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Abstract

DatalogMTL is a powerful rule-based language for tempo-
ral reasoning. Due to its high expressive power and flexible
modeling capabilities, it is suitable for a wide range of appli-
cations, including tasks from industrial and financial sectors.
However, due its high computational complexity, practical
reasoning in DatalogMTL is highly challenging. To address
this difficulty, we introduce a new reasoning method for Dat-
alogMTL which exploits the magic sets technique—a rewrit-
ing approach developed for (non-temporal) Datalog to simu-
late top-down evaluation with bottom-up reasoning. We have
implemented this approach and evaluated it on publicly avail-
able benchmarks, showing that the proposed approach signif-
icantly and consistently outperformed state-of-the-art reason-
ing techniques.

Introduction

DatalogMTL (Brandt et al. 2018) extends the well-known
declarative logic programming language Datalog (Ceri, Got-
tlob, and Tanca 1989) with operators from metric temporal
logic (MTL) (Koymans 1990), allowing for complex tem-
poral reasoning. It has a number of applications, includ-
ing ontology-based query answering (Brandt et al. 2018;
Giizel Kalayci et al. 2018), stream reasoning (Walega et al.
2023a; Walega, Kaminski, and Cuenca Grau 2019), and rea-
soning for the financial sector (Colombo et al. 2023; Nissl
and Sallinger 2022; Mori et al. 2022), among others.

To illustrate capabilities of DatalogMTL, consider a sce-
nario in which we want to reason about social media inter-
actions. The following DatalogMTL rule describes partici-
pation of users in the circulation of a viral social media post:

Blo,21P(2) < I(z,y) A P(y), M

namely, it states that if at a time point ¢ a user z interacted
with a user y over the post (expressed as I(z,y)), and y
participated in the post’s circulation (expressed as P(y)),
then in the time interval [¢,t+2], user 2 will be continuously
participating in the post’s circulation (&g 21 P(z)).

One of the main reasoning tasks considered in Data-
logMTL is fact entailment, which involves checking whether
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a program-dataset pair (II,D) logically entails a given
temporal fact. This task was shown to be EXPSPACE-
complete in combined complexity (Brandt et al. 2018) and
PSPACE-complete in data complexity (Watgga et al. 2019).
To decrease computational complexity, various syntacti-
cal (Walgga et al. 2020b) and semantic (Watgga et al. 2020a)
modifications of DatalogMTL have been introduced. Dat-
alogMTL was also extended with stratified negation (Tena
Cucala et al. 2021), non-stratified negation (Walgga et al.
2021, 2024), and with temporal aggregation (Bellomarini,
Nissl, and Sallinger 2021).

A sound and complete reasoning approach for Data-
logMTL can be obtained using an automata-based construc-
tion (Walega et al. 2019). Another approach for reasoning
is to apply materialisation, that is, successively apply to the
initial dataset D rules in a given program II, to derive all
the facts entailed by a program-dataset pair (II, D). It is
implemented, for example, within Vadalog reasoner (Bel-
lomarini et al. 2022). Materialisation, however, does not
guarantee termination since DatalogMTL programs can ex-
press (infinite) recursion over time. To marry completeness
and efficiency of reasoning, a combination of automata- and
materialisation-based approaches was introduced in the Me-
TeoR system (Wang et al. 2022). Materialisation-based ap-
proach typically outperforms the automata-based approach,
so cases in which materialisation-based reasoning is suf-
ficient were studied (Walega, Zawidzki, and Cuenca Grau
2021, 2023). More recently, a very efficient reasoning ap-
proach was introduced, which combines materialisation with
detection of repeating periods (Watgga et al. 2023b).

Despite recent advancement in the area, the currently
available reasoning methods for DatalogMTL (Wang et al.
2022; Walega et al. 2023b; Bellomarini et al. 2022) can suf-
fer from deriving huge amounts of temporal facts which are
irrelevant for a particular query. This, in turn, can make the
set of derived facts too large to store in memory or even in
a secondary storage. For example, if the input dataset men-
tions millions of users, together with interactions between
them and their participation in posts’ circulation, applica-
tion of Rule (1) may result in a huge set of derived facts.
However, if we only want to check whether the user Arthur
participated on post’s circulation on September 10th, 2023,
most of the derived facts are irrelevant. Note that determin-
ing which exactly facts are relevant is not easy, especially



when a DatalogMTL program contains a number of rules
with complex interdependencies.

To address these challenges, we take inspiration from the
magic set rewriting technique, which was developed for non-
temporal Datalog (Abiteboul, Hull, and Vianu 1995; Ullman
1989b; Faber, Greco, and Leone 2007; Ullman 1989a). We
extend it to the temporal setting of DatalogMTL, thereby
proposing a new variant of magic set rewriting. For example,
consider again Rule (1) and assume that we want to check
if Arthur participated in a post’s circulation on 10/9/2023.
Observe that if there is no chain of interactions between
Arthur and another user Beatrice in the input dataset, then
facts about Beatrice are irrelevant for our query, and so, we
do not need to derive them. We will achieve it by rewriting
the original program-dataset pair into a new pair (using ad-
ditional magic predicates) such that the new pair provides
the same answers to the query as the original pair, but al-
lows us for a more efficient reasoning. As a result we obtain
a goal-driven (i.e. query-driven) reasoning approach. To the
best of our knowledge, our work is the first that allows to
prune irrelevant derivations in DatalogMTL reasoning.

