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Abstract

CRCT inherits

We present RTECR®T, an interval-based stream reasoning system. RTE
from its predecessor RTEC, a compositional and associative sequencing operator. RTECRCT
extends RTEC, with ‘Reasoning Cut-off Tuples’ (RCTs), a mechanism allowing for mono-
tonic output given a monotonic input. RTECRT is also equipped with a bookkeeping policy,
guided by RCTs, that identifies the minimal information for correct reasoning. Our em-
pirical, reproducible evaluation on real and synthetic data from three application domains

demonstrates the efficacy of RTECRCT.

1 Introduction

Stream reasoning systems continuously apply temporal patterns/queries on incoming data and
report instances of pattern satisfaction [11]. ‘Complex Event Recognition’ (CER) systems, for
example, reason over high-velocity streams in order to detect instances of (spatio-)temporal
pattern satisfaction with minimal latency [20]. In the maritime domain, CER systems consume
streams of vessel position signals, in order to detect instances of dangerous, suspicious and illegal
vessel activities at run-time, thus supporting safe shipping. The most common operator in CER
is ‘sequencing’, expressing phenomena where activities take place one after the other [14]. In
the maritime domain, a potentially illegal transhipment may be identified through the sequence
of the following activities: first, a vessel is engaged in fishing, such as trawling; then, a ‘rendez-
vous’ takes place, i.e. the vessel is in proximity with another vessel in the open sea for a relatively
long period of time, which may indicate a transfer of the catch. Several frameworks express
sequencing only over instantaneous activities, and fail to support durative phenomena, which
are common in CER [6, 23]. On the other hand, frameworks that do support interval-based
sequencing often do so using an operator that is not associative, leading to semantic ambiguities
when used in hierarchical patterns, i.e. when the pattern expressing a complex event depends
on other complex event patterns [19, 32, 48].

Most CER systems operate on ‘monotonic input’ — they assume that incoming events are
temporally ordered. Unfortunately, CER systems provide no formal guarantee on the stability
of their output; they do not identify the largest prefix of the output that will remain invariant
under any possible evolution of the input stream. In the presence of sequencing, this omission
is critical as pattern satisfaction may depend on events that have not yet arrived. As a result,
previously reported derivations may require retrospective revision, undermining the reliability of
the reasoning process. This issue becomes more pronounced in the common case of hierarchical
patterns because errors in earlier derivations, due to information that was not available, and
retrospective revisions, may propagate through the hierarchy, increasing reasoning cost and
compromising decision-making.

We present a stream reasoning system that addresses these issues. Our starting point is
RTEC, [28], an extension of the Run-Time Event Calculus (RTEC) [5] with support for com-
positional and associative interval-based sequencing. As an implementation of the Event Cal-
culus [24], the language of RTEC has built-in support for inertial phenomena. A formalisation
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in RTEC; is a (locally) stratified logic program [35], and includes relational rules that may refer
to background knowledge. Moreover, RTEC inherits from RTEC a set of interval manipulation
constructs and reasoning techniques, such as indexing and incremental caching, that allow it to
scale to high-velocity streams.

Given a monotonic input, the output of RTEC is monotonic, i.e. the computed intervals of
the phenomena of interest will never be revised in the future. The introduction of sequencing,
however, does not guarantee monotonic output. To address this issue, we present RTEC?CT,
an extension of RTECs with monotonic output over a monotonic stream. RTECSRCT employs
‘Reasoning Cut-off Tuples’ (RCTs), a construct that may be used to determine the latest time-
point up to which the output of reasoning remains unaffected by the arrival of future data.
RCT computation is not restricted to patterns defined in terms of sequence; RTECSRCT has
mechanisms for RCT computation for all interval manipulation constructs. This way, RTEC?CT
supports monotonic output for arbitrary pattern hierarchies.

Stream reasoning systems typically employ windowing techniques in order to restrict reason-
ing complexity. RCTs allow RTECSRCT to perform stateful windowing with respect to sequencing,
i.e. RCTs allow us to identify the minimal historical information that should be cached for cor-
rect and efficient reasoning in the future.

The contributions of the paper are then the following. First, we extend RTECs with RCTs
— given a monotonic stream, these allow us to identify the largest prefix of the output that
will not change in the future. This way, the resulting system, RTECSRCT, avoids the uncertainty
stemming from non-monotonic output. Second, we propose a bookkeeping policy, guided by
RCTs, for stateful, correct and efficient windowing. Third, we present an empirical evaluation
on maritime situational awareness, commercial fleet management and multi-agent system mon-
itoring, using real and synthetic datasets — the instructions to reproduce the experiments are
available with the code of RTECSRCT: https://github.com/aartikis/RTEC/tree/sRCT. Our
empirical analysis shows that RTECSRCT outperforms significantly RTEC,, and may support run-
time decision-making in large-scale real applications. The proofs of the propositions presented
in the paper may be found in the supplementary material in the repository of RTECECT.

2 Background: RTEC

We present an overview of the language, semantics and reasoning techniques of RTEC [28]. To
aid understanding, we employ a running example from Maritime Situational Awareness (MSA).

2.1 Language

Variables start with an upper-case letter, while predicates and constants start with a lower-case
letter. The time model 7 is linear and includes the natural numbers, i.e. 7 =(N,>). The set
of intervals over T is T ={[ts, t¢)|ts, t. EN A t;<t.}. The specification of a domain in RTEC,
includes domain objects, ‘events’; i.e. phenomena that may change the state of the world, and
‘fluents’, which are domain properties that may have different values at different points in time.

Definition 1 (Domain in RTECs). A domain in RTEC is a tuple D=(0, &, F,V), where O
is a set of constants expressing the objects of the domain, & and F are sets of functor symbols
describing the event and fluent types of the domain, and V is a set containing a set VI for
each F € F, comprising constants that denote the possible values of fluent F. All sets in D are
finite.
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Definition 2 (Event). An event E of domain D=(0,E,F,V) is a term with functor symbol
e € &, and arqguments ay, ag, ..., a,, which may be variables or elements of O, where n is the
arity of e.

