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Abstract

Several complex systems operate by observing a set of primitive events
that happen in the external environments, interpreting and combining
them to identify higher level composite events, and finally sending the
notifications about these events to the components in charge of reacting
to them, thus determining the overall system’s behavior.
Examples of systems that operate this way are sensor networks for

environmental monitoring, financial applications, fraud detection tools,
and RFID-based inventory management. More in general, as observed
in [1], the information system of every complex company can and should
be organized around an event-based core that realizes a sort of nervous
system to guide and control the operation of the other sub-systems.
The task of identifying composite events from primitive ones is per-

formed by the Complex Event Processing (CEP) Engine. It operates by
interpreting a set of event definition rules that describe how composite
events are defined from primitive ones. The CEP engine is usually part
of a CEP system or middleware which also handles the communication
with local and remote clients.
To capture all the requirements of the aforementioned applications, a

CEP engine has to face several challenges. First, it has to provide a suit-
able language for rule specification, explicitly tailored to model complex
temporal relationships that join together primitive events in composite
ones. Second, it has to implement efficient processing algorithms, to de-
tect composite events and deliver notifications to interested parties with
the lowest possible delay. Finally, it has to support distributed scenar-
ios, in which the communication parties may be deployed over a wide
geographical area.
This thesis first proposes a modelling framework to compare and ana-

lyze not only existing CEP systems, but all the systems developed with
the aim of processing continuous flows of information according to pre-
deployed processing rules. This allows us to identify the main advantages
and limitations of existing approaches, by looking at a wide range of pro-
posals. Moreover, our modelling framework draws a common ground for
comparing efforts coming from different research communities, with dif-
ferent background, expertise, and vocabulary. We believe that our work
can bridge the gap between different worlds, promoting the communica-
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tion and reducing the effort required to compare and merge the results
produced so far.
Moving from the issues identified while analyzing existing works, we

introduce T-Rex, a new CEP system explicitly designed to combine ex-
pressiveness and efficiency. In particular, we first present TESLA, the
new event definition language used by T-Rex. TESLA is explicitly de-
signed to model in an easy and natural way the complex relationships
that join primitive events and the actions required to aggregate them to
obtain composite events.
Then we discuss in details the implementation of T-Rex, studied to

efficiently process TESLA rules. First of all we focus on the problem of
matching, i.e., selecting relevant (primitive) events based on their con-
tent, which is one of the fundamental actions present in every event-based
system. We propose a novel matching algorithm explicitly designed to
take advantage of parallel hardware, including modern Graphical Pro-
cessing Units (GPUs). This is the first solution that analyzed the adop-
tion of parallel hardware to speed up matching and our evaluation shows
impressive results with respect to existing sequential solutions.
Afterward, we focus on complete TESLA rules, and we discuss and

compare two different processing algorithms that take two opposite ap-
proaches to process incoming events. A comparison with existing prod-
ucts shows the effectiveness of both our proposals and the differences
among them.
Independently from the adopted algorithm, T-Rex leverages the pres-

ence of multiple processing cores to efficiently evaluate different rules in
parallel. To further reduce the time required to handle the most complex
rules, i.e., those involving a large number of primitive events, we present
and evaluate a third algorithm to process TESLA rules on GPUs.
Our contribution goes beyond the implementation of T-Rex, indeed

this is the first work that describes in details how CEP can leverage
off-the-shelf parallel hardware: multi-core CPUs and GPUs. Since our
analysis is organized around the basic language constructs provided by
TESLA, but also present in most of existing CEP languages, our work
represents an important contribution to determine how CEP can take ad-
vantage of currently available parallel hardware architectures and which
processing algorithms are best suited to exploit their processing power.
The last aspect examined by this thesis is how to take advantage of the

availability of multiple processing nodes, distributing the processing load
over different machines, to better support large-scale distributed scenar-
ios, reducing the delay required to receive results, or the occupation of
network resources. To this extent, we present and compare different solu-
tions for a distributed T-Rex, extracting the advantages and limitations
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of each of them. They include the protocols to organize available nodes
into an overlay network, to partition and distribute event definition rules,
and to cooperatively handle event processing and delivery.
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Riassunto

Molti sistemi complessi si basano sull’osservazione di eventi primitivi pro-
venienti dall’ambiente esterno, interpretandoli e aggregandoli in eventi
compositi, che offrono una conoscenza del mondo a un livello di astrazio-
ne superiore. Infine, inviano notifiche di tali eventi a tutti i componenti
adibiti a prendere decisioni e mettere in atto azioni sulla base di essi,
determinando in questo modo il comportamento complessivo del sistema.
Esistono svariati sistemi che operano in questo modo: le reti di sensori

per il monitoraggio ambientale, le applicazioni finanziarie, i tool per la
scoperta di frodi bancarie e i sistemi automatici di gestione dei prodotti
basati su tecnologia RFID. Più in generale, come osservato in [1], il
sistema informativo di ogni azienda può e dovrebbe essere organizzato
intorno a un centro di gestione degli eventi, che realizzi una sorta di
sistema nervoso per guidare e controllare il comportamento di ogni altro
sotto-sistema.
Il compito di identificare eventi compositi a partire da eventi primitivi è

svolto da un motore di Complex Event Processing (CEP). Esso interpreta
una serie di regole che descrivono come gli eventi compositi sono definiti a
partire dai primitivi. Il motore di CEP è solitamente parte di un sistema
o middleware di CEP, il quale si occupa anche di gestire la comunicazione
con componenti locali e remoti.
Per rispondere a tutte le esigenze delle applicazioni prima descritte,

un motore di CEP deve soddisfare alcuni requisiti. In primo luogo, deve
fornire un adeguato linguaggio per la definizione delle regole, espressa-
mente studiato per esprimere complesse relazioni temporali. In secondo
luogo, deve implementare algoritmi di processing efficienti, per produr-
re eventi compositi e inviare notifiche ai componenti interessati con una
bassa latenza. Infine, deve poter supportare scenari distribuiti, in cui
gli attori che prendono parte alla comunicazione potrebbero coprire una
vasta area geografica.
In questa tesi viene dapprima proposto un framework di modelli che

permette di analizzare e confrontare non solo i sistemi CEP esistenti, ma
più in generale tutti i sistemi nati per processare flussi continui di infor-
mazioni sulla base di un insieme di regole. Questo ci permette di indi-
viduare i principali vantaggi e limitazioni degli approcci proposti sinora,
guardando ad un ampio insieme di sistemi. Inoltre, il nostro framework
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definisce un terreno comune per il confronto degli sforzi di ricerca in-
trapresi da diverse comunità, aventi diverse basi teoriche, conoscenze, e
terminologie. Crediamo che questo lavoro possa contribuire a ridurre la
distanza fra le diverse aree di ricerca, semplificando la comunicazione e
agevolando lo scambio di esperienze, per portare a un’unione dei risultati
ottenuti nel recente passato.
Partendo dalle problematiche individuate durante l’analisi dei sistemi

esistenti, nella tesi viene poi presentato T-Rex un nuovo sistema di CEP,
pensato per offrire espressività ed efficienza. In particolare, proponiamo
innanzitutto TESLA, il nuovo linguaggio utilizzato da T-Rex per la de-
finizione di eventi. TESLA è espressamente pensato per modellare in
modo semplice e naturale le complesse relazioni tra eventi primitivi e le
azioni necessarie per aggregarli in eventi compositi.
Successivamente viene presentata in dettaglio l’implementazione di T-

Rex, studiato per processare in modo efficiente regole TESLA. La tesi
si sofferma prima sul problema del matching, ovvero della selezione di
eventi (primitivi) sulla base del contenuto degli eventi stessi. Tale pro-
blema sta alla base di ogni sistema a eventi. Nella tesi si propone un
nuovo algoritmo espressamente progettato per sfruttare hardware paral-
lelo, incluse le moderne schede grafiche (GPU). Questo è il primo lavoro
in cui si analizza l’utilizzo di hardware parallelo per velocizzare il proces-
so di matching e la fase di valutazione mostra significativi miglioramenti
rispetto agli algoritmi sequenziali presenti in letteratura.
La tesi si concentra quindi sulla valutazione completa di regole TESLA,

descrivendo e confrontando due algoritmi di processing che seguono due
diversi approcci per l’analisi degli eventi in ingresso. Un confronto con i
sistemi esistenti mostra i benefici della proposta presentata.
Indipendentemente dall’algoritmo adottato, T-Rex è in grado di sfrut-

tare la presenza di più core per valutare in maniera efficiente diverse
regole in parallelo. Un ulteriore contributo della tesi deriva dalla defini-
zione di un algoritmo di processing espressamente pensato per girare sulle
moderne schede grafiche, il quale permette di ridurre significativamente
il tempo necessario per gestire singole regole complesse, che richiedono
l’analisi di un ingenete numero di eventi.
È nostra convinzione che il contributo di questa tesi vada oltre la sem-

plice progettazione e implementazione di T-Rex. Infatti essa è il primo
lavoro ad analizzare in dettaglio come CEP possa trarre vantaggio dal-
la presenza di hardware parallelo: multi-core CPU e GPU. Sebbene la
nostra analisi si concentri sugli operatori offerti da TESLA, questi costi-
tuiscono la base di molti linguaggi per la definizione di eventi presenti
in letteratura. Per tale ragione il nostro lavoro costituisce un importan-
te contributo per determinare come CEP possa trarre vantaggio dalle
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architetture di hardware parallelo oggi disponibili e quali algoritmi di
processing siano più adatti per sfruttarne al meglio le caratteristiche.
L’ultimo aspetto esaminato in questa tesi riguarda la possibilità di

sfruttare la presenza di diversi nodi, distribuendo il carico di processing
tra essi, al fine di offrire un miglior supporto a scenari distribuiti, ridu-
cendo la latenza necessaria per la ricezione di risultati e l’occupazione
di risorse di rete. In tale ambito presentiamo e confrontiamo diverse
soluzioni per un sistema T-Rex distribuito, evidenziando i vantaggi e
le limitazioni di ognuna di esse. Tali soluzioni includono i protocolli
per organizzare i nodi disponibili in una overlay network, per scomporre
e distribuire le regole di definizione degli eventi e per gestire in modo
cooperativo l’elaborazione e l’invio di eventi.
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1 Introduction

Several complex systems operate by observing a set of primitive events
that happen in the external environments, interpreting and combining
them to identify higher level composite events, and finally sending the
notifications about these events to the components in charge of reacting
to them, thus determining the overall system’s behavior.
Examples of systems that operate this way are sensor networks for

environmental monitoring [2, 3]; financial applications requiring a con-
tinuous analysis of stocks to detect trends [4]; fraud detection tools,
which observe streams of credit card transactions to prevent frauds [5];
RFID-based inventory management, which performs a continuous anal-
ysis of registered data to track valid paths of shipments and to capture
irregularities [6]. More in general, as observed in [1], the information
system of every complex company can and should be organized around
an event-based core that realizes a sort of nervous system to guide and
control the operation of the other sub-systems.

Complex Event
Processing Engine

Event observers
(sources)

Event consumers
(sinks)

Event definition
rules

Figure 1.1: The high-level view of an CEP application

The general architecture of such event-based applications is shown in
Figure 1.1. At the peripheral of the system are the sources and the
sinks. The former observe primitive events and report them, while the
latter receive composite event notifications and react to them. The task
of identifying composite events from primitive ones is performed by the
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1 Introduction

Complex Event Processing (CEP) Engine. This fundamental component
is usually part of a CEP middleware (which also includes the client-side
libraries to access the engine) and operates by interpreting a set of event
definition rules, which describe how composite events are defined from
primitive ones.
Recently, a number of systems were developed that aim at playing the

role of a CEP middleware as identified above. As we will better motivate
in Chapter 2, they can be considered part of a wide class of systems, that
we callectively define Information Flow Processing (IFP) systems [7].
IFP systems were developed to solve the general problem of processing
continuous flows of information coming from heterogeneous sources to
produce new knowledge and deliver it to interested components.
To capture all the requirements of a CEP middleware, IFP systems

have to face several challenges.

• They have to provide a suitable language for rule specification.
Such a language should be explicitly tailored to model complex
temporal relationships that join together primitive events in com-
posite ones; it should be expressive, to satisfy all the needs of above
mentioned applications; it should be easy to use, to simplify the
task of writing rules in different application scenarios; finally, it
should provide a clear and unambiguous semantics.

• They have to implement efficient processing algorithms, to detect
composite events and deliver notifications to sinks with the lowest
possible delay. These algorithm should be able to scale with the
number and the complexity of the rules deployed, to embrace large
scale applications.

• They have to support distributed scenarios, in which sources and
sinks may be deployed over a wide geographical area.

As we will better argument in the following chapters, existing pro-
posals can hardly fulfill all these requirements. To overcome these lim-
itations, this thesis introduces T-Rex, a new CEP system, explicitly
designed to combine a simple yet expressive rule definition language and
efficient algorithms for event processing and notification. The main con-
tributions of this work cover five different areas:

• We propose a modelling framework for IFP systems. This allows
us to classify and compare a large number of existing systems, to
understand the advantages and limitations of each of them. More-
over, as mentioned above, IFP systems come from different com-
munities, with different background and expertise. We believe that
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1.1 Organization of the Thesis

our work can bridge the gap between different worlds, promoting
the communication and reducing the effort required to merge the
results produced so far.

• We propose a new rule definition language, called TESLA. TESLA
is explicitly designed to model in an easy and natural way the
complex relationships that join primitive events and the actions
required to aggregate them to obtain composite events.

• We propose PCM, a novel matching algorithm. Matching is the
process that selects relevant (primitive) events based on their con-
tent. This is a key functionality, present in all event-based systems,
and represents a first, fundamental, step toward the definition of
a CEP system. PCM is explicitly designed to take advantage of
parallel hardware, including modern Graphical Processing Units
(GPUs). A detailed comparison of PCM against state of the art
shows significant advantages over existing solutions.

• We discuss the design and implementation of T-Rex, our CEP en-
gine, studied to efficiently evaluate TESLA rules. More in particu-
lar, we discuss and compare two different processing algorithms,
that take two opposite approaches to process incoming events.
A comparison with existing products shows the effectiveness of
our proposals. Independently from the adopted algorithm, T-Rex
leverages the presence of multiple processing cores to efficiently
evaluate different rules in parallel. To further reduce the time re-
quired to handle the most complex rules, i.e., those involving a
large number of primitive events, we present and evaluate a third
algorithm to process TESLA rules on GPUs.

• To support large scale distributed scenarios we discuss and compare
different solutions for distributing complex event processing over
multiple machines. They include the protocols to organize available
nodes into an overlay network, to partition and distribute event
definition rules and sinks’ interests, and to cooperatively handle
event processing and delivery.

1.1 Organization of the Thesis

The thesis is structured as follows:

• Chapter 2 presents our modelling framework for IFP systems. This
introduces a precise terminology that is adopted throughout the
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thesis. The framework is then used to classify and compare several
existing systems, isolating their advantages and limitations. This
allows us to draw a precise picture of the research area, identifying
the results achieved so far and expliciting the open issues.

• Chapter 3 introduces TESLA, our rule definition language. The
chapter presents all TESLA operators, providing a formal defini-
tion for each of them using TRIO, a metric temporal logic. Chap-
ter 3 also introduces some motivating examples that will be used
throughout the thesis to evaluate our work and compare it with
existing proposals.

• Chapter 4 introduces PCM (Parallel Content-Based Matching),
our parallel algorithm for content-based matching. Content-Based
matching plays a central role in many systems, and it is one of the
main building blocks of a CEP system. Chapter 4 first introduces
two parallel programming models, naming OpenMP (for multi-core
CPUs) and CUDA (for GPUs) and shows how PCM can be effi-
ciently implemented on both of them. Finally, it evaluates the
performance of PCM against a state-of-the art matching system.

• Chapter 5 presents the design and implementation of T-Rex, our
CEP engine studied to efficiently process TESLA rules. The Chap-
ter presents and compare two separate implementations of T-Rex
that adopt two different processing algorithms. Finally, it eval-
uates the behavior of T-Rex in details, using a large number of
workloads, and comparing it with a mature and widely adopted
CEP system.

• Chapter 6 shows how one of the processing algorithms used in T-
Rex can be implemented on the CUDA parallel architecture to run
efficiently on GPUs. It evaluates the performance of this solution in
details, extracting some general conclusions about the aspects that
make the use of GPUs more profitable for a CEP rule evaluation
algorithm.

• Chapter 7 shows how T-Rex can benefit from the presence of multi-
ple processing nodes to distribute the processing load. We present
different protocols for distributed event detection in details and
we evaluate the benefits and limitations of each of them using a
network simulator.

• Finally, Chapter 8 provides some conclusive remarks and indication
for future research initiatives.
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2 A Modelling Framework for
IFP Systems

2.1 Introduction

This chapter introduces a modeling framework for IFP systems, and
uses it to classify and compare existing proposals, coming both from the
academia and from the industry.
In the following, we collectively call Information Flow Processing (IFP)

domain the domain of distributed applications that require processing
continuously flowing data from geographically distributed sources at un-
predictable rate to obtain timely responses to complex queries. Examples
of such applications come from the most disparate fields: from wireless
sensor networks to financial tickers, from traffic management to click-
stream inspection.
Likewise we call Information Flow Processing (IFP) engine a tool

capable of timely processing large amount of information as it flows from
the peripheral to the center of the system.
The concepts of “timeliness” and “flow processing” are crucial to justify

the need of a new class of systems. Indeed, traditional DBMSs: (i)
require data to be (persistently) stored and indexed before it could be
processed, and (ii) process data only when explicitly asked by the users,
i.e., asynchronously with respect to its arrival. Both aspects contrast
with the requirements of IFP applications. As an example, consider the
need of detecting fire in a building by using temperature and smoke
sensors. On the one hand, a fire alert has to be notified as soon as
the relevant data becomes available. On the other, there is no need to
store sensor readings if they are not relevant for fire detection, while the
relevant data can be discarded as soon as the fire is detected, since all the
information they carry, like the area where the fire occurred, if relevant
for the application, should be part of the fire alert.
These requirements led to the development of a number of systems

specifically designed to process information as a flow (or a set of flows)
according to a set of pre-deployed processing rules. Despite having a
common goal, these systems differ in a wide range of aspects, including
architecture, data models, rule languages, and processing mechanisms.
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In part, this is due to the fact that they were the result of the research
efforts of different communities, each one bringing its own view of the
problem and its background for the definition of a solution, not to men-
tion its own vocabulary [8]. After several years of research and devel-
opment we can say that two models emerged and are today competing:
the data stream processing model [9] and the complex event processing
model [1].
As suggested by its own name, the data stream processing model de-

scribes the IFP problem as processing streams of data coming from dif-
ferent sources to produce new data streams as an output, and views this
problem as an evolution of traditional data processing, as supported by
DBMSs. Accordingly, Data Stream Management Systems (DSMSs) have
their roots in DBMSs but present substantial differences. While tradi-
tional DBMSs are designed to work on persistent data, where updates
are relatively infrequent, DSMSs are specialized in dealing with transient
data that is continuously updated. Similarly, while DBMSs run queries
just once to return a complete answer, DSMSs execute standing queries,
which run continuously and provide updated answers as new data ar-
rives. Despite these differences, DSMSs resemble DBMSs, especially in
the way they process incoming data through a sequence of transforma-
tions based on common SQL operators like selections, aggregates, joins,
and in general all the operators defined by relational algebra.
Conversely, the complex event processing model views flowing infor-

mation items as notifications of events happening in the external world,
which have to be filtered and combined to understand what is happening
in terms of higher-level events. Accordingly, the focus of this model is
on detecting occurrences of particular patterns of (low-level) events that
represent the higher-level events whose occurrence has to be notified to
the interested parties. While the contributions to this model come from
different communities, including distributed information systems, busi-
ness process automation, control systems, network monitoring, sensor
networks, and middleware in general. The origins of this approach may
be traced back to the publish-subscribe domain [10]. Indeed, while tra-
ditional publish-subscribe systems consider each event separately from
the others, and filter them (based on their topic or content) to decide if
they are relevant for subscribers, Complex Event Processing (CEP) sys-
tems extend this functionality by increasing the expressive power of the
subscription language to consider complex event patterns that involve
the occurrence of multiple, related events.
It is our firm belief that both models have historically brought im-

portant contributions in the IFP domain. Accordingly, we define our
modeling framework with the aim of comparing the results coming from
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the different communities, and we use it to provide an extensive review
of the state of the art in the area, with the overall goal of reducing the
effort to merge the results produced so far.
The rest of the chapter is organized as follows: Section 2.2 describes

the IFP domain in more detail, provides an initial description of the dif-
ferent technologies that have been developed to support it, and explains
the need for combining the best of different worlds to fully support IFP
applications. Section 2.3 describes our framework to model and ana-
lyze the different aspects that are relevant for an IFP engine from its
functional architecture, to its data and processing models, to the lan-
guage it provides to express how information has to be processed, to its
run-time architecture. We use this framework in Section 2.4 to describe
and compare the state of the art in the field, discussing the results of
such classification in Section 2.5. Section 2.6 reviews existing attempt
to model the IFP domain and other work that are strictly related with
the IFP domain. Finally, Section 2.7 provides some conclusive remarks
and a list of open issues that emerge from our analysis of the state of
the art.

