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Abstract

An important feature of many advanced active database
prototypes is support for rules triggered by complex pat-
terns of events. Their composite event languages provide
powerful primitives for event-based temporal reasoning. In
fact, with one important exception, their expressive power
matches and surpasses that of sophisticated languages of-
fered by Time Series Management Systems (TSMS), which
have been extensively used for temporal data analysis and
knowledge discovery. This exception pertains to temporal
aggregation, for which, current active database systems of-
fer only minimal support, if any.

In this paper, we introduce the language TREPL, which
addresses this problem. The TREPL prototype, under de-
velopment at UCLA, offers primitives for temporal aggrega-
tion that exceed the capabilities of state-of-the-art compos-
ite event languages, and are comparable to those of TSMS
languages. TREPL also demonstrates a rigorous and gen-
eral approach to the definition of composite event language
semantics. The meaning of a TREPL rule is formally de-
fined by mapping it into a set of Datalogis rules, whose
logic-based semantics characterizes the behavior of the orig-
inal rule. This approach handles naturally temporal aggre-
gates, including user-defined ones, and is also applicable to
other composite event languages, such as ODE, Snoop and
SAMOS.

1 introduction

Recent research in active databases aims at extending the
power of active rules to trigger on complex patterns of tem-
poral events. In many applications, in fact, the simple-event
detection mechanisms found in commercial systems, such
as Ingres, Oracle or Sybase, are not sufficient; complex se-
quences of events must instead be detected as the natural
precondition for taking actions and firing rules {8]. There-
fore, several research prototypes now provide this capability;
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an incomplete list of such systems includes [8, 15, 13, 3, 16].

The composite event specification languages supported
by these systems suffer from serious limitations in terms
of expressive power, since they provide little or no support
for temporal aggregation. However, temporal aggregation
is very important as demonstrated by its extensive use in
time-series management systems (TSMS). Obviously, most
patterns of temporally aggregated events that are worthy
of off-line detection by TSMS applications, are also worthy
of on-line detection by active rules. A powerful temporal
aggregation construct can be found in [28], which supports
condition-action rules only. Clearly, comparable functional-
ity needs to be provided by languages that support compos-
ite event expressions.

The first objective of this paper is to propose a composite
event language with temporal aggregation capabilities sim-
ilar to those offered by database languages for time-series
analysis. We present the design of TREPL, a language that
allows the specification of complex event patterns and tem-
poral aggregates at a level comparable to that of time-series
languages— while preserving the amenability to efficient im-
plementation in an active database framework.

Then, we also present a formal logic-based semantics for
TREPL using Datalog: s [2], which is very well-suited to the
task, since it can describe in one framework both the tempo-
ral and deductive aspects of active rules. A similar approach
to the semantics and temporal aggregation is also applicable
to other event-based languages for active databases, such
as [15, 13, 3], as well as to time-series languages. Thus,
the paper also seeks and achieves a conceptual reapproach-
ment of languages in these two fields, that reduces some of
the complexities associated with the assortment of different
techniques used in their original specifications.

2 Temporal Aggregation & Composite Event Languages

In this section, we discuss the technical framework for tem-
poral aggregation in active databases. First, we present ex-
amples of the most important classes of temporal aggrega-
tion queries. Then, we discuss some important differences
in the computational methods used in time-series analysis
and active databases.

For the rest of the paper, we assume an application that
monitors stock price changes (price ticks), as well as daily
closing prices for a fixed set of stocks. It also monitors the
stock trading transactions for a set of customers. Thus, we
have the following database relations:

e stock_tick(ID, Price) contains the current prices for



the stocks of interest. A stock price update may occur
at any time during a working day.

e stockclosing(ID, Price) contains the most recent
closing prices for all stocks of interest.

e owns(Name, ID, Shares) contains the stock portfolios
of the customers. ID denotes the stock identifier.

We assame that closing price updates are obtained in
batch form at the end of each day.

2.1 Temporal Aggregation Query Classes

The following query classes were identified by studying sev-
eral TSMS [25, 11, 18, 4, 10], which routinely employ a va-
riety of aggregation functions for time-series analysis.

Counting Aggregates

Typical queries require counting the number of occurrences
of an event pattern within a time interval, other queries
recognize and take some action upon the n-th, first n, or
every n-th event. Examples follow:

o Report the closing price of a stock for the first 30 days
after it raises by more than 20%.

e Report the closing price of ‘IBM’, every 7 days after it
exceeds $100, as long as it remains above $100.

Accumulation and Running Aggregates.

When an accumulation function is applied on an event se-
quence, an aggregate value is generated for each point in the
sequence. This aggregate value depends on all events in the
sequence so far. Thus, a sequence of aggregate values is pro-
duced. Such temporal aggregates are often called running
aggregates.

Examples:

e Compute the sequence of running averages for ‘IBM’
price ticks.

¢ Starting now, report every time the closing price of a
stock achieves a new mazsmum.

Moving-Window Aggregates

Moving-window functions are frequently used in time-series
analysis [25, 4, 27]. The moving-window average is the most
commonly used among these functions.

As with accumulation functions, moving-window func-
tions also generate an aggregate value at each point in the
event sequence they are applied on. The difference from the
previous category is that each aggregate value depends on
only the last n events in the sequence, where n is the size of
the moving window. An example follows:

e For each stock, from the sequence of its price ticks,
derive the sequence of its price-tick moving-averages
for a window size of 5 price updates.

A variation of moving-window aggregation is when the
size of the moving-window is based on time duration, asin
the following query:

o Time-based Window: At each ‘IBM’ stock price up-
date, report its average price in the last two hours.

441

Temporal Grouping

Time-series analysis often involves transformations to differ-
ent time granularities. For instance, aggregating the price
updates of a stock by Month generates a sequence of monthly
aggregate values for that stock. In this kind of aggregation,
the time line is partitioned into consecutive time intervals,
and input events are grouped by and aggregated over these
intervals.

The time line partition is often defined by a calendar
[30, 6]. This allows aggregation by Day, Month, Year, etc.

Quantified Temporal Aggregates

Even though this kind of temporal aggregation is not dis-
cussed in the model proposals and systems we surveyed,
we believe that it is very important for temporal decision-
support applications. Quantified temporal aggregates is an
adaptation of gquantified aggregates proposed in [17] and in
{24]. They typically involve phrases, such as all, most fre-
quently, more than five, at least twice as many, not all, etc..
Examples follow:

o For every stock, derive its phases of monotonically in-
creasing closing prices, that lasted at least 30 days.

o For the ‘IBM’ stock, report its price every time when
there have been at least twice as many increases of its
price so far, as decreases.