To implement the magic sets technique in the Data-
logMTL setting, two main challenges need to be addressed.
First, it is unclear how MTL operators affect sideways infor-
mation passing in magic sets. We address this challenge by
carefully examining each type of MTL operators and design-
ing corresponding transformations. Second, for the trans-
formed program-dataset pair established optimisations for
reasoning in DatalogMTL may no longer apply or become
less efficient. This is indeed the case, and so, we show how
these optimisations can be adapted to our new setting. We
implemented our approach and tested it using the state-of-
the-art DatalogMTL solver MeTeoR. Experiments show that
compared with existing methods, our approach achieves a
significant performance improvement.

Preliminaries

We briefly summarise the core concepts of DatalogMTL and
provide a recapitulation of magic set rewriting in the non-
temporal setting.

Syntax of DatalogMTL. Throughout this paper, we as-
sume that time is continuous, in particular, that the time-
line is composed of rational numbers. A time interval is a
set of continuous time points o of the form (¢q,t5), where
ti1,t3 € QU {00, 00}, whereas ( is [ or ( and likewise )
is ] or ). An interval is punctual if it is of the form [¢,¢],
for some ¢ € Q; we will often represent it as ¢. An inter-
val is bounded if both of its endpoints are rational numbers
(i.e. neither co or —oo). Although time points are rational
numbers, we will sometimes use dates instead. For exam-
ple, 10/9/2023 (formally it can be treated as the number of
days that passed since 01/01/0000). When it is clear from
the context, we may abuse distinction between intervals (i.e.
sets of time points) and their representation (t1,ts).

Objects are represented by terms: a term is either a vari-
able or a constant. A relational atom is an expression R(t),
where R is a predicate and ¢ is a tuple of terms of arity
matching R. Metric atoms extend relational atoms by allow-

ing for operators from metric temporal logic (MTL), namely,
0 B, &4, ©p, Uy, and S,, with arbitrary intervals p. For-
mally, metric atoms, M, are generated by the grammar

M =L | T|R(t) | @,M |8,M | ,M | &,M |
MU,M | MS,M,

where T and 1 are constants for, respectively, truth and
falsehood, whereas p are any intervals containing only non-
negative rationals. A DatalogMTL rule, r, is of the form

M' <« MyAMyA---AM,, forn>1,

where each M; is a metric atom and M’ is a metric atom
not mentioning 1, ¢, &, U, and S. Note that similarly as
Watega et al. (2023b), we do not allow for L in M to ensures
consistency and to focus on derivation of facts. We call M’
the head of r and the set {M; |i€{1,...,n}} the body of
r, and represent them as head(r) and body(r), respectively.
For an example of a DatalogMTL rule see Rule (1).

We call a predicate intensional (or idb) in II if it appears
in the head of some rule in II, and we call it extensional (or
edb) in II otherwise. Rule r is safe if each variable in r’s
head appears also in r’s body. A DatalogMTL program, II,
is a finite set of safe rules. An expression (e.g. a relational
atom, a rule, or a program) is ground if it does not mention
any variables. A fact is of the form R(t)Qp, where R(t) is
a ground relational atom and p is an interval. A query is of
a similar form as a fact, but its relational atom R(t) does
not need to be ground. A dataset, D, is a finite set of facts.
A dataset or program is bounded, if all the intervals they
mention are bounded.

Semantics of DatalogMTL. A DatalogMTL interpreta-
tion J is a function which maps each time point ¢t € QQ to a
set of ground relational atoms (namely to atoms which hold
at t). If R(t) belongs to this set, we write J, ¢ = R(¢t). This
extends to metric atoms as presented in Table 1.
Interpretation J satisfies a fact R(¢)Qp, if J,¢ = R(t) for
each t € p, and 7T satisfies a set B of ground metric atoms,
in symbols J,t & B, if J,¢ = M for each M € B. Interpre-
tation J satisfies a ground rule r if J,¢ & body(r) implies
J,t = head(r) for each t € Q. A ground instance of r is any
ground rule 7’ such that there is a substitution o mapping
variables into constants so that ' = o(r) (for any expres-
sion e, we will use o (e) to represent the expression obtained
by applying o to all variables in e). Interpretation J satisfies

JtEeT for every t € Q

J,tEe L fornoteQ

J,tem,M iff J,¢1 = M foralltyst.t;—tep

J,teg,M iff J,t1 =M foralltys.t.t—t1€p

AR ifft 3,1 = M forsomet; s.t.t1 —tep

It oM iff J,t1 & M forsome ty s.t.t—t; €0

J,t = MaU,M; iff J,t1 = M, forsomet; s.t. £ —t € p,
and J,ty = Mo for all to € (¢,t1)