2.2 Background and Motivation

In this section we characterize the application domain that we call Infor-
mation Flow Processing and motivate why we introduce a new term. We
describe the different technologies that have been proposed to support
such a domain and conclude by motivating the need for our modeling
framework.

2.2.1 The IFP Domain

With the term Information Flow Processing (IFP) we refer to an appli-
cation domain in which users need to collect information produced by
multiple, distributed sources, to process it in a timely way, in order to
extract new knowledge as soon as the relevant information is collected.
Examples of IFP applications come from the most disparate fields.

In environmental monitoring, users need to process data coming from
sensors deployed in the field to acquire information about the observed
world, detect anomalies, or predict disasters as soon as possible [2, 3].
Similarly, several financial applications require a continuous analysis of
stocks to identify trends [4]. Fraud detection requires continuous streams
of credit card transactions to be observed and inspected to prevent
frauds [11]. To promptly detect and possibly anticipate attacks to a
corporate network, intrusion detection systems have to analyze network
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traffic in real-time, generating alerts when something unexpected hap-
pens [12]. RFID-based inventory management performs continuous anal-
ysis of RFID readings to track valid paths of shipments and to capture
irregularities [6]. Manufacturing control systems often require anomalies
to be detected and signalled by looking at the information that describe
how the system behaves [13, 14].
Common to all these examples is the need of processing information as

it flows from the periphery to the center of the system without requiring
at least in principle the information to be persistently stored. Once the
flowing data has been processed, producing new information, it can be
discarded, while the newly produced information leaves the system as its
output. Notice that complex applications may also need to store data,
e.g., for historical analysis, but in general this is not the goal of the IFP
subsystem.
The broad spectrum of applications domains that require “information

flow processing” in the sense above, explains why several research com-
munities focused their attention to the IFP domain, each bringing its
own expertise and point of view, but also its own vocabulary. The result
is a typical “Tower of Babel syndrome”, which generates misunderstand-
ings among researchers that negatively impacts the spirit of collaboration
required to advance the state of the art [15]. This explains why in our
framework we decided to adopt our own vocabulary, moving away from
terms like “event”, “data”, “stream”, or “cloud”, to use more general (and
unbiased) terms like “information” and “flow”. In so doing, we neither
have the ambition to propose a new standard terminology nor we want
to contribute to “raising the tower”. Our only desire is to help the reader
look at the field with her’s mind clear from any bias toward the meaning
of the various terms used.
This goal lead us to model an IFP system as in Figure 2.1. The IFP

engine is a tool that operates according to a set of processing rules,
which describe how incoming flows of information have to be processed
to timely produce new flows as outputs. The entities that create the in-
formation flows entering the IFP engine are called information sources.
Examples of such information are notifications about events happening in
the observed world or, more generally, any kind of data that reflects some
knowledge generated by the source. Information items that are part of
the same flow are neither necessarily ordered nor of the same kind. They
are information chunks, with their semantics and relationships (includ-
ing total or partial ordering, in some cases). The IFP engine takes such
information items as input and processes them, as soon as they are avail-
able, according to a set of processing rules, which specify how to filter,
combine, and aggregate different flows of information, item by item, to
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generate new flows, which represent the output of the engine. We call
information sinks the recipients of such output, while rule managers are
the entities in charge of adding or removing processing rules. In some
situations the same entity may play different roles. For example, it is
not uncommon for an information sink to submit the rules that produce
the information it needs.

Information Flow
Processing Engine

Information
flows

Sources

Information
flows

Sinks

Rule managers

Processing
Rules

Figure 2.1: The high-level view of an IFP system

While the definition above is general enough to capture every IFP
system we are interested in classifying, it encompasses some key points
that characterize the domain and come directly from the requirements
of the applications we mentioned above. First of all the need to per-
form real-time or quasi real-time processing of incoming information to
produce new knowledge (i.e., outgoing information). Second, the need
for an expressive language to describe how incoming information has to
be processed, with the ability of specifying complex relationships among
the information items that flow into the engine and are relevant to sinks.
Third, the need for scalability to effectively cope with situations in which
a very large number of geographically distributed information sources
and sinks have to cooperate.

2.2.2 IFP: One Name Different Technologies

As we mentioned, IFP has attracted the attention of researchers com-
ing from different fields. The first contributions came from the database
community in the form of active database systems [16], which were intro-
duced to allow actions to automatically execute when given conditions
arise. Data Stream Management Systems (DSMSs) [9] pushed this idea
further, to perform query processing in the presence of continuous data
streams.
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In the same years that saw the development of DSMSs, researchers
with different backgrounds identified the need for developing systems
that are capable of processing not generic data, but event notifications,
coming from different sources, to identify interesting situations [1]. These
systems are usually known as Complex Event Processing (CEP) Systems.

Active Database Systems

Traditional DBMSs are completely passive, as they present data only
when explicitly asked by users or applications: this form of interaction
is usually called Human-Active Database-Passive (HADP). Using this
interaction model it is not possible to ask the system to send notifications
when predefined situations are detected. Active database systems have
been developed to overcome this limitation: they can be seen as an
extension of classical DBMSs where the reactive behavior can be moved,
totally or in part, from the application layer into the DBMS.
There are several tools classified as active database systems, with dif-

ferent software architectures, functionality, and oriented toward different
application domains; still, it is possible to classify them on the basis of
their knowledge model and execution model [17]. The former describes
the kind of active rules that can be expressed, while the latter defines
the system’s runtime behavior.
The knowledge model usually considers active rules as composed of

three parts:

• Event defines which sources can be considered as event generators:
some systems only consider internal operators, like a tuple insertion
or update, while others also allow external events, like those raised
by clocks or external sensors;

• Condition specifies when an event must be taken into account; for
example we can be interested in some data only if it exceeds a
predefined limit;

• Action identifies the set of tasks that should be executed as a re-
sponse to an event detection: some systems only allow the modifi-
cation of the internal database, while others allow the application
to be notified about the identified situation.

To make this structure explicit, active rules are usually called Event-
Condition-Action (ECA) rules.
The execution model defines how rules are processed at runtime. Here,

five phases have been identified:
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• signaling i.e., detection of an event;

• triggering i.e., association of an event with the set of rules defined
for it;

• evaluation i.e., evaluation of the conditional part for each triggered
rule;

• scheduling i.e., definition of an execution order between selected
rules;

• execution i.e., execution of all the actions associated to selected
rules.

Active database systems are used in three contexts: as a database
extension, in closed database applications, and in open database appli-
cations. As a database extension, active rules refer only to the inter-
nal state of the database, e.g., to implement an automatic reaction to
constraint violations. In closed database applications, active rules can
support the semantics of the application but external sources of events
are not allowed. Finally, in open database applications events may come
both from inside the database and from external sources. This is the
domain that is closer to IFP.

Data Stream Management Systems

Even when taking into account external event sources, active database
systems, like traditional DBMSs, are built around a persistent storage
where all the relevant data is kept, and whose updates are relatively
infrequent. This approach negatively impacts on their performance when
the number of rules expressed exceeds a certain threshold or when the
arrival rate of events (internal or external) is high. For most applications
we classified as IFP such limitations are unacceptable.
To overcome them, the database community developed a new class

of systems oriented toward processing large streams of data in a timely
way: Data Stream Management Systems (DSMSs). DSMSs differ from
conventional DBMSs in several ways:

• differently from tables, streams are usually unbounded;

• no assumption can be made on data arrival order;

• size and time constraints make it difficult to store and process
data stream elements after their arrival; one-time processing is the
typical mechanism used to deal with streams.
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Users of a DSMS install standing (or continuous) queries, i.e., queries
that are deployed once and continue to produce results until removed.
Standing queries can be executed periodically or continuously as new
stream items arrive. They introduce a new interaction model w.r.t. tra-
ditional DBMSs: users do not have to explicitly ask for updated informa-
tion, rather the system actively notifies it according to installed queries.
This form of interaction is usually called Database-Active Human-Passive
(DAHP) [18].

QQQ

Stream 1

...
Stream 2

Stream n

Stream

Store

ScratchThrow

Figure 2.2: The typical model of a DSMS

Several implementations were proposed for DSMSs. They differ in the
semantics they associate to standing queries. In particular, the answer
to a query can be seen as an append only output stream, or as an entry
in a storage that is continuously modified as new elements flow inside
the processing stream. Also, an answer can be either exact, if the system
is supposed to have enough memory to store all the required elements of
input streams’ history, or approximate, if computed on a portion of the
required history [19, 20].
In Figure 2.2 we report a general model for DSMSs, directly taken

from [21]. The purpose of this model is to make several architectural
choices and their consequences explicit. A DSMS is modeled as a set of
standing queries Q, one or more input streams and four possible outputs:

• the Stream is formed by all the elements of the answer that are
produced once and never changed;

• the Store is filled with parts of the answer that may be changed
or removed at a certain point in the future. The Stream and the
Store together define the current answer to queries Q ;

• the Scratch represents the working memory of the system, i.e. a
repository where it is possible to store data that is not part of the
answer, but that may be useful to compute the answer;
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• the Throw is a sort of recycle bin, used to throw away unneeded
tuples.

To the best of our knowledge, the model described above is the most
complete to define the behavior of DSMSs. It explicitly shows how
DSMSs alone cannot entirely cover the needs for IFP: being an extension
of database systems, DSMSs focus on producing query answers, which
are continuously updated to adapt to the constantly changing contents
of their input data. Detection and notification of complex patterns of
elements involving sequences and ordering relations are usually out of
the scope of these systems.

Complex Event Processing Systems

The limitation above originates from the same nature of DSMSs, which
are generic systems that leave to their clients the responsibility of associ-
ating a semantics to the data being processed. Complex Event Processing
(CEP) Systems adopt the opposite approach. As shown in Figure 2.3,
they associate a precise semantics to the information items being pro-
cessed: they are notifications of events happened in the external world
and observed by sources. The CEP engine is responsible for filtering
and combining such notifications to understand what is happening in
terms of higher-level events (sometimes also called composite events or
situations) to be notified to sinks, which act as event consumers.

Complex Event
Processing Engine

Event observers
(sources)

Event consumers
(sinks)

Figure 2.3: The high-level view of a CEP system

Historically, the first event processing engines [22] focused on filtering
incoming notifications to extract only the relevant ones, thus supporting
an interaction style known as publish-subscribe. This is a message ori-
ented interaction paradigm based on an indirect addressing style. Users
express their interest in receiving some information by subscribing to spe-
cific classes of events, while information sources publish events without
directly addressing the receiving parties. These are dynamically chosen
by the publish-subscribe engine based on the received subscriptions.
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Conventional publish-subscribe comes in two flavors: topic and content-
based [10]. Topic-based systems allow sinks to subscribe only to pre-
defined topics. Publishers choose the topic each event belongs to be-
fore publishing. Content-based systems allow subscribers to use complex
event filters to specify the events they want to receive based on their con-
tent. Several languages have been used to represent event content and
subscription filters: from simple attribute/value pairs [23] to complex
XML schema [24, 25].
Whatever language is used, subscriptions may refer to single events

only [26] and cannot take into account the history of already received
events or relationships between events. To this end, CEP systems can
be seen as an extension to traditional publish-subscribe, which allow
subscribers to express their interest in composite events. As their name
suggests, these are events whose occurrence depends on the occurrence
of other events, like the fact that a fire is detected when three different
sensors, located in an area smaller than 100m2, report a temperature
greater than 60oC, within 10 sec. one from the other.
CEP systems put great emphasis on the issue that represents the main

limitation of most DSMSs: the ability to detect complex patterns of
incoming items, involving sequencing and ordering relationships. Indeed,
the CEP model relies on the ability to specify composite events through
event patterns that match incoming event notifications on the basis of
their content and on some ordering relationships on them.
This feature has also an impact on the architecture of CEP engines.

In fact, these tools often have to interact with a large number of dis-
tributed and heterogeneous information sources and sinks, which observe
the external world and operate on it. This is typical of most CEP sce-
narios, such as environmental monitoring, business process automation,
and control systems. This also suggested, at least in the most advanced
proposals, the adoption of a distributed architecture for the CEP en-
gine itself, organized (see Figure 2.4) as a set of event brokers (or event
processing agents [27]) connected in an overlay network (the event pro-
cessing network), which implements specialized routing and forwarding
functions, with scalability as their main concern. For the same reason,
CEP systems research focused on optimizing parameters, like bandwidth
utilization and end-to-end latency, which are usually ignored in DSMSs.
CEP systems can thus be classified on the basis of the architecture of

the CEP engine (centralized, hierarchical, acyclic, peer-to-peer) [28, 10],
the forwarding schemes adopted by brokers [29], and the way processing
of event patterns is distributed among brokers [30, 31].
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Event Processing
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Event observers
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(sinks)

Event Processing
Agents

(brokers)

Figure 2.4: CEP as a distributed service

2.2.3 Our Motivation

At the beginning of this section we introduced IFP as a new application
domain demanding timely processing information flows according to their
content and to the relationships among its constituents. IFP engines
have to filter, combine, and aggregate a huge amount of information
according to a given set of processing rules. Moreover, they usually need
to interact with a large number of heterogeneous information sources
and sinks, possibly dispersed over a wide geographical area. Users of
such systems can be high-level applications, other processing engines, or
end-users, possibly in mobile scenarios. For these reasons expressiveness,
scalability, and flexibility are key requirements in the IFP domain.
We have seen how IFP has been addressed by different communities,

leading to two classes of systems: active databases, lately subsumed by
DSMSs on one side, and CEP engines on the other. DSMSs mainly fo-
cuses on flowing data and data transformations. Only few approaches
allow the easy capture of sequences of data involving complex ordering
relationships, not to mention taking into account the possibility to per-
form filtering, correlation, and aggregation of data directly in-network,
as streams flow from sources to sinks. Finally, to the best of our knowl-
edge, network dynamics and heterogeneity of processing devices have
never been studied in depth.
On the other hand, CEP engines, both those developed as extensions

of publish-subscribe middleware and those developed as totally new sys-
tems, define a quite different model. They focus on processing event
notifications, with a special attention to their ordering relationships, to
capture complex event patterns. Moreover, they target the communica-
tion aspects involved in event processing, such as the ability to adapt
to different network topologies, as well as to various processing devices,
together with the ability of processing information directly in-network,
to distribute the load and reduce communication cost.
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As we claimed in Section 2.1, IFP should focus both on effective data
processing, including the ability to capture complex ordering relation-
ships among data, and on efficient event delivery, including the ability
to process data in a strongly distributed fashion. To pursue these goals,
researchers must be able to understand what has been accomplished in
the two areas, and how they complement each other in order to combine
them. As we will see in Section 2.4, some of the most advanced propos-
als in both areas go in this direction. This work is a step in the same
direction, as it provides an extensive framework to model an IFP system
and use it to classify and compare existing systems.

2.3 The Modelling Framework

In this section we introduce our modelling framework to compare the
different proposals in the area of IFP. It includes several models that
focus on the different aspects relevant for an IFP system.

2.3.1 Functional Model

Starting from the high-level description of Figure 2.1, we define an ab-
stract architecture that describes the main functional components of an
IFP engine. This architecture brings two contributions: (i) it allows a
precise description of the functionalities offered by an IFP engine; (ii) it
can be used to describe the differences among the existing IFP engines,
providing a versatile tool for their comparison.

Decider ProducerReceiver Forwarder

Clock

Knowledge
Base

Rules

Seq

AAA

History

Figure 2.5: The functional architecture of an IFP system

As we said before, an IFP engine takes flows of information coming
from different sources as its input, processes them, and produces other
flows of information directed toward a set of sinks. Processing rules
describe how to filter, combine, and aggregate incoming information to
produce outgoing information. This general behavior can be decomposed
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in a set of elementary actions performed by the different components
shown in Figure 2.5.
Incoming information flows enter the Receiver, whose task is to man-

age the channels connecting the sources with the IFP engine. It imple-
ments the transport protocol adopted by the engine to move information
around the network. It also acts as a demultiplexer, receiving incoming
items from multiple sources and sending them, one by one, to the next
component in the IFP architecture. As shown in figure, the Receiver is
also connected to the Clock : the element of our architecture that is in
charge of periodically creating special information items that hold the
current time. Its role is to model those engines that allow periodic (as
opposed to purely reactive) processing of their inputs, as such, not all
engines currently available implement it.
After traversing the Receiver, the information items coming from the

external sources or generated by the Clock enter the main processing
pipe, where they are elaborated according to the processing rules cur-
rently stored into the Rules store.
From a logical point of view we find important to consider rules as

composed by two parts: C → A, where C is the condition part, while
A is the action part. The condition part specifies the constraints that
have to be satisfied by the information items entering the IFP engine to
trigger the rule, while the action part specifies what to do when the rule
is triggered.
This distinction allows us to split information processing into two

phases: a detection phase and a production phase. The former is realized
by the Decider, which gets incoming information from the Receiver, item
by item, and looks at the condition part of rules to find those enabled.
The action part of each triggered rule is then passed to the Producer for
execution.
Notice that the Decider may need to accumulate information items

into a local storage until the constraints of a rule are entirely satisfied. As
an example, consider a rule stating that a fire alarm has to be generated
(action part) when both smoke and high temperature are detected in
the same area (condition part). When information about smoke reaches
the Decider, the rule cannot fire, yet, but the Decider has to record this
information to trigger the rule when high temperature is detected. We
model the presence of such “memory” through the History component
inside the Decider.
The detection phase ends by passing to the Producer an action A and a

sequence of information items Seq for each triggered rule, i.e., those items
(accumulated in the History by the Decider) that actually triggered the
rule. The action A describes how the information items in Seq have to be
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manipulated to produce the expected results of the rule. The maximum
allowed length of the sequence Seq is an important aspect to characterize
the expressiveness of the IFP engine. There are engines where Seq is
composed by a single item; in others the maximum length of Seq can be
determined by looking at the set of currently deployed rules (we say that
Seq is bounded); finally, Seq is unbounded when its maximum length
depends on the information actually entering the engine.
The Knowledge Base represents, from the perspective of the IFP en-

gine, a read-only memory that contains information used during the de-
tection and production phases. This component is not present in all IFP
engines; usually, it is part of those systems, developed by the database
research community, which allow accessing persistent storage (typically
in the form of database tables) during information processing. Issues
about initialization and management of the Knowledge Base are out-
side the scope of an IFP engine, which simply uses it as a pre-existing
repository of stable information.
Finally, the Forwarder is the component in charge of delivering the

information items generated by the Producer to the expected sinks. Like
the Receiver, it implements the protocol to transport information along
the network up to the sinks.
In summary, an IFP engine operates as follows: each time a new item

(including those periodically produced by the Clock) enters the engine
through the Receiver, a detection-production cycle is performed. Such a
cycle first (detection phase) evaluates all the rules currently present in
the Rules store to find those whose condition part is true. Together with
the newly arrived information, this first phase may also use the informa-
tion present in the Knowledge Base. At the end of this phase we have
a set of rules that have to be executed, each coupled with a sequence of
information items: those that triggered the rule and that were accumu-
lated by the Decider in the History. The Producer takes this information
and executes each triggered rule (i.e., its action part). In executing rules,
the Producer may combine the items that triggered the rule (as received
by the Decider) together with the information present in the Knowledge
Base to produce new information items. Usually, these new items are
sent to sinks (through the Forwarder), but in some engines they can also
be sent internally, to be processed again (recursive processing). This al-
lows information to be processed in steps, by creating new knowledge at
each step, e.g., the composite event “fire alert”, generated when smoke
and high temperature are detected, can be further processed to notify
a “chemical alert” if the area of fire (included in the “fire alert” event)
is close to a chemical deposit. Finally, some engines allow actions to
change the rule set by adding new rules or removing them.
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2.3.2 Processing Model

Together with the last information item entering the Decider, the set
of deployed rules, and the information stored in the History and in the
Knowledge Base, three additional concepts concur at uniquely deter-
mining the output of a single detection-production cycle: the selection,
consumption, and load shedding policies adopted by the system.