2.2 Composite Event Languages

Active database languages such as ODE [15], Snoop [3],
SAMOS [13] and EPL [23] support the specification of rules
that are fired when complex patterns of events are detected.
For this purpose, they provide constructs to express:

Qualified Basic Events, i.e., basic events such as database
relation modifications in relational systems, or method invo-
cation commands in object-oriented systems, often qualified
by conditions that the attributes of the affected tuples or
objects must satisfy.

Composite Events. These are specified by combining
qualified basic events, using the language constructs. Com-
posite event patterns that can be expressed in one or more of
these languages include: (a) Finite sequences of events in an
assigned temporal relationship, such as F2 immediately fol-
lowing E1 or E2 eventually following E1, (b) Disjunction of
events, (c) Conjunction of simultaneously occurring events,
and (d) (Possibly infinite) recursive patterns of events.

2.3 From Time Series to Composite Events

The temporal languages used to query time-series are em-
ployed in a computational context that is different, and nor-
mally simpler, than that of active databases. Some of the
main differences are:

o On-line versus off-line reasoning.

Time-series languages normally assume that time-series
are stored, and thus, several passes can be performed
over them. For instance, the event values in a time
interval of interest can be extracted during the first
pass, and aggregates can be computed during one or
more additional passes. Active databases instead, rea-
son upon the incoming events as they occur and their



response must be immediate. Thus, both the event
pattern detection and the generation of temporal ag-
gregate values must be done on-the-fly.

The advantages of on-line temporal reasoning are:

1. The response of the system is quicker.

2. Unless needed in the future, the incoming event
sequences do not need to be stored.

In the sequel, and for clarity reasons, we will use the
terms time-series and event sequence, when we refer to
TSMS and active databases, respectively.

o Time-Series for Objects versus Event Sequences for
Classes

TSMS often assume that time-series are arranged by
objects and their surrogates, rather than by content-
defined classes of events. For instance, in stock anal-
ysis applications, stock price updates are typically ar-
ranged by their identifiers in separate temporal se-
quences; one sequence for each stock identifier. In an
active database environment, however, all price up-
dates for all monitored stocks would typically form a
single input event sequence.

e Irregular versus Regular events.

In an trregular time-series, the time-points do not obey
any particular structure. For instance, the time-series
for ‘IBM’ price ticks is irregular, since a price tick can
occur at any point in time during a working day.

On the other hand, the time-series for the ‘IBM’ clos-
ing prices contains a value (price) for each time point
in the associated calendar Working Day. This calen-
dar represents the sequence of working days and de-
fines its periodicity, and its exceptions (holidays). For
more information on the definition and representation
of calendars, the reader is referred to {30, 6].

For both regular and irregular series, multiple simul-
taneous events must also be handled. For instance,
daily updates of stock closing prices are updated with
the same timestamp. This can be either a valid times-
tamp, this working day, or a transaction-time times-
tamp, containing the commit time of the transaction
that performed all these updates.

Most methods for analyzing time-series can be applied
to regular ones only [25]. Active databases can handle
equally well both kinds of event sequences.

;From the above analysis, it is clear that for time-series
manipulation, active databases are often advantageous over
traditional TSMS. These advantages are related to storage
space, language complexity, system maintenance, and pro-
cessing time.

In fact, it seems that the only limitation for using active
databases for this task is the rate of incoming events, which
must be low enough for the rule manager to handle without
causing significant performance degradation in the DBMS.

3 The TREPL Language

We now present the design of TREPL (Temporal Reasoning
Event Pattern Language), which provides powerful tempo-
ral aggregation capabilities. TREPL is currently being im-
plemented as an extension to EPL [16]; EPL is a composite
event language previously developed at UCLA, as a portable
front-end to active relational databases, such as commercial
systems that only support only simple-event detection.
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3.1 TREPL Programs

A TREPL program is organized in modules, which can be
compiled and enabled independently. The events declaration
section of a module defines the set of relevant basic event
types monitored by the module. This is the universe of
events, under which the module’s rules are evaluated. A
basic event type is either:

insert(Rname), or delete(Rname), or update (Rname),

where Rname is the name of a database relation.

TREPL rules are specified in a module’s rules section.
Each rule has a name, which is unique within its module. A
rule’s body (head) corresponds to an event (action). Exam-
ple 1 demonstrates an EPL rule within a module.

Example 1 A TREPL rule that keeps track of big stock
buys of customer “Jones”.

Begin Module OwnsMod
monitor update(owns);
BigBuy:
update(owns(X), X.Name = ‘Jones’,
X.new_Shares - X.old_Shares > 1000 )
-> write("Big Buy of %s from Jones at time %s\n",
X.ID, asctime( X.Timestamp) ).

End Module.

Rule BigBuy specifies a gqualified basic event. Such an
event has the form:

evtkind( Rname(X), < condition— expression> ),

where X is a variable, denoting the tuple of relation Rname,
that has been inserted, deleted or updated. For update
events, TREPL makes available to the programmer both
the new and the old contents of the updated tuple. The
prefixes new and old are used to distinguish between them.
When no prefix is specified, new is assumed.

The < condition-expression > is built using the stan-
dard arithmetic and comparison operators and the logical
connectives AND (or comma), OR and NOT.

Timestamps: Each event is attached a transaction-time
Timestamp, which contains the date and time the event was
recorded in the database. The format for timestamps ad-
heres to the SQL-92 standard, thus, an example timestamp
value is ‘1996-08-21 09:13:27’. We also assume the gregorian
calendar, and we support the SQL-92 time literals Date,
Time, Year, Month, Day, Hour, Minute, Second. These lit-
erals can be used instead of Timestamp in an expression.
For instance, if X. Timestamp = ‘1996-08-21 09:13:27’, then
X.Time = ‘09:18:27', X.Day = ‘21’ and X.Month + 1 =
‘09°.

In some cases, in addition to the transaction-time times-
tamp, a valid-time timestamp might also be part of the mod-
ified tuples. This attribute stores the logical time of the
corresponding events, and its granularity depends on the
application. For the stock_closing relation for instance, the
assumed time granularity is Day.

