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The aim of my research is to devise Natural Language Processing (NLP) systems that learn to
generate, distill, and use knowledge from unstructured text. Driven by an intrinsic desire
to acquire new knowledge [Aristotle and Ross, 1933], humans have consistently developed tools for
this purpose. Machine learning systems are no exception. These systems should be designed to pro-
vide new knowledge, which, accordingly, represents a valuable component for their evaluation and
trustworthiness. In NLP, this requires the development of methods with the capability of under-
standing text to distill and organize novel structured knowledge. Moreover, these capabilities
should be designed to guarantee desired properties of autonomous support systems, such as model
transparency, efficiency, robustness to text representations, adaptability to different contexts, and
computational scalability.

Concretely, we require a paradigm shift in how machine learning problems are formulated, going
from the traditional approach of “Given input X, provide output V”, where the focus is on Y, to
“Given input X and knowledge K, provide output Y and update K7, where the focus is also on
IC. Here, the knowledge K refers to any information bit that contributes to the general human
understanding of a given problem. Notably, this includes information about the task, the domain,
and the model of interest. This paradigm shift implies that when we design a system for an NLP
problem, our purpose and measurement of its success should not be limited to model accuracy.
Instead, we should also account for the reason behind that accuracy. This translates to a model
that not only explains its predictions, but also aggregates individual explanations to summarize its
decision-making process into more general criteria. Altogether, these capabilities constitute impor-
tant desiderata for several real-world applications where extracted knowledge represents the basis
for understanding the underlying factors like human sociodynamics, dialogical interactions, and rea-
soning. Notable examples include Argument Mining, where understanding how humans convey and
relate opinions is paramount [Lawrence and Reed, 2019], Hate Speech Detection, where knowledge
about the cultural domain of content is necessary to discriminate hateful content [Yu et al., 2022],
and Legal Analytics, where the decision-making process of legal experts is inherently grounded on
factual knowledge [Xu et al., 2020].

During my research activity, I have taken several steps towards this ultimate goal of learning
with knowledge, with applications in Argument Mining and Legal Analytics. I will continue
these efforts by focusing on two main directions:

e Unstructured Knowledge Integration. The capability of models to leverage a large
amount of unstructured textual knowledge to address specific problems.

e Structured Knowledge Extraction from Text. The capability of models to extract

structured knowledge from raw text.

Unstructured Knowledge Integration

Introduction. Structured knowledge integration into machine learning models aims to overcome
the shortcomings of purely data-driven approaches [von Rueden et al., 2023]. In particular, these
include limited generalization capabilities when training data is scarce, lack of transparency, bias,
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and lack of learning critical regulatory factors like fair behavior, security guidelines, and coherence
concerning natural laws, which are often dictated by the given context. The context also affects
how structured knowledge is represented and integrated into models. For instance, in NLP, popular
representations are knowledge graphs, logic rules, and linguistic dependencies. In contrast, in
other settings like physics or robotics, knowledge is often represented as mathematical equations,
simulations, or human feedback. Albeit a valuable source of information to regulate the learning
process of autonomous systems, in many scenarios, structured knowledge or its distillation process
may be unavailable, prohibitively costly, or even unfeasible. For instance, in the legal domain,
the motivations explaining why specific juridical actions have been taken may be articulated over
multiple documents with several cross-references to legal laws and, thus, deeply entangled within
domain-specific linguistic constructs and stylistic patterns. Here, correctly highlighting reasons for
action may be prohibitively time-consuming, if possible at all. Therefore, since the beginning of
my PhD, I have been actively working on directly using unstructured text as a form of knowledge
due to the sheer amount of information in different domains. Formally, I denote this integration
process as Unstructured Knowledge Integration (UKI).

Contributions. In [Ruggeri, 2022], I introduce a preliminary theoretical analysis of UKI, setting
the foundation to define and analyze an unstructured textual knowledge integration process sys-
tematically. In particular, I decompose UKI into three main processes: Integration, Mapping, and
Validation. Integration defines the mechanism by which we should employ unstructured knowledge.
Mapping describes how knowledge, or a portion of it, should be linked to input data according to
the integration process, while Validation verifies if the adopted integration and mapping processes
do not violate knowledge-specific requirements. According to how these processes are defined in a
given domain, knowledge can play different roles during learning, such as a source of complemen-
tary information (e.g., additional data), support for reasoning (e.g., schemes and task instructions),
and constraints. Altogether, my analysis denotes that learning with textual knowledge is an artic-
ulated process where several factors have to be aligned consistently during learning, including how
knowledge is represented, for what purpose is knowledge employed, how knowledge is integrated,
and how knowledge is validated.

