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Abstract

This work contextualizes the possibility of deriving a unifying artificial intelligence frame-
work by walking in the footsteps of General, Explainable, and Verified Artificial Intelligence
(GEVAI): by considering explainability not only at the level of the results produced by
a specification but also considering the explicability of the inference process as well as
the one related to the data processing step, we can not only ensure human explainability
of the process leading to the ultimate results but also mitigate and minimize machine
faults leading to incorrect results. This, on the other hand, requires the adoption of au-
tomated verification processes beyond system fine-tuning, which are essentially relevant
in a more interconnected world. The challenges related to full automation of a data pro-
cessing pipeline, mostly requiring human-in-the-loop approaches, forces us to tackle the
framework from a different perspective: while proposing a preliminary implementation
of GEVAI mainly used as an Al test-bed having different state-of-the-art Al algorithms
interconnected, we propose two other data processing pipelines, LaSSI and EMeriTAte+DF,
being a specific instantiation of GEVALI for solving specific problems (Natural Language
Processing, and Multivariate Time Series Classifications). Preliminary results from our
ongoing work strengthen the position of the proposed framework by showcasing it as a
viable path to improve current state-of-the-art Al algorithms.

Keywords: verified artificial intelligence; hybrid explainability; explainers; deep neural
networks; reinforcement learning; logic; logical neural networks; relational learning; data
mining; paraconsistent reasoning

1. Introduction

This paper extends our previous work on General, Explainable, and Verified Artificial
Intelligence (GEVAI) [1], a machine learning pipeline framework for categorizing different
aspects of the machine learning algorithms and determining their role when extracting
specifications (i.e., models) from a system (i.e., data) of interest. This framework is also used
to describe and categorize each machine learning algorithm with respect to its ability of
explaining the system of interest, the inference process, as well as the specification in terms
of correlation between specific instances of a system and expected classes. Our analysis
remarks how paraconsistent reasoning provides the most desirable and general way to
deal with machine learning tasks, which is currently supported by current logical and
philosophical arguments on General Artificial Intelligence (Section 2.3). The framework
bridges Verified (Section 2.1) with Explainable (Section 2.2) Artificial Intelligence through a
cohesive framework as outlined in Figure 1: this not only provides an index to the main
sections and approaches being discussed in this work but also provides a generalisation
over the main mining and learning algorithms (Section 5).
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Figure 1. The General, Explainable, and Verified Artificial Intelligence (GEVAI) Framework [1].
Multimedia, full-text, and temporal data can be considered as instances of Boolean data (BL), while
multimodal data can be fit into Relational data (RL). Any domain knowledge coming from a Business
Analyst can be encoded into an Upper Ontology expressible within Logic Programs (PL). The latter
can also be updated once the analyst gains knowledge from the ex post phase, thus fine-tuning the
system through human-in-the-loop intervention. Given the current limitations and open problems in
orchestrating different Artificial Intelligence algorithms into a cohesive platform, we demonstrate
how current attempts at designing Al pipelines align with our proposed scheme (FIDDP, EMeriTAte,
and LaSSI).

2. Related Works
2.1. Verified Artificial Intelligence (Al)

Verified Al aims to adopt verification mechanisms through correctness checking. Any
Verified Al algorithm [2] relies on the notion of a system S, being the object of our study,
and an environment E, in which such a system interacts. Specifications ¢ € ® can either
check whether S abides by it within the given environment (formal verification: S, E F ¢) or
summarise system'’s properties (specification mining). More formal characterization from
the field [3-5] freely assume that specifications are explainable as they are expressible in
logical form, as the definition of specifications lead to the generation of a system satisfying
all the requirements given (formal synthesis). Notwithstanding this, the original survey does
not constraint the representation for S, E, and ¢ to a specific formal language of choice,
thus freely allowing more data-driven approaches. By walking under the assumption that
human-like intelligence might be achieved by reasoning paraconsistently and given that
the only known algorithms working as such are directly assuming a logical representa-
tion [6,7], this paper advocates that, ultimately, verified artificial intelligence should be
expressed using a logical formalism. Given that it is always possible to extract a logical
representation out of the data by “climbing the data-representation ladder” by further
enriching raw data with additional contextual information, then it is always possible to
reason paraconsistently over raw data after transforming it in a suitable formal representa-
tion. This will be remarked by the latest results from our work over hybrid explainability
(Sections 3.4.3 and 3.4.4). When considering a system varying in time through a set of snap-
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shots S = {Sy,...,S,} [8-10], we can freely associate each snapshot S; € S to a different
class or state ¢ € Y, which can be compactly described through a specification M (S;) = ¢,.
At this point, the agent simply observes the environment, and does not react to external
stimuli: to achieve this, the agent has also to learn to associate an action to each state
through a transition function a: Y — Act, by which the system might potentially evolve
through a reaction mechanism J: S X Act — S. We can then describe the co-evolution
of an agent with it system with the following recurrence relationship [1] as discussed in
continuous learning settings [11]:

Evolution(S;) = d(a(M(S¢)), St)

2.2. Explainable Al

As the influence of Al expands exponentially, so does the necessity for systems to
be transparent, understandable and, above all, explainable [12]. According to current
literature [13,14], an Al algorithm is understood to be explainable when either the formal
synthesis or specification mining algorithms return provide a specification that is intuitively
understandable by the human. When this representation is perceived to be too distant from
a suitable representation being immediately intelligible and appreciated by a human, we
need to use other explainers correlating the input data to the predicted class.

On the other hand, this paper considers explainability in all the phases of an Al
pipeline: we consider explaining the input data by injecting/enriching and cleaning data
representations, the explicability of the inference process allowing us to derive the final
reasoning task generating the desired specification, and the possibility of explaining the
derived specification and possibly to determine its overall adequacy to fit the expected data.
Considering the inference process at the centre of the artificial intelligence process and
placing the input data and the results obtained respectively before and after the execution
of this algorithm, we identify the phases previously defined as a priori (Section 3.1), ad hoc
(Section 3.2), and ex post (Section 3.3). Within this categorization, explainable approaches can
fit into two macro-categories, the static approaches (Section 3), considering only one possible
kind of Explainable Al methodology where each algorithm might be considered as one
single instantiation of a specific subcategory, and the hybrid ones (Section 3.4), considering
a combination of multiple possible Al explanation technologies. Figure 1 summarises
most of current literature on Explainable Al through the lens of a GEVAI framework
(https://github.com/LogDS/GEVAI/releases/tag/v0.1, accessed on 29 May 2029).