Definition 3 (Fluent-Value Pair (FVP)). A fluent F' of domain D =(0,&,F,V) is a term with
functor symbol f € F, and arguments ay, ag, ..., an, which may be variables or elements of
O, where n is the arity of f. A value V for fluent F is an element of set VF. F=V is a
fluent-value pair (FVP) expressing that fluent F has value V.

Example 1 (Events and FVPs in MSA). An RTEC domain for MSA is D =(Ou,, Emy Finy Vin)s
where O,, contains constants denoting e.g. vessel identifiers and area types, &, contains the
types of events, such as ‘entersArea’, F,, contains fluent types expressing vessel activities, such
as ‘stopped’, and V,, contains the set of possible values for each fluent type. For instance,
Vstorred contains ‘nearPorts’ and ‘farFromPorts’. The events and FVPs of MSA are con-
structed by instantiating the event and fluent types in £, and F,, with objects from O,, or
variables. For example, the FVP ‘stopped(viy) = farFromPorts’ expresses that vessel viy has
stopped in the open sea.

RTEC; expresses event occurrences and FVPs over time using a set of domain-independent
predicates.

Definition 4 (RTEC Predicates). RTECs employs the following predicates:

e happensAt(E, T): event E occurs at time-point T.

o initiatedAt(F =V, T): a time period during which fluent F has value V is initiated at
time-point T.

o terminatedAt(F =V, T): a time period during which fluent F has value V is terminated
at time-point T.

e holdsAt(F =V, T): fluent F has value V at time-point T.

e holdsFor(F =V, I): fluent F has value V continuously during the maximal intervals in
list I.

e iConstruct(L;, I) i.e. interval manipulation construct union_all(L;, I), intersect all(L;, I),
or relative_complement_all(L;[0], L;[1 :],I). L; is the list of input lists of maximal inter-
vals, and I is the output list of maximal intervals. See Figure 1-left for an illustration.

o seq(ly, Iy, I): I is the list of mazimal intervals expressing the sequence between the inter-
vals of lists I, and I.

To present the semantics of the sequence operator seq, we first need to define the conditions
in which two intervals are adjacent. In what follows, s(i) and e(i) denote the starting point
and the ending point of interval 4, and i; < i iff e(i;) < s(ig).

Definition 5 (Adjacent intervals). The adjacent interval of interval i; € I; from interval list
Iy is given by
{ig}, if Jig € Ip. iy < iz

A (=3 € Ip. iy < if < ig)

A (3 €.y < d) < i)

0, otherwise.

A(ilaIZaIQ) =

Definition 6 (Sequence). Given two disjoint maximal interval lists I; and I, I inseq(I;, Iz, 1)
is defined as
I:{ZJ ® 12‘21 el Nig €Iz A A(ZI,II,IQ):{ZQ}}

where iy @ ig =1 s.t. s(i)=s(i;) and e(i) = e(iz).
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Figure 1: Left: Interval manipulation constructs; I;, I, and I3 are in-
put lists of maximal intervals while I., I, and I, are the output lists of in-
tervals  for  relative _complement all(I;,[Io, I5], I.), intersect_all([I;, I, I3],I;) and

union_all([I;, Iz, I5], I,). Middle and right: illustration of transhipment; the gray line
denotes a ‘forgotten’ interval.

The seq operator is both associative and compositional [28].
A formalisation in RTEC, contains a set of domain-specific rules, called an event description.

Definition 7 (Event description). An event description ED is a tuple (S, H) where S is a set
of rules with head initiatedAt(F =V, T) or terminatedAt(F =V, T), expressing the effects of
events on FVPs; and H is a set of rules with head holdsFor(F =V I) defining F=V in terms
of other FVPs.

Given a stream N, i.e. a set of ground facts of the form happensAt(E, T'), RTEC; computes
the maximal intervals during which FVPs hold. FVPs may be ‘simple’ or ‘statically determined’.
Simple FVPs are defined in terms of initiatedAt and terminatedAt rules, and are subject to the
law of inertia, while statically determined FVPs are defined in terms of holdsFor rules. We
restrict our attention to statically determined FVPs because the seq operator may only appear
in theRégles of such FVPs. The syntax of simple FVPs may be found in the repository of
RTEC.-".

Definition 8 (Statically determined FVP). A statically determined FVP F=V is defined using
a holdsFor rule with the following syntax:

holdsFor(F =V, I, +m)

holdsFor(F; = V;, I;)][, holdsFor(Fg = Vy, I), ..., holdsFor(F, =V, I,), (1)
seq(l;, Ij, Iny1) | iConstruct(Ly, Iy 1), ..., seq(Ii’,Ij’,In+m) | iConstruct( Ly, Inym)]]-

We use the standard notation for logic programming [27], where e.g. *,” denotes conjunction and
“—’ denotes implication. The first body literal of a holdsFor rule defining F' =V is a holdsFor
predicate expressing the mazximal intervals of an FVP other than F=V. This is followed by a
possibly empty list, denoted by ‘[ ]]’, of holdsFor predicates for other FVPs, interval manipula-
tion constructs, expressed by iConstruct in formulation (1), or a sequence operator seq.

Example 2 (Transhipment). Transhipment refers to the transfer of cargo between two vessels,
often to extend operations without returning to the port. In the fishing industry, vessels may
transfer their catch to refrigerated transport ships, allowing them to remain in fishing areas for
longer periods. Although common, this practice complicates the tracking of fish origins and is
sometimes associated with illegal activities. Consider the example definition below:

holdsFor (transhipment(Vl,, Viy) =true, Iipsp)
holdsFor(trawling( Vi,) =true, I,;), holdsFor(rendezVous(Vi,, VIy) =true, I.), (2)
Seq(Itrla Ira Ithp)-
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‘“transhipment( Vi, VI)’ is a Boolean statically determined fluent defined in terms of the
‘trawling(Vl,)’ and ‘rendezVous(Vi,, V)’ fluents. ‘trawling(Vl,) =true’ holds in the intervals
during which vessel V1, is fishing with the use of a fishing net, while ‘rendezVous(Vl,, V1) =true
holds in the intervals during which vessels Vi, and Vi, are in proximity in the open sea for a
long period of time. Thresholds such as those used to to determine whether two vessels remain in
proximity for a sufficiently long period, are application-specific and are tuned by domain experts.
Figure 1-right illustrates the computation of the ‘transhipment’ intervals. Sequencing requires
the intervals of trawling and rendezVous to be adjacent. Thus only the intervals [6,7) € Iy
and 9, 10) € I, participate in a sequence.