J,t = MaS,M, iff J,t; = M; forsome ¢y s.t. t -t € p,
and J,ts = Mo for all to € (t1,1)

Table 1: Semantics for ground metric atoms



a rule 7, if it satisfies all ground instances of r, and it is a
model of a program II, if it satisfies all rules of II. If J sat-
isfies every fact in a dataset D, then J is a model of D. J
is a model of a pair (IT, D) if J is both a model of II and a
model of D. A pair (II, D) entails a fact R(t)@p, in symbols
(I, D) & R(t)Qp, if all models of (II, D) satisfy R(t)Qp.
Given (II, D), an answer to a query ¢ is any fact R(t)Qp
such that (TI, D) entails R(¢)@Qp and R(t)Qp = o(q), for
some substitution . An interpretation J contains interpre-
tation J’ if J satisfies every fact that 7' does and J = 7'
if they contain each other. Each dataset D has a unique least
interpretation Jp, which is the minimal (with respect to con-
tainment) model of D.

Given a program II, we define the immediate conse-
quence operator 717 as a function mapping an interpretation
J into the least interpretation containing J and satisfying for
each time point ¢ and each ground instance r (which does
not mention 1 in the head) of a rule in II the following:
J,t & body(r) implies T11(J),t = head(r). Now we are
ready to define the canonical interpretation for a program-
dataset pair (IT, D). Repeated application of 71y to Jp yields
a transfinite sequence of interpretations Jg, J1, ... such that
(i) Jo = Ip, (i) To+1 = T (J,) for « a successor ordinal,
and (iii) J3 = Ua<p Jo for £ a limit ordinal and succes-
sor ordinals « (here union of two interpretations is the least
interpretations satisfying all facts satisfied in these interpre-
tations); then, J,,, , where w is the first uncountable ordinal,
is the canonical interpretation of (II, D), denoted as €y p
(Brandt et al. 2018).

Reasoning Task. We focus on fact entailment, the main
reasoning task in DatalogMTL, which involves checking
whether a given pair of DatalogMTL program and dataset
(I1, D) entails a fact R(t)Qp. This task is EXPSPACE-
complete (Brandt et al. 2018) in combined complexity and
PSPACE-complete in data complexity (Walgga et al. 2019).

Magic Set Rewriting. We now recapitulate magic set
rewriting for Datalog. For a detailed description of magic
sets we refer ar reader to the work of Abiteboul, Hull, and
Vianu (1995); Ullman (1989b); Faber, Greco, and Leone
(2007); Ullman (1989a). Datalog can be seen as a frag-
ment of DatalogMTL that disallows metric temporal oper-
ators and discards the notion of time. In the context of Dat-
alog, given a query (which is now a relational atom) ¢ and
a program-dataset pair (II, D), the magic set approach con-
structs a pair (IT', D") such that (II', D") and (II, D) provide
the same answers to q.

The first step of magic set rewriting involves program
adornment (adding superscripts to predicates). Adornments
will guide construction of IT’. The adorned program II, is
constructed as follows:

* Step 1: assume that the query is of the form g = Q(¢).
We adorn Q with a string ~y of letters b and f, which stand
for ‘bound’ and ‘free’ terms. The length of + is the arity
of Q; the ith element of ~y is b if the ith term in ¢ is a
constant, and f otherwise. For example Q(x,y, Arthur)
yields Q7. We set A = {Q7} and T1,, = @.

* Step 2: we remove one adorned predicate R from A (in
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the first application of Step 2, set A contains only one
element, but on later stages A will be modified). For each
rule » whose head predicate is R, we generate an adorned
rule r, and add it to II,,. The rule r, is constructed from
r as follows. We start by replacing the head predicate R
in r with R”. Next we label all occurrences of terms in r
as bound or free as follows:

(i) terms in head(r) are labelled according to ~y (i.e. the
ith term is bound iff the ith element of +y is b),

(ii) each constant in body(r) is labelled as bound,

(iii) each variable that is labelled as bound in head(r) is
labelled as bound in body(r),

(iv) if a variable occurs in a body atom, all its occurrences
in the subsequent atoms (i.e. located to the right of this
body atom) are labelled as bound,

(v) all remaining variables in body(r) are labelled as free.

Then each body atom P(t') in r is replaced with P (¢')
such that the ith letter of 4’ is b if the ith term of ¢’
is labelled as bound, and it is f otherwise. Moreover,
if P is idb in I and P was never constructed so far,
we add P to A. For example if R is Q7* and r is
Q(z, Arthur,y) < P(x, Beatrice) A R(x,y), then r,
is QI (x, Arthur,y) « P™(z, Beatrice) n R*®(x,y).
Then, we keep repeating Step 2 until A becomes empty.
Next, we generate the final I’ from the above constructed
II,. For a tuple of terms ¢ and an adornment ~y of the same
length, we let bt(t,~) and bu(t,~y) be, respectively, the se-
quences of terms and variables in £, which are bound accord-
ing to v (so bu(t,~) is always a subsequence of bt(t,~)).
For example, bt((x,y, Arthur),bfb) = (x, Arthur) and
bv((x,y, Arthur), bfb) = (x). Then, for each rule r, € I,
represented as

