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Abstract

Recognizing and explaining nexus of similarities between entities is a crucial task that arises in numerous real-life
scenarios. Understanding why a group of individuals shares a certain disease or why some products may be more
appealing than others are natural examples. Over the last thirty years, a variety of logic-based approaches have
been proposed to address this task. However, despite these efforts, there is a gap in available systems capable of
exploiting real-world knowledge bases. In response to this gap, the paper presents neXSim, a prototypical web
platform based on a recent logic-based framework explicitly designed to be suitable for a practical and effective
implementation. This platform, instantiated over BabelNet 4.0, is capable of exploiting very large knowledge
bases on-the-fly and in real-time, while providing formal, concise, and human-readable explanations.
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1. Introduction

The task of recognizing and expressing commonalities between entities within a knowledge base
has captured the interest of researchers across various disciplines over the past three decades. This
exploration spans diverse Al communities, ranging from Description Logics to Semantic Web and
Database Theory [1, 2, 3,4,5,6,7,38,9, 10, 11]. Existing approaches vary across four key dimensions:
the form of the input (e.g., pairs of entities, sets of entities, sets of entity tuples), the type of knowledge
bases they can handle (e.g., DL knowledge bases, RDF, relational databases), the scope of knowledge
considered for each input item (e.g., the entire knowledge base or selected excerpts), and the specific
formalism to express commonalities (e.g., DL Concepts, r-graphs, (U)CQs, SPARQL queries, rooted-CQs).

Despite the significant research efforts, there remains a gap in available online systems capable of
addressing the considered reasoning task in real-world scenarios exploiting very large knowledge graphs.
In response to this gap, the paper presents neXSim, a prototypical web platform based on a recent logic-
based framework [11] explicitly designed to be suitable for a practical and effective implementation.
In particular, this framework: (i) can accommodate different types of underlying knowledge bases;
(if) adopts a notion of summary selector to focus on relevant knowledge about the input items; (iii) is
conceived to handle sets of entity tuples; and (iv) expresses nexus of similarities (i.e., commonalities) via
nearly connected conjunctive formulas (essentially, rooted-CQs plus constants). Overall, it guarantees
that, for any input items, there always exists a finite formula expressing all commonalities, called
characterization. Moreover, to guarantee concise and human-readable explanations, in the same spirit
as done also for rooted-CQs [10], the framework promotes the adoption of size-wise minimal formulas
among all equivalent characterizations.

To illustrate our approach, consider a Knowledge Base (KB) describing Leonardo da Vinci as a
painter, sculptor, artist, and person of Italian nationality who designed war machines, while it describes
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Michelangelo as a painter, sculptor, artist, and person of Italian nationality who wrote sonnets. Our
first goal is to capture the nexus of similarity shared by them via a so called core characterization [11].
The latter, in essence, is the most compact, non-redundant formula that is still exhaustive in listing all
shared properties. From what we know about the two entities, the core characterization is:

x < isA(x, Painter), isA(x, Sculptor), isA(x, Artist), isA(x, Person), nationality(x, Italian).

It is crucial to note that, at this stage, no information is omitted based on logical entailment. The objective
here is to establish the complete ground truth, expressed in its most concise syntactical form. With this
notion of explanation as our target, this paper introduces neXSim, a research prototype instantiated
over BabelNet 4.0 [12] and available at https://tinyurl.com/bdhpvdc7. In the context of Explainable Al,
neXSim is designed to compute such core characterizations for a broad audience. This capability serves
not only human users—from domain experts formalizing knowledge to curious users exploring a topic—
but also automated agents like recommender systems that must justify their suggestions. Accordingly,
the tool allows users to assemble a group of entities with ease, either by searching for them via keywords
or by providing their specific identifiers. The main contributions of this paper are therefore twofold.
First, in Section 3, we provide empirical evidence that core characterizations are a superior alternative to
canonical characterizations [11]. These canonical characterizations are built using classical techniques
drawn from various fields such as database theory, Query-by-Example, and logic definability. While
such methods are computationally appealing, they often lead to verbose and redundant results that are
ill-suited for end-users. We show that, in practical scenarios, our approach produces characterizations
that are significantly more compact while remaining just as complete. Second, in Section 4 we introduce
kernel explanations (ker) as a subsequent refinement step, designed for maximum readability by pruning
logically deducible facts from the core characterization. Revisiting our example, the complete core
characterization is refined into a ker explanation:

x « isA(x, Painter), isA(x, Sculptor), nationality(x, Italian).