7

Example 3 (Suspicious, anchored vessels). The rule below expresses a suspicious activity type.

holdsFor(suspiciousAnchored( V1) =true, I')
holdsFor(transhipment(_, V1) =true, I;), holdsFor(stopped( V1) = farFromPorts, Isf),
holdsFor(withinArea( VI, anchorage) = true, I,,),
seq(Is, Ia, Isqa), intersect_all([1,, Isq, Isf], I).

3)

‘suspiciousAnchored( V1)’ is a Boolean fluent, ‘stopped( V1)’ is a multi-valued fluent expressing
the intervals during which vessel VI is idle and takes the value ‘nearPorts’ or ‘farFromPorts’,
depending on the vessel’s distance from ports, ‘withinArea( V1, AreaType)’ is a fluent expressing
the intervals during which VI is within an area of ‘AreaType’, and ¢’ denotes an unnamed
variable. Rule (3) derives the intervals during which a vessel VI is stopped within an anchorage
area after being involved in transhipment, by applying first seq on the lists of maximal intervals
I and 1, to produce Iy,, and then, by applying the intersect _all operation on the lists of mazimal
intervals I,, Isq and Iy .

2.2 Semantics and Run-Time Reasoning

An event description £D defines a dependency graph expressing the hierarchical relationships
between the FVPs of ED.

Definition 9 (Dependency graph). The dependency graph of an event description in RTEC is
a directed graph G =(V, &), where:
e V contains one vertex vgp — v for each FVP F=V .
o & contains an edge (vp = v, vp = v+) iff:
— there is a rule with initiatedAt(F' = V', T) or terminatedAt(F’' = V', T) as its head
having holdsAt(F =V, T) as one of its conditions, or
— there is a holdsFor rule for F' =V’ having holdsFor(F =V, T) as a condition.

We may define a function level that maps all FVPs F'=V to the positive integers, as follows.

Definition 10 (Vertex Level). Given a directed acyclic graph, the level of vertex v is equal to:
1. 1, if v has no incoming edges.
2. n, where n > 1, if v has at least one incoming edge from a vertex of level n—1, while all
its other incoming edges, if any, start from vertices with level n—1 or lower.

In the absence of cycles in the dependency graph, the level of an FVP is equal to the level
of its vertex. If a dependency graph contains cycles, the level of each FVP is first derived by
contracting the vertices of the FVPs participating in each cycle into a single vertex, and then
applying Definition 10 on the resulting contracted dependency graph. See [29] for the details.

The definition of FVP level allows us to arrange the ground atoms of an RTECg event
description into strata in ascending FVP level order. For FVPs with the same level, we introduce
an additional stratum for each time-point, in ascending temporal order.
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Proposition 1 (Semantics of RTEC;). An event description in RTEC is a locally stratified
logic program.

A proof may be constructed using the cycle-sum test [31], which establishes local stratifi-
cation for logic programs with time arguments based on the temporal offsets between the head
and the body conditions of each rule. Proposition 1 essentially indicates that RTECs inherits
the semantics of locally stratified logic programs [35].

The key reasoning task of RTEC is the computation of holdsFor(F =V, I), i.e. the list of
maximal intervals I during which an FVP F=V of an event description holds continuously.
Then, we may evaluate holdsAt as follows: for any fluent F, holdsAt(F =V, T) iff T belongs
to one of the maximal intervals of I for which holdsFor(F =V, I). RTEC processes FVPs in a
bottom-up manner, computing and caching their intervals level-by-level (Definition 10). This
way, the intervals of the FVPs required for the processing of an FVP of level m are fetched from
the cache without the need for re-computation. Furthermore, RTEC; performs continuous query
processing to compute the maximal intervals of FVPs. Given an event description £D and a
stream N, RTEC, computes, at query-times ¢; distanced by step € N, the maximal intervals
during which FVPs hold, taking into account the subset of the stream that overlaps a sliding
temporal window of size w € N5 . Windows in RTEC; are global, i.e. all FVPs share the same
window of the stream. At query-time ¢;, RTECg will consider only events and FVP intervals in
(¢i—w, ¢;], and ‘forget’ all earlier events and intervals (see Figure 1-middle and right). RTEC,
inherits from RTEC stateful windowing for simple fluents and statically determined fluents
defined by means of interval manipulation constructs [4]. On the other hand, windowing for
sequential phenomena is stateless, i.e. derivations from previous query-times are not reused [28].

Systems with a sequence operator in their language typically reason over monotonic streams,
i.e. when the subset of the stream in (¢;—w, ¢;] is not revised after g;. When necessary such
systems sort the items of a subset of the input stream before processing them [20]. Given such
a monotonic input, the output of RTEC is monotonic, i.e. the set of FVP intervals computed
at query-time ¢; will never be revised in the future. The introduction of sequencing, however,
does not guarantee monotonic output. Consider Example 2 and Figure 1-middle and right. At
@; there is no interval for rendezVous so that the sequence between trawling and rendezVous
can be satisfied. At ¢;4; the sequence is satisfied and the interval [6, 10) for transhipment
is computed, with 6<gq;. This non-monotonic behaviour can have significant consequences in
(critical) applications. Following the previous example, in addition to false negatives at ¢;, we
may have false positives in FVPs further up in the hierarchy defined in terms of transhipment
and relative_complement_all. Such issues compromise the allocation of operational resources,
undermining the reliability of run-time decision-support systems.

3 RTECRCT

We present RTECECT, an extension of RTEC, producing monotonic output given a monotonic
input. Below, we use the term ‘stream extension’ or ‘interval list extension’ to refer to the
addition of new intervals in the stream/interval list in the future.