RY(t) « R"(t1) A--- A R (L),
we add to IT’ the rule
R(t) <« m_RY(t') A R1(t1) A+ A Ry () (2)

and the following rules, for all ¢ € {1,...,n} such that R; is
an idb predicate in IT:

m_R}"(t;) «m-R"(t') ARy (t1) A A Rizi(tiq), (3)

where t' = bu(t,7), t; = bu(t;,7;), and m_R” and m_R]"
are newly introduced ‘magic predicates’ with arities |t'| and
t:], respectively. Intuitively, magic predicates are responsi-
ble for storing tuples relevant for the derivations of query
answers. In particular, Rule (2) considers only derivations
that are (i) considered by the original rule r and (ii) allowed
by the magic predicate m_R”. Rule (3) is responsible for
deriving facts about magic predicates.

Finally, assuming that the input query is of the form
q = Q(t), we construct D’ by adding m_Q" (bt(t,v)) to D,
where  is the adornment from Step 1. The new pair (IT', D")
provides the same answers to query ¢ as (II, D), but allows
us to provide answers to ¢ faster than (II, D).

As an example of application of magic set rewriting, con-
sider a Datalog dataset D, a Datalog version of Rule (1):

P(z) < I(z,y) A P(y), @)



and a query P(Arthur). After applying Step 1 we get A =
{Pb} and II, = @. Then, in Step 2, we remove P° from
A, and adorn Rule (4) according to conditions (i)—(v). As a
result, we obtain the following rule:

P*(x) < I" (2,y) A P*(y)

as a single rule in II,. No predicate is added to A, so A = &,
and so we do not apply Step 2 any more. Next, we generate
the following program IT" from I1,:

P(x) < m-P'() A 1(z,y) A P(y),
m_P’(y) < m_P’(z) A I(z,y).

Finally, we set D' = D u {m_P’(Arthur)}, which con-
cludes the construction of (I, D’). The newly constructed
(I, D") and the initial (II, D) have the same answers to
the query P(Arthur). However, (II', D) entails a smaller
amount of facts about P. Indeed, if in the dataset D
there is no chain of interactions I connecting a constant
Beatrice with Arthur, then neither P(Beatrice) nor
m_P?(Beatrice) will be entailed by (I, D’).

Magic Sets for DatalogMTL

In this section we explain how do we extend magic set
rewriting to the DatalogMTL setting. Since the approach is
relatively complex, we start by providing an example how,
given a particular query ¢ and a DatalogMTL program-
dataset pair (II, D), we construct (IT',D"). For simplicity,
in the example we will use a ground query ¢ (i.e. a fact),
but it is worth emphasising that our approach supports also
non-ground queries.

Example. Consider a query ¢ = P(Arthur)@10/9, a Dat-
alogMTL dataset D, and a program consisting of the rules

8,01 (2) < I(z,y) A P(y), (r1)
Blo,11P(2) < I(z,y) A ©0,11P(y)- (r2)

We construct D’ by adding m_P®(Arthur)@10/9 to D.
Hence, the construction of D’ is similar as in the case of
(non-temporal) Datalog, but now the fact with magic predi-
cate mentions also the time point from the input query. This
will allow us not only to determine which atoms, but also
which time points are relevant for answering the query.
Next, we construct an adorned program II, as below:

[O,Q]Pb(x) < Ibf('rvy) A Pb(y)7 (ral)
Bo,11 0 (x) < I (2,9) A S0 1P (y).  (Tay)

The construction of II, is analogous to that in Datalog (see
the previous section), but II, now contains temporal opera-
tors. As in the case of Datalog, we will obtain I’ by con-
structing two types of rules, per a rule in II,. However, the
construction of these rules will require further modifications.

Rules of the first type are extensions of rules in II, ob-
tained by adding atoms with magic predicates to rule bod-
ies. We can observe, however, that the straightforward adap-
tation of Rule (2) used in Datalog is not appropriate in
the temporal setting. To observe an issue, let us consider
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Rule (7, ). The naive adaptation of Rule (2) would con-
struct from Rule (7, ) the following rule:

B[0,21P(x) < m_P’(z) A I(z,y) A P(y).

Recall that our goal is to construct (II',D’) which
will have exactly the same answers to the input
query as the original (II,D). The rule above, how-
ever, would not allow us to achieve it. Indeed, if
D consists of facts I(Arthur, Beatrice)@8/9 and
P(Beatrice)@8/9, then the original Rule (r;) allows us
to derive P(Arthur)@[8/9,10/9], and so, the query fact
P(Arthur)@10/9 is derived. However, the rule constructed
above does not allow us to derive any new fact from D’,
because we do not have m_P°( Arthur)@8/9 in D’, which
is required to satisfy the rule body. Our solution is to use
S[0,2)m-P’(x) instead of m_P"(x) in the rule body,
namely we construct the rule

Bo,2) P () « <1>[0,2]77”5—1Db(313) A (z,y) A P(y).
This allows us to obtain missing derivations; in particular,
in our example above, this new rule allows us to derive
P(Arthur)@[8/9,10/9], and so, P(Arthur)@10/9, as re-
quired. Similarly, for Rule (r,,) we construct

Bpo,11P(7) < <1>[0,1]m—Pb(95) AN (z,y) A ©10,11P(Y)-

Next we construct rules of the second type, by adapting
the idea from Rule (3). For Rule (r,,) we use the form of
Rule (3), but we additionally precede the magic predicate in
the body with the diamond operator, to prevent the observed
issue with missing derivations. Hence, we obtain

m_P*(y) « &[0 m-P’(z) AI(z,y).

