate
to each other [36]. It assumes that certain relations between objects may or may
not hold. In FOL, logical facts represent assertions about objects and relations,
and a collection of such facts forms a knowledge base. Knowledge bases may also
contain logical rules that allow new facts to be inferred. Constants represent objects
from the real world. Variables are terms to be substituted by constants or function
symbols to answer questions about which constants relate to each other. Predicates
represent relations between objects in the domain.

Prolog [37] is a programming language based on FOL (not a full subset) that is
highly expressive in knowledge representation as it can be used directly to repre-
sent objects, the relationships between them, and the background knowledge of the
domain [9]. This work follows the Prolog syntax: variable names start with capital
letters, while predicates and constants are in lowercase. One example is the logi-
cal fact publication(title, jane), which represents the relation between a published
material identified by title and the person who wrote that material jane. Both title
and jane are objects of the real world.
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A relation is defined by a set of tuples of objects that satisfy it. Clear naming
improves readability and helps interpret symbols properly, but the name of such
relations does not matter formally. In our example, publication is the name of the
predicate of the relation that connects title and jane, which are constants represent-
ing the entities in the domain. Both are objects of the real world. Every predicate
has arguments that are associated with a type. The number of arguments to repre-
sent a relation determines the arity of the predicate. In our example, the predicate
publication(title,jane) has two arguments of type title and person. Since it has two
arguments, we say its arity is 2, or that it is a binary relation. Predicates can also
be used to represent properties of objects. Examples are actor(person) and direc-
tor(person). The first indicates if a person is an actor, while the second indicates if
a person is a director. These two predicates have one single argument; thus, their
arity is one (unary relations). Predicates are usually referred to as name/n, where
n is their arity. Relations can also be functional, meaning that a given object is
precisely related to one by the relation. An example is the cosine relation. In this
case, every angle has only a single cosine value. Function symbols are used to refer
to objects without naming them.

A term can be a variable, a constant, or a function symbol applied to terms to
represent objects of the real world. A predicate applied to terms, i.e., a predicate
symbol followed by a list of terms and its arguments, is called an atom. So publica-
tion(title, jane) is an atom that states that title was published by jane. Atoms may
be true or false if they hold or do not hold a relation in the real world. Atoms that
assert a relationship among constants are called ground atoms, which is the case of
publication(title, person). A literal can be an atom or a negated atom. If the atom
is true, then the negated atom is false and vice-versa. Thus, ¬ publication(title,
jane) states that title was not published by jane.

Atoms can be connected to build formulas. A single atom is already a formula,
but connectives can be applied to create more complex formulas. There are four
logical connectives. Taking into account two formulas P and Q, the connectives are:

• ¬ (not) means ¬P is the negation of P . It is the only connective that operates
on a single atom. It states that ¬P is true whenever P is false;

• ∧ (and) states that (P ∧ Q) is true whenever both atoms P and Q are true.
Then, P ∧ Q is called a conjunction. If one of the literals is false, then the
conjunction is false;

• ∨ (or) states that (P ∨Q) is true if at least one of the literals, P or Q, is true.
This construction is called a disjunction;

• : − or → (implies). A formula such as P → R is an implication or a condi-
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tional. That means R is a conclusion or consequent of its premise P . Then,
P → R is true whenever R is true or both P and R are false;

Finally, FOL has two standard quantifiers: universal quantifier (∀) and the
existential quantifier (∃). Quantifiers can express properties or concepts about an
entire collection of objects in the real world. For example, we can express the
information “If Meggy is a dog then Meggy is an animal” using FOL:

animal(meggy) : − dog(meggy)

If we want to say that every dog is an animal, we can use the universal qualifier:

∀X (animal(X) : − dog(X))

The formula above is true if and only if all sentences obtained by substituting X
for a constant are true, i.e., if the implication is true for all objects in the universe.

The information “there is a prime number that is even” can also be expressed
using FOL. By using the existential qualifier, we can say that there is at least one
prime number that is even:

∃X (prime(X) ∧ even(X))

The formula above will be true if prime(X) ∧ even(X) is true for some object
in the universe. Lastly, a disjunction of literals preceded by a universal quantifier is
called a clause. A quantifier for each variable must be presented in the disjunction
of literals. A Horn clause is a disjunction of literals with at most one positive literal.
Horn clauses are usually written in their implication form, omitting the universal
quantifier. In the example below, both literals daughter(Y,X) and son(Y,X) are
called the body of the clauses they belong to, and parent is called the head.

parent(X, Y ) : − daughter(Y,X)

parent(X, Y ) : − son(Y,X)

A Horn clause with precisely one positive literal is called a definite clause. A
clause is called a negative Horn clause if it contains no positive literals. A fact is a
definite clause whose body is empty. We usually do not use arrows while representing
facts (e.g., parent(phil,hayley)).

2.1.2 Inductive Logic Programming

Inductive Logic Programming (ILP) is a subarea of Artificial Intelligence that arises
from the intersection of inductive learning and logic programming, employing tech-
niques from both machine learning and logic programming [38]. ILP aims to develop
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tools and techniques to induce hypotheses from examples, enabling the synthesis of
new knowledge from experience. It aims to learn a theory from a set of ground
atoms, given as examples, to infer the values of unseen examples [39].

First, ILP takes as input a set of logical facts, i.e., a knowledge base. To learn a
theory, it works with positive and negative examples. Positive examples are relations
that hold, while negative examples are relations that do not hold. We represent ex-
amples as sets, where E+ and E− denote positive and negative examples of ground
atoms, respectively. Suppose we would like to use ILP to learn the relation par-
ent(X,Y), which states that a person X is the father/mother of a person Y . To
learn the parent relation, consider the following knowledge base:

KB =



father(phil, haley)

father(jay,mitchell)

mother(claire, haley)

mother(dede,mitchell)

The positive examples are the following facts:

E+ =


parent(phil, haley)

parent(jay,mitchell)

parent(dede,mitchell)

Following the principle of the closed-world assumption, the following facts are
the negative examples, i.e., relationships that we are unaware if exist:

E− =


parent(haley, phil)

parent(mitchell, jay)

parent(mitchell, dede)

Given the information from KB and using the new facts E+ and E−, we want
to learn the relationships:

H : parent(X, Y ) : − father(X, Y )

parent(X, Y ) : − mother(X, Y )

where H is the theory, a finite set of clauses and along with KB should cover all
positive examples in E+ (completeness):
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KB ∧H ⊨ E+

H is not a consequence of KB and E− (consistency):

KB ∧H ∧ E− ⊭ □,

where □ states for contradition. Combining consistency and completeness forms
correctness, so H is correct if it is complete and consistent [39]. The goal of an ILP
system is to find a hypothesis that covers all positive (complete) and none of the
negative examples (consistent). Algorithm 2.1 presents a generic ILP algorithm for a
general understanding of ILP algorithms and implementations. As can be observed,
the algorithm starts from the predicate to be learned, which is set as the head of a
rule. The body of this rule starts empty. For each step, the algorithm adds a literal
to the body of this rule in order to specialize it in a way that the clause does not
prove negative examples proved before, while still proving the positive examples.
This literal can be one of the predicates from the problem statement, the negation
of one of the predicates from the problem statement, equality between two bound
variables, and inequality between two bound variables. Recursive literals are allowed
in some ILP systems if they do not cause an infinite regression.

As it might not be possible to find a hypothesis that is both complete and
consistent, we want a hypothesis that is as close to correct as possible. Thus,
ILP is a search problem and the goal is to find the best hypothesis given a space
of candidate solutions [38]. In addition, we can differentiate ILP systems by the
direction in which this searching starts [39]. For example, Algorithm 2.1 is classified
as a top-down approach as it searches for a new clause by starting from an empty
body, the most general possible theory, proving all examples, and specializing it at
each step if needed. There is also the bottom-up approach, which starts from the
most specific theory and generalizes it. Finally, ILP systems often use a quality
criterion as a stop criterion. As the goal is to classify unseen examples, one possible
quality criterion is accuracy. So algorithms stop searching for better solutions once
they reach the desired percentage of correctly classified objects.

Algorithm 2.1: A generic ILP algorithm.
Function GENERIC_ILP_ALGORITHM(KB, E+, E-, target_predicate):

theory ← {}
while E+ > 0 do

clause ← learnNewClause(KB, E+, E-, target_predicate)
E+ ← E+ \ {positive examples covered by clause}
theory ← theory ∪ clause

end
return theory
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Bottom Clause Propositionalization

Propositionalization [27] is an ILP method that aims at converting relational
databases into attribute-value tables by creating features that summarize relation-
ships, patterns, or other structural properties. Propositionalization algorithms use
background knowledge and examples to build distinctive features to differentiate
subsets of examples. These algorithms can be logic-oriented or database-oriented.
Logic-oriented methods aim at building a set of relevant first-order features by distin-
guishing between first-order objects. In contrast, database-oriented methods focus
on exploiting database relations and functions to generate features [3].

Bottom Clause Propositionalization (BCP) [3] is a logic-oriented propositional-
ization approach that searches bottom clauses. Bottom clauses were proposed as
part of the Progol system [40], and are built from one single example using back-
ground knowledge and a language bias L. We call a bottom clause the most specific
clause constructed via inverse entailment from background knowledge and a sin-
gle example, such that it entails the example and constrains the hypothesis search
space [41]. Since the space of possible hypotheses for a task can be infinite, bottom
clauses can also be used to restrict hypothesis search space in inverse entailment-
based algorithms, which is the case of Progol.

More formally, and following the Prolog notation where : − states for the logical
implication (→), a bottom clause ⊥i concerning an example i and knowledge base
B is defined as

B ∨ ⊥i : − i.

A bottom clause contains all literals relevant to an example according to the
background knowledge (knowledge base), ensuring that any hypothesis generalized
from it covers the example. The left part of a bottom clause is called its head and
contains a single predicate representing the target concept, i.e., the target to be
learned. The right part of a bottom clause is its body and starts empty. Thus, the
most general clause considers any input as positive, e.g., ∀ X,Y motherInLaw(X,Y).

To build bottom clauses, mode declarations specify which predicates and terms
can appear in the clauses, restricting the literals that can appear in them. The goal
is to saturate each example i with all possible literals that can be derived using
the background knowledge B. The algorithm works by adding every possible literal
related to the example based on the predicates and terms permitted by the mode
declarations. During the search, the bottom clause is refined and instantiated by
adding predicates to its body, based on observed positive and negative examples,
along with any prior knowledge or constraints. The language bias (L) is a set of
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clauses that describe how these clauses can be built, how the search is done, and
how far it can go. The most common are called mode declarations, which have three
components. First, modeh predicates define which predicates can appear as the
head of the clause. Similarly, modeb predicates define which predicates can appear
in the body of a clause. Finally, determination predicates connect the literals of
body and head. The declarations modeb and modeh can also specify the input and
output variables, constants, and an upper bound on how many times the predicate
it specifies can appear in the same clause. The latter is called recall. For instance,
modeh(1,motherInLaw(-Person,+Person)) states that predicate motherInLaw can
only appear once in the clause. Progol searches for the bottom clause through
this space of declarations, passing through the determination predicates. It first
generates a clause that represents an example i in the most specific way possible.
Then, it searches L looking for modeh declarations to unify with i. If it succeeds, it
creates an initial ⊥i. The next step is to search through determination predicates
to verify which bodies in modeb can be added to ⊥i. This process is repeated until
the number of cycles (a pre-defined variable called depth) through the declarations
is reached. Algorithm 2.2 presents a procedure that finds bottom clauses for a set
of examples. Each example is given to Progol’s bottom-clause generation algorithm;
thus, for n examples, n bottom-clause representations are generated. We follow
FRANÇA et al. [42] which propose to modify Progol’s algorithm by allowing a hash
function to be shared among examples. This modification is needed to maintain
consistency between variable associations and to allow negative examples to have
bottom-clause representations, as the original algorithm only handles positive ones.
As an example, consider the following knowledge base to learn the motherInLaw
relation:

KB =


mother(dede, claire).

mother(grace, phil).

wife(claire, phil).

Mode declarations:

: −modeh(∗,motherInLaw(+Person,−Person)).

: −modeb(∗,mother(+Person,−Person)).

: −modeb(∗, wife(+Person,−Person)).
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Considering the KB and the mode declarations, when executing the algo-
rithm presented in Algorithm 2.2 by setting depth = 3 on the positive example
motherInLaw(dede, phil) and on the negative example motherInLaw(dede, grace),
it generates the following set:

E⊥ =

motherInLaw(A,B) : − mother(A,C), wife(C,B).

¬ motherInLaw(A,B) : − wife(A,C).

The motherInLaw rule states that A is the mother-in-law of B if A is the mother
of C and C is the wife of B.

During the BCP procedure, the next step is to convert each clause into an input
vector. BCP uses the set of all body literals in examples as possible features in a
truth table to simplify the feature extraction process [3, 41]. Each literal is converted
into a feature whose associated value is a Boolean indicating whether it exists in the
database example. This step is presented in Algorithm 2.3. In our example, |L| is
equal to 3 as the literals are mother(A,C), wife(C,B) and wife(A,C). Starting from
the first bottom clause, a vector v1 of size 3 is created. Its first position corresponds
to mother(A,C), the second to wife(C,B), and the third to wife(A,C). As the first
two literals (mother(A,C) and wife(C,B)) appear in the first bottom clause, the first
two positions of v1 receive value 1. Thus, v1 = (1, 1, 0). For the next example, we
only have wife(A,C), thus, v2 = (0, 0, 1).

There are other approaches similar to BCP to capture relational dataset distri-
butions such as 1BC [43] and 1B2C [44]. Both are FOL-naive Bayesian classifier
systems that generate a set of FOL features to be used dynamically as attributes
for a Naive Bayes classifier. 1BC2 uses the same data representation as 1BC and
distinguishes itself only by structural predicates rather than properties. They are
an upgrade to the attribute-value Naive Bayes assumption to FOL objects, defining
probability distributions over lists, multisets, and sets. The objective is to classify
a structured individual and estimate its probability from the probabilities of its ele-
ments. As BCP is a simple, fast-to-implement technique, we envision that features
generated via propositionalization and the data distributions computed from these
features are good indicators for computing similarities between relational datasets.

Semi-Propositionalization for Bottom Clauses

The BCP algorithm is efficient and straightforward to implement, but it often pro-
duces large feature vectors, limiting its feasibility for larger datasets due to substan-
tial computational costs associated with their construction [22]. One way to reduce
the size of such vectors is by relying on Semi-Propositionalization [45].
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Algorithm 2.2: Bottom Clause Generation [3].
Function BC_GENERATION(E):

E⊥ ← {}
for e ∈ E do

Add e to background knowledge and remove any previously inserted
examples
inTerms← {}, ⊥e← {}, currentDepth← 0
Find the first mode declaration with head h which θ-subsumes e
for v/t ∈ θ do

Replace v in h to t if v of type #
Replace v in h to vk, where k = hash(t), if v is of one of {+,-}
Add t to inTerms if v of type +

end
Add h to ⊥e
for each body mode declaration b and recall value recall do

for substituions θ of arguments + of b to elements of inTerms
and recall do

while recall number of iterations not reached do
if query(bθ, backgroundKnowledge) then

for v/t ∈ θ do
Replace v in b to t if v of type #
Replace v in b to vk, where k = hash(t) if v not of
type #

Add t in inTerms if v if ot type -
end
Add bθ to ⊥e if not added

end
end

end
end
Increment currentDepth
Go back to line 13 If currentDepth < depth
Add negation symbol to the head of ⊥e if e is a negative example
Add ⊥e to E⊥

end
return E⊥
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Algorithm 2.3: Attribute-value table generation algorithm [3].
Function TABLE_GENERATION(nLiterals, E⊥):

Ev ← {}
for ⊥e∈ E⊥ do

Create numerical vector vi of the size of nLiterals
Fill positions of vi with 0
Changes its values to 1 for each position corresponding to a body
literal of ⊥e

Add vi to Ev
Associate a label 1 to vi in case of a positive example, and -1
otherwise

end
return Ev

The objective of semi-propositionalization is to group first-order literals in order
to define propositional features. It relies on semi-propositionalized rules: rules that
cannot be decomposed into a set S of two or more rules that have equivalent semantic
meaning as the original first-order rule [42].

Definition 2.1 (Semi-Propositional Rules [45]). Variables that occur in the head
of the rule are called global variables. Variables that occur only in the body are
called local variables. A Prolog rule in which there are no local variables is called
constrained. A constrained rule in which every global variable occurs once in every
literal is called semi-propositional.

Definition 2.2 (First-Order Features [45]). For any two body literals L1 and L2 of a
given rule, L1 and L2 belong to the same equivalence class. L1 ∼lv L2 iff they share
a local variable. ∼lv is reflexive and asymmetric, and hence its transitive closure
=lv is an equivalence relation inducing a partition on the body. The conjunction of
literals in an equivalence class is called a first-order feature.

Proposition 1 (Decomposition of Rules [45]). Let R be a Prolog rule; R′ is to be
constructed as follows. Replace each first-order feature F in the body of R with a
literal L consisting of a new predicate with R′s global variable(s) as argument(s),
and add a rule L : − F . R′ together with the newly constructed rules is equivalent
to R, in the sense that they have the same success set (the set of queries covered by
this rule). R′ is also a semi-propositional rule.

We follow the method proposed by FRANÇA et al. [42] called BCPsemi−prop. In
this approach, each bottom clause is transformed into semi-propositional rules by
applying Proposition 1 to obtain features with a first-order description. Consider
the following bottom clause R⊥:
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motherInLaw(A,B) : − parent(A,C), wife(C,B), wife(A,D), brother(B,D).

The original BCP algorithm would output four features, as each literal is con-
sidered a feature itself:

parent(A,C), wife(C,B), wife(A,D), brother(B,D)

When applying semi-propositionalization, we know that motherInLaw(A,B) is
the head of the rule; thus, there are two global variables A and B. Both C and
D are local variables, as both appear only in literals of the body (Definition 2.1).
By Definition 2.2, literals belong to the same equivalence class iff they share a local
variable (C or D), thus, the algorithm iterates through the set of body literals of
the bottom clause and finds the following set of first-order features for R⊥:

F1 = {parent(A,C), wife(C,B)}

F2 = {wife(A,D), brother(B,D)}

BCPsemi−prop treats each decomposition as a feature which results in two clauses
generated from the decomposition of R⊥:

L1(A,B) : − parent(A,C), wife(C,B)

L2(A,B) : − wife(A,D), brother(B,D)

In the end, it is possible to rewrite R⊥ as the following semi-propositional rule
R′

⊥:

motherInLaw(A,B) : − L1(A,B), L2(A,B)

As illustrated by examples, the feature vector size is reduced from 4 positions
to only 2. In datasets with a larger number of literals, this can significantly reduce
resource consumption.

2.1.3 Statistical Relational Learning

One problem with ILP is that its learned rules are deterministic [46]. When manip-
ulating relational data, the objective is to draw conclusions about an entity based
on the properties of other entities to which it is related. These conclusions can be
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reached by finding correlations that are not deterministic by exploring information
between connections [46]. Dealing with real data also requires the ability to handle
uncertainty. This uncertainty can arise on many levels, since real-world data can be
noisy and/or contain incomplete information. Examples of uncertainty in real data
are misspellings and occlusions. Thus, relational learning tasks require sophisticated
treatment of uncertainty at multiple levels of representation [7] as there might be
uncertainty about the attributes of objects, an object’s type, identity, relationship
membership, and so on.

Statistical Relational Learning (SRL) combines elements from statistical and
probabilistic modeling to represent and learn in domains with complex relational
and rich probabilistic structure [7]. They are a concise representation of probabilis-
tic dependencies among the attributes of different related objects. Representations
using SRL can be based on logic or frame-oriented formalisms. Some of its popular
tasks are collective classification, linked-based clustering, and link prediction [12].
There are several different SRL formalisms, including Probabilistic Relational Mod-
els [47], Relational Dependency Networks [48], Bayesian Logic Programming [49]
and Markov Logic Networks [50]. We present a brief review of each model, except
for relational dependency networks, which we detail in the next section.

Probabilistic Relational Models (PRMs) are the first successful methods
proposed for SRL [12]. It combines logical representation with probabilistic seman-
tics based on directed graphical models. In PRMs, random variables correspond
to attributes from different tables, and edges represent correlations between sets.
There are two types of PRMs: PRMs that consist of fixed objects and their re-
lationships, with fixed and uncertainly only over descriptive attributes of entities
and relationships; and PRMs with structural uncertainty in which objects are fixed,
but uncertainty is over objects to which relationships correspond. Parameters are
learned using the likelihood function, which is defined as the probability of the data
given the graphical model. To learn the structure, PRMs use greedy algorithms that
iteratively modify the structure by adding, removing, or reversing edges to increase
the score. The maximum a posteriori (MAP) and score functions like Bayesian In-
formation Criterion (BIC) [51] can be used for evaluating different structures. The
structure with highest score is chosen as the next candidate.

Bayesian Logic Programming (BLP) is based on Bayesian networks [52]. It
uses logic programming to unify Bayesian networks with logic programming. BLPs
use Bayesian clauses that use a conditional probability table to present the distribu-
tion of the head of the clause conditional on its body [12]. They also use combining
rules to unite information into a single literal, which is the head of several clauses.
BLPs are produced from logical programs. BLPs use Bayesian clauses, which are
different from logical clauses because they use a conditional probability table to keep
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the probability of the head conditioned to its body. Combining rules are used to
compute the conditional probability distribution for the variable that includes the
union of all parents. Learning in BLPs is a probabilistic extension of learning in
ILP. A score function is used to evaluate how accurate the clauses are and the best
match refers to parameters of associated conditional probability distributions that
maximize the score function. This score function is based on maximum likelihood.
Structure learning follows the same approach of rule learning in ILP systems, i.e.,
adding and deleting literals, instantiating variables, and using unification of vari-
ables on literals or clauses. Several operations are executed simultaneously to speed
up the learning procedure.

