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Abstract

We present a translation from DatalogMTL, a temporal ex-
tension of Datalog rule language with operators from metric
temporal logic, into non-temporal Datalog with arithmetics.
As we prove, the translation preserves key semantic proper-
ties such as entailment, consistency, and finiteness of mate-
rialisability. As a result, we obtain a faithful embedding of
DatalogMTL into classical Datalog, enabling complex tem-
poral reasoning tasks to be executed without the need for spe-
cialised temporal reasoning engines. We implement and eval-
uate this translation using three state-of-the-art Datalog sys-
tems: Nemo, EYE, and Eyelet. Remarkably, non-temporal
Datalog engines are able to achieve comperable performance,
and in some cases outperform dedicated temporal reasoning
engines, demonstrating the practical viability and efficiency
of the translation.

1 Introduction

Temporal reasoning is central in modern data-intensive sys-
tems, where information evolves continuously and analyt-
ical systems must detect complex temporal relationships.
Domains such as financial monitoring, cybersecurity, trans-
portation analysis, and IoT ecosystems frequently require
identifying temporally extended patterns, e.g. recurring be-
haviours, suspicious event sequences, or causal chains un-
folding over time. In many of these settings, temporal con-
straints must be articulated explicitly and in an interpretable
manner, making rule-based temporal languages an attractive
option. Yet, building temporal reasoning engines remains a
demanding engineering challenge, especially in the presence
of dense time, data stamped with intervals, and non-trivial
temporal modalities, while maintaining correct semantics
and practical efficiency. Temporal engines tend to be signif-
icantly less mature than widely deployed non-temporal sys-
tems. This mismatch between the practical demand for tem-
poral reasoning and the limited maturity of temporal systems
motivates our exploration of methods that allow for tempo-
ral reasoning by leveraging existing and well-optimised non-
temporal systems.

In this paper we focus on DatalogMTL (Brandt et al.
2018)—an extension of the state-of-the-art rule-based lan-
guage Datalog (Abiteboul, Hull, and Vianu 1995) with met-
ric temporal logic (MTL) operators. It provides a versa-
tile temporal reasoning language with applications in areas
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such as Semantic Web, Stream Reasoning, and Knowledge
Graphs. Among others, DatalogMTL has been applied in
ontology-based data access (Brandt et al. 2017), economic
fact-checking (Mori et al. 2022), human movement descrip-
tion (Raheb et al. 2017), and verification of banking agree-
ments (Nissl and Sallinger 2022a).

To illustrate capabilities of DatalogMTL, consider a sim-
plified banking system that monitors transactions to detect
suspicious behaviour. The system logs transactions of the
form Trans(acct1054, acct0321)@11023, indicating that at
timestamp 11023 a transfer was recorded from account
acct1054 to account acct0321. To prevent money launder-
ing, the bank aims to detect transaction loops, where money
is sent from one account to another and then returned shortly
after. This can be expressed in DatalogMTL using the fol-
lowing rules:

B0,14)Susp(x) < Trans(y,z) A &(o,5 Trans(x,y), (1)
2

Rule (1) flags an account x as suspicious continuously for
the next interval of 14 days (expressed with B[g, 14) Susp(x))
when x receives a transaction from another account y
(Trans(y,x)) and x had previously sent money to y some-
time within the past 5 days (&g,5 Trans(z,y)). Rule (2),
in turn, places = on the red list (RedList(z)) if « has been
continuously flagged as suspicious for the past 30 days
(810,30 Susp()).

DatalogMTL offers a good balance between the ex-
pressive power and computational complexity of reason-
ing (Walgga et al. 2019; Walega et al. 2021; Bellomarini,
Nissl, and Sallinger 2021b), making it a versatile tool for
a wide range of temporal reasoning applications. Conse-
quently, research on DatalogMTL has increasingly focused
on developing practical reasoning algorithms. This has
led to several systems employing diverse reasoning tech-
niques, including ontology-based rewritings (Kalaycr et al.
2018), automata-theoretic constructions (Wang et al. 2022),
materialisation-based approaches (Bellomarini et al. 2022;
Bellomarini, Sallinger, and Gottlob 2018), saturation proce-
dures (Watgga et al. 2023), semi-naive evaluations (Wang et
al. 2025a), and magic set rewritings (Wang et al. 2025b).

However, all these approaches require sophisticated
mechanisms tailored to the complex setting of DatalogMTL.
Developing such systems is challenging, prone to errors, and

RedList(x) < By 30 Susp(x).
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the resulting tools often suffer from limited maintainability.
This stands in contrast to standard (non-temporal) Datalog
systems, which are mature, robust, and used in industry.
They are maintained and optimised by professional devel-
opers, and offered as reliable commercial products (Nenov
et al. 2015; Bellomarini, Sallinger, and Gottlob 2018).

This leads us to the following research questions:

e Can the complex task of temporal reasoning in Data-
logMTL be effectively performed using existing, non-
temporal Datalog engines?

* If so, which theoretical properties are preserved by such
an approach, and how does its practical performance com-
pare to that of dedicated DatalogMTL reasoners?

We address these questions and show a translation to Dat-
alog that provides us with a practical tool for reasoning in
DatalogMTL. Our main contributions are as follows:

* In Section 4 we construct a translation of a pair of a Dat-
alogMTL program II and dataset D into a Datalog (with
arithmetic operators) program tr(II) and a set of Datalog
facts tr(D).