The case of Rule (r, ), however, is more challenging as this
rule mentions a temporal operator in the body. Because of
that, we observe that the below rule would not be appropriate

m_P’(y) < <1>[0,1]m—Pb(95) AN (z,y).
To observe the issue, let us consider a program II, which
instead of Rule (r1) has Rule (r3) which is of the form
P(x) « S(x). Therefore, Rule (7,) is P’(x) « S%(x)
and its first-type-rule is P(z) « m_P’(z) A S(x). As-
sume moreover, that D consists of S(Beatrice)@Q8/9
and I(Arthur, Beatrice)@9/9. Hence, Rule (r3) allows
us to derive P(Beatrice)@8/9, and then Rule (r2) de-
rives P(Arthur)@[9/9,10/9]. Although with the rule
generated above from Rule (r,,), we can derive from
D' the fact m_P’(Beatrice)@9/9, we cannot derive
m_P°(Beatrice)@8/9. This, in turn, disallows us to de-
rive P(Arthur)@10/9. In order to overcome this problem,
it turns out that it suffices to add a temporal operator in the
head of the rule. In our case, we construct the following rule:

Bo1)m-P’(y) < ®[011m-P"(z) A I(z,y).
Hence, the finally constructed IT’ consists of the rules
Bj0,21P(2) < Sro2ym-P"(x) A (x,y) A P(y),
E[o,11P () « <19[0,1]771—Pb(917) AN (z,y) A S10,11P(Y),
m—Pb(y) « <19[0,2]77”0—17317(515) AN (z,y),
5[(),1]m—Pb(Z/) « $[(),1]m—Pb(33) AN (z,y).



In what follows we will provide details of this construction
and show that (II', D") and (II, D) have the same answers
to the input query.

Algorithm Overview. Our approach to constructing
(I, D) is provided in Algorithm 1. The algorithm takes
as input a DatalogMTL program II, dataset D, and query
q = Q(t)Qp, and it returns the rewritten pair (II',D"). For
simplicity of presentation we will assume that rules in II do
not have nested temporal operators and that their heads al-
ways mention either @ or 2. Note that these assumptions are
without loss of generality, as we can always flatten nested
operators by introducing additional rules, whereas an atom
M with no temporal operators can be written as By M (or
equivalently as 5y M) (Brandt et al. 2018). Note, moreover,
that our rewriting technique does not require the input query
to be a fact, namely the sequence ¢ in the query Q(¢t)@p can
contain variables.

Line 1 of Algorithm 1 computes D’ as an extension of D
with the fact m_Q7 (bt(t,~0))Qp. It is obtained from the
query Q(t)Qp using a sequence 7 of b and f such that
the ith element is b if and only if the ith element of ¢ is a
constant.

Lines 2-3 compute the adorned program I1,. In particular,
Line 2 initialises the set A of adorned idb predicates that
are still to be processed and the set II, of adorned rules.
Then, Line 3 constructs I, in the same way as in the case
of Datalog (see Preliminaries).

Line 4 initialises, as an empty set, II' and two auxiliary
sets of rules IT} and IT),. Then, Lines 5-9 compute a set 1T}
of rules of the first type and Lines 10-15 compute a set 1T/,
of rules of the second type (to be precise, 1] and II} be-
come rules of the first and the second type after removing
adornments in Line 17).

In particular, the loop from Lines 5-9 constructs from
each r € II, a rule r’ and adds it to IT}. To construct 7,
Lines 7-8 check if the head of 7 mentions & or 2. In the first
case, Line 7 adds an atom with ¢ and a magic predicate to
the rule body. In the second case, Line 8 adds an atom with
& and a magic predicate to the rule body. Then, Line 9 adds
r' to IT}.

Lines 10-15 construct rules IT} of the second type from
rules in IT}. To this end, for each rule r in II} (Line 10)
and each body atom M in r which mentions an idb predi-
cate (Line 11) the algorithm performs the following compu-
tations. In Line 12 it computes a set H of atoms with magic
predicates which will be used to construct rule heads. This is
performed with a function MagicHeadAtoms implemented
with Algorithm 2, which we will describe later. Then, the
loop in Lines 13-15 computes a rule 7’ for each atom M’ in
H and adds this 7’ to II5. Rule ' is constructed from r in
Line 14, by replacing the head with M’ and deleting from
the rule body M as well as all the other body atoms located
to the right of M.