Actions and Derived Events: Two kinds of explicit actions
are supported by TREPL: (a) SQL commands, and (b) Op-
erating system calls, which allow TREPL to communicate
with the user, or other applications that run concurrently.
An example of the second kind is the UNIX write system
call. Multiple actions may be specified for a TREPL rule.



An action may also generate a derived event. Such an
event does not result in any change of the database state, but
it can be used in the event part of TREPL rules, similarly
to basic events. An example of a derived event is shown in
Example 2. Observe that in the monitor statement of this
example, the event update(stock.tick) has been given the
alias st.

Example 2 Isolate 'IBM’ stock ticks.

Begin Module MyModule

monitor update(stock_tick) as st,
ins(owns), upd(owns};

derived ibm_tick(ID, Price);

IBM_StockTicks:

st(X, X.ID = ‘IBM’) )

-> ibm_tick(X.ID, X.Price);
End Module.

This rule can be used for isolating ‘IBM’ stock ticks from
other events monitored by the module, so that they can be
processed separately by other TREPL rules. ibm_tickis a
derived event, and it is declared in the events declaration
section of a module. It contains attributes, which become
bound every time the event occurs.

Derived eventsfacilitate the interaction of TREPL rules,
which makes it possible to express very complex event pat-
terns. Examples are shown later.

Simple Events: A simple event is either a basic event, or a
qualified basic event.

In the rest of this section, we first introduce the compos-
ite event constructs of TREPL (same as in EPL}), and then
we describe its new features.

3.2 Composite Event Constructs

The TREPL language allows the specification of composite
events, that describe patterns of simple events. We distin-
guish between event ezpressions(also called event types) and
event instances. An event expression E defines an event pat-
tern of interest, whereas an instance of E consists of a set of
simple event occurrences that satisfies this pattern. In the
sequel, we will simply refer to events, when the distinction
is clear from the context.

We will also use the term event occurrence to refer to
the time instant when an event expression is satisfied, i.e.,
an instance of this event expression is completed. Finally, we
will refer to the universe of events, with the understanding
that this is with respect to a particular module, where the
event expression appears.

Composite event expressions are defined as follows:

Definition 1 Let E1, Fs,...,En, n > 1, be TREPL event
ezpressions (maybe composite themselves). The following
are also TREPL event expressions :

1. (Ey, Fs, ..., En) : a sequence consisting of an instance
of E1, immediately followed by an instance of E>, ...,
immediately followed by an instance of Ey,.

2 (Fy & E; & ... & E,) : A conjunction of events.
It occurs when all events E, ..., Ey, occur simultane-
ously.

3. {E\, Es,...,En} : A disjunction of events. It occurs

when at least one event among E,, ..., E, occurs.
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4. VE o It occurs when any basic event in the universe
occurs, but E is not satisfied.

5. x: F
of E.

A number of additional (derived) constructs may be de-
fined in terms of the basic ones (see also [14]). Some of these
are :

: a sequence of one or more consecutive instances

e any = The disjunction of all basic events in the uni-
verse. It occurs every time such an event occurs.

o [Ey,Es, ..., Ey] = (B, *:any, F2, x:any, ..., *:
any, E.). Relazed sequence. It consists of an instance
of E1, followed later by an instance of E, ..., followed
later by an instance of E,,.

e prior(E1, E>) = [E1, any} & E». An occurrence of Eo
follows an occurrence of £, i.e., an instance of E; is
completed prior to the completion of an instance of 5.

o first(E) = (F & [E,any]): It occurs when the first
instance of E occurs.

The difference between [Eq,Eq] and prior(Eq,Ep) is that
in the first case, the first basic event in an instance of Eq
must follow the occurrence (i.e., completion of an instance)
of E{, whereas in the second case, it is only required that an
occurrence of E; must follow an occurrence of Ef.

In addition to the above, a composite event may have
attributes, which are derived from the attributes of its com-
ponent basic events. Attribute semantics and scope rules
are described in section 5.5.

Example 3 Relaxed Sequence: Identify all customers who
bought a stock back at a greater quantity than they previously
sold the same stock.
monitor update(owns)
BoughtBack:
[ update(owns(X), X.new_Shares < X.old_Shares),
update(owns(Y), Y.Name = X.Name, Y.ID = X.ID,
Y.new_Shares - Y.old_Shares >
X.old_Shares - X.new_Shares)
]

-> write('"Customer %s back on %s\n",Y.Name,Y.ID)

For a detailed discussion of the TREPL language and its
comparison to other composite event languages, the reader
is referred to [21].

3.3 Implicit Recursion and Temporal Aggregates

The star construct ‘*’, that was used in EPL to express im-
plicit recursion has been extended in TREPL to express tem-
poral aggregation. Although TREPL also supports explicit
recursion via derived events, implicit recursion is preferable
in most situations, because of its simplicity and amenabil-
ity to efficient implementation. For instance, consider the
following example:

Example 4 If the closing price of a stock raises by more
than 20%, to a price, say P, report its price on every day
following that raise, as long as it remains above P.

monitor update(stock_closing) as st_cl
StarRule:
( st_cl(X, X.new_Price > 1.2 * X.o0ld_Price),
* st_cl(Y, Y.ID = X.ID, Y.Price >= X.new_Price)
)
-> write(Y.ID, Y.Price)



The first event occurs when a stock’s closing price raises
by more than 20% to a price P. Then, the star event occurs
on every following working day, as long as the stock’s closing
price remains above P. The star sequence is completed when
at least one of the associated conditions fails, i.e., either
there is no closing price for that stock in the next working
day’s batch, or its price goes down below P.

The use of tuple variable Y inside the star expression
refers to the most recent event (last closing price) in the
sequence. Also, observe that the condition Y.ID = X.IDin
the star expression achieves the desired effect that for each
stock, the sequence of its closing price updates is processed
separately.

The unfolding of implicit recursion to explicit one eluci-
dates the semantics of the star. For instance, the previous
rule can be expanded as follows:

Example 5 Ezpanding the implicit recursion in ezample 4
tnto recurssve rules.

monitor update(stock_closing) as st_cl;
derived star(FirstPrice, ID, Price);

StarRulel:
( st_cl(X, X.new_Price > 1.2 * X.o0ld_Price),
st_cl(Y, Y.ID = X.ID, Y.Price >= X.new_Price)
)

-> star(X.new_Price, Y.ID, Y.Price);

StarRule2:
( star(X),
st_cl(Y, Y.ID = X.ID, Y.Price >= X.FirstPrice)
)
-> star(X.FirstPrice, Y.ID, Y.Price);

HeadRule:
star(2)
-> write(Z.ID, Z.Price);

StarRule1is the beginning rule, which produces the first
occurrence of the derived event star. Then, StarRule2 pro-
duces recurring occurrences of the star event, as long as
the query’s conditions hold. Every time star occurs, rule
HeadRule writes the new closing price out.