As the extracted specifications mainly depend on the data representation of choice,
and given that the former also forces a specific algorithm structure, we can achieve different
level of algorithmic explanations by varying the data representation. This motivates a
preliminary digression on the hierarchy of data representations (Section 2.2.1) before intro-
ducing the different types of explainability. Given that data can undergo transformations,
thus including the inference process extracting rules as specifications from the data, we
also need to consider provenance mechanisms to track the contribution of the original data
inputs within the process of deriving the results (Section 2.2.2).

2.2.1. Data Representation Hierarchy

Talking about Al explainability requires first dealing with machine-level expressive-
ness by adding more contextual information to our data by increasing the amount of
structure. Current literature recognises the current hierarchy of structured data repre-
sentations [15]. As the choice of the final data representation of interest might be highly
dependant on the choice of the ad hoc algorithm, the framework should be able to support
a rewriting of any given representation into the desired format.
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(Logic) Programs (LPs) provide a compact data representation also including logical
connectives (S), thus including the notion of entailment when also describing rules (E),
while supporting the definition of recursive predicates. We now discuss how we can repre-
sent the original complex data into less-structured forms, while loosing part of the inherent
contextual information. By applying knowledge expansion algorithms (Section 3.1), we
then obtain Relational (RL) data providing records from diverse relationships. It can adapt
to both object-oriented and semistructured data models [16]. At this level, we completely
lose any cognition of logical rules and connectives. By further degradation, we lose the
information of distinct relationships, and we start focussing on just one relationship at a
time: this is ultimately the Multi-Instance (MI) representation, we retain as in the former
the relaxation of the First Normal Form (1NF) [17], which allows us the usage of nested
content to express is-a or part-of hierarchical entailment [18]. Last, we can finitely break
down each attribute-value association for each object at this level, thus including nested
relationships, through Attribute-Value (AV) associations. It is often assumed that each
AV record shall represent at most one fact, which shall also be associated with a proba-
bilistic [19] or uncertainty [20] score. Given that values can only be either nominal (or
categorical), ordinal (i.e., totally ordered), or continuous (in R or any floating-point trun-
cation), we completely lose any semantic information of nested relationships. Finally, we
can further decompose the data by representing data entries as 0-ary atomic predicates [21]
with associated truth values; for this reason, we refer to this representation as Boolean
(BL). Atomic values can be simple data types and may include uncertainty scores through
provenance information [22,23].

In logical frameworks that are as expressive or more so than First Order Logic (FOL),
the inherent semi-decidability hampers the creation of converging inference algorithms.
Consequently, data science tends to focus on restricted fragments of FOL, such as the
alternating sequence of all universal quantifiers followed by existential quantifiers (AE) [24],
as well as Horn clauses prevalent in Prolog [25]. This approach allows algorithms to manage
higher conceptual levels by treating programs as data, which aligns with the representation
objectives in Verified AI domains.

2.2.2. Provenance

A data representation natively supports provenance information if each data record or
object either provides a progressive and unique ID if coming from the original data source
and provides an expression describing how it was obtained otherwise [23], thus allowing
to directly derive the final uncertainty score associated to the resulting data rather than
computing this continuously within the pipeline [19]. Provenance enables tracking of how
the provided data was produced from the original data sources by taking into account the
IDs referring to the original data while keeping track of the operations being applied to
provide such results [26]. Provenance enables operational explainability among different
phases of the pipeline [27].

2.3. General Al

General Artificial Intelligence has the pursuit of defining agents able to learn all
the tasks as humans [28] while not being restrained by learning one single problem at a
time (Artificial Narrow Intellignce). By doing so, each automated agent can be clearly be
considered as a (human-like) mind [29]. Despite industrial [30] and academic [31] claims of
Large Language Models (LLMs) providing early signs of GAI, there is strong evidence for
this inadequately providing critical thinking capabilities. As a result of the autoregressive
tasks generally adopted by generative LLM models, when the system is asked about
concepts on which it was not trained initially, it tends to invent misleading information [32].
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This is inherently due to the probabilistic reasoning embedded within the model [33], not
accounting for inherent semantic contradiction implicitly resulting from the data through
explicit rule-based approaches [34,35]. These models do not account for probabilistic
reasoning by contradiction, with facts given as conjunctions of elements, leading to the
inference of unlikely facts [36,37]. All these consequences are self-evident in current state-
of-the-art reasoning mechanisms. They are currently referred to as hallucinations, which
cannot be trusted to verify the inference outcome [38].

To address the former criticalities, this work works on some of the criticisms raised
on the Penrose-Lucas argument by assuming one of the two possible alternatives: general
intelligence can be achieved through an Turing Machine reasoning using some sort of
paraconsistent logic [6,7] (Section 3.2). To achieve this, this work will support the need
of pipelining different algorithms to actually achieve robust General Al providing logical
representation of the data, while showcasing the limitations of loss minimisation driven
algorithms, thus remarking on the limitations derivable from mainly using LLMs [32,33]
for Artificial General Intelligence as presented in [31] over biased and contradictory data.

3. A Framework for General, Explainable, and Verified Artificial
Intelligence (GEVAI)

This section extends the definitions originally provided in [1] by better reflection on
the notion of explainability and categorizing all possible combinations and inter-operations
of explainable algorithms. We say that an Al solution provides static explainability if only
supports data (a priori, Section 3.1), specification extraction (ad hoc, Section 3.2), or result (ex
post, Section 3.3) explanations. On the other hand, we say that an Al algorithm or pipeline
provides hybrid explainability (Section 3.4) if it combines together several different types of
explainability algorithms. In particular, we consider the following possible form of hybrid
explainability: rip-cut, when the algorithm focusses of stacking together multiple different
explainable algorithms of the same type (a priori, ad hoc, or ex post) [20], cross-cut, when
the algorithm combines different explainability types together (e.g., a priori and ad hoc),
and holistic, when any combination of the former is clearly provided. Table 1 summarizes
the main type of artificial intelligence algorithms considered in the present paper: by
expressing each algorithm of interest in terms of their type as in type theory, solidifies the
claims of how to connect algorithms belonging to different phases as illustrated in Figure 1.
After observing that each single algorithmic component can be expressed through a sub-
instantiation of the GEVAI framework (Section 3.4.1), we also say that a data processing
pipelin provides nested hybridation when one of its components is itself an instantiation
of a hybridly explainable Al algorithm.

Given the impossibility of fully automating the entire approach due to many open
problems addressed in our previous work [39], brought us to the decision to evaluate GEVAI
from two different perspectives: first, we showcase the possibility of fully-automating
current Al algorithms into a single pipeline under the assumption to deal with only AV
data for classification tasks (Section 3.4.2); given the aforementioned open problem, we
then instantiate GEVALI to perform two distinct classification tasks: multivariate time series
classification (Section 3.4.3) and textual classification into entailment, indifference, and
contradiction (Section 3.4.4). Section 4 provides an evaluation of these approaches, still
under review.
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Table 1. Representation of the input and output data types for all the algorithm considered by
the present paper. <: denotes the subtype relationship, £ denotes an arbitrary explanation output,
and X — Y denotes a finite function or record mapping data in X to Y. £}, is used to denote the
hyperparameters of interest under the assumption that the learning or mining algorithm will undergo
specification search.