3.1 Language and Semantics

RTECRCT operates on ‘reasoning cut-off tuples’ (RCTs) rather than lists of maximal intervals.
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Definition 11 (Reasoning Cut-off Tuple). An RCT R, is a tuple (I,, T,), where I, is a list of
mazimal intervals, and T, is a positive integer such that Vi € I, we have T, > e(i). We call
T, of an RCT R,=(1,, T,) the ‘cut-off point’ of R,.

The cut-off point may be viewed as a ‘stability horizon’: a guarantee that the intervals in
I, will not be revised by any future stream extension.

Example 4 (RCT for transhipment). Recall Example 2. At query-time q; (Figure 1-middle),
we can be certain that the intervals [2,8) and [4,5) of Ly will not participate in a sequence
with an interval from I, as it is not possible to extend I. in the future with an interval which is
adjacent to these intervals. In contrast, an extension of the stream (as in Figure 1-right) might
introduce an i.€1,. adjacent to [6,7). Consequently, we can guarantee a monotonic output for
transhipment at ¢; only up to time-point 5, i.e. Rysp=([],5) — ]’ denotes an empty list of
intervals, indicating that there is no instance of transhipment up to time-point 5.

An RTEC?CT event description is produced by translating every occurrence of interval manip-
ulation operation, sequence and holdsFor of an RTEC, event description into the corresponding
construct operating on, and computing RCTs. We use the superscript e to denote the RCT-
based version of a predicate, i.e. we use iConstruct®, seq® and holdsFor® instead of iConstruct,
seq and holdsFor. Consider e.g. the definition of suspiciousAnchored transformed for RTECECT:

holdsFor® (suspiciousAnchored( V1) =true, R) <
holdsFor® (transhipment(_, V1) =true, Ry), holdsFor® (stopped (V1) = farFromPorts, Rsy), (3")
holdsFor® (withinArea( VI, anchorage) =true, R,),
seq®(Rs, Ra, Rsa), intersect_all*([Ra, Rsa, Rsf], R).

The second argument of holdsFor® and all arguments of seq® are RCTs. Moreover, the arguments
of iConstruct®, such as intersect _all®, are (lists of) RCTs.

The introduction of RCTs does not affect the definition of dependency graph (Definition 9).
Thus, similar to RTEC, event decriptions, we may arrange the ground atoms of an RTEC?CT
event description into strata in ascending FVP level order, while for FVPs with the same level
we may introduce an additional stratum for each time-point in ascending temporal order.

Proposition 2 (Semantics of RTECRT). An event description in RTECRT is a locally stratified
logic program.

3.2 Reasoning with RCTs

RCTs allow us to determine, at each query-time, the largest prefix of the output that will
not be modified under any extension of the input stream. In this section, we present the
process of RCT computation, and in Section 3.3 we show how RCT computation is performed
under windowing. Algorithm 1 illustrates RCT computation for seq® and iConstruct®; these
are denoted as op® in Algorithm 1. Let LR=[R;,...,R,], with R, =(I;, T;) and i € [1,n],
be a list containing the input RCTs of the operation under consideration, and R, =(I,, To)
the output RCT. In the seq operation of rule (3’) e.g. LR corresponds to [Rs, R,] and R,
corresponds to Rgs,. The computation of the output RCT R, requires three steps. First, we
compute a candidate cut-off point T'¢ (line 1 of Algorithm 1). T is a time-point up to which
the computed intervals for the operation in question will remain unchanged, regardless of any
extension of the stream. However, there may be later cut-off points. Therefore, given T¢ and
the input RCTs, extendedCTs computes a possibly empty set E of cut-off points greater than
T¢ (line 2). The output cut-off point T, is set to the latest cut-off point in £ U {TF} (line

7
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Algorithm 1 computeRCT(op®, InputRCTs)

TS < computeCandidateCT(op®, InputRCTS)
E <+ extendedCTs(Tg, op®, InputRCTs)

T, «+ max(EU{T¢})

TruncatedInpLs < cutInput(T,, InputRCTs)
I, + RTEC,(op®, TruncatedInpLs)

return (I,, T,)

Ry 1 | — x Ry, | | — X Ry, | | =
Re ] N Re R .

R, . ﬁ R, — X R, _ —
| |
| |
7 7

1 I I 1 I I I I
L L
Time 0 1 2 3 4 5 6 7 8Time 01 2 3 4 5 6
i i

(‘]1‘2&456 "Time
Figure 2: RCT computation for seq®(R., Ry, R,), with R, =(Is, Ts), Ry =(Ip, Tp) and
R, =(I,, T,). Horizontal lines correspond to maximal intervals, while crosses and tilted crosses
correspond to candidate cut-off and final cut-off points respectively. The arrow to the left de-
notes the range of the stream for which the computation is performed.

3). Once T, is computed, the interval lists included in the input RCTs are truncated by T,
(line 4), and the output interval list I, is computed by applying RTECs on the truncated lists
of intervals (line 5).

We assume monotonic input; therefore, at each query-time ¢;, the cut-off point of each item
of the input stream is set to ¢;. Below, we define the process of cut-off point computation for
the FVPs defined in terms of the sequence operator or interval manipulation constructs.

Definition 12 (Candidate cut-off point of sequencing). Let R, =(I,, Ts) and Ry =(Iy, Tp) be
the input RCTs of seq®(Ra, Ry, R,), and R, the output RCT. The candidate cut-off point T
of R, is

e(ip) if Jig € 1,0 € Ib.(lasti(Ia, Ty, ia) A s(ip) < nextPosI(T,)
Te_ A Aig, 1o, Ip) ={iv}) (case (a)) (@)
0 s(ia) — 1 if —(case (a)) A iy € I.last;(1,, T, iq)
T, otherwise,

where last;(I, T, 1) is satisfied if i is the last interval of list I that ends before time-point T, 4
computes adjacent intervals (see Definition 5), and nextPosI(T)= T+3, i.e. nextPosI(T) is
the earliest possible time-point allowing an interval [ts, t.) with t;>T and t.<nextPosI(T).

