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Abstract

When using datalogMTL over a dense timeline and inconsistent data, there can be several kinds of repairs as
recently defined in [1]. One of such kinds is pointwise repairs for which no method for deciding the existence is
known. In this paper, we consider datalogMTL®, a fragment of datalogMTL, which has & as the only temporal
operator and a bounded dataset. We develop a computation algorithm that returns pointwise repairs for this
setting.

1. Introduction

Metric temporal logic (MTL) was initially developed for modeling and reasoning about real-time systems
[2]. MTL features two alternative semantics: pointwise and continuous. Typically, timestamps in both
semantics come from a dense timeline (T, <), such as the Rationals. Using the continuous semantics,
an interpretation assigns a set of propositional variables to each time point ¢ € T. Significant research
has been conducted in this area, leading to various approaches for handling temporal data [3]. A
notable approach is datalogMTL, which combines metric temporal logic with Datalog [2]. A datalogMTL
ontology consists of a set of rules (called a program) and data (called a dataset).

A significant practical challenge here is managing situations where the dataset is inconsistent with
the ontology. While it is generally assumed that the program has been thoroughly debugged, the
dataset often is large and subject to frequent changes, increasing the likelihood of errors. This challenge
highlights the need for inconsistency-tolerant semantics [4], which allow for meaningful query answers
despite inconsistencies in the ontology. A prominent form of inconsistency-tolerant semantics in the
atemporal setting is repair-based semantics, which considers subset repairs of the ontology. Subset
repairs are maximal subsets of the dataset consistent with the program. In our case, they restore
consistent versions of the ontology.

Although there has been extensive research on handling inconsistencies and temporal data separately,

addressing inconsistencies within a temporal knowledge bases has only been little explored so far, e.g.
n [5, 1]. For datalogMTL over a dense timeline, there are several kinds of repairs defined in [1]. One of
them are pointwise repairs. In general, a datalogMTL dataset consists of facts of the form P(¢)@Q¢, which
expresses that the predicate P holds for the tuple of constants ¢ at the interval + € T. To introduce
a pointwise repair of a dataset D, we consider every fact P(¢)Q. € D as P(¢)@Q{t} for all t € ¢ to
obtain another set of facts D’. Then a pointwise repair of D is a subset repair of D’. A crucial and basic
question in this case is the existence of pointwise repairs. There are cases of datalogMTL ontologies that
do not have any pointwise repair. Also, no techniques have been developed for computing a pointwise
repair, if it exists. As a starting point to address this problem, we study datalogMTL®, a fragment of
datalogMTL and bounded datasets. A datalogMTL® program only contains < as a temporal operator,
whereas all the intervals are bounded in a bounded dataset. Our approach is to devise an algorithm
that finds at least one pointwise repair in this setting. In [6], they introduced the ruler construction
to essentially transform a continuous timeline to a discrete one, and it is easier to work in a discrete
setting. We adapt this idea to achieve intervals of uniform length.
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2. Preliminaries

Due to space limitations, we need to point the reader to an introduction to the technical notions given
in [1]. We merely define the most relevant notions here:

Definition 2.1. A (possibly infinite) set of facts D is pointwise included (denoted D = D’) in a set D',
if for all P(¢)@Q. € D and all ¢ € ¢, there exists P(¢)Q." € D', s.t. t € /. Similarly, a fact P(¢)@Q. is a
pointwise member of a set of facts D (denoted P(¢)@Q. = D), if for all ¢ € ¢, there exists P(¢)@Q." € D, s.t.
t €. A pointwise repair R of a dataset D w.r.t. a program II is a II-consistent set of facts (i.e. R and
IT are consistent) that is maximally pointwise included in D. We use pRep(D, II) to denote the set of
pointwise repairs of D w.r.t. IL.

Definition 2.2. A dataset is bounded if all its intervals are bounded. The set difference between D and
D' (denoted D =~ D')isaset £' €D, s.t. D' N &’ = @ and £ is maximally pointwise included in D.

A key technique for working with MTL over a dense timeline is to discretise the data, i.e. to identify
intervals in which no changes occur and then use Z as a timeline. This is achieved by a ruler that is, in
our case, determined by the data and the program.