Explainability Name System, S Spec./Env., ®/E  Function Type
{ e Data Cleaning Any Any SXE—S
A Priori e Climbing the Repre- o /
sentation Ladder 5<iS Any SxE=S
e Learning [15] AV Any (S—Y)x L, >
Ad Hoc e Mining [15] AV Any (S—Y)x Ly, xQ — p(P)
e Relational Learning LP LP (S—Y)XE—®
» Paraconsistent disj.-free P disj-free LP SXE—®
Reasoning
e Performance
Metrics Any Any Px(S—Y)—=€
Ex Post e Specification
Agnostic Any Any Px(S—Y) = €&
e Extraction Any <P d—
3.1. A Priori

An a priori algorithm explains data by applying data transformations to it so to make it
more accessible to the machine. Among these, we mainly distinguish between data cleaning
and integration techniques, which mainly keep the data within the same representation
and data hierarchy representation, from the ones climbing up the representation ladder,
which are transforming less structured data into more structure data through the addition
of contextual information. Within the latter case, any a priori explanation algorithm also
providing a logical program describing the data is then considered a specification mining
algorithm and, given that different ad hoc algorithms support different possible types of S
data, enable the hybridation of multiple algorithms by gradually transforming the data.
Ultimately, these techniques aim to use the machine itself to better explain the data to
both the machine, further processing the data within the downstream process, and the
human, which might provide data quality auditing within the loop. This process can be
automated by designing an upper ontology serving as an E [40] for both data quality and
reasoning purposes.

With respect to data cleaning algorithms, different data representation formats lead to
different levels of data curation. When considering data in the AV format, data cleaning
tasks fix values within single data fields according to rule-based or statistical data distri-
butions [21,41-44]. When considering data in RL, we get more advanced data cleaning
solutions which do not only replace single values in records, but also add or remove records
so to fulfill data integrity constraint requirements [5,45]. When considering data in LP, we
ultimately get data integration tasks aiming at uniforming different data representations
with different schemas into one single global data representation [46,47], thus transforming
records accordingly [48]. In all these scenarios, we can keep track of the uncertainty score
reflecting the confidence of the transformation process [39]. Given that each data clean-
ing algorithm working at a higher data representation level will not tackle finer repairs
and that no single data cleaning algorithm fully supports all the aforementioned type of
repairs, provenance mechanisms act as an undoubtedly useful mechanism to reconcile data
after cleaning has been occurring at different data abstraction levels. This motivates the
adoption of an holistic framework for fulfilling all the aforementioned steps. Furthermore,
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we can also use the same data cleaning principles to actually generate new data from
the initial system S [34,35,49,50] to derive inconsistent information. Thus, data cleaning
algorithms mainly work as paraconsistent reasoning algorithms discussed in Section 3.2.4,
thus generating a loop between ad hoc and a priori algorithms in Figure 1.

By climbing the data representation ladder up, we want to transform raw data, po-
tentially represented in AV, into a higher level representation LP for enabling the usage of
different data cleaning algorithms as well as applying more advanced ad hoc algorithms
assuming different System representations (Section 3.2). With respect to Natural Language
Processing tasks, common machine-learning algorithms do not only enable the transition
from BL to MI through (multi-)word named entity recognition [51] aggregating distinct
near words into one single entity while associating its type information (e.g., geographical
location, geo-political entity, organisation, person), but also enable verb interpretation
for extracting domain-dependant relationships, such as location_of and employee_of [52],
providing greater human-level explicability. This also enables machine-level explainability,
as text can be promptly digested into text to be inferred upon [53,54]. This approach is
similar to image data analysis: while a preliminary step called object detection [55] aims to
identify single parts of the image as entities, determining their relative position of in space
and expressing this with explicit relationships [56] enables full RL data representation,
which can be then easily represented in LPs as conjoined prepositions.

3.2. Ad Hoc

An algorithm provides ad hoc explainability if it motivates a specific decision leading
to the generation of a specification. We say that such algorithm is marginally explainable
if the suitability of the derived specification is compressed into a single numerical value,
and we say that it is maximally explainable if each phase can be justified and logged with
motivation. Such algorithms act as a black-box when there is a huge representation gap
between the way the specification computes the result and the solution expected by a
human, and is a white-box if its operation can be promptly translated in human language.

3.2.1. Classical Learning

Given an annotated dataset characterized as a (finite) mapping f : S — ) between
data instances S C L and corresponding classes in ), the objective of a classical learning
problem is to learn (and return) a single function M ~ ¢ referred to as a specification
expressed in a target language £;, while minimizing the classification errors across f [15].
L}, usually varies with the learning problem of interest: while decision trees have £, as
a set of all propositional formulas in disjunctive normal form over a finitary set of atoms
bounded by the data values and the attributes occurring within the data, Deep Neural
Networks will consider all th possible network configurations obtainable from one or more
seed and neuron weight configurations. Thus, we can intend £, as the desired set of
hyperparameters. This ¢ can be refined to fit the data through a loss function minimization
problem [57]. Different learning algorithms might use different loss functions as well as
their dual counterparts: while most statistical distributions exploit maximum likelihood
estimation [58], decision trees [59] exploit impurity functions such as entropy measures or
diversity indices [60].

Learning algorithms exploit hyperparameter tuning to avoid considering just one
single local minimum [61], which is often considered as a time consuming process. More
advanced approaches are starting pair the data space with the specification space: Extreme
Learning Machines (ELMs) support an efficient weight initialization strategy through for
hidden layers by exploiting training data values rather than being randomly assigned; this
improves the running time to perform the learning task [62]. Similar approaches have been
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also been investigating in continuous learning: Broad Learning Structuress (BLSs) enables
re-training of pre-trained model by adding augmenting the network structure with addi-
tional nodes which weights are also a function of the input training data. Notwithstanding
the possibility of deriving a correlation between specification and data space, the process is
still returning one possible hypothesis rather than multiple ones exhibiting similar desired
characteristics.

The subsequent training process of both ELMs and BLSs will still undergo a loss
minimization process: due to the minimisation problem not establishing an explicit ex-
plainable correlation between specification, quality measure (loss function), and data space,
these methodologies cannot explain the rational of why a specific specification is to be
preferred to other ones besides the reaching of a local minimum. Despite they can solve
approximations of NP-complete problems [63], not providing an immediate understanding
of the thought process while deriving the specification hampers the trustworthiness of the
derivation process, which cannot be verified.