Example 5 (Candidate cut-off computation for sequencing). Consider Figure 2-left. The last
interval of I, of R, before the cut-off point Ty of Ry, i.e. [0,1), is adjacent to the interval
[2,3) of I, (case (a) of eq. (4)); consequently TS may be set to 3 as no extension of I, or I
can change the output up to TS. In Figure 2-middle, TS is also set to 3 (case (a) of eq. (4)).
In Figure 2-right, there is no adjacent interval to the last interval of I, i.e. [7,8), before Ty;
therefore, TS is s([7,8))—1=6.

o

For the latest cut-off point, we compute the extension set.

Definition 13 (Extension set of sequencing). Given seq®(Rq4, Ry, R,), where Ry, =(I,, Ty) and
Ry, =(Iy, Tp), and the candidate cut-off point TS of R,, the extension set Es of sequencing

o

8
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Figure 3: RCT computation for union_all*([R,, Ry, R.], Ro) (left),
intersect_all*([Rq, Ry, R¢], R,) (middle) and relative _complement_all®*(R,, [Ry], R,) (right).

contains each time-point t in (TS, max{Ty,, Ty}] for which, the intervals of any extension of
1., starting before, or at t, that do not participate in a sequence with an interval of I, will
not participate in a sequence for any extension of Iy. If T, = T¢, then T¢ > T,, which, by
Definition 12, is possible only under case (a). The condition s(iy) < nextPosI(T,) in that case
ensures that no interval added to I, after T, can introduce a new sequence whose start point is
at or before T¢.

Example 6 (Cut-off computation for sequencing). Recall that in Figure 2-left TS is set to 8
(Example 5). Since there are no intervals in I, starting during the period [4, 6], Es includes
time-points 4,5 and 6. (Note that the interval [0,1) of I, participates in a sequence with
an interval of I.) Es does not include time-point 7 because [7,8) of I, may participate in a
sequence in the future with an interval of I. In other words, Es={4,5,6} and thus T,=6.
In Figure 2-middle, we have TS = 3. As an interval starting at time-point 4 may be added to
I, in the future, for which an adjacent interval may exist in an extension of I, Es is empty
and To=TF=38. In Figure 2-right, where TS =6, E; is empty as a sequence between [7,8) of
1, and an interval of I, is possible at a later ¢; after q;; thus To=Ty .

When the interval manipulation constructs operate on monotonic input they produce mono-
tonic output. Unfortunately, the input to an interval manipulation construct cannot be guaran-
teed to be monotonic, because such input may be computed by means of the sequence operator
(e.g. rule (3%)). Thus, similar to sequencing, the evaluation of interval manipulation constructs
must be performed on RCTs.

Definition 14 (Candidate cut-off point and extension sets of iConstruct®). Let LR=[R;, ..., R,],
with R; =(I;, T;) and i € [1,n], be the list of input RCTs of iConstruct®* (LR, R,), and R, the
output RCT. The candidate cut-off point TS of R, is T¢ =min{T;}. Moreover, the extension
sets E,, E; and E. of, respectively, union_all®, intersect all® and relative_complement_all® are
defined as follows:
e E, contains all time-points t in (TS, max{T;}] such that all time-points in [TS,t) are
contained by at least one interval of the input lists of union_all®.
o [E; contains all the time-points t in (T, max{T;}] such that for all time-points t' in [TE, t]
there is at least one interval list in the input of intersect_all® that does not contain t'.
o E. contains all the time-points t in (TS, max{T;}] such that [TS,t] does not overlap and
is not contained by any intervals of the first input interval list of relative_complement_all®.

Example 7 (iConstruct® over RCTS). Figure 3-left presents an example for union_all®,
i.e. union_all*([Rg, Ry, R¢], R,). The candidate cut-off point TS is set to 4, i.e. the min-
imum cut-off point of the input RCTs. The extension set E, includes time-points 5 and
6, but mot time-point 7 because time-point 6 does not belong to any interval of I,, I or

I.. Thus, E,={5,6} and the final cut-off point T, is set to 6. Figure 3-middle shows
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intersect_all*([R,, Ry, R¢], R,). TS =3; moreover, as there is no possible extension of I, that
can change the output up to time-point 6, E; ={4,5,6}. Thus, we can set T, to 6. Figure 3-
right illustrates relative_complement_all*(R,, [Ry], R,). Although TS =4, as there is no interval
of 1, i.e. the first input interval list of relative_complement_all®, after or overlapping TS, we
can extend the cut-off point to 6 (E.={5,6}).

Proposition 3 (Monotonic reasoning). The interval list I, computed by means of
holdsFor®(F =V, {(1,, T,)) at q; will never be revised at a future query-time.

According to the proposition above, the output of RTECSRCT at ¢; is monotonic up to T5.

Proposition 4 (Cut-off point optimality). The cut-off point T, computed by means of
holdsFor®*(F' =V, {I,, T,)) at g; is the latest time-point that guarantees a monotonic output.

3.3 Stream Reasoning and Bookkeeping

At each query-time g¢;, RTECECT performs stream reasoning by operating on (i) a working
memory set WM containing the items of the input stream in (¢;— 7, ¢;], and (ii) a bookkeeping set
BSet including the minimal information from past query-times which is necessary for producing
correct and monotonic output. The curation of BSet is guided by RCTs. In what follows, we
present how RTECECT computes the intervals of statically determined FVPs, i.e. FVPs defined in
terms of sequencing and/or interval manipulation constructs, as well as how BSet is computed.
Like RTEC,, RTECE cr processes FVPs in a bottom-up manner following the dependency
graph of the event description, computing and caching their intervals. This way, the inter-
vals of each FVP are computed once and redundant recomputations are avoided. Unlike
RTEC,, RTECECT employs Algorithm 2 to evaluate the rules defining statically determined
FVPs. For a statically determined FVP F=V evalFBody first retrieves all RCTs occurring
through holdsFor® literals in the body of the definition of F=V, and stores them in list RCT's
(line 1). For example, for rule (3’), RCTs would contain Rs, Ryt and R,. Then, Algorithm 2
iterates over each interval manipulation construct and sequence operation in the body of the
definition of F=V. For each operation, evalFBody retrieves any previously retained data from
BSet and merges it with the input RCTs of the operation under consideration (lines 3-5). Next,
evalFBody invokes computeRCT (Algorithm 1) to compute the output RCT of the operation,
and updates the RCTs list with the result of this operation as it may be used by a subsequent
operation in the body of F=V (lines 6-8). For example, in rule (3’), after evaluating the
sequence operation, RCTs would also contain R, so that it is available for the intersect all
interval manipulation construct. As a final step, any information that should be cached for
future query-times is identified and added to BSet (lines 8, 9), according to the policy below.