* We also establish a correspondence between materialisa-
tion steps in DatalogMTL and in the translated Datalog
setting. Materialisation terminates for II and D if and
only if it terminates for tr(II) and tr(D). Moreover, con-
sistency of IT and D implies consistency of tr(II) and
tr(D), whereas the converse holds whenever II and D
are finitely materialisable.

* In Section 5 we turn to practical aspects of the translation.
We show how it can be adapted to the N3 triple-store for-
mat used by engines such as EYE.

* Then, we provide implementations of the translations
based on Datalog and on the N3 triple formats. We com-
pare the performance of the state-of-the-art DatalogMTL
reasoner MeTeoR with our translated programs executed
in the Datalog engines Nemo and Eyelet as well as in the
N3 reasoner EYE. As we show, in several cases Nemo
outperforms MeTeoR.

Our results indicate that, instead of developing dedicated
DatalogMTL reasoners from scratch, a promising alterna-
tive is to translate DatalogMTL programs into the standard
Datalog setting and exploit existing, optimised reasoning en-
gines. This approach not only simplifies implementation
but also enables seamless integration of temporal and non-
temporal reasoning within a single reasoning framework.

2 Related Work

The extension of traditional reasoning with temporal di-
mension has been a topic of continued research. Fol-
lowing early work on static knowledge representation and
reasoning, several frameworks have incorporated time into
established rule-based or logic-based paradigms. Exam-
ples include temporal extensions of Answer Set Program-
ming (ASP), such as C-ASP (Pham, Ali, and Mileo 2019)
and PrASP (Nickles and Mileo 2014). Within the Se-
mantic Web community, significant efforts have focused
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on extending SPARQL to support streaming data, lead-
ing to formalisms such as RSP-QL (Dell’Aglio et al.
2014), C-SPARQL (Barbieri et al. 2010), CQELS (Phuoc
2013), and EP-SPARQL (Anicic et al. 2012). These sys-
tems typically rely on windowing mechanisms: tempo-
ral data is divided into bounded subsets that can then be
processed by non-temporal engines. For example, DI-
VIDE (De Brouwer et al. 2023) relies on internal RDF rea-
soners like RDFox (Nenov et al. 2015), EYE (De Meester
et al. 2015) uses Prolog reasoner, and some others employ
CEL DL reasoner (Lécué 2012).

A well-known limitation of window-based stream rea-
soning is that discarding the full temporal dimension pre-
vents these systems from recognising extended temporal re-
lations or long-range dependencies, constraining their abil-
ity to detect and analyse complex patterns, often referred
to as Complex Event Processing (CEP). This reflects a
broader trade-off: such approaches benefit from established
non-temporal engines but lose expressive power for tem-
poral pattern recognition. Another challenge in the stream
reasoning landscape is the absence of a unifying seman-
tic framework. Existing formalisms differ substantially in
how they interpret windows, timestamps, incremental up-
dates, or the interaction between temporal and logical op-
erators. Some adopt windows as preprocessing steps that
generate static sub-datasets, while others integrate tempo-
ral modalities directly into rule languages, yielding different
expressive capabilities and evaluation behaviours. As a con-
sequence, these systems often lack interoperability, compli-
cate comparisons across formalisms, and make it difficult to
establish common benchmarks or correctness guarantees.

An alternative line of work integrates temporal reason-
ing natively into rule-based systems. Examples include
LARS (Beck, Dao-Tran, and Eiter 2018), DatalogMTL, and
RTEC (Artikis, Sergot, and Paliouras 2012), which incor-
porate additional temporal operators. These approaches re-
quire dedicated implementations, such as MeTeoR (Wang
et al. 2022), Ticker (Beck 2018), and Lazer (Bazoobandi,
Beck, and Urbani 2017). Temporal reasoning has also been
explored in temporal description logics (Gutiérrez-Basulto,
Jung, and Ozaki 2016; Baader et al. 2017; Thost 2018;
Artale and Franconi 1998) and other temporal variants of
Datalog (Chomicki and Imielinski 1988; Artale et al. 2015;
Kontchakov et al. 2016).

The line of research on DatalogMTL has provided an
in-depth theoretical analysis. Its computational complex-
ity has been established for both data and combined com-
plexity (Brandt et al. 2018; Walega et al. 2019; Walega et
al. 2021). Alternative semantics have been developed, in-
cluding event-based semantics (Ryzhikov, Walgga, and Za-
kharyaschev 2019) and integer-based timelines (Walgga et
al. 2020; Walega, Zawidzki, and Cuenca Grau 2021). Fur-
ther extensions introduce non-monotonic negation (Cucala
et al. 2021; Walega et al. 2021), existential rules (Lanzinger
et al. 2023), and temporal aggregation (Bellomarini, Nissl,
and Sallinger 2021a). Finite materialisability, including de-
veloping algorithms for its checking and establishing com-
putational complexity of this problem, have been studied for
DatalogMTL (Watgga, Zawidzki, and Cuenca Grau 2023;
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Walega, Zawidzki, and Cuenca Grau 2021). DatalogMTL
has also been studied in the context of inconsistency han-
dling (Bienvenu, Bourgaux, and Khodadaditaghanaki 2025)
and temporal rule mining (Wang, Walega, and Cuenca Grau
2024). Applications span smart contracts (Colombo et al.
2023; Nissl and Sallinger 2022a; Nissl and Sallinger 2022b),
crypto-activity analysis (Colombo et al. 2024), economic
fact-checking (Mori et al. 2022), and human movement de-
scription (Raheb et al. 2017).