Definition 2.3. Let I be a program, D a dataset and ged(I1, D) the greatest common divisor of all
teT,s.t. (t,t"), (t',t) or {t} occurs in IT or D for some ¢’ € T. A (II, D)-ruler is the set of time points
of the form n-gcd(I1, D) for n € Z. A (II, D)-interval is either a punctual interval {t} = [t,t], where ¢
is a time point in the ruler, or an interval (¢1,¢2) with ¢; and ¢5 consecutive time points in the ruler.
A (I1, D)-dataset D' is a dataset in which every interval is a (II, D)-interval. For every datalogMTL
program IT and bounded dataset D, there is a unique (II, D)-dataset D’ s.t. D € D’ and D’ & D. We call
such a D’ the (I1, D)-dataset equivalent to D.

Observe that the construction of a (IT, D)-ruler guarantees that (i) the (I, D)-intervals have uniform
length and that (ii) within a (II, D)-interval, no changes in the extensions of predicates occur.

3. Towards pointwise repairs for DatalogMTL®

We start by considering full datalogMTL and illustrate that there are some datalogMTL ontologies that
do not have any pointwise repairs.

Example 3.1. LetI1; = {1 < B(g )P} and D1 = {PQ(0, 00)}. TI; expresses that if P holds at some
time point until infinity, then there is an inconsistency. Dy states that P holds at O until infinity. So, 11;
and Dy are inconsistent. If R is a pointwise repair of D1 w.r.t. I11, then there are two cases:
1. There are two time points t1 < to s.t. PQ{t1}, PQ{ty} & Dy = R. Then, R' = Ru {PQ{t1}} is
also I1; -consistent. This is a contradiction with R being pointwise inclusion-maximal.
2. There is only one time pointt s.t. PQ{t} = Dy ~R. Then, PQ(t, 00) & R, thus 8¢ ) P holds att,
but so does 1, which is a contradiction with I1;-consistency of R.

So, there is no pointwise repair of D1 w.r.t. I1;.

Now, if we consider datalogMTL® and use a bounded dataset, then a pointwise repair always exists
(as we will show). The next examples and their pointwise repairs illustrate already ideas underlying our
algorithm for computing pointwise repairs.

Example 3.2. Letlly = {1 < P A & (5P} and Dy = { PQ[0,10]}. Iz espresses that P cannot hold
the two timepoints t1 < to at the same time, where ty —t1 < 0.5. Please observe that we are using different
kinds of intervals (open and closed). The (Ilg, Do)-ruler is:
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So, the (112, D2)-dataset equivalent to Dy is D) = { PQ{0}, PQ(0,5), PQ{5}, PQ(5,10), PQ{10}}.
If we add the elements of DY, one by one in the order listed to an initially empty set R so that it remains I15-
consistent, we obtain R = { PQ{0}, PQ{5}, PQ{10}}. Since PQ{0} and PQ(0,5) cause inconsistency,
we cannot add PQ(0,5) to R. The same thing holds for PQ{5} and PQ(5,10). To make R pointwise
inclusion maximal, we need to check whether we can add more facts to it. Suppose that we add PQ{t} to
R, where w.lo.g.0 <t <5, then P A 6(075)P would hold at 0. The same holds for 5 < t < 10, which makes
P A& (5P hold at time point 5. So, there is no other fact in Dy that can be added to 'R so that it remains
II5-consistent. Therefore, R is a pointwise repair of Dy w.r.t. Il5.

This is an easy case, where a pointwise repair exists already w.r.t. the initial ruler. We now turn to
a more intricate case, where, depending on the partial repair, the ruler needs to be recalibrated, i.e.,
adapted to a new base unit.

Example 3.3. Let the program 113 and dataset D3 be of the following form:

3 ={Q « ©6,0)P, U+ ©uaP, T« ©36P, L+ QAU L« QnT,
L<Pn 6{4}]3, L< Pn 6(173)P},
Dy = {PG(0,1), PG(2,3), PA(4,5)}.

Then the (113, D3)- ruler is:

Here, the (113, D3)-dataset equivalent to D3 is Dy itself. If we try to add all the elements of D3 one by
one in the given order to an empty set R, we see that nothing can be added and preserve 113-consistency.
Because adding PQ(0, 1) makes Q hold at (6,10), U at (4,7), and T at (5,7) which makes R and 13
inconsistent. The same argument holds for PQ(2,3) and PQ(4,5). Now, we need to see if we can add at
least a part of these facts to R to make R pointwise inclusion maximal. By adding PQ{0.5} (a part of
P@(0,1)), we make Q hold at (6.5,9.5), U at (4.5,6.5), and T at (5.5,6.5), which does not cause any
inconsistencies (we could add any PQ{t} for0 < t < 1 instead of P@Q{0.5}). But once R = { PQ{0.5}},
then adding any other fact of the form PQ{t} forO0 <t <1 andt # 0.5 to R makes I13 and R inconsistent,
and the reason is similar to what we had above. Now, for I13 with R we obtain the new (113, R)-ruler :
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To extend R s.t. it is pointwise maximal included in D, still, temporal subparts of facts contained in D3 can
be added to R. To this end, we need to consider the new ruler and the (Il3, R )-dataset equivalent to Ds is

D' = {PQ(2,2.5), PQ{2.5}, PQ(2.5,3), PQ(4,4.5), PQ{4.5}, PQ(4.5,5)}.