To construct the final program II' from II] and IIj,
Line 16 constructs the union of these two sets and Line 17
deletes from these rules all the adornments of predicates
which are non-magic, that is, not preceded by m_. Line 18
returns the pair consisting of II' and D’.
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Algorithm 1: MagicRewriting
Input : A DatalogMTL program II, dataset D, and
query ¢ = Q(t)Qp
Output: A DatalogMTL program IT’ and dataset D’
D' :=Du{m_Q"(bt(t,v))Qo} ;
A={Q"};, I,:=2;
II, := a program obtained from II by applying Step 2
from Section “Magic Set Rewriting” until A = & ;

=@, =0; I,=0;
foreach rule r € I1, do

Let O, R (t), with O € {8, B}, be the head of r ;

if 0 =@ then 7' :=r with $,m_R" (bu(t,7))

added as the first body atom ;
if 0 =8 then r’ :=r with &,m_RY (bv(t, 7))
added as the first body atom ;

I} = u{r'};
foreach rule r € IT| do

foreach M € body(r) with an idb predicate do

H := MagicHeadAtoms (M) ;
foreach atom M’ € H do
r' := r with head replaced by M’ and
body modified by deleting M and all
body atoms to the right of M ;
IT, =I5 u {r'} ;

Il =T uIl} ;
Delete adornments from non-magic predicates in IT" ;
return (IT', D’);
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MagicHeadAtoms. The function MagicHeadAtoms is
used to construct rules of the second type (i.e. the set IT5),
as presented in Algorithm 2. The algorithm takes as input a
metric atom M and returns a set H of metric atoms, whose
predicates are magic predicates. Line 1 initialises H as the
empty set and introduces an auxiliary M’ which is set to
M. The loop in Lines 2-3 modifies M’ by replacing idb
predicates with magic predicates. Then, Lines 4-18 construct
the set H depending on the form of M’. Line 4 consider
the cases when M’ mentions @ or 8. Line 5 considers the
case when M’ mentions ¢, and Line 6 when M’ mentions
. Lines 7-12 are for the case when M’ mentions S and
Lines 13-18 when M’ mentions . The final set H is re-
turned in Line 19.

Correctness of the Algorithm. Next we aim to show that,
given a program II, a dataset D, and a query ¢ = Q(¢)Qp,
the pair (II', D) returned by Algorithm 1 entails the same
answers to ¢ as (II, D). This result is provided by the fol-
lowing theorem.

Theorem 1. Let 11 be a DatalogMTL program, D a dataset,
Q(t)Qg a query, and (II',D") the output of Algorithm 1
when run on I, D, and Q(t)Qg. For each time point t € o
and each substitution o mapping variables in t to constants
we have

(ILD) = Q(a(t))@t iff (I, D) E Q(o(t))Qt.

Proof Sketch. For the if part, we leverage the fact that the
first kind of rules in I’ (i.e. rules in II}) are constructed by



Algorithm 2: MagicHeadAtoms

Input : A metric atom M
Output: A set H of metric atoms with magic
predicates
H:=g, M :=M,;
foreach adorned idb relational atom R"(t) in M do
Replace RY(t) in M’ with m_R"(bv(t,7)) ;
if M' =m,My or M' =8,M; then H :={M'};
if M’ = ${_)M1 then H := {QMl} )
if M' = &,M; then H := {8,M;} ;
if M' = My S,M, then
tmaz = the right endpoint of g ;
if M5 contains a magic predicate then
H:=Hu {E[O,tmm]M2} )
if My contains a magic predicate then
H:=Hu{g,M};
if M' = My U, M, then

o 0 NN N R W N =

e
W N = D

14 tmaz = the right endpoint of g ;

15 if My contains a magic predicate then
16 H:=Hu {[07tmw]M2} )

17 if My contains a magic predicate then
18 H:=Hu{B,M};

19 return H ;

adding body atoms with magic predicates to the bodies of
rules in II. Hence, we can show that each fact entailed by
(I", D’) is also entailed by (11, D).

The opposite direction is more challenging. The main
part of the proof is to show that if (II, D) £ R(t)Qt and
(I, D") = m_R7(bt(t,~))Qt for some R(t)Qt and -, then
(II',D") & RY(bt(t,~))Qt. This is sufficient to finish the
proof. Indeed, note that by the construction of D’, it contains
m_Q7° (bt(t,~o))Qp. Therefore, by the implication above
we have (II', D’) = m_Q (bt(t,70))Qt, as required. To
show the needed implication we conduct a proof by a trans-
finite induction on the number of 71 applications to Jp and
Tt applications to Jp-. O