Several practical reasoning approaches for DatalogMTL
have emerged, including extensions of existing platforms
such as Ontop (Kalayci et al. 2018) and Vadalog (Bel-
lomarini et al. 2022). Standalone implementations include
systems based on automata (Wang et al. 2022), satura-
tion procedures (Watgga et al. 2023), semi-naive evalua-
tion (Wang et al. 2025a), and magic-set rewriting (Wang et
al. 2025b). A dedicated generator, iTemporal (Bellomarini,
Nissl, and Sallinger 2022), provides benchmarks and syn-
thetic datasets for temporal Datalog reasoning.

3 Background

We will introduce syntax and semantics of DatalogQ, that is,
Datalog with arithmetics over rationals, as well as of Data-
logMTL, that is, Datalog with metric temporal operators.

Datalog,. For Datalog; we assume a two-sorted lan-
guage, where each constant and variable is either of an ob-
Jject or a numeric sort. Object terms are object constants and
variables, whereas numeric terms are defined inductively as
numeric constants (values in Q U {—o00, +00}), variables,
and arithmetic expressions |t|, t+t', t—t', t xt', t /¢, for any
numeric terms ¢ and ¢'. We will also use max(ty, ..., k)
and min(¢q,...,t;), which are definable using the other
functions, for example, max(¢,t') = (¢+t'+|t—t'|)/2. Re-
lational atoms are of the form P(s), for P a predicate and s a
tuple of terms with arity matching P. Comparison atoms are
of the forms (¢t = t') and (¢t < t'), for t and ¢’ being numeric
terms. A Datalogg, rule is of the form A" <~ Ay A ... A Ay,
where the rule head A’, and each rule body atom A; is a
(relational or comparison) atom, T, or L. The conjunction
A1 N+ N Ap is called the rule body. A Datalogg program,
A, is a finite set of DatalogQ rules. An expression (term,
atom, rule, etc.) is ground if it does not mention variables.

A Datalog, interpretation, I, is a (possibly infinite) set
of ground relational atoms. In each interpretation, we let
I= TandI [~ L. For a ground relational atom A we let
I = Aif A € I after the standard evaluation of arithmetic
operations in A. For a ground comparison atom, we let [ =
(t =t)orl = (t <), if after evaluation of arithmetic
operations, the (in-)equality holds over the rational numbers.
An interpretation I is a model of arule A’ < A1 A\---NA,,
if for every grounding v (a mapping of variables to constants
of the same sort), I = v(4;) foralli € {1,...,n} implies
that I |= v(A’). Interpretation [ is a model of a program A
if it is a model of all rules in A, and A is consistent if it has a
model. Furthermore, A entails a ground atom A, in symbols
A E A,if I = Ain every model I of A.
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A procedural counterpart of the above semantics is de-
fined by means of the immediate consequence operator Ty,
for a program A. We let T\ be a partial function which maps
an interpretation [ to the unique subset-minimal interpreta-
tion T (1) if one exists (otherwise it is undefined), such that
I C Ty(I) and for any rule A’ < Ay A---AA,, in A and any
grounding v, the fact that I = v(A;) foralli € {1,...,n}
implies that Tx (I) = v(A’). Note that Ty (I) is undefined
precisely when A contains a rule with L in the head and
with body satisfied in I. We let Tyt (1) = T (T¥(I)),
for k € Nand Ty (I) = UpenTh(1). The canonical in-
terpretation, €, is defined as 7% (f). It can be shown that
A is consistent if €, is well-defined; moreover A entails A,
if A is inconsistent or €5 = A. We say that A is finitely
materialisable if there is k € N for which TF(()) = &4.
Similarly, a pair consisting of a program A and an interpre-
tation I is consistent if T} (I) is well-defined, and the pair
is finitely materialisable if €5 (1) = T¥(I) = TX(I), for
some k € N.

DatalogMTL. In contrast to Datalogg, the language of
DatalogMTL has one (object) sort. Terms are constants
and variables, whereas relational atoms are defined as in
DatalogQ. Metric atoms are defined recursively as T, L,
relational atoms, B,M, 8,M, &,M, &,M, MS,M, and
MU,M, where M are metric atoms and ¢ is a closed,
non-empty, and positive (i.e. including only positive num-
bers) interval over the rational timeline; it can be right-
unbounded, i.e. with +o0 as the right endpoint. A Data-
logMTL rule is of the form M’ < My A ... A M, where
each M; is a metric atom and M’ is a metric atom not men-
tioning any of ¢, &, S, and U. A DatalogMTL program
is a finite set of DatalogMTL rules. A DatalogMTL pro-
gram is flat if it does not mention any nesting of temporal
operators. Unlike in Datalog, rules of DatalogMTL do not
allow us to express facts. A DatalogMTL fact is of the form
P(c)@p, where P(c) is a ground relational atom and p is a
closed interval over rationals; we allow for left- and right-
unbounded intervals (with —oo and 4-oc0 as endpoints). In
case of punctual intervals, [t,t], we may write P(c)@t in-
stead of P(c)Qlt,t]. A DatalogMTL dataset is a finite set
of temporal facts. A DatalogMTL interpretation J is a func-
tion mapping each time point (a rational number) to a set of
ground relational atoms. We have J,¢ = T and J,¢ }= L,
for every t. We let J,t |= P(c) if P(c) € J(t). Then, for
every ground metric atom M we have:

JtEo,M iff 3,t' = M for some ¢’ witht —t’ € p,
JtE®,M iff 3,t' = M for some t’ witht' — ¢ € p,
JtEe,M  ift3,¢ = Mforall# witht —t' € o,
J,t =8|,M iff 3,¢' = M for all t’ witht’ — ¢ € o,

J,t = M1S,Ms iff 3, |= M for some ¢’ with t — ¢’ € p,
and J,t" = M, forall t” € (¢ t),

J,t = MiU,M> iff 3, |= M for some ¢’ with t' — ¢ € p,
and J,¢" = M, forall t” € (¢, ).
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We write J = MQpif J,t = M forall t € p.