In order to be able to “trace” that the first three facts in D' originate from the original fact PQ(2,3) € D
and the last three from the original fact PQ(4,5) € D, we use the set of sets

S ={{PQ(2,2.5), Pa{2.5}, PQ(2.5,3)}, {PQ(4,4.5), P@{4.5}, PQ(4.5,5)}}

instead of D'. None of the facts in D’ (or U S respectively) can be added to R as a whole, and the reason
for the non-punctual ones is the same reason we gave for PQ(0,1). Adding PQ{2.5} to R results in an
inconsistency due to the rule L < P A &y 3) P € 113 and the fact PQ(0.5) € R. Also, adding PQ{4.5} to
R results in an inconsistency due to the rule 1 < P A &4y P € 1l and the fact PQ(0.5) € R. We also
cannot add any fact of the form PQ{t}, where2 <t < 3, because of the rule 1 < P A& (1 3) P € 113. So, we



define Algorithm PointwiseRepair® (I, D)

Input: DatalogMTL® program II and bounded dataset D
Output: pointwise repair R of D w.r.t. I

01 D' := DatasetEquivalent(II, D, D)

02 R:=gand S:=0

03 for all P(¢)Q.e D’

04 if Ru{P(¢)Q.} is I-consistent, then R := R u {P(¢)Q.}
05 else if ¢ is not punctual, then S := Su {{P(E)@L}}

06 repeat

07 pick T e S,P(¢)QueT,andt e

08 T:=T ={P(¢)Q}

09 if T=0,then S:=5~{T}

10 if Ru{P(¢)@{t}} is II-consistent

11 R:=Ru{P(c)Q{t}}

12 S:=8={T}

13 if US is not a (II, R)-dataset

14 for all 7' € S let T' = DatasetEquivalent(II, R, 7")

15 until S is empty
16 return R

Figure 1: The Computation Algorithm.

cannot add any part of facts PQ(2,2.5) and PQ(2.5,3) to R. Moreover, we cannot add any fact of the
form PQ{t}, where4 <t < 4.5, because it makes U hold at (t+4,t+6) and 8 < t+4 < 8.5. So, the interval
intersects with (6.5,9.5), where QQ holds, which raises an inconsistency due to the rule 1 < Q AU € Il3.
Thus, we cannot add any part of fact PQ(4,4.5) to R. But, by the same reasoning we had for PQ(0.5),
we can add any fact of the form PQ{t} to R, where 4.5 < t < 5, but only one. So finally, one of the
pointwise repairs for the datalogMTL® ontology consisting of Il3 and D3 is R = { PQ{0.5}, PQ{4.75}}.

4. Computation algorithm for a single pointwise repair in
DatalogMTL®

We present an algorithm for computing a pointwise repair for any inconsistent datalogMTL® program
II and bounded dataset D. The main idea is as shown in Example 3.3. First, the facts in D are split (in
terms of their “duration”) and make a new dataset D', which is the (II, D)-dataset equivalent to D.
Then, the algorithm first tries to add facts from D’ as a whole one by one to an initially empty set R,
as long as the set stays II-consistent. For those facts P(¢)@. that cannot be added as a whole, a time
point ¢ € ¢ is chosen. If P(¢)@{t} is consistent with IT and the current R, it is added to R. If P(¢)Q{¢}
causes an inconsistency, it is skipped and P(¢)@. gets deleted from D’. After each addition of such a
temporal sub-fact as P(¢)@{t}, the ruler needs to be recalibrated each time, and also the facts in D’
get split accordingly, to make it a (IT, R )-dataset. The algorithm proceeds in this way for every fact in
D' until D’ is empty. It returns R, which can either be a pointwise repair or the empty set.

The formal version of this idea is the algorithm PointwiseRepair® (II, D) shown in Figure 1. It uses
the procedure DatasetEquivalent(II, D,D") which computes the (II, D)-dataset equivalent to D', i.e.
recalibrates the ruler.