The syntax and semantics of temporal aggregates in
TREPL follow naturally from viewing the star sequence con-
struct as defining implicit recursion. Say for instance, that
in the last example, we also want to compute the running
count, which tells how many (working) days have passed
since the 20% raise. Then, in the TREPL rule in example 4,
we can use the buslt-in aggregate Count and modify its head
as follows:

-> write(Y.ID, Y.Price, Count(Y.ID)).

Count (Y.ID) denotes an aggregation over the events in
the star sequence. At its point in this sequence, its value
depends on the events so far.

The intuitive semantics can again be obtained by unfold-
ing the implicit recursion into an explicit one. In the rules
of example 5, we need to add an attribute Count to the star
event, as follows:
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monitor update(stock_closing) as st_cl;
derived star(FirstPrice, ID, Price, Count);

StarRulel:
( st_cl(X, X.new_Price > 1.2 * X.o0ld_Price),
st_cl(Y, Y.ID = X.ID, Y.Price >= X.new_Price)
)

-> star(X.new_Price, Y.ID, Y.Price, 1);

StarRule2:
( star(X),
st_cl(Y, Y.ID = X.ID, Y.Price > X.FirstPrice)
)
-> star(X.FirstPrice, Y.ID, Y.Price, X.Count+1);

HeadRule:
star(Z)
-> write(Z.ID, Z.Price, Z.Count).

Various other aggregates, including the standard SQL
ones, Sum, Avg, Min, Maz, etc., can be used in a similar
way, as built-in aggregates.

4 Temporal Aggregation in TREPL

Having described the basic mechanism for temporal aggre-
gation, in this section, we demonstrate our framework and
the temporal aggregation capabilities of TREPL in more de-
tail. In order to illustrate the generality of our approach, we
present one example for each class of queries discussed in sec-
tion 2. Also, we give an example of a specialized aggregate,
defined via the use of derived events.

In general, the reference to a temporal aggregate Aggr-
Func(X.A) implies that the buslt-in aggregation function Ag-
grFunc is evaluated over the sequence specified by a star se-
quence goal with tuple variable X. At each point in the se-
quence, a new value for the temporal aggregate is obtained,
which depends on the A values in the sequence so far .

This kind of syntactic encapsulationhas been successfully
used before in logic-based languages supporting aggregates.
In LDL++ [1] e.g, aggregates can be expressed in the head
of a rule. This rule is then compiled by the system into a
recursive clique that computes the aggregates.

In TREPL, a temporal aggregate evaluated over a star
sequence, can be used in one or more of the following places:

o In the head of the rule.

o In the condition of a goal following the goal of this star
sequence.

o In the condition of this star sequence goal.

An example of the first case was described in the last
section. The following two examples belong to the second
and third cases, respectively.

Example 6 (Running Aggregate) If the closing price of
‘IBM’ raises by more than 20%, to a price, say P, report
every new mazimum in the following working days, provided
that its closing price has remained above P.

monitor update(stock_closing) as st_cl
New_Max_So_Far:
( st_cl(X, X.ID = ‘IBM’,
X.new_Price > 1.2 * X.0ld_Price),
* st_cl(Y, Y.ID = ‘IBM’, Y.Price >= X.new_Price),
Y.Price = Max(Y.Price)
)
-> write(Y.ID, Y.Price).



The essential difference between this query and the query
of Example 4, is that within a recognized star sequence,
we want the rule to fire only when the condition marimum
so far within this sequence is satisfied. This condition is
expressed in the last goal of the rule, which is a condition-
only goal.

It is important to realize that the star sequence for ‘IBM’
closing prices continues independently of the condition
Y.Price = Max(Y.Price), as long as new closing prices re-
main above the initial value P. Then, at each point in the
sequence, this condition is evaluated, and if satisfied (new
maximum in the sequence so far), the rule fires and the new
maximum is written out.

Example 7 (Quantified Aggregate) For every stock, de-

rive its phases of monotonically increasing closing prices
that lasted at least 10 days.

monitor update(stock_closing) as st_cl
Good_Phase:
( * st_cl(X, X.ID = First(X.ID),
X.Price > Last(X.Price)),
st_cl(Y, Y.ID = X.ID, Y.Price < X.Price,
Count (X.ID) >= 30 )
)
-> write("Good Phase for %s, from %s to %s\n",
X.ID, First(X.Day), X.Day).

The First and Last aggregates refer to the first and the
last (previous) event in a star sequence instance.

Observe the use of these temporal aggregates inside the

goal of the star sequence over which they are evaluated. The
condition X.ID = First(X.ID) achieves the result that each
stock is considered separately, an effect equivalent to that
obtained by using group by X.ID in SQL.
The condition X.Price > Last(X.Price)ensures that the star
sequence continues, as long as we are in a phase of monoton-
ically increasing prices. When such a phase ends, the second
event occurs, and if Count(X.ID) >= 30, the rule fires.

It is also important to realize that in order for the above
rule to work correctly, every recognized star sequence in-
stance must be a mazimal sequence of monotonically in-
creasing closing prices. No subsequences of such a maxi-
mal sequence will be recognized separately. This mazimality
property is obtained by the semantics definition for the star
sequence construct, as explained in section 5.4.

Finally, we present examples of the other two important
query classes, i.e., moving-window aggregates and temporal

grouping,

Example 8 (Moving Average) ;From the sequence of IBM

closing prices, dertve the sequence of its moving averages, for
a window-size of 5 working days.

Moving_Avg:
( any,
* stock_closing(X, X.ID =‘IBM’, Count(X) <= 5),
Count(X) = 5
)

-> write(X.Name, X.Day, Avg(X.Price)).

The use of any as the first event ensures that at every
working day, the computation of a new moving-average be-
gins. This computation takes place over the sequence of the
nert five ‘IBM’ closing prices. The new moving-average is
generated at the end of the fifth day, as per the condition
Count(X}) = 5.
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The case of moving-window aggregation, where the size
of the window is based on time duration can be handled
similarly, by using explicit time conditions.