An interpretation J is a model of arule M' +— My A ... A
M, if for every time point ¢ and for every grounding v, it
holds that J3,¢ |= v(M’), whenever J,t |= v(M;) for every
i € {1,...,n}. Interpretation J is a model of a program
IT if it is a model of every rule in II. An interpretation is a
model of a dataset D if for every fact P(c)@p € D, we have
J = P(c)@p. We let Jp be the unique interpretation which
is the minimal model of D. A pair (I, D) of a program
and dataset is consistent if there is an interpretation that is
a model for both II and D. A pair (II, D) entails a ground
metric atom M at ¢, written as (I, D), t = M,if J,t = M
for every model J of (II, D).

Similarly to Datalogg,, an alternative semantics of Data-
logMTL is provided using the immediate consequence op-
erator I11, which is a partial function mapping an interpre-
tation J to the unique interpretation 711(J), if one exists
(otherwise it is undefined), such that for each ¢, T1(J)(¢)
is the subset-minimal set satisfying: (i) J(¢) C T (J)(t)
and (ii) for every rule M’ < Mj A ... A M, in II and any
grounding v, we have J,t = v(M') whenever J, ¢ |= v(M;)
for every ¢« € {1,...,n}. For any successor ordinal o, we
let T3 (3) = Tu(T§(3)), and for a limit ordinal v, we
let Ty(3) = Up,, Tg (J). The canonical interpretation for
program II and dataset D is € p = T (Jp), where w
is the first uncountable ordinal. Then (I, D) is consistent if
€, p is well-defined, whereas (I, D) entails a fact P(c)Qp,
in symbols (I, D) = P(c)Qy, if (I, D) is inconsistent or
¢np E P(c)@Qp. Moreover, (II, D) is finitely materialis-
able if there is k € N for which T%(Jp) = €np. The
canonical interpretation €y p of a consistent pair (I, D) is
the minimal model of this pair (Brandt et al. 2017).

4 Translating DatalogMTL to Datalog

In this section, we will show how to translate DatalogMTL
into Datalogg, to simulate temporal reasoning with non-
temporal Datalog engines. For readability we assume that
DatalogMTL programs are flat, i.e. with no nested tempo-
ral operators. Any program can be translated into this form
(Brandt et al. 2018). Moreover, until Proposition 10, we
assume that programs do not mention L in rule heads. In
this setting no inconsistency can occur, and 77} (J) is well-
defined for any «y. In Proposition 10 we turn our attention to
programs with L, as we will consider consistency checking.
We start by providing intuition regarding a desired rela-
tion between DatalogMTL and its translation into Datalog.
To this end, consider again a DatalogMTL program II con-
sisting of Rules (1) and (2), which detect circular financial
transactions. Assume that the DatalogMTL dataset D gath-
ered by the bank contains facts Trans(adam, betty)@Qt and
Trans(betty, adam)Qt + 2, for time points ¢ € {0, 10,20}.
Then, by application of Rule (1), Susp(adam) is derived
in intervals [2, 16], [12, 26], and [22, 36], as depicted in Fig-
ure 1. Hence, we obtain Susp(adam)@[2,36], and so, an
application of Rule (2) derives RedList(adam)@Q[32, 36].
The aim is to translate IT into a Datalogg, program tr(II)
and D into a Datalog, interpretation tr(D) such that facts
derived by tr(II) and tr(D) can correspond to the temporal
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RedList(adam)

/_/R

0 2 10 12 20 22 32 36
— --—+— -4 ---— |
%/—/

Susp(adam) Susp(adam)  Sysp(adam)

Figure 1: Facts derived by Rules (1) and (2)

facts derived by II and D. For example, we aim to simulate
the derivation of Susp(adam)[2,36] in DatalogMTL with
a derivation of Susp(adam,2,36) in Datalogy. In other
words, we want to encode in Datalog, the endpoints of in-
tervals in which a fact Susp(adam) holds in DatalogMTL,
by adding two numerical positions in predicates.

It is worth noting, however, that due to the continuous
timeline and the need to consider coalescing of intervals,
the correspondence between DatalogMTL and Datalog, is
not straightforward. For example, it may be tempting to
assume that whenever P(c) is entailed at some interval
[a, b] in DatalogMTL, then P(c,a,b) should be derived in
Datalogg,. Notice that if, for instance, P(c) is entailed in
[0,1], this would mean that P(c,a,b) needs to be derived
for all a, b such that [a,b] C [0,1]. Since we consider a
dense (rational) time line, there are infinitely many such in-
tervals, so simulating a single DatalogMTL fact P(c)@J0, 1]
would require an infinite Datalog, interpretation, which is
not feasible in practice. An alternative option could be to
require that P(c,a,b) is entailed in Datalog only for the
maximal interval [a, b] such that P(c)@[a, b] is entailed in
DatalogMTL. This would not require infinite Datalog, in-
terpretations. However, it would be too restrictive, as it
would not allow for coalescing intervals. Indeed, as pre-
sented in the example from Figure 1, it is essential to first
derive Susp(adam)Q[2,16], Susp(adam)@[12,26], and
Susp(adam)@[22, 36], then coalesce these intervals to ob-
tain Susp(adam)@Q[2, 36], and only then apply Rule (2). We
would not be able to simulate such derivations in Datalog, if
we did not allow for storing facts over intervals which have
non-empty intersections.