Definition 15 (Bookkeeping policy). Consider a sequence operation seq®(R;, Rz, R,) or an
interval manipulation construct iConstruct®([Ry, ..., Ry,], R,). For each input interval list I; of
R; (i € [1,n] orresp. i € [1,2]), RTECRT caches in BSet only the intervals that start after
or overlap the cut-off point T, of the output RCT R,.

Proposition 5 (Soundness and completeness of bookkeeping). Consider an interval manip-
ulation construct iConstruct®([Ry, ..., Ry], R,) or a sequence operation seq®(R;, R, R,). Ac-
cording to the bookkeeping policy of Definition 15, RTECSRCT caches all and only the intervals
from I; of R; (i € [1,n] or resp. i € [1,2]) that may be necessary for the computation of the
interval manipulation construct or sequence operation at a future query-time.
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Algorithm 2 evalFBody( WM, BSet, F=1V)

1: RCTs < getHoldsForRCTs(FualV)

2: for op® € body(F = V) do

3: RetainedData <— BSet.retrieve(op®, F=1V)
InpRCTs < assign(RCTs)

InpRCTs' < RetainedData U InpRCT's
OutRCT < computeRCT(op®, InpRCTs')
RCTs < RCTsU OQutRCT

DataToRetain <+ bkeep(InpRCTs', OutRCT)
9: BSet.retain(F =V, op®, DataToRetain)

10: end for

11: return last(RCTs)

Rin — — ‘= R | | | | ro |
| | | | | | |
R, oror Ry [ [ [
Lo I | | I I I I ! |
Rirsp H H X Rypsp | | | | ——
rep ' ' ' ) ' | | | | | 1 1 | 1
) ) ) ) ) I I I I 1 ! ! 1 ! >~
0o 1 2 3 4 é‘i Time o 1 2 3 4 5 6 7 8 9 10 Time

qit+1

Figure 4: Computing the intervals of transhipment at g; (left) and ¢;4; (right). Horizontal lines
correspond to maximal intervals, double continuous horizontal lines correspond to intervals in
BSet, double semi-dashed horizontal lines correspond to intervals that were restored from BSet
and gray horizontal lines correspond to intervals that were discarded.

Example 8 (Stream reasoning). Recall Example 2 for the definition of transhipment. Figure 4-
left shows the RCTs of the ‘trawling’, ‘rendezVous’ and ‘transhipment’ fluents, i.e. Ry, R,
and Rirsp, at g;. The definitions of ‘trawling” and ‘rendezVous’ do not depend on seq, and thus
their cut-off points are equal to q;. At q;, no interval is computed for ‘transhipment’ while the
cut-off point is set to 3. For bookkeeping, we add the interval [4,5) of ‘trawling’ in BSet, as it
may participale in a sequence at a future query-time. In contrast, the intervals [0, 1) and [2, 3)
of Ity do not have to cached. At g+ (Figure 4-right), the interval in BSet is merged with the
intervals in WM, i.e. the intervals in (q;, ¢i+1]=(5, 10]). The interval [4,5) of ‘trawling’ and
the interval [7, 8) of ‘rendezVous’ yield a sequence producing ‘transhipment’ over [4,8) with a
cut-off point at 8. Finally, BSet is updated to contain the interval [9,10) of ‘trawling’, as this
interval may participate in a sequence in the future.

Comparative Discussion. Recall that RTEC relies on a global sliding window of size w,
while the evaluation of seq is stateless. To ensure correctness, w must be at least as large as the
maximum temporal distance between the elements of a sequence; otherwise, early intervals may
be discarded before their adjacent intervals appear. This forces RTECs to use large windows
for long-distance dependencies. Since these windows are global, they may contain redundant
intervals, such as the intervals of FVPs that are not defined in terms of sequence, or the
intervals of FVPs defined in terms of shorter sequences. RTECSRCT avoids large global windows
— RTEC';CT operates on non-overlapping subsets (¢;—;, ¢;] of the input stream — by caching
in BSet the intervals that may affect future reasoning. This way, RTEC?CT is capable of more
efficient reasoning than RTEC, (see Section 4 for empirical support of this claim).

Proposition 6 (Correctness of RTECECT). At each query-time, RTEC?CT computes the same
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intervals for F =V as RTECs, up to the cut-off point T, of holdsFor®*(F =V, {I,, T,)), when
the window of RTEC is large enough so that no sequence is missed.

Note that, even with sufficiently large windows, RTEC, does not guarantee monotonic out-
put; the result of the evaluation of seq may only be confirmed after the latter constituent
becomes available, leading to revisions of the past that may propagate through hierarchical
FVP definitions.

In addition to enabling monotonic output and improving reasoning efficiency, RCTs offer
crucial information which is lacking from competing approaches. Consider an RCT ([, T,) for
an FVP F=V, computed at ¢;, and assume that the last interval in I, is [¢;, t.). According to the
definitions of RCT and cut-off point, we know that no interval for F=V will be computed at a
future query-time that overlaps the period [t., T,] (e.g. in the left and right diagrams of Figure 2,
[te, To] is [3, 6]). In contrast, in other stream reasoning systems with a sequence operator in the
language, such as CORE [12], Wayeb [2] and ESPER [17], we can draw no conclusions about
the value of a property after the ending point of its last interval. In the empirical analysis
(Section 4), we show that the interval [t., T,] can be rather long, indicating that the use of
RTECECT offers more informed decision-making as opposed to competing approaches.

