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Abstract. Knowledge Graph Embeddings are commonly used to
represent logical resources as entities and relations in vector spaces.
Their performance has been mainly demonstrated through the link
prediction task. However, their effectiveness for other applications,
such as semantic similarity, remains an open question. This doc-
toral project proposes the development, fine-tuning, and application
of LISE (Logic-based Interactive Similarity Explainer) for evalu-
ating Knowledge Graph Embeddings in tasks related to similarity.
LISE is a modular system integrating heterogeneous approaches:
(i) machine learning for Knowledge Graph Embeddings and clus-
tering; (ii) logic-based reasoning to identify common characteristics
among clustered resources; (iii) natural language generation to pro-
vide human-understandable explanations of similarities. A key fea-
ture of LISE is its human-in-the-loop module, which lets users pro-
vide feedback on the relevance of the explanations. This feedback is
then used to refine the embedding and clustering processes, with the
goal of moving the similarity results closer to the user expectations.

1 Introduction and Motivation

Knowledge Graph Embeddings (KGE) map entities and relations
from a Knowledge Graph (KG) into low-dimensional vector spaces
[3], aiming to capture their semantic relationships. Knowledge Graph
Embedding Models (KGEMs) are primarily evaluated on the link
prediction task, i.e., predicting missing heads or tails in triples (head,
relation, tail) [14], by employing metrics such as Mean Reciprocal
Rank and HITS@K. KGEMs are also applied to other tasks includ-
ing recommendation, knowledge base completion [3], entity similar-
ity, and conceptual clustering [11]. However, in recent years, it is
emerging that KGEMs are not always suitable for all of these appli-
cations [11, 12].

This research project aims at investigating the effectiveness of
KGEs in the semantic similarity tasks, i.e., to evaluate the degree
of similarity between two Resource Description Framework (RDF)
[9] resources.

To this purpose, we propose the use of LISE, a system that com-
bines machine learning, knowledge-based reasoning, natural lan-
guage generation, and interactive feedback. LISE offers a post-hoc
and method-agnostic approach to explain the similarity of RDF re-
sources and proposes the refinement of KGEs for interactive cluster-
ing based on user needs [7, 8]. This work addresses some remaining
open issues through two Research Questions (RQs):
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e RQ1: How can semantic similarity in Knowledge Graph Embed-
dings be effectively evaluated beyond link prediction approaches?
e RQ2: Can user interactivity contribute to refine the distribution
of resources in the embedding space, thereby aligning a suitable
distance measure in the space more closely to user expectations?

Section 2 provides an overview of the literature relevant to both
RQs. Section 3 describes the approach under investigation in the
Ph.D program. Section 4 presents the initial results and discusses
future work for RQs.

2 Related Work

2.1 Semantic Similarity in Knowledge Graph
Embeddings

The assumption that KGEMs capture the semantic similarity of en-
tities and relations, mapping similar entities (or relations) to similar
vectors [3], has recently been challenged by some studies [11, 12].
These works highlight the need to explore alternative metrics to those
evaluating the performance of embeddings on the link prediction
task, which currently dominates the field. Specifically, it is ques-
tioned whether semantically similar entities are actually represented
by similar embeddings [11]. Moreover, there is no universally ac-
cepted definition of entity similarity, which remains ambiguous and
context-dependent, as each KGEM may encode a distinct notion of
similarity [11]. Embeddings similarity is usually assessed using met-
rics such as cosine similarity [3]. However, Hubert ef al. [11] argue
that the ranking-based metrics used for link prediction are poor indi-
cators of semantic coherence in the embedding space. They propose
alternative evaluation strategies considering, for example, that two
entities might be similar if they share a set of predicates in the KG.
In particular, entities sharing predicates with a set of other entities
might be close in the embedding space [11].

2.2 Human-in-the-loop in Machine Learning

Miller [13] provides an understanding of the terms ’interpretabil-
ity’ (or ’explainability’) and ’explanation’. The former is defined as
the degree to which a human can understand the decision-making
process within a given context; the latter is the explication of the
reasoning behind those decisions to people. Explanations defined in
this way have a twofold utility. First, they allow users to understand
the internal functioning of machine learning models, often defined



as black boxes given their lack of transparency regarding decision-
making [2, 13]. Second, these explanations address challenges in
human-agent interaction [13]. In fact, going beyond the purely ob-
jective explanation of the internal operations of machine learning al-
gorithms, their utility can include the necessity of a subjective inter-
pretation, focusing on what the user specifically needs to understand
about the Al To achieve this, the human-in-the-loop approach en-
ables human intervention within the AI’s decision-making process
[2]. Defined as a fundamental component of Interactive Machine
Learning and Symbiotic Artificial Intelligence (SAI) [10], human-
machine cooperation aims to achieve a specific task through collabo-
ration between a human and a machine. While a combined approach
has been shown to outperform fully automated or manual methods,
the specific advantages of its application, as well as its objective and
subjective metrics, require further study [4].