Selection policy. In presence of situations in which a single rule R
may fire more than once, picking different items from the History, the
selection policy [32] specifies if R has to fire once or more times, and
which items are actually selected and sent to the Producer.

t=0 DeciderReceiver

{ }
A

t=2 DeciderReceiver

{AA}B

t=1 DeciderReceiver
A

{A}

?

Figure 2.6: Selection policy: an example

As an example, consider the situation in Figure 2.6, which shows the
information items (modeled as capital letters) sent by the Receiver to
the Decider at different times, together with the information stored by
the Decider into the History. Suppose that a single rule is present in
the system, whose condition part (the action part is not relevant here)
is A ∧ B, meaning that something has to be done each time both A
and B are detected, in any order. At t = 0 information A exits the
Receiver starting a detection-production cycle. At this time the pattern
A ∧ B is not detected, but the Decider has to remember that A has
been received since this can be relevant to recognize the pattern in the
future. At t = 1 a new A exits the Receiver. Again, the pattern cannot
be detected, but the Decider stores the new A into the History. Things
change at t = 2, when information B exits the Receiver triggering a new
detection-production cycle. This time not only the condition part of the
rule is satisfied, but it is satisfied by two possible sets of items: one
includes item B with the first A received, the other includes the same B
with the second A received.
Systems that adopt the multiple selection policy allow each rule to fire
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more than once at each detection-production cycle. This means that in
the situation above the Decider would send two sequences of items to
the Producer, one including item B followed by the A received at t = 0,
the other including item B followed by the A received at t = 1.
Conversely, systems that adopt a single selection policy allow rules

to fire at most once at each detection-production cycle. In the same
situation above the Decider of such systems would choose one among
the two As received, sending a single sequence to the Producer : the
sequence composed of item B followed by the chosen A. It is worth
noting that the single selection policy actually represents a whole family
of policies, depending on the items actually chosen among all possible
ones. In our example, the Decider could select the first or the second A.
Finally, some systems offer a programmable policy, by including special

language constructs that enable users to decide, often rule by rule, if
they have to fire once or more than once at each detection-production
cycle, and in the former case, which elements have to be actually selected
among the different possible combinations.

Consumption policy. Related with the selection policy is the con-
sumption policy [32], which specifies whether or not an information item
selected in a given detection-production cycle can be considered again in
future processing cycles.

t=0 DeciderReceiver

{ }
A

t=2 DeciderReceiver

{?}
B

t=1 DeciderReceiver

{A}

?

B {AB}

Figure 2.7: Consumption policy: an example

As an example, consider the situation in Figure 2.7, where we assume
again that the only rule deployed into the system has a condition part
A ∧B. At time t = 0, an instance of information A enters the Decider ;
at time t = 1, the arrival of B satisfies the condition part of the rule,
so item A and item B are sent to the Producer. At time t = 2, a new
instance of B enters the system. In such a situation, the consumption
policy determines if pre-existing items A and B have still to be taken
into consideration to decide if rule A ∧ B is satisfied. The systems that
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adopt the zero consumption policy do not invalidate used information
items, which can trigger the same rule more than once. Conversely, the
systems that adopt the selected consumption policy “consume” all the
items once they have been selected by the Decider. This means that an
information item can be used at most once for each rule.
The zero consumption policy is the most widely adopted in DSMSs. In

fact, DSMSs’ usually introduce special language constructs (windows) to
limit the portion of an input stream from which elements can be selected
(i.e. the valid portion of the History); however, if an item remains in a
valid window for different detection-production cycles, it can trigger the
same rule more than once. Conversely, CEP systems may adopt either
the zero or the selected policy depending from the target application
domain and from the processing algorithm used.
As it happens for the selection policy, some systems offer a programmable

selection policy, by allowing users to explicitly state, rule by rule, which
selected items should be consumed after selection and which have to
remain valid for future use.

Load shedding. Load shedding is a technique adopted by some IFP
systems to deal with bursty inputs. It can be described as an automatic
drop of information items when the input rate becomes too high for the
processing capabilities of the engine [19]. In our functional model we let
the Decider be responsible for load shedding, since some systems allow
users to customize its behavior (i.e., deciding when, how, and what to
shed) directly within the rules. Clearly, those systems that adopt a fixed
and pre-determined load shedding policy could, in principle, implement
it into the Receiver.

2.3.3 Deployment Model

Several IFP applications include a large number of sources and sinks, pos-
sibly dispersed over a wide geographical area, producing and consuming
a large amount of information that the IFP engine has to process in a
timely manner. Hence, an important aspect to consider is the deploy-
ment architecture of the engine, i.e., how the components that implement
the functional architecture in Figure 2.5 can be distributed over multiple
nodes to achieve scalability.
We distinguish between centralized vs. distributed IFP engines, further

differentiating the latter into clustered vs. networked.
With reference to Figure 2.8, we define as centralized an IFP engine

in which the actual processing of information flows coming from sources
is realized by a single node in the network, in a pure client-server archi-
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IFP engine

Sources Sinks

Rule managers

Processors

Figure 2.8: The deployment architecture of an IFP engine

tecture. The IFP engine acts as the server, while sources, sinks, and rule
managers acts as clients.
To provide better scalability, a distributed IFP engine processes in-

formation flows through a set of processors, each running on a different
node of a computer network, which collaborate to perform the actual
processing of information. The nature of this network of processors al-
lows to further classify distributed IFP engines. In a clustered engine
scalability is pursued by sharing the effort of processing incoming infor-
mation flows among a cluster of strongly connected machines, usually
part of the same local area network. In a clustered IFP engine, the links
connecting processors among themselves perform much better than the
links connecting sources and sinks with the cluster itself. Furthermore,
the processors are in the same administrative domain. Several advanced
DSMSs are clustered.
Conversely, a networked IFP engine focuses on minimizing network

usage by dispersing processors over a wide area network, with the goal
of processing information as close as possible to the sources. As a result,
in a networked IFP engine the links among processors are similar to
the links connecting sources and sinks to the engine itself (usually, the
closer processor in the network is chosen to act as an entry point to
the IFP engine), while processors are widely distributed and usually
run in different administrative domains. Some CEP systems adopt this
architecture.
In summary, in their seek for better scalability, clustered and net-

worked engines focus on different aspects: the former on increasing the
available processing power by sharing the workload among a set of well
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connected machines, the latter on minimizing bandwidth usage by pro-
cessing information as close as possible to the sources.

2.3.4 Interaction Model

With the term interaction model we refer to the characteristics of the
interaction among the main components that form an IFP application.
With reference to Figure 2.1, we distinguish among three different sub-
models. The observation model refers to the interaction between infor-
mation sources and the IFP engine. The notification model refers to the
interaction between the engine and the sinks. The forwarding model de-
fines the characteristics of the interaction among processors in the case
of a distributed implementation of the engine.
We also distinguish between a push and a pull interaction style [22,

33]. In a pull observation model, the IFP engine is the initiator of the
interaction to bring information from sources to the engine; otherwise we
have a push observation model. Likewise, in a pull notification model,
the sinks have the responsibility of pulling information relevant for them
from the engine; otherwise we have a push notification model. Finally,
the forwarding model is pull if each processor is reponsible for pulling
information from the processor upstream in the chain from sources to
sinks; we have a push model otherwise. While the push style is the most
common in the observation model, notification model, and especially in
the forwarding model, a few systems exist, which prefer a pull model or
supports both. We survey them in Section 2.4.

2.3.5 Data Model

The various IFP systems available today differ in how they represent
single information items flowing from sources to sinks, and in how they
organize them in flows. We collectively refer to both issues with the term
data model.
As we mentioned in Section 2.2, one of the aspects that distinguishes

DSMSs from CEP systems is that the former manipulate generic data
items, while the latter manipulates event notifications. We refer to this
aspect as the nature of items. It represent a key issue for an IFP system
as it impacts several other aspects, like the rule language. We come back
to this issue later.
A further distinction among IFP systems, orthogonal with respect

to the nature of the information items they process, is the way such
information items are actually represented, i.e., their format. The main
formats adopted by currently available IFP systems are tuples, either
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typed or untyped; records, organized as sets of key-value pairs; objects,
as in object-oriented languages or databases; or XML documents.
A final aspect regarding information items is the ability of an IFP

system to deal with uncertainty, modeling and representing it explicitly
when required [34, 35]. In many IFP scenarios, in fact, information
received from sources has an associated degree of uncertainty. As an
example, if sources were only able to provide rounded data [35], the
system could associate such data with a level of uncertainty instead of
accepting it as a precise information.
Besides single information items, we classify IFP systems based on

the nature of information flows, distinguishing between systems whose
engine processes homogeneous information flows and those that may also
manage heterogeneous flows.
In the first case, all the information items in the same flow have the

same format, e.g., if the engine organizes information items as tuples,
all the items belonging to the same flow must have the same number
of fields. Most DSMSs belong to this class. They view information
flows as typed data streams, which they manage as transient, unbounded
database tables, to be filtered and transformed while they get filled by
data flowing into the system.
In the other case, engines allow different types of information items

in the same flow; e.g., one record with four fields, followed by one with
seven, and so on. Most CEP engines belong to this class. Information
flows are viewed as heterogeneous channels connecting sources with the
CEP engine. Each channel may transport items (i.e., events) of different
types.

2.3.6 Time Model

With the term time model we refer to the relationship between the infor-
mation items flowing into the IFP engine and the passing of time. More
precisely, we refer to the ability of the IFP system of associating some
kind of happened-before relationship [36] to information items.
As we mentioned in Section 2.2, this issue is very relevant as a whole

class of IFP systems, namely CEP engines, is characterized by the of
event notifications, a special kind of information strongly related with
time. Moreover, the availability of a native concept of ordering among
items has often an impact on the operators offered by the rule language.
As an example, without a total ordering among items it is not possible
to define sequences and all the operators meant to operate on sequences.
Focusing on this aspect we distinguish four cases. First of all there are

systems that do not consider this issue as prominent. Several DSMSs, in
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fact, do not associate any special meaning to time. Data flows into the
engine within streams but timestamps (when present) are used mainly
to order items at the frontier of the engine (i.e., within the receiver), and
they are lost during processing. The only language construct based on
time, when present, is the windowing operator (see Section 2.3.8), which
allows one to select the set of items received in a given time-span. After
this step the ordering is lost and timestamps are not available for further
processing. In particular, the ordering (and timestamps) of the output
stream are conceptually separate from the ordering (and timestamps) of
the input streams. In this case we say that the time model is stream-only.
At the opposite of the spectrum are those systems, like most CEP

engines, which associate each item with a timestamp that represent an
absolute time, usually interpreted as the time of occurrence of the re-
lated event. Hence, timestamps define a total ordering among items. In
such systems timestamps are fully exposed to the rule language, which
usually provide advanced constructs based on them, like sequences (see
Section 2.3.8). Notice how such kind of timestamps can be given by
sources when the event is observed, or by the IFP engine as it receives
each item. In the former case, a buffering mechanism is required to cope
with out-of-order arrivals [9].
Another case is that of systems that associate each item with some

kind of label, which, while not representing an absolute instant in time,
can define a partial ordering among items, usually reflecting some kind
of causal relationship, i.e., the fact that the occurrence of an event was
caused by the occurrence of another event. Again, what is important for
our model is the fact that such labels and the ordering they impose are
fully available to the rule language. In this case we say that the time
model is causal.
Finally, there is the case of systems that associate items with an inter-

val, i.e., two timestamps taken from a global time, usually representing:
the time when the related event started, the time when it ended. In this
case, depending on the semantics associated with intervals, a total or a
partial ordering among items can be defined [37, 38, 39].

2.3.7 Rule Model

Rules are much more complex entities than data. Looking at existing
systems we can find many different approaches to represent rules, which
depend on the adopted rule language. However, we can roughly classify
them in two macro classes: transforming rules and detecting rules.
Transforming rules define an execution plan composed of primitive op-

erators connected to each other in a graph. Each operator takes several
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flows of information items as inputs and produces new items, which can
be forwarded to other operators or directly sent out to sinks. The ex-
ecution plan can be either user-defined or compiled. In the first case,
rule managers are allowed to define the exact flow of operators to be
executed; in the second case, they write their rules in a high-level lan-
guage, which the system compiles into an execution plan. The latter
approach is adopted by a wide number of DSMSs, which express rules
using SQL-like statements.
As a final remark we notice that transforming rules are often used with

homogeneous information flows, so that the definition of an execution
plan can take advantage of the predefined structure of input and output
flows.
Detecting rules are those that present an explicit distinction between

a condition and an action part. Usually, the former is represented by
a logical predicate that captures patterns of interest in the sequence of
information items, while the latter uses ad-hoc constructs to define how
relevant information has to be processed and aggregated to produce new
information. Examples of detecting rules can be found in many CEP
systems, where they are adopted to specify how new events originate
from the detection of others. Other examples can be found in active
databases, which often use detecting rules to capture undesired sequences
of operations within a transaction (the condition), in order to output a
roll-back command (the action) as soon as the sequence is detected.
The final issue we address in our rule model is the ability to deal with

uncertainty [34, 35, 40]. In particular, some systems allow to distinguish
between deterministic and probabilistic rules. The former define their
outputs deterministically from their inputs, while the latter allow a de-
gree of uncertainty (or a confidence) to be associated with the outputs.
Notice that the issue is only partially related with the ability of man-
aging uncertain data (see Section 2.3.5). Indeed, a rule could introduce
a certain degree of uncertainty even in presence of definite and precise
inputs. As an example, one could say that there is a good probability of
fire if a temperature higher than 70oC is detected. The input informa-
tion is precise, but the rule introduce a certain degree of uncertainty of
knowledge (other situations could explain the raising of temperature).

2.3.8 Language Model

The rule model described in the previous section provides a first charac-
terization of the languages used to specify processing rules in currently
available IFP systems. Here we give a more precise and detailed descrip-
tion of such languages: in particular, we first define the general classes
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into which all existing languages can be divided and then we provide an
overview of all the operators we encountered during the analysis of ex-
isting systems. For each operator we specify if and how it can be defined
inside the aforementioned classes.

Language Type

Following the classification introduced into the rule model, the languages
used in existing IFP systems can be divided into the following two classes:

• Transforming languages define transforming rules, specifying one
or more operations that process the input flows by filtering, join-
ing, and aggregating received information to produce one or more
output flows. Transforming languages are the most commonly used
in DSMSs. They can be further divided into two classes:

– Declarative languages express processing rules in a declarative
way, i.e. by specifying the expected results of the computa-
tion rather than the desired execution flow. These languages
are usually derived from relational languages, in particular re-
lational algebra and SQL [41], which they extend with addi-
tional ad-hoc operators to better support flowing information.

– Imperative languages define rules in an imperative way, by
letting the user specify a plan of primitive operators, which
the information flows have to follow. Each primitive operator
defines a transformation over its input. Usually, systems that
adopt imperative languages offer visual tools to define rules.

• Detecting, or pattern-based languages define detecting rules by sep-
arately specifying the firing conditions and the actions to be taken
when such conditions hold. Conditions are usually defined as pat-
terns that select matching portions of the input flows using logical
operators, content and timing constraints; actions define how the
selected items have to be combined to produce new information.
This type of languages is common in CEP systems, which aim to
detect relevant information items before starting their processing.

It is worth mentioning that existing systems sometime allow users
to express rules using more than one paradigm. For example, many
commercial systems offer both a declarative language for rule creation,
and a graphical tool for connecting defined rules in an imperative way.
Moreover, some existing declarative languages embed simple operators
for pattern detection, blurring the distinction between transforming and
detecting languages.
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As a representative example for declarative languages, let us consider
CQL [42], created within the Stream project [43] and currently adopted
by Oracle [44]. CQL defines three classes of operators: relation-to-
relation operators are similar to the standard SQL operators and de-
fine queries over database tables; stream-to-relation operators are used
to build database tables selecting portions of a given information flow,
while relation-to-stream operators create flows starting from queries on
fixed tables. Stream-to-stream operators are not explicitly defined, as
they can be expressed using the existing ones. Here is an example of a
CQL rule:

(2.1)
Select IStream(*)
From F1 [Rows 5], F2 [Rows 10]
Where F1.A = F2.A

This rule isolates the last 5 elements of flow F1 and the last 10 ele-
ments of flow F2 (using the stream-to-relation operator [Rows n]), then
combines all elements having a common attribute A (using the relation-
to-relation operator Where) and produces a new flow with the created
items (using the relation-to-stream operator IStream).
Imperative languages are well represented by Aurora’s Stream Query

Algebra (SQuAl), which adopts a graphical representation called boxes
and arrows [45]. In Figure 2.2 we show how it is possible to express
a rule similar to the one we introduced in Example 2.1 using Aurora’s
language. The tumble window operator selects portions of the input
stream according to given constrains, while join merges elements having
the same value for attribute A.

(2.2)

Tumble Window

Tumble Window

Join (S1.A = S2.A)

S1

S2

Detecting languages can be exemplified by the composite subscription
language of Padres [46]. Example 2.3 shows a rule expressed in such
language.

(2.3) A(X>0) & (B(Y=10);[timespan:5] C(Z<5))[within:15]
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A, B, and C represent item types or topics, while X, Y, and Z are
inner fields of items. After the topic of an information item has been
determined, filters on its content are applied as in content-based publi-
sh-subscribe systems. The rule of Example 2.3 fires when an item of type
A having an attribute X>0 enters the systems and also an item of type
B with Y=10 is detected, followed (in a time interval of 5 to 15 sec.) by
an item of type C with Z<5. Like other systems conceived as an evo-
lution of traditional publish-subscribe middleware, Padres defines only
the detection part of rules, the default and implicit action being that of
forwarding a notification of the detected pattern to proper destinations.
However, more expressive pattern languages exist, which allow complex
transformations to be performed on selected data.
In the following, whenever possible, we use the three languages pre-

sented above to build the examples we need.

Available Operators

We now provide a complete list of all the operators that we found during
the analysis of existing IFP systems. Some operators are typical of only
one of the classes defined above, while others cross the boundaries of
classes. In the following we highlight, whenever possible, the relationship
between each operator and the language types in which it may appear.
In general there is no direct mapping between available operators and

language expressiveness: usually it is possible to express the same rule
combining different sets of operators. Whenever possible we will show
such equivalence, especially if it involves operators provided by different
classes of languages.

Single-Item Operators. A first kind of operators provided by existing
IFP systems are single-item operators, i.e. those processing information
items one by one. Two classes of single-item operators exist:

• Selection operators filter items according to their content, discard-
ing elements that do not satisfy a given constraint. As an example,
they can be used to keep only the information items that contain
temperature readings whose value is greater than 20oC.

• Elaboration operators transform information items. As an example,
they can be used to change a temperature reading, converting from
Celsius to Fahrenheit. Among elaboration operators, it is worth
mentioning those coming from relational algebra, and in particular:

– Projection extracts only part of the information contained in
the considered item. As an example, it is used to process
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items containing data about a person in order to extract only
the name.

– Renaming changes the name of a field in languages based on
records.

Single-item operators are always present; declarative languages usu-
ally inherit selection, projection, and renaming from relational algebra,
while imperative languages offer primitive operators both for selection
and for some kind of elaboration. In pattern-based languages selection
operators are used to select those items that should be part of a complex
pattern. Notably, they are the only operators available in publish-sub-
scribe systems to choose items to be forwarded to sinks. When allowed,
elaborations can be expressed inside the action part of rules, where it is
possible to define how selected items have to be processed.

Logic Operators. Logic operators are used to define rules that combine
the detection of several information items. They differ from sequences
(see below) in that they are order independent, i.e., they define patterns
that rely only on the detection (or non detection) of information items
and not on some specific ordering relation holding among them.

• A conjunction of items I1, I2, .. In is satisfied when all the items
I1, I2, .. In have been detected.

• A disjunction of items I1, I2, .. In is satisfied when at least one of
the information items I1, I2, .. In has been detected.

• A repetition of an information item I of degree 〈m,n〉 is satisfied
when I is detected at least m times and not more than n times (it
is a special form of conjunction).

• A negation of an information item I is satisfied when I is not
detected.

Usually it is possible to combine such operators with each others or
with other operators to form more complex patterns. For example, it is
possible to specify disjunctions of conjunctions of items, or to combine
logic operators and single-item operators to dictate constraints both on
the content of each element and on the relationships among them.
The use of logic operators allows the definition of expressions whose

value cannot be verified in a finite amount of time, unless explicit bounds
are defined for them. This is the case of repetition and negation, which
require elements to remain undetected in order to be satisfied. For this

30



2.3 The Modelling Framework

reason existing systems combine these operators with other linguistic
constructs known as windows (see below).
Logic operators are always present in pattern-based languages, where

they represent the typical way to combine information items. Exam-
ple 2.4 shows how a disjunction of two conjunctions can be expressed
using the language of Padres (A, B, C, and D are simple selections).