Markov Logic Networks (MLNs) extend FOL by adding weights for each
formula [12]. MLNs are a set of pairs of formulas and their corresponding weights.
Every formula is in FOL and weights can be any real number. Each ground in a
MLN is represented as a binary node. The value of a node is 1 if the ground atom
is true and 0 if it is false. An edge connects two nodes if the ground predicates
appear together in at least one grounding of a formula. The size of the model grows
with the number of objects. Parameter learning consists of finding the weight of the
formulas, which is equivalent to computing parameters in other models. Weights
are computed by maximizing the pseudo-likelihood of the data, which approximates
the log-likelihood that is NP-hard to compute. Structure is learned using CLAU-
DIEN [53] system, for example.

Inference is computational complex and the biggest limitation of most SRL mod-
els. Pseudo-likelihood can fail in giving significant results if querying variables are
distant in the model. Also, structure learning in SRL can face difficulties of scala-
bility and efficiency due to large datasets. Similar to ILP methods, MLNs’ structure
learning is not scalable and very inefficient for large datasets. Inference is quicker
in RDNs because they approximate joint distributions.

Relational Dependency Networks

Another problem faced when dealing with real-world data is the need to handle auto-
correlation, a statistical dependency between the values of the same variable across
related entities and a ubiquitous characteristic of relational datasets [7]. Observing
autocorrelation in data provides a strong motivation for using relational techniques
for learning and inference. Examples of relational datasets that have reported au-
tocorrelation include topics from hyperlinked webpages, protein functions located
together in a cell, tuberculosis infections among people in close contact, and so on.

In the presence of autocorrelation in relational data, the model performance can
be improved since inferences about one object can inform inferences about related
objects. Besides, collective inference across the entire dataset yields more accurate
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predictions than conditional inference for each example independently, and the gains
over conditional models increase with increasing autocorrelation [47]. Thus, joint
relational models enable exploiting autocorrelation by estimating a joint probability
distribution over the entire dataset and collectively inferring the labels of related
instances.

Relational Dependency Networks (RDNs) [48] are graphical models that have
the capacity to express and reason over dependencies. Also, they are able to handle
autocorrelation as they allow representing cyclic dependencies which are required to
express and exploit autocorrelation during collective inference. RDNs consist of a
simple method for structure learning and parameter estimation, which builds models
that easy understandable and interpretable.

RDNs are an extension of dependency networks (DNs) [54] which represent a joint
distribution over a set of variables. They allow cyclic dependencies as they accept
bi-directional relationships among variables. DNs are an approximate representation
of the joint distribution with a set of conditional probability distributions that are
learned independently [7]. To do this, DNs encode probabilistic relationships among
a set of variables X in a way that combines characteristics of both undirected and
directed graphical models. Dependencies among variables are represented with a
bidirected graph G = (V,E) in which dependencies are quantified with a set of
conditional probability distributions P . Each node vi ∈ V corresponds to a feature
Xi ∈ X and is associated with a conditional probability distribution P (vi|Pa(vi))
that gives the probability of the feature given its parents. G contains a directed edge
from each parent node vj to each child node vi, i.e., (vj, vi) ∈ E iff Xj ∈ Pa(vi),
where Pa(vi) is the set of parents of node vi, a set of variables that render Xi

conditionally independent of the other variables: P (vi|V − vi) = P (vi|Pa(vi)).
RDNs extend DNs to work with relational data by approximating the joint dis-

tribution of a set of random variables as a product of conditional distributions over
a ground atom. RDNs consist of a set of predicates and function symbols that
can be grounded given the instantiation of variables. Associated with each pred-
icate Yi in the domain is a conditional probability distribution P (Yi|Pa(Yi)) that
defines the distribution over the values of Yi given its parents’ values Pa(Yi) [48].
Aggregators such as count, max, and average can be used to combine the values of
groundings. Figure 2.2 presents an example of an RDN for the movies domain. The
nodes correspond to predicates, and the edges represent probabilistic dependencies
between them. Note that there are bidirectional relationships between actor, di-
rector, and movie predicates because if a person has participated in a movie, there
is a probability that this person is an actor or a director. Then, learning RDNs
corresponds to learning conditional probability distributions. To capture their dis-
tributions, NEVILLE and JENSEN [48] use relational probability trees [55] and
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relational Bayesian classifiers [56].

actor director

movie

Figure 2.2: Example of an RDN for the movies domain.

RDN-Boost

Both SRL algorithms used in this thesis, namely TreeBoostler and TransBoostler, to
evaluate SMART-TL are based on RDN-Boost. RDN-Boost [29] is an SRL frame-
work that learns a set of relational regression trees using gradient-based boosting.
Each conditional probability distribution learned by RDNs can be represented as a
Relational Regression Tree (RRT) [55].

In [29], authors define an RDN as an approximate model in which the joint
probability distribution of a set of logical atoms is modeled as the product of their
conditional probability distributions, which can be learned independently [7]. Fol-
lowing previous work [57], RDN-Boost uses RRTs to fit the gradient function to all
features in the training examples. Unlike classical regression trees such as decision
trees, RRTs’ inner nodes (or test nodes) are conjunctions of literals (atoms). Fig-
ure 2.3 presents an example of RRT. Formally, RDNs are defined as a directed graph
G = (V,E) in which nodes vi ∈ V represent atoms πi, such as father(Person,Person),
that contain logical variables that can be instantiated to generate ground atoms like
father(phil,haley). An edge (vm, vi) ∈ E encodes the dependency between atoms πm
and πi.

actor(A),director(B)

movie(C,A),movie(C,B) -0.141

0.858 -0.141

True False

True False

Figure 2.3: Example of RRT to predict if A workedunder B.
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Suppose a generic predicate π ∈
∏

in which
∏

denotes the set of all atoms.
Also, Dπ = {(xi, yi)}Ni=1 is a relational dataset relative to predicate π. Each instance
i ∈ Dπ represents a negative or a positive sample of this predicate. π is characterized
by xi, the set of facts that influence it and by yi ∈ {0, 1} which is the label associated
to it. In fact, xi represents the ground atoms (observed values) that influence π and
yi represents the observed values of the predicate π. Let Yi be a random variable
that represents if the predicate is classified as a positive example of the i-th instance.
We can define a model based on logistic regression for binary classification. This
model estimates the probability of the target predicate π being positive based on
the facts xi by applying a sigmoid function to a learnable function ψ. This function
is given by ψ : X → R, where X ⊇

⋃
i xi. For each i, we have

P (Yi = 1|xi;ψ) =
1

1 + e−ψ(xi)
. (2.1)

Letting ϕ(xi) = P (Yi = 1|xi;ψ), we can express the likelihood of observing yi

given the facts xi as:

P (yi|xi;ψ) = ϕyi(xi)(1− ϕ(xi))1−yi =

ϕ(xi), if yi = 1

1− ϕ(xi), if yi = 0.
(2.2)

The function ψ can be learned by optimizing an objective function that is usually
the conditional log-likelihood (CLL) of the dataset dπ given by

L(dπ;ψ) = ln
N∏
i=1

P (yi|xi;ψ) =
N∑
i=1

yi lnϕ(xi) + (1− yi) ln(1− ϕ(xi)). (2.3)

ψ is a non-parametric function. Also, RDN-Boost is based on gradient ascent,
where the learning algorithm starts with an initial potential ψ0 and iteratively adds
gradients ∆i. So ψ is approximated by the sum ofK regression functions (regressors)
for K > 0. For k ∈ {1, · · · , K} the k-th iteration produces both the increment ∆k

and the regressor ψk as in

ψk = ψ0 +∆1 + · · ·+∆k. (2.4)

As proposed by FRIEDMAN [58], ∆k is the functional gradient at episode k
given by

∆k = ηk × Ex,y

[
∂

∂ψk−1

log(P (y|xi;ψk−1))

]
, (2.5)

where ηk is the learning rate. Ex,y is an expectation that cannot be computed, as
the joint distribution P (x,y) is unknown. Then, the functional gradient methods
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treat data as a surrogate for the joint distribution and compute functional gradients
for each training example (xi, yi), instead of computing over the potential function,
conditioned on the potential from the previous iteration (ψk−1):

∆k(yi;xi) = ∇ψ

∑
i

log(P (yi|xi;ψ))|ψk−1
. (2.6)

As pointed out by DIETTERICH et al. [59], functional gradient boosting is the
fitting of a regression function hk(y, x) on the training examples [(xi, yi),∆k(yi;xi)].
hk(y, x) is not exactly the same as ∆k, but it will point in the same direction, assum-
ing that there are given enough training examples. Then, the regression function is
trained in the form of a regression tree hk and fitted to minimize∑

i

[hk(yi, xi)−∆k(yi, xi)]
2 (2.7)

over all examples. It allows learning both the structure and the parameters of RDNs
simultaneously. Interactions among variables are introduced only when needed, so
the algorithm does not consider the potentially large search space, and the number
of parameters grows with the number of training episodes. Also, the algorithm is
fast and straightforward to implement, and combining multiple regression trees helps
avoid overfitting [59].

2.2 Graph Neural Networks

A graph is a mathematical structure that is composed of an ordered pair consisting
of a set of V nodes (or vertices), and a set of edges E. Similarly to RDNs, a graph
is represented as G = (V,E), in which a node v ∈ V and an edge (u, v) ∈ E, with
E ⊆ V ×V between u and v nodes, forming an ordered pair of nodes (u, v) ∈ V ×V .
Nodes represent basic entities that compose the atomic parts of the information,
while edges encode properties that connect a pair of entities [60]. By definition, a
set of edges is a binary relation defined over the nodes. Thus, any learning problem
in which relationships can be described as single binary relations, the training set
can be represented as a graph [9]. Examples include web mining, where the set
of links between pages forms a binary relation, and social network analysis, where
entities are connected by the binary “friend” relation.

Graphs can be a significant challenge for traditional machine learning algorithms,
especially when large and complex. Graphs can be irregular, some may have a vari-
able size of unordered nodes, and nodes from a graph may have different numbers
of neighbors, resulting in some important operations (for example, convolutions)
that are easy to compute on images to be hard to apply for graphs [61]. Tradi-
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Figure 2.4: Different granularities of graph learning tasks within a graph, including
edge-level, node-level, subgraph-level, and graph-level predictions [1].

tional machine learning methods may handle graphs by using a preprocessing phase
that maps the graph structure information to a simpler representation, for example,
embeddings. However, this preprocessing step may result in the loss of structural
information, particularly topological dependencies, depending on the chosen repre-
sentation [62].

Graph data contains information at multiple structural levels, so different types
of tasks are defined according to different hierarchical levels [1]. Tasks are defined
at node-level, edge-level, or graph-level (entire graphs or sub-graphs depending on
the application). Figure 2.4 presents various hierarchical graph-based tasks. Node
classification, node clustering, and node regression, for example, are defined in the
node-level taxonomy. Link prediction and edge classification are edge-level tasks.
Finally, examples of graph-level tasks are graph classification, regression, and graph
matching.

Graph-based learning systems have two different approaches to handle topo-
logical dependency of data. First, systems can learn from examples with external
relationships, node-level setting, so the entire dataset is represented as a single graph,
with each node corresponding to an example. The goal is to predict node or edge
properties, the existence of edges (link prediction), or whether two nodes refer to the
same entity. The classification or regression depends on the properties of each node.
Typical examples include citation networks or social networks, where labels or prop-
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erties are predicted for individual nodes based on their features and their connections
to other nodes (node-level learning). Other approaches rely on individual-centered
strategies in which each example is itself a graph. The typical goal is to learn a
graph classification model [9]. Classification of chemical compounds is an example
of the application of this approach as compounds can be modeled by graphs so it is
possible to learn a function that estimates the probability that a compound causes
a certain disease.

Graph Neural Networks (GNNs) [1, 62, 63] are an extension and evolution of
deep learning-based methods to process graph data. They are models based on
information diffusion mechanisms, built to capture dependencies between entities
represented by nodes. In this type of model, a graph is processed by a set of
units, each unit corresponding to a node of the graph, linked according to the graph
connectivity. GNNs work on message passing so that every unit (node) updates its
state and exchanges information with its neighbors for a fixed number of iterations
(or layers). Through an iterative process, each node refines its representation based
on the structure of the graph and the characteristics of its neighboring nodes.

More formally, given G = (V,E), the set N (u) represents the neighbors of u,
where u ∈ V , i.e., the nodes connected to u by an edge. Each node u is assigned a
feature vector xu in the graph which represents the initial information or attributes
of this node, with or without edges associated with edge feature vector x(u,v), is fed
to a GNN as one of its input. hu and h(u,v) are the hidden representations for nodes
and edges, respectively. Then, we initialize the hidden state of each node with its
associated feature vector so h(0)

u = xu. Similarly, the hidden representation for each
edge is given by h(0)

(u,v) = x(u,v). Both h(0)
u and h0

(u,v) are the initial hidden states for
nodes and edges to be used as input to the subsequent message passing and updates.

During message passing, each node u exchanges information with its neighbors
by sending its current hidden representation h

(i)
u to every node v ∈ N (u). Each node

v then receives messages from its neighboring nodes and aggregates this information
to obtain a representation of its local neighborhood. The aggregated information is
subsequently combined with the current state of v to update its hidden represen-
tation, enabling the node to incorporate both its own features and the structural
information of the graph. The message passing aggregation and update operations
are given by:

h(i+1)
u = Update

(
h(i)
u , Aggregate({h(i)

v , ∀v ∈ N (u)})
)

h(i+1)
u = Update

(
h(i)
u ,M

(i)
N (u)

)
M(i)

N (u) = Aggregate({h(i)
v , ∀v ∈ N (u)}),

(2.8)
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where h(i)
u corresponds to the representation of node u at level i and M(i)

N (u) is the
message from node’s neighbors at the same level based on some pooling strategy
(max, mean, etc.). Edge features are commonly incorporated during message pass-
ing, thus, the message function M depends on:

h(i+1)
u = Update

(
h(i)
u , Aggregate(M{h(i)

v ,h
(i)
(u,v), ∀v ∈ N (u)})

)
h(i+1)
u = Update

(
h(i)
u ,M

(i)
N (u)

)
M(i)

N (u) = Aggregate({h(i)
v ,h

(i)
(u,v), ∀v ∈ N (u)}).

(2.9)

Both Update and Aggregate functions are arbitrarily differentiable (usually neu-
ral networks). Message passing updates of the hidden states do not require the
shared parameters of Update and Aggregate functions, but those can be shared to
reduce the total number of learnable parameters and, on some graph types, it helps
in reducing overfitting. The Aggregate function takes the set of representations, i.e.,
embeddings, of the neighboring nodes N (u) of node u and creates a message M(i)

N (u)

based on the aggregated neighborhood information in the i-th iteration. When learn-
ing edge features, both the neighboring nodes N (u) and their edges’ representations
are aggregated to create a message. The Update function combines the message
with the prior embedding (h(i)

u ) of node u to produce the updated embedding h(i+1)
u .

The updated state h(i+1)
u is the refined representation of node u which also in-

cludes information about its neighbors. Message passing and updates are repeated
for a predefined number of iterations (epochs) or until a stop criterion is reached. For
each iteration, each node incorporates information from distant nodes in the graph
so the amount of information accessed by such nodes is gradually increased. Finally,
the embeddings for each node after i iterations of message passing are defined by
the output of the last layer:

zu = h(i+1)
u , ∀u ∈ V. (2.10)

The GNN first learns node embeddings through message passing. These em-
beddings capture structural and feature-based information about each node. Link
prediction is then performed by applying a decoding function to pairs of node em-
beddings to estimate the probability of an edge between them:

p(u, v) = σ(f(zu, zv)), (2.11)

where f is a decoder function, e.g., dot product, bilinear function or a Multilayer
Perceptron (MLP) over concatenation (f(u, v) =MLP ([zu||zv])), and σ is a sigmoid
function that outputs the probability that edge (u, v) exists. Edge features can be
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included in the decoder:

p(u, v) = σ(f(zu, zv,h(u,v))). (2.12)

More concrete forms of Update and Aggregate functions, simplifying the original
GNN models proposed in [62] and [63] for the message passing of the GNN are given
as:

h(i+1)
u = σ

(
W(i+1)

u h(i)
u + W(i+1)

N (u)

∑
v∈N (u)

h(i)
v + b(i+1)

)
, (2.13)

where σ is the element-wise non-linearity, W(i+1)
u and W(i+1)

N (u) ∈ Rd(i+1)×d(i) are train-
able parameter matrices of the node u and its neighboring nodes N (u). The bias
term b(i+1) ∈ Rd(i+1) is frequently removed for notational simplicity, but incorporat-
ing such a bias term may be essential to achieve high performance.

In resume, GNNs work on learning representations called node embeddings or
graph embeddings. The final hidden state of each node, which contains information
about itself and characteristics of its local neighborhood, serves as a high-level rep-
resentation that can be used for various tasks. For node-level tasks, it can be used
directly as the output for each node, while, for graph-level tasks, a different read-
out function is used. This function is often a simple technique such as sum, mean,
or max pooling. It is responsible for aggregating node-level representations into a
single graph-level embedding, providing a summarization across all nodes. Finally,
the output of this readout function is commonly used as input for a final layer that
is specific for the task to be solved like a softmax for classification or a regression
layer.

2.3 Transfer Learning

Machine learning models can be trained on abundant, high-quality data, and still
make mistakes, especially when applied to different scenarios (i.e., different domains
or tasks) or when data are subject to substantial distributional shifts over time.
For classification tasks, such as user mood identification, for example, a model built
on teenage messages might dramatically underperforms when applied to the same
task but using messages from grown-ups as teenagers and adults express themselves
differently [2].

In addition, machine learning models often assume that the training and test
data are sampled from the same feature space and/or distribution [25]. In case of
a distributional shift, a new model must be trained from scratch using new data.
Obtaining and labeling new data is a significant effort when building AI applications,
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and it is a major obstacle to applying AI in the real world [2]. When it comes to
relational learning, models may also suffer from a lack of high-quality data instances,
which is due to having too many relations, where the available ones are too scarce
to learn an accurate model [2]. As a consequence, training times can become very
long, making relational models an unfeasible and costly approach.

Transfer learning [2] is a technique in which models extract knowledge from
one or more application scenarios to help boost the learning performance in a new
scenario. It has become an important approach when distributions differ, especially
because collecting new data can be expensive or even impossible. It may also be
the key to reducing the recalibration effort as a model trained in one time period
can be adapted to predict data in a new time period [2, 25]. Transfer learning aims
at providing models with the ability to recognize knowledge previously learned in a
source domain and apply this knowledge to a new model in a target domain. And
it is suitable for relational learning to overcome reliance on large, high-quality data,
since it relies on useful information from related domains [2].

Transfer learning aims at promoting AI in less-developed application areas, as
a well-developed model in one domain can benefit from learning other similar do-
mains. However, having an accurate “distance” measure between domains is needed
to develop a more robust transfer learning methodology as using knowledge from
a pre-trained model is no guarantee to accurately learning a new one. Also, if the
distance between two domains is large, then one may not wish to apply transfer
learning due to the risk of a negative effect [2]. Conversely, if two domains are “close
by”, transfer learning can be successfully applied.

2.3.1 Notations and Definitions

In this thesis, we follow the notations introduced by PAN and YANG [25], in which
a domain D consists of a feature space X and a marginal probability distribution
P (X), where X = {x1, · · · , xn} ∈ X . Taking the user mood classification problem
as an example, where each term is a binary feature, X is the space of all term vectors,
xi is the ith term vector that corresponds to some messages, and X is a particular
learning sample. In general, if two domains are different, they may have different
feature spaces or different marginal probability distributions.

Given a specific domain D = {X , P (X)}, a task consists of a label space Y
and an objective predictive function f(·) and is denoted by T = {Y , f(·)}. f(·) is
an unobserved function that can be learned from training data and can be used to
predict unseen examples. Training data consists of pairs {xi, yi}, where xi ∈ X and
yi ∈ Y . We use f(x) to predict the corresponding label of a new instance x. From a
probabilistic point of view, f(x) can be written as a conditional probability P (y|x).
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Given only one source domain DS and one target domain DT , which is the
most popular case found in literature, we denote the source domain as DS =

{(xS1 , yS1), · · · , (xSn , ySn)}, where xSi
∈ XS is the data instance, and ySi

∈ YS

is its corresponding label. Similarly, we denote the target domain data as DT =

{(xT1 , yT1), · · · , (xTn , yTn)}, where xTi ∈ XT and yTi ∈ YT is its corresponding label.
In most cases, 1 ≤ nt << ns. Finally, we can define transfer learning following PAN
and YANG [25]:

Definition 2.3. Transfer Learning: Given a source domain DS and a learning
task TS, a target domain DT and a learning task TT , transfer learning aims to
help improve the learning of the target predictive function fT (·), i.e., the conditional
probability distribution PT (YT |XT ), in DT using knowledge in DS and TS, where
DS ̸= DT , or TS ̸= TT .

The transfer learning process is depicted in Figure 2.5. In a traditional machine
learning process (left), models learn from scratch, while transfer learning techniques
(right) transfer the knowledge previously learned from one or more solved tasks to
a target task that has fewer training data available. It settles the problem of lack
of data in the target domain with more knowledge gained from the source tasks.

Target
data

Source 

A 

Source 

B 

Source 

C 

Model A Model B Model C

Different Tasks

Source 

A 
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Figure 2.5: Comparison of traditional machine learning (left) and transfer learning
environments (right).

