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Datalog

Datalog has emerged in the 1970s as a logic-based query
language from Logic Programming and has been extensively
studied since then (Abiteboul, Hull, and Vianu 1995). The
name Datalog reflects the intention of devising a counterpart
of Prolog for data processing. It essentially extends the lan-
guage of unions of conjunctive queries, which corresponds
to the select-from-where fragment of SQL or the select-
project-join-union fragment of relational algebra, with the
key feature of recursion needed to express some natural
queries. Among numerous applications, Datalog has been
used in symbolic Al as a powerful knowledge representa-
tion language. It has been also used as a tool for efficiently
executing queries over knowledge bases. In particular, for
several important ontology languages based on description
logics and existential rules, ontological query answering can
be reduced to the problem of evaluating a Datalog query
(see, e.g., (Eiter et al. 2012; Benedikt et al. 2022)), which
enables the exploitation of efficient Datalog engines such as
DLV (Leone et al. 2006) and Clingo (Gebser et al. 2016).

Explainability of Datalog

As for any other query language, explaining why a result to
a Datalog query is obtained is crucial towards explainable
and transparent data-intensive applications. A standard way
for providing such explanations to query answers is, among
others, the so-called why-provenance (Buneman, Khanna,
and Tan 2001). Its essence is to collect all the subsets of
the input database that as a whole can be used to derive
a certain answer. More precisely, in the case of Datalog
queries, the why-provenance of an answer tuple (cq, ..., cp)
is obtained by considering all the possible proof trees 1" of
the fact Answer(cy, . . ., ¢, ), with Answer being the answer
predicate of the Datalog query in question, and then collect-
ing all the database facts that label the leaves of T'. Recall
that a proof tree of a fact a w.r.t. a database D and a set &
of Datalog rules forms a tree-like representation of a way
for deriving « by starting from D and executing the rules
occurring in 3 (Abiteboul, Hull, and Vianu 1995).
Interestingly, why-provenance (as well as other notions
of provenance that can be found in the literature) for Data-
log queries can be captured via the unifying framework of
provenance semirings proposed by Green, Karvounarakis,
and Tannen (Green, Karvounarakis, and Tannen 2007). The

central idea is to annotate, using some function g, the facts
of the input database D with values coming from a certain
semiring /C, and then define, for each fact « that can be de-
rived using D and the input Datalog program X, its prove-
nance w.r.t. IC as
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where trees(a, D, Y) is the set of all proof trees of « w.r.t.
D and X, ¢ and ® are the addition and multiplication oper-
ators provided by K, and A is the labeling function that as-
signs facts to the nodes of 7'. Interestingly, depending on the
choice of the semiring K, the above expression encodes dif-
ferent kinds of provenance. In particular, why-provenance is
captured by choosing /C to be the so-called why-provenance
semiring (Green 2011; Green and Tannen 2017).

There are several works that studied why-provenance for
Datalog queries. In particular, there are theoretical studies
on computing the why-provenance (Damadsio, Analyti, and
Antoniou 2013; Deutch et al. 2014; Khamis et al. 2022), at-
tempts to under-approximate the why-provenance towards
an efficient computation (Zhao, Subotic, and Scholz 2020),
studies on the restricted setting of non-recursive Datalog
queries (Lee, Luddscher, and Glavic 2019), attempts to
compute the why-provenance by transforming the grounded
Datalog rules to a system of equations (Esparza, Lutten-
berger, and Schlund 2014), and attempts to compute the
why-provenance on demand via transformations to existen-
tial rules (Elhalawati, Krotzsch, and Mennicke 2022).

Main Research Question

Despite all the above research activity, the fundamental task
of pinpointing the exact data complexity of why-provenance
for Datalog queries, i.e., of the problem of deciding whether
a subset of the database explains a certain result to a Datalog
query according to why-provenance, has been only recently
addressed in (Calautti et al. 2024a).! More precisely, the
goal of (Calautti et al. 2024a) was, for a Datalog query @,
to study the complexity of the following problem, dubbed
Why-Provenance[Q]: given a database D, a tuple ¢, and a
subset D’ of D, is it the case that D’ belongs to the why-
provenance of ¢ w.r.t. D and Q? Pinpointing the complexity

!'This extended abstract is based on (Calautti et al. 2024a).



of the above decision problem let us understand the inherent
complexity of why-provenance for Datalog queries w.r.t. the
size of the database, which is precisely what matters when
using why-provenance in practice.

Main Results

The takeaway of (Calautti et al. 2024a) is that explaining
Datalog queries via why-provenance is, in general, an in-
tractable problem. In particular, for a Datalog query @,
Why-Provenance[Q)] is in NP, and there are queries for
which it is NP-hard. It has been further analyzed the com-
plexity of the problem when @ is linear (i.e., the recursion
is restricted to be linear) or non-recursive, with the aim of
clarifying whether the feature of recursion affects the inher-
ent complexity of why-provenance. We know from (Calautti
et al. 2024a) that restricting the recursion to be linear does
not affect the complexity, namely the problem is in NP and
for some queries it is even NP-hard. However, completely
removing the recursion significantly reduces the complex-
ity; in particular, we know that the problem is in ACy,
which has been shown via first-order rewritability. Note
that the NP-completeness results mentioned above opened
up the possibility of devising algorithms for computing the
why-provenance for Datalog queries based on SAT solvers.
First steps towards this direction have been recently made
in (Calautti et al. 2024b).

It is clear that the notion of why-provenance for Datalog
queries, and hence the problem Why-Provenance[Q], heav-
ily rely on the notion of proof tree. However, as already
discussed in the literature (see, e.g., the recent work (Bour-
gaux et al. 2022)), there are proof trees that are counter-
intuitive since they represent unnatural derivations (e.g., a
fact is used to derive itself), and this also affects the why-
provenance. With the aim of overcoming this conceptual
limitation of proof trees, (Calautti et al. 2024a) considered
refined classes of proof trees, which have been recently pro-
posed in (Bourgaux et al. 2022). In particular, non-recursive
and minimal-depth proof trees, which are inspired by practi-
cal needs, have been considered. For instance, non-recursive
proof trees resembles the approach taken by some graph
query languages to handle queries with possibly infinite out-
puts by allowing to explicitly restrict the output to include
only simple paths. Moreover, minimal-depth proof trees
capture the behavior of Datalog engines, such as Souffle,
that store only minimal-depth proof trees instead of storing
them all (which might be impossible in case there are in-
finitely many). The problem Why-Provenance[Q] focusing
on non-recursive and minimal-depth proof trees has been
also studied in (Calautti et al. 2024a), and shown that its
complexity remains the same. This is a rather positive out-
come as we can overcome the limitation of arbitrary proof
trees without increasing the data complexity.
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