3 Proposed Approach: LISE

This doctoral project is the development, fine-tuning, and applica-
tion of LISE [7, 8] (Logic-based Interactive Similarity Explainer):
a system designed to explain similarities within clusters of RDF re-
sources. Its architecture consists of four distinct modules.

LISE’s Machine Learning Module generates KGE of RDF re-
sources from a given KG and subsequently groups them using a clus-
tering algorithm. The clusters’ items are represented by numerical
embeddings, making it difficult to understand the common proper-
ties shared by clustered resources and the reasons for their location
in the embedding space. In this way, it remains unclear whether these
embeddings truly capture the semantic meaning of entities, allowing
similar resources to be grouped together in the embedding space. The
only metrics derivable from this module are purely numerical simi-
larity measures, such as the silhouette score and cosine similarity.
While these measures offer insights into the cohesion of the clusters
and provide a general overview of the resources’ distribution, they
do not clarify the common characteristics among clustered entities.
To overcome this limitation, LISE integrates a Logic-based Mod-
ule that processes the RDF KG to compute the Least Common Sub-
sumer (LCS) [6]. For each cluster, the LCS generates an RDF KG
that explicitly describes the common features of the RDF resources
it contains. In this module, the LCS is refined by pruning informa-
tion identified as irrelevant to the KG context or the user’s knowl-
edge [5], thereby becoming a Common Subsumer (CS). With the
aim to make the CS human-readable, the system presents, in its Nat-
ural Language Generation Module, a template-based approach that
generates clear and structured explanations of each cluster’s com-
monalities. Finally, in LISE’s User Interaction and Feedback Loop
Module, these explanations are rated by users according to the rel-
evance of information by using a star rating system. This module
aims to collect the user’s ratings, train a regression model, and pre-
dict weights used afterwards to refine the embedding process and
the clustering approach, thereby leveraging user needs. This module
is fundamental for the interactivity of clustering; the feedback loop
is an essential phase since the notion of similarity is subjective and
depends on the individual user’s objectives [1]. By integrating user
feedback, LISE adapts the embeddings, the clustering, and, thus, the
generated explanations to better align with the user’s perspective.

4 Results and Future Work

So far [7, 8] LISE has been evaluated using the Drugbank' dataset.
This evaluation has employed pyRDF2Vec* as KGEM and k-means
as clustering algorithm. Despite tuning some hyperparameters for
both embedding and clustering models, the results in terms of the
shared characteristics among clusters are not impactful, as limited
and few informative commonalities are identified. This has led the
investigation to align with the recent literature [11, 12], questioning
whether KGEMs are effective only for the link prediction task, or
if they can also be significant for other tasks like clustering or en-
tity similarity. To better explore the question defined in RQ1, future
work aims to:

o Compare the performance of KGEMs on the link prediction task
and semantic similarity tasks;

e Compare different KGEMs for similarity tasks, identifying mod-
els better capturing the semantics of resources;

o Identify useful metrics that go beyond numerical distances among
resources in the embedding space and possibly consider their se-
mantics.

To refine the distribution of resources within the embedding space,
thereby enhancing the alignment of similarity results with the user
expectation (RQ2), LISE currently uses a custom sampling strategy
within pyRDF2vec, Predicate Relevance Weight 7, 8]. This strategy
assigns higher weights to predicates that appear in sentences users
consider more relevant. However, the strategy’s ability to impact em-
bedding significance has not yet been fully explored, due to the lim-
ited number of user-provided relevance votes. In our preliminary ex-
periments, we tested this approach by assigning very low weights to
certain predicates and higher weights to others, allowing the model
to prioritize some predicates over others during the embedding pro-
cess. To enable users to assign these ratings, preliminary explorations
regarding the verbalization of CS with either template-based expla-
nations, or direct use of an LLM (e.g., Google Gemini), or a combi-
nation of both, have already been conducted.
For RQ?2, ongoing work is focused on two main directions:

e Collecting a sufficient number of user-assigned weights to train a
regression model and subsequently retrain the embedding model
using the custom sampling strategy based on user relevance feed-
back;

e Investigating how this weighting mechanism can be extended and
applied to KGEMs different from pyRDF2Vec.
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