As a first step in studying how unstructured textual knowledge could be integrated into ma-
chine learning models, I explore embedding-based approaches for comparing knowledge with
input texts. In [Lagioia et al., 2019], I employ memory neural networks [Sukhbaatar et al., 2015]
to enrich a classifier of unfair clauses in online consumer contracts to encode legal explanations of un-
fairness, denoted as rationales. In particular, I explore knowledge integration through embedding-
based semantic similarity where the model compares input texts with rationales provided by
legal experts. This allows the model to provide the most prominent selected rationales to support
its predictions. Results on a specific category of legal unfairness show that the integration process
leads to classification improvement over purely data-driven baselines. In [Ruggeri et al., 2022], we
then extend the work of [Lagioia et al., 2019] to account for different unfairness categories. In
particular, we introduce ToS-100, a dataset containing consumer contracts from 100 popular ser-
vice providers annotated for nine distinct unfairness categories, five of which are annotated with
rationales. Moreover, we explore training memory networks by providing supervision on which
rationales to select when targeting unfair clauses. Experiments show that rationale supervision
leads to a significant improvement in accurately selecting relevant rationales for most unfairness
categories without affecting classification performance. These results denote that the way unstruc-
tured knowledge is formulated affects the effectiveness of the integration process. To measure to
what extent these observations hold when scaling the size of the knowledge base (up to hundreds
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of entries), in [Ruggeri et al., 2024a] I develop adaptable learnable strategies to sample a small
portion of unstructured knowledge based on (i) how semantically similar was the retrieved content
to the given input data and (ii) to what extent the retrieved content improved the classification.
Sampling enables working with large knowledge bases with limited memory overhead, and models
with limited knowledge often reach performance comparable to counterparts accessing the whole
knowledge base.

In addition to how knowledge could be integrated, I explore for what purpose knowledge
could be employed. Specifically, I focus on integrating knowledge as support for reasoning.
In [Muti et al., 2024a], I, along with collaborators specialized in hate speech, inject reasoning
schemes proper of argument mining for implicit misogyny detection. More precisely, we prompt
Large Langue Models (LLMs) with the intent of extracting the rationale (denoted as the war-
rant in argumentative theory [Toulmin et al., 1979]) behind hate speech, thus making it explicit
for analysis. This methodology allows us to assess that LLMs fall short of reasoning capabili-
ties about misogynistic comments, and they mostly rely on their implicit knowledge. Similarly,
in [Muti et al., 2024b], we formulate misogyny detection as a word sense disambiguation task,
where pejorative epithets are first disambiguated by an ad-hoc model to provide more contextual
information to the misogyny classifier.

Unstructured knowledge for reasoning can also be expressed as task-specific instructions like,
for instance, annotation guidelines. In [Korre et al., 2024], we collect a corpus of 300+ definitions
for hate speech and employed a method derived from semantic componential analysis to extract
conceptual components from these definitions (e.g., religion, race, age, etc.). We then prompt LLMs
to evaluate if definitions with different components allow for detecting examples characterized
by those components as hate speech, indicating a sensitivity to the cultural context conveyed
by the definition. Similarly, in [Ruggeri et al., 2024b], we propose an annotation methodology
based on the prescriptive paradigm [Rottger et al., 2022] that enforces reporting which criteria of
annotation guidelines were employed by annotators to label examples. We then evaluate if learning
with guidelines resembling human annotators leads to superior classification performance and fine-
grained model analysis.

Future Work. UKI is a broad concept, encapsulating several distinct concepts, from the defi-
nition and maintenance of unstructured knowledge to its integration and validation. So far, my
research on UKI has touched only some aspects, often subject to several limitations derived by
the case of study of interest, including fixed and partial knowledge, integration by comparison via
embedding-based operators, limited datasets, and domains. Currently, I'm working on extend-
ing the analysis introduced in [Ruggeri, 2022] to account for and compare with several existing
research areas. Among the many, in-context learning and prompting [Liu et al., 2023]. In particu-
lar, prompts are a peculiar case study since they mix input text with several forms of knowledge
like textual constraints, task-specific instructions, and additional data (e.g., few-shot examples).
Another research direction is using structured knowledge extraction as a sub-process of
UKI, where unstructured text is first pre-processed to extract abstract and high-level representa-
tions to aid individual UKI processes like validation. To do so, I want to explore neuro-symbolic
approaches [Besold et al., 2021] as a formal way to assess how and to what extent knowledge has
been used by a model to address a downstream task.
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Structured Knowledge Extraction From Text