Given a domainD = {X , P (X)}, the conditionDS ̸= DT implies either XS ̸= XT

or PS(X) ̸= PT (X). Either the term features are different between the two sets,
or their marginal distributions are different. Similarly, given a task defined as a
pair T = {Y , P (Y |X)}, the condition TS ̸= TT implies that either YS ̸= YT or
P (YS|XS) ̸= P (YT |XT ). If target and source domains are the same (DS = DT ) and
so are their learning tasks (TS = TT ), it becomes a traditional machine learning
problem. There are two different scenarios when domains are different: (1) the
feature spaces between the domains are different (XS ̸= XT ), or; (2) the feature

33



spaces between domains are the same but marginal probability distributions between
domain data are different (P (XS) ̸= P (XT ), where XSi

∈ XS and XTi ∈ XT ). The
former corresponds to when the two sets of documents are described in different
languages, while the latter may correspond to scenarios in which we have source
and target domains focusing on different topics, for instance.

Given two specific domains, we have two scenarios for different learning tasks
TS and TT : (1) the label spaces between the domains are different (YS ̸= YT ),
or; (2) the conditional probability distributions between the domains are different
(P (YS|XS) ̸= P (YT |XT ), where YSi

∈ YS and YTi ∈ YT ). For example, the first
scenario corresponds to having a source domain that describes binary user mood
classes, while the target domain describes ten different moods. The second scenario
corresponds to the situation in which the source and target messages are highly
unbalanced in terms of the user-defined classes. If there is an explicit or implicit
relationship between the feature spaces of the two domains, we say the source and
target domains are related.

2.3.2 Techniques and Approaches

According to [2, 25], there are three important research issues when designing a
transfer learning algorithm:

What to transfer concerns which part of knowledge can be transferred across
domains or tasks. Different domains can have some knowledge in common that
may help improve performance in the target domain. Also, some knowledge may be
specific to individual domains or tasks, or may not be suitable to specific domains.

When to Transfer asks in which situations is suitable to apply transferring.
The goal is to know when knowledge should or should not be transferred. When
domains are not related to each other, brute-force transfer may be unsuccessful and
can even hurt the performance of learning the target domain. This is referred as
negative transfer.

How to transfer describes the form a transfer learning method transfers knowl-
edge. [2] lists different answers to answering this question to categorize transfer
learning algorithms:

1. instance-based algorithms: knowledge transferred corresponds to the weights
attached to source instances.

2. feature-based algorithms: knowledge transferred corresponds to the subspace
spanned by the features in the source and target domains.

3. model-based algorithms: knowledge transferred is embedded in part of the
source domain models.
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4. relation-based algorithms: knowledge to be transferred corresponds to rules
specifying the relations between the entities in the source domains. One big
challenge when applying transfer learning to SRL is how to transfer vocabulary
from a source domain into a different target domain. Transferring is based
on the assumption that the relations among data in the source and target
domains have common regularities. There are two mechanisms of relation-
based transfer learning:

Most of the current studies focus on “what to transfer” and “how to transfer”.
How to avoid negative transfer is also an important open issue. Thus, a funda-
mental question asks how to measure the “distance” between pairs of domains or
tasks. Another follow-up question is “what form should such a notion of distance
measure be in?” [2, 64]. Both domains and tasks consist of two components which
are, respectively, a feature space and a marginal probability distribution (domain),
and a label space and a conditional probability distribution (task). It is possible
to use some statistical measures for distance between probability distributions like
Kulback–Leibler divergence, A-distance (for measuring the domain separation) and
Maximum Mean Discrepancy (MMD), for example, to measure the distance between
domains or tasks by assuming source and target domains share the same feature (la-
bel) space [25, 65]. However, YANG et al. [2] recall for some limitations on the use
of such statistical distance measures for transfer learning. First, researchers have
found that these general distribution-based distance measures are often too coarse to
properly measure the distance in the transferability between two domains or tasks.
Secondly, if the domains have different feature spaces and/or label spaces, one first
has to project the data onto the same feature and/or label space so that the statis-
tical distance measures can be applied as a follow-up step. We propose to determine
from where to transfer by choosing the most suitable pre-trained model for trans-
ferring by comparing the underlying probabilistic distributions of the target dataset
with the probability estimates generated by the provided source model. Knowing
this distance enables pairing datasets with the lowest distance values. YANG et al.
[2] also recall that this distance measure might leverage identifying what common
parts of knowledge between tasks can be used to reduce the distance between do-
mains or tasks (what to transfer), and how to reduce the distance between domains
or tasks based on the identified common knowledge (how to transfer). In this the-
sis, we are interested in comparing predictive behavior rather than just raw data
distributions. In this way, we are able to capture how features map to labels, which
is the main weakness of distributions measures, by assuming a well-trained and cal-
ibrated source model. Using inference through pre-trained source models to infer
probabilities reflects whether what was learned transfers, which is closer to expected
transfer performance instead of just data similarity. Finally, relying on proposition-
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alization for the target dataset makes the comparison possible and injects relational
information into features.

Finally, transfer learning can be categorized into three sub-settings, each based
on different situations between source and target domains and tasks. For more
details on transfer learning categorization, refer to [25].

1. Inductive transfer learning : if the target task is different from the source task,
it does not matter if the source and target domains are the same or not.
Some labeled data in the target domain are required to induce an objective
predictive model fT (·) for use in the target domain. Inductive transfer learning
can be categorized into two cases according to different situations of labeled
and unlabeled data in the source domain:

1.1 If a lot of labeled data is available, inductive transfer learning is similar to
the multi-task learning setting. But, inductive transfer learning setting
only aims at achieving high performance in the target task by transferring
knowledge from the source task while multi-task learning tries to learn
the target and source tasks simultaneously.

1.2 In the lack of labeled data in the source domain, inductive transfer learn-
ing setting is similar to the self-taught learning setting [66]. In this case,
the label spaces between the source and target domains may differ, im-
plying that information from the source domain cannot be used directly.

2. Transductive transfer learning : source and target tasks are the same, but
domains are different. There is no labeled data available in the target domain,
but there is a lot in the source domain. It can be categorized into two cases:

2.1 The feature spaces between the source and target domains are different
(XS ̸= XT );

2.2 The feature spaces between domains are the same (XS = XT ) but
the marginal probability distributions of the input data are different
(P (XS) ̸= P (XT )).

3. Unsupervised transfer learning : It is similar to inductive transfer learning set-
ting, yet the target task is different from but related to the source task. It
focuses on solving unsupervised learning tasks in the target domain, and there
is no labeled data available in both source and target domains in training.
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2.3.3 Relational Transfer Learning

Relational learning models can suffer from the lack of data [2], long training time
and substantial memory resources [14]. Besides, changes in the relational domain
lead to the learned model to drop dramatically its performance, as a consequence,
there arises the need to retrain it from scratch.

Relation-based transfer learning tackles building the mapping of the relational
knowledge across source and target relational domains [2]. For SRL models, the main
challenge is how to transfer vocabulary from a source domain to a quite different
target domain. Transferring is based on the assumption that the relations among
data in the source and target domains have common regularities. There are two
mechanisms of relation-based transfer learning:

• First-order Relation-based : it assumes that, if two domains are related, they
may share some similar relations among data instances, which can be trans-
ferred across domains. As an example, the relation workedunder between an
actor and a director is analogous to the relation advisedby between a student
and a professor.

• Second-order Relation-based : it assumes that two related domains share some
similar relation-independent structural regularities. These regularities can be
extracted from the source domain and then transferred to the target domain.
Many abstract rules about relations are valid across different real-world do-
mains. As an example, in linguistics, words with similar distributional char-
acteristics tend to be semantically related.

Figure 2.6 shows an example of both mechanisms from an academic domain into
the movies domain. TreeBoostler, one of the models used to evaluate our proposed
method, is based on first-order transfer as it transfers and adapts relational model
structures directly in order to obtain a new model by brute-force mapping predicates.
TransBoostler, on the other hand, modifies TreeBoostler’s mapping approach to
perform such mapping by relying on similarity between embeddings of predicates
from source and target domains.

For GNNs, the main challenge is due to two forms of heterogeneity in graph
data: task heterogeneity and domain heterogeneity [14]. First, since the transfer
learning paradigm assumes consistency between source and target tasks, adapting
GNNs to new tasks can be a problem due to different output formats and knowledge
requirements (task heterogeneity). Secondly, since transfer learning assumes that
domains are related, significant differences in node features, connection patterns,
and topology between source and target domains might be encountered (domain
heterogeneity). For example, the HIV [34] molecular dataset has 8 input features
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Figure 2.6: Example of relational-based transfer mechanisms [2].

and 1-dimensional output for graph classification, while the Cora network [67] has
1433 input features and output of the same dimension as the number of nodes for
node classification. Thus, a GNN trained in a source domain might not perform
optimally on a new dataset with a different structure. When the pre-training source
domain differs significantly from the task’s domain, it results in negative transfer,
highlighting the need for approaches to bridge larger domain gaps.

2.3.4 Algorithms for Relational-based Transfer Learning

This section presents the algorithms used to evaluate our proposed method, namely,
TreeBoostler, TransBoostler, and GraphBridge. The first two learn from symbolic
representation and used to evaluate our method for SRL while the last one focuses
on neural relational representations and is used to evaluate our method for GNNs.

TreeBoostler

TreeBoostler [17] is a transfer-learning-based framework that relies on the concept
of legal mappings [15] to transfer RDNs. It works on first-order relational-based
transfer learning as it models entities, relations, and predicates. It builds upon
boosted relational regression trees to learn predictive structures in a source domain
and transfers this knowledge to a target domain through predicate mapping and
theory revision.

A mapping is legal (or adequate) if each source predicate is assigned to a compat-
ible target predicate (or an empty one). Compatibility requires that both predicates
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have the same arity and matching argument types under type constraints. These
constraints enforce that each source type maps to at most one target type and are
updated as mappings are created. As predicates are mapped sequentially, later map-
pings must follow the already established type constraints. For example, an initial
mapping can create new type correspondences (e.g., mapping person → project,
genre → person), which then restrict how subsequent predicates can be matched.
Then, a mapping for the predicate advisedby(person,person) can only be compati-
ble with sameproject(project,project). The algorithm finds the best overall predicate
mapping by exhaustively searching all legal mappings for unmapped predicates in
a node and selecting the one that produces the best split, measured using weighted
variance. The process starts at the root of the source tree and proceeds recursively,
updating mappings as it goes. If no legal mapping is found, a source predicate is
mapped to an “empty” predicate.

Transferring a learned theory across domains usually requires more than just
mapping vocabularies, because differences in data distributions can introduce errors.
To fix these issues, TreeBoostler uses theory revision, which adjusts the transferred
model to better fit the target data. The process works in three main steps: (i)
identifying revision points, i.e., locate paths in trees that lead to poor predictions
(measured by “bad” weighted variance); (ii) applying revision operators, which pro-
poses changes to those points, and; (iii) select the best version by comparing the
original transferred theory with revised versions to keep the most accurate one. Tree-
Boostler applies two types of revision operators: pruning (generalization operator),
which removes nodes to increase example coverage, and expansion (specialization
operator), which adds nodes to refine splits and reduce example coverage.

Experimental results indicate that even the initial stage of the transfer process,
only predicate mapping and parameter learning, outperforms learning from scratch
while requiring less training time. Applying theory revision provides a mechanism
to address gaps introduced when transferring knowledge between related but dis-
tinct domains. Although just transference may not always yield high-performing
models due to distributional differences, inaccuracies can be effectively mitigated
through revision. The experimental results show that TreeBoostler achieves bet-
ter performance than other transfer learning-based methods, but we also observe
that transferring RDNs can negatively impact performance when domains are sig-
nificantly different. The application of theory revision consistently enhances the
quality of transferred models by adapting them to the target domain. However, it
comes at the cost of increased computational effort.
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TransBoostler

TransBoostler [19–21] is another transfer learning-based algorithm that is also
grounded in first-order relational representations and focused on transferring RDNs.
It comprises the same top-level components of TreeBoostler: first, the source boosted
trees structure is transferred to a different target domain by finding adequate pred-
icate mappings by similarity. Then, the algorithm revises the mapped trees by
pruning and expanding nodes to fit the target data better. The most significant dif-
ference between TransBoostler and TreeBoostler is how the former finds adequate
predicate mappings. TransBoostler solves the problem of transferring vocabulary
by mapping predicates by similarity.

Besides assuming domains can be related, TransBoostler also assumes predi-
cates have meaningful names. In this way, it takes advantage of the semantics of
pre-trained word vectors to find a suitable mapping by similarity. To do this, Trans-
Boostler first builds a list of pairs of predicates, ordered by similarity, computed
using metrics over the predicates’ embeddings. Next, it can map predicates as they
appear in structure (called depth-first mapping), so predicates closer to the root have
priority, or it follows an ordered list of pairs by similarity to employ the most similar
mappings (called ranked-first mapping). To compare such similarities, it relies on
word vectors pre-trained on Wikipedia with fast-Text Skip-gram [68]. Using pre-
trained word vectors is essential as the predicates of relational datasets constitute a
very limited vocabulary. Thus, a source predicate is mapped to a target predicate if
it has the highest similarity value in comparison with other target predicates while
maintaining variables’ consistency, i.e., it only considers predicates of the same arity
when computing similarities.

Experiments have shown that TransBoostler succeeds for most pairs of source
and target domains when tested using four similarity measures. In this thesis, we use
TransBoostler with depth-first mapping while applying Euclidean distance, which
is the simplest way to measure distance between two real-valued vectors, and this
approach has lead the algorithm to its best performance for most experiments. As
presented by [19–21], TransBoostler achieves competitive results but still under-
performs TreeBoostler for some pairs of experiments. Whereas it is still a good
alteroriginally, as it achieves good results in less training time.

GraphBridge

Applying transfer learning to GNNs is challenging due to two major problems: task
heterogeneity and domain heterogeneity. When the pre-training source domain dif-
fers significantly from the task’s domain, it results in negative transfer, underscoring
the need for new approaches to bridge larger domain gaps.
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GraphBridge [14] is a versatile pre-train-tuning graph transfer framework focused
on knowledge transfer across diverse graph domains. Unlike TreeBoostler and Trans-
Boostler, it does not manipulate predicates or logical rules, nor does it operate on
relational clauses, so it is not first-order relational learning. Instead, GraphBridge
operates on representation, models and task adaptation mechanisms, working on a
second-order-like perspective.

It comprises two stages for transfer learning for graph data: a pre-training stage
and a tuning stage. The pre-training stage can be adapted to various existing graph-
level pre-training techniques, enabling the framework to leverage them to obtain a
base model for tuning. In this step, no transfer is performed; it is limited to training
a pre-trained model on the source dataset. In [14], authors employ GraphCL [69]
and SimGRACE [70] for base model pre-training. GraphCL is a self-supervised
graph representation learning method that uses data augmentations and contrastive
learning to maximize agreement between differently augmented views of the same
graph. SimGRACE is a contrastive graph learning approach that avoids explicit
data augmentation by creating positive pairs via model perturbations and contrast-
ing representations generated by slightly different encoders. In other words, while
GraphCL learns useful graph representations by training the model to recognize
that different, slightly modified versions of the same graph should still be similar,
SimGRACE learns such representations without modifying the data, by having the
model compare outputs from slightly different versions of itself.

The tuning stage comprises three components (this step corresponds to the
transfer-learning phase): input bridge, efficient-tuning, and output bridge. To han-
dle the challenge of varying input and output dimensions between source and target
tasks, GraphBridge relies on adaptable input dimension adapters (both learnable
and non-learnable) to support transfer learning scenarios of varying complexity. To
enable knowledge transfer between domains with different feature representations,
the input bridge adjusts the source and target features to a common input space.
Rather than updating the parameters of the backbone, authors present a train-
able side network proficient in efficiently guiding end-to-end graph transfer learning.
These methods refer to a family of techniques often studied in domain adapta-
tion, transfer learning, and graph generalization [14]. The goal is to adapt node
or edge features across domains or graphs without changing the graph structure or
the message-passing mechanism. In this way, node (or edge) feature representation
can be transferable, invariant, or aligned across different graphs or domains. In
other words, the input bridge transforms the input data to match the representa-
tion space expected by the main neural network. Similarly, the output bridge is
an output adapter for different graph tasks (node, edges or graphs). To do this, it
integrates several learnable predictor heads (task-specific output layers) designed for
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different graph-embedding tasks, obtained from the tuning process (described in the
following). This is important to ensure the generation of appropriate output formats
for various tasks. For example, a pooling operation followed by a linear prediction
head is used to generate predictions for each graph in graph classification tasks. In
contrast, in node classification tasks, a linear head is used directly for predictions,
ensuring that each node corresponds to a label.

More importantly, to address the domain gap and mitigate negative transfer
in GNNs, the efficient-tuning component introduces two effective graph-side tuning
techniques that not only address negative transfer but also ensure resource efficiency:
Graph-Scaff Side-Tune (GSST) and Graph-Merge-Side-Tune (GMST). In general
Graph Side-Tuning, a pre-trained GNN is adapted to new tasks or graph domains
without fine-tuning the original model, i.e., a large pre-trained model is frozen and a
small trainable “side” GNN is attached to learn task- or domain-specific corrections
to its representations by learning a lightweight auxiliary graph network whose out-
put is combined with the frozen backbone’s output. In GraphBridge’s GSST, this
auxiliary network is set directly as a randomly initialized MLP. MLPs can achieve
graph learning performance comparable to GNNs when guided by knowledge from
GNNs [71, 72]; thus, tuning efficiency can be further enhanced while transfer perfor-
mance is ensured [14]. Besides, training the MLP only using node features alleviates
the high computational overhead of graph convolutional layers, responsible for en-
abling the extraction of structured patterns from local neighbors, both used by
GraphCL and SimGRACE as they both use graph encoders. Finally, a GNN model
with frozen parameters produces activations at each layer, which are passed through
a down-sampling layer and fused layer-wise with the outputs of the trainable MLP
side-network. The loss for the task t is formulated as

L(xt,yt) =
∥∥∥αs · σGNN(xt,At;W

∗
g | GNNpre)

+(1−αs) · σMLP (xt;W random)− yt

∥∥∥. (2.14)

where {xt,At,yt} corresponds to node features, adjacency matrix, and labels of t.
σGNN with pre-trained-init parameters W ∗

g and σMLP with random-init Wrandom

are the output of the frozen base model and activated side network, respectively.
Finally, αs is the set of fusion α for each layer between base and side. GSST fixes
the parameters of the base model and adjusts the MLP side network parameters
for optimization while α blending parameters are updated during back-propagation.
By only back-propagating through the side network, GraphBridge avoids the need
to compute and retain the base model’s gradient values, which is an additional
memory-efficient attribute.

GSST is effective for some task scenarios; but, if a significant domain gap exists,
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GMST is more effective for addressing negative transfer. In scenarios with substan-
tial knowledge disparity between source and target domains, using the base model
might trap the model in a local optimum. It is crucial to mitigate the impact of
bias from the source domain in the target domain, so GraphBridge’s GMST fuses
a backup model, a mirror of the structure of the pre-trained model (same architec-
ture) but initialized randomly, with the original pre-trained model. The parameters
of backup and pre-trained models are frozen, and the merging of parameters between
each layer of the base model is controlled by the learnable scaling α. In the forward
stage, the activation of each base model layer is first combined with the backup
(randomly initialized) and pre-trained (original) models before being directed to the
side network for merging. Given the two-step model fusion, back-propagation for
the task t has minor modifications compared to GSST (Equation 2.14):

Φb(xt) = αb · σGNNbase_model
(xt,At;W

∗
g|GNNpre)

+(1−αb) · σGNNbackup_model
(xt,At;W g),

(2.15)

Φs(xt) = σMLP (xt;W random), (2.16)

L(xt,yt) = ||αs · Φb(xt) + (1−αs) · Φs(xt)− yt||, (2.17)

where Φb and Φs are the output of base merged activations and side activations,
respectively, αb is the set of fusion parameters for each layer of the base model.
Finally, σGNNbase_model

and σGNNbackup_model
are the pre-trained base model and the

backup model that is randomly initialized. Equations 2.15, 2.16, and 2.17 only
add forwarding of the gradient of the base model fusion parameter to the back-
propagation, so the gradient of side-tuning itself does not change, maintaining the
parameter-efficient attribute of the approach. However, Equation 2.15 indicates that
merging the backup and pre-trained models can introduce additional randomness
into the base model, reducing the negative impact of the source-domain bias on
tasks. GMST has been demonstrated to perform significantly better than GSST in
more difficult transfer learning scenarios.
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Chapter 3

Related Work

During our research, we focused on the following aspects: works that are related to
relational transfer learning, how the literature has measured the “distance” between
data distributions, and how to compare relational domains. We highlight works
related to the research in this thesis to identify areas for improvement and develop-
ment, thereby establishing a foundation for our research. Finally, we highlight the
contributions brought to this thesis and compare our proposal with other works in
the literature.

3.1 Relational-based Transfer Learning

A review of the literature reveals a research gap in the “when to transfer” question.
Most of the work focuses on what and how to transfer, but when to transfer or, at
least, from where to transfer is an arbitrary decision. We present the works found
in the following subsections, considering the two distinct approaches to represent
knowledge: Statistical Relational Learning and Graph Neural Networks.

3.1.1 Transfer Learning in Statistical Relational Learning

Transfer learning in SRL mainly differs in terms of what knowledge is transferred
and how correspondences between domains are established. Existing approaches
can be broadly divided into two categories: (i) methods that explicitly search for
mappings between predicates, clauses, or relational structures across domains; and
(ii) methods that transfer structural patterns or learning biases without relying
on direct predicate mappings. In the following, we review representative works
according to this taxonomy and mention TreeBoostler [17] and TransBoostler [19–
21], which serve as baselines for the present work.

LTL [16] focuses on finding structural regularities as it performs type-matching
to identify predicates in the target domain that are similar in relational structure to
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predicates in the source domain. In this work, what is transferred is the structure,
and how it is done is by performing type-based tree construction. Then, it uses
theory refinement in each clause by adding or deleting predicates to try to improve
its accuracy.