(2.4) (A & B) || (C & D)

On the contrary, declarative and imperative languages do not provide
logic operators explicitly; however they usually allow conjunctions, dis-
junctions, and negations to be expressed using rules that transform input
flows. Example 2.5 shows how a conjunction can be expressed in CQL:
the From clause specifies that we are interested in considering data from
both flows F1 and F2.

(2.5) Select IStream(F1.A, F2.B)
From F1 [Rows 50], F2 [Rows 50]

Sequences. Similarly to logic operators, sequences are used to capture
the arrival of a set of information items, but they take into consideration
the order of arrival. More specifically, a sequence defines an ordered set
of information items I1, I2, .. In, which is satisfied when all the elements
I1, I2, .. In have been detected in the specified order (see Section 2.3.6).
The sequence operator is present in many pattern-based languages,

while transforming languages usually do not provide it explicitly. Still,
in such languages it is sometimes possible (albeit less natural) to mimic
sequences, for example when the ordering relation is based on a times-
tamp field explicitly added to information items, as in the following
example: 1

(2.6)
Select IStream(F1.A, F2.B)
From F1 [Rows 50], F2 [Rows 50]
Where F1.timestamp < F2.timestamp

1CQL adopts a stream-based time model. It associates implicit timestamps to infor-
mation items and use them in time-based windows, but they cannot be explicitly
addressed within the language; consequently they are not suitable to define se-
quences.
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Iterations. Iterations express possibly unbounded sequences of infor-
mation items satisfying a given iterating condition. Like sequences, it-
erations rely on the ordering of items. However, they do not define the
set of items to be captured explicitly, but rather implicitly using the
iterating condition.

(2.7)

PATTERN SEQ(Alert a, Shipment+ b[ ])
WHERE skip_till_any_match(a, b[ ]) {
a.type = ’contaminated’ and
b[1].from = a.site and
b[i].from = b[i-1].to }
WITHIN 3 hours

Example 2.7 shows an iteration written in the Sase+ language [47].
The rule detects contamination in a food supply chain: it captures an
alert for a contaminated site (item a) and reports all possible series of
infected shipments (items b[i]). Iteration is expressed using the + op-
erator (usually called Kleene plus [48]), defining sequences of one or
more Shipment information items. The iterating condition b[i].from =
b[i− 1].to specifies the collocation condition between each shipment and
the preceding one. Shipment information items need not to be con-
tiguous within the input flow; intermediate items are simply discarded
(skip_till_any_match). The length of captured sequences is not known
a priori but it depends on the actual number of shipments from site to
site. To ensure the termination of pattern detection, a time bound is
expressed, using the WITHIN operator (see Windows below).
While most pattern-based languages include a sequence operator, it is

less common to find iterations. In addition, like sequences, iterations are
generally not provided in transforming languages. However, some work
investigated the possibility to include sequences and iterations in declar-
ative languages (e.g., [49]). These efforts usually result in embedding
pattern detection into traditional declarative languages.
As a final remark, iterations are strictly related with the possibility

for an IFP system to read its own output and to use it for recursive
processing. In fact, if a system provides both a sequence operator and
recursive processing, it can mimic iterations through recursive rules.

Windows. As mentioned before, it is often necessary to define which
portions of the input flows have to be considered during the execution
of operators. For this reason almost all the languages used in existing
systems define windows. Windows cannot be properly considered as
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operators; rather, they are language constructs that can be applied to
operators to limit the scope of their action.
To be more precise, we can observe that operators can be divided

into two classes: blocking operators, which need to read the whole input
flows before producing results, and non-blocking operators, which can
successfully return their results as items enter the system [9]. An example
of a blocking operator is negation, which has to process the entire flow
before deciding that the searched item is not present. The same happens
to repetitions when an upper bound on the number of items to consider
is provided. On the contrary, conjunctions and disjunctions are non-
blocking operators, as they can stop parsing their inputs as soon as
they find the searched items. In IFP systems information flows are, by
nature, unbounded; consequently, it is not possible to evaluate blocking
operators as they are. In this context, windows become the key construct
to enable blocking operators by limiting their scope to (finite) portions
of the input flows. On the other hand, windows are also extensively used
with non-blocking operators, as a powerful tool to impose a constraint
over the set of items that they have to consider.
Existing systems define several types of windows. First of all they

can be classified into logical (or time-based) and physical (or count-
based) [50]. In the former case, bounds are defined as a function of
time: for example to force an operation to be computed only on the
elements that arrived during the last five minutes. In the latter case,
bounds depend on the number of items included into the window: for
example to limit the scope of an operator to the last 10 elements arrived.
An orthogonal way to classify windows considers the way their bounds

move, resulting in the following classes [51, 50]:

• Fixed windows do not move. As an example, they could be used
to process the items received between 1/1/2010 and 31/1/2010.

• Landmark windows have a fixed lower bound, while the upper
bound advances every time a new information item enters the sys-
tem. As an example, they could be used to process the items
received since 1/1/2010.

• Sliding windows are the most common type of windows. They have
a fixed size, i.e., both lower and upper bounds advance when new
items enter the system. As an example, we could use a sliding
window to process the last ten elements received.

• Pane and tumble windows are variants of sliding windows in which
both the lower and the upper bounds move by k elements, as k el-
ements enter the system. The difference between pane and tumble
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windows is that the former have a size greater than k, while the
latter have a size smaller than (or equal to) k. In practice, a tumble
window assures that every time the window is moved all contained
elements change; so each element of the input flow is processed at
most once. The same is not true for pane windows. As an example,
consider the problem of calculating the average temperature in the
last week. If we want such a measure every day at noon we have
to use a pane window, if we want it every Sunday at noon we have
to use a tumble window.

Example 2.8 shows a CQL rule that uses a count-based, sliding window
over the flow F1 to count how many among the last 50 items received has
A > 0; results are streamed using the IStream operator. Example 2.9
does the same but considering the items received in the last minute.

(2.8)
Select IStream(Count(*))
From F1 [Rows 50]
Where F1.A > 0

(2.9)
Select IStream(Count(*))
From F1 [Range 1 Minute]
Where F1.A > 0

Interestingly there exist languages that allow users to define and use
their own windows. The most notable case is ESL [52], which provides
user defined aggregates to allow users to freely process input flows. In so
doing, users are allowed to explicitly manage the part of the flow they
want to consider, i.e., the window. As an example, consider the ESL
rule in Example 2.10: it calculates the smallest positive value received
and delivers it as its output every time a new element arrives. The
window is accessible to the user as a relational table, called inwindow,
whose inner format can be specified during the aggregate definition; it is
automatically filled by the system when new elements arrive. The user
may specify actions to be taken at different times using three clauses: the
INITIATE clause defines special actions to be executed only when the first
information item is received; the ITERATE clause is executed every time
a new element enters the system, while the EXPIRE clause is executed
every time an information item is removed from the window. In our
example the INITIATE and EXPIRE clauses are empty, while the ITERATE
clause removes every incoming element having a negative value, and
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immediately returns the smallest value (using the INSERT INTO RETURN
statement). It is worth noting that the aggregate defined in Example 2.10
can be applied to virtually all kinds of windows, which are then modified
during execution in order to contain only positive values.

(2.10)

WINDOW AGGREGATE positive_min(Next Real): Real {
TABLE inwindow(wnext real);
INITIALIZE : { }
ITERATE : {

DELETE FROM inwindow
WHERE wnext < 0
INSERT INTO RETURN
SELECT min(wnext)
FROM inwindow

}
EXPIRE : { }

}

Generally, windows are available in declarative and imperative lan-
guages. Conversely, only a few pattern-based languages provide window-
ing constructs. Some of them, in fact, simply do not include blocking
operators, while others include explicit bounds as part of blocking opera-
tors to make them unblocking (we can say that such operators “embed a
window”). For example, Padres does not provide the negation and it does
not allow repetitions to include an upper bound. Similarly, CEDR [53]
can express negation through the UNLESS operator, shown in Exam-
ple 2.11. The pattern is satisfied if A is not followed by B within 12
hours. Notice how the operator itself requires explicit timing constraints
to become unblocking.

(2.11)
EVENT Test-Rule
WHEN UNLESS(A, B, 12 hours)
WHERE A.a < B.b

Flow Management Operators. Declarative and imperative languages
require ad-hoc operators to merge, split, organize, and process flows of
information. They include:

• The Join operator, used to merge two flows of information as in
traditional DBMS. Being a blocking operator the join is usually
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applied to portions of the input flows, which are processed as stan-
dard relational tables. As an example, the CQL Rule 2.12 uses the
join operator to combine the last 1000 items of flows F1 and F2
by merging those items that have the same value in field A.

(2.12)
Select IStream(F1.A, F2.B)
From F1 [Rows 1000], F2 [Rows 1000]
Where F1.A = F2.A

• Bag operators, which combine different flows of information con-
sidering them as bags of items. In particular, we have the following
bag operators:

– The union merges two or more input flows of the same type
creating a new flow that includes all the items coming from
them.

– The except takes two input flows of the same type and outputs
all those items that belong to the first one but not to the
second one. It is a blocking operator.

– The intersect takes two or more input flows and outputs only
the items included in all of them. It is a blocking operator.

– The remove-duplicate removes all duplicates from an input
flow.

Rule 2.13 provides an example of using the union operator in CQL
to merge together two flows of information. Similarly, in Exam-
ple 2.14 we show the union operator as provided by Aurora.

(2.13)
Select IStream(*)
From F1 [Rows 1000], F2 [Rows 1000]
Where F1.A = F2.A
Union
Select IStream(*)
From F3 [Rows 1000], F4 [Rows 1000]
Where F3.B = F4.B

(2.14)

Join Filter (A)
F1

F2

Join Filter (B)
F3

F4

Union
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• The duplicate operator allows a single flow to be duplicated in order
to use it as an input for different processing chains. Example 2.15
shows an Aurora rule that takes a single flow of items, processes
it through the operator A, then duplicates the result to have it
processed by three operators B, C, and D, in parallel.

(2.15)

A

B

C

D

• The group-by operator is used to split an information flow into
partitions in order to apply the same operator (usually an aggre-
gate) to the different partitions. Example 2.16 uses the group-by
operator to split the last 1000 rows of flow F1 based on the value
of field B, to count how may items exist for each value of B.

(2.16)
Select IStream(Count(*))
From F1 [Rows 1000]
Group By F1.B

• The order-by operator is used to impose an ordering to the items
of an input flow. It is a blocking operator so it is usually applied
to well defined portions of the input flows.

Parameterization. In many IFP applications it is necessary to filter
some flows of information based on information that are part of other
flows. As an example, the fire protection system of a building could be
interested in being notified when the temperature of a room exceeds 40oC
but only if some smoke has been detected in the same room. Declarative
and imperative languages address this kind of situations by joining the
two information flows, i.e., the one about room temperature and that
about smoke, and imposing the room identifier to be the same. On the
other hand, pattern-based languages do not provide the join operator.
They have to capture the same situation using a rule that combines,
through the conjunction operator, detection of high temperature and
detection of smoke in the same room. This latter condition can be ex-
pressed only if the language allows filtering to be parametric.
Given the importance of this feature we introduce it here even if it

cannot be properly considered an operator by itself. More specifically,
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we say that a pattern-based language provides parameterization if it
allows the parameters of an operator (usually a selection, but sometimes
other operators as well) to be constrained using values taken from other
operators in the same rule.

(2.17) (Smoke(Room=$X)) & (Temp(Value>40 AND Room=$X))

Example 2.17 shows how the rule described above can be expressed
using the language of Padres; the operator $ allows parameters definition
inside the filters that select single information items.

Flow creation. Some languages define explicit operators to create new
information flows from a set of items. In particular, flow creation oper-
ators are used in declarative languages to address two issues:

• some of them have been designed to deal indifferently with informa-
tion flows and with relational tables a-la DBMS. In this case, flow
creation operators can be used to create new flows from existing
tables, e.g., when new elements are added to the table.

• other languages use windows as a way to transform (part of) an
input flow into a table, which can be further processed by using
the classical relational operators. Such languages use flow creation
operators to transform tables back into flows. As an example,
CQL provides three operators called relation-to-stream that allow
to create a new flow from a relational table T : at each evaluation
cycle, the first one (IStream) streams all new elements added to
T ; the second one (DStream) streams all the elements removed
from T ; while the last one (Rstream) streams all the elements of
T at once. Consider Example 2.18: at each processing cycle the
rule populates a relational table (T ) with the last ten items of flow
F1, and then, it streams all elements that are added to T at the
current processing cycle (but were not part of T in the previous
cycle). In Example 2.19, instead, the system streams all elements
removed from table T during the current processing cycle. Finally,
in Example 2.20, all items in T are put in the output stream,
independently from previous processing cycles.

(2.18)
Select IStream(*)
From F1 [Rows 10]
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(2.19)
Select DStream(*)
From F1 [Rows 10]

(2.20)
Select RStream(*)
From F1 [Rows 10]

Aggregates. Many IFP applications need to aggregate the content of
multiple, incoming information items to produce new information, for
example by calculating the average of some value or its maximum. We
can distinguish two kinds of aggregates:

• Detection aggregates are those used during the evaluation of the
condition part of a rule. In our functional model, they are com-
puted and used by the Decider. As an example, they can be used
in detecting all items whose value exceeds the average one (i.e., the
aggregate), computed over the last 10 received items.

• Production aggregates are those used to compute the values of in-
formation items in the output flow. In our functional model, they
are computed by the Producer. As an example, they can be used
to output the average value among those part of the input flow.

Almost all existing languages have predefined aggregates, which in-
clude minimum, maximum, and average. Some pattern-based languages
offer only production aggregates, while others include also detection ag-
gregates to capture patterns that involve computations over the values
stored in the History. In declarative and imperative languages aggre-
gates are usually combined with the use of windows to limit their scope
(indeed, aggregates are usually blocking operators and windows allow
to process them on-line). Finally, some languages also offer facilities
to create user-defined aggregates (UDAs). As an example of the lat-
ter, we have already shown the ESL rule 2.10, which defines an UDA
to compute the smallest positive value among the received ones. It has
been proved that adding complete support to UDAs makes a language
Turing-complete [54].

2.4 IFP Systems: a Classification

In the following we use the concepts introduced in Section 2.3 to present
and classify existing IFP systems. We provide a brief description of each
system and summarize its characteristics by compiling four tables.
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Table 2.1 focuses on the functional and processing models of each sys-
tem: it shows if a system includes the Clock (i.e., it supports periodic
processing) and the Knowledge Base, and if the maximum size of the
sequences (Seq) that the Decider sends to the Producer is bounded or
unbounded, given the set of deployed rules. Then, it analyzes if informa-
tion items produced by fired rules may re-enter the system (recursion),
and if the rule set can be changed by fired actions at run-time. Finally,
it presents the processing model of each system, by showing its selection,
consumption, and load shedding policies.
Table 2.2 focuses on the deployment and interaction models, by show-

ing the type of deployment supported by each system, and the interaction
styles allowed in the observation, notification, and forwarding models.
Table 2.3 focuses on the data, time, and rule models, presenting the

nature of the items processed by each systems (generic data or event
notifications), the format of data, the support for data uncertainty, and
the nature of flows (homogeneous or heterogeneous). It also introduces
how the notion of time is captured and represented by each system, the
type of rules adopted, and the possibility to define probabilistic rules.
Finally, Table IV focuses on the language adopted by each system, by

listing its type and the set of operators available.
Given the large number of systems reviewed, we organize them in

four groups: active databases, DSMSs, CEP systems, and commercial
systems (while systems belonging to previous groups are research pro-
totypes). The distinction is sometimes blurred but it helps us better
organize our presentation.
Within each class we do not follow a strict chronological order: systems

that share similar characteristics are listed one after the other, to better
emphasize common aspects.

2.4.1 Active databases

HiPac

Hipac [55, 16] has been the first project proposing Event Condition Ac-
tion (ECA) rules as a general formalism for active databases. In par-
ticular, the authors introduce a model for rules in which three kinds of
primitive events are taken into account: database operations, temporal
events, and external notifications. Primitive events can be combined
using disjunction and sequence operators to specify composite events.
Since these operators force users to explicitly write all the events that
have to be captured, we can say that, given a set of rule, the size of
the sequence of events that can be selected (i.e. the size of the Seq
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component) is bounded.
The condition part of each rule is seen as a collection of queries that

may refer to database state, as well as to data embedded in the con-
sidered event. We represent the usage of the database state during the
condition evaluation through the presence of the knowledge base compo-
nent. Actions may perform operations on the database as well as execute
additional commands: it is also possible to specify activation or deacti-
vation of rules within the action part of a rule, thus enabling dynamic
modification of the rule base. Since the event composition language of
HiPac includes a sequence operator, the system can reason about time:
in particular it uses an absolute time, with a total order between events.
A key contribution of the HiPac project is the definition of coupling

modes. The coupling mode between an event and a condition specifies
when the condition is evaluated w.r.t. the transaction in which the trig-
gering event is signalled. The coupling mode between a condition and
an action specifies when the action is executed w.r.t. the transaction in
which the condition is evaluated. HiPac introduces three types of cou-
pling modes: immediate, deferred (i.e., at the end of the transaction) or
separate (i.e., in a different transaction). Since HiPac captures all the
set of events that match the pattern in the event part of a rule, we can
say that it uses a fixed multiple selection policy, associated with a zero
consumption one.

Ode

Ode [56, 57] is a general-purpose object-oriented active database system.
The database is defined, queried, and manipulated using the O++ lan-
guage, which is an extension of the C++ programming language adding
support for persistent objects.
Reactive rules are used to implement constraints and triggers. Con-

straints provide a flexible mechanism to adapt the database system to
different, application-specific, consistency models: they limit access to
data by blocking forbidden operations. Conversely, triggers are associ-
ated to allowed operations and define a set of actions to be automatically
executed when specific methods are called on database objects.
Constraints are associated with a class definition and consist of a con-

dition and an optional handler: all the objects of a class must satisfy its
constraints. In case of violation the handler is called: it is composed by a
set of operations to bring the database back to a consistent state. In the
case it is not possible to repair the violation of a constraint (undefined
handler) Ode aborts the transaction; according to the type of constraint
(hard or soft) a constraint violation may be repaired immediately af-
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ter the violation is reported (immediate semantics) or just before the
commit of the transaction (deferred semantics). Consistently with the
object oriented nature of the system, constraints conditions are checked
at the boundaries of public methods calls, which represent the only way
to interact with the database.
Triggers, like integrity constraints, are used to detect user-defined con-

ditions on the database objects. Such conditions, however, do not rep-
resent consistency violations but capture generic situations of interest.
Trigger, like a constraint, are specified in the class definition and consist
of two parts: a condition and an action. The condition is evaluated on
each object of the class defining it. When it becomes true the correspond-
ing action is executed. Unlike a constraint handler, which is executed
as part of the transaction violating the constraint, a trigger action is
executed as a separate transaction (separate semantics). Actions may
include dynamic activation and deactivation of rules.
Both constraints and triggers can be classified as detecting rules ex-

pressed using a pattern-based language, where the condition part of the
rule includes constraints on inner database values, while the action part
is written in C++.
Ode does not offer a complete support for periodic evaluation of rules;

however, users can force actions to be executed when an active trigger
has not fired within a given amount of time.
We can map the behavior of Ode to our functional and data model by

considering public method calls to database objects as the information
items that enter the system. Evaluation is performed by taking into
account the database state (i.e., the Knowledge Base in our model).
So far we only mentioned processing involving single information items:

support for multiple items processing has been introduced in Ode [58]
allowing users to capture complex interactions with the database, involv-
ing multiple methods call. In particular, Ode offers logic operators and
sequences to combine single calls: the centralized nature of the system
makes it possible to define a complete ordering relation between calls
(absolute time). The language of Ode derives from regular expressions,
with the addition of parameterization. As a consequence negation, al-
though present, can only refer to immediately subsequent events. This
way all supported operators become non-blocking. The presence of an
iteration operator makes it possible to detect sequences of events whose
length is unknown a priori (i.e. Seq is unbounded). Thanks to their
similarities with regular expressions, rules are translated into finite state
automata to be efficiently triggered. In [58], the authors also address
the issue of defining precise processing policies; in particular, they pro-
pose a detection algorithm in which all valid set of events are captured
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(multiple selection policy), while the possibility to consume events is not
mentioned.