This is achieved by observing that, in accordance with the information in the KB that we have defined,
being a painter implies being an artist, which in turn implies being a person, making the latter two
concepts redundant for a human reader. We then detail how neXSim efficiently computes these
explanations, and envision future work to further enhance their user-friendliness, for instance by
generating them in natural language.

2. Existing Framework

We outline the recent framework for characterizing nexus of similarities [11, 13].

2.0.1. Basics.

An atom is a labelled tuple p(ty, ..., t,), where p is a predicate and each t; is a term, either a constant
or a variable. A structure is a set of atoms. A dataset is a variable-free structure. Constants are
called entities in datasets encoding knowledge graphs. A homomorphism from a structure S to a
structure S’, denoted S— S’, is a map h from terms(S) to terms(S”), where a= p(t;, ..., t,) € S implies
h(a) = p(h(ty), ..., h(t,)) € S” and h(c) = ¢ for each constant c. A (conjunctive) formula ¢(xy, ..., x,) is an
expression xy, ..., X, < p1(ty), ... pm(ty), where n is its arity, mis its size, each t; is a sequence of terms,
each p;(t;) is an atom, and each x; is a (free) variable occurring in some of the atoms of ¢. The output of
@ over a dataset D is the set ¢(D) of every tuple (t1, ..., t,) such that atoms(¢) — D via a homomorphism
ensuring that each h(x;) = t;.

2.0.2. Selective knowledge bases.

A knowledge base (KB) is a pair K = (D, 0), where D is a dataset and O is an (onto)logical first-order
theory [14, 15]. As is customary, an atom « is entailed by K if it occurs in every model of K. The set of
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Figure 1: Sizes ratio between canonical and core characterizations.

atoms entailed by K is denoted as ent(K). A selective knowledge base (SKB) is a pair 8 = (K, ¢), where
Kis a KB and ¢ is a summary selector, namely and algorithm that takes in input K together with a tuple
7 of constants and returns a dataset ¢(K,7) C ent(K) representing a summary of 7 (w.r.t. K). When K is
clear from the context, we write ¢(7r) instead of ¢(K, 7). Angle brackets may be omitted for unary tuples.

2.0.3. Explanation language.

A nearly connected formula (NCF) is a formula ¢(xj,...,x,) such that the structure atoms(p) u
{dummy(xy, .., x,)} is connected.! Intuitively, each atom of ¢ can “reach” some free variable. For
example, x <« isA(x,ap), located(x,y), partOf(y, US) and x,y « isA(x, ap), partOf(y, US) are both
nearly connected, but x « isA(x, ap), partOf(y, US) is not. An instance of ¢ according to an SKB
S8 = (K,¢) is any tuple 7 of constants that belongs to ¢(g(z)). The set of all instances of ¢ is denoted by
inst(p, §). Clearly, inst(p, §) C ¢p(ent(K)). Given two NCFs ¢;(xy, ..., x,) and @5(y1, ..., Yn), by 01— @5
we mean that atoms(¢,) — atoms(p;) via a homomorphism h ensuring that each y; = h(x;).

2.0.4. Characterizations.

Fix an SKB & = (K,¢) and a set U = {1y, ..., 7;,,} of n-ary tuples of constants, called (n-ary) unit. An NCF
¢ explains (some nexus of similarity between the tuples of) U if inst(¢, §') 2 U, whereas ¢ characterizes
(the nexus of similarity between the tuples of) U if ¢ explains U and ¢’ — ¢ whenever ¢’ explains U.
Intuitively, ¢ characterizes U if it encompasses the nexus of similarities expressed by any other NCF
explaining U. To ensure the existence of characterizations, we assume that both ent(K) and any ¢(r)
contain a special atom T(c) for each of their constants c. By adapting the well-known direct product
operator between structures and taking into account the properties of NCFs (presence of constants and
nearly connectedness), it is possible to build a canonical characterization of U, denoted as can(U, §')
as described in [11]. As it will be clearer in Section 3, can(U, &) may contain redundant atoms. They,
however, can be eliminated by keeping only a core” of the atoms of can(U, §) preserving all free
variables. This (generally) smaller characterization is denoted by core(U, &).

3. Canonical vs Core Characterizations

The objective of this section is to demonstrate that, even within small knowledge bases, core characteri-
zations are preferable in terms of explainability, readability, and conciseness compared to canonical

'Inductively, a set of atoms is connected if it is a singleton or can be partitioned into two connected sets sharing at least one
term.
A core of a structure Sis any S’ C Ssuch that S — S’ and there is no S” C §’ such that ' — $”.



characterizations.