Example 9 (Temporal Grouping) For each month, re-
port the monthly price averages for all stocks.

monitor stock_tick
MonthlyAvg:
( stock_tick(X),
* gtock_tick(Y, Y.ID = X.ID,
Y.Month = X.Month +1),
stock_tick(Z, Z2.ID = X.ID,
Z.Month = Y.Month +1)
)
-> write("Average Price for %s in %s/%s = %d\n",
X.ID, Y.Month, Y.Year, Avg(Y.Price) ).

For a particular stock, because of the conditions Y. Month
= X.Month + 1 and Z.Month = Y.Month + 1, a different
star sequence instance is active for each month. This star
sequence instance consists of all events (price ticks) in this
month. This achieves the desired effect of aggregating by
Month.

4.1 Special-Purpose Aggregates

While common built-in aggregates can be easily expressed
within star expressions, the user may need to define his/her
own temporal aggregates. In fact, the capability to define
customized aggregation functions is considered essential for
TSMS [11, 18]. By using derived events, specialized tempo-
ral aggregates can also be specified in TREPL.

Consider for instance the quantified query:

Example 10 For the ‘IBM’ stock, report its price every
time when there have been at least twice as many increases
of its price so far, as decreases.

This query is hard to express using a single TREPL
rule. Instead, we can break it down to multiple rules, as
it is shown below. Module IBMTicks monitors the ibm_tick
events (‘IBM’ price updates), derived as shown in example
2.

Begin Module IBMTicks
monitor ibm_tick;
derived chg_count(IC,DC);

InitRule:
first(ibm_tick)
-> chg_count (0, 0);

Increase:
( chg_count(X),
ibm_tick(Y, Y.new_Price > Y.old_Price )
-> chg_count (X.IC+1, X.DC);

Decrease:
( chg_count(X),
ibm_tick(Y, Y.new_Price < Y.old_Price )
-> chg_count (X.IC, X.DC+1);

Report:
chg_count (X, X.IC >= 2 * X.DC )
-> write("Twice as many Incr. as Decr. for IBM",
X.IC, X.DC, X.Timestamp).
End Module.



The sequence of ibm_tick derived events forms an event
history, upon which this module’s rules are evaluated. A
derived event chg_count (IC,DC) is generated every time an
ibm_tick occurs, its attribute values IC, DC denoting re-
spectively, the number of increase so far, and the number of
decreases so far.

An initial event chg_count(0,0) occurs at the first
ibm tick. After that, every time ibm_tick occurs, either
the Increase rule or the Decrease rule is triggered, and a
chg_count event with updated IC and DC values is generated.
If the condition “twice as many increases as decreases” is
satisfied, rule Report is triggered and a message is written
out.

An alternative way to implement the query of Example
10 would be to use a temporary relation chg_count, con-
taining one tuple with the values for attributes IC and DC.
Then every time an ibm_tick event occurs, this tuple must
be retrieved and updated accordingly. Because of space lim-
itations, we do not discuss this approach any further.

5 Semantics of TREPL

In this section we present the semantics of TREPL, em-
ploying the same method we used for its predecessor EPL
[23, 22]. First, we introduce the basic concepts, then we fo-
cus on derived events and aggregation within star sequences.
For more details and examples about the formalization of
event histories and the semantics of the other TREPL con-
structs, the reader is referred to [22].

5.1 Event Histories

In order to define the semantics of TREPL expressions, we
need to introduce the notion of event histories, against which
the TREPL expressions are evaluated. Our starting point
is the event tables that log the occurrences of the various
basic events. According to the practice in most commercial
databases, each event table corresponds to a particular basic
event type, and accumulates the time-stamped occurrences of
this event type. For inserts into the owns table for instance,
we have the table

ins_owns(Name, ID, Shares, Timestamp).

The del_owns table has a similar format, while for up-
dates of owns, we must record both the old and new values:

upd_owns (Name 01d, Namenew, ID_old, IDmew, ...
Timestamp) .

Furthermore, we assume a table evt_monit (ModuleName,
EventType)} , which records the basic event types each mod-
ule monitors.

Using these system tables, an event history can be ob-
tained for each module of interest. An event history contains
the occurrences of monitored event types, ordered by their
timestamps.

Example 1 shows a short event history for module MyModule

in Example 2. The derived events ibm_tick are ignored for
now, but they are discussed in section 5.3.

Observe that a sequence number called stage has been
introduced. The stage sequence defines an ordered struc-
ture on the distinct timestamps, that allows us to express
properties of composite events that are based on the relative
order of occurrence of their component basic events, as op-
posed to absolute time properties. Absolute time properties
of events can also be expressed using their timestamps.
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Example 11 An brief example event history for module
MyModule in Example 2. For the sake of clarity, the stock
names for the price ticks are shown in parentheses.

hist_ MyModule
EventType Timestamp  Stage
— 0000 0
upd_stock_tick(TRD) 1423 1
upd _stock_tick(IBM) 1425 2
upd._owns 1430 3
upd_stock_tick(WER) 1502 4
upd_stock_tick(IBM) 1510 5
ins_owns 1536 6
upd_stock_tick(IBM) 1538 7
upd_stock_tick(TYG) 1549 8

Table 1: A sample event history for module MyModule.

Different event occurrence granularities can be handled.
At the “smallest database operation granularity”, every new
insertion, deletion, or update creates a new stage. How-
ever, if “transaction boundaries granularity” is assumed,
then each committed transaction creates a new stage, and
all the basic events that occurred within this transaction are
recorded in its stage, timestamped with the transaction’s
commit time. Basic events that share a stage number are
considered to be simultaneous.

These observations lead naturally to the use of Datalog: s
as a means for defining the semantics of EPL rules. Datalog:s
[2] is a temporal language that extends Datalog, by allow-
ing every predicate to have at most one temporal parameter
(constructed using the unary successor function ), in addi-
tion to the usual data parameters. The temporal argument
in our case is the stage parameter.! As discussed in [2],
Datalog, s has interesting temporal properties, such as pe-
riodicity, that can be useful in the analysis of active rule be-
havior [33]. These properties, however, are not the primary
interest of this paper. In fact, those properties no longer
hold if the original TREPL rule contains arithmetic or ag-
gregates; then the Datalog program produced by our syntax-
directed translation contains other arithmetic functions, be-
sides the successor function. The primary goal of this paper
is a definition of the semantics of TREPL; toward this goal,
the query-oriented formal semantics of Datalog; s—proper,
or extended with arithmetic, much in the same way as Dat-
alog is—provides a very natural framework.