4 Experimental Evaluation

4.1 Experimental Setup

We conducted an empirical analysis in order to assess the reasoning efficiency of RTEC?CT —

in the experiments that follow we report the reasoning times of RTECECT and the number of
intervals over which reasoning is performed. We evaluated RTECR®T on Maritime Situational
Awareness (MSA), Commercial Fleet Management (CFM) and Multi-Agent Voting (MAV). In
MSA, the input stream consists of position signals emitted by vessels, including information
about their heading and speed. The task is to compute the maximal intervals of FVPs expressing
various types of vessel behaviour, including potentially dangerous and illegal activities. We
extended the event description of Pitsikalis et al. [33] with FVPs defined in terms of the sequence
operator, in order to capture more accurately the maritime behaviours of interest, such as
transhipment (Example 2) and suspicious anchored vessels (Example 3). The extended event
description includes 21 FVPs, while the depth of the dependency graph is 5. To stress-test
RTEC?CT over long-term sequences, we constructed four synthetic datasets, each simulating
trajectories of 1K vessels. Moreover, we evaluated RTEC?CT on two real datasets. The first
dataset is publicly available and includes 18M position signals emitted from 5K vessels sailing in
the Atlantic Ocean around Brest, France, between October 2015-March 2016 [36]. The second
dataset, provided by IMIS (https://www.imisglobal.com), is much larger; it contains 55M
position signals from 34K vessels sailing in the European seas between January 1-30, 2016.

In CFM the input stream consists of positional data of commercial vehicles enriched with
weather information and proximity to points of interest, such as petrol stations. The task
is to compute the maximal intervals of FVPs related to the management and planning of
transportation services, such as refuelling opportunities. We extended the event description
of Tsilionis et al. [40] with FVPs capturing transitions from safe to dangerous driving, and
changes from economic to non-economic driving. The extended event description includes 9
FVPs and the depth of the dependency graph is 3. The dataset is provided by Vodafone
Innovus (https://www.vodafoneinnovus.com/) and contains 70M position from 6K vehicles
travelling in the European road network, between June 30—August 8, 2018.
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Figure 5: Evaluation of RTECR“T and RTEC, on synthetic data.

As a third use case, we employed a typical MAV protocol [34], which may be summarised
as follows: a committee sits and the chair opens the meeting; a member proposes a motion;
another member seconds the motion; the members debate the motion; the chair calls for those
in favour/against to cast their vote; finally, the motion is carried, or not, according to the
standing rules of the committee. In MAV, the task is to compute, for the benefit of the agents
and humans overseeing protocol execution, the maximal intervals of FVPs expressing the status
of motions, the normative positions of the agents, such as institutional power, permission and
obligation, and the sanctions applied to agents performing forbidden actions or not complying
with obligations. We extended the event description of Pitt et al. [34] with FVPs facilitating
protocol analytics, such as those expressing sequences of different stages of protocol execution.
The extended event description includes 7 FVPs and the depth of the dependency graph is
5. We created four synthetic datasets, each containing approx. 1M messages from interactions
among 1K agents. The event descriptions for MAV, CFM and MSA, and the instructions to
reproduce the experiments, are available with the code of RTEC?CT.

Mantenoglou and Artikis [28] presented an experimental comparison of RTEC, with
CORE [12], a state-of-the-art system with highly-optimised reasoning algorithms and formal
semantics. The experimental results showed that RTEC, outperforms CORE, sometimes by
orders of magnitude, because it restricts sequence evaluation to adjacent intervals, and exploits
caching techniques in hierarchical event descriptions. Given these results, we use RTEC as the
baseline and compare it against RTECSR €T Our experiments were performed with SWI Prolog
9 and Ubuntu 22, on a machine with a Intel Core i7-8700 CPU@3.20GHz and 16GB of memory.

4.2 Experimental Results

The aim of the first set of experiments was to evaluate RTEC?CT, and compare to RTEC;, on
increasing sequence length, i.e. the temporal distance between the elements of a sequence. To-
wards this, we employed the synthetic datasets — these concern MSA and MAV. Figures 5a
and 5b display the results. RTECSCT and RTEC, performed reasoning at the same query-times,
i.e. the step was the same for both systems (e.g. for MSA the step was set to 1 hour). For
RTEC,, we employed the shortest window size w that avoids false negatives in each sequence
length — this way, RTEC; and RTEC?CT compute the same FVP intervals. The left diagrams
of Figures 5a and 5b display the average number of intervals over which RTECSRCT and RTEC,
perform reasoning at each query-time, i.e. the number of intervals in (¢;—w, ¢;] for RTEC,, and
the number of intervals in WM U BSet for RTECRT. These diagrams show that RTECR®T rea-
sons over substantially fewer intervals than RTEC,. This difference becomes more pronounced
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Table 1: Evaluation of RTECECT and RTEC on real data for MSA and CFM. ‘input’ refers to
the average number of input intervals and ‘time’ refers to the average reasoning time.

Brest European seas European roads

input time input time input time
RTEC, 411K 10.2sec  N/A N/A N/A N/A
RTECR‘T 75K  1.3sec 130K 34.6sec 101K 2.5 sec

as the sequence length increases. An increase in the sequence length demands an increase of w
for RTEC; in contrast, RTECECT operates on non-overlapping subsets of the stream, and per-
forms correct reasoning with the use of BSet, which contains much fewer intervals than those
in (¢;—w, ¢;—1]. The right diagrams of Figures 5a and 5b display the average reasoning times
of RTEC?CT and RTEC; per query-time. These diagrams show that RTEC?CT scales better to
long-term sequences and outperforms RTEC;. Apart from having a larger input, RTEC has
to recompute the FVP intervals in the overlap of successive windows. RTEC?CT avoids such
redundant recomputations with the use of RCTs, because the intervals of an FVP ending by
the corresponding cut-off point are never revised.