Theorem 4.1. The algorithm PointwiseRepair® (I1, D)

1. returns only Il-consistent data sets,
2. returns only data sets that are maximally pointwise included in D, and
3. terminates in finite time.

Proof. (sketch) The first claim is easy, because the algorithm never adds a fact to R which makes it
II-inconsistent due to the checks in lines 4 and 10. To show the other two statements, we need the
following claim.



Claim 1: For every program II, II-consistent dataset D and non-punctual (II, D)-interval ¢ it

holds that, if Du{P(¢)@.} is [I-inconsistent, and ¢’ ¢ ¢ is non-punctual, then Du{P(¢)Q."}

is also Il-inconsistent.
The intuition for Claim 1 to hold is that the cause in P(¢)@. that makes D, II-inconsistent, is also
present in P(¢)@.". Claim 1 can be proved by induction on the rule applications which are used to
make the II-inconsistency with D U { P(¢)@.} and show that the same results would be obtained for
Du{P(¢)Q.}. Also, for two time points t1 # to € . we have: D U {P(¢)Q.} is [I-inconsistent iff
Du{P(é)@{t1}, P(¢)@Q{ta}} is II-inconsistent. We already saw in Example 3.3 that if ¢’ is punctual,
then Claim 1 need not hold. That is the reason for the loop in line 6. Note that if we can add any fact of
the form P(¢)@{t¢} to R where t € ¢ s.t. R and II remain consistent, then R u { P(¢)@{¢}} and II are
also consistent for any other ¢’ € . Together with Claim 1, we have the pointwise inclusion maximality
of PointwiseRepair® (II, D), because if no fact P(&)@: can be added to R, then at most one part of it
of the form P(¢)@{t} can be added to R, where ¢ € ¢. This step is done in the main loop that starts in
Line 6.

To prove that PointwiseRepair® (I, D) terminates, we need to prove that the main loop terminates.
This would happen if S becomes empty. To show this, it is sufficient to prove that the execution of the
algorithm reaches Line 14 only finitely many times, since only in this line S gets increased. First, we
need to see why the algorithm reaches Line 14. Intuitively, this line does what was done in Example 3.3
after adding P@{0.5} to R. There was a fact P(¢)@Q¢ € D’ that we could not add to R, but we could
add a temporal sub-part of it to R. As already mentioned, we cannot add two facts P(¢)@{¢; } and
P(é)@{t2} to R, where t1 # to € ¢. Since D is bounded, D’ is finite, and for every fact in D’, we reach
line 14 at most once. This proves that S increases only finitely many times. It is also easy to check that
in every iteration of the main loop, the cardinality of [JS' (w.r.t. the last ruler) decreases. Since S is
finite, it empties after finitely many steps, and the algorithm terminates. d

Corollary 4.2. PointwiseRepair® (II, D) is

« sound, i.e. if it returns R, then R is a pointwise repair of D w.r.t. IL.
« complete, i.e. it always returns a pointwise repair of D w.r.t. I1.

Although the non-deterministic choice in Line 7 can, in principle, be used to get different pointwise
repairs for the same ontology, it is not clear whether (and if so, how) the algorithm can be used to
return all the pointwise repairs. Although PointwiseRepair® (II, D) solves the open problem from [1],
it cannot be employed to address query answering under pointwise repair semantics.

5. Conclusion and future work

In this paper, we addressed the problem of the existence of pointwise repairs for a fragment of data-
logMTL and developed an algorithm to compute some of the pointwise repairs for datalogMTL®. Due
to space limitations, we only reported on some results regarding the temporal operator &. We also
studied other fragments of datalogMTL over bounded datasets, such as datalogMTL® (which only has 8
as a temporal operator), datalogMTL®® (where the only temporal operators absent are I and S), and
bounded datalogMTL programs. In fact, in all three of these fragments, we have obtained algorithms to
compute pointwise repairs. It is not clear yet how these methods can be combined into an algorithm for
computing pointwise repairs for bigger fragments of datalogMTL.

As future work, we would like to see if the results for datalogMTL® can be transferred to the case of
unbounded datasets. Moreover, it would be interesting to find a characterisation for the (non-)existence
of pointwise repairs for datalogMTL ontologies with an unbounded dataset, as these are often used in
practice. Such a characterisation would facilitate the use of repair semantics based on pointwise repairs
for inconsistent datalogMTL ontologies. Also, computing the complexity of our algorithms is part of
our future work.
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