5.2 Event Satisfaction

Each TREPL event expression is evaluated with respect to
the event history of its module. In this section we show how
an incremental evaluation scheme can be described using
Datalogis.

First, for each bastc event type monitored by a module,
we define a predicate that describes the history of the event’s
occurrences within this module. For each occurrence of that
event, this predicate contains a tuple with its attribute bind-
ings and the stage of the occurrence. For instance, for the
basic event type ins_owns in module MyModule, we get:

ins_ownsMyModule(Name, ID, Shares, Time, J) —
hist MyModule(ins.owns, Time,J),
ins_owns(Name, ID, Shares, Time).

INote that the Timestamp parameteris supplied by the database
system, and thus, it is treated as a data parameter.



hist_MyModule hist IBMTicks
FventType Timestamp Stage FuventType Timestamp  Stage
- 0000 0 — 0000 0
upd_stock-tick(TRD) 1423 1
upd_stock_tick(IBM) 1425 2
ibm_tick 1425 2 ibm_tick 1425 1
chg_count 1425 1
upd_owns 1430 3
upd_stock_tick( WER) 1502 4
upd_stock-tick(IBM) 1510 5
ibm_tick 1510 5 ibm_tick 1510 2
chg_count 1510 2
ins_owns 1536 6
upd_stock_tick(IBM) 1538 7
ibm_tick 1538 7 ibm_tick 1538 3
chg_count 1538 3
upd._stock_tick(TYG) 1549 8

Table 2: Brief event histories for module MyModule in example 2, and for
module IBMTicks in Example 10. Derived events are indented.

We can now assume that we have a single module of dis-
course, and concentrate on defining the meaning of general
TREPL event expressions. First, we introduce the notion of
satisfaction predicates. For a particular event type, simple
or composite, its satisfaction predicate describes the history
of the event’s occurrences.

We start with gualified basic events. By the notation
used so far, a qualified basic event is represented as

E = evtkind(R(X), q(X))

where evtkind is ins, del or upd, R is a relation name,
and q denotes the event’s condition expression, which can
refer to the attribute values of tuple variable X %. The rule
template for the satisfaction predicate of such an event is:

satp(X,J) — evtkindR(X,J), q(X).

where the predicate evtkind R(X, J) is defined as shown
in the last rule. For instance, the satisfaction predicate for
the event E = ins(owns(X), X.ID = ‘‘IBM") is:
satg(Name, ID, Shares, Timestamp, J) «
ins_owns(Name, ID, Shares, Timestamp, J),
ID = ‘IBW.
The concept of “an event tmmediately following another
event” can also be expressed. Take for instance the following
example, where F represents an immediate sequence:

Example 12 The immediate sequence

F = ( upd(owns(X), q1(X)), upd(owns(Y), qa(X,Y)) )
Its semantics is defined by the following three Datalog: s
rules:

sat{(X,J) — upd.owns(X,J), qq(X).
sato(X,Y,s(J)) — upd.owns(Y,s(J}), satq(X,J), qo(X,Y).
satp(X,¥,3) — satqo(X,Y,J).

The first qualified basic event occurs at stage J, if an up-
date on relation ACC is recorded at this stage and condition
qq is satisfied. The second update on ACC must then occur
at the next stage s(J) and condition qy must be satisfied.
Observe that qg can refer to the tuple variable X defined by
the first basic event, in addition to Y. The third rule is a
copy rule, inasmuch as the satisfaction of composite event F
coincides with that of sato.

2From now on, unless otherwise indicated, variables will denote
tuples.
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5.3 Derived Events and Rule Interaction

Consider example 2 again. A sample event history for mod-
ule MyModule was shown in Table 1.

When rule IBMStockTicks fires, a derived event ibm_tick
is produced. This event becomes part of the module’s event
history, and is recorded at the stage that the event part of
the rule was satisfied, and the rule fired. Thus, the new
event history for this module, that includes the ibm_tick
derived events is shown on the left hand side of Table 2.

Now, let us focus on module IBMTicks in example 10,
the event history of which is shown on the right hand side of
Table 2. This history consists of the ibm_tick occurrences,
plus the occurrences of derived events chg_count.

The rules in this module are evaluated with respect to the
event history hist_IBMTicks. For instance, the translation
for the last two rules of this module follows:

Decrease :
sat{(X,J) ~
sato(X,Y,s(J)) —

chg_count(X, J).
ibm_tick(Y,s(J)), saty(X,J),
Y.new Price < Y.oldPrice.
chg_count(X.IC+ 1, X.DC, J) — saty(X,Y,J).

Report :
satp(X,J) — chg_count(X,J), X.IC >= 2xX.DC

5.4 Star Sequences and Built-in Aggregates

Consider the following event expression, which is similar to
the event part of Example 6, but somewhat simpler than
that.

Example 13 A star sequence with temporal aggregation.

monitor update(stock_closing) as st_cl
( st_cl(X, X.ID = ‘IBM’, X.Price > 50),
* st_cl(Y, Y.ID = ‘IBM’, Y.Price > 40),
Y.Price = Max(Y.Price)

)

For this event expression, a star sequence instance begins
at the first time when the closing price of a stock exceeds
50, and 1t continues, as long as it remains above 40. When
it drops below 40, the next instance will start the next time
it raises again above 50, and so on.



The semantics of this event expression is captured by the
following rules:

st_c1(X, J),
X.ID = ‘IBM', X.Price > 50.

st_cl(Y,s(J3)), satq(X,J),
—satof, -, 5 J),
Y.ID = ‘IBM’, Y.Price > 40.

sat{(X,J) —

sato(X,Y,Y.Price,s(J)) —

sats(X, Y, MaxPrice,s(J}) —
st_cl(Y,s(J)),
sato(X, Y1,MaxPricel,J),
Y.ID = ‘IBM/, Y.Price > 40,
max(Y.Price, MaxPricei, MaxPrice).

sat3(Y,J) — sato(X,Y,MaxPrice, J),
Y.Price = MaxPrice.

max(A,B,B) — A<=B8.

max(A,B, A) — A>B.

The first rule for saty recognizes the beginning of a star
sequence instance. The negated goal —satqo(_, -, J) ensures
the left mazimality of such an instance.

The recursive rule for satg recognizes the rest of the
events in the sequence, and guarantees its right mazimal-
ity. At the same time, the aggregate Max(Y.Price) (maxi-
mum on attribute Price) is tncrementally evaluated within
a star sequence instance. This is accomplished by introduc-
ing an extra column (which we arbitrarily named MaxPrice)
in predicate sato.