Samos

Samos [59, 60] is another example of a general-purpose object-oriented
active database system. Like Ode, it uses a detecting language derived
from regular expressions (including iterations); rules can be dynamically
activated, deactivated, created and called during processing.
The most significant difference between Samos and Ode is the pos-

sibility offered by Samos to consider external events as part of the in-
formation flows managed by rules. External events include all those
events not directly involving the database structure or content. Among
external events, the most important are temporal events, which allow
Samos programmers to use time inside rules. As a consequence, time
assumes a central role in rule definition: first, it can be used to define
periodic evaluation of rules; second, each rule comes with a validity in-
terval, which can be either explicitly defined using the IN operator, or
implicitly imposed by the system. The IN operator defines time-based
windows whose bounds can be either fixed time points or relative ones,
depending on previous detections. To do so, it relies on an absolute
time. The IN operator is also useful to deal with blocking operators (like
for example the negation); by providing an explicit window construct
through the IN operator, Samos offers more flexibility than Ode does.
Great attention has been paid to the specification of precise semantics

for rule processing; in particular it is possible to specify when a condition
has to be evaluated: immediately, as an event occurs, at the end of the
active transaction, or in a separate transaction. Like in HiPac, similar
choices are also associated to the execution of actions. Evaluation of
rules is performed using Petri Nets.

Snoop

Snoop [61] is an event specification language for active databases devel-
oped as a part of the Sentinel project [62]. Unlike Ode and Samos, it is
designed to be independent from the database model, so it can be used,
for example, on relational databases as well as on object-oriented ones.
The set of operators offered by Snoop is very similar to the ones we

described for Ode and Samos, the only remarkable difference being the
absence of a negation operator. Like Samos, Snoop considers both in-
ternal and external events as input information items. Unlike Samos it
does not offer explicit windows constructs: instead, it embeds windows
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features directly inside the operators that require them. For example it-
erations can only be defined within specific bounds, represented as points
in time or information items.
Snoop enables parameter definition as well as dynamic rule activation.

The detection algorithm is based on the construction and visiting of a
tree.
The most interesting feature of Snoop is the possibility to specify a

context for each rule. Contexts are used to control the semantics of
processing. More specifically, four types of contexts are allowed: recent,
chronicle, continuous, and cumulative. In the presence of multiple sets
of information items firing the same rule, contexts specify exactly which
sets will be considered and consumed by the system (i.e., they specify the
selection and consumption policies). For example, the “recent” context
only selects the most recent information items, consuming all of them,
while the cumulative context selects all the relevant information items,
resulting in a multiple policy.
Snoop, like HiPac, Ode, Samos, and like many other proposed lan-

guages for active DBMSs (e.g., [63, 64, 65] considers events as points in
an time. Recently the authors of Snoop have investigated the possibility
to extend the semantics of the language to capture events that have a du-
ration. This led to the definition of a new language, called SnoopIB [38],
which offers all the operators and language construct of Snoop, including
contexts, but uses interval based timestamps for events.

2.4.2 Data Stream Management Systems

To better organize the presentation, we decided to start our description
with all those systems, namely TelegraphCQ, NiagaraCQ, and OpenCQ,
that belong to the class of DSMSs, but present a strong emphasis on
periodic, as opposed to purely reactive, data gathering and execution;
usually, these systems are designed for application domains in which the
timeliness requirement is less critical, like for example Internet updates
monitoring. On the contrary, all remaining systems are heavily tailored
for the processing of high rate streams.

TelegraphCQ

TelegraphCQ [66] is a general-purpose continuous queries system based
on a declarative, SQL-based language called StreaQuel.
StreaQuel derives all relational operators from SQL, including aggre-

gates. To deal with unbounded flows, StreaQuel introduces the WindowIs
operator, which enables the definition of various types of windows. Mul-
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tiple WindowIs, one for each input flow, can be expressed inside a for
loop, which is added at the end of each rule and defines a time variable
indicating when the rule has to be processed. This mechanism is based
on the assumption of an absolute time model. By adopting an explicit
time variable, TelegraphCQ enables users to define their own policy for
moving windows. As a consequence, the number of items selected at
each processing cycle cannot be bounded a priori, since it is not possible
to determine how many elements the time window contains.
Since theWindowIs operator can be used to capture arbitrary portions

of time, TelegraphCQ naturally supports the analysis of historical data.
In this case, disk becomes the bottleneck resource. To keep processing
of disk data up with processing of live data, a shedding technique called
OSCAR (Overload-sensitive Stream Capture and Archive Reduction) is
proposed. OSCAR organizes data on disk into multiple resolutions of
reduced summaries (such as samples of different sizes). Depending on
how fast the live data is arriving, the system picks the right resolution
level to use in query processing [67].
TelegraphCQ has been implemented in C++ as an extension of Post-

greSQL. Rules are compiled into a query plan that is extended using
adaptive modules [68, 69, 70], which dynamically decide how to route
data to operators and how to order commutative operators. Such mod-
ules are also designed to distribute the TelegraphCQ engine over multiple
machines, as explained in [71]. The approach is that of clustered distri-
bution, as described in Section 2.3: operators are placed and, if needed,
replicated in order to increase performance, by only taking into account
processing constraints and not transmission costs, which are assumed
negligible.

NiagaraCQ

NiagaraCQ [72] is an IFP system for Internet databases. The goal of the
system is to provide a high-level abstraction to retrieve information, in
the form of XML data sets, from a frequently changing environment like
Internet sites. To do so, NiagaraCQ specifies transforming rules using
a declarative, SQL-like language called XML-QL [73]. Each rule has an
associated time interval that defines its period of validity. Rules can be
either timer-based or change-based ; the former are evaluated periodically
during their validity interval, while processing of the latter is driven by
notifications of changes received from information sources. In both cases,
the evaluation of a rule does not directly produce an output stream, but
updates a table with the new results; if a rule is evaluated twice on the
same data, it does not produce further updates. We capture this behavior
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in our processing model, by saying that NiagaraCQ presents a selected
consumption policy (information items are used only once). Users can
either ask for results on-demand, or can be actively notified (e.g., with
an e-mail) when new information is available (i.e., the notification model
allows both a push and a pull interaction). For each rule, it is possible to
specify a set of actions to be performed just after the evaluation. Since
information items processed by NiagaraCQ comes directly from Internet
databases, they do not have an explicit timestamp associated.
NiagaraCQ can be seen as a sort of active database system where

timer-based rules behave like traditional queries, the only exception be-
ing periodic evaluation, while change-based rules implement the reactive
behavior. NiagaraCQ offers a unified format for both types of rules.
The main difference between NiagaraCQ and a traditional active

database is the distribution of information sources over a possibly wide
geographical area. It is worth noting that only information sources are
actually distributed, while NiagaraCQ engine is designed to run in a to-
tally centralized way. To increase scalability NiagaraCQ uses an efficient
caching algorithm, which reduces access time to distributed resources and
an incremental group optimization, which splits operators into groups;
members of the same group share the same query plan, thus increasing
performance.

OpenCQ

Like NiagaraCQ, OpenCQ [74] is an IFP system developed to deal with
Internet-scale update monitoring. OpenCQ rules are divided into three
parts: a SQL query that defines operations on data, a trigger that spec-
ifies when the rule has to be evaluated, and a stop condition that defines
the period of validity for the rule. OpenCQ presents the same processing
and interaction models as NiagaraCQ.
OpenCQ has been implemented on top of the DIOM framework [75],

which uses a client-server communication paradigm to collect rules and
information and to distribute results; processing of rules is therefore com-
pletely centralized. Wrappers are used to perform input transformations,
thus allowing heterogeneous sources to be taken into account for infor-
mation retrieval. Depending on the type of the source, information may
be pushed into the system, or it may require the wrapper to periodically
ask sources for updates.
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Tribeca

Tribeca [76] has been developed with a very specific domain in mind:
that of network traffic monitoring. It defines transforming rules taking
a single information flow as input and producing one or more output
flows. Rules are expressed using an imperative language that defines the
sequence of operators an information flow has to pass through.
Tribeca rules are expressed using three operators: selection (called

qualification), projection, and aggregate. Multiplexing and demultiplex-
ing operators are also available, which allow programmers to split and
merge flows. Tribeca supports both count based and time based win-
dows, which can be sliding or tumble. They are used to specify the
portions of input flows to take into account when performing aggre-
gates. Since items do not have an explicit timestamp, the processing is
performed in arrival order. The presence of a timing window makes it
impossible to know the number of information items captured at each
detection-production cycle (i.e., the Seq is unbounded). Moreover, a rule
may be satisfied by more than one set of elements (multiple selection pol-
icy), while an element may participate in more than one processing cycle,
as it is never explicitly consumed (zero consumption policy).
Each rule is translated into a direct acyclic graph to be executed;

during translation the plan can be optimized in order to improve perfor-
mance.

CQL/Stream

CQL [42] is an expressive SQL based declarative language that creates
transforming rules with a unified syntax for processing both information
flows and stored relations.
The goals of CQL are those of providing a clear semantics for rules

while defining a simple language to express them. To do so, CQL speci-
fies three kinds of operators: relation-to-relation, stream-to-relation, and
relation-to-stream. Relation-to-relation operators directly derive from
SQL: they are the core of the CQL language, which actually defines
processing and transformation. The main advantage of this approach is
that a large part of the rule definition is realized through the standard
notation of a widely used language. In order to add support for flow
processing, CQL introduces the notion of windows, and in particular
sliding, pane, and tumble windows, which are intended as a way to store
a portion of each input flow inside the relational tables where processing
takes place; for this reason CQL denotes windows as stream-to-relation
operators. Windows can be based both on time and on the number of
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contained elements. The last kind of operators that CQL provides is that
of relation-to-stream operators, which define how processed tuples can
become part of a new information flow. As already mentioned in Sec-
tion 2.3.8 three relation-to-stream operators exist: IStream, DStream,
and RStream. Notice that CQL is based on a time model that explic-
itly associates a timestamp to input items, but timestamps cannot be
addressed from the language. As a consequence, since output is based
on the sequence of updates performed on a relational table, its order is
separate from input order.
Items selection is performed using traditional SQL operators and never

consumed (until they remain in the evaluation window), so we can say
that CQL uses a multiple selection policy, associated with a zero con-
sumption.
CQL has been implemented as part of the Stream project [43]. Stream

computes a query plan starting from CQL rules; then, it defines a sched-
ule for operators, by taking into account predefined performance policies.
The Stream project has proposed two major shedding techniques to

deal with resource overload problem on data streams: the first addresses
the problem of limited computational resources by applying load shed-
ding on a collection of sliding window aggregation queries [20]; the second
addresses the problem of limited memory, by discarding operator state
for a collection of windowed joins [77].

Aurora/Borealis

Aurora [45] is a general-purpose DSMS; it defines transforming rules
created with an imperative language called SQuAl. SQuAl defines rules
in a graphical way, by adopting the boxes and arrows paradigm, which
makes connections between different operators explicit.
SQuAl defines two types of operators: windowed operators apply a

single input (user-defined) function to a window and then advance the
window to include new elements before repeating the processing cycle;
single-tuple operators, instead, operate on a single information item at a
time; they include single-item operators like selection and flow operators
like join, union, and group by. This allows information items to be
used more than once (multiple selection policy), while they are never
consumed.
SQuAl allows users to define plans having multiple input and multiple

output flows and, interestingly, allows users to associate a QoS specifi-
cation to each output. As output flows may be directly connected to
higher-level applications, this makes it possible to customize system be-
havior according to application requirements. QoS constraints are used
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by Aurora to automatically define shedding policies: for example some
application domain may need to reduce answer precision in order to
obtain faster response times. Input and output flows do not have an
associated timestamp, but are processed in their arrival order.
An interesting feature of Aurora is the possibility to include interme-

diate storage points inside the rule plan: such points can be used to keep
historical information and to recover after operators failure.
Processing is performed by a scheduler, which takes an optimized ver-

sion of the user defined plan and chooses how to allocate computational
resources to different operators according to their load and to the speci-
fied QoS constraints.
The project has been extended to investigate distributed processing

both inside a single administrative domain and over multiple domains [78].
In both cases the goal is that of efficiently distributing load between avail-
able resources; in these implementations, called Aurora* and Medusa,
communication between processors takes place using an overlay network,
with dynamic bindings between operators and flows. The two projects
were recently merged and all their feature have been included into the
Borealis stream processor [79].

Gigascope

Gigascope [80, 81] is a DSMS specifically designed for network applica-
tions, including traffic analysis, intrusion detection, performance moni-
toring, etc. The main concern of Gigascope is to provide high perfor-
mance for the specific application field it has been designed for.
Gigascope defines a declarative, SQL-like language, called GSQL, which

includes only filters, joins, group by, and aggregates. Interestingly, it
uses processing techniques that are very different from those of other
data stream systems. In fact, to deal with the blocking nature of some
of its operators, it does not introduce the concept of windows. Instead,
it assumes that each information item (tuple) of a flow contains at least
an ordered attribute i.e. an attribute that monotonically increases or
decreases as items are produced by the source of the flow, for example a
timestamp defined w.r.t. an absolute time but also a sequence number
assigned at source. Users can specify which attributes are ordered, as
part of the data definition, and this information is used during process-
ing. For example, the join operator, by definition, must have a constraint
on an ordered attribute for each involved stream.
These mechanisms make the semantics of processing easier to under-

stand, and more similar to that of traditional SQL queries. However,
they can be applied only on a limited set of application domains, in
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which strong assumptions on the nature of data and on arrival order can
be done.
Gigascope translates GSQL rules into basic operators, and composes

them into a plan for processing. It also uses optimization techniques to
re-arrange the plan according to the nature and the cost of each operator.

Stream Mill

Stream Mill [52] is a general-purpose DSMS based on ESL, a SQL-like
language with ad-hoc constructs designed to easily support flows of in-
formation. ESL allows its users to define highly expressive transforming
rules by mixing the declarative syntax of SQL with the possibility to cre-
ate custom aggregates in an imperative way directly within the language.
To do so, the language offers the possibility to create and manage cus-
tom tables, which can be used as variables of a programming language
during information flow processing. Processing itself is modeled as a
loop on information items, which users control by associating behaviors
to the beginning of processing, to internal iterations, and to the end of
processing. Behaviors are expressed using the SQL language.
This approach is somehow similar to the one we described for CQL:

flows are temporarily seen as relational tables and queried with tradi-
tional SQL rules. ESL extends this idea by allowing users to express
exactly how tables have to be managed during processing. Accordingly,
the selection and consumption policies can be programmed rule by rule.
Since processing is performed on relational tables, the ordering of pro-
duced items may be separate from the input order.
Besides this, StreamMill keeps the traditional architecture of a database

system; it compiles rules into a query plan whose operators are then dy-
namically scheduled. The implementation of Stream Mill as described
in [52] shows a centralized processing, where the engine exchanges data
with applications using a client-server communication paradigm.

2.4.3 Complex Event Processing Systems

Traditional content-based publish-subscribe systems

As stated in Section 2.2 traditional content-based publish-subscribe mid-
dleware [10, 82] represent one of the historical basis for complex event
processing systems. In the publish-subscribe model, information items
flow into the system as messages coming from multiple publishers while
simple detecting rules define interests of subscribers. The detection part
of each rule can only take into account single information items and select
them using constraints on their content; the action part simply perform
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information delivery. These kinds of rules are usually called subscrip-
tions. The exact syntax used to represent messages and subscriptions
varies from system to system, but the expressive power of the system
remains similar, hence we group and describe them together.
Many publish-subscribe systems [83, 84, 85, 86, 87, 88, 33, 89] have

been designed to work in large scale scenarios. To maximize message
throughput and to reduce as much as possible the cost of transmission,
such systems adopt a distributed core, in which a set of brokers, con-
nected in a dispatching network, cooperate to realize efficient routing of
messages from publishers to subscribers.

Rapide

Rapide [90, 91] is considered one of the first steps toward the definition
of a complex event processing system. It consists of a set of languages
and a simulator that allows users to define and execute models of system
architectures. Rapide is the first system that enables users to capture the
timing and causal relationships between events: in fact, the execution
of a simulation produces a causal history, where relationships between
events are made explicit.
Rapide models an architecture using a set of components, and the

communication between components using events. It embeds a complex
event detection system, which is used both to describe how the detection
of a certain pattern of events by a component brings to the generation of
other events, and to specify properties of interest for the overall architec-
ture. The pattern language of Rapide includes most of the operators pre-
sented in Section 2.3: in particular it defines conjunctions, disjunctions,
negations, sequences, and iterations, with timing constraints. Notice
that Rapide does not assume the existence of an absolute time (however,
event can be timestamped with the values of one or more clocks, if avail-
able): as a consequence sequences only take into account a causal order
between events. During pattern evaluation, Rapide allows rules to access
the state of components; we capture this interaction with the presence
of the Knowledge Base, in our functional model.
The processing model of Rapide captures all possible set of events

matching a given pattern, which means that it applies a multiple selection
and a zero consumption policies. Notice that complex events can be re-
used in the definition of other events.
Since Rapide also uses its pattern language to define general properties

of the system, it embeds operators that are not found in other proposals,
like logical implications and equivalences between events. To capture
these relations, Rapide explicitly stores the history of all events that led
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to its occurrence. This is made easy by the fact that simulations are
executed in a centralized environment.

GEM

GEM [92, 93] is a generalized monitoring language for distributed sys-
tems. It has been designed for distributed deployment on monitors run-
ning side-by-side to event generators. Each monitor is configured with a
script containing detecting rules that detect patterns of events occurring
in the monitored environment and perform actions when a detection oc-
curs. Among the possible actions that a monitor can execute, the most
significant is notification delivery: using notifications each monitor be-
comes itself the generator of an information flow, thus enabling detection
of events that involve multiple monitors in a distributed fashion. It is
worth noting, however, that distribution is not completely automatic,
but needs the static configuration of each involved monitor. To make
distributed detection possible, the language assumes the existence of a
synchronized global clock. An event-specific delaying technique is used
to deal with communication delays; this technique allows detection to
deal with out-of-order arrival of information items.
GEM supports filtering of single information items, parameterization,

and composition using conjunction, disjunction, negation (between two
events), and sequence. Iterations are not supported. The time model
adopted by GEM considers events as having a duration, and allows users
to explicitly refer to the starting and ending time attributes of each event
inside the rules. This allows users to define fixed and landmark windows
for pattern evaluation. Moreover, an implicit sliding window is defined
for each rule having blocking operators; the size of the window is not
programmable by the users but depends from system constraints and
load (i.e., main memory and input rates of events). Since the definition
of a composite event has to explicitly mention all the components that
need to be selected, the maximum number of events captured at each
processing cycle is determined by deployed rules (i.e., Seq is bounded).
Detection is performed using a tree based structure; the action part

of a rule includes, beside notification delivery, also the possibility to
execute external routines and to dynamically activate or deactivate
rules. The GEM monitor has been implemented in C++ using the
REGIS/DARWIN [94, 95] environment that provides its communication
and configuration platform.
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Padres

Padres [46] is an expressive content-based publish-subscribe middleware
providing a form of complex event processing. As in traditional publi-
sh-subscribe it offers primitives to publish messages and to subscribe to
specified information items, using detecting rules expressed in a pattern-
based language. Unlike traditional publish-subscribe, expressed rules
can involve more than one information item, allowing logic operators,
sequences, and iterations. Padres uses a time model with an absolute
time, which can be addressed in rules to write complex timing constrains.
This way it provides fixed, landmark, and sliding windows. All possible
set of events satisfying a rule are captured; so we can say that the system
adopts a multiple selection and zero consumption policies. The presence
of an operator for iterations together with a timing window, makes it
impossible to determine the maximum number of items selected by each
rule a priori (Seq is unbounded).
Processing of rules, including those involving multiple information

items, is performed in a fully distributed way, exploiting a hierarchi-
cal overlay network. To do so, the authors propose an algorithm to
decompose rules in order to find a convenient placement for each op-
erator composing them; its goal is that of partially evaluating rules as
soon as possible during propagation of information elements from sources
to recipients. Assuming that applying an operator never increases the
amount of information to be transmitted, this approach reduces network
usage.
Information processing performed inside single nodes is realized using

Rete trees [96]. After detection, information items are simply delivered to
requiring destinations: only juxtaposition of information inside a single
message is allowed; more complex actions, like aggregates, cannot be
specified.