3.2.2. Mining

We now observe how the definition of an explicit <-generality notion across all
specifications and the considering of a monotonic quality metric @ € Q enables a more
detailed explanation on why a given specification should be preferred to another in terms
of data quality. When considering RL data, mining algorithms can also be used to derive
integrity constraints from clean data [64]. When logical specifications are considered,
this corresponds to the notion of entailment [65]. Mining algorithms achieve this [15]
by structuring the specification search space as a lattice, where each node corresponds
to a specification, while edges can be traversed from the most general towards the most
specific through a refinement relationship p. This is the preferred direction for efficiency
purposes [65,66]. Differently from the learning algorithms, these guarantee the return of
multiple possible specifications adhering to a specification space £, rather than returning
just one single specification. The structure of the specification search clearly skews the
search to prefer overly-represented data to less frequent one, thus implicitly assuming that
the data is cleaned and unbiased. On the other hand, this cannot be generally assumed for
real data, where biased content is relatively abundant as it is known to travel faster than
reliable information [67], thus dominating in size over trustworthy data.

3.2.3. Relational Learning

The relational learning algorithms restrict the specification language, the System, and
Environment to be in LP, usually in the domain of Horn clauses. This is achieved by
supporting learning through many different relationships while potentially decomposing
data relationships according to functional dependencies in E for then learning rules that
are independent from a specific database schema [68]. These approaches improve over
the criticisms raised by both of the former approaches, as they can both generate multiple
possible specifications as per mining algorithms, while also providing safer learning condi-
tions as they neither require statistically independent and uniformly distributed examples,
while also allowing to learn from inconsistent databases being violations to the criteria
from E [42]. These algorithms, differently from mining ones, prefer specific-to-general
data traversals to ensure good generality properties [42]. Differently from the other two
approaches, these algorithms also require the usage of the Environment (e.g., TBox) to
strengthen the quality of the data-derived specification. Despite the possibility of using
the information from E to derive contradiction, this cannot still completely address real
data at its fullest. To prevent the generation of inconsistent hypothesis formulations from
the data, these algorithms are focusing on clauses with neither negations nor the universal
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falsehood as their heads. This implies that every instance of the LP data or S eliminates
logical connectors. Consequently, these methods are unable to identify data inconsisten-
cies, even when considering hierarchical data information. Moreover, the same stringent
assumption regarding rule formulation restricts the applicability of the learning algorithms,
as they cannot be utilized in other, more realistic situations that require comprehensive
data transformation operations. Last, these approaches are still relying on explicit data
annotations remarking which data samples are positive or negative data, which cannot be
always determined from real-world crawled data [69].

3.2.4. Paraconsistent Reasoning

Probabilistic reasoning cannot be trusted for detecting and reasoning over conflicting
and contradictory information within the data [36] as “rational acceptance based on a probability
threshold cannot be closed under logical consequence” and, most importantly, “it will not be closed
under conjunction” as this might derive into the generation of unlikely consequences [37].
This then motivates using paraconsistent reasoningby reasoning in a purely logical way
by first ignoring the uncertainty scores, to then use later on within a subset of consistent
information. These also overcome limitations from Relational Learning algorithms by
not assuming data to be labelled, and by considering data to be fully represented in LP,
thus including logical connectors such as negation. Under these conditions, most of the
Machine Learning (ML) algorithms will fail, for which it is then important to determine
the number of contradictions in S by merely relying on an environment E assumed to
contain trustworthy and correct information [69]. This will then require us to pose a
greater control to the overall inference mechanism, thus increasing the explainability of
the overall inference process to also ponder over conflicting data representations. One
possible way to do so is to block trivialization of the reasoning through disjunction-free LPs
where rules” head have no disjunctions, tails can also express weak negation ~ A, and where
the universal falsehood can only appear within the heads. This process is guaranteed to
converge as determining the consistency of such programs is in NP [70]. By only using
logical-driven derivations for determining relevant feature informations, this approach is
trivially non-biased by data distributions and frequency.

To the best of our knowledge, none of the existing algorithms for paraconsistent
reasoning is actually used to derive specifications as per Relational Algorithms, but spec-
ifications can be understood as either the sets of Maximally Consistent Specifications
(MCS) [71] or deriving Minimal Inconsistent Sets (MIS) through the expansion phase
[72]. The latter is the only one being actually implemented for dealing with real world
data solutions by making inference mechanisms using the Closed-World Assumption
(https:/ /github.com /jackbergus/java_logicalconsistency, accessed on 30 May 2025) [35].
As a consequence of the former, these algorithms are mainly understood as ways to clean
the data and find incongruences when expressed in the same language of the specifications,
rather than extracting summarized data descriptions as specifications themselves. Future
works should address the possibility of hybridize paraconsistent reasoning with relational
learning solutions, so to ultimately learn to extract rules while considering as many data
classes as coherently set of similar data elements.

3.3. Ex Post

We consider ex post explainability as the ability to characterize a specification, possibly
derived from a ad hoc phase by transforming it into a different representation, which can
be potentially mediated by the system or environment information. This is marginally
explainable if the specification is just compressed into a score, and maximally explainable
if the correlation between the data and the expected classification is also encompassing
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correlations within the data instances. The forthcoming subsections will introduce distinct
approaches in order of increasing explainability.

3.3.1. Performance metrics

Performance metrics used for both classification or mining tasks are interoperable, in
the sense that they provide a single numerical value representing the discrepancy from the
testing data and the values predicted from it. On the other hand, the resulting explanation
cannot be used within other subsequent Al tasks, and so it provides minor interoperability
which is mainly related to fine-tuning. As each metric is also well-ground and defined
in literature, they are easily interpretable by a human, despite providing none to little
information to the motivations leading to the potential classification outcome.

3.3.2. Specification Agnostic

Specification-agnostic explainers [14] extract correlations between input data and
expected classification outcome, where correlations across input data is limited. Thus,
they place themselves halfway through performance metrics and simple specification
extractors. As such explainers require additional re-training, they often act as an ad-hoc
algorithm paired with some immediately understandable graphical representation of the
final classification outcome. While LIME [73,74] returns a linear specification tangent
to the predicted data points, SHAP [75,76] assign a value to each feature similarly to a
logistic regression specification, thus providing confidence score predictions for each of the
arguments. Their adaptability to support explanations for disparate data representations
such as images [73] or full-text [74] enhances their interpretability. When considered as
ad hoc algorithms, their performance cannot be promptly tested using the aforementioned
metrics directly, while requiring some additional specification post-processing [77].