From a theoretical viewpoint, we know there are families {(U;, §;)};~; of SKBs and units of size
proportional to i, for which the sizes of can(U;, 8;) and core(U;, §;) coincide [11]. But, there are
families where the size of can(U;, §;) is exponential in i, while the size of core(U;, ;) is constant. As
an example, consider U; = {ay,...,a;}, & = (K, g), Ki = (D;,?), Dy = @, D; = {p(a;, b;), p(aj,c;)} v
U0<j<i Dj, and gi(d, K;) = {p(d, e), T(e) | p(d, e) € D;} u{T(d)}. In particular, |can(U;, $})| = 1+ 21*1 while
|core(U;, §;)| = 3. It is therefore important to understand, in practical cases, the actual ratio between the
two forms of characterizations. To this aim, in what follows, we present an excerpt from an experimental
analysis conducted on a small real-world knowledge base in the movies domain.

The considered knowledge base comprises data on 130 notable films from the past 30 years. It also
includes profiles of influential industry figures. The dataset’s structure is based on binary relations,
connecting two entities through predicates such as directedBy or starring, to represent facts within the
domain. In particular, it comprises 399 entities, 1,273 binary relations as extensional knowledge, and
an ontology consisting of 13 rules: one for the transitive closure of the isA relation, and the others to
derive roles of the entities (e.g., director or writer). On average, each entity has 15 items in its summary.
Then, we randomly generated and tested 10,000 units for each cardinality between 2 and 4.

For each size of the considered units, we analyzed the trends about the ratio between the sum of the
sizes of all canonical characterizations and the sum of the sizes of all core characterizations under four
different assumptions: (A;) all units; (A;) only units where the instances of their characterizations do
not coincide with all possible entities; (A3) as in (A;) but removing T-atoms from characterizations; (A4)
as in (A,) but removing T-atoms from characterizations. As it will be clear in Section 4.4, the last two
trends have been considered since T-atoms can generally and safely be omitted for readability. Figure 1
illustrates the essence of our findings: overall, the size of canonical characterizations becomes more and
more larger than the one of core characterizations when considering units of increasing size; indeed, all
four considered trends are more than linear. We close by underlining that, while the maximum size of
canonical characterizations was 9,705 (resp., 4,852) with (resp., without) T(X) atoms, the maximum size
of core characterizations was of 29 (resp., 15). Full details are available at https://tinyurl.com/3sks2tax.

4. From theory to practice with neXSim

This section introduces neXSim 0.1-alpha, the initial prototype system implementing the framework
outlined in the previous section. Currently, the system is capable of dealing with unary units of arbitrary
size, characterized according to SKBs that are defined from RDF knowledge graphs (KGs) paired with
simple ontological Datalog rules. As a proof of concept, neXSim has been instantiated with BabelNet
4.0.1, a well-known generalist RDF KG [12].

4.1. From RDF Knowledge Graphs to SKBs

From a given RDF KG G, we illustrate the shape of the SKB & = (K, ¢) with K = (D, O) that neXSim
conceptually associates to G at present. For each triple (s, R, 0) in G, the dataset D contains the atom
R(s,0). Additionally, if R is of a hypernymy kind (e.g., isA) or of a holonymy kind (e.g., partOf), then O
contains the following rule: R(x,z) < R(x,y), R(y, z). Clearly, for example, if both isA(a, b) and isA(b, c)
belong to D, then both of them, together with isA(a, c¢), belong to ent(K). In what follows, we assume
that relations of a hypernymy or a holonymy kind are acyclic. When this is not the case, G has to be
cleaned or repaired in advance. Finally, for each entity e occurring in D, we have that ¢(e) consists of
the set of atoms {p(e, ¢), T(e), T(c) | p(e, c) € ent(K)}.