This leads us to a more complicated requirement defined
next. Intuitively we will consider a DatalogMTL interpre-
tation J as corresponding to a Datalog, interpretation [ if
J pointwise subsumes I, and vice versa. By pointwise sub-
sumption we mean that if 3, ¢ = P(c) in DatalogMTL, then
P(c,a,b) € I forsomet € [a,b] in Datalogg,. For the oppo-
site subsumption, we require that P(c,a,b) € I in Datalog,
implies J,t = P(c) for each ¢ € [a, b] in DatalogMTL. We
formalise these notions in the definition below.

Definition 1. A DatalogMTL interpretation J is pointwise
subsumed by a Datalog, interpretation /, denoted J <, I,
if for any relational atom P(c) and time point ¢ with J,¢ |=
P(c), there exists an interval [a, b] with P(c,a,b) € I and
t € [a,b]. Conversely, we say that I is pointwise subsumed
by J, I <, 7, if for every time point ¢ and interval [a, b] with
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€ [a,b] and P(c,a,b) € I, 1th01dsthat ,t = P(c). If o A; = P(s,t; ,t7) A (b—a) < (tf —t7), if M; is
J<pTand 1 <, 3, we write J = [ Biq,5) P (8) or By 5 P(s),
In the rest of this section we show how to construct o A= Py(s,t;,t) A Pa(s,tn, th) A (t;; <t —b) A
a translation of DatalogMTL programs and datasets into (zf+ < t*) if M is Py(s)Ujq,p) Pa(s),
Datalog, so that we obtain a correspondence between Dat- .« A; = Py(s, 15, t;rl) APy(s, 5, t:g) At < 15) A (t;g n

alogMTL and Datalog, interpretations in terms of the rela-
tion =,,.

Thep translation of DatalogMTL facts is straightfor-
ward, namely we will translate each fact P(c)Q[a,b] into
P(c,a,b). For example, Trans(adam, betty)@QO is trans-
lated into Trans(adam, betty,0,0), since a punctual inter-
val 0 starts and ends in the same time point 0. The translation
of DatalogMTL rules is much more complicated and is ob-
tained in two steps. The first step is to translate temporal
operators in the rule into arithmetic operations. For exam-
ple, Rule (2) is translated into the following Datalog, rule:

Red List(x,t~,
(t7 =t; +30) A (tF

tT) < Susp(x,t7,t]) A
=t +0) At <th)

This rule states that Susp(z,t],t]) allows us to derive
Susp(z,t; + 30,t]) if t; +30 < t]. Note that the last
condition guarantees that we derive facts only over intervals,
that is, the first endpoint cannot be greater than the second.

The second step of the translation is to add Datalog, rules
for coalescing intervals. For example to coalesce facts over
the predicate Susp, we use the rule

Susp(x,t1,tq) < Susp(x,t1,ta) A Susp(x,tz, ty) A
(ts < t2) A (t1 < ta),

which states that from Susp(x,a,b) and Susp(z,c,d)
over intersecting intervals [a,b] and [c,d], we can derive
Susp(x,t1,t4) over the union [t1,t4] = [a,b] U [c, d].

The full translation requires considering all the possible
temporal operators and handling conjunctions in rule bodies.
The formal definition is provided bellow.

Definition 2. For a DatalogMTL dataset D we define

tr(D) = {P(s,a,b) | P(s)Q[a,b] € D}.
For a DatalogMTL rule r = M’ <~ My A ... A M, we let

tr(r) = A"« AL A ANAL A (L :m<axgi_)/\
TSN (3)

(tF = minof) A (1 < £7),
i<n

where A’ is as follows:

e A =M if M'is T or L,

o A= P(s,t—,tT),if M"is P(s),

o A= P(s,t™ +a,tt +b),if M is @8, 4 P(s),
o A= P(s,t™ = bt —a),if M is 8,4 P(s),

expressions A; are as follows:

e A; =M, ,if M;is T or L,
. Ai = P(s,t;,t]), if M; is P(s), &p5P(s), or
Sy P(s),
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b S tjl)’ if Mz is Pl(S)S[a7b]P2(S),

and intervals g; = [o; , Qﬂ are defined as

* 0; = [—00,+o0] for M; = Tor= L

o 0; = [t;,t]]if M;is P(s),

© 0i = [t; —b,t] —a]if M;is &4, P(s),

o 05 = [t; +a,t] + b if M; is S P(s),

o 0= [t; —a,t] —b]if M;is Bq,5 P (8),

o 0= [t7 +b,t] +a] if M;is By, 5 P(s),

* 0i=[tip—b, t:; — a] if M; is Pi(c1)Uqp) Pa(s2),
c 0= [t tat 22 + O if My is Py (cl)S[a’b]P2(52)’

Finally, for a DatalogMTL program II we define

tr(I) = Iyjme U U tr(r)
rell
where I1;;,,¢ is the program consisting of the following rule,
for every predicate P in II, where x matches the arity of P:

P(X,tl,t4) (—P(X,thtg) A .P(X7 tg,t4) A (4)
(ts < ta) A (t1 < tg),

which coalesces overlapping intervals (for example,
Susp(adam)@[2,16] and Susp(adam)Q[12,26] allow us
to derive Susp(adam)Q|2, 26]).