3.3.3. Extractors

Ex Post explainers can be also operate as extractors, simply rewriting the specification
from a data driven into a mathematical representation. In particular, this phase mainly
trasforms the specification from a description easily digestible for a machine, into a notation
which is understandable by a human. Then, the explainability of the extracted specification
will be highly dependant on the white- or black-box nature of the ad-hoce phase itself.
When considering the interpretation of dense layers Ly, . .., L, under the assumption that
each neuron within the same layer L; will be associated with the same activation function
0; [78], we can then obtain the following algebraic formulation of a feed-forward network:

7(Wn(...al(wl7+71)) +7n)

On the other hand, the extraction of a specification from a specification from a white-
box model such as a decision tree generates one propositional formula in disjunctive-
normal-form for each class occurring within the training dataset. In both circumstances,
the interpretability of the result is highly dependant on the distance between the final
specification language and a notation more easily digestible by a human. This should also
include the compactness of the specification being originally derived. Notwithstanding
the former, these solutions are maximally explainable, as they provide clear correlation not
only between data input and output, but also remark how correlations across data inputs
lead to the classification outcome.
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3.4. Hybrid Explainability
3.4.1. Financial Institution DeDuplication Pipeline (FIDDP)

This section showcases the generality of the framework by remarking how previous
data processing pipelines can fit the aforementioned framework. In particular, we consider
the FIDDP [20] as a specific instance of the baseline data deduplication pipeline (BLDDP),
both working over AV data. As this pipeline provides data cleaning capabilities, FIDDP
acts as an a priori algorithm. Notwithstanding this, each of its phases can be mapped
within the GEVAI framework, thus providing an instance of an holistic hybrid explainability
pipleine, as it composes both a priori and ad hoc algorithms. FIDDP considers two main a
priori algorithms for preliminary data pre-processing and a final ad hoc clustering algorithm;
while the former first determines the region of records that might be potential duplicates for
then “blocking” the most similar ones into one region through pairwise record similarity,
the latter uses the pairwise record similarity computation to cluster similar records, thus
coalescing all the ones likely to refer to the same physical person. As these phases are also
used to pick the best hyperparameters and algorithms for the subsequent tasks, each task
works as a fine tuning mechanism (Figure 1) for the following phases through an implicit
ex post phase.

3.4.2. Automating Al Benchmarking with AV-GEVAI

This section considers a specific preliminary implementation of the GEVAI framework,
AV-GEVAI, showcasing how GEVAI can be also used as a benchmarking tool for testing
multiple machine learning (ad hoc) and explainers (ex post) while also considering their
performance in terms of both running time and classification scores (ex post) by assuming
data being expressed in AV, thus in tabular or matrix format. In this scenario, the data
cleaning strategy is minimal and highly dependant on the specificity of the ad hoc algorithm
receiving the data: if the algorithm supports only numerical data (e.g., DecisionTree
implementation from scikit-learn [79]), then we exploit one hot encores to map categorical
data into their numerical counterpart. When multiple other representations are preferred,
it is a common practice on Al pipelines to provide multiple possible data transformation
solutions, to then decide which of these is the best fit for the specific task of interest [80].
Furthremore, given that most algorithms do not need explicit attribute information, this is
discarded in the a priori phase, but still retained for further processing.

Within each algorithm of the ad hoc phase, we also perform hyperparameter tuning
to return the best model configuration leading to the best prediction outcome. To remark
the possibility of integrating together disparate types of learning algorithms, this paper
considers the following solutions: Decision Trees [81], which construct a hierarchical,
tree-like structure to map features to outcomes, RipperK [82], a rule-based algorithm that
generates a concise set of if-then rules by iteratively growing and pruning conditions to
cover training instances, and Neural Networks with Network Architecture Search [83]
which employs a automated search strategy to determine an optimal Neural Network (NN)
architecture, rather than relying on a manually predefined structure. While the first two
are examples of white-box classifiers, the last one is an example of a black-box one. At
this stage, we also perform additional data transformation if required by the algorithm:
as RipperK was designed to solve a binary classification problem and not a multi-class
one, we further pre-process the dataset to transform it into a binary problem so to solve
the one-vs.-rest problem [84], through which we train as many classifiers as the number
of classes within the dataset, while requiring the algorithm to recognize one class against
the rest; we then use the following ensemble method for determining the predicted class
out of each singularly trained classifier: we return the class which was predicted with
the highest confidence. We then consider all types of ex post algorithms with for mainly
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benchmarking the solutions; a similar approach is also considered in EMeriTAte(+DF)
(Section 3.4.3), where the ex post phase is mainly used to test the specification resulting
from the multivariate time series classification problem. LaSSI (Section 3.4.4), on the other
hand, subverts the categorization provided by Section 3.3, for which the derivation of an
explanation of the classification outcome requires an inference process for producing a
single result, which can be represented as both a specification and a single numerical value.

3.4.3. (DataFul)Explainable Multivariate Correlational Temporal Artificial
Intelligence (EMeriTAte+DF)

EMeriTAte+DF [9] is a hybrid explainability pipeline for multivariate time-series
classification with holistic features, where time series classifications” explanation comes
from a white-box decision tree classifier enabling the correlation of the different trends
occurring within the numerical data discretized and summarized in a preliminary ad
hoc phase. This work was originally designed for characterising dyskinetic events in
Parkinsonian patients, where each dimension might refer to a different motor sensor and
estimated blood concentration level of a specific active principle given a pointwise drug
assumption pattern. While doing this, the clinician must gain medical insight from the
MTS classification, thus requiring an explainable and declarative representation of the
motivations leading to the dyskinetic event.

The correlation between numerical trends occurring across dimensions is enabled by
a preliminary climb of the representation ladder, where for each time series dimension
the a priori phase extracts data trends (DT) [85] describing arbitrary increase, decrease,
or volatility patterns while considering them with different lengths. These discretised
data trends are then transformed into durative events where, differently from both the
previous work [8,85] itself, each durative event was extended to support summarized
statistics (Catch22 [86]) concerning the specific dimension to which the durative event
refers to. Such event information is then collected into a log: in a second a priori step, such
log is transformed into as many logs as the classes present across all MTSs, where each
trace will represent a maximal contiguous set of events always associated with the same
classification label. Next, two ad hoc phases first mine temporal clauses with data predicate
using a dataful extension of Bolt2 [65], where clauses co-occurring in different time series
classes are extended with data features considering values from Catch22 statistics. Then,
the extracted temporal clauses are assembled through a white-box classifier (DecisionTrees)
describing each temporal class with a set of temporal behaviour occurring. Last, an ex post
extractor returns the learned decision tree providing a temporal explanation of the different
possible behaviours distinguishing different temporal classes.