DistCED

DistCED [97] is another expressive content-based publish-subscribe sys-
tem; it is designed as an extension of a traditional publish-subscribe
middleware and consequently it can be implemented (at least in princi-
ple) on top of different existing systems.
DistCED rules are defined using a detecting language. Like in Padres

it is possible to combine single information items using logic operators,
sequences, and iterations. DistCED also allows users to specify the time
of validity for detection: this is done using a construct that builds up
a time-based sliding window. DistCED uses a time model that takes
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into account the duration of events and uses two different operators to
express sequences of events that are allowed to overlap (weak sequence),
and sequences of events with no overlapping (strong sequence). The
authors consider duration of events as a simple way to model the timing
uncertainty due to transmission; however no details are provided about
this.
Processing is performed in a distributed way: rules are compiled into

finite state automata and deployed as detectors; each detector is con-
sidered as a mobile agent, that can also be split into its components
to be better distributed. When a new rule is added, the system checks
whether it can be interpreted by exploiting already defined detectors;
if not, it creates new automata and pushes them inside the dispatching
network. To better adapt dispatching behavior to application require-
ments, DistCED provides different distribution policies: for example, it
can maximize automata reuse or minimize the overall network usage.

CEDR

In [53] the authors present the foundations of CEDR, defined as a general
purpose event streaming system. Different contributions are introduced.
First of all, the authors discuss a new temporal model for information
flows, based on three different timings, which specify system time, valid-
ity time, and occurrence/modification time. This approach enables the
formal specifications of various consistency models among which appli-
cations can choose. Consistency models deal with errors in flows, such
as latency, or out-of-order delivery. In CEDR flows are considered as
notification of state updates; accordingly the processing engine keeps an
history of received information and sends a notification when the results
of a rule changes, thus updating the information provided to connected
clients. From this point of view, CEDR strongly resembles DSMSs for
Internet update monitoring, like NiagaraCQ and OpenCQ; however, we
decided to put CEDR in the class of event processing systems since it
strongly emphasizes detection of event occurrences, using a powerful lan-
guage based on patters, including temporal operators, like sequences.
The presence of a precise temporal model enables authors to formally

specify the semantics of each operator of the language. It also greatly
influences the design of the language, which presents some interesting
and singular aspects: windows are not explicitly provided, while validity
constraints are embedded inside most of the operators provided by the
system (not only the blocking ones). In the CEDR language, instances
of events play a central role: rules are not only specified in term of an
event expression, which defines how individual events have to be filtered,
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combined and transformed; they also embed explicit instance selection
and consumption policies (through a special cancel-when operator), as
well as instance tranformations, which enable users to specify: (i) which
specific information items have to be considered during the creation of
composite events, (ii) which ones have to be consumed, and (iii) how
existing instances have to be transformed after an event detection.
Notice that the presence of a time window embedded into operators,

together with the ability to use a multiple selection policy, makes the
number of items sent by the Decider to the Producer unbounded a priori.
Consider for example a simple conjunction of items (A ∧ B) in a time
window W with a multiple selection policy: it is not possible to know a
priori how many couples of items A and B will be detected in W .

Cayuga

Cayuga [98] is a general purpose event monitoring system. It is based on
a language called CEL (Cayuga Event Language). The structure of the
language strongly resembles that of traditional declarative languages for
database: it is structured in a SELECT clause that filters input stream,
a FROM clause that specifies a streaming expression, and a PUBLISH
clause that produces the output. It includes typical SQL operators and
constructs, like selection, projection, renaming, union, and aggregates.
Despite its structure, we can classify CEL as a detection language: in-
deed, the streaming expression contained in the FROM clause enables
users to specify detection patterns, including sequences (using the NEXT
binary operator) as well as iterations (using the FOLD operator). Notice
that CEL does not introduce any windowing operator. Complex rules
can be defined by combining (nesting) simpler ones. Interestingly, all
events are considered as having a duration, and much attention is paid
in giving a precise semantics for operator composability, so that all de-
fined expressions are left-associated, or can be broken up into a set of
left-associated ones. To do so, the semantics of all operators is formally
defined using a query algebra [4]; the authors also show how rules can be
translated into non deterministic automata for event evaluation. Differ-
ent instances of automata work in parallel for the same rule, detecting all
possible set of events satisfying the contraints in the rule. This implic-
itly defines a multiple selection policy; Cayuga uses a zero consumption
policy, as events can be used many times for the detection of different
complex event occurrences. Since Cayuga is explicitly designed to work
on large scale scenarios, the authors put much effort in defining efficient
data structures: in particular, they exploit custom heap management,
indexing of operator predicates and reuse of shared automata instances.
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Since detecting automata of different rules are strictly connected with
each other, Cayuga does not allow distributed processing.

NextCEP

NextCEP [11] is a distributed complex event processing system. Sim-
ilarly to Cayuga, it uses a language that includes traditional SQL op-
erators, like filtering and renaming, together with pattern detection op-
erators, including sequences and iterations. Detection is performed by
translating rules into non deterministic automata, that strongly resemble
those defined in Cayuga in structure and semantics. In NextCEP, how-
ever, detection can be performed in a distributed way, by a set of strictly
connected node (clustered environment). The main focus of the Next-
CEP project is on rule optimization: in particular, the authors provide
a cost model for operators that defines the output rate of each operator
according to the rate of its input data. NextCEP exploits this model for
query rewriting, a process that changes the order in which operators are
evaluated without changing the results of rules. The objective of query
rewriting is that of obtaining the best possible evaluation plan, i.e. the
one that minimizes the usage of CPU resources and the processing delay.

PB-CED

In [99], the authors present a system for complex event detection using
data received from distributed sources. They call this approach Plan-
Based Complex Event Detection (PB-CED). The emphasis of the work
is on defining an efficient plan for the evaluation of rules, and on limiting
as much as possible transmissions of useless data from sources.
PB-CED uses a simple detecting language, including conjunctions,

disjunctions, negations, and sequences, but not iterations, or reuse of
complex events in pattern. The language does not offer explicit window-
ing constraints, but embeds time limits inside operators, like. PB-CED
offers a timing model that takes into account the duration of events.
PB-CED compiles rules into non deterministic automata for detec-

tion and combines different automata to form a complex detection plan.
Although PB-CED uses a centralized detection, in which the plan is de-
ployed on a single node, simple architectural components are deployed
near sources; these components just store information received from
sources (without processing them) and are directly connected with the
detecting node. Components near sources may operate both in push and
in pull-based mode. The authors introduce a cost model for operators
and use it to dynamically generate the plan with minimum cost. Since
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each step in the plan involves acquisition and processing of a subset of
the events, the plan is created with the basic goal of postponing the
monitoring of high frequency events to later steps in the plan. As such,
processing the higher frequency events conditional upon the occurrence
of lower frequency ones eliminates the need to communicate the former
(requested in pull-based mode) in many cases. Interestingly, the plan op-
timization procedure can take into account different parameters, besides
the cost function; for example it can consider local storage available at
sources, or the degree of timeliness required by the application scenario.

Amit

Amit is an application development and runtime control tool intended to
enable fast and reliable implementation of reactive and proactive applica-
tions [100]. Amit embeds a component, called situation manager, specif-
ically designed to process notifications received from different sources
in order to detect patterns of interests, called situations, and to for-
ward them to demanding subscribers. The situation manager is based
on a strongly expressive and flexible detecting language, which includes
conjunctions, negations, parameters, sequences, and repetitions (in the
form of counting operators). Timing operators are introduced as well,
enabling periodic evaluation of rules.
Amit introduces the concept of lifespan as a valid time window for the

detection of a situation. A lifespan is defined as an interval bounded by
two events called initiator and terminator. Amit’s language enables user-
defined policies for lifespans management: these policies specify whether
multiple lifespans may be open concurrently (in presence of different
valid initiators) and which lifespans are closed by a terminator (e.g., all
open ones, only the most recently opened, etc.).
At the same time Amit introduces programmable event selection poli-

cies by applying a quantifier to each operator. Quantifiers specify which
events an operator should refer to (e.g., the first, the last, all valid ones).
Similarly, Amit allows programmable consumption policies by associat-
ing a consumption condition to each operator.
It is worth mentioning that detected situations can be used as part of

a rule, as event notifications. This enables the definition of nested situa-
tions. Recursive processing is allowed as well. Despite being focused on
the detection of patterns, Amit supports both detection and production
aggregates.
Amit has been implemented in Java and is being used as the core

technology behind the E-business Management Service of IBM Global
Services [101]. It uses a centralized detection strategy: all events are
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stored at a single node, partitioned according to the lifespans they may
be valid for. When a terminator is received, Amit evaluates whether
all the conditions for the detection of a situation have been met and, if
needed, notifies subscribers.
An interesting aspect of Amit is that it implements some of the capa-

bilities described in [35], thus supporting uncertain input and enabling
uncertain rules.

Etalis

Etalis [102, 103] is a CEP system explicitly designed to simplify the def-
inition of composite events using temporal patterns of primitive events.
Its language is based on an interval time model, and offers a large number
of operators to define different kinds of sequences (with partial overlap-
ping of events, without overlapping, etc.).
The language of Etalis includes explicit time-based windows, but also

embeds them inside the negation operator to make it unblocking. Inter-
estingly, it does not include an explicit operator for iterations; on the
contrary, it makes wide use of recursive processing, defining composite
events starting from other composite events, thus allowing the detinition
of possibly unbounded sequences of events.
To detect composite events, Etalis recursively partitions rules until

they become binary, i.e., involving two events only. Binary rules are
then translated into a set of Prolog rules.
Another interesting aspect in Etalis is its capability to integrate infor-

mation derived from events with static information stored in some form
of data base or knowledge base.

Sase

Sase [104] is a monitoring system designed to perform complex queries
over real-time flows of RFID readings.
Sase defines detecting rules language based on patterns; each rule is

composed of three parts: event, where and within. The event clause
specifies which information items have to be detected and which are the
relations between them; relations are expressed using logic operators and
sequences. The where clause defines constraints on the inner structure
of information items included into the event clause: referring to the list
of operators of Section 2.3, the where clause is used to define selections
for single information items. Finally, the within clause expresses the
time of validity for the rule; this way it is possible to define time-based,
sliding windows. The language adopted by Sase allows only detection
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of given patterns of information items; it does not include any notion of
aggregation.
Sase compiles rules into a query plan having a fixed structure: it is

composed of six blocks, which sequentially process incoming information
elements realizing a sort of pipeline: the first two blocks detect infor-
mation matching the logic pattern of the event clause by using finite
state automata. Successive blocks check selections constraints, windows,
negations, and build the desired output. Since all these operators explic-
itly specify the set of events to be selected, it is not possible to capture
unbounded sequences of information items (Seq is bounded).

Sase+

Sase+ [47, 48] is an expressive event processing language from the au-
thors of Sase. Sase+ extends the expressiveness of Sase, by including
iterations and aggregates as possible parts of detecting patterns.
Non deterministic automata are used for pattern detection, as well as

for providing a precise semantics of the language. An interesting aspect
of Sase+ is the possibility for users to customize selection policies us-
ing strategies. Selection strategies define which events are valid for an
automaton transition: only the next one (if satisfying the rule’s con-
straints), or the next satisfying one, or all satisfying ones that satisfy.
Consumption of events, instead, is not taken into account.
An important contribution of [48] is the formal analysis of the expres-

sive power of the language, and of the complexity of its detecting algo-
rithm. On one side this analysis enables a direct comparison with other
languages (e.g., traditional regular expressions, Cayuga language). On
the other side, the analysis applies only to a limited set of pattern-based
language and cannot yet capture the multitude of languages defined in
the IFP domain.

Peex

Peex (Probabilistic Event Extractor) [105] is a system designed for ex-
tracting complex events from RFID data. Peex presents a pattern-based
rule language with four clauses: FORALL, which defines the set of read-
ings addressed in the rule, WHERE, which specifies pattern constraints,
CREATE EVENT and SET, which define the type of the event to be
generated and set the content of its attributes. Patterns may include
conjunctions, negations, and sequences, but not iterations.
The main contribution of Peex is its support for data uncertainty: in

particular, it addresses data errors and ambiguity, which can be frequent
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in the specific application domain of RFID data. To do so, it changes the
data model, by assigning a probability to all information items. More in
details, when defining rules, system administrators can associate a con-
fidence to the occurrence and attribute values of the defined composite
events, as functions of composing ones. For example, they can state that,
if three sequential readings are detected in a given time window, then an
event “John enters room 50” occurs with a probability of 70%, while an
event “John enters room 51” occurs with probability of 20% (probabili-
ties need not sum to 100%). Peex enable users to re-use event definitions
in the specification of others: to compute the probability of composite
events, it fully takes into account the possible correlations between com-
ponents. Another interesting aspect of Peex is the possibility to produce
partial events, i.e. to produce an event even if some of its composing
parts are missing. Obviously, the confidence on the occurrence of a par-
tial event is lower than if all composing events were detected. Partial
events are significant in the domain of RFID readings since sometimes
source may fail in detecting or transmitting an event.
From an implementation point of view, Peex uses a relation DBMSs,

where it stores all information received from sources and information
about confidence. Rules are then translated into SQL queries and run
periodically. For this reason, the detection time of events may be differ-
ent from real occurrence time.

2.4.4 Commercial Systems

Aleri Streaming Platform

The Aleri Streaming Platform [106] is an IFP system that offers a simple
imperative, graphical language to define processing rules, by combining a
set of predefined operators. To increase system’s expressiveness custom
operators can be defined using a scripting language called Splash, which
includes the capability of defining variables to store past information
items, so that they can be referenced for further processing. Pattern
detection operators are provided as well, including sequences. Notice,
however, that pattern matching can appear in the middle of a complex
computation, and that sequences may use different attributes for order-
ing, not only timestamps. As a consequence, the semantics of output
ordering does not necessarily reflect timing relationships between input
items.
The platform is designed to scale by exploiting multiple cores on a sin-

gle machine or multiple machines in a clustered environment. However,
no information is provided on the protocols used to distribute operators.
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Interestingly, the Aleri Streaming Platform is designed to easily work
together with other business instruments: probably the most significant
example is the Aleri Live OLAP system, which extends traditional OLAP
solutions [107] to provide near real time updates of information. Aleri
also offers a development environment that simplifies the definition of
rules and their debugging. Additionally, Aleri provides adapters to en-
able different data formats to be translated into flows of items compatible
with the Aleri Streaming Platform, together with an API to write cus-
tom programs that may interact with the platform using either standing
or one-time queries.

Coral8 CEP Engine

The Coral8 CEP Engine [108, 109], despite its name, can be classified as
a data stream system. Indeed, it uses a processing paradigm in which
flows of information are transformed through one or more processing
steps, using a declarative, SQL-like language, called CCL (Continuous
Computation Language). CCL includes all SQL statements; in addi-
tion it offers clauses for creating time-based or count-based windows, for
reading and writing data in a defined window, and for delivering items
as part of the output stream. CCL also provides simple constructs for
pattern matching, including conjunctions, disjunctions, negations, and
sequences; instead, it does not offer support for repetitions. Like in Aleri,
the Coral8 engine does not rely upon the existence of an absolute time
model: users may specify, stream by stream, the processing order (e.g.,
increasing timestamp value, if a timestamp is provided, or arrival order).
The results of processing can be obtained in two ways: by subscribing
to an output flow (push), or by reading the content of a public window
(pull).
Together with its CEP Engine, Coral8 also offers a graphical envi-

ronment for developing and deploying, called Coral8 Studio. This tool
can be used to specify data sources and to graphically combine different
processing rules, by explicitly drawing a plan in which the output of a
component becomes the input for others. Using this tool, all CCL rules
become the primitive building blocks for the definition of more complex
rules, specified using a graphical, plan-based, language.
Like Aleri, the Coral8 CEP engine may execute in a centralized or

clustered environment. The support for clustered deployment is used
to increase the availability of the system, even in presence of failures.
It is not clear, however, which policies are used to distribute process-
ing on different machines. Load shedding is implemented by allowing
administrator to specify a maximum allowed rate for each input stream.
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During early 2009, Coral8 merged with Aleri. The company now plans
a combined platform and tool set under the name of Aleri CEP.

StreamBase

StreamBase [110] is a software platform that includes a data stream pro-
cessing system, a set of adapters to gather information from heteroge-
neous sources, and a developer tool based on Eclipse. It shares many sim-
ilarities with the Coral8 CEP Engine: in particular, it uses a declarative,
SQL-like language for rule specification, called StreamSQL [111]. Beside
traditional SQL operators, StreamSQL offers customizable time-based
and count-based windows. Plus, it includes a simple pattern based lan-
guage that captures conjunctions, disjunctions, negations, and sequences
of items.
Operators defined in StreamSQL can be combined using a graphical

plan-based rule specification language, called EventFlow. User-defined
functions, written in Java or C++, can be easily added as custom aggre-
gates. Another interesting feature is the possibility to explicitly instruct
the system to permanently store a portion of processed data for historical
analysis.
StreamBase supports both centralized and clustered deployments; net-

worked deployments can be used as well, but also to provide high avail-
ability in case of failures. Users can specify the maximum load for each
used server, but the documentation does not specify how the load is
actually distributed to meet these constraints.

Oracle CEP

Oracle [44] launched its event-driven architecture suite in 2006 and added
BEA’s WebLogic Event Server to it in 2008, building what is now called
“Oracle CEP”, a system that provides real time information flow process-
ing. Oracle CEP uses CQL as its rule definition language, but, similarly
to Coral8 and StreamBase, it adds a set of relation-to-relation operators
designed to provide pattern detection, including conjunctions, disjunc-
tions, and sequences. An interesting aspect of this pattern language is
the possibility for users to program the selection and consumption poli-
cies of rules.
Like in Coral8 and StreamBase, a visual, plan-based language is also

available inside a development environment based on Eclipse. This tool
enables users to connect simple rules into a complex execution plan.
Oracle CEP is integrated with existing Oracle solutions, which includes
technology for distributed processing in clustered environment, as well
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as tools for analysis of historical data.

Esper

Esper [112] is considered the leading open-source CEP provider. Es-
per defines a rich declarative language for rule specification, called EPL
(Event Processing Language). EPL includes all the operators of SQL,
adding ad-hoc construct for windows definition and interaction, and for
output generation. The Esper language and processing algorithm are in-
tegrated into the Java and .Net (NEsper) as libraries. Users can install
new rules from their programs and then receive output data either in a
push-based mode (using listeners) or in a pull-based one (using iterators).
EPL embeds two different ways to express patterns: the first one ex-

ploits so called EPL Patterns, that are defined as nested constraints in-
cluding conjunctions, disjunctions, negations, sequences, and iterations.
The second one uses flat regular expressions. The two syntax offer the
same expressiveness. An interesting aspect of Esper pattern is the possi-
bility to explicitly program event selection policies, exploiting the every
and every-distinct modifiers.
Esper supports both centralized and clustered deployments; in fact,

using the EsperHa (Esper High Availability) mechanisms it is also possi-
ble to take advantage of the processing power of different, well-connected,
nodes, to increase the system’s availability and to share the system’s load
according to customizable QoS policies.

Tibco Business Events

Tibco Business Events [113] is another widespread complex event pro-
cessing system. It is mainly designed to support enterprise processes and
to integrate existing Tibco products for business process management.
To do so, Tibco Business Events exploits the pattern-based language of
Rapide, which enables the specification of complex patterns to detect
occurrences of events and the definition of actions to automatically react
after detection. Interestingly, the architecture of Tibco Business Events
is capable of decentralized processing, by defining a network of event
processing agents: each agent is responsible for processing and filter-
ing events coming from its own local scope. This allows, for example,
correlating multiple RFID readings before their value is sent to other
agents.
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IBM System S

In May 2009, IBM announced a Stream Computing Platform, called Sys-
tem S [114, 115, 116]. The main idea of System S is that of providing
a computing infrastructure for processing large volumes of possibly high
rate data streams to extract new information. The processing is split into
basic operators, called Processing Elements (PEs): PEs are connected
to each other in a graph, thus forming complex computations. System
S accept rules specified using a declarative, SQL-like, language called
SPADE [117], which embeds all traditional SQL operator for filtering,
joining, and aggregating data. Rules written in SPADE are compiled
into one or more PEs. However, differently from most of the presented
systems, System S allows users to write their own PEs using a full fea-
tured programming language. This way users can write virtually every
kind of function, explicitly deciding when to read an information from an
input stream, what to store, how to combine information, and when to
produce new information. This allows the definition of component per-
forming pattern-detection, which is not natively supported by SPADE.
System S is designed to support large scale scenarios by deploying the

PEs in a clustered environment, in which different machine cooperate to
produce the desired results. Interestingly System S embeds a monitoring
tool that uses past information about processing load to compute a better
processing plan and to move operators from site to site to provide desired
QoS.