The TAMAR [15] algorithm focuses on transferring knowledge by mapping
clauses between domains. To do it, the algorithm assumes that two domains share
similar relations. It uses weighted pseudo-log-likelihood (WPLL) to perform an ex-
haustive search through the space of all legal mappings, thus, the mapping that
gives the best WPLL in the target domain is used as the mapping for a clause in
the source domain. It also revises the structure to improve its accuracy. SR2LR [73]
is an extension of TAMAR that focuses on transferring MLNs by producing type-
consistent mappings. The main difference is that SR2LR deals with minimal target
data as it considers only one entity is available (single-entity-centered case) in the
target domain. Then, the theory is generalized for more than one entity.

GROOT [18] focuses on transferring RDNs by finding mappings between pred-
icates in source and target domains. To do it, it relies on a genetic algorithm in
which each individual is composed of chromosomes which are feasible mappings and
a fitness function value. Chromosomes correspond to trees. An individual is a set
of trees and each node of its trees is an alelo. Mapping is performed randomly but
restricted to the arity of predicates and type-consistence. Predicates are mapped
sequentially and respecting the order they appear in the trees.

In TODTLER [74], knowledge transfer is viewed as the process of learning a
declarative bias in one domain. Thus, it focuses on second-order clauses to generalize
regularities from one model to another. To perform transferring, it proposes a two-
stage procedure that learns which second-order patterns are useful in the source
domain to bias the learning process in the target domain towards models that have
the same patterns.

Finally, we have TreeBoostler [17] and TransBoostler [19–21], which are described
in Section 2.3.4. Both focuses on transferring RDNs from a source domain to a
target domain. While TreeBoostler performs an exhaustive search by building type
constraints to find adequate mappings for a source predicate in the target domain,
TransBoostler proposes a modification to TreeBoostler’s mapping component by
taking advantage of the semantics of pre-trained word vectors to find mappings by
similarity. Both rely on Theory Revision to improve their inferrence capabilities.

3.1.2 Transfer Learning in Graph Neural Networks

Implementing GNNs requires significant training efforts and substantial memory
resources. So researchers have begun to equip such models with transfer learning
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capabilities, since the use of pre-trained models aims to reduce the need for extensive
training and less time and resource demands. However, applying transfer learning to
GNNs is problematic due to different output formats between tasks and knowledge
requirements, and significant differences between graph structures across varying
graph datasets [14]. Thus, pre-trained GNNs may perform poorly if the source task
is not aligned well with the target task. Also, GNNs trained on a specific dataset
may present limited generalization performance when applied to datasets that differ
in structural properties.

In [75], authors demonstrate that naive pre-training strategies, which learn only
at the node-level or only at the graph-level, usually provide limited performance
gains and may cause negative transfer. So authors propose using easily accessible
node-level information to capture domain-specific knowledge about nodes and edges
along with graph-level knowledge. To do it, they propose a unified strategy that
jointly pre-trains GNNs at both the node and graph levels to learn complementary
representations. Nodes are trained to predict structural context beyond their im-
mediate neighborhood, which encourages awareness of higher-order graph structure.
This is called node-level self-supervised pre-training. In graph-level supervised pre-
training, the model is pre-trained on multiple graph-level prediction tasks simulta-
neously embedding domain-specific information directly into graph representations
that are later fine-tuned for downstream tasks. In this way, negative transfer is
mitigated, and GNNs can learn useful representations at global and local levels to
be able to generate graph-level representations that are robust and transferable to
different downstream tasks.

Some work focuses on using data augmentation to enhance the adaptability of
GNNs models so a model can be trained on one specific dataset and then fine-tuned
for various downstream tasks. In [76], authors focus on the design of graph data
augmentations within graph contrastive learning (GCL). The authors argue that
commonly used uniform and manually designed augmentations fail to account for
the heterogeneous importance of nodes, edges, and features, leading to suboptimal
representations. To address this, they propose an adaptive augmentation framework
that is aware of both structural and semantic information. At the topological level,
node importance is estimated using centrality measures, ensuring that structurally
critical nodes and edges are preserved across augmented views. At the attribute
level, node features are corrupted non-uniformly, with stronger noise applied to less
informative nodes. This adaptive strategy improves the quality of contrastive views
and results in more robust and informative graph representations. In [70], authors
address the heavy reliance of GCL on graph data augmentations to generate con-
trasting views. Augmentations for graphs is challenging due to the diverse and
complex nature of graph structures. Thus authors propose SimGRACE, a simple
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augmentation-free framework for graph contrastive learning. Instead of constructing
multiple graph views through data perturbations, SimGRACE generates contrast-
ing views by perturbing the encoder itself. The same input graph is processed by a
standard GNN encoder, and a stochastically perturbed version of that encoder (via
weight noise or dropout) producing two correlated but non-identical representations
for contrastive learning. This approach relies on the observation that encoder per-
turbations preserve graph semantics more reliably than graph-level augmentations.

Finally, GraphBridge [14], the algorithm used in this thesis, is a versatile pre-
train-tuning graph transfer framework focused on knowledge transfer across diverse
graph domains. For more details about GraphBridge and how it performs transfer
learning between GNNs, please refer to Section 2.3.4.

As presented in this chapter, transfer learning has succeeded when applied to
many relational methods. However, these works discuss what knowledge should
be transferred to learn a new model and/or propose methods to take advantage
of this knowledge learned to avoid learning a new model from scratch. None of
these works has described how to select pairs of datasets for experiments. The lack
of methods for selecting pairs of datasets might indicate that choosing a source
for a target domain is an arbitrary decision. Besides, how these works perform
transferring might also be indicative to determine if transferring is feasible or not.
LTL, TAMAR, and TreeBoostler, for instance, use brute force to build mappings
as they test every possible mapping and choose the one with the best performance
given certain criteria. GraphBridge, on the other hand, seems to pick the best
source model ad-hoc by choosing the largest dataset to train a source model. In
this case, there are no experimental results for different pre-trained source models
which has limited the exploration of the method for datasets containing different
sizes and vectors of features. In this thesis, we focus on how to pick the best source
model for a target domain based on dataset characteristics obtained from underlying
probabilities.

3.2 Data Distribution Comparison

Different datasets might have different data distributions. Transfer learning allows
these distributions to differ, so knowledge of one model can be used to help train
a new one. Some work on Transfer Metric Learning [26], a subfield of transfer
learning, aims to leverage knowledge by revealing the underlying data relationship,
highlighting the distribution divergence between source and target domains, and
trying to minimize the distance via distribution approximation [26, 77]. Other works
focus on finding a common subspace where distributions are close to each other [65,
78].
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Concerning distance-based transfer, in [64], authors propose to apply transfer
learning via dimensionality reduction by learning a low-dimensional latent feature
space where distributions between source and target domains are the same or are
close to each other. The proposal is to use this latent feature space, where the
marginal distributions of the data between different domains are close to each other,
as a bridge for transferring knowledge from the source domain to the target domain.
Authors state that if two domains are related to each other, there are many common
latent variables that dominate the observed data. The work proposes an algorithm to
minimize the distance between distributions of the data in different domains in a low-
dimensional latent space. To estimate the distance between different distributions,
authors use the Kullback-Leibler (KL) divergence.

In [79], authors propose a framework that relies on instance weights to bridge dis-
tributions of different domains to address classification and regression problems. It
applies the Mahalanobis distance to maximize the intra-class distances and minimize
the inter-class distances for the target domain. By using the Mahalanobis distance,
it proposes a more efficient method that utilizes the intrinsic geometric information
among the instances from different domains with similar or dissimilar labels. In this
way, it can maximize the inter-class distances and minimize the intra-class distances
for the target domain. The framework also proposes an optimization method to
overcome the limitations of learning such instance weights in a pipeline framework.
The Mahalanobis distance is also used in [77] to maximize inter-class and minimize
intra-class distances. Authors propose an algorithm that uses two projection ma-
trices to project the source and target samples into a latent common sub-space to
reduce the distribution gap. To try to minimize the distribution differences of do-
mains, authors propose a reweighting strategy that constructs a Laplacian graph
with the extraction of samples modeled into graphs. This performs a more efficient
classification approach. Finally, it also proposes a reweighting approach to select
more related instances for training.

In [80], authors propose a metric transfer learning method to infer domain-
specific data embeddings for unseen domains (target domains). By using labeled
and unlabeled data obtained from multiple domains, it models each domain as the
latent domain vector, which is estimated from the set of feature vectors in the corre-
sponding domain. Latent feature vectors are constrained so that similar data points
are placed close to each other while dissimilar ones are separated apart in the embed-
ding space of each domain. Unlabeled data has no information but it has geometric
information that characterizes domains by their data distribution. The method in-
corporates such information on the basis of a probabilistic framework. It uses two
neural networks to infer both latent feature vectors and latent domain vectors. The
first one models the posterior of the latent feature vector given the observed feature
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vector and latent domain vector. The second one models the posterior of the latent
domain vector given the set of the observed feature vectors which requires the set
of observed feature vectors to be estimated.

Although, transfer metric learning is not directly applied in this thesis, its lit-
erature is rich in information on how to represent data in different feature spaces
and underlying probabilities, and how to compare such data. But none of these
works consider relational datasets as they work with tabular datasets. Works show
that an efficient way to compare domains is by relying on underlying probabilities.
Inspired by transfer metric learning, we envision using the underlying probabilities
of datasets to compare relational domains.
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Chapter 4

SMART-TL

This chapter introduces our method for identifying the most suitable source domain
for a given target domain before the transfer process begins. We named it SMART-
TL: Similarity-based Multi-source Aware Recommendation for Transfer Learning.
It relies on probabilistic representations of relational databases and distributions
learned by relational models to compare relational datasets.

4.1 The From Where to Transfer Problem

SMART-TL focuses on estimating transferability between datasets, a key require-
ment for deciding whether transfer learning is likely to be beneficial and for identify-
ing suitable source domains. To this end, it captures datasets’ underlying probability
distributions and computes divergences between them.

Unlike previous approaches that compare datasets based on their marginal distri-
butions, SMART-TL focuses on predictive behavior by approximating conditional
probability distributions. This enables the method to capture how features are
mapped to labels while incorporating relational information among features, rather
than only comparing feature distributions. Another limitation of using marginal
distributions is that they ignore dependencies and interactions among variables, as
each marginal distribution describes a variable independently of the others. SMART-
TL addresses such limitations by generating proxies leveraging pre-trained models
to perform inference on the source data while providing means to approximate the
data distribution in the target data. As a result, its closer similarity measure reflects
the expected transfer performance, since the model’s predictions can provide direct
evidence of whether the knowledge learned in the source domain can be successfully
transferred to the target domain.

The challenge of measuring the “distance” between pairs of domains or tasks,
and how it should be measured, as pointed out by YANG et al. [2], addresses that
large distances indicate that transfer might be ineffective. Another strategy for
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quantifying the relationship between probability distributions is to use divergence
rather than distance. Similarity, distance and divergence are very closely related
concepts with the same objective. However, similarity measures increase as distri-
butions become more alike, whereas distance and divergence measure dissimilarity,
and, therefore, decrease as proximity increases. In general, similarity is inversely
related to both distance and divergence: highly similar objects tend to have small
distances and low divergence values, while dissimilar objects are characterized by
larger distances and greater divergence. These measures can be viewed as comple-
mentary perspectives on the same underlying notion of proximity. We choose to use
divergence because we care about the information lost when one distribution is used
to approximate another through transferring knowledge.

The two main limitations when using statistical measures pointed by YANG et al.
[2] are: (i) general distribution-based distance measures may not provide a reliable
indication of the effort required to transfer knowledge learned in one task to a dif-
ferent target task, and; (ii) when domains differ in their feature and/or label spaces,
the data must first be mapped into a common feature and/or label representation
before a statistical distance measure can be applied. Traditional measures such as
KL divergence, Jensen-Shannon divergence [81], or MMD, are typically computed
directly on feature distributions or data projections [2, 64]. This strategy might
quantify statistical differences between two datasets, but does not explicitly account
for the behavior of the source pre-trained model. In contrast, SMART-TL evalu-
ates datasets through the inference produced by pre-trained source models, whereas
the propositionalized representation encodes a proxy for the behavior of models in
the target domain. Therefore, it is expected that the resulting comparison between
pairs of source and target datasets is computed in a space that reflects the source
models’ learned hypotheses rather than only using the original feature distributions.
So we may measure “distance” more closely related to knowledge transferability:
datasets that produce similar inference patterns may be likely to admit similar pre-
dictive structures. If the inference patterns differ significantly, the success of transfer
may become less likely. We envision that this assumption addresses limitation (i).
Secondly, statistical measures require direct comparison between corresponding vari-
ables. Then, if two datasets have different features, dimensionalities, or label spaces,
a common representation is often needed. Our method overcomes such a problem
by implicitly creating such a representation through the inference process. In this
way, we are able to set both datasets into the same representation space, which may
address limitation (ii).
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4.2 Transferability Estimation through Distribu-

tion Divergence

In machine learning applications, p is often the true distribution that we seek to
model, while q is the approximation of that true distribution, which is also the
prediction generated by the model. In transfer learning, we train a model to learn
a predictive function fS(·), i.e., PS(YS|XS), and the goal is to use the knowledge
learned to build such function to learn another dataset dT to build a new predictive
function fT (·), i.e., PT (YT |XT ). Although domains and tasks can be different, we
hypothesize that we can identify the best source domain to perform transfer learning,
if we are able to compute the divergence between the source and target datasets
distributions. Thus, our goal is to use data in the target dataset dT to compute the
“effort” to learn it using the knowledge represented by distribution PS(YS|XS). To
do it, we compute an approximation for PT (YT |XT ).

Given a set of datasets, in which D = {dA, dB, · · · , dN}, where N is a finite
number and each dataset may represent different domains, we assume a set of pre-
trained models M = {mdA ,mdB , · · · ,mdN} trained on each dataset. SMART-TL is
grounded in Definition 4.1, stated below.

Definition 4.1. Given a set of models M pre-trained on datasets D, let T be a
function that measures the suitability of transferring knowledge between datasets di
and dj.

Given T (dA, dT ) > T (dB, dT ) > · · · > T (dN , dT ), our proposed method indicates
dA as the most transferrable domain to dT which means that transferring knowledge
from mdA is the best choice to improve the performance of models when learning dT .
This transferability between datasets can be computed by comparing the underlying
probabilities using some divergence measure. In this thesis, we choose the Kullback-
Leibler (KL) divergence [30], which is presented in Equation 4.1.

DKL(PS||PT ) =
∑
x

PS(y = 1|x) log

(
PS(y = 1|x)
PT (y = 1|x)

)
. (4.1)

KL divergence is widely used in information theory to measure how much a
probability distribution differs from a reference distribution. Instead of measuring
distance between distributions, the KL divergence measures the amount of informa-
tion lost when one distribution is used to approximate another. Another possible
way of comparing different distributions is applying the Hellinger distance [82]. Al-
though both measure how different two probability distributions are, we use KL
divergence as we want an asymmetric notion of dissimilarity. Our hypothesis is that
it is possible to estimate the effort required to train a new model in a target domain
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when initializing it with knowledge learned from a different domain. As KL is not
a true distance metric, it violates symmetry and triangle inequality properties, so
DKL(PS||PT ) ̸= DKL(PT ||PS). We take advantage of such an assumption, as our
objective is to measure how different the target domain is from the source domain.
In this way, DKL(PS||PT ), where PS and PT are the data distributions of the source
and target domains, respectively, measures how much of the target distribution cap-
tures and covers information the source model already knows. It is also important to
note that we do not compute DKL(PT ||PS), as we treat PS as the “true distribution”
under the assumption of well-trained, calibrated source models. Furthermore, PT is
just an approximation of the target dataset, as we no longer want to train a model
for comparison; we want to generate good proxies instead. Finally, T is presented
in Definition 4.2.

Definition 4.2. Let PS be the conditional probability distribution inferred from a
model pre-trained on source dataset dS, and let PT be the approximate conditional
probability distribution from a target dataset dT . The transferability function T is
defined as

T (dS, dT ) = −DKL(PS ∥ PT ).

The effectiveness of a transfer method might depend on how the source and tar-
get tasks relate to each other. In the literature, most proposed algorithms assume
domains are related, but there is no evidence or proof that the chosen pair of source
and target datasets is the most suitable for transference. In most cases, the pair
of source and target datasets is chosen ad hoc. If domains are indeed related and
the transfer method can leverage this relationship, performance in the target do-
main may improve through transfer. If they are not closely related, or the transfer
method cannot effectively explore the relationships, the performance may fail or
even decrease [83]. Therefore, estimating the divergence between source and target
distributions is a fundamental step in assessing transferability, enabling us to infer
Assumption 4.1.

Assumption 4.1. Let dT be a dataset in the target domain (DT ). Let dSA
and dSB

be datasets from source domains DA and DB, used to train models mSA
and mSB

,
respectively. If T (dSA

, dT ) > T (dSB
, dT ), then Perf(mSA

→ dT ) > Perf(mSB
→

dT ).

Where Perf(m, d) denotes the predictive performance achieved after adapting
model mi to dataset di, measured using an application-appropriate evaluation met-
ric.
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4.3 Generating Proxies for Relational Domains

Marginal distributions are insufficient for representing relational datasets as they
ignore dependencies among entities and their associated labels. Datasets with simi-
lar marginal distributions may exhibit substantially different relational patterns and
predictive behaviors. For this reason, given a set of datasets D = {dA, dB, . . . , dN},
we represent each dataset di by its underlying conditional probability distribution
Pi(Yi|Xi). Under this representation, transferability between datasets can be ana-
lyzed by comparing their conditional distributions, which characterize the predictive
relationship between the input and output spaces of each dataset, rather than by
comparing the datasets themselves.

In this thesis, we assume a scenario in which we have a new dataset dT to apply
transfer learning. We also assume to have a pre-trained model mdA and some data
d′A sampled from the same domain (DA) used during training, where DA ⊇ {dA, d′A}
but dA ̸= d′A. Both dT and d′A are relational datasets (either logic-based or graph-
based) while mdA can be SRL- or GNN-based machine learning model. We do not
compare dT and d′A directly but instead leverage knowledge from related domains
to reveal the underlying data relationships. Capturing probability distributions in
relational domains is not trivial, as entities and their relationships are represented
by a vocabulary and an underlying topology rather than by i.i.d. features composed
of numerical or categorical data. To obtain the conditional probability distribution
in the source domain, we use a simple and effective strategy: performing inference
in the pre-trained model mdA using the sample data d′A. We assume that mdA is a
robust, well-founded model for generating such data representations. To alleviate
the complexity of directly capturing probabilistic distributions from the target do-
main, SMART-TL comprises two top-level components to obtain such distributions.
First, the target dataset is represented in a simplified feature space via proposition-
alization [27]. Secondly, its conditional probability distribution is obtained using
Naive Bayes (NB) [28].

In traditional machine learning models, the variables are fixed, while in relational
domains, the number of objects and relationships are uncertain. Also, in relational
domains, the dataset usually corresponds to a single relational world, not to many
draws from a distribution. Even within a single relational dataset, we cannot de-
termine what counts as an observation, which can be each edge, node, subgraph, or
ground atom. Then, the first step of our method is to represent relational data in a
simple feature space, enabling easier comparison of distributions. To do it, we use
a simple and traditional approach to generate conditional probability distributions
in the target domain based on Naive Bayes (NB) [28], which is presented in Equa-
tion 4.2, where x is the example for inference and y is the positive class. We intent
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to show that NB works properly for generating proxies of distributions. Since NB
is a propositional method, i.e., it requires input in a tabular format, we must first
represent examples in a single table.

P (y|x) = P (x|y)P (y)
P (x)

. (4.2)

Transforming relational domains into propositional domains is the objective of
propositionalization [27]. We envision that propositionalized feature representations
provide an informative approximation of the underlying relational structure and that
the empirical distributions induced by these representations can therefore be used as
indicators of similarity across relational datasets. This assumption is supported by
prior work showing that propositionalization methods encode relational information
into feature-based representations suitable for effective learning [84].

4.4 Practical Computation of Transferability

Applying the KL divergence poses several practical challenges when comparing prob-
ability distributions. In particular, KL divergence is ill-behaved when either the
source (PS) or target (PT ) distribution assigns zero probability to events that have
non-zero probability under the other distribution. Additionally, the presence of
probabilities close to zero can lead to numerical instability. Moreover, KL is highly
sensitive to support mismatch: if PT (xT ) = 0 but PS(xS) > 0, the KL divergence
becomes infinite, rendering it unsuitable for robust comparison in such cases. To
overcome this problem, we add a smoothing term ϵ to handle mismatches:

PT (xT )← PT (xT ) + ϵ

PS(xS)← PS(xS) + ϵ,
(4.3)

where ϵ = 10−10. We choose to use epsilon smoothing since it is simple, cheap and
guarantees finite KL values. But the Shrinker method [85] could also be applied to
overcome such problem.

As we use KL divergence to quantify the dissimilarity between pairs of distribu-
tions, the larger the divergence, the greater the difference between the two. Note
that our goal is not to compute precise divergence values, but rather to obtain
proxies that can guide the selection of promising source-target pairs.

Also, to proper compare distributions and ensure both distributions may differ
in size, we normalize such distributions by using histograms to obtain the densities
of the arrays. In this way, we are able to map distributions in a common sample
space. Normalization is performed using histograms to convert a variable-size set
into a fixed-size vector. However, raw histograms are not enough; to remove size
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effects, the histogram is normalized. We rely on the implementation of Numpy’s
histogram 1 by setting the density parameter to true. In this way, it is possible to
apply the correct normalization, obtain a stable comparison across re-binning, and,
most importantly, ensure that our distribution has probabilistic meaning. Thus,
it is possible to obtain a probability density function while removing size effects,
making our distributions suitable for comparison using the KL divergence. Lastly,
the samples must use the same bins; otherwise, features are incomparable, so we fix
the number of bins and keep it as small as possible to obtain a very stable, low-
variance, coarse summary. The normalization process is presented in Algorithm 4.1.