3.4.4. Logical, Structural, and Semantic Text Interpretation (LaSSI)

LaSSI [53,54] provides for the first time a fully-explainable pipeline for full-text inter-
pretation. This research paper introduces a novel cross-cut hybrid explainability pipeline
that combines graphs and logic to generate First-Order Logic (FOL) representations, accu-
rately capturing full-text similarity. The paper aims to address issues with current Machine
Learning (ML) techniques and classifiers trained on generative language models, which
struggle to differentiate between logical implication, indifference, and inconsistency for
text classification tasks. The ad hoc phase extracts the logical representation from the given
full text; graphs are generated as intermediate representations from dependency pars-
ing [87]. Dependency graphs are then rewritten to uniform the syntax (active/passive
voice) to a similar reprsentation according to the grammatical rules of the language [16].
When sentences with equivalent meaning produce structurally disparate graphs, equality
formulae are obtained. Overall sentence similarity is then derived by reconciling such
formulae with minimal propositions. This phase exploits contextual information as retrived
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through the a priori phase to facilitate the preliminary identification of entities within the
text: not only authors extract and identify multi-word entities by cross-comparing terms
occurring from online word nets, but also associate specific type information to each entity
occurring in the text. For example, authors also extract temporal (SUTime [88]) and spatial
(GeoNames [89]) information: this distinction is then retained to differentiate between the
disparate logical functions of propositions occurring within the text. This phase appears to
be crucial, as missing this early identification phase leads to a degradation in classification
performance by lacking the necessary context and relational information to interpret the
text semantically. The final logical representation returned by the ad hoc phase employs a
straightforward extension of First-Order Logic (FOL), whereby entities can be associated
to modalities (some, all). Last, the ex post phase proposes a novel specification agnostic
explainer for LP data: it takes the sentences as rewritten in the ad hoc phase and utilizes
logical rewriting techniques to finally produce a confidence score embedding whether
the two sentence are implying, indifferent, or contradictory. Thus, the confidence score
provides a sentence similarity score capturing the possible world where the two sentences,
when represented logically, hold. This achieves simplistic paraconsistent reasoning by
removing all the worlds where different atoms cannot jointly hold. The pipeline carries out
reasoning through a preliminary Upper Ontology and some logical rules for deriving the
similarity of the atoms occurring within each formula. Thus, the proposed ex post phase
exploits an ad hoc reasoning

4. Evaluation
4.1. AV-GEVAI

The evaluation tests different learning algorithms embedded in GEVAI over the
wine preferences dataset [90] providing both numerical and categorical data, and use
this to train both decision trees as a representative of white-box learning algorithms [91],
deep neural networks with network architecture search as a representative of black-box
learning algorithms [83], and RipperK as a representative of white-box relational learning
algorithms [82]. We consider both LIME and SHAP as model agnostic explainers, while
considering accuracy, F1, Precision, and Recall as performance metrics. We consider micro
averaging, for an easily understandable metric for overall model performance regardless of
class, and macro averaging, to treat all classes equally. Despite this paper choosing some
of the results produced by this pipeline, the online repository disclose the full set of the
results produced by the pipeline (https://osf.io/6jf5z/?view_only=112ebdd0156444ddbb8
cf6ea53729949, accessed on 30 May 2025).

4.1.1. Efficiency

For classical learning tasks, RipperK'’s training process (Generating model) is the most
time-consuming, as shown in Figure 2 (except for the white box explanation). This arises
from its logical-driven methodology, which involves an initial rule-growing stage, followed
by iterative pruning of rules using a separate pruning set, and finally, an optimisation phase
for the entire rule set to enhance accuracy and reduce complexity, a thorough approach that,
while fostering robust rule generation, is computationally intensive. This is also motivated
by the adoption of a brute-force approach for generating the rules and navigating the data
space, which does not reflect the same structure from other relational learning algorithms,
while also requiring to re-run the algorithm for each class appearing within the dataset. On
the other hand, Decision trees provide the most efficient solution, as they use an effective
greedy impurity-based heuristic to derive predicates, while testing predicates over lesser
and lesser data samples.
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Figure 2. Comparison of different phases of the GEVAI framework, showing how long training time
takes for collecting the ad hoc models, as well as five different ex post phases.

The derivation of LIME explanations is globally more efficient than extracting SHAP
ones. The reason has to be sought in the different implementation of the two solutions.
For a given instance to be explained, LIME generates a new dataset of perturbed sam-
ples in the vicinity of that instance, then obtains predictions for these perturbed samples
from the original model. Finally, LIME trains an interpretable model on this dataset,
where samples are weighted by their proximity to the instance of interest, where the
explanation is derived (https://christophm.github.io/interpretable-ml-book/lime.html,
accessed on 30 May 2025). On the other hand, the calculation of Shapley values for
SHAP is computationally demanding, requiring the evaluation of the model’s output
for all possible subsets of features, known as coalitions. For a model with p fea-
tures, there are 27 such subsets, consequently making the computation time exponential
(https:/ /christophm.github.io/interpretable-ml-book/shapley.html, accessed on 30 May
2025). This motivates why using a SHAP explainer produces the longest training times
out of all the ex post methods, with RipperK meeting our computation timeout, still not

producing a result after two days, thus never succeeding in producing an explanation in a
reasonable time frame.

4.1.2. Explainability

The following compares and explains the different ex post phases, where examples for
just Decision Trees are given, as it was the second best performing model according to the
Performance Metrics in Table 2. These results aim to show that all these approaches provide
orthogonal observations describing trained specifications under different perspectives, thus
motivating their simultaneous adoption within a solution benchmarking pipeline.
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Table 2. Classification metrics for different ad hoc pipelines within GEVAI framework. Numbers in
blue and red highlight the best and worst scores respectively per metric type and average.

Metric Type Average DecisionTree MLPNAS RipperK

Accuracy - 0.6990 0.3282 0.7439
Macro 0.4541 0.1522 0.4499

F1 Score
Weighted 0.6847 0.2278 0.6987
. Macro 0.4481 0.1702 0.5420

Precision
Weighted 0.6714 0.2846 0.7550
Macro 0.4607 0.3256 0.4484

Recall

Weighted 0.6990 0.3282 0.7439

Performance Metrics

We now discuss the results coming from the classification performance metrics applied
to all the ad hoc algorithms of interest, and reported in Table 2.

Despite RipperK typically producing the largest running times for explanations, it
performs the best for at least one average for each metric type. This could be attributed to
RipperK constructing rules by iteratively adding conditions to cover positive examples of
a class while excluding negative ones. A crucial aspect is its pruning mechanism, which
simplifies rules based on their performance on a validation set, which helps to avoid
overfitting to the training data and improve generalisation on unseen instances. MLPNAS
performs the worst in all metrics, this may be caused by over or underfitting by being too
complex or simplistic for the given dataset, a common problem when training NNs as
modification of many hyperparameters can be difficult to optimise. This then postulates
that logical based approaches, despite being generally slower to train due to simplistic
algorithmic implementations, usually provide better accuracy results by using explainable
and traceable motivations on why specific specification might be refined or discarded.