Reasoning with the Algorithm. Theorem 1 shows us that
to answer a query ¢ with respect to II and D, we can in-
stead answer g with respect to IT" and D’ constructed by Al-
gorithm 1. In what follows we will show how to efficiently
answer ¢ with respect to IT" and D’. For this, we will use a re-
cently introduced approach by Walgga et al. (2023b), which
constructs a finite representation of (usually infinite) canon-
ical model of a program and a dataset. Importantly, this ap-
proach is guaranteed to terminate, which stands in contrast
with a pure materialisation approach in DatalogMTL that
often requires a transfinite number of rule applications.
Although the approach of Walgga et al. (2023b), presented
in their Algorithm 1, overperforms other reasoning tech-
niques for DatalogMTL, it is worth observing that it is guar-
anteed to terminate only if the input program and dataset are
both bounded (i.e. mention only bounded intervals). More-
over, the runtime of their algorithm heavily depends on the
distance between the minimal and maximal time points in
the input dataset. This makes applying their algorithm in our
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setting challenging, because time points of our D’ depend on
the input query. Indeed, D’ constructed in Line 1 of our Al-
gorithm 1 contains the fact m_Q7 (bt(¢,~0))@Qp, whose in-
terval g is copied from the input query ¢ = Q(¢)@p. Hence,
if o is large, then applying the approach of Walega et al.
(2023b) may be inefficient. Moreover, if g is unbounded,
then so is D’, and we loose the guarantee of termination.

We will address these challenges below. First, we observe
that given a program II, dataset D, and query g = Q(¢)@p,
instead of computing MagicRewriting(II, D, Q(t)Qp) we
can compute MagicRewriting(IL, D, Q(t)Q(-o0,+00))
and the new program-dataset pair will still entail the same
answers to ¢ as the the input II and D. This is a simple con-
sequence of Theorem 1 as stated formally below.

Corollary 2. Let 11 be a DatalogMTL program, D a dataset,
Q(t)Qp a query, and (II',D") the output of Algorithm 1
when run on 11, D, and Q(t)Q(-o0,+00). For each time
point t € ¢ and each substitution o mapping variables in t
to constants we have

(ILD) = Q(o(¥))at iff (I, D) = Q(o(t))at.

We note that MagicRewriting(IT, D, Q(t)Q(-o0, +00))
constructs a pair (II',D’) such that D’ contains
m_R(t)@Q(-o0, +00). Hence, D’ is not bounded, and so, ap-
plication of Algorithm 1 by Watega et al. (2023b) to II', D',
and ¢ is not guaranteed to terminate. What we show next,
however, is that unboundedness of m_R(t)Q(—oco,+00)
does not lead to non-termination. Indeed, if II and D are
bounded, then the algorithm of Walgga et al. (2023b) is
guaranteed to terminate on II’, D', and ¢, as stated next.

Theorem 3. Let II be a bounded program, D a bounded
dataset, ¢ = Q(t)Qp a fact, and (I', D') the output of Algo-
rithm I when run on 11, D, and Q(t)Q(-o0,+00). Applica-
tion of Algorithm 1 by Watega et al. (2023b) is guaranteed to
terminate on II', D', and q, even though D' is not bounded.

Proof Sketch. Observe that the program II' constructed by
our Algorithm 1 is bounded and the only unbounded fact
in D" is m_Q"° (bt(t,v0))@(—o00,+00). To show that ap-
plication of Algorithm 1 by Walega et al. (2023b) termi-
nates on II’, D', and ¢, we replace the unbounded fact in
D’ with an additional rule in II’, namely we construct 11"
by extending II" with a single rule m_Q (bt(t,v0)) <
T, which simulates m_Q"° (bt(t,~p))@(-o0, +00). We can
show that the number of iterations of their algorithm running
on (I1"”, D, q) is equal to or greater than the number of its it-
erations on (II',D’, q) by one. Since II"” and D are bounded,
both of the above mentioned numbers of iterations need to
be finite. Hence, the algorithm is guaranteed to terminate on
IT', D', and g, as stated in the theorem. O

Hence, we obtain a terminating approach for reasoning
in DatalogMTL with magic set rewriting. To sum up, our
approach to check entailment of a fact ¢ = Q(t)Qp with re-
spect to a program II and a dataset D consists of two steps.
The first step is to construct IT" and D’ by applying our Al-
gorithm 1 to IT, D, and Q(t)Q@(—o0,+00). The second step
is to apply Algorithm 1 of Watega et al. (2023b) to I, D’,
and ¢. This method is guaranteed to terminate and correctly



answer if IT and D entail g. In the next section we will study
performance of this new approach.

Empirical Evaluation

We implemented our algorithm and evaluated it on LUBM,
(Wang et al. 2022)—a temporal version of LUBM (Guo,
Pan, and Heflin 2005)—, on iTemporal (Bellomarini, Nissl,
and Sallinger 2022), and on the meteorological (Maurer
et al. 2002) benchmarks. The aim of our experiments is to
check how the performance of reasoning with magic pro-
grams compare with reasoning using original programs. The
three programs we used have 85, 11, and 4 rules, respec-
tively. Moreover, all our test queries are facts (i.e. they do
not have free variables) since current DatalogMTL system
do not allow for answering queries with variables (they are
designed to check entailment). Given a program II and a
dataset D we used MeTeoR system (Walega et al. 2023b)
to perform reasoning. The engine first loads the pair and
preprocesses the dataset before it starts reasoning. Then, for
each given query fact, we record the wall-clock time that the
baseline approach (Watgga et al. 2023b) takes to answer the
query. For our approach, we record the time taken for run-
ning Algorithm 1 to generate the transformed pair (II', D")
plus the time of answering the query via the materialisa-
tion of (IT',D"). We ran the experiments on a server with
256 GB RAM, Intel Xeon Silver 4210R CPU @ 2.40GHz,
Fedora Linux 40, kernel version 6.8.5-301.fc40.x86_64. In
each test case, we verified that both our approach and the
baseline approach produced the same answer to the same
query. Moreover, we observed that the time taken by running
Algorithm 1 was in all test cases less than 0.01 second, so we
do not report these numbers separately. Note that our results
are not directly comparable to those presented by Walgga
et al. (2023b) and Wang et al. (2022), since the datasets and
queries are generated afresh, and different hardware is used.
The datasets we used, the source code of our implementa-
tion, as well as an extended technical report, are available
online.!