Other commercial systems

Other widely adopted commercial systems exist, for which, unfortu-
nately, documentation or evaluation copies are not available. We mention
here some of them.

IBM WebSphere Business Events

IBM acquired CEP pioneer system AptSoft during 2008 and renamed it
WebSphere Business Events [118]. Today, it is a system fully integrated
inside the WebSphere platform, which can be deployed on clustered envi-
ronment for faster processing. IBM WebSphere Business Events provides
a graphical front-end, which helps users writing rules in a pattern-based
language. Such a language allows detection of logical, causal, and tem-
poral relationships between events, using an approach similar to the one
described for Rapide and Tibco Business Events.
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Event Zero

A similar architecture, based on connected event processing agents, is
used inside Event Zero [119], a suite of products for capturing and pro-
cessing information items as they come. A key feature of Event Zero is
its ability of supporting real-time presentations and analysis for its users.

Progress Apama Event Processing Platform

The Progress Apama Event Processing Platform [120] has been recog-
nized as a market leader for its solutions and for its strong market pres-
ence [121]. It offers a development tool for rule definition, testing and
deployment, and a high-performance engine for detection.

Microsoft StreamInsight

Microsoft StreamInsight [122, 123, 124] is part of Microsoft SQL Server
2008 and it is based on the LINQ language [125]. LINQ was first designed
to bring general purpose query facilities to the .NET framework and to
the programming languages working on top of it. It is a declarative
language, very similar to SQL.
In StreamInsight LINQ has been extended with time and count win-

dows, to enable processing of streaming information in the form of event
notifications. StreamInsight adopts an interval time model to support
events with a duration. Moreover, LINQ supports the specification of ad-
hoc aggregates and operators using traditional programming language.
Finally, Microsoft provides a visual tool to specify and debug queries.
StreamInsight supports distributed deployments; however, this requires

system administrator to manually configure the communication among
the different processing nodes.

2.5 Discussion

The first consideration that emerges from the analysis and classification
of existing IFP systems done in the previous section is a distinction be-
tween systems that mainly focus on data processing and systems that
focus on event detection. This distinction does not necessarily map to
the grouping of systems we adopted in Section 2.4. There are active
databases which focus on event detection, while several commercial sys-
tems, which classify themselves as CEP, actually focus more on data
processing than on event notification.
This distinction is clearly captured in the data model (Table 2.3), by

the nature of items processed by the different systems. Moreover, by
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looking at the nature of flows, we observe that systems focusing on data
processing usually manage homogeneous flows, while systems focusing
on event detection allow different information items to be part of the
same flow.
If we look at the rule and language models (Tables 2.3 and 2.4), we may

also notice how the systems that focus on data processing usually adopt
transforming rules, defined through declarative or imperative languages,
including powerful windowing mechanisms together with a join operator
to allow complex processing of incoming information items. Conversely,
systems focusing on event processing usually adopt detecting rules, de-
fined using pattern-based languages that provide logic, sequence, and
iteration operators as means to capture the occurrence of relevant events.
The data and rule models summarized in Table 2.3 also show that data

uncertainty and probabilistic rules have been rarely explored in existing
IFP systems. Since these aspects are critical in many IFP applications,
i.e., when data coming from sources may be imprecise or even incorrect,
we think that support for uncertainty deserves more investigation. It
could increase the expressiveness and flexibility, and hence the diffusion,
of IPF systems.
Coming back to the distinction between DSP and CEP, the time model

(Table 2.3) emphasizes the central role of time in event processing. All
systems designed to detect composite events introduce an order among
information items, which can be a partial order (causal), or a total order
(using an absolute or an interval semantics). Conversely, stream process-
ing systems often rely on a stream-only time model: timestamps, when
present, are mainly used to partition input streams using windows and
then processing is performed using relational operators inside windows.
The importance of time in event detection becomes even more evi-

dent by looking at Table 2.4. Almost all systems working with events
include the sequence operator, and some of them also provide the it-
eration operator. These operators are instead not provided by stream
processing systems, at least those coming from the research community.
Table 2.4, in fact, shows that commercial systems adopt a peculiar ap-
proach. While they usually adopt the same stream processing paradigm
as DSP research prototypes, they also embed pattern-based operators,
including sequence and iteration. While at first this approach could ap-
pear to be the most effective way to combine processing abstractions
coming from the two worlds, a closer look to the languages proposed so
far reveals many open issues. In particular, since all processing is per-
formed on relational tables defined through windows, it is often unclear
how the semantics of operators for pattern detection maps to the par-
titioning mechanisms introduced by windows. One gets the impression
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that several mechanisms were put together without investing much effort
in their integration and without carefully studying the best and minimal
set of operators to include in the language to offer both DSP and CEP
processing support. In general, we can observe that this research area is
new and neither academia nor industry have found how to combine the
two processing paradigms in a unifying proposal [126].
If we focus on the interaction style, we notice (Table 2.2) that the

push-based style is the most used both for observation and notification of
items. Only a few research systems adopt pull-based approaches: some
of them (NiagaraCQ and OpenCQ) motivate this choice through the
specific application domain in which they work, i.e., monitoring updates
of web pages, where the constraint on timeliness is less strict. Among the
systems focusing on such domain, only PB-CED is able to dynamically
decide the interaction style to adopt for data gathering according to the
monitored load.
As for the notification model, different commercial systems use an hy-

brid push/pull interaction style: this is mainly due to the integration
with tools for the analysis of historical data, which are usually accessed
on-demand, using pull-based queries. Finally, we observe that almost all
systems that allow distributed processing adopt a push-based forwarding
approach to send information from processor to processor. In Chapter 7
we will introduce and evaluate several protocols for distributed process-
ing, including one that allow a dynamic switch between push and pull,
to adapt the forwarding model to the actual load, trying to minimize the
bandwidth usage and increase throughput [127].
Closely related with the interaction style is the deployment model. By

looking at Table 2.2 we may notice a peculiarity that was anticipated in
Section 2.2: the few systems that provide a networked implementation
to perform filtering, correlation, and aggregation of data directly in net-
work, also focus on event detection. It is an open issue if this situation
is an outcome of the history that brought to the development of IFP
systems from different communities, having different priorities, or if it
has to do with some technical aspect, like the difficulty of using a declar-
ative, SQL-like language in a networked scenario, in which distributed
processing and minimization of communication costs are the main con-
cern. Clustered deployments, instead, have been investigated both in
the DSP and CEP domains.
Along the same line, we may notice (Table 2.1) how the systems that

support a networked deployment do not provide a knowledge base and
vice versa. In our functional model, the knowledge base is an element
that has the potential to increase the expressiveness of the system but
could be hard to implement in a fully networked scenario. This may
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explain the absence of such a component in those systems that focus
on efficient event detection in a strongly distributed and heterogeneous
network.
Another aspect related with the functional model of an IFP system

has to do with the presence or absence of the Clock. Table 2.1 shows how
half of the systems include such a (logical) component and consequently
allows rules to fire periodically, while the remaining systems provide a
purely reactive behavior. This feature seems to be independent from the
class of the system.
We cannot say the same if we focus on load shedding. Indeed, Table 2.1

shows that all systems providing such a mechanism belong to the DSP
world. Load shedding, in fact, is used to provide guaranteed performance
to users, and this is strictly related with the issue of agreeing QoS levels
between sources, sinks, and the IFP system. While all CEP systems
aim at maximizing performance through efficient processing algorithms
and distribution strategies, they never explicitly take into account the
possibility of negotiating specific QoS levels with their clients. It is not
clear to us whether the adoption of these two different approaches (i.e.,
negotiated QoS vs. fixed, usually best-effort, QoS) really depends on the
intrinsically different nature of data and event processing, or if it is a con-
sequence of the different attitudes and backgrounds of the communities
working on the two kinds of systems.
Another aspect differentiating CEP from DSP systems has to do with

the possibility of performing recursive processing. As shown in Ta-
ble 2.1, indeed, such mechanism is often provided by systems focusing on
events, while it is rarely offered by systems focusing on data transforma-
tion. This can be explained by observing how recursion is a fundamen-
tal mechanism to define and manage hierarchies of events, with simple
events coming from sources used to define and detect first-level com-
posite events, which in turn may become part of higher-level composite
events.
Another aspect that impacts the expressiveness of an IFP system is

its ability of adapting the processing model to better suit the need of
its users. According to Table 2.1 this is a mechanism provided by a few
systems, while we feel that it should be offered by all of them. Indeed,
while the multiple selection policy (with zero consumption) is the most
common, in some cases it is not the most natural. As an example,
in the fire alarm scenario described in Section 2.3.1, a single selection
policy would be better suited: in presence of a smoke event followed by
three high temperature events a single fire alarm, not multiple, should
be generated.
Similarly, in Section 2.3.1 we observed that the maximum length of
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the sequence Seq of information items that exits the Decider and enters
the Producer has an impact on the expressiveness of the system. Here we
notice how this feature can help us drawing a sharp distinction between
traditional publish-subscribe systems and all other systems, which allow
multiple items to be detected and combined. On the other hand, it
is not clear if there is a real difference in expressiveness between those
rule languages that result in a “bound” length for sequence Seq and
those that have it “unbound”. As an example, a system that allows
to combine (e.g., join) different flows of information in a time-based
window requires a potentially infinite Seq. The same is true for systems
that provide an unbounded iteration operator. Conversely, a system that
would provide count-based windows forcing to use them each time the
number of detectable items grows, would have a bounded Seq. While it
seems that the first class of languages is more expressive than the second,
how to formally define, measure, and compare the expressiveness of IFP
rule languages is still an open issue, which requires further investigation.
As a final consideration, we may notice (Table 2.1) that the ability to

dynamically change the set of active rules was available in most active
databases developed years ago, while it disappeared in more recent sys-
tems (with the remarkable exception of GEM and Tribeca). This is a
functionality that could be added to existing systems to increase their
flexibility.

2.6 Related Work

In this section we briefly discuss the results of on-going or past research
which aims at providing a more complete understanding of the IFP do-
main. In particular we cover four different aspects: (i) we present work
that studies general mechanisms for IFP; (ii) we review specific models
used to describe various classes of systems, or to address single issues;
(iii) we provide an overview of systems presenting similarities with IFP
systems; (iv) we discuss existing attempts to create a standard for the
IFP domain.

2.6.1 General Mechanisms for IFP

Many researchers focused on developing general mechanisms for IFP by
studying (i) rule processing strategies, (ii) operator placement and load
balancing algorithms, (iii) communication protocols for distributed rule
processing, (iv) techniques to provide adequate levels of QoS, and (v)
mechanisms for high availability and fault tolerance.

73



2 A Modelling Framework for IFP Systems

Query optimization has been widely studied by the database commu-
nity [128, 129, 130]. Since in IFP systems different rules co-exist, and
may be evaluated simultaneously when new input is available, it be-
comes important to look at the set of all deployed rules to minimize
the overall processing time and resource consumption. This issue is
sometimes called the multi-query optimization problem [131]. Different
proposals have emerged to address this problem: they include shared
plans [72], indexing [132, 133, 98], and query rewriting [11, 134] tech-
niques. In the area of publish-subscribe middleware, the throughput
of the system has always been one of the main concerns: for this rea-
son different techniques have been proposed to increase message filtering
performance [26, 23, 135, 136, 137].
When the processing is distributed among different nodes, beside the

definition of an optimal execution plan, a new problem emerges: it
is the operator placement problem, that aims at finding the optimal
placement of entire rules or single operators (i.e., rule fragments) at
the different processing nodes, to distribute load and to provide the
best possible performance according to a system-defined or user-defined
cost function. Some techniques have been proposed to address this is-
sue [138, 139, 46, 79, 140, 31, 141, 30, 142, 143, 144, 127], each one adopt-
ing different assumptions on the underlying environment (e.g., cluster of
well connected nodes or large scale scenarios with geographical distribu-
tion of processors) and system properties (e.g., the possibility of replicat-
ing operators). Most importantly, they consider different cost metrics;
most of them consider (directly or indirectly) the load at different nodes,
thus realizing load balancing, while others take into account network
parameters, like latency and/or bandwidth. A classification of existing
works can be found in [145].
In distributed scenarios it is of primary importance to define efficient

communication strategies between the different actors (sources, proces-
sors, and sinks). While most existing IFP systems adopt a push-based
style of interaction among components, some works have investigated
different solutions. A comparison of push and pull approaches for Web-
based, real-time event notifications is presented in [146]; some works
focused on efficient data gathering using a pull-based approach [147], or
a hybrid interaction, where the data to received is partitioned into push
parts and pull ones according to a given cost function [148, 99]. Chap-
ter 7 will introduce a hybrid push/pull approach also for the interaction
between different processing nodes [127].
Different contributions, primarily from people working on stream pro-

cessing, focused on the problem of bursty arrival of data (which may
cause processors’ overload) [149], and on providing required levels of QoS.
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Many works propose load shedding techniques [19, 20, 77, 67, 150, 151]
to deal with processors’ overload. As already mentioned in Section 2.4,
the Aurora/Borealis project allows users to express QoS constraints as
part of a rule definition [152]: such constraints are used by the system
to define the deployment of processing operators and to determine the
best shedding policies.
Recently, a few works coming from the event-based community have

addressed the problem of QoS. In particular, some of them have studied
the quality of event delivery with respect to different dimensions [153,
154, 155]. Often such dimensions are merged together to obtain a single
variable; the objective is that of properly allocating system resources in
order to maximize such a variable. In [156] the authors study the quality
of event delivery using a multi-objective approach in which the two com-
peting dimensions of completeness of delivery and delay are considered
together. The authors present an offline algorithm capable of finding the
set of optimal solution to the multi-obective function, as well as a greedy
approach that works online.
In [40], the authors address the problem of defining a proper semantics

for event detection when communication and synchromization errors may
occur. Their proposal extends the rule definition language with policies,
so that the behavior of the system in presence of errors can be customized
by the users, according to their needs. Several policies are presented, for
example a No-False-Positive policy ensures the sinks that all received
events have actually occurred, while a Max-Delay policy does not offer
guarantees about the quality of results, but instead ensures that the
delay between event detection and event delivery does not overcome a
given threshold.
Finally, a few works have focused on high-availability and fault toler-

ance for distributed stream processing. Some of them focused on fail-stop
failures of processing nodes [157, 158], defining different models and se-
mantics for high-availability according to specific application needs (e.g.,
the fact that results have to be delivered to sinks at least once, at most
once, or exactly once). They proposed different algorithms based on
replication. Interestingly, [159] also takes into account network failures
and partitioning, proposing a solution in which, in case of a communica-
tion failure, a processor does not stop but continues to produce results
based on the (incomplete) information it is still able to receive; such
information will be updated as soon as the communication can be re-
established. This approach defines a trade-off between availability and
consistency of data, which can be configured by sinks.
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2.6.2 Other Models

As we have seen, IFP is a large domain, including many systems. Al-
though the literature misses a unifying model, which is able to capture
and classify all existing works, various contributions are worth mention-
ing. First, there are the community specific system models, which helped
us understanding the different visions of IFP and the specific needs of
the various communities involved. Second, there are models that focus
on single aspects of IFP, like timing models, event representation models,
and language related models.

System Models

As described in Section 2.2, two main models for IFP have emerged, one
coming from the database community and one coming from the event-
processing community.
In the database community active database systems represent the first

attempt to define rules to react to information in real-time, as it becomes
available. The research field of active database systems is now highly
consolidated and several works exist offering exhaustive descriptions and
classifications [16, 17, 160].
To overcome the limitations of active database systems in dealing with

flows of external events, the database community gave birth to the Data
Stream Managements Systems. Even if research on DSMSs is relatively
young, it appears to have reached a good degree of uniformity in its vo-
cabulary and in its design choices. There exist a few works that describe
and classify such systems, emphasizing common features and open is-
sues [9, 50]. Probably the most complete model to describe DSMSs
comes from the authors of Stream [21]; it greatly influenced the design
of our own model for a generic IFP system. Stream is also important
for its rule definition language, CQL [42], which captures most of the
common aspects of declarative (SQL-like) languages for DSMS clearly
separating them through its stream-to-relation, relation-to-relation, and
relation-to-stream operators. Not surprisingly many systems, even com-
mercial ones [44, 110] directly adopt CQL or a dialect for rule definition.
However, no single standard has emerged so far for DSMSs languages and
competing models have been proposed, either adopting different declara-
tive approaches [54] or using a graphical, imperative approach [45, 106].
Our model has also been developed by looking at currently available

event-based systems, and particularly publish-subscribe middleware. An
in depth description of such systems can be found in [10, 82]. Recently,
several research efforts have been put in place to cope with rules involving
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multiple events: general models of CEP can be found in [1, 27, 161].

Models for Single Aspects of IFP

A relevant part of our classification focuses on the data representa-
tions and rule definition languages adopted by IFP systems, and on
the underlying time model assumed for processing. Some works have
extensively studied these aspects and they deserve to be mentioned
here. As an example, some papers provide an in depth analysis of spe-
cific aspects of languages, like blocking operators, windows, and aggre-
gates [162, 54, 163, 164]. Similarly, even if a precise definition of the
selection and consumption policies that ultimately determine the exact
semantics of rule definition languages is rarely provided in existing sys-
tems, there are some papers that focus on this issue, both in the area of
active databases [32] and in the area of CEP systems [165, 100].
In the areas of active databases and event processing systems, much

has been said about event representation: in particular a long debate ex-
ists on timing models [37, 38], distinguishing between a detection, and an
occurrence semantics for events. The former associates events with a sin-
gle timestamp, representing the time in which they were detected; it has
been shown that this model provides a limited expressiveness in defin-
ing temporal constraints and sequence operators. On the other hand,
the occurrence semantics associates a duration to events. In [39], the
authors present a list of desired properties for time operators (i.e., se-
quence and repetition); they also demonstrate that it is not possible to
define a time model based on the occurrence semantics that could satisfy
all those properties, unless time is represented using timestamps of un-
bounded size. It has been also demonstrated that, when the occurrence
semantics is used, an infinite history of events should be used by the pro-
cessing system to guarantee a set of desired properties for the sequences
operators [39].
Finally, as we observed in Sections 2.4 and 2.5, DSMSs, and particu-

larly commercial ones, have started embedding (usually simple) opera-
tors for capturing sequences into a traditional declarative language: this
topic has been extensively studied in a proposal for adding sequences to
standard SQL [49].
All these works complement and complete our effort.

2.6.3 Related Systems

Besides the systems described in Section 2.4, other tools exist, which
share many similarities with IFP systems.
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Runtime Verification Tools

Runtime verification [166, 167, 168, 169] defines techniques to check
whether the run of a system under scrutiny satisfies or violates some
given rules, which usually model correctness properties [170].
While at first sight runtime verification may resemble IFP we decided

not to include the currently available runtime verification tools into our
list of IFP systems for two reasons. First, they usually do not provide
general purpose operators for information analysis and transformation;
on the contrary they are specifically designed only for checking whether
a program execution trace satisfies or violates a given specification of the
system. Second, the specific goal they focus on has often led to the design
of ad-hoc processing algorithms, which cannot be easily generalized for
other purposes.
In particular, as these tools are heavily inspired by model check-

ing [171], rules are usually expressed in some kind of linear temporal
logic [172]. These rules are translated into monitors, usually in the form
of finite state or Büchi automata, which read input events coming from
the observed system and continuously check for rules satisfaction or vi-
olation. According to the type of monitored system, events may regard
state changes, communication or timing information. Guarded systems
may be instrumented to provide such pieces of information, or they can
be derived through external observation. It is worth noting that while
the monitored systems are often distributed, the currently available run-
time verification systems are centralized.
Focusing on the language, we may observe that temporal logics en-

able the creation of rules that resemble those that can be defined us-
ing pattern-based languages, as described in Section 2.3. In particular,
they allow composition of information through conjunctions, disjunc-
tions, negations, and sequences of events. Additionally, much work is
based on logics that also include timing constraints [173, 174]; this in-
troduces a flexible way to manage time, which can be compared to user
defined windows adopted by some IFP systems. Another aspect ex-
plored by some researchers is the possibility to express parameterized
rules through variables [175], which are usually associated with univer-
sal and existential quantifiers.
A notable difference between IFP systems and runtime verification

tools is that the former only deal with the history of past events to
produce their output, while the latter may express rules that require
future information to be entirely evaluated. As the output of runtime
verification systems is a boolean expression (indicating whether a certain
property is satisfied or violated) different semantics have been proposed
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to include all the cases in which past information is not sufficient to
evaluate the truth of a rule. Some work uses a three values logic, where
the output of the verification can be true, false, or inconclusive [176, 177].
Other work considers a given property as satisfied until it has not been
violated by occurred events [166]. Another approach is that of adopting
a four values logic, including the presumably true and presumably false
truth values [178]. When a violation is detected some of the exisiting
tools may also be programmed to execute a user defined procedure [179],
for example to bring back the system in a consistent state.