Algorithm 4.1: Source and target distribution normalization process using
histogram.

IMPORT numpy AS np
Function HISTOGRAM_NORMALIZATION(PS,PT):

n_bins← min(sizeOf(PS),sizeOf(PT ))
P̃S ← np.histogram(PS,bins=n_bins,density=true)
P̃T ← np.histogram(PT ,bins=n_bins,density=true)

return P̃S, P̃T

Machine learning algorithms learn patterns or representations from data during
training, so source data distributions are generated through inference using pre-
trained models. Our method consists of loading the pre-trained model (mdA) and
using a sample of the source data (d′A) to infer such probability distribution (PS).
On the other hand, we only have the target data available to choose from which
model to transfer. The objective is not to learn from these data to compare their
distributions but to obtain a naive, approximate representation of the data to rely
on when comparing datasets. Thus, we rely on NB to obtain the target distribution
(PT ). As we are dealing with relational data, we first generate features via propo-
sitionalization, so that their probabilities are captured by a discriminant function.
Lastly, our method computes the divergence between PS and PT for each source
candidate and the given target and returns the most similar source domain to this
given target. Algorithm 4.2 presents our proposed method to find the source domain
most similar to a given target domain. Figure 4.1 presents a diagram to illustrate
the algorithm.

1https://numpy.org/doc/2.2/reference/generated/numpy.histogram.html
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Figure 4.1: Workflow of the proposed method: obtaining source-domain probabilities
through inference with a pre-trained model, applying propositionalization in the
target domain to train a Naive Bayes (NB) classifier, and computing divergences
between the resulting probability distributions.

Algorithm 4.2: Our proposed method. Input consists of a list of source
domains, the pre-trained models generated from them, and the new target
domain.
Function MOST_SIMILAR(srcDomains, preTrainedModels, DT):

divergencies← {}
Ttrain, Ttest ← split DT by setting one mega-example for training and one
for validation

Ttrain ← propositionalization(Ttrain)
Ttest ← propositionalization(Ttest)

NB ← nb_classifier(Ttrain)
PT ← NB(Ttest)
for ds ∈ srcDomains do

Stest ← set one fold of Ds for inference
MS ← load pre-trained model on DS

PS ←MS(Stest)
kl← KL(PS, PT )
Insert kl to divergencies

end
mostSimilar ← the domain with smallest kl value in divergencies

return mostSimilar
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Chapter 5

Experimental Methodology for
SMART-TL

This chapter presents the methodology used to address the research objectives out-
lined in Chapter 1. It describes the materials, experimental environment, and eval-
uation method employed to ensure reproducibility and validity of the results.

5.1 Datasets

We consider 13 publicly available relational datasets to evaluate our work. The
first six are datasets that were originally represented using logic, while the remain-
ing five were originally represented as graphs. For the purposes of our evaluation,
datasets are later converted according to the formalism in which our method is be-
ing evaluated: originally graph-based datasets are represented using logic in order
to evaluate of our method for SRL setting; then, logic datasets are also modeled as
graphs to perform the evaluation of SMART-TL for GNNs. Statistics about logic-
based datasets are presented in Table 5.1 while statistics about graph-based datasets
are presented in Table 5.2.

IMDB dataset [35] contains information such as director, actor, genre, and movie.
The goal is to use the relations between the entities to predict which actor has worked
for a director by learning the workedunder relation. It is divided into five mega-
examples where each one presents information about four movies. A mega-example
is a large set of related facts [86]. Mega-examples are disconnected and independent
of each other.

Cora [87] is a dataset of Computer Science research papers. It contains 1,295
distinct citations to 122 papers, which were segmented into fields like author, title,
venue. Entities can also be connected by relations sametitle, samebib, and sameau-
thor to indicate if two papers have the same title, the same bibliography, or the
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same author, respectively. There are also relations to consider words in entities’
names like haswordauthor, haswordtitle, and haswordvenue. It is divided into five
mega-examples and its goal is to predict if two venues represent the same conference
by learning the samevenue relation.

UWCSE [88] contains information about the Department of Computer Science
and Engineering at the University of Washington (UW-CSE) represented by publica-
tions and their authors, projects and their members, courses levels, etc. It consists
of five mega-examples to predict the advisedby relation (a student advised by a
professor).

Yeast protein [33] is a dataset obtained from MIPS1 Comprehensive Yeast
Genome Database and contains information about proteins with their location,
function, enzyme, complex, and phenotype. The goal is to predict if a protein
is associated with a class. It consists of four independent mega-examples.

Twitter [74] dataset consists of tweets about Belgian soccer matches divided
into two independent mega-examples. It contains words tweeted, relations between
accounts (following) and the type of accounts which can be a club, fan, or news.
The goal is to predict the account type.

NELL [89] is a machine learning system that extracts information from web texts
and converts it into a probabilistic knowledge base. We consider two domains from
NELL: Sports and Finances. The former contains information about the athlete and
their teams, leagues and their teams, etc. The goal is to predict which sport is played
by a team. The latter contains information about economic sectors of companies,
companies’ CEOs, companies’ country, etc. The goal is to predict if a company
belongs to an economic sector. As in [17], we split the target data randomly into
three different folds.

ZINC [90, 91] contains about 250,000 molecular graphs with up to 38 heavy
atoms. The goal is to regress the penalized logP , which is also called solubility and
is a water-octanol partition coefficient. We build a new data set for classification,
assuming that a molecule is soluble if the property reactive equals zero. This pre-
processing results in an unbalanced dataset: 221,988 reactive compounds and 28,012
nonreactive.

HIV [34] is a dataset introduced by the Drug Therapeutics Program (DTP) AIDS
Antiviral Screen. The goal is to test the ability of a model to predict active HIV
replication for over 40,000 compounds. The screening results placed the molecules
into three categories: confirmed inactive (CI), confirmed active (CA), and confirmed
moderately active (CM). In [34], authors combine the last two labels to make it a
classification task between inactive (CI) and active (CA and CM). Further datasets
are also part of MoleculeNet [34].

1Munich Information Center of Protein Sequence
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Number of Total number
Number of Number of Number of Positive of ground

Dataset Constants Types Predicates Examples literals
IMDB 297 3 6 382 71824
UWCSE 914 9 14 113 16900
Cora 2457 5 10 3017 152100
Yeast 2470 7 7 369 40128
Twitter 273 3 3 282 663
NELL Sports 4538 4 8 397 4323
NELL Finances 3340 5 10 778 51578

Table 5.1: Statistics of the original logical datasets used to assess the effectiveness
of the proposed approach.

Avg. Avg. Number of Number of
Number of Number of Number of Positive Negative

Dataset Compounds (graphs) Nodes Edges Examples Examples
BACE 1513 34.1 73.1 691 822
BBBP 2039 23.9 51.9 1560 479
HIV 41127 25.5 54.9 1443 39677
ClinTox Approved 1480 26.1 55.4 1386 94
ClinTox Toxicity 1480 26.1 55.4 112 1368
ZINC 250000 23.2 39.8 221988 28012

Table 5.2: Statistics of the original graph datasets used to assess the effectiveness
of the proposed approach.

BACE is a collection of 1,522 compounds with their 2D structures and binary
labels built as a classification task. It consists of experimental values reported in the
scientific literature, aimed at predicting inhibitors of human β-secretase 1 (BACE-1),
a protease involved in β-amyloid formation linked to Alzheimer’s disease.

BBBP stands for Blood-brain barrier penetration and is derived from a study
on modeling and predicting barrier permeability. A membrane separates circulating
blood and brain extracellular fluid, so this blood-brain barrier blocks most drugs,
hormones, and neurotransmitters. BBBP contains binary labels for over 2000 com-
pounds on their permeability properties. The penetration of the barrier forms a
long-standing issue in the development of drugs that target the central nervous
system.

ClinTox is a dataset that compares FDA-approved drugs with drugs that failed
clinical trials due to toxicity. As this dataset contains two classification tasks for
1491 drug compounds and their well-known chemical structures, we split ClinTox
into two datasets: ClinTox Approved, which classifies molecules regarding their FDA
approval status, and; ClinTox Toxicity, which is built regarding clinical trial toxicity
(or absence of toxicity).
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5.2 Experimental Setup

We evaluate SMART-TL through the performance of three state-of-the-art algo-
rithms in literature [14, 17, 21]: (i) TreeBoostler, (ii) TransBoostler, and (iii) Graph-
Bridge. Both (i) and (ii) are SRL transfer learning-based algorithms focused on
transferring RDNs while (iii) handles transfer learning across relational data mod-
eled as graphs.

Hardware Environment

TreeBoostler, TransBoostler and RDN-B experiments were conducted on the Google
Cloud platform on an N2 virtual machine with Debian 10, 8 vCPUs, and 32GB of
RAM. GraphBridge experiments, as it is the only model that involves deep learning
components, were executed on a GPU-enabled environment with 2 Nvidia RTX4090
of 24GB. Distributions of datasets using semi-propositionalization were also gener-
ated using the same Google Cloud platform described above. Distance comparison
and experimental analysis were conducted on a regular laptop with Windows 10, 2
processor cores and 4 threads, 16GB of RAM and M.2 Solid State Drive (SSD).

Software Environment

The experiments were conducted using Python (GraphBridge, TreeBoostler and
TransBoostler’s mapping and revision components, and propositionalization’s
attribute-value table generation) and Java (RDN-B and SRL algorithms learning
processes). Bottom clauses were generated using SWI-Prolog 2.

5.3 Experimental Procedure

To compare the similarity between datasets, we use the KL divergence for all pairs
of source and target datasets. It is important to mention that the literature has al-
ready demonstrated the results and benefits of such relational-based transfer learning
methods used in this thesis. Our focus is on evaluating whether the best transfer
results are achieved by the pair selected by SMART-TL. The experiments were
conducted following the steps presented in Figure 5.1, while steps for benchmark
experiments are presented in Figure 5.2.

The experimental methodology follows a two-stage pipeline involving both source
and target domains, with the goal of selecting the most suitable source domain for
transfer based on datasets similarity. To simulate a transfer learning scenario, we
train a set of source models M considering all datasets as source domains. So,

2https://www.swi-prolog.org/
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Figure 5.1: Diagram illustrating the experimental setup used to simulate a transfer
learning scenario for evaluating the proposed method. The procedure comprises two
parallel pipelines, corresponding to the source and target domains. After generating
the probability distributions, both are normalized and compared using the KL diver-
gence. Lower KL divergence values indicate greater similarity between the datasets
and, therefore, a more suitable source domain for transfer.

first, for each source dataset dS ∈ DS, we set one fold for training and one fold for
testing. A source model MdS is trained on the training fold and used to infer class
probability distributions PS over the corresponding test set. All datasets are also
used as target domains. In parallel, the target domain (dT ∈ DT ) is also split into
training and test subsets. The training data is used as input for propositionalization
followed by training an NB classifier MdT . To perform inference, we use the same
propositional features for the test set. To do it, we generate vectors of features for
the entire dataset, then, we split this table into training and test sets. In this way,
the features are shared but the classifier only learns from the training set. MdT is
then applied to the target test set to produce the target probability distribution
PT . Next, both source and target distributions are normalized using a histogram
to ensure they are comparable, i.e., both sets must have the same size. Then, for
each source domain dS, the KL divergence KL(P dS

S ∥ PT ) is computed. The source
domain d∗S that minimizes this divergence is selected as the most similar to the
target domain. Finally, the corresponding model Md∗S

is transferred and evaluated
on the target test set, yielding the final performance assessment.

To generate benchmarks for evaluating our method, we also run experiments
for each source-target pair. Thus, the process of splitting datasets and performing
transfers is repeated across all combinations of source and target domains, enabling a
comprehensive analysis of cross-domain transfer effectiveness and evaluating whether
SMART-TL indeed predicts the best source domain for transfer. If the pair pointed
by SMART-TL produces the best results, it is an indication that our method has
succeeded. We also learn each dataset from scratch to verify if transfer learning
impairs performance.
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Figure 5.2: Diagram illustrating the benchmark generation procedure. Transfer
learning is performed for each source–target domain pair, enabling an assessment of
whether the selected source domain provides a performance gain over transferring
from an arbitrarily chosen dataset.

5.4 Evaluation Metrics

To evaluate our method, we use conditional log-likelihood (CLL), area under the
ROC curve (AUC ROC), area under the PR curve (AUC PR) [92], and training
time as measures to compare the performance of the three mentioned algorithms.

CLL is used to evaluate the quality of probabilistic predictions produced by each
model. The Area Under the Receiver Operating Characteristic Curve (AUC-ROC)
measures a model’s ability to discriminate between classes at different classification
thresholds. The Area Under the Precision-Recall Curve (AUC-PR) focuses on the
trade-off between precision and recall. Finally, we also measure the training time for
each algorithm since one of the objectives of transfer learning is to reduce the time
to learn a new domain. We also measure the time required to use our method, which
comprises the time to run propositionalization, the time to generate the conditional
probability distributions, and the time to learn the target when transferring from the
source, as indicated by our method. We compare the time required by our method
with the total time required to transfer every possible pair of datasets.

Finally, to select the pair with the best performance, we first identify the ex-
periment with the highest AUC-ROC. In case of a tie, we choose the one with the
highest AUC-PR. If there is still a tie, we choose the one with less training time.
The next tiebreak is the CLL.
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Chapter 6

SMART-TL for SRL

In this chapter, we present the experiments conducted to evaluate SMART-TL and
the results obtained for the SRL representation formalism. To investigate some
of the research questions presented in this thesis, we analyze the performance of
TreeBoostler [17] and TransBoostler [19–21] when the source domain is the most
similar to the target domain according to our proposal. We also compare their
performance when trained on different pairs of datasets for benchmarking purposes.

6.1 Research Questions

We conducted a set of experiments for each BCP method to investigate the following
research questions:

Q1 Is the proposed method capable of identifying properly which datasets are the
most suitable for transfer learning in relational learning scenarios?

Q2 When instantiated with different propositionalization techniques, how does
reducing the feature space affect the effectiveness of the proposed method?

a. Does a reduced feature space impair performance compared with the full
feature space?

b. Can similar results be achieved while reducing the search space?

Q3 Does the proposed method provide time savings by avoiding the exhaustive
evaluation of all possible transfer-learning pairs?

Q4 How do different knowledge-transfer strategies employed by transfer learning-
based algorithms affect the performance achieved in the target dataset?

The question Q1 addresses whether the proposed method identifies the pair of
relational datasets that lead the algorithms to their best performances. Also, it

64



investigates if applying transfer learning outperforms learning from scratch. Given
that BCP can be computationally costly, question Q2 is important to evaluate
if reducing the feature space, which is a consequence of applying BCPsemi_prop,
produces any performance harm. Similarly, Q3 evaluates whether the total cost of
our method is lower than that of an exhaustive brute-force evaluation of all possible
dataset pairs. Finally, question Q4 addresses another important question about
how transfer learning-based algorithms influence the success of transfer learning.
Not only might the datasets relate to each other, but it is also important that the
how to transfer method takes advantage of the knowledge learned properly when
conducting transferring.

6.2 Experimental Setup

We conduct a set of experiments for the SRL setting to compare the results of
SMART-TL considering two variants of propositionalization. So first, we present and
discuss the results for SMART-TL using BCP+NB and, then, BCPsemi_prop+NB.
For both variants, we calculate divergences using the KL divergence. We use the
conditional log-likelihood (CLL), the area under the ROC curve (AUC-ROC), the
area under the PR curve (AUC-PR) [92], and training time as measures to compare
performance. When presenting the results of transfer experiments conducted with
TransBoostler, we did not consider the time required to load the embedding model,
as it is negligible, but we did consider the time to calculate similarities between
predicates.

Besides analyzing the performance of TreeBoostler and TransBoostler to address
Q1 and Q3, we also compare results with RDN-B [29], which learns the target domain
from scratch in order to analyze if applying transfer learning impairs performance.
The performance of RDN-B is also included for reference to demonstrate whether
it can produce well-founded and calibrated models, given that the main limitation
of our proposed method is assuming that the source models are well trained. Its
results also corroborate to answer Q4. TransBoostler is evaluated using different
similarity metrics and mapping strategies, so we assume the best results for pairs
of experiments from [19, 21], and other pairs of experiments present in this work
regardless of the distance metrics used to perform mappings.

We follow the same experimental setup as described in [17, 19–21], so we set the
depth limit of trees to be 3, the number of leaves to be 8, the number of regression
trees to 10, the maximum number of literals per node to 2, subsampling of negative
examples is in a ratio of 2 negatives for 1 positive, and the initial potential is -
1.8. We test our algorithm with all the negative examples. Following the previous
literature, we use one fold for training and n− 1 folds for testing. Thus, all results
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are averaged over n runs, where n is the number of mega-examples per dataset.
The same environment used by [19–21] and described in Chapter 5 was used for all
experiments.

6.2.1 Experimental Methodology

To simulate a transfer learning scenario, we train a model using RDN-B for each
dataset to obtain pre-trained source models. After training, this model is used
for inference to generate source probability distributions using the test set. To
generate approximate target distributions, we instantiate our method using two
propositionalization techniques and conducted two experiments to address Q2: first,
we applied BCP to transform relational data into propositional datasets. Then, the
feature vectors produced are used as input to NB. The second experiment uses
BCPsemi_prop to construct such feature vectors. Then, we use the vectors generated
by semi-propositional rules as input to NB.

The BCP algorithm consists of two steps: (i) bottom clause generation and (ii)
attribute-value mapping. For (i), for each example, we generate a bottom clause
representation using Progol [40] (Algorithm 2.2). In this work, the algorithm tra-
verses the declarations in a single cycle. We also set recall to 1, corresponding to
the number of times that a predicate can appear in the same clause. The one-cycle
and recall of 1 are enough to generate an attribute-value table, as we do not need
an extensive representation of each example, nor will we learn a hypothesis from
the BC. This generates a set of rules R that is given as input to Algorithm 2.3 to
generate the vectors of features. After converting all examples, the input can be
processed by a propositional learner. Finally, vectors are used to train an NB model
and compute conditional probability distributions.

First, we use the training set to learn bottom clauses and generate vectors to
use as input to our NB classifier. Thus, the input is a vector of examples x and
its corresponding classes y, which can be positive or negative. Then, using the
vector representations for all examples in the test set, we can generate the target
probability distribution using the learned NB model for inference. Both vectors
from the training and test sets are generated simultaneously to maintain consistency
across attributes. However, only examples from the training set are given to train
the classifier so then we collect the probabilities of each example in the test set being
classified as positive.

Given the two probability distributions, we use the KL divergence to measure
the divergence between pairs of datasets. For each dataset, we first consider it as the
target domain and compare its data distribution with other datasets as candidates
from where to transfer from.
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BCPsemi_prop BCP
IMDB Cora Twitter UWCSE Yeast NELL Sports NELL Finances IMDB Cora Twitter UWCSE

IMDB NA 1.076 4.687 0.917 3.966 1.537 0.095 NA 3.928 4.321 0.965
Cora 12.535 NA 28.146 3.724 29.589 12.730 14.177 3.819 NA 29.165 21.90
Twitter 8.679 1.169 NA 0.963 9.326 1.604 15.989 1.017 8.575 NA 2.271
UWCSE 5.180 0.671 5.690 NA 7.865 2.082 7.209 2.227 6.867 7.752 NA
Yeast 4.128 1.911 21.061 0.870 NA 2.680 16.710
NELL Sports 6.976 1.079 2.886 0.969 2.717 NA 11.709
NELL Finances 2.794 3.151 30.248 2.283 30.248 1.804 NA

Table 6.1: KL divergences between each original logic-represented target dataset
(columns) and every considered source dataset (rows). Each row represents the
dataset as the source domain, i.e., probabilities are generated using RDN-B, while
the columns represent datasets as the target domains, i.e., probabilities are generated
using BCPsemi_prop+NB (right) and BCP+NB (left). The lower the KL divergence,
the greater the transferability. Results for other datasets are omitted for BCP due to
computational cost. Bold results are the closest pairs of source and target domains.

6.3 Experimental Results

This section presents the experimental results of SMART-TL for selecting the most
suitable source–target pairs for transfer in the SRL setting, where BCP+NB is used
to generate the target distribution. Since we evaluate our method using datasets
represented in two different formalisms, we first discuss the results using the first
six datasets presented in Chapter 5, i.e., datasets originally represented using logic.
Then, we discuss the performance of our method for such algorithms when trained
using graph datasets transformed into a logic representation. It is important to note
that, when evaluating our method, we do combine datasets of different natures, even
if one has been transformed into another representation. Such a comparison would
not be fair, as the transformation process may result in information loss. However,
for the sake of comparison, we discuss the use of SMART-TL for selecting the most
suitable pairs regardless of the original dataset representations in Appendix B. Such
results are based on using BCPsemi_prop +NB.