The rule for satg corresponds to the goal Y.Price
max(Y.Price). Observe, that since this is a condition-only
goal, the stage argument J is not incremented.

In general, as explained in Section 3.3, a temporal aggre-
gate AggrFunc(X.A), where AggrFunc is a built-in aggrega-
tion function and X is the tuple variable of a star sequence
goal, may be used in (i) a condition in the star expression,
or (ii) a condition in a goal following the star sequence goal,
or (iil) in the head of the rule. The compiler recognizes all
these cases, and for each such aggregate, an extra column
is added in the satisfaction predicate for the corresponding
star sequence. Furthermore, the recursive rules defining this
star sequence expression are extended with additional argu-
ments and goals that allow the incremental evaluation of
aggregates. The rules for max were shown in the last exam-
ple. Similar templates can be defined for all aggregates.

5.5 From Syntax to Semantics

There exists a natural mapping from TREPL expressions
to Datalog:s, which is defined through a procedure that
derives an equivalent set of Datalog; s rules for that expres-
sion. The resulting set of rules has a well-established formal
semantics (model-theoretic and fixpoint-based) [2]. To for-
malize the translation, we represent TREPL expressions by
their parse trees, using the following prefix notation:

1. seq(Ei, E;) = (E.‘,EJ‘). 3

2. *xseq(Ei, E;) = (+Ei, Ej). *

3. and(E., E;) = E: & E;.

3(E1, EBs,...,By) seq(Ey,seq(Ea, ... ,5¢q(En_1,En)...).
Simtlarly for the relaxed sequence, the conjunction and the disjunc-
tion constructs.

4We use the binary construct *seq in place of the * TREPL con-

struct, so that the representation is more compact and easier to follow.
This is not restrictive, since » : E = *seq(E, ¢), where ¢ = no event.
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4. or(Ei, E)) = {E:, E;}).
5. neg(E) = 'E.

Example 14 A TREPL expression with Immediate and Star
Sequences.

( upd(A(X), qa(X)),
* (* ins(B(Y), qb(x,Y)), del(C(Z), qc(x,Z))),
upd(D(V), qq(X,V)) )

The parse tree for the expression of Example 14 is shown
in Figure 1. The nodes of the tree are numbered according
to the postorder traversal sequence.

Each node i corresponds to a subevent E;, e.g.,

E4 = #seq( ins(B(Y),qp(X,Y)), del(C(Z),qc(X,2)) ).

The satisfaction predicate of E; is denoted as sat;. Each
tuple of sat; contains the variable bindings for an instance
of Ej. In particular, at each stage in the event history, saty
contains one tuple for each instance of E; that can still con-
tribute towards the recognition of an instance of the root
event E.

As demonstrated by Example 14, the Datalog: s rules de-
rived from the translation of a composite TREPL expression
must model (i) the transmission of variable bindings accord-
ing to the scopes of the various TREPL constructs, so that
variables can be matched and conditions can be checked, and
(i) the temporal precedences among the various subevents.

Table 3 describes how this information is derived for each
basic TREPL construct. Formally, it defines a simple at-
tribute grammar [20, 9].

For each subevent Q of an TREPL event E, the second
column in Table 3 defines the Possible Predecessors Set of
Q, denoted as PPS(Q)). A subevent P is a possible predecessor
of Q within E, if in an instance of E, the satisfaction of P can
immediately precede the first basic event of an instance of Q
(i.e., the instance of Q can begin at the next stage). Because
of disjunctions and the star operator, a particular subevent
may have many possible predecessors.

For example, consider the immediate sequence construct
E = seq(F,G). F is the only possible predecessor of G; but
the set of possible predecessors of F depends on which events
may precede E—i.e., F inherits E’s possible predecessors.

The remaining two columns of Table 3 describe the scope
rules for variables in TREPL. The third column shows the
set of exported variables of an TREPL expression. These
are variables defined in the expression (variables appearing
in basic events within this expression), whose scopes extend
past the satisfaction of the expression. The fourth column
contains for each subevent Q of an TREPL expression, the
set of variables imported into Q. These are variables defined
outside Q, whose scopes extends to Q.

Again, for E = seq(F,G), the set of variables exported
from E is the union of the variables exported from F and G.
On the other hand, E might have imported some variable
names from previous events, and if so, these are also passed
down to F and G. In addition to variables inherited by E,
variables imported into G include those exported from F.

Consider now the third row, for E = *seq(F,G). As men-
tioned in Section 5.4, for each temporal aggregate evaluated
over a star sequence *F(X), an attribute is added to the sat-
isfaction predicate for this star sequence goal. The set of
these attributes is denoted as Aggr(F) and is exported to
following goals. On the other hand, variables defined in a
star sequence goal are normally not exported to following
goals. If however, this is desired, as for instance, in Ex-
ample 13, this can be modeled by a pseudo-aggregate this,



seq (7)

upd(A(X), qa(X)) (1)

*seq (6)

*seq (4)

ins(B(Y), b(X,Y)) (2) del(C(Z), qe(X,2)) (3)

upd(D(V), qd(X,V)) (5)

upd(A(X), qa(X)) (1)

ins(B(Y), gb(X,Y)) (2)

del(C(Z), qe(X.Z)) (3)
upd(D(V), gd(X,V)) (5)

Figure 1: The parse tree for Example 14

FvtType F PPS EVar(E) IVar
ei{R(X]] = 23, =
seq(F,G} | PPS(F) = PPS(E)} EVar(F) U EVar(G) | IVar(F) = IVar(E)
PPS(G) = {F} IVar(G) = IVar(E) U EVar(F)
+seq(F,G) | PPS(F)] = {F} U PPS(E] | Aggr(F) U EVar(G) | IVar(F) = IVar(E)
PPS(G) = {F} 1Var(G) = IVar(E) U EVar(F)
or(F,G) PPS(F) = PPS(E) # IWVar(F) = IVar(E)
PPS(G) = PPS(E) IVar(G) = IVar(E)
and(F,G] | PPS(F) = PPS(E) EVar(F)U IVar(F] = I'Var(E)
PPS(G) = PPS(E) EVar(G) 1Var(G) = 1Var(E)
neg(F) PPS(F] = PPS(E) [ IVar(F) =0

Table 3: An attribute grammar for syntax-directed translation from TREPL to Datalog:s.

which returns the last value (tuple) in the event sequence
represented by a star sequence goal.