The aim of the second set of experiments was to evaluate RTECR®T and RTEC, on real data.
Table 1 presents the results for the Brest dataset (5K vessels), the European seas dataset (34K
vessels) and the European roads dataset (6K vehicles). The step was set to 1 hour. In these
datasets, the temporal distance between the elements of a sequence often spanned several days;
consider e.g. the temporal distance between the intervals during which a vessel is involved in
transhipment, and the intervals during which the vessel is anchored (Example 3). This issue
affected the performance of RTECs since we had to use a large value for w in order to avoid
false negatives. Unfortunately, RTEC; exhausted the available memory resources in the case
of the European seas and the European roads datasets, and thus failed to complete execution.
Table 1 confirms that RTEC has to operate over a significantly larger number of input intervals
in order to produce the same results as RTECECT, and that RTECRT has significantly lower
reasoning time than RTECs. Moreover, Table 1 shows that RTECEST is capable of supporting
MSA and CFM in large geographical areas; the average reasoning time in the European seas
dataset is approx. 35 seconds, and 2.5 seconds in the European roads dataset.

Recall that RTECR®T remains monotonic in [t., T,], where f, is ending point of the last
computed interval before the cut-off point T,, while e.g. automata-based systems such as
Wayeb [1, 2], are monotonic until ¢, (Section 3.3). In the experiments with the real datasets, the
length of [t., T,] ranged between 8 to 37 hours. Thus, RTECSRCT may support decision-making
for e.g. operational resource allocation for much longer periods than related systems.

5 Summary, Related & Further Work

We presented RTECECT an interval-based stream reasoning system. RTECET inherits from
its predecessor RTEC, a compositional and associative sequencing operator. RTEC?CT extends
RTEC, with RCTs, a mechanism for monotonic output given a monotonic input. Monotonic
output is a key enabler of optimal resource allocation, e.g. in MSA and CFM. RTECSRCT is also
equipped with a bookkeeping policy, guided by RCTs, that identifies the minimal information
for correct reasoning. Our empirical, reproducible evaluation on three application domains,
using real and synthetic datasets, demonstrated the reasoning efficiency of RTECSRCT.
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Sequencing has long been recognised as a fundamental construct in Complex Event Recog-
nition (CER) [14]. Most CER systems operate on monotonic input and are automata-based or
tree-based. Unfortunately, it has been observed [21] that the majority of these systems, such as
ESPER [17], lack a formal, declarative semantics, or exhibit unintuitive semantics (e.g. sequenc-
ing is non-associative [15]). Two exceptions are CORE [12] and Wayeb [1, 2]. A comparative
analysis [28] showed that restricting sequence evaluation to adjacent intervals (Definition 5)
allows RTEC to have lower complexity than CORE and Wayeb. Moreover, automata-based
CER systems guarantee monotonic output only up to the last reported result. In contrast,
RCTs allow R'I'EC?CT to be monotonic long after the last reported interval — our empirical
analysis showed that RTECECT was monotonic for 8-37 hours after the last computed interval.

Although automata-based systems typically support compositional definitions, they do not
allow for hierarchical definitions with reusable intermediate results, thus performing unnecessary
recomputations of shared subdefinitions. RTECSCT supports arbitrary hierarchies of FVPs
defined in terms of sequencing, interval manipulation constructs, and the common-sense law
of inertia. The event description for MSA e.g. includes a hierarchy of 21 simple and statically
determined FVPs. Each FVP is accompanied by its RCT, indicating the FVP intervals that
may be safely cached, thus avoiding redundant recomputations while preserving monotonicity.

Liu et al. [26] proposed ‘Partial Order Guarantees’ (POG)s to enable monotonic output
over non-monotonic input. POGs indicate the future non-occurrence of an event type. The
assumption is that it is possible to insert POGs at each stream source. Unfortunately, such
as assumption is rarely realistic. Moreover, Liu et al. [26] perform point-based, as opposed to
interval-based reasoning — the issues of such reasoning are well-documented [47]. Producing
monotonic output with sequencing over non-monotonic input is a direction for further work.

Several logic-based stream reasoning systems, with a formal semantics, have been pro-
posed [11]. LARS [8] is a stream reasoning language expressing interval-based rules. LARS-
based reasoners [43, 16, 9, 7], however, support fragments of LARS that cannot express interval
derivations. StreamMill [25] adopts a minimal extension of SQL for stream reasoning. Me-
TeoR [45] extends a fragment of DatalogMTL [44] with windowing. Wang et al. [46] extended
the ‘magic sets’ rewriting technique to the temporal setting of DatalogMTL. Ronca et al. [37]
studied the properties of streaming algorithms for a temporal extension of Datalog. Similar
to MeTeoR and StreamMill, this extension of Datalog does not support negation. Thus, these
approaches cannot express the event descriptions of RTECECT. Temporal Vadalog [10] is a rea-
soning system supporting various fragments of DatalogMTL and stratified negation. None of the
aforementioned approaches has explicit support for sequencing. (DDLog [38], DCDatalog [49]
and BigDatalog [39] cannot be directly employed for temporal reasoning.)

D?IA extends Flink with temporal operators [6], but, contrary to RTECECT, does not support
negation on durative phenomena. TPStream computes durative activities based on instanta-
neous events, and then matches temporal patterns over the derived activities [23]. In contrast
to RTECSR CT, TPStream cannot combine multiple event types in the definition of a durative ac-
tivity. Moreover, D?IA and TPStream do not allow background knowledge. ETALIS is a CER
engine that supports patterns with durative activities and background knowledge [3]. ETALIS
does not allow for the explicit representation of time. Metric Compass Logic is a metric ex-
tension of the Halpern-Shoham logic [22] that has been used for inteval-based temporal event
pattern matching [42]. This logic, however, is propositional, and thus does not capture the
relational rules that may be expressed by RTEC?CT.

RTECECT is orthogonal to the remaining extensions of RTEC that have been proposed in
the literature; e.g. Mantenoglou and Artikis [28] showed that the extension of RTEC supporting
Allen’s interval algebra does not offer associative sequencing. Several techniques have been pro-
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posed for optimising interval-based reasoning with the Event Calculus — [13], [30] and [18] are
but a few examples. The optimisation techniques of RTEC, which are inherited by RTEC? cr
allow it to outperform competing approaches [29]. As a direction for further work, we aim to ex-
tend the tensor-based implementation of the Event Calculus [41] with interval-based reasoning,
including a support for a sequence operator, in order to take advantage of modern hardware.
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