For instance when applying our translation to Rule (1), we
obtain the following Datalog, rule:

Susp(z,t~,t1 +14) «
Trans(z,y,t7 ,t17) A Trans(y, v, t5 ,t5) A
(t~ =max{t],t; }) A (T =min{t],t7 +5}) A
(t= <th).
In the rest of this section we will prove correctness of the
translation and analyse how the materialisation steps for 11
and D correspond to the materialisation steps of tr(II) and
tr(D). As we will show, establishing this relation is not
straightforward, and poses several technical challenges.
Our analysis will exploit a stronger notion of correspon-
dence between DatalogMTL and Datalog, interpretations
than pointwise subsumptions from Definition 1. This is be-
cause application of rules does not only require that interpre-

tations match on time points, but also on intervals. Hence,
the following intervalwise subsumption will be useful.

&)

Definition 3. A DatalogMTL interpretation J is interval-
wise subsumed by a Datalog, interpretation I, in symbols
J <im I, if for every metric fact P(c)Qp satisfied by J
(J = P(c)Qp) there exists an interval [a,b] O o such
that P(c,a,b) € I. On the other hand, I is intervalwise
subsumed by J, in symbols I <;,, J, if for every atom
P(c,a,b) € I, it holds that T = P(c)Q[a,b]. If T <j I
and I < J, we write J = 1.
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It follows from Definitions 1 and 3 that intervalwise sub-
sumption is a stronger notion than pointwise subsumption.
Indeed, assume J <;,, I and consider an atom P(c)@t such
that J,¢ = P(c). Since J <j, I, there exists [a,b] with
[t,t] C [a,b] such that P(c,a,b) € I. Asaresult, J <, I.
Likewise, I <iy J implies I <, 7J.

Recall that Jp is the minimal DatalogMTL interpretation
satisfying the dataset D. We observe that for each Data-
logMTL dataset D we have tr(D) <i, Jp. The opposite,
however, is not always true.

Proposition 4. For every DatalogMTL dataset D, we have
tr(D) <, JIp. However, the opposite subsumption does
not always holds.

Proof. By definition, P(c,a,b) € tr(D)
P(c)Q[a,b] € D. Thus for every t € |a,b],
in Jp at time ¢, and so J |= P(c)Q]Ja, b].

The opposite subsumption, Jp <int tr(D),
does not always hold. Indeed, consider a dataset
D {Susp(adam)Q|0, 20], Susp(adam)Q[20, 40]}.
We have Jp | Susp(adam)@|0,40], but tr(D)
{Susp(adam, 0, 20), Susp(adam, 20,40)} does not con-
tain any atom Susp(adam, a, b) with [0,40] C [a, b]. O

implies that
P(c) holds

As we show next, the interval subsumption does hold if
we apply iime to tr(D) a sufficient number of times. In par-

ticular, we can show that Jp <iy Tg:ﬁ“pm (tr(D)), where
we assume in the paper that log has base 2. The reason why
we need to apply Il multiple times is that the dataset D
may contain multiple adjacent or overlapping intervals for
the same fact. Rule (4) merges two overlapping intervals,
thus repeated applications of this rule perform a binary-style
aggregation. Since each application halves the number of re-
maining intervals to be merged, all intervals contributing to
a maximal union can be coalesced in logarithmically many
steps. Formally, we obtain the following result.

Proposition 5. For every DatalogMTL dataset D, it holds
that 3p =ins Ty 2PV (42(D)).

Proof. Assume that [a, b] is a subset-maximal interval such
that Jp | P(c)Q[a,b], for some P(c). Then, [a,b] is a
union of some intervals [a;, b;], with 1 < ¢ < n, mentioned
in D. Hence, each P(c,a;,b;) belongs to tr(D). By ap-
plying Rule (4) at most [log(n)] times to tr(D), we can
merge the intervals in a binary fashion and derive P(c, a, b).

Since n < |D|, we obtain Jp <iy T&?i(le(tr(D)).

Conversely, for each P(c,a,b) € Trfll:;gy(lDlﬂ (tr(D)), atom

1e

P(c) holds in Jp at ¢ in [a, ], since every ¢ belongs to some
[az, bi]. Thus T3PV T (tr(D)) <y Ip. O

Propositions 4 and 5 provide us with a correspondence
between D and tr(D). Next, we will analyse the corre-
spondence between partial materialisations in DatalogMTL
and Datalogg. In particular, we will derive bounds on the
number of the immediate consequence operator applications
which guarantee intervalwise subsumptions between Data-
logMTL and Datalog, interpretation. In the bounds below,
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we will use nyy to represent the maximal number of metric
atoms found in the rule bodies of rules in IT.

Theorem 6. For a DatalogMTL dataset D and program 11

7B @I (- T+ (41 D).

Tu(Ip) <int Typ(m)

Proof sketch. Fix P(c)@p such that T;(Jp) | P(c)@Qp.
We will show that P(c,a,b) € Ty (tr(D)) for some

[a,b] D o, where K = [log(8|D|?(nn || + 1))].

By the definition of 71y, interval o is a union of finitely
many intervals g1, ..., 0, such that each g; occurs explic-
itly in D or is an interval over which P(c) is derived by a
single rule r € IT applied to Jp.

To compute a bound on m we determine how many end-
points can appear in these intervals. There are 2|D| end-
points mentioned in D. In the case of g; derived by 71y, there
are |II| rules, each with at most nr; body atoms which gives
rise to at most 4|D| - nyy|II| endpoints. In total, we obtain
at most 4|D|(np|II| 4+ 1) endpoints, so m < 4|D|(n|I| +
1) —1.