Using this attribute grammar, the generation of the ac-
tual rules is simple, as shown in Table 4. Observe that
except for basic events, X and Y denote sets of exported
variables defined in various subevents, and IV denotes the
set of imported variables into a particular event type E. The
anonymous variable _ has replaced all variables that must
be kept local.

The first row in Table 4 defines directly the event any
{see Section 3.2), using the event history relation for the
module of discourse Mod.

The second row deals with simple events having some
possible predecessors ®. Such an event E is satisfied at stage
s(J), when: (1) a possible predecessor of E was satisfied at
stage J, (2) E occurs at stage s (J), and (3) the condition of
E is satisfied. Example 12 illustrates this translation.

The rules that define the satisfaction of an immediate
sequence or a star sequence event are copy rules, that simply
express the fact that such a sequence is satisfied, when the
last component event is satisfied — see for instance the third
rule in Example 12.

The rules for disjunction and conjunction are straight-
forward. Observe that in a conjunction, all the variables de-
fined in its conjuncts are exported, whereas in a disjunction,
none of the variables defined in its disjuncts is exported. The
rule for negated events expresses the fact that —~F(X) is sat-
isfied at every stage following the satisfaction of one of its
predecessor events, provided that F(X) is not satisfied at
that stage.

5The translation for a simple event with no predecessors is exem-
plified at in the beginning of Section 5.2
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Note also, that the variables of a satisfaction predicate
consist of the union of its exported variables, plus the vari-
ables imported into it.

6 Related Work and Conclusions

In this paper, we proposed temporal aggregation primitives
for active database rules triggered by composite events. The
capabilities of TREPL in this domain extend substantially
those of previous systems, such as ODE [14], Snoop [3]
and SAMOS [13]. Basically, these systems can express only
counting aggregates, such as first, n-th and every n-th. Snoop
and SAMOS also provide constructs for collecting the pa-
rameter bindings of all occurrences of a particular event
type, within a time interval. The composite event is sig-
naled at the end of this interval, and its set of parameter
bindings can be used for computing aggregates. However,
the languages themselves do not provide any aggregation
features, and thus, the signaled application has to perform
the necessary aggregations, using the returned parameter
bindings.

A powerful temporal aggregation construct for active
rules has been recently proposed by Sistla and Wolfson [28].
This system supports condition-action rules only, which are
expressed using a variation of Past Temporal Logic (PTL)
that includes an assignment operator. However, this sys-
tem cannot handle event-based expressions, which prevail
in active databases.

Our technical requirements in defining temporal aggrega-
tion features have been inspired by database-centered TSMS.
Traditionally, time-series analysis applications have been de-
veloped in the framework of statistical packages, e.g. [12].



Event Type I

Datalog;s Rule Templates

Any Basic Fvent

any(J) — hist_-Mod(-, _, J)

Stmple Fvent
evt(R(X), Cond)

for each P € PPS(E)
satp(IV, X,s(J)) — evt_R(X, s(J)), satp(IV,_ J),

Cond(I1V, X)

seq(F(X),G(Y))

5atz(IV, X, Y, ) = satc(IV, X, Y, J)

xseq(F(X),G(Y))

satg(IV,Y, J) — salc(IV, Y, J)

or(F(X),G(Y))

satg(IV,J) — satp(IV, X, J)
satg(IV,J) « satc(IV,Y, J)

and(F(X],G(Y))

sats (X, Y, IV, J) = satr (IV, X, J), satc(IV,Y,7)

for each P € PPS(E)

neg(F(X)) satg(IV,s(J)) — any(s(J)), satp(IV,_ J),
—satp(., s(J))
€ for each P € PPS(E), satg(IV,J) — satp(IV,_, J)

Table 4: Datalog:s rule templates for the basic constructs of TREPL.

More recently however, database systems supporting time-
series have appeared. In particular, Illustra {18] provides
abstract data types for time-series management and analy-
sis. Associated methods provide primitive time-series func-
tions, and these methods can be combined to perform more
complicated tasks [4]. CALANDA [10] is a special purpose
object-oriented DBMS for time-series management. In con-
trast to these systems, which represent a time-series as a
‘blob’ managed by the system, SEQ [26, 27] is a relational
system that stores a time-series as an ordered collection of
tuples. SEQ provides a declarative sequence query language
based on an algebra of query operators, and therefore, it is
more conducive to algebraic query optimization and evalu-
ation.

In this paper, we have shown that temporal aggregation
capabilities as powerful as those offered by TSMS can be
easily added to active rule systems that support composite
events. For TREPL, this was achieved by simply enhancing
the star construct that was already present in EPL. Other
composite event languages such ODE [14], Snoop [3] and
SAMOS [13] also provide constructs and functionality that
are closely related to EPL’s star construct. Thus, these
languages could also be enhanced with temporal aggregation
capabilities, and this provides a topic for future research.

The lessons learned during the design of TREPL are
also significant for TSMSs languages, which despite provid-
ing powerful temporal aggregation capabilities, they do not
match the ability of active database languages in describ-
ing complex patterns of events. For instance, they do not
provide linear recursion operators for recognizing repeating
event patterns. Here instead, we have shown that both kinds
of temporal reasoning primitives can be naturally supported
within one language.

Moreover, TSMS languages often rely on the use of mul-
tiple passes through the stored data for specifying complex
queries. In active databases instead, powerful queries can be
expressed by reasoning upon the incoming event sequence
on-the-fly. Furthermore, it is not necessary to physically
store the event-series. This corresponds to a stream-oriented
processing strategy which is known to be efficient and desir-
able in databases.

Our plan for future research is to pursue the oppor-
tunities outlined above and add further improvements to
TREPL. Among these, there is user-defined extensible cal-
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endars, where sequential time structures different than the
ones associated with the standard gregorian calendar can
be defined. Another possible improvement is support for
cross-sectional analysis, where multiple event streams are
cross-analyzed and aggregated over dimensions other than
time. Another issue that is worth exploring is the design of
general rule templates that will make it easier for the user
to define new specialized aggregates.

In general, TREPL can be viewed as a first step towards
the unification, or, at least, consolidation of languages and
models used by composite-event active rule languages and
time-series languages. The objective of providing a unifying
paradigm for different modes of temporal and event-based
reasoning suggests interesting and useful problems for fur-
ther work.
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