Extractors

Black-box extractors for MPLNAS were very hard to interpret, as the provision of
several different equations interconnected with each input dimension generated a substan-
tially huge file, which was hardly interpretable. This mainly motivates the adoption of
specification agnostic ex post algorithms for NN solutions.

Given that white-box extractors either rewrite the generated model into a high level
representation (Decision Tree) or are directly provided in the suitable logical representation
(RipperK), these type of explanations are quite efficient to extract, without any further data
processing or learning tasks.

The output in Figure 3a describes four distinct decision rules from a Decision Tree
model, each outlining a specific path to a classification. Each rule consists of one or more
conditions on input features, such as feature_11 <= 10.11667, where data is split based
on whether a feature’s value meets a certain threshold. The and operator signifies that all
conditions within a rule must be met. The => Label=X part indicates the predicted class
if an instance satisfies all the rule’s conditions. Finally, the (0/0) at the end of each rule
represents (misclassified instances / total instances) for that specific path, suggesting that
these particular rules perfectly classified all training instances they covered. For instance,
the first rule means if feature_11 is less than or equal to 10.11667 and feature_2 is less
than or equal to 0.23750, the model predicts Label=2 with no misclassifications for the data
fitting this rule. A more graphical visualisation of this can be seen in Figure 3b.
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(feature_11 <= 10.11667) and fetire 11 <= 1007
(feature_2 <= 0.23750) => value = {350, 1640, 30781
Label=2 (0/0)
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Figure 3. Side-by-side comparison of Decision Tree rule explanations and visualisation for the same
rules: (a) a textual representation versus (b) a tree visualisation.

Specification Agnostic

While performance metrics mainly focus on the adequacy of the specification to
describe the system and extractors mainly are an explicable way to derive the motiva-
tion that the specification generates to derive the classification outcome, specification
agnostic classifiers mainly focus on the significance of each feature to influence the fi-
nal classification outcome. This feature importance is also conveniently plot into easily
interpretable representations.

LIME plots (Figure 4) display bar charts where each bar corresponds to a feature.
The length of the bar illustrates the feature’s importance for that particular prediction. By
examining the features with the longest bars, we can easily understand which factors were
most influential in the model’s decision for that instance.

SHAP plots show which features most influenced the model’s prediction for a single
observation: features coloured in red increase the confidence of the prediction, while ones
in blue lower the estimation. These values are laid along a horizontal axis while meeting
along the line reflecting the classification outcome. This allows us to identify the most
significant features and observe how their varying values correlate with the model’s output.

Local explanation for class 1

0.26 < feature_2 <= 0.33
34.00 < feature_6 <= 46.00 -
0.41 < feature_10 <= 0.47
6.90 < feature_1 <= 7.40 |
feature 0 <= 367.25
feature_8 > 1.00

142.00 < feature_7 <= 173.00 -

feature_4 > 9.70

feature_9 <= 3.09 A

Figure 4. Example LIME plot output for class 1 for a Decision Tree model.

Figure 5 shows a summary SHAP plot, providing a global overview of how each
feature impacts a given Decision Tree’s predictions across many instances. Features are
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ranked vertically by their overall importance, with the most influential feature at the top.
A distribution of its Shapley values are displayed for every instance in the dataset, where
the horizontal position of each point indicates the SHAP value for that instance, showing
whether the feature pushed the prediction higher or lower compared to the baseline.
Furthermore, these points are often coloured based on the actual value of the feature for
that instance (red for high values, blue for low values), so values can be visualised to show
positive or negative impact on the prediction.

High

Feature 11 l t- L | l
Feature 2 { ] ' [ ] )
Feature 6 . L l'
Feature 1

Feature 10

Feature 7

Feature value

Feature 4
Feature 3

Feature 0

i
{
|
Feature 5 '
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SHAP value (impact on model output)

Figure 5. Example Summary SHAP plot for a Decision Tree model’s output.

4.2. (DataFul) Explainable Multivariate Correlational Temporal Artificial Intelligence (EMeriTAte)

These experiments remark on the possibility of using a fully-fledged logical-based
approach to learn from numerical data. This paper presents a subset of the results discussed
in [9], to which we refer the reader for more in-depth analysis. Such results suggest
that competing state-of-the-art approaches, thus including ones considering Deep Neural
Networks (DNNs) with attention mechanisms, fail to correctly classify the resulting events
due to their impossibility of explicitly deriving explicative correlations across different
dimensions for complex multidimensional patient data. This proves that achieving a better
human-driven explanation can also help the machine to draw better machine specifications.

Figure 6 remarks that the proposed methodology exhibits similar behaviour if com-
pared to other state-of-the-art approaches when considering simpler datasets, while signifi-
cantly outperforming them over novel datasets with a considerable number of dimensions
and exhibiting complex interactions across different numerical dimensions. This remarks
that, as far as the current datasets are concerned, the proposed methodology is not only able
to not lose relevant information for the classification task, but it is also able to extract further
information deemed relevant to address classification tasks in more challenging datasets.
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Figure 6. Classification Performance Metrics for two mobility datasets, one for basic mobility (Basic
Motions, multi-class classification) and the other for Diskinetic events (binary classification) in
Parkinson Disease patients. We provide weighted scores for multi-class classifications [9].

Figure 7 shows that the price that needs to be paid to obtain this improvement on
performance is an increase of computational cost for training the algorithm, mainly ham-
pered by establishing all the correlations occurring within the data across different time
series dimensions. EMeriTAte+DF is even more affected by this due to an additional clause
refinement process leveraging data features associated with the DT patterns and considered
within the Declare clauses composing the final propositional model. For smaller datasets ex-
hibiting lesser interactions, its training time is still comparable with neural-network based
approaches (TapNet) which are not providing explanations for the classification outcome.
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Figure 7. Running times from two datasets for multivariate time series classifications (Basic Motions
and Diskinetic Events) [9].