6.3.1 BCP + NB

The divergencies for each pair of datasets when instantiating SMARTL-TL with
BCP+NB are presented in the second part of Table 6.1 for IMDB, Cora, UWCSE,
and Twitter. Results for other datasets used to evaluate our method are omitted as
BCP has been shown to be computationally costly when generating their vectors of
features. We also do not evaluate our method using BCP on graph datasets trans-
formed into a logical representation as BCP has shown to be costly and BCPsemi_prop
proved to be a better alternative as we discuss further. The datasets marked with
boldface values are the choices made by our method. As can be observed in Ta-
ble 6.1, IMDB is the dataset selected for every other dataset, except, naturally, for
itself, when Twitter is the chosen one.
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IMDB Cora Twitter UWCSE Yeast NELL Sports NELL Finances
AUC AUC AUC AUC AUC AUC AUC AUC AUC AUC AUC AUC AUC AUC

CLL ROC PR CLL ROC PR CLL ROC PR CLL ROC PR CLL ROC PR CLL ROC PR CLL ROC PR
IMDB NA NA NA -0.659 0.606 0.530 -0.116 0.993 0.371 -0.247 0.939 0.302 -0.240 0.967 0.287 -0.084 0.995 0.390 -0.313 0.746 0.091
Cora -0.075 0.999 0.954 NA NA NA -0.110 0.994 0.399 -0.238 0.941 0.302 -0.241 0.957 0.264 -0.084 0.995 0.284 -0.307 0.739 0.063
Twitter -0.074 1.000 1.000 -0.690 0.558 0.425 NA NA NA -0.254 0.935 0.267 -0.116 0.986 0.267 -0.083 0.994 0.343 -0.304 0.740 0.102
UWCSE -0.072 1.000 1.000 -0.665 0.615 0.471 -0.114 0.994 0.398 NA NA NA -0.216 0.980 0.326 -0.083 0.995 0.331 -0.310 0.725 0.076
Yeast -0.076 1.000 1.000 -0.691 0.557 0.423 -0.096 0.994 0.395 -0.252 0.941 0.308 NA NA NA -0.084 0.994 0.331 -0.309 0.756 0.092
Sports -0.072 1.000 1.000 -0.679 0.586 0.446 -0.120 0.994 0.375 -0.244 0.939 0.279 -0.225 0.954 0.343 NA NA NA -0.165 0.980 0.071
Finances -0.071 1.000 1.000 -0.692 0.557 0.424 -0.114 0.994 0.395 -0.242 0.938 0.268 -0.240 0.949 0.274 NA NA NA NA NA NA

CLL AUC AUC CLL AUC AUC CLL AUC AUC CLL AUC AUC CLL AUC AUC CLL AUC AUC CLL AUC AUC
ROC PR ROC PR ROC PR ROC PR ROC PR ROC PR ROC PR

RDN-B -0.075 1.000 1.000 -0.693 0.558 0.426 -0.122 0.990 0.347 -0.257 0.940 0.282 -0.122 0.990 0.347 -0.323 0.692 0.062 -0.084 0.993 0.325

Table 6.2: TreeBoostler results for all source–target domain pairs. Both source and
target domains are originally represented in logical form. Columns denote target
datasets and rows denote source datasets. RDN-B results, obtained by learning
directly from the target datasets without transfer, are included as a baseline. Light
gray highlights the pairs selected by BCP+NB, whereas dark gray highlights those
selected by BCPsemi_prop+NB. Best AUC-ROC and AUC-PR values are reported in
bold.

We present the results for transfer experiments for TreeBoostler and TransBoost-
ler in Tables 6.2 and 6.4, respectively. For these tables, columns represent each
dataset treated as the target domain, while rows indicate the source datasets used
to pre-train the models. Tables 6.3 and 6.5 present the time (in seconds) required to
transfer between each pair of datasets for TreeBoostler and TransBoostler, respec-
tively. Note that we also present the total time required for testing all possible pairs
of source and target domains. This comparison considers the naive way of testing
all possibilities of transferring until the most suitable source domain is found. Fi-
nally, Tables 6.3 and 6.5 also present the time required when using our method: the
time required to find the best pair plus the time required to learn the target when
transferring from the source indicated by our method. These tables are intended to
compare the results of transferring from each source domain to every target domain
with those obtained by our proposed method. To provide a comprehensive view,
they include experimental results for all domain pairs, even those that cannot be
analyzed using the BCP-based approach. This allows us to identify cases in which
the best transfer outcomes fall outside the set of source domains that BCP would
recommend. They also bring forward the BCPsemi_prop selection to avoid replicat-
ing all values when we discuss its results later. In Tables 6.2, 6.3, 6.4, and 6.5,
the light gray color indicates the results of the pair selected by our method when
using BCP+NB to generate the conditional probability distributions for the target
domain, while the dark gray color indicates the pair selected by our method us-
ing BCPsemi_prop + NB. The best results of AUC-ROC and AUC-PR are in bold.
We first discuss the results for TreeBoostler and then our method evaluated using
TransBoostler.

TreeBoostler Considering IMDB as the target domain, our method using BCP
identifies Twitter as the most similar source domain, followed by UWCSE and Cora.
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Source/Target IMDB Cora UWCSE Twitter Yeast NELL Sports NELL Finances
IMDB NA 45.74 4.78 54.80 37.53 303.23 101.21
Cora 4.29 NA 11.98 63.09 40.36 372.10 120.69
UWCSE 4.77 132.51 NA 53.35 39.64 457.10 123.44
Twitter 4.73 132.23 11.40 NA 34.96 459.05 90.63
Yeast 4.70 126.63 11.86 86.63 NA 301.65 131.15
NELL Sports 4.66 124.42 10.81 62.75 38.20 NA 124.59
NELL Finances 4.64 122.85 10.57 67.17 36.24 NA NA
TOTAL 27.79 684.38 61.4 387.79 226.93 1893.13 691.71
Proposed method: 10.01 581.94 13.81 251.48 61.01 7042.82 106.11

Table 6.3: Run-time (in seconds) of TreeBoostler for each source–target domain
pair. The table also reports the cumulative time required to evaluate transfer from
all candidate source domains, as well as the total time of the proposed method,
including source-domain selection and subsequent target-model training using the
selected source. Light gray highlights pairs chosen by BCP+NB, whereas dark gray
highlights pairs chosen by BCPsemi_prop+NB.

Table 6.2 shows TreeBoostler reaches 100% of AUC for most pairs of experiments
except when learning from Cora, the most divergent domain. Taking Cora as the
target domain, our method indicates that IMDB is the most similar, which is the
dataset that gives the best results for AUC-PR when transferring to Cora. However,
the best performance for AUC-ROC is when transferring from UWCSE followed by
IMDB. When UWCSE is the target domain, the dataset most related to it is also
IMDB. As can be observed in Table 6.2, the results are very similar for all pairs of
experiments, which might indicate that UWCSE benefits from any source domain
when applying TreeBoostler. We can also notice that IMDB and UWCSE are easy
datasets to learn, regardless of whether they are used for transfer learning. Fur-
thermore, the AUC-ROC and AUC-PR values for RDN-B and TreeBoostler are the
highest when learning from scratch and using transfer learning on IMDB, respec-
tively. On the other hand, Cora appears to be a challenging dataset to learn from.
In previous literature [15–21], Cora is paired with IMDB as the source domain.

TransBoostler For IMDB as the target domain, our method indicates Twitter,
but, similarly to TreeBoostler, IMDB benefits from any source domain when ap-
plying transfer learning using TransBoostler. When Cora is the target domain, the
best results are achieved by transferring from IMDB, the source domain identified
by our method using BCP. There are also disagreements between Tables 6.1 and 6.4
when UWCSE is the target domain using BCP. In this case, our method cannot
indicate the pair that yields the best performance; one possible explanation for such
disagreements is the method the algorithm uses to transfer knowledge, which is
based on knowledge from pre-trained embeddings. TreeBoostler goes for a brute-
force strategy to find the mapping that gives the best results, thus, it is intuitive
that it achieves a better performance than TransBoostler, since, for each predicate,
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IMDB Cora Twitter UWCSE Yeast NELL Sports NELL Finances
AUC AUC AUC AUC AUC AUC AUC AUC AUC AUC AUC AUC AUC AUC

CLL ROC PR CLL ROC PR CLL ROC PR CLL ROC PR CLL ROC PR CLL ROC PR CLL ROC PR
IMDB NA NA NA -0.668 0.600 0.463 -0.302 0.932 0.061 -0.253 0.939 0.298 -0.376 0.500 0.007 -0.084 0.995 0.390 -0.313 0.730 0.087
Cora -0.074 1.000 1.000 NA NA NA -0.374 0.611 0.009 -0.270 0.941 0.302 -0.374 0.504 0.007 -0.084 0.995 0.284 -0.314 0.747 0.097
Twitter -0.074 1.000 1.000 -0.689 0.559 0.428 NA NA NA -0.263 0.938 0.295 -0.224 0.965 0.344 -0.083 0.994 0.343 -0.156 0.500 0.001
UWCSE -0.067 1.000 1.000 -0.694 0.543 0.411 -0.306 0.876 0.031 NA NA NA -0.203 0.626 0.010 -0.083 0.995 0.331 -0.316 0.754 0.087
Yeast -0.074 1.000 1.000 -0.695 0.527 0.390 -0.101 0.994 0.400 -0.257 0.938 0.287 NA NA NA -0.084 0.994 0.331 -0.318 0.712 0.080
Sports -0.076 1.000 1.000 -0.683 0.573 0.440 -0.166 0.500 0.007 -0.248 0.696 0.104 -0.382 0.500 0.007 NA NA NA -0.324 0.741 0.079
Finances -0.081 1.000 1.000 -0.697 0.527 0.390 -0.354 0.500 0.007 -0.256 0.936 0.300 -0.328 0.803 0.018 NA NA NA NA NA NA

CLL AUC AUC CLL AUC AUC CLL AUC AUC CLL AUC AUC CLL AUC AUC CLL AUC AUC CLL AUC AUC
ROC PR ROC PR ROC PR ROC PR ROC PR ROC PR ROC PR

RDN-B -0.075 1.000 1.000 -0.693 0.558 0.426 -0.122 0.990 0.347 -0.257 0.940 0.282 -0.122 0.990 0.347 -0.323 0.692 0.062 -0.084 0.993 0.325

Table 6.4: Results for TransBoostler for every pair of (source, target) domains. All
domains are originally represented using logic. The columns represent the datasets
as target domains while rows represent these datasets as source domains. We also
present results for RDN-B, which learns target datasets from scratch. The light
gray color states the pair selected by our proposed method using BCP+NB while
the dark gray color marks the pair selected by our method using BCPsemi_prop+NB.
Best results of AUC-ROC and AUC-PR are in bold.

Source/Target IMDB Cora UWCSE Twitter Yeast NELL Sports NELL Finances
IMDB NA 54.44 6.79 38.58 19.39 139.71 81.69
Cora 4.36 NA 5.98 46.48 17.77 97.13 55.39
UWCSE 3.92 10.44 NA 22.41 26.47 162.86 188.18
Twitter 6.09 20.13 11.69 NA 34.11 315.23 87.46
Yeast 5.58 6.06 8.42 84.73 NA 249.73 94.65
NELL Sports 9.46 20.00 8.96 140.43 489.15 NA 53.81
NELL Finances 9.25 9.19 10.72 723.19 37.00 331.29 NA
TOTAL 38.66 120.26 52.56 1055.82 623.89 1295.95 561.18
Proposed method: 5.4 459.87 10.37 163.24 511.96 6879.3 86.59

Table 6.5: Run-time (in seconds) of TransBoostler for each source–target domain
pair. The table also reports the cumulative time required to evaluate transfer from
all candidate source domains, as well as the total time of the proposed method,
including source-domain selection and subsequent target-model training using the
selected source. Light gray highlights pairs chosen by BCP+NB, whereas dark gray
highlights pairs chosen by BCPsemi_prop+NB.

TransBootler only has one mapping available (the most similar) while TreeBoostler
has a list of mappings to test and find the best one. So when it comes to mapping
using word embeddings, the success of our method depends not only on the distri-
butions of the datasets but also on the semantic similarity between predicates as
TransBoostler uses pre-trained word embeddings to perform such mapping. Map-
ping differences and their results are briefly discussed in Appendix C. Finally, the
experiments presented positively answer Q4.

Analysing Twitter dataset Transferring to Twitter results in disagreement be-
tween Tables 6.1, 6.2, and 6.4. According to SMART-TL, the closest dataset to
Twitter is IMDB, followed by UWCSE and Cora. However, comparing the results
of TreeBoostler, Table 6.2 shows that the algorithm achieves its best performance
for the Cora → Twitter transfer. Then, UWCSE → Twitter and, finally, IMDB →
Twitter. Based on the results presented in this thesis, our method does not perform
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Twitter
Source Cora IMDB UWCSE

RDN-B 8.403 0.906 1.873
BCP + NB 0.190 13.176 0.059

Table 6.6: KL divergences for the Twitter dataset as the target domain, using
probability distributions obtained from RDN-B and NB.

well when transferred to Twitter. This is probably because Twitter is a dataset that
needs recursion during the learning process. This might explain the inconsistency
when using Twitter as the target domain. To perform a more thorough analysis,
we compute divergences across all experiments using Twitter as the target domain,
where the same algorithm generates both distributions. Table 6.6 presents the KL
values for each pair of experiments. The first row shows results when distributions
are generated using RDN-B while the second row shows results when distributions
are generated using BCP+NB. Applying recursion introduces a bidirectional de-
pendency between classes and attributes; thus, Table 6.6 shows that we observe
discrepant values across all experiments using Twitter as the target domain.

6.3.2 BCPsemi_prop +NB

Although BCP is a simple and fast-to-implement technique, it can generate huge
vectors of features, making it infeasible for larger datasets. Thus, we apply
BCPsemi−prop to transform relational domains into propositional datasets. We en-
vision that applying BCPsemi−prop can help us avoid computational issues without
compromising performance while keeping information regarding the relational struc-
ture.

When applyingBCPsemi−prop, one more step is added to the two steps of BCP. We
have three steps for BCPsemi−prop: (i) generation of bottom clauses, (ii) first-order
features identification, and (iii) attribute-value mapping. We use the same bottom
clauses generated in the first experiment to generate first-order features. Then, the
next step is to group literals following Definitions 2.1 and 2.2. Finally, the algorithm
decomposes each rule to turn each bottom clause into a set of semi-propositional
rules, generating a set of clauses R′. In (iii), given R′, each clause is converted into
an input vector as described in Algorithm 2.3. The resultant set of vectors is used
to train an NB classifier and compute conditional probability distributions.

The results of comparing source and target domains using BCPsemi_prop for SRL
datasets are presented in the first part of Table 6.1. The datasets that were not
previously considered in the second part of Table 6.1 (using BCP) prove promising,
as our method recommends them as source domains in three of the previously ex-
amined datasets. The only exception is Cora, where BCPsemi_prop recommendation
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differs from BCP’s selection by recommending UWSCE as the source dataset. To
examine the results, we look back at Tables 6.2, 6.3, 6.4,and 6.5. NELL Finances
to NELL Sports transfer experiment is omitted because TreeBoostler cannot find
useful mappings.

TreeBoostler Once more, we first consider only the algorithm trained on logic
datasets. When IMDB is the target domain, our method using BCPsemi−prop in-
dicates NELL Finances as the most similar source domain. As we have discussed
previously, IMDB seems to benefit from any source domain for transference. Yet,
when transferring from NELL Finances, TreeBoostler presents the lowest training
time compared to other pairs of experiments that reach full performance as pre-
sented in Table 6.3. This indicates a match between the domain selected by our
proposed method and the source that gives the best results. When Cora is the tar-
get domain, the selected source is UWCSE, which achieves the best AUC-ROC and
the second-best AUC-PR. In this case, the worst performance is when transferring
from Yeast and NELL Finances, the domains most divergent from Cora according
to our method. For Twitter, our method selects NELL Sports as the most recom-
mended source domain to transfer from. In this case, except for IMDB, the best
AUC-ROC values are obtained regardless of the source domain, whereas Cora yields
the best AUC-PR value. Then, transferring from UWCSE is the best option given
the AUC values and training time. Given UWCSE as the target domain, TreeBoost-
ler performs best when transferring from Yeast, the source domain identified by the
method. In the opposite experiment, where Yeast is the target domain, our pro-
posed method indicates NELL Sports as the most suitable source domain to transfer
from. In this case, TreeBoostler achieves the best AUC-PR when transferring from
NELL Sports but, for AUC-ROC, the algorithm performs best when transferring
from Twitter.

Finally, for the NELL datasets, the dataset selected for NELL Sports is IMDB,
which leads to TreeBoostler’s best performance. Given NELL Finances as the target
domain, we observe some divergence between Tables 6.1 and 6.2 since the indicated
source domain is IMDB, the algorithm does not achieve its best performance when
transferring from the selected source domain. TreeBoostler’s best results for AUC-
ROC and AUC-PR are achieved when transferring from NELL Sports and Twitter,
respectively. As shown in the results, when NELL Finances is the target domain,
transfer learning impairs performance across all pairs of experiments, and the results
are not competitive with those obtained by learning from scratch. On the other
hand, transfer learning benefits learning NELL Sports, especially in terms of AUC-
PR. Thus, we can answer Q1 affirmatively, as our method accurately predicts the
best pair across four of seven datasets. When comparing the overall time required
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bond(A, M, N, 1), bond(A, C, M, 0)

-0.141 0.396

Figure 6.1: RRTs learned from the (a) ZINC, (b) BACE, and (c) BBBP datasets
for pre-training in the transfer learning experiments. ZINC yields the simplest tree
structure, whereas BACE and BBBP produce more complex RRTs.

to identify and train the most suitable transfer learning pair, our method achieves
improvements across all target domains except NELL Sports, where bottom-clause
generation is particularly time-consuming due to the large number of constants in
the domain, resulting in longer construction times. Nevertheless, we can positively
answer Q3, as SMART-TL reduces the overall time effort for most target domains.

To simplify, we present Table 6.7, which contains a summary comparing the
datasets selected by our proposed method using BCPsemi_prop with those that yield
the best results when used during transfer for TreeBoostler, TransBoostler, and
GraphBridge. A source yields the best result if it has the highest AUC-ROC value
among others. In the event of a tie, we use AUC-PR, training time, and CLL
as tiebreakers. The same results can be obtained when considering the highest
values for AUC-PR. In both cases, the method correctly predicts six out of thirteen
best sources for TreeBoostler and all best sources for GraphBrigde, which will be
discussed in the next section. Matches are in bold. It is important to note that
SMART-TL correctly predict four out of seven best sources for logic datasets when
using TreeBoostler.
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SRL GNN
KL TreeBoostler TransBoostler KL GraphBrigde

selected best source best source selected best source
IMDB NELL Finances NELL Finances UWCSE Yeast Yeast
Cora UWCSE UWCSE IMDB Yeast Yeast
UWCSE Yeast Yeast Cora Yeast Yeast
Yeast NELL Sports Twitter Twitter UWCSE UWCSE
Twitter NELL Sports Cora Yeast
NELL Sports IMDB IMDB IMDB
NELL Finances IMDB NELL Sports UWCSE
BACE ZINC HIV HIV HIV
BBBP ZINC ClinTox Toxicity HIV HIV
HIV ZINC BACE ClinTox ClinTox Approved
ClinTox Approved ZINC BBBP HIV ClinTox Toxicity
ClinTox Toxicity ZINC ZINC HIV ZINC
ZINC ClinTox Approved ClinTox Approved ClinTox BBBP

Table 6.7: Summary of the source-domain selections produced by our method using
BCPsemi_prop, compared with the best-performing source domain for each evaluation
algorithm. Rows correspond to target datasets, and columns report the most simi-
lar source domain identified by our method and the best source domain according
to transfer-learning performance. Names in bold indicate agreement between the
selection and the source that gives the best performance. For SRL algorithms, the
comparison for the six graph datasets is performed using their transformed logical
representation. For the GNN setting, the comparison for the four logical datasets is
performed using their transformed graph representation.

TransBoostler When IMDB is the target domain, our method indicates Twitter
and NELL Finances when using BCP and BCPsemi_prop, respectively. But it bene-
fits from any source domains. When Cora is the target domain, the best results are
achieved when transferring from IMDB which is the source domain indicated by our
method using BCP. However, our method using BCPsemi_prop disagrees and recom-
mends transferring from UWCSE. There are also disagreements between Tables 6.1
and 6.4 when Twitter, UWCSE, Yeast, and NELL Finances are the target domains
using either BCP or BCPsemi_prop. When transferring to NELL Sports, our method
indicates IMDB as source domain which is the one that gives the best performance.
The disagreement between the Twitter tables was already discussed in previous sec-
tions and may be due to recursion. Also, as discussed in previous sections, such
disagreements might be due to the method used for transfer, which is based on pre-
trained word embeddings that directly influence predicate selection. For the total
cost of our method, besides NELL Sports, it is also more time-consuming when Cora
is the target domain. The time required for bottom-clause generation is the same
in the measurements for both algorithms. However, the time required to learn from
Cora using transfer learning is substantially higher for TreeBoostler than for Trans-
Boostler. This is due to TransBoostler finding better mappings using embeddings
while TreeBoostler requires more time for theory revision.

Finally, Table 6.8 presents the number of features for BCP and BCPsemi_prop.
We can observe that the number of features is reduced drastically when using semi-
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Dataset BCP BCPsemi_prop

IMDB 66 19
UWCSE 340 103
Cora 7958 57
Twitter 1778 86
Yeast 4935 35
NELL Sports 2946 807
NELL Finances 767 50

Table 6.8: Number of features in the attribute–value tables generated from the
bottom clauses produced by BCP and BCPsemi_prop for each dataset.

propositionalization for bottom clauses. Reducing the number of features may result
in less information for training a classifier. This may explain why our method is
not effective for certain experiments, specifically when using the largest datasets.
Another possibility is to use a more robust algorithm to learn from such feature
vectors. Ultimately, we can answer Q2 positively, as our method proved effective for
most pairs of experiments. Our method also proved to be a faster approach than
testing every pair of source and target domains. Although BCP and BCPsemi_prop

can accurately predict pairs of datasets, comparing results from BCP to better
analyze NELL datasets would be interesting.

6.3.3 Evaluation for Graph Datasets

This section presents the experimental results of SMART-TL for SRL models using
graph datasets transformed into logic representation. We present results only for
BCPsemi_prop, as previous experiments showed that reducing features is an effective
approach to address computational issues without impairing performance.