We next show that for each p; there is [a;, b;] 2 ¢; such
that P(c,a;,b;) € Ttif(lg)l (tr(D)), where Ky = [log|D]].
If p; is an interval appearing in D, then the claim holds
directly by Proposition 5, since Ilii,e C tr(II). If o; is
obtained by an application of a rule r» with body M; A
-+ A M, satisfied at some g, under a grounding v, then
Jp E v(M;)Qp; for each j < n. By Proposition 5, af-
ter K(; applications of Ti,(ry to tr(D) each translated body
atom A; from Definition 2 is derived. One further applica-
tion of T, (,) then derives P(c, a;, b;) with g; C [a;, b;], as
required.

Since the atoms P(c,a;,b;) jointly cover g, applying
Rule (4) in a balanced binary fashion [log m] times merges
them into a single P(c, a, b) with ¢ C [a, b]. This is obtained
after at most K7 + 1 + [logm] < K rule applications. [

For the opposite direction it is clear that the following sub-
sumption holds.

Proposition 7. For any DatalogMTL dataset D and any
program 11 it holds that

Ttr(H) (tI‘(D)) <int TH(:]D)

As a consequence of the results established above, and
the fact that the intervalwise subsumption implies pointwise
subsumption, we obtain the following results.

Corollary 8. For every DatalogMTL dataset D and any pro-
gram 11 it holds that

Tz (tr(D)) =p T1i (Ip)-

We can observe that the above holds for pointwise sub-
sumptions, but not for the intervalwise subsumptions. In-
deed, consider a DatalogMTL dataset D with a single fact
P(c)@0 and program II with a single rule &g 11 P(x) <
P(x). We obtain that ¥ (Jp) = P(c)@[0, +oc]. How-
ever, Tiy ) (tr(D)) cannot contain an atom P(c, 0, +00),
since +oo cannot occur in any atom of T, ) (tr(D)). As a

result, T (Jp) Lint Tﬁ(n) (tr(D)).
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The next example shows that for more than w materi-
alisation steps in DatalogMTL, bounding the correspond-
ing amount of applications in Datalog, becomes infeasi-
ble. Consider a DatalogMTL dataset with a single fact
P(c)@[0, 1], and a program IT with two rules: &g 1 P(x) <
P(x) and Q(x) < @[ 4o0)P(x). We obtain that
T%(Ip) | P(c)@Q0,+oc], and T (Ip) = Q(c)@0.
As we have already argued, P(c,0,00) ¢ T¢, , (tr(D)).

Therefore, Q(c,0,0) ¢ Tt“;(ﬁ%) (tr(D)).

Now we consider the notion of finite materialisability, that
is, the possibility to materialise in a finite number of steps
(within a finite number of immediate consequence operator
applications). Our results on the bounds on the finite number
of materialisation steps imply that the translation preserves
finite materialisability: if (IT, D) is finitely materialisable in
DatalogMTL, then so is (tr(II), tr(D)) in Datalogg, and
vice versa.

Proposition 9. For every DatalogMTL program 11 and
dataset D, it holds that (11, D) is finitely materialisable in
DatalogMTL if and only if (tr(I1), tr(D)) is finitely materi-
alisable in Datalog,.

We now consider the notion of consistency, for which we
need to consider programs with L in rule heads (programs
without L are trivially consistent). Our results on entailment
allow us to obtain the following result regarding consistency.

Proposition 10. For every DatalogMTL program 11 and

dataset D the following hold:

o if (II,D) is consistent in DatalogMTL,
(tr(II), tr(D)) is consistent in Datalog,

* if (tr(Il), tr(D)) is consistent and tr(I1) is finitely mate-
rialisable in Datalogg, then (I, D) is consistent in Data-
logMTL.

then

Proof sketch. We focus on the second item (the first one has
a similar proof). Assume that (tr(IT), tr(D)) is consistent
and finitely materialisable. Hence, there exists £ € N such
that 77, (m (tr(D)) is the canonical interpretation. We de-
fine a DatalogMTL interpretation J by setting, for each time
point ¢ and ground atom P(¢), J,t = P(c) if and only
if there exists an interval [a,b] with a < ¢ < b such that
P(¢,a,b) € Tt";(n)(tr(D)). We can show that J is a model
of IT and D, so (II, D) is consistent as required. O

Notice that the second item of Proposition 10 requires
the assumption of finite materialisability. Without this as-
sumption, it may be the case that (tr(II), tr(D)) is con-
sistent, but (IT, D) is not. This happens, for example, if
D has a single fact P(c)@[0, 1], whereas II has two rules:
[0’1]P(X) — P(X) and | « [O,J’,OO]P(X).

5 Implementation and Experiments

The aim of this section is to test practical viability of the
translation-based approach, by comparing translated Dat-
alogMTL programs executed with existing non-temporal
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engines with a state-of-the-art dedicated DatalogMTL rea-
soner. Our experiments focus on acyclic and finitely materi-
alisable programs, which are commonly considered in cur-
rent DatalogMTL implementations and applications.

We observe that our translation introduces predicates with
arities increased by two, to represent interval endpoints.
Such a translation can be run directly with solvers such as
Nemo (Ivliev et al. 2024), which allow for predicates with
arbitrary arities. However, some high-quality Datalog rea-
soners are based on the triple-based data format, which re-
stricts the arity of allowed predicates to two. In order to be
able to perform DatalogMTL reasoning in such reasoners,
we will first adapt our translation to this setting.