Comparison With Baseline. We compared the perfor-
mance of our approach to that of the reasoning with original
programs on datasets from LUBM; with 10° facts, iTempo-
ral with 105 facts, and ten year’s worth of meteorological
data. We ran 119, 35, and 28 queries on them respectively.
These queries cover every idb predicate and are all facts.
The results are summarised on the box plot in Figure 1. The
red and orange boxes represent time statistics for magic pro-
grams and the original program, respectively, while the blue
box represents the per-query time ratios. Since computing fi-
nite representations using the baseline programs requires too
much time for LUBM; and iTemporal (more than 100,000s
and 50,000s) and memory and time consumption should the-
oretically stay the same across each computation, we used
an average time for computing finite representations as the
query time for each not entailed query instead of actually
running them.

For the LUBM, case, we achieved a performance boost on

"https://github.com/RoyalRaisins/Magic-Sets-for-DatalogMTL
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every query, the least enhanced (receiving the least speedup
among other queries compared with the original program) of
these received a 1.95 times speedup. For the entailed queries,
half were accelerated by more than 3.46 times, 25% were
answered more than 112 times faster. The most enhanced
query were answered 2,110 times faster. For the not entailed
queries, every query was accelerated by more than 12 times.
Three quarters of the queries were answered more than 128
times faster using magic programs than the original pro-
gram, 25% were answered more than 9,912 times faster. The
most enhanced query were answered 111,157 times faster. It
is worth noting that for the queries where a performance up-
lift are most needed, which is when the original program’s
finite representation needs to be computed, especially when
the query fact is not entailed, our rewritten pairs have consis-
tently achieved an acceleration of more than 12 times, mak-
ing the longest running time of all tested queries 12 times
shorter. This can mean that some program-dataset pairs pre-
viously considered beyond the capacity of the engine may
now be queried with acceptable time costs.

For the meteorological dataset case, the results resemble
those of LUBM,, with the least accelerated query being an-
swered 1.58 times faster. Half of the queries were answered
more than 3.54 times. One particular query was answered
more than 1 million times faster.

For the iTemporal case, we achieved a more than 69,000
times performance boost on every query, some over a mil-
lion times. As can be observed from the chart on the right
in Figure 1, the general performance boost is considerable
and rather consistent across queries. The huge performance
boost is because in this case, an idb fact has very few rel-
evant facts and derivations of the vast majority of idb facts
were avoided by magic programs.

Scalability Experiments. We conducted scalability ex-
periments on both LUBM,; and iTemporal benchmarks as
they are equipped with generators allowing for constructing
datasets of varying sizes. For LUBM;, we generated datasets
of 5 different sizes, 10? — 10%, and used the program pro-
vided along with the benchmark; for each dataset size, we
selected 30 queries. For iTemporal, the datasets are of sizes
10 - 10° and the program was automatically generated; for
each dataset size, we selected 270 queries. To rule out the
impact of early termination and isolate the effect that magic
sets rewriting has on the materialisation time, we only se-
lected queries that cannot be entailed so that the finite repre-
sentation is always fully computed. These queries were ex-
ecuted using both approaches, with the average execution
time computed and displayed as the red (II for original pro-
gram) and blue (IT" for magic program) lines in Figure 2.

As the chart shows, our magic programs scale better for
LUBM; than the original program in terms of canonical
model computation. For iTemporal, the first two datasets are
too small that both approaches compute the results instanta-
neously. As the size of a dataset increases from 10° to 10°,
we observe a similar trend as LUBM,.
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(=)II/(=)II" refer to time consumed by (not) entailed
queries on magic programs, the baseline program, and to
per-query time ratios. Scales for ratios are on the right

Conclusion and Future Work

We have extended the magic set rewriting technique to
the temporal setting, which allowed us to improve perfor-
mance of query answering in DatalogMTL. We have ob-
tained a goal-driven approach, providing an alternative to
the state-of-the-art materialisation-based method in Data-
logMTL. Our new approach can be particularly useful in ap-
plications where the input dataset changes frequently or the
materialisation of the entire program and dataset is not fea-
sible due to too high time and space consumption. In future,
we plan to consider developing a hybrid approach that com-
bines magic sets technique with materialisation. Another in-
teresting avenue is to extend the magic sets approach to lan-
guages including such features such as negation and aggre-
gation.
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Figure 2: Scalability results, where II" stands for a magic
program and IT for an original program
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