From Graph to FOL

MoleculeNet [34] graph datasets are a set of heterogeneous graphs, i.e., structures
in which nodes and edges can have different types. To use such datasets to evaluate
SMART-TL with an SRL setting, we must first transform them from graph to logic
representation. In MoleculeNet datasets, edge attribute vectors represent bonding
attributes between molecules. In this case, the first attribute defines the bond type,
where 0 states for a single bond, 1 for a double bond, 2 for a triple bond, and 3 for an
aromatic bond. The second attribute represents stereochemistry, so 0 equals none, 1
to cis, and 2 to trans. Other values may represent additional stereo configurations.
Thus, the vector [3, 0] represents an aromatic bond type with no stereochemistry
associated with it. The attribute vectors on nodes represent the atomic and chirality
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numbers of such atoms. Thus, [6, 2] represents an atom with an atomic number of
6 and chirality of 2, i.e., a carbon atom.

We represent each compound by the following Prolog facts of form [93]:

bond(compound, atom1, atom2, bondtype) states that compound has a bond
of bondtype between the atoms atom1 and atom2. For example, an aromatic
bond between atoms atom1 and atom2 is represented by bond(molecule1,
atom1, atom2, 3).

stereo(compound, atom1, atom2, stereochem) states that compound has a
stereochemistry of stereochem between the atoms atom1 and atom2. For the
same example, the stereochemistry between atoms atom1 and atom2 is rep-
resented by stereo(molecule1, atom1, atom2, 0).

atomicNumber(compound, atom1, atmNumber) states that in compound,
atom1 has atomic number of atmNumber. For example, the atomic number of
atom1 is represented by atomicNumber(molecule1, atom1, 6).

chiralityNumber(compound, atom1, chiNumber) states that in compound,
atom1 has the chirality number of chiNumber. For the same example, the chi-
rality number of atom1 is represented by chiralityNumber(molecule1, atom1,
2).

The representation of facts is also presented in Figure 6.2. Positive and negative
examples are labeled according to the goal of each dataset. Taking HIV as an
example, positive examples are labeled as active, e.g., active(molecule1). Negative
examples are represented in a separate set, each labeled with the same label. Finally,
the language bias L for Progol is defined as described in Appendix A. The entire
process is presented in Algorithm 6.1. All graph datasets have the same format. The
functions attributes, index, and indexes relate to collecting attributes (properties)
and indexes in the network.

Results

Table 6.9 presents the divergences for each pair of graph datasets represented using
logic. As can be observed, in this case, SMART-TL recommends ZINC as the most
related source for all target domains. For ZINC, the choice made by our method is
ClinTox Approved.

Results are presented in Tables 6.10 and 6.11 for each pair of datasets. As can
be observed in Table 6.9, our method chooses ZINC as the most similar source
for all target domains. However, as can be observed in Table 6.10, there is some
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atom1

atom2

[3,0]

[6,2]

[6,4]

bond(molecule1, atom1, atom2, 3).
stereo(molecule1, atom1, atom2, 0).

atomicNumber(molecule1, atom1, 6).
atomicNumber(molecule1, atom2, 6).

chiralityNumber(molecule1, atom1, 2).
chiralityNumber(molecule1, atom2, 4).

Figure 6.2: Example of a molecule containing two carbon atoms connected by an
aromatic bond with stereochemistry value 0. The molecular structure is represented
as a graph on the left and as a set of logical facts on the right.

Algorithm 6.1: Algorithm for transforming graph-based data into logic.
Function GRAPH_2_FOL(graph_data,target):

facts← {}
pos← {}
neg ← {}
m← 1
for G ∈ graph_data do

V ← get the set of vertices of G
E ← get the set of edges of G
if label(G) is positive then

Add target(compoundm). to pos
end
else

Add target(compoundm). to neg
end
for v ∈ V do

vi ← index(v)
atmNumber ← get atomic number from attributes(v)
chiNumber ← get chirality number from attributes(v)

Add atomicNumber(compoundm, atomvi , atmNumber). to facts
Add chiralityNumber(compoundm, atomvi , chiNumber). to facts

end
for e ∈ E do

vi, vj ← indexes(e)
bondtype← get bond type from properties(e)
stereochem← get stereochemistry from properties(e)

Add bond(compoundm, atomvi , atomvj , bondtype). to facts
Add stereo(compoundm, atomvi , atomvj , stereochem). to facts

end
m = m+ 1

end
return facts,pos,neg
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BCPsemi_prop

BACE BBBP HIV ClinTox Approved ClinTox Toxicity ZINC
BACE - 19.35 15.20 17.80 16.11 0.588
BBBP 8.77 - 9.50 13.00 8.43 0.84
HIV 11.24 10.51 - 11.38 6.99 1.18
ClinTox Approved 13.53 12.19 12.08 - 7.54 0.66
ClinTox Toxicity 3.83 2.60 7.49 3.91 - 1.45
ZINC 0.25 1.46 0.02 0.13 1.17 -

Table 6.9: KL divergences between each target dataset (columns) and every con-
sidered source dataset (rows). All datasets are transformed from graph-based to
logical representations. Each row represents the dataset as the source domain, i.e.,
probabilities are generated using RDN-B, while the columns represent datasets as
the target domains, i.e., probabilities are generated using BCPsemi_prop+NB. The
lower the KL divergence, the greater the transferability. Bold results are the closest
pairs of source and target domains.

divergence between the dataset chosen by our method and the pair that gives Tree-
Boostler its best performance. When comparing the performance of TreeBoostler
for all pairs of experiments, we can observe that the results are very similar for all
of them. Also, when ZINC is the target domain, TreeBoostler reaches 100% of both
AUC-ROC and AUC-PR for all pairs of experiments. But it requires less training
time when transferring from ClinTox Approved, a match with the domain selected
by our proposed method. Although it is domain-specific, ZINC is a widely used
and broadly applicable dataset in literature [94], commonly used to evaluate the ex-
pressiveness of GNN architectures under controlled conditions. This indicates that
ZINC may contain relatively simple node-edge relationships and feature represen-
tations, which could limit the amount of complex logical dependencies that can be
transferred across tasks. Thus, according to SMART-TL, any target domain can
benefit from a model pre-trained on ZINC. The results presented in Tables 6.10
and 7.2, i.e., when ZINC is applied to perform transfer learning using TreeBooster
and GraphBridge, respectively, confirm this assumption since there is no significant
improvement compared to learning from scratch or differences in terms of perfor-
mance between pairs of experiments. Also, this might be the reason why, in [14],
authors choose ZINC as the source domain for all transfer learning experiments. By
considering the second-most-suitable pair indicated by SMART-TL, i.e., excluding
ZINC, Table 6.10 presents matches between the choice of our method and the results
obtained by TreeBoostler. In this case, ClinTox Toxicity is the source domain that
gives the highest AUC-ROC values when learning BBBP, and the best AUC-PR
value for HIV. It also leads the TreeBoostler’s second-best results for AUC-ROC
and AUC-PR for BACE, and for AUC-ROC for HIV and ClinTox Approved. When
ZINC is transformed from graph to logic representation, we can see its simplicity
by analyzing the trees generated by TreeBoostler and RDN-B when learning such a
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BACE BBBP HIV ClinTox Approved ClinTox Toxicity ZINC
AUC AUC AUC AUC AUC AUC AUC AUC AUC AUC AUC AUC

CLL ROC PR CLL ROC PR CLL ROC PR CLL ROC PR CLL ROC PR CLL ROC PR
BACE NA NA NA -0.437 0.802 0.915 -0.333 0.741 0.205 -0.387 0.664 0.152 -0.278 0.649 0.955 -0.120 1.000 1.000
BBBP -0.578 0.775 0.714 NA NA NA -0.332 0.737 0.209 -0.377 0.683 0.166 -0.280 0.629 0.955 -0.120 1.000 1.000
HIV -0.575 0.780 0.728 -0.438 0.805 0.918 NA NA NA -0.385 0.672 0.174 -0.280 0.649 0.960 -0.120 1.000 1.000
ClinTox Approved -0.576 0.780 0.723 -0.435 0.805 0.917 -0.333 0.729 0.195 NA NA NA -0.278 0.653 0.961 -0.120 1.000 1.000
ClinTox Toxicity -0.574 0.779 0.725 -0.433 0.811 0.921 -0.332 0.739 0.213 -0.382 0.679 0.167 NA NA NA -0.120 1.000 1.000
ZINC -0.576 0.778 0.724 -0.432 0.810 0.922 -0.332 0.732 0.200 -0.380 0.660 0.152 -0.278 0.654 0.960 NA NA NA

CLL AUC AUC CLL AUC AUC CLL AUC AUC CLL AUC AUC CLL AUC AUC CLL AUC AUC
ROC PR ROC PR ROC PR ROC PR ROC PR ROC PR

RDN-B -0.578 0.776 0.721 -0.436 0.808 0.921 -0.335 0.744 0.205 -0.390 0.653 0.159 -0.280 0.630 0.952 -0.120 1.000 1.000

Table 6.10: TreeBoostler results for all source–target domain pairs using graph
datasets transformed into logical representations. We also present results for RDN-
B which learns each target dataset from scratch. Bold results are the best results,
while the dark gray color marks the pair selected by our method.

Source/Target BACE BBBP HIV ClinTox Approved ClinTox Toxicity ZINC
BACE NA 522.15 2480.40 223.97 468.87 20149.67
BBBP 461.71 NA 1943.19 251.06 615.84 19331.46
HIV 494.40 569.61 NA 183.76 573.51 19988.74
ClinTox Approved 473.38 494.93 2720.83 NA 895.49 19980.12
ClinTox Toxicity 485.21 606.97 2794.25 318.18 NA 20197.30
ZINC 594.09 515.64 3379.39 314.10 727.68 NA
TOTAL 2508.79 2709.3 13318.06 1291.07 3281.39 99647.29
Proposed method: 952.09 787.14 3896.39 1060.3 1477.08 21513.62

Table 6.11: Run-time (in seconds) of TreeBoostler for each source–target pair of
graph datasets. The total time required to evaluate transfer from all candidate
source domains (brute-force) is also reported. Furthermore, we include the execution
time of the proposed method, consisting of source-domain selection and subsequent
target-model training using the selected source. Dark gray highlights the pairs
chosen by our method.

dataset. This comparison is presented in Figure 6.1. We also present the trees for
other graph datasets. As we can see, other datasets produce much more complex
and deep trees than when using ZINC, which is easily learned by splitting data us-
ing one node with a single predicate, and leads both RDN-B and TreeBoostler to
their best performance. For the latter, it reaches 100% of performance regardless of
the source domain. The simplicity of such a structure also explains the increase in
training time when ZINC is the source domain, as TreeBoostler has more difficulty
continuing training in the new domain and probably requires more time for theory
revision.

We do not present results for TransBoostler using the graph datasets because,
since we convert datasets using a standardized set of predicate names and it relies
on similarity between embeddings. So predicates are the same for both domains.
For example, the predicate bond in the source domain would be mapped to the same
name (bond) in the target domain, as their embeddings would have similarity equal
to 1. The same follows for all other predicate names. When applying TreeBoostler,
there is still transference since it uses the parameters learned from the source domain.
So using TransBoostler would produce the same results as TreeBoostler.
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Chapter 7

SMART-TL for GNNs

In this chapter, we present the experiments conducted to evaluate SMART-TL and
the results obtained for the graph representation formalism. To investigate the
further research questions, we analyze the performance of GraphBridge [14] given
the most similar source domain to a target domain according to our proposal. We
do not rely on other approaches to perform transfer learning on graphs, as we found
no other strategies in the literature while developing this thesis.

7.1 Research Questions

We conducted a set of experiments to investigate the following research questions:

Q1 Is SMART-TL capable of predicting which datasets are most suitable for trans-
ferring in a GNN scenario?

Q2 Can the proposed method reduce the total time for transfer learning compared
to a brute-force evaluation of all possible dataset pairs?

As mentioned in previous sections, question Q1 addresses whether the proposed
method predicts the most suitable pair of relational datasets for transfer learning.
Again, it also includes whether applying transfer learning outperforms learning from
scratch. Question Q2 evaluates the time required to learn our method and transfer-
ring using the most suitable pair of source-target domains compared to brute-force
transfer.

7.2 Experimental Setup

To evaluate SMART-TL using GNNs, we use GraphBrigde [14], which is a pre-
training-tuning graph transfer framework that addresses transfer learning across
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different domains. It is considered the state-of-the-art for transfer learning across
graph-based machine learning models.

In [14], the authors report results only for AUC-ROC, whereas we evaluate our
method using CLL, AUC-ROC, AUC-PR, and training time. We do not present
results for Twitter because it contains only two independent mega-examples, and
GraphBridge requires three sets for training, validation, and testing. All the other
datasets have more than three independent sets of examples, so we choose three to
become training, validation, and testing sets. Lastly, NELL datasets are not used
in this experiment due to computational resources.

Although some hyperparameters are not clearly specified in the paper, we follow
the same experimental setup described in [14], its supplementary material, and the
official implementation.1. We consider the graph-to-graph transfer setting. As the
backbone architecture, we use a 2-layer GIN with a hidden dimension of 256, the
default configuration used across GNN backbones in GraphBridge. For pre-training,
we employ GraphCL, following the authors’ graph-level transfer experiments where
GraphCL serves as a strong upstream baseline. For side (scaffold) tuning, we use
a lightweight GIN with two layers and 256 hidden units, matching the backbone
depth. ReLU activation is applied, with a dropout rate of 0.5. The bridging module
consists of a single linear projection layer, whose output dimension matches the
downstream prediction task (one for our datasets). Optimization is performed using
the Adam optimizer with a learning rate of 0.001 and weight decay of 5 × 10−4.
A batch size of 32 is used for our graph-level tasks. The pre-trained backbone is
kept frozen during side tuning. For GraphBridge training, we follow the default
configuration provided in the official codebase, training for up to 50 epochs with
early stopping based on validation performance. Data are split into 80% training,
10% validation, and 10% test, consistent with the reference implementation. All
reported results are averaged over multiple independent runs with different random
seeds. Despite following the official setup as closely as possible, we were not able
to fully reproduce the authors’ reported results, which we attribute to incomplete
specification of certain implementation details and differences in training dynamics.

7.2.1 Experimental Methodology

We follow the same methodology for the SRL setting: we train a model using
GraphCL for each dataset, thereby obtaining the corresponding source distribu-
tions (dS). We use this model to infer the probabilities using the test set. The
target data distribution (dT ) is obtained from NB using BCPsemi_prop, so we use the
same distributions generated in the SRL chapter to compute divergencies. Given

1https://github.com/jujulili888/GraphBridge
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BCPsemi_prop

BACE BBBP HIV ClinTox Approved ClinTox Toxicity ZINC
BACE - 22.39 5.93 17.19 16.91 0.665
BBBP 18.97 - 12.94 19.69 17.73 0.643
HIV 16.52 9.81 - 15.36 5.39 1.647
ClinTox Approved 17.95 22.49 5.50 - 16.60 0.611
ClinTox Toxicity 17.95 22.49 5.50 15.72 - 0.611
ZINC 22.89 23.87 15.96 21.02 22.83 -

Table 7.1: KL divergence values between source datasets (rows) and target datasets
(columns). Source-domain probabilities are generated using GraphCL, while target-
domain probabilities are obtained using BCPsemi_prop+NB. The lower the KL diver-
gence, the greater the transferability. Bold results indicate the lowest KL divergence
for each target dataset, corresponding to the closest source–target domain pairs.

the two probability distributions, we once again use KL to calculate the divergence
between the pairs of datasets. Finally, in [14], the authors use the same dataset as
the source domain for all transfer experiments. Our experiments evaluate every pair
of source and target domains.

7.3 Experimental Results

Like the SRL use-case, we first discuss the experiments for the graph datasets, in
their originally form, then, we present and discuss the experimental results for the
logic represented datasets converted into graphs using the method described in the
following sections. Table 7.1 presents the KL divergence values between source and
target distributions for each considered source and the given target. As can be
observed, HIV is the source dataset recommended by our method for four out of five
target datasets. It can also be observed that the KL values are tied for datasets
generated from ClinTox. This might be due to the preprocessing to split one dataset,
with two related tasks, into two distinct datasets each one with one single task. Thus,
when HIV and ZINC are the target domains, both ClinTox Approved and ClinTox
Toxicity are recommended.

Table 7.2 presents the results for GraphBrigde when transferring graph data.
This table presents the results for all pairs of experiments, and results when no
transfer is applied for the same test sets. Table 7.3 presents the total time required
to run all pairs of experiments (brute-force transfer) and the time required to use
our method.

As can be observed in Table 7.2, when BACE is the target domain, our method
correctly predicts HIV as the most suitable source. It also accurately predicts the
most suitable pairs when the target domains are BBBP and HIV. When HIV is the
target domain, the tie between ClinTox Approved and ClinTox Toxicity leads to
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BACE BBBP HIV ClinTox Approved ClinTox Toxicity ZINC
AUC AUC AUC AUC AUC AUC AUC AUC AUC AUC AUC AUC

CLL ROC PR CLL ROC PR CLL ROC PR CLL ROC PR CLL ROC PR CLL ROC PR
BACE NA NA NA -0.741 0.639 0.663 -1.026 0.634 0.057 -1.085 0.600 0.979 -0.909 0.628 0.129 -1.708 0.899 0.988
BBBP -0.767 0.652 0.610 NA NA NA -1.019 0.575 0.044 -1.043 0.554 0.977 -0.904 0.575 0.126 -2.041 0.952 0.994
HIV -0.773 0.720 0.702 -0.758 0.717 0.914 NA NA NA -1.026 0.648 0.979 -0.953 0.545 0.099 -1.602 0.879 0.984
ClinTox Approved -0.800 0.717 0.677 -0.748 0.653 0.669 -1.015 0.697 0.089 NA NA NA -0.960 0.645 0.104 -1.690 0.861 0.970
ClinTox Toxicity -0.798 0.710 0.678 -0.773 0.661 0.718 -0.954 0.693 0.117 -1.089 0.648 0.980 NA NA NA -1.632 0.889 0.985
ZINC -0.830 0.682 0.650 -0.747 0.683 0.898 -1.001 0.607 0.045 -1.141 0.637 0.953 -0.919 0.725 0.149 NA NA NA

CLL AUC AUC CLL AUC AUC CLL AUC AUC CLL AUC AUC CLL AUC AUC CLL AUC AUC
ROC PR ROC PR ROC PR ROC PR ROC PR ROC PR

GraphCL -0.903 0.730 0.688 -0.762 0.653 0.680 -0.923 0.604 0.046 -1.047 0.498 0.928 -0.996 0.532 0.086 -3.712 0.721 0.965

Table 7.2: GraphBridge results for all source–target domain pairs on graph datasets.
We also include results for GraphCL, which learns each target dataset from scratch.
Bold values indicate the best performance achieved for each target dataset, while
dark gray cells highlight the source–target pairs selected by the proposed method.

Source/Target BACE BBBP HIV ClinTox Approved ClinTox Toxicity ZINC
BACE NA 29.03 289.68 22.17 24.03 1659.13
BBBP 24.81 NA 290.11 24.19 23.99 1664.11
HIV 23.28 27.13 NA 24.66 24.55 1741.79
ClinTox Approved 25.24 29.11 342.85 NA 24.70 1745.56
ClinTox Toxicity 25.65 29.31 346.16 24.65 NA 2029.26
ZINC 22.66 26.90 286.46 24.95 24.12 NA
TOTAL 121.64 141.48 1555.26 120.62 121.39 8839.85
Proposed method: 381.28 298.63 859.85 770.86 773.95 3279.06

Table 7.3: Run-time (in seconds) of GraphBridge for each source–target pair of
graph datasets. The total time required to evaluate transfer from all candidate
source domains (brute-force) is also reported. Furthermore, we include the execution
time of the proposed method, consisting of source-domain selection and subsequent
target-model training using the selected source. Dark gray highlights the pairs
chosen by our method.

GraphBridge’s best performance values for AUC-ROC and AUC-PR, respectively.
When learning ClinTox Approved, our method indicates HIV, which has the same
AUC-ROC and quasi AUC-PR values as ClinTox Toxicity. Besides the very near
results, training using knowledge from HIV is also less time-consuming. For Clin-
Tox Toxicity, our method once again recommends transferring from HIV but ZINC
gives the best performance. Finally, when ZINC is the target domain, our method
indicates ClinTox datasets as the most suitable for transferring, which leads the al-
gorithm to its best performance for AUC-PR (ClinTox Toxicity). Therefore, we can
positively answer question Q1. When evaluating the time required to use our method
compared to brute-force transfer, our method proved to be more time consuming,
except for ZINC, so we cannot affirmatively answer question Q2.

Authors of GraphBrigde argument using ZINC for all transfer experiments be-
cause it is the largest dataset. Although it is a dataset often used for benchmarking,
it might be too domain-specific, which indicates it might not generalize well for other
domains. In this case, as evidenced by GraphCL’s performance being significantly
far from 100%. Looking back to the experiments for the SRL setting discussed in
previous sections, we can notice that these characteristics were likely lost during
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the transformation of ZINC into a logic representation. This might explain why
SMART-TL correctly predicates HIV for most datasets. Another possible explana-
tion is RDN-B being more robust than GraphCL to learn relational domains.

7.3.1 Evaluation for Logic Datasets

This section presents the experimental results of SMART-TL for GNN models using
logic datasets transformed into graphs.

From FOL to Graph

Since GNNs are built on top of neural networks, these models aim at learning non-
linear representations for each node in a graph. Node representations are learned by
encoding information about the graph structure, adjacent node labels, and external
domain knowledge [95]. For our experiments, we process our data so that it fits as
input for the chosen framework, modeling the datasets as heterogeneous graphs.