Translation to N3 The N3 format builds upon the RDF
triple patterns, of the form :s :p :o, where s and o are
the subject and object of predicate P. Atoms P(s,0) thus
have predicates P restricted to arity two. N3 introduces
graph terms as a means to add metadata to a group of triples.
We employ this structure to encode when an atom P(s, 0)
holds. In order to adapt the DatalogMTL translation to this
setting, we encode a temporal fact of the form P(s, 0)@]a, b]
into N3 as

:interval :includes { :s :p :0 }.
:interval :from :a.
:interval :to :b

which is depicted in Figure 2b. Translation of DatalogMTL
rules is likewise adapted to the new temporalized triple
structure. Each rule body atom P(s,o,t; ,t]) is repre-
sented by three N3 triples, as described above. Both sub-
ject and object s,0 and the temporal bounds p; , g:r are
thereby encoded as variables, i.e. ?s, 2?0, ?start_i
and ?end_1i. Numerical constraints from operators like
®, 8, S, and U are expressed using math:difference
and math:sum clauses. To construct the head interval,
we use math:min and math:max to compute the max-
imum lower bound and minimum upper bound across all
body atoms, adjusted by the temporal operator. A fresh
interval node ?newInterval is introduced, along with
edges : from ?start, :to ?endand :includes {
:s :q :0 } forahead atom with predicate (s, 0).

Systems We test the translation-based approach for rea-
soning in DatalogMTL using three non-temporal reasoning
engines, namely Datalog engines Nemo and Eyelet, and an
N3 reasoner EYE. To evaluate practical applicability of this
approach for reasoning in DatalogMTL, we ran translated
Datalogg, programs on Nemo and Eyelet, and translated N3
programs on EYE. As the baseline, we use the dedicated
DatalogMTL reasoner MeTeoR.

Experiments In the experiments we have computed all
facts entailed by a given pair of a DatalogMTL program
and dataset (i.e. we compute the canonical interpretations).
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:interval

(a) Standard RDF triple

rincludes [ :p Q

(b) Temporal N3 term

Figure 2: Graphic representation of temporalization of RDF triples
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Figure 3: Average execution time on iTemporal benchmark

We ran experiments on synthetic benchmarks generated us-
ing iTemporal (Bellomarini et al. 2025), the only avail-
able generator producing both DatalogMTL programs and
datasets. We generate datasets with varying number of re-
lational atoms, (10, 50, 102, 500, 103, 104, 10°) as proxy
for dataset size used by iTemporal. Each dataset uses 10
predicate symbols. All datasets are acyclic and finitely ma-
terialisable.

Experiments were run on a Dell Latitude 5530 (Intel
i7-1265U, 16GB RAM). Each configuration is repeated 5
times, preceded by a warm-up run to avoid initialization
bias. Since applying our translations takes under 800ms
even for the largest dataset, we excluded them from runtime
comparisons. Runtimes depicted in Figure 3 include time
for data import and materialisation, as this provides the most
consistent basis for comparison across engines with differ-
ing execution models. All engines were verified to produce
the same outputs, ensuring the correctness of the results. The
full set of programs, datasets, and auxiliary files of our ex-
periments are provided via a Github repository'.

"https://github.com/MathijsvN/DatalogMTL_Embedding_
Experiments
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Results Our results, presented in Figure 3, show that
Nemo outperforms MeTeoR, Eyelet, and EYE on small
datasets. The performance gap between Nemo and MeTeoR
narrows as dataset size increases, with Nemo surpassing Me-
TeoR for sizes above 10%; at size 105, MeTeoR is on average
5.994 seconds faster (73.9% of Nemo’s runtime), but this
difference is smaller than Nemo’s runtime variability (SD =
0.93). Overall, runtime variability is low for smaller datasets
(SD < 0.04 s for all engines). For larger datasets, MeTeoR’s
variance remains stable (SD < 0.13 s), while Nemo (SD up
to 0.93 s), Eyelet (SD up to 18.93 s), and EYE (SD up to
2.57 s) show increasing variability with dataset size.

These results demonstrate that, under the considered as-
sumptions, translation to standard Datalog provides a viable
alternative to dedicated DatalogMTL reasoners, particularly
for moderately sized datasets. Notably, the best performance
is observed when using Datalog reasoners. Performance of
reasoning on the N3 syntax increases rapidly with dataset
size, as experiments only up to dataset size 500 could be
obtained. The N3 format thus appears to introduce a sub-
stantial performance overhead.

6 Conclusion and Future Work

‘We have presented a translation from DatalogMTL into stan-
dard Datalog with arithmetic, which allows us to execute
temporal reasoning tasks using mature, non-temporal rea-
soning engines. The results show that temporal reasoning
in DatalogMTL can be effectively performed by translating
programs into Datalog, and running standard Datalog rea-
soning. The theoretical analysis ensures that the translation
preserves central semantic properties, including entailment,
consistency, and finite materialisability.

Beyond the theoretical correspondence, our empiri-
cal evaluation highlights the practical viability of this
translation-based method. For small datasets, translated
DatalogMTL programs executed on Nemo outperform Me-
TeoR, a state-of-the-art specialised temporal reasoner. Even
when performance is comparable rather than superior, the
ability to rely on existing, professionally engineered Datalog
platforms represents a major advantage in terms of maintain-
ability, deployment readiness, and ecosystem integration.

As the next step we plan to scale up the empirical eval-
uation and to determine realistic use-cases where this ap-
proach can be applied. Additionally, further steps can be
taken with regards to the theoretical aspect of the work. In
particular it is interesting to explore the interaction of our
translation with stratified negation (Cucala et al. 2021) and
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incremental reasoning techniques (Zhao et al. 2026) in Dat-
alogMTL. Furthermore, other stream reasoning languages
such as LARS and RTEC can be considered for a similar
mapping to non-temporal engines.
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