Introduction. Structured knowledge extraction is a valuable component for defining high-level
reasoning capabilities. For instance, suppose the problem of integrating knowledge in the form of
explanations (as in online consumer contracts) into a machine learning model. To do so, we would
require a method that exposes the connection between input text and selected explanations, allowing
answering the question: For what reasons was input X connected to knowledge K? Structured
knowledge, like knowledge graphs and logic rules, is characterized by a semantic frame that is
interpretable by design: the semantics of the nodes and edges in a graph are known, and upon
those concepts, articulated operations like graph traversal are built. This is a desired property
when dealing with machine learning models since we can use extracted knowledge as a proxy
to interpret their decisions. In this context, my research focuses on the automatic extraction
of structured knowledge from unstructured text to discover novel insights about tasks and what
knowledge models acquired specifically through data-driven learning.

Contributions. A first step towards knowledge discovery is represented by automatically
extracting textual patterns from unstructured text. In particular, patterns are portions of
input texts highlighted by the model to perform predictions and are often denoted as highlights or
rationales [Wiegreffe and Marasovic, 2021]. Inspired by previous work on integrating tree kernel
methods for text classification [Lippi and Torroni, 2015], in [Ruggeri et al., 2021], I develop regular-
ization methods to define neural classifiers capable of extracting structured rationales from text for
Argument Mining. In particular, structured rationales are in the form of parsing trees derived from
input texts to classify. The ultimate goal of this study is to identify whether argumentative compo-
nents like claims (i.e., opinions) do follow specific syntactic or semantic patterns in a given domain,
a hypothesis that has been discussed in related work [Shnarch et al., 2017, Lauscher et al., 2022].
While leading to performance improvements, the developed models required pre-processing steps
for extracting rationales. To account for this issue and devise a general-purpose methodology,
in [Ruggeri and Signorelli, 2024], we propose GenSPP, an effective method for extracting inter-
pretable rationales by design. In particular, we train GenSPP through genetic-based optimization
to overcome existing optimization issues of select-then-predict (SPP) architectures [Lei et al., 2016,
Yu et al., 2021], resulting in more accurate and robust models.

Knowledge is not necessarily input-specific as in rationalization models, and extracted content
bits may be connected to each other through semantic relations like contextual dependency.
A first step in this direction is the work of [Ruggeri et al., 2023], where I introduce ArgSciChat, a
corpus of argumentative dialogues on scientific texts with the intent of developing chatbots capable
of retrieving content from documents and discussing it through text generation. Subsequently,
in [Ruggeri, 2022], I enrich ArgSciChat with argumentative component annotations with the intent
of constructing an argumentative knowledge graph from these annotations corresponding to a spe-
cific dialogue state. This is achieved by developing ad-hoc argumentative classifiers and employing
argumentative annotations as a knowledge base to guide the information retrieval process without
relying on any other supervision.

Future Work. My current contributions mainly focus on extracting input-specific information
as a proxy for interpretability. This is only a first step towards solutions capable of digesting
such information into global and summarized content for knowledge discovery, which, so far, re-
quires an active human intervention through qualitative analysis of extracted content. For this
reason, I aim to extend GenSPP [Ruggeri and Signorelli, 2024] to include aggregation mech-
anisms to distill high-level information, mainly taking inspiration from several research areas



like topic modeling [Zhao et al., 2021], prototype networks [Snell et al., 2017], and neural clus-
tering [Pakman et al., 2020]. The aggregated information is an abstract and robust representa-
tion of input textual content that can potentially benefit task-specific performance, similar to
how linguistic dependencies like parse trees and abstract meaning representation graphs are ap-
plied in NLP [Bevilacqua et al., 2021]. Moreover, I aim to extend SPP architectures to extract
multiple patterns from a single input text, where each pattern is viewed as an individual ab-
stract concept [Poeta et al., 2023] with its own relations and structure. This is where I also
plan to extend the work of [Ruggeri et al., 2021] to replace attention-based extractions with
hard and stable selections as in GenSPP. Lastly, as my ultimate goal, I intend to evaluate how
these developed knowledge extraction methods can be integrated into a UKI pipeline. For
instance, we could define a mapping mechanism based on comparison as done with memory net-
works [Lagioia et al., 2019, Ruggeri et al., 2024a] that operates on extracted abstract content.
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