To make the experiments minimally compatible, since SRL focuses on learn-
ing relationships between entities, each example is used to build a graph that
defines a target relationship (the predicate that SRL methods must learn during
training). To better understand this preprocessing step, consider an example
hasPublishedIn(janedoe, journal) that is positive, i.e., a relationship that holds.
In this case, the objective is to learn the target predicate hasPublishedIn. To
create the graph that represents this relation, first, we extract the constants
in this relation, which are journal and janedoe. Then, we search for all facts
related to these two entities independently. Suppose that the facts found are f =

{student(janedoe), articleOf(title, journal),memberOf(janedoe, lab), publication(
title, janedoe)}. Given this set and considering the example that incorporates the
target predicate, we create a graph in which constants are modeled into nodes
(e.g., title, lab, journal and janedoe) and the relations (e.g., articleOf, publication,
and memberOf ) represent edges connecting such entities. In the end, this graph
will have four nodes and three edges as illustrated in Figure 7.1. This example
is intended to demonstrate how sets of facts are modeled as graphs, so vectors
representing constants and properties (student) are omitted for simplicity.

To keep the semantics of the names of predicates and constants, each node and
edge are given a one-hot attribute representation according to the constants or re-
lations they represent. We create two types of feature vectors: node attributes
(vn) and edge attributes (ve). If a fact defines a property, which is the case of
student(janedoe), the name of the predicate belongs to the node attributes as it
identifies the entity as a student. Each position of a node attribute is formed by the
following components, considering all data: constants, unary relations, and num-
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title

publication

articleOf

memberOf

journal

janedoe

lab

Figure 7.1: Graph modeling the target relation hasPublishedIn(janedoe, journal)
based on the facts f = student(janedoe), articleOf(title, journal), memberOf(janedoe,
lab), publication(title, janedoe). Constant and predicate vectors are omitted for
clarity.

bers. All in alphabetical order. For edge attributes, we use all predicates of n-arity
relations where n > 1 from the entire dataset alphabetically. In our example, nodes
have a 4-size one-hot feature vector in which each position corresponds to a con-
stant, and the property student (e.g., node_attributes = {janedoe, journal, lab,
title, student}, so vn(janedoe) = (1, 0, 0, 1)). Edges are represented by a 3-size
one-hot feature vector that positions correspond to predicates articleOf, memberOf
and publication, thus, for example, ve(memberOf) = (0, 1, 0)). Graphs are labeled
according to the relation they represent: if the relation holds, the graph is labeled
as a positive example. Otherwise, it is labeled as negative. Algorithm 7.1 presents
how logic-based data is converted to graphs. For the purpose of simplification, Algo-
rithm 7.1 only considers binary relations but one of the datasets used in this thesis
contains relations of arity three (a, b, c) which is the highest. In this case, we create
three edges E = (a, b), (a, c), (b, c). Unary relations are used for node representa-
tion. This process is presented in Algorithm 7.2, which presents how nodes and
edges features are created.

Results

For logic datasets transformed into graphs, KL divergence values are presented in
Table 7.4. Due to the absence of results for all datasets evaluated in the previous
experiment, we can only highlight that Yeast remains the recommended source for
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Algorithm 7.1: Algorithm for transforming logic-based data into graphs.
Function FOL_2_GRAPH(logic_data):

G← {}
L← {}
for label ∈ {“pos”,“neg”} do

V ← {}
E ← {}
groups← {literals with constants in common in
logic_data, ∀e ∈ E }

for group ∈ groups do
literals← {E + ∪facts ∈ group}
for literal ∈ literals do

predicate← getPredicate(literal)
constants← getArguments(literal)
for const ∈ constants do

V ← Add node to V if const is missing
end
if |constants| = 2 then

E ← Add edge (constants[0], constants[1], predicate) to E
if missing

end
end
Add label to L
Add (V,E) to G

end
end

return G
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Algorithm 7.2: Algorithm for constants and predicates representation.
Function PREDICATE_REPRESENTATION(G):

V ← nodes of G
E ← edges of G

Xv ← {}
for v ∈ V do

xv ← array of length |constants ∪ node_predicates|
Set position of xv indexed by v’s associated constant and
node_predicate to 1

Add xv to Xv

end

Xe ← {}
for e ∈ E do

xe ← array of length |predicates|
Set position of xe indexed by e’s associated predicate to 1
Add xe to Xe

end
return Xv, Xe

UWCSE, as observed in the first part of Table 6.1. Conversely, IMDB is now recom-
mended for Cora, consistent with the results in the second part of Table 6.1, but
differing from those in the first part. This shift is reasonable given the differences in
the underlying representations used by the source models. It is essential to note that
our goal is not to directly compare SRL-based and GNN-based results, but rather
to evaluate our proposal within these two distinct relational learning settings. How-
ever, for the sake of comparison, we present a complementary analysis comparing
all pairs of datasets in Appendix A.

Table 7.5 presents the results for GraphBrigde when transferring such data. This

Source/Target IMDB Cora UWCSE Yeast
IMDB - 2.009 1.834 0.091
Cora 1.921 - 2.198 0.090
UWCSE 1.980 2.109 - 0.085
Yeast 0.573 0.812 0.912 -

Table 7.4: KL divergence values between source datasets (rows) and target datasets
(columns). Results for other datasets are not available due to computational cost
when using GNNs. Source-domain probabilities are generated using GraphCL, while
target-domain probabilities are obtained using BCPsemi_prop+NB. Results for other
datasets are unavailable because of the high computational cost of using GNNs.
The lower the KL divergence, the greater the transferability. Bold results indi-
cate the lowest KL divergence for each target dataset, corresponding to the closest
source–target domain pairs.
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IMDB UWCSE Cora Yeast
AUC AUC Run- AUC AUC Run- AUC AUC Run- AUC AUC Run-

CLL ROC PR time (s) CLL ROC PR time (s) CLL ROC PR time (s) CLL ROC PR time (s)
IMDB NA NA NA NA -0.875 0.697 0.517 143.15 -1.094 0.690 0.695 367.27 -4.529 0.577 0.502 2358.56
UWCSE -5.034 0.833 0.664 310.77 NA NA NA NA -1.094 0.691 0.691 373.14 -4.529 0.637 0.502 2304.62
Cora -5.034 0.930 0.669 312.56 -0.875 0.775 0.525 142.08 NA NA NA NA -4.529 0.604 0.503 2366.57
Yeast -5.034 0.951 0.674 380.81 -0.875 0.821 0.539 162.98 -1.094 0.697 0.702 410.75 NA NA NA NA

AUC AUC Run- AUC AUC Run- AUC AUC Run- AUC AUC Run-
CLL ROC PR time (s) CLL ROC PR time (s) CLL ROC PR time (s) CLL ROC PR time (s)

GraphCL -0.696 0.969 0.730 324.15 -0.694 0.865 0.554 144.81 -0.698 0.750 0.754 370.94 -0.696 0.604 0.502 2356.10

Table 7.5: GraphBridge results for all source–target domain pairs on logic datasets
transformed into graphs. We also include results for GraphCL, which learns each
target dataset from scratch. Bold values indicate the best performance achieved for
each target dataset, while gray cells highlight the source–target pairs selected by the
proposed method.

Target IMDB UWCSE Cora Yeast
TOTAL 1004.14 448.21 1151.16 7029.75
Proposed method 381.57 164.93 860.18 2327.43

Table 7.6: Total execution time (in seconds) for GraphBridge when considering
transfer from all available source domains. The table also reports the execution
time of the proposed method, which comprises (i) the time required to identify the
most suitable source–target pair and (ii) the time required to train the target model
using transfer from the selected source domain.

table presents the results for all pairs of experiments, and results when no transfer
is applied for the same test sets. Table 7.6 presents the total time required to run all
pairs of experiments (brute force transfer) and the time required to use our method.

Looking at Table 7.5, we can see that applying transfer learning between
GraphCL models does not decrease the training time. Additionally, except when
transferring to Yeast, applying transfer learning does not outperform learning from
scratch, as it often impairs performance in most experiments. However, our pro-
posed method correctly predicts the most suitable pairs for transfer learning, as it
identifies the most promising source datasets that yield the best performance for the
target dataset. For IMDB, UWCSE, and Cora, our method indicates Yeast as the
most similar source domain. As we can see from the results, transferring from Yeast
yields the best results for both AUC-ROC and AUC-PR for pairs of experiments.

When transferring to Yeast, our method indicates UWCSE, which yields the
best result for AUC-ROC when used as the source domain. Yeast leads the model
to its best performance in all experiments where it is not the target domain, but
it also presents the most time-consuming results. Although transfer learning un-
derperforms learning from scratch for the second experiment, our results suggest
that KL is a suitable metric for identifying the optimal pair of source and target
domains for graph-based transfer learning (Q1). Considering the statistics presented
in Table 5.1, IMDB has the least number of constants, types, and predicates. Al-
though Yeast has only one more predicate than IMDB, it has 2457 constants. A
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larger number of features may enable the construction of more informative node
representations, potentially improving the transferability of the learned GNN repre-
sentations. This might also explain why IMDB has the worst values for AUC-ROC.
This large vector of features might also be responsible for experiments using Yeast
being the most time-consuming. It is worth mentioning that when modeling these
data into heterogeneous graphs, we lose semantic information about constants and
predicates. This vocabulary is key to SRL models to create first-order rules that
describe such data. Ultimately, we can confidently answer Q2.
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Chapter 8

Conclusion

In this chapter, we summarize the research contributions of this thesis and point
out some directions for further investigation.

8.1 SMART-TL

In this thesis, we present SMART-TL: Similarity-based Multi-source Aware Recom-
mendation for Transfer Learning which is a method for choosing proper transfer
learning datasets by relying on probabilistic representations of relational databases
and distributions learned by models. The central assumption of SMART-TL is
that most related domains will result in better performance when applying transfer
learning.

We compare source and target distributions using the KL divergence of the source
and target distributions. In our method, the source distribution is obtained through
inference of the pre-trained source model while the target distribution is generated
by using propositionalization and Naive Bayes. We have performed a set of exper-
iments to evaluate SMART-TL using thirteen publicly available datasets with two
types of representation formalisms. We instantiate our method using bottom clause
propositionalization and semi-propositionalization for bottom clauses. Comparing
domains is effective when using both bottom clause propositionalization and semi-
propositionalization for bottom clauses. However, using semi-propositionalization
reduces computational cost and avoids memory issues. We evaluate our method
using three transfer learning-based algorithms: TransBoostler, TreeBoostler, and
GraphBridge, where the first and second are SRL-based methods while the latter
focuses on GNNs. We also compare results when learning from scratch the target
domain to analyze if transfer learning impairs performance.
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8.2 SMART-TL for SRL

We evaluate SMART-TL through experimental results using logic formalism, in this
case, using SRL algorithms. We instantiate our method using bottom clause propo-
sitionalization and semi-propositionalization for bottom clauses. We evaluate our
method using two state-of-the-art transfer learning-based algorithms, namely, Tree-
Boostler and TransBoostler. We also compare results when learning from scratch
the target domain to analyze whether transfer learning impairs performance for the
SRL-based representation.

As shown by experimental results, most related datasets achieve their best perfor-
mance when transferring between the most similar pairs of source and target domains
using bottom clause propositionalization. The only exception is Twitter, which
serves as the target domain. We conjecture that this might be due to the fact that
recursion is not used to train other datasets. When using semi-propositionalization
for bottom clauses, our method is ineffective for NELL datasets. This might be due
to reducing the size of bottom clauses when building semi-propositional rules, which
results in less information during training. When using graph datasets transformed
to their logical representations, our method predicts ZINC as the most suitable
source for transferring, which leads for disagreements between our method and the
results of TreeBoostler. However, comparing the results for all pairs of transfer ex-
periments indicates to be ZINC too generic and composed of simple features, lacking
complex logic or constraints, so any target domain benefits from a model pre-trained
on ZINC. Finally, when evaluating the performance of TransBoostler, our experi-
ments show that the method to transfer knowledge does affect the performance of
the algorithm when learning the target domain. This can also be observed by the in-
crease in the training times for some pairs of datasets when comparing the algorithm
with and without applying theory revision as presented in [19, 21].

8.3 SMART-TL for GNNs

We also evaluate SMART-TL using graph formalism by evaluating the performance
of GraphBridge. Due to the limitations of BCP when evaluating our method for
SRL, we only instantiate our method using semi-propositionalization for bottom
clauses. As for the SRL formalism, we also compare results when learning from
scratch the target domain to analyze whether transfer learning impairs performance
for the graph-based representation.

Experimental results show that our proposed method correctly predicts three
out of six most suitable pairs for transfer learning. When it cannot predict pairs
accurately, it recommends the source domain with the second-best performance,
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which has near results and less training time. When using SRL datasets converted to
graph-based representations, results show that transfer learning impairs performance
for GraphBridge, which may be due to the nature of the datasets, which can impact
model behavior and generalization. Observing the results for other datasets is still
required. It is also possible to test various processing methods for transforming
logic-based data into heterogeneous graphs.

Evaluating our method with graph and logic-based data datasets for GNNs has
proved that KL is a suitable metric for identifying the optimal pair of source and tar-
get domains for graph-based transfer learning. However, modeling logic-represented
data into heterogeneous graphs might result in semantic information being lost which
might explain why transfer learning underperforms learning from scratch for such
datasets. Our experimental results also show that ZINC, besides being a dataset
often used for benchmarking, might not generalize well when used for learning other
domains. Finally, our method has proved to be time-consuming compared to testing
every possible pair of source and target domains for graph-based learning.

8.4 Future Work

Future investigations will focus on developing a metric to determine whether a trans-
fer should be made. We envision that a threshold would be the simplest and most
naive solution to achieve this improvement. We also envision to focus on a more
profound investigation into how to represent relational datasets. Other possible fu-
ture directions to improve our method include applying the Hellinger distance and
shrinkage techniques to better adjust the KL divergence values.

To better address the problem of building a vector of features using bottom clause
propositionalization for larger datasets, one possible future work direction is relying
on sampling to generate bottom clauses as validated by [96]. Sampling can also be
applied to build graphs, as it was not possible to build graph representations for
NELL datasets due to computational resources. Running experiments with bottom
clause propositionalization for larger datasets might provide more insights if adding
more features improves the accuracy of our method for large and complex datasets
such as graph representations. Another possible approach is using a more robust
method to learn underlying probabilities and other propositionalization methods
to better represent such data. Additionally, propositionalization may introduce
redundancy; therefore, a possible future direction of work is to apply feature selection
algorithms to enhance our method.

Finally, we envision to perform a more robust evaluation on TransBoostler by
varying the pre-trained word embeddings used for mapping predicates. Such experi-
ment would confirm that such pre-trained models can benefit or harm the algorithm’s
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Appendix A

Language Bias in Graph-to-Logic
Transformation

:- modeh(1,active(+molecule)).

:- modeb(*,atomicNumber(+molecule,+node,#integer)).
:- modeb(*,atomicNumber(+molecule,-node,#integer)).

:- modeb(*,chiralityNumber(+molecule,+node,#integer)).
:- modeb(*,chiralityNumber(+molecule,-node,#integer)).

:- modeb(*,bond(+molecule,-node,-node,#integer)).
:- modeb(*,bond(+molecule,+node,-node,#integer)).
:- modeb(*,bond(+molecule,-node,+node,#integer)).
:- modeb(*,bond(+molecule,+node,+node,#integer)).

:- modeb(*,stereo(+molecule,-node,-node,#integer)).
:- modeb(*,stereo(+molecule,-node,+node,#integer)).
:- modeb(*,stereo(+molecule,+node,-node,#integer)).
:- modeb(*,stereo(+molecule,+node,+node,#integer)).

:- determination(active/1,atomicNumber/3).
:- determination(active/1,chiralityNumber/3).
:- determination(active/1,bond/4).
:- determination(active/1,stereo/4).
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Appendix B

Extended Experiments across
Datasets

This appendix extends the experimental evaluation presented in the main paper
by considering all pairwise combinations among the 13 datasets available. Results
are reported for both graph and logical representations, and follows the same ex-
perimental methodology as described in previous chapters. This appendix aims to
provide a more comprehensive analysis of cross-dataset similarity and transferability
beyond the subset discussed in the main text.

SRL setting KL divergence values for the SRL setting among the 13 datasets are
presented in Table B.1. Conditional probability distributions from source datasets
are obtained using TreeBoostler while probabilities for the target domain are ob-
tained using BCPsemi_prop + NB. Originally graph datasets are transformed into
their respective logical representations. As can be observed, SMART-TL identifies
datasets that are originally represented as graphs as the most similar source domains
for 5 of the 7 target datasets that are originally represented in logical form. The
exceptions are Cora and NELL Finances. For the datasets presented in the second
part of the table, originally represented as graphs, our method identifies the same
source–target pairs as in the previous analysis.

GNN setting We present the KL divergence values for the GNN setting in Ta-
ble B.2. Like in the previous analysis, source conditional probability distributions
are generated from GraphCL pre-trained models; and target domains ones are ob-
tained using BCPsemi_prop +NB. For this experiment, originally logic datasets are
transformed into their graph representations. Table B.2 shows consistency with the
experiments from the previous analysis.

The results presented in this appendix corroborate the findings of the previous
analyses, which suggest that SMART-TL is more robust in the GNN setting, as the
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recommended source–target pairs remain largely unchanged across representations.
A possible explanation is that distributions produced by GNNs through inference on
pre-trained models capture structural and relational patterns that provide a more
faithful characterization of the underlying domains, leading to more stable similar-
ity estimates. In addition, the results indicate that the propositionalization process
appears to learn more effectively from datasets that were originally represented as
graphs, even after they are converted into a logical form. This suggests that part of
the structural information encoded in graph datasets is preserved during the conver-
sion process and can still be exploited by the propositionalization procedure. On the
other hand, the logical transformation of graph datasets may not be entirely lossless.
Potential limitations of this conversion process could explain the lower performance
observed in the SRL setting when using graph datasets transformed into logical rep-
resentations, as relevant structural characteristics may be only partially captured
by the resulting bottom clauses. Consequently, while the observed robustness of
SMART-TL in the GNN setting may stem from both the quality of GNN-derived
representations and the ability of BCP to leverage graph-originated information,
these hypotheses require further investigation. In particular, a more comprehensive
analysis comparing graph and logical datasets, as well as the information captured
by their respective bottom-clause representations, would be necessary to better un-
derstand the factors driving these results and the impact of representation choices
on transferability estimation.
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Appendix C

Detailed Comparison of Predicate
Mappings

This appendix extends the experimental evaluation presented in the main paper by
providing a comparative analysis of the predicate mappings generated by TreeBoost-
ler and TransBoostler. Results are reported only for logical representations and are
based on data obtained from previous works [19, 21]. Results for TransBoostler
are based on four similarity functions: Soft Cosine similarity, Euclidean distance,
Word Mover’s Distance (WMD) and Relaxed Word Mover’s Distance (RWMD). The
objective of this appendix is to offer a briefly understanding of how different knowl-
edge transfer strategies influence transfer learning performance, complementing the
results discussed in the main text.

C.1 IMDB to Cora

Table C.1 presents mapping results when transferring IMDB to Cora in which
TransBoostler is more time-consuming when using its depth-first mapping ap-
proach [19, 21]. According to LUCA et al. [19, 21], the theories learned from IMDB
contain three distinct predicates: two unary predicates (arity one) and one binary
predicate (arity two). Cora does not include any unary predicates so only the binary
predicate is mapped. TreeBoostler finds venue as the best mapping for movie, while
TransBoostler using Soft Cosine, Euclidean distance, WMD, and RWMD finds has-
wordauthor, author, sameauthor, and sameauthor, respectively. So TransBoostler
needs more time to revise the structure. When performing the opposite experiment
(Cora → IMDB), results are competitive and both algorithms find the same map-
pings, i.e., haswordvenue is mapped to movie, and haswordtitle is mapped to genre.
The other predicates are mapped to empty.
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TransBoostler
TreeBoostler Soft Cosine Euclidean WMD RWMD

movie venue haswordauthor author sameauthor sameauthor

Table C.1: Difference between TreeBoostler and TransBoostler’s mappings using
four similarity metrics when mapping IMDB to Cora using depth-first mapping
approach.

TransBoostler
TreeBoostler Soft Cosine Euclidean WMD RWMD

follows interaction location complex complex complex
tweets enzyme enzyme interaction interaction

Table C.2: Difference between TreeBoostler and TransBoostler’s predicate map-
pings using four similarity metrics when mapping Twitter to Yeast using depth-first
mapping approach.

C.2 Twitter to Yeast

TransBoostler is faster than TreeBoostler when transferring from Twitter to
Yeast [19, 21] for the same mapping approach discussed in the previous section.
In this case, the structure to be transferred contains only two distinct predicates.
As TreeBoostler relies on type constraints creation during mapping, only one predi-
cate is mapped to another in the target domain. TransBoostler, instead, maps both
source predicates which contributes to reducing the revision time. Table C.2 shows
the most similar target predicates for each similarity metric.

C.3 Yeast to Twitter

In the opposite experiment and using TransBoostler’s ranked-first mapping ap-
proach, only Soft Cosine similarity generates different mappings which may indicate
why it leads the algorithm to its best results when compared to other mapping func-
tions and TreeBoostler [19, 21]. When transferring from Twitter to Yeast using the
same approach, there are no mapping differences. Mapping results are presented in
Table C.3.
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TransBoostler
TreeBoostler Soft Cosine Euclidean WMD RWMD

interaction follows tweets tweets tweets tweets
location follows
enzyme
phenotype
complex follows follows follows

Table C.3: Difference between TreeBoostler and TransBoostler’s predicate mappings
using four similarity metrics when mapping Yeast to Twitter using ranked-first map-
ping approach.
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