4.3. Logical, Structural, and Semantic Text Interpretation (LaSSI)

As LaSSI also enables the comparison between LaSSI and other pre-trained model for
carrying out a sentence classification task, this pipeline also achieves holistic explainability,
as it also enables the usage of specification-agnostic explainers over the results derived
from other methodologies and to compare with the results provided by LaSSI.
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Figure 8. LIME and SHAP explanations comparing “There is traffic but not in the Newcastle city centre”
against itself [54]. (a) LIME explanation using TF-IDFVec+DT, highlighting the word “the” in both
NOT Indifference and Implication, leading to a 100% confidence for an Implication classifica-
tion. (b) LIME explanation using DistilBERT+Train, highlighting the word “not” leading to a NOT
implication and Inconsistency classifications, ultimately resulting in an Inconsistency classifica-
tion. (¢) SHAP explanation using TF-IDFVec+DT, highlighting the model’s confidence in the word
“the” leading to a Implication classification (1 for the image above). (d) SHAP explanation using Dis-
tiIBERT+Train, highlighting the model’s confidence in the word “not” leading to an Inconsistency
classification.

The latest results from the authors [54] remark that, despite LIME and SHAP might
provide explanations for both classical text and pre-trained text classifier that might be
easier to read, the resulting explanations might be wrong for two distinct and opposite
reasons: either the traditional sentence classifier provides correct predictions but targets
wrong explanations why sentences should entail each other (Figure 8a,c), or the classifier
itself provides the wrong prediction, thus nullifying the meaningfulness of the final expla-
nation (Figure 8b,d). When asked to return to derive sentence similarity for information
present within the Upper Ontology, LaSSI provides correct explanations which are not
only considering single words occurring within the full text, but whole atoms referring to
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specific, as it does not rely on a third party explainer to derive the explanations, rather than
actually explaining the internal inference process leading to the provided result (Figure 9).
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Figure 9. LaSSI explanation shows 100% implication between the same sentence from Figure 8.
Highlighted parts refers to entities captured in the a priori phase, the logical formulae refer to the final
result of the ad hoc phase, while the computation of the confidence score refers to the computation
from the ex post phase [54].

Additional experiments evaluating the pipeline’s capabilities in understanding and
processing sentences that involve spatiotemporal nuances also remarked the shortcomings
of state-of-the-art pre-trained models. The experiments considered sentence transformers
for deriving sentence similarity scores (T1 and T2: all-MiniLM-L6/12-v2 [92], T3: all-
mpnet-base-v2 [93], T4: all-roberta-large-v1 [94]), GPT-based classifiers distinguishing
between entailment and indifference in text (T5: DeBERTaV2+AMR-LDA [95]), and neural
information retrieval approaches (ColBERTv2+RAGatouille [96]). None of the former
approaches were also been used to explicitly target inconsistency or conflicting information.
Hybrid explainability helps the machine to derive correct results by mimicking similar
logical-based reasoning that are common in humans, while the machine-driven numerical
approximation cannot correctly grasp for the textual nuances by not deriving explanations
for entire passages, while focussing on single word compositions with no explicit correlation
provided as an input (see Table 3).
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Table 3. Classification Performance Metrics for spatiotemporal sentences, with the best value for each
row highlighted in bold, blue text and the worst values highlighted in red. The classes are distributed
as such: Implication: 32, Inconsistency: 27, Indifference: 110. Numbers in blue and red highlight the
best and worst scores respectively per metric type, average, and clustering metric for deriving the
classes’ cut off.

Metric | Average | Clustering | SGs | LGs | Logical | T1 | T2 | T3 | T4 | T5 | Té6
HAC 021 | 0.23 1.00 [0.28]0.29 |0.27 [0.29 | 0.21 | 0.29
Accuracy - -
k-Medoids 021 | 023 1.00 |0.28(0.29|0.27|0.29|0.21|0.29
HAC 0.24 | 0.28 1.00 [0.37|0.38|0.34 | 0.38|0.21]0.37
Macro -
i k-Medoids 024 | 028 1.00 |0.37(0.37|0.34|0.38|0.21|0.37
) HAC 0.13 | 0.15 1.00 |0.21|0.22{0.18 |0.22|0.11{0.20
Weighted :
k-Medoids 0.13 | 0.15 1.00 |0.21]0.20|0.18 | 0.22 | 0.11 | 0.20
HAC 0.35 | 037 1.00 [0.46|0.49|0.35|0.54|0.20 | 0.37
Macro -
. k-Medoids | 035 | 037 | 100 |0.46036|0.35]|0.54 020|037
Precision
) HAC 0.20 | 0.20 1.00 [0.37]0.43]0.19 |0.53|0.11 | 0.20
Weighted -
k-Medoids 020 | 0.20 1.00 | 0.37]0.20|0.19|053|0.11 | 0.20
HAC 041 | 046 1.00 | 0.54|0.54|0.52|054 | 041|056
Macro -
k-Medoids 041 | 046 1.00 | 0.54|0.56|0.52 | 054 | 041|056
Recall
) HAC 021 | 023 1.00 |0.28]0.29|0.27|0.29|0.21|0.29
Weighted -
k-Medoids 021 | 023 1.00 |0.28(0.29|0.27|0.29|0.21 | 0.29

5. Discussion and Future Works

This work provides preliminary results showcasing the benefits of exploiting verified
artificial intelligence to achieve human-level explanations that not only correlate input
features with classification outcomes, but also establishes correlations across features. By
comparing different Al solutions and by reflecting on the criticisms on the Penrose-Lucas
argument, we also outline how paraconsistent reasoning should be used to reason over
data within complex scenarios which, when backed up with a full-fledged Upper Ontology,
outperform state-of-the-art artificial intelligence solutions. Preliminary results over the AV
fragment of data representations show the possibility of automating data analysis pipelienes
to solve simple tasks, while remarking the possibility of using the same framework not
only to solve machine learning problems, but also to benchmark already existing solutions.

Notwithstanding the former, the codebase only provides these pieces singularly, with
no current automation for orchestrating these pieces. This is also a common problem with
other data science approaches [97], as they require the user to connect the components
manually. Similar considerations can be made for Al pipelines, which still require a
huge amount of manual intervention. Fully automating this framework to achieve AGI
require to solve open problems from current literature, which are also related to the
problem of orchestrating multiple agents [39]: first, current machine learning pipelines
do not fully support the integration of disparate data sources into a cleaned and cohesive
framework as relationship are mainly merged into one single universal relationship [98],
despite the foundational basis on data integration and data cleaning also considering
data information evolving through time [47]. Furthermore, some data processing tasks
still require human-in-the-loop assistance [99]. By pairing this contextual and semantic
data information with the type properties associated with each algorithm (Table 1) and
after expressing the user information needs as goals to be achieved by a task, we can
then straightfowardly exploit planning algorithms [100] to orchestrate the combination
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of different pipeline tasks to orchestrate different algorithms. Such orchestration can be
dynamically updated to reflect sudden changes to the user needs or to adapt to different
environmental set-ups [101]. Future works will address the theoretical possibility of
defining this orchestration by including both planners and data integration features as
major components of the GEVAI framework.
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