The framework illustrated in Section 2 may accommodate alternative representations. Indeed, one
could encode a triple (s, R, 0) in G as the atom triple(s, R, 0). Consider, however, the triples (a, isA, person),
(a, founded, Google), (b, isA, person), (b, uses, Google), the unit U = {a, b}, and o as above. If we encode
triples as binary atoms, then a characterization of U looks like x « isA(x, person); whereas, if we
encode triples as ternary atoms, then it looks like x « triple(x, isA, person), triple(x, y, Google). Since
we believe that the latter in not extremely more informative, we currently prefer simpler explanations.
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4.2. Dealing with Hypernyms

Fix an SKB & = (K, ¢) as illustrated in Section 4.1, including the binary predicate isA and the ontological
rule isA(x,z) < isA(x,y),isA(y,z). Consider a scenario where we have a unit U = {e}, ey}, with
both entities being students. Since isA(student, person) belongs to ent(K), it is reasonable to avoid
considering that both entities of U are also persons. Hence, from core(U, &), we could chose to “hide”
the atom isA(x, person), as it may be obvious with respect to &, while displaying isA(x, student). By
following this intuition, we can both speed up the computation of nexus explanations and improve the
user experience. To achieve this, we define a suitable variant of ¢, called ¢.

An ancestor of an entity e is any a such that isA(e, a) belongs to ent(K). Consider a unary unit
U = {e},....en}. A common ancestor for U is any entity a that is an ancestor of each entity in U. A
least common ancestor for U is any common ancestor a such that, for each isA(c, a) € ent(K), cis not
a common ancestor for U. We denote by Ilca(U) the set of all least common ancestors for U. For
each e € U, we define gy(e) as the set {p(e,c) € ¢(e) | p # isA} u {isA(e,c) € ¢(e) | ¢ € lca(U)} v
{isA(e,c) € gle) | ple,c) € gcle) n p # isA}. Intuitively, we retain the following: all atoms for non-
hypernymy relations, the atoms containing the least common ancestors for U, and the atoms containing
common ancestors that also occur in non-hypernymy relations.

4.3. Virtualizing SKBs via Graph Databases

To efficiently deal with very large RDF-based SKBs as BabelNet, neXSim adopts the NoSQL graph
database management system Neo4j [16]. In the rest of the section, fix an RDF graph G. Let § = (K, ¢)
with K = (D, O) be the SKB conceptually associated to G, as illustrated in Section 4.1. To create and
on-the-fly navigate an instance I; of Neo4j that allows to virtually interact with &, we exploit the
built-in query language of Neo4;j called Cypher [17]. For example, to insert to I; an atom R(s, 0) of D,
we use the query:
MERGE (n1 {id:s}))
MERGE (n2 {id:o})
MERGE (n1)-[:R]->(n2);
Moreover, to retrieve all entities directly connected to some entity e of D via some relation R, namely
those in the set {a | R(e, a) € D}, we can use the following path query:
MATCH ({id:e})-[:R]->(x)
WITH DISTINCT x.id as y RETURN vy;
In particular, if R is a transitive relation (like isA or partOf), we can adapt the above path query, by
replacing [ :R] with [:R#], resulting in a variable-length path query. If so, the result would now be
the set {a | R(e, a) € ent(K)}.
To compute Ilca(U), we first add temporarily to both D and I; a dummy atom isA(Q, e) for each
e € U. Then, we exploit a Cypher procedure to retrieve the set hyper(U) = {(V,e) | isA(V,e) €
D} u{(s,0) | isA(s,0) € D A isA(V, s) € ent(K))} as follows:
MATCH (node {id:¥})
CALL apoc.path.subgraphAll (node,
{relationshipFilter: 'isA>'})
YIELD nodes, relationships
UNWIND relationships as relation
WITH startNode(relation).id as x,
endNode(relation).id as vy,
type(relation) as rel
WHERE rel = 'isA'
RETURN x, V;

Finally, from hyper(U) it is possible to compute lca(U) either directly in Python or via a simple set of
Datalog rules with stratified negation [18] available https://tinyurl.com/3sks2tax.
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Algorithm 1 Kernel of U according to § = (K, ¢)
Input: gy(ey), .-, sulen)
Output: ker(U,S)
1: A:=¢y(ep)anda :=¢
2: for £€{2,..,m}do
3 (B,b) := (quler), ep)
4: (A,a) := Prod&Core(A,a, B,b)
5
6

: end for
: returna < A

Algorithm 2 Prod&Core
Input: A,qa, B,b
Output: Core(AQB), adb

1 v i={a xgptand vy 1= {b = x4}
2: C := predicates(A) n predicates(B)
3. A :=v(A|p) and B := v, (B|c)
4: Keep :={p(s,0) € AnB|#,(AuB) =1}
50 A= AN{p(s,0) € A | #,(A) =1}
6: B :=B\{p(s,0) € B| #,(B) = 1}
7: C’ := C \ predicates(Keep)
8: P :=(AQB)uKeep U{p(xa,ba yP,b) lpeC’}
9: P := Core(P)
10: return (P,x,p)

4.4. Kernel Explanations

As discussed in Section 4.2, when dealing with RDF-based SKBs, we can also enhance the user experience
by further refining the shape of core(U, &) to hide nexus that may be considered obvious. To this aim,
we are going to define the kernel (explanation) of U according to &, denoted by ker(U, §’). What we
obtain is not precisely a characterization for U according to &. Nonetheless, such a new formula can be
understood as a special explanation that provides the user with all the “fundamental” and “expected”
nexus of similarity expressed by core(U, &). To formally define ker(U, &), we exploit an ad hoc variant
of &, consisting of the T-free SKB &y = (K, ¢yy), where ¢y is defined as in Section 4.2. Note that, Sy
is not interesting in its own, but it has to be considered only as a technical tool for dealing with the
kernel explanation of the unit U at hand. Interestingly, if core(U, &) = x < T(x), then ker(U, &) does
not exist; in all the other cases, it is not difficult to show that the set of all instances of core(U, &) and
ker(U, &) according to & do coincide. Currently, the neXSim platform has been optimized to furnish
users with kernel explanations in place of core characterizations.

4.5. Computing Kernel Explanations

We now show how to efficiently construct ker(U, &). Before analyzing the algorithm, we introduce a
convenient variant of the well-known direct product operator ®, here denoted by ¢ to avoid confusion.
Essentially, given two terms t and ¢/, the product t0t’ is either the variable x; ;. if t # ¢’ or the term
t itself, otherwise. Having that, the product between structures behaves as usual [19]. For example,
given S; ={p(y, 1)} and S, ={p(2, 3), p(y, 4), p(3, 1)}, the new product S; 0S, is the structure {p(x,, »,%; 3),
p(Y, X1.4), p(xy,3, 1)}. We are now ready to explain the behaviours of Algorithm 1 and Algorithm 2. Let us
start by describing the behavior of the latter. The input of Algorithm 2 is given by two structures, namely
A and B, and two terms, namely a and b. Assuming that p(x,y) € C implies that x = awhen C = A
and x = b when C = B, our algorithm returns the pair (Core(A{B), aQb), where p(x, y) € Core(AOB)
implies that x = aQb. This assumption will always be satisfied whenever we call Algorithm 2 as a



subroutine of Algorithm 1. In line 1, we introduce two functions, v; and v,, which are identities outside
their domains. They map a to x,j; and b to x,, respectively, without altering terms common to both A
and B. In line 2, we store the common predicates of A and B in the set C. This is done because elements
not in the common signature are directly eliminable. In line 3, we project A and B onto their common
signature, renaming both a € A and b € B as x, . This enables the intersection of the two sets. Note
that when Algorithm 2 is used within Algorithm 1, the distinct elements ey, ..., e, necessitate renaming
to avoid an invariably empty intersection. In line 4, we define the set Keep. This set comprises all atoms
p(x,y) common to both A and B, with y occurring exactly once in A u B. The distinctiveness of Keep is
as follows: for any atom p(z,z") € B, when p(x, y)Op(z, z’) is considered, with p(x, y) € Keep, the term
yOz" appears only once in KeepOB € AQB. It can be mapped back to y, present in Keep()Keep C AQB,
making the materialization of this atom superfluous. Lines 5 and 6 eliminate atoms with uniquely
occurring terms from the initial structures. Line 7 stores in C” the predicates common to A and B,
absent in Keep. Line 8 adds to the final structure atoms with fresh variables for each predicate in C’,
necessary due to their absence in Keep and their removal from A and B. Keep and AQB’s residual
elements are also included. In line 9, the core of the structure is computed using an external logic
program that verifies each atom’s membership in the core. The element x,j is not fixed because, by
hypothesis, it uniquely appears in the first position of every atom, ensuring its presence in the core
output of Algorithm 1. We conclude by returning the pair (Core(AQB), adb). The process described in
Algorithm 1 is straightforward. It involves iterating over all input summaries, as outlined in Section 4.2,
and applying Algorithm 2 repeatedly.

5. Future Directions

Future work will proceed along two primary directions. The first is to increase the explanatory power of
our method by extending it to capture non-local similarities, i.e., those spanning beyond the immediate
neighborhood of the input entities. This is a non-trivial task that will require us to revisit the mechanisms
for computing direct products and cores of structures under more relaxed assumptions. The second
direction is to enhance the system’s accessibility. To this end, we will focus on the automatic generation
of the logical formulas into natural language, making the discovered insights truly accessible to the
widest possible audience.
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