Runtime Monitoring Tools

Similarly to IFP systems, runtime monitoring tools consider not only the
satisfaction or violation of properties, as it happens in runtime verifica-
tion, but also manipulation of data collected from the monitored system.
Accordingly, some monitoring tools, even when developed with the spe-
cific domain of monitoring in mind, present design choices that can be
easily adapted to the more general domain of IFP. For this reason, we
included them in the list of IFP systems analyzed in Section 2.4. Others
are more strongly bound to the domain they are studied for: we describe
them here.
A lot of effort has been recently put into runtime monitoring of ser-

vice oriented architectures (SOAs) and, more specifically web services.
The focus is on the analysis of the quality of service compositions, to
detect bottlenecks and to eliminate them whenever possible. Different
rule languages have been proposed for SOA-oriented monitoring systems.
Some of them are similar to the pattern-based languages described in
Section 2.3 and express content and timing constraints on the events
generated by services [180, 181]. Others adopt imperative or declarative
languages [182] to express transforming rules. Events usually involve in-
formation about service invocations, including the content of exchanged
messages. Moreover, runtime monitoring languages often provide con-
structs to define variables and to manipulate them, making it possible
to store and aggregate information coming from multiple invocations.
From an implementation point of view, some systems integrate mon-

itoring rules within the process definition language (e.g., BPEL) that
describes the monitored process, thus enabling users to express condi-
tions that must hold at the bounds of service invocations [183, 184, 185].
Other systems, instead, adopt an autonomous monitor.
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Scalable Distributed Information Management Systems

Like many IFP systems, distributed information management sys-
tems [186, 187] are designed to collect information coming from dis-
tributed sources to monitor the state and the state’s changes in large
scale scenarios. Such systems usually split the network into non over-
lapping zones, organized hierarchically. When information moves from
layer to layer it is aggregated through user-defined functions, which pro-
gressively reduce the amount of data to forward. This way, such systems
provide a detailed view of nearby information and a summary of global
information. Getting the real data may sometimes require visiting the
hierarchy in multiple steps.
If compared with the IFP systems presented in Section 2.4, distributed

information management systems present some differences. First, they
are not usually designed to meet the requirements of applications that
make strong assumption on timeliness. This also reflects in the inter-
action style they offer, which is usually pull-based (or hybrid). Second,
they are generally less flexible. In fact, they usually focus on data dis-
semination and not on data processing or pattern detection. Aggregation
functions are only used as a summarizing mechanisms, and are not con-
sidered as generic processing functions [186]. As a consequence they
usually offer a very simple API to applications, which simply allows to
install new aggregation functions, and to get or put information into the
system.

2.6.4 IFP Standardization

Recently, much effort has been put in trying to define a common back-
ground for IFP systems. Proposals came mainly from the event pro-
cessing community, where a large discussion on the topic is undergoing,
starting from the book that introduced the term complex event pro-
cessing [1] and continuing on web sites and blogs [188, 189]. An Event
Processing Technical Society [190] has been founded as well, to promote
understanding and advancement in the field of event processing and to
develop standards.
All these efforts and discussions put a great emphasis on possible ap-

plications and uses of CEP systems, as well as on the integration with
existing enterprise solutions. For these reasons, they received a great
attention from industry, which is rapidly adopting the term “complex
event processing”. On the other hand this work is still in its infancy
and no real unifying model has been proposed so far to describe and
classify complex event processing systems. Our work goes exactly in this
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direction.

2.7 Conclusions

The need for processing large flows of information in a timely manner is
becoming more and more common in several domains, from environmen-
tal monitoring to finance. This need was answered by different commu-
nities, each bringing its own expertise and vocabulary and each working
mostly in isolation in developing a number of systems we collectively
called IFP systems. In this first chapter we surveyed the various IFP
systems developed so far, which include active databases, DSMSs, CEP
systems, plus several systems developed for specific domains.
Our analysis shows that the different systems fit different domains,

from data processing to event detection, and focus on different aspects,
from the expressiveness of the rule language, to performance in large
scale scenarios, adopting different approaches and mechanisms.
From the discussion in Section 2.5 we identify several research chal-

lenges for the IFP domain. First of all, it would be usefull to charac-
terize the differences in term of expressiveness among the existing rule
languages. In fact, while our analysis allows to draw a line between
languages oriented toward data processing and languages oriented to-
ward event detection, putting in evidence the set of operators offered
by each language, it is still an open issue to capture how each operator
contributes to the actual expressiveness of the language.
As we have seen, the current trend in commercial products is to of-

fer languages that merge together a processing style that is typical of
data processing languages, with advanced operators for pattern detec-
tion. This approach often makes languages complex and counterintu-
itive. Currently, we believe that none of the existing proposals has been
able to organically combine full data processing and full event detection
capabilities into a single solution. Moreover, we believe that further in-
vestigations are still needed to understand whether such a solution is
first of all feasible, and than useful for existing application scenarios.
Starting from these premises, in Chapter 3 we present TESLA, a rule

definition language explicitly designed for event-based scenarios. By fo-
cusing on a specific domain, TESLA remains compact, providing all the
features required for event detection using a small set of expressive op-
erators.
Related with the issue of expressiveness is the ability to support un-

certainty in data and rule processing. Only a few work have addressed
this issue, but we feel this is an area that requires more investigation,
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since it is something useful in several domains. Along the same line, we
noticed how the ability for a rule to programmatically manipulate the
set of deployed rules, by adding or removing them, is common in active
databases but is rarely offered by more recent IFP systems. Again, we
think that this is potentially very useful in several cases, and should be
offered to increase the expressiveness of the system. We are currently in-
vestigating both issues, and we plan to introduce them as part of TESLA
in the near future.
Despite several systems have been now developed, proposing efficient

processing algorithms, we believe that further advancements in the field
are still possible. We discuss this issue in detail in Chapters 5, 4, and 6,
providing new solutions that can easily take advantage of the increasing
power of modern parallel hardware.
A final issue has to do with the topology of the system and the inter-

action style. In our survey we observed that IFP systems either focus
on throughput, looking at performance of the engine with an efficient
centralized or clustered implementation, or they focus on minimizing
communication costs, by performing filtering, correlation, and aggrega-
tion of data directly in network. Both aspects are relevant for a system
to maximize its throughput in a widely distributed scenario and they
are strongly related with the forwarding model adopted (either push or
pull).
We will discuss these issues in details in Chapter 7, where we compare

different protocols for distributed processing.
To conclude this chapter, we observe that although the IFP domain

is now mature, and many systems were developed by academia and in-
dustry, there is still space for new innovative approaches, possibly in-
tegrating some of the ideas already present in some of the systems we
analyzed. The model presented in Section 2.3 may ease this job, helping
researchers coming from different communities and background in com-
paring the different approaches developed so far and in understanding
how they can be combined together.
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3.1 Introduction

As we have seen in Chapter 2, the increasing number of applications
requiring large amount of information to be timely processed as it flows
from the peripheral to the center of the system, led to the developement
of different IFP systems and languages.
In this chapter we focus on the languages used to define processing

rules, i.e., to express how incoming information has to be processed. As
already mentioned in Chapter 2 we believe that none of the languages
proposed so far is entirely adequate to fully support the needs that come
from application scenarios. On one side, the data transformation ap-
proach adopted by the DSP model is not suited to recognize patterns
of incoming items tied together by complex temporal relationships. On
the other side, CEP languages are often oversimplified, providing only
a small set of operators, insufficient to express a number of desirable
patterns and the rules to combine incoming information to produce new
knowledge. Even worse, the semantics of such languages is usually given
only informally, which leads to ambiguities and makes it difficult compare
the different proposals.
To overcome these limitations, we propose a new language called

TESLA (Trio-based Event Specification LAnguage). Each TESLA rule
considers incoming data items as notifications of events and defines how
(composite) events are defined from simpler ones. Despite an easy to
use, clean syntax, with a limited number of different operators, TESLA
is highly expressive and flexible, as it provides content and temporal
constraints, parameterization, negations, sequences, aggregates, timers,
and fully customizable policies for event selection and consumption. At
the same time, not to incur in the semantic ambiguities affecting many
existing languages, the TESLA semantics is formally specified by using
TRIO [191, 192], a first order, metric temporal logic.
The rest of the chapter is organized as follows: in Section 3.2 we

better motivate the limitations we found in existing works and clarify our
design goals; in Section 3.3 we present the TRIO logic. In Section 3.4 we
introduce the TESLA event model and system architecture, and describe
our language in details, providing the semantics for all valid operators,
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drawing some conclusions in in Section 3.5.

3.2 Why a new language

To better justify the need for a new event specification language we use
an example, which illustrates the main limitations of existing approaches
and shows the kind of expressiveness and flexibility we need.

3.2.1 A motivating example

Consider an environmental monitoring application that processes infor-
mation coming from a sensor network. Sensors notify their position, the
temperature they measure, and the presence of smoke. Now, suppose a
user has to be notified in case of fire. She has to teach the system to rec-
ognize such a critical situation starting from the raw data measured by
sensors. Depending from the environment, the application requirements,
and the user preferences, the notion of fire can be defined in many differ-
ent ways. Here we present four possible defining rules and we use them
to illustrate some of the features an event processing language should
provide.

i. Fire occurs when temperature higher than 45 degrees and some
smoke are detected in the same area within 3 min. The fire notifi-
cation has to embed the temperature actually measured.

ii. Fire occurs when temperature higher than 45 degrees is detected
and it did not rain in the last hour.

iii. Fire occurs when there is smoke and the average temperature in
the last 3 min. is higher than 45 degrees.

iv. Fire occurs when at least 10 temperature readings with increasing
values and some smoke are detected within 3 min. The fire no-
tification has to embed the average temperature of the increasing
sequence.

First of all, they select relevant notifications from the history of all
received ones according to a set of constraints. Two kinds of constraints
are used: the first one selects elements on the basis of the values they
carry, either to choose single notifications (e.g. those about temperature
higher than 45 degrees) or to choose a set of related notifications (e.g.
those coming from the same area). The latter case is usually called
parameterization. The second kind of selection constraints operates on
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the timing relationships among notifications (e.g. selecting only those
generated within 3 minutes) and allows to capture sequences of events
(e.g., high temperature followed by smoke or vice-versa).
Beside selection, rule (ii) introduces negation, by requiring an event

not to occur in a given interval. Similarly, rule (iii) introduces aggregates.
In particular, it defines a function (average) to be applied to a specified
set of values (temperature readings in the last 3 minutes) to calculate
the value to be carried by the complex event. Rule (iv) is interesting
as it combines the two kinds of selection constraints (those on values
and those on timing) to define an iteration that selects those elements
that bring growing temperature readings. Such kind of rules is common
in various domains, like in financial applications for stock monitoring,
where they are used to promptly detect relevant market trends.
Finally, when the desired combination of notifications has been de-

tected, rules have to specify which notification to create (e.g. fire) and
they have to define its inner structure (e.g. the notification has to embed
a temperature reading).
As discussed in Chapter 2 existing systems significanlty differ in the

set of operators they provide, which, in turn, determine their expres-
siveness. As an example, not all languages provide parameterization or
iterations [7]. We think that a language for CEP should be able to ex-
press all the constructs above: selection, parameterization, negations,
aggregates, sequences, and iterations. Additionally, it should be simple
and unambiguous, i.e., it should be easy to write rules having a clear
and precise semantics.

3.2.2 Limitations of existing languages

As discussed in Chapter 2, most of the languages recently proposed in
the literature to express rules like those above can be classified in two
groups: Data Stream Processing (DSP) and Complex Event Processing
(CEP) languages.
As observed during our analysis of existing systems, the most represen-

tative language of the first class is CQL [42], created within the Stream
project [43].
We report here the main features of CQL, to better motivate why we

believe that DSP language are not suitable to naturally express some of
the rules presented above. CQL is designed to deal with homogeneous
streams of timestamped tuples, all sharing the same schema. Each CQL
rule (query in CQL jargon) takes one or more streams as inputs and
produces one output stream. Queries are defined using three types of op-
erators. Stream-to-Relation (S2R) operators select a portion of a stream
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to implicitly create a traditional database table. They operate either on
time (e.g. selecting tuples received in the last 5 minutes every time a new
tuple arrives) or on the number of elements (e.g. selecting the last 10 tu-
ples every time a new one arrives). Relation-to-Relation (R2R) operators
are mainly standard SQL operators. Relation-to-Stream (R2S) operators
generate new streams from tables, after data manipulation. Each CQL
query is composed by a S2R operator, one or more R2R operators, and
one R2S operator.
As already observed in Chapter 2, a key aspect of languages like CQL

is forgetting the ordering between elements when moving from streams to
relations. No explicit sequencing operators are provided and timestamps,
if not artificially introduced as part of the tuples’ schema, cannot be
referenced during R2R processing. As a result, rules like the fourth of our
example, which involve a single sequence of information items, are very
hard to write in CQL, or even impossible if tuples do not include explicit
references to time. More in general, all queries that select elements
from the history of received items using timing constraints do not find a
natural support in DSP languages.
As we have seen in Section 2.4 more complex DSP languages exist,

which extend the expressive power of CQL: a remarkable example is
represented by ESL [52], a Touring complete DSP language. With these
languages detecting complex patterns becomes possible but it remains
difficult to support and far from natural, since the general schema of
the language remains that of CQL. Moreover, such languages, with their
more complex and less common syntax, suffer some limitations typical
of CEP languages (see below), mainly in terms of lack of a rigorous
semantics.
As we said, CEP languages present a different processing model w.r.t.

DSP ones. If we consider again our modeling framework, the main differ-
ences can be found in the data model, time model, and language model.
First of all they consider incoming information as event notifications. Ac-
cordingly, they usually adopt an absolute, or interval time model, thus
specifying an ordering relationship among items. This allows them to
include explicit operators that rely on time, including sequences. This
model is better suited to naturally express the rules in our example;
however, existing languages present two problems.
First, most of them are extremely simple and present serious limi-

tations in terms of expressiveness; for example, some languages force
sequences to capture only adjacent events [98], making it impossible
to express rules like (i) and (iii) above. Often negations are not al-
lowed [46, 98], or cannot be expressed through timing constraints [193],
like in rule (ii.) above. Other widespread limitations are the lack of a
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full-fledged iteration operator (Kleene+ [194]), that could allow rules to
capture a priori unbounded repetitions of events, like in rule (iv.), and
the lack of processing capabilities for computing aggregates.
Second, a formal definition of operators is hardly ever provided, leading

to semantic ambiguities. A typical problem is related with the specifi-
cation of selection and consumption policies (see Section 2.3.2). Only
a few language precisely express their choice in terms of selection and
consumption policies, leaving to the system implementation the task of
fixing them.
Without a precise selection and consumption policies, even the most

basic rules becomes difficult to understand. As an example of this prob-
lem, consider rule (i) above. It defines a simple conjunction of two items,
which is supported by almost all existing CEP languages.

T(48)t = 1

t = 1.5

t = 2

t = 2.5

T(48) T(50)

T(48) T(50) S

T(48) T(50) S S

Figure 3.1: Monitored events history

However, if you consider the sequence of events depicted in Figure 3.1
the ambiguities related with the lack of precise policies emerge. Suppose
that all events come from the same area and T(x) represents the event
notification temperature = x, while S represents the presence of smoke.
Initially, an event T(48) occurs, followed by another one, T(50). When
the event S is received the first issue arises: how many fire notification
should the system generate? Two (one for each pair <T(48),S> and
<T(50),S>) or just one? And, if we choose to deliver only one fire no-
tification which value of temperature should it embed? These questions
cannot be answered without a precise selection policy. Now suppose that
the system reacts by producing two notifications, what happens when an-
other event S occurs, like at t = 2.5? In some sense the two events T
have already been “used”: should they be considered again or not? In
this case the ambiguity rise from a lack of precise consumption policy.
It is worth noting that apart from a problem of lack of precise se-

mantics, the case above also evidence a problem of expressiveness, since
different applications may require different event selection and consump-
tion policies. Not only, sometimes a single application may need different
policies for different rules. Alert notifications, for example, are usually
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required only once, even when they can be generated by multiple combi-
nations of events; financial analysts, on the contrary, may be interested
in all possible combinations of stock events. For this reason we think
that selection and consumption policies should be accessible and cus-
tomizable within the rule specification language, thus allowing the rule
manager to choose the most appropriate one for each application and
each rule within the same application. On the contrary, as we have
seen in our analysis of systems in Section 2.4, existing CEP languages
(e.g. [46, 195, 98]), define, often implicitly and only through an actual ref-
erence implementation, a unique selection and consumption policy and
do not allow users to change them. Some remarkable exceptions exist:
in particular some languages designed for Active DBMSs allow users to
choose selection and consumption policies as part of the definition of a
rule [55]. However, also in these cases, only a few predefined choices are
possible and users cannot tailor them to their needs.

3.2.3 TESLA design goals

Moving from these considerations we designed TESLA to overcome the
limitations found in other languages, providing a high degree of expres-
siveness to users while keeping a simple syntax with a rigorously defined
semantics. In particular, TESLA provides selection operators, param-
eterization, negations, aggregates, sequences, iterations, and fully cus-
tomizable event selection and consumption policies, while also support-
ing reactive and periodic rule evaluation within a common syntax. At
the same time, we provide a formal semantics for TESLA using a first
order temporal logic. The remainder of this paper discusses these issues
in details.

3.3 TRIO: A brief overview

TRIO [191, 192] is a first order logical language augmented with tem-
poral operators, which enable to express properties whose value change
over time. TRIO temporal operators, unlike those of conventional tem-
poral logic, provide a metric on time: they express the length of time
intervals quantitatively. The meaning of a TRIO formula is not absolute:
it is given with respect to a current time instant that is left implicit in
the formula. These two properties make TRIO well suited to naturally
specify events and their occurrence.
The alphabet of TRIO includes sets of names for variables, functions,

and predicates, plus a fixed set of operators, including propositional sym-
bols (∧, ¬), quantifiers (∀), and the temporal operators Futr and Past.
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TRIO is a typed language: variables, functions, and predicates have their
own type, which determines the set of values they can assume, return,
or take as arguments. Among the allowed types there is a distinguished
one, required to be numeric in nature: the temporal domain. TRIO dis-
tinguishes between time-dependent variables (resp. functions and pred-
icates), whose value may change with time, and time-independent ones,
whose value is independent from time.
The syntax of TRIO is recursively defined as follows:

• Every variable is a term

• Every n-ary function applied to n terms is a term

If a term is a variable, then its type is the type of the variable; if the
term results from the application of a function, then its type is the range
of the function.

• Every n-ary predicate applied to n terms of the appropriate types
is a formula

• If A and B are formulas, ¬A and A ∧B are formulas

• If A is a formula and x is a time-independent variable, ∀xA is a
formula

• If A is a formula and t is a term of the temporal type, then Futr(A,
t) and Past(A, t) are formulas

Abbreviations for the propositional operators ∨, →, true, false, ↔
and for the derived existential quantifier ∃ are defined as usual.
The semantics of TRIO is formally defined in [191, 192], here we focus

on the two temporal operators Futr and Past. In particular, formula
Past(A, t) (resp. Futr(A, t)) is true if A holds t time units in the past
(resp. future) w.r.t. the current time, which is left implicit in the for-
mula.
A lot of temporal operators have been derived from Futr and Past.

In the following we will make use of two of them: always (Alw(A)) and
within the past (WithinP (A, t1, t2)), where A is a formula and t1, t2
terms of temporal domain; they are defined as follows:

Alw(A) = A ∧ ∀t(t > 0→ Futr(A, t))

∧ ∀t(t > 0→ Past(A, t))
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WithinP (A, t1, t2) = ∃x(t1 ≤ x ≤ t1 + t2 ∧ Past(A, x))

Before concluding this brief overview of TRIO, it is worth noting how
such logic only requires the temporal domains to be numeric, and does
not dictate further constraints: it can be, for example, either discrete
or continuous. TESLA keeps the same property, enabling designers to
choose the more suitable temporal domain according to their needs.

3.4 Language Definition

In this Section we present the TESLA language in details; in particular
we describe the TESLA event and rule models, then we define the general
structure of rules and we show how they can be translated into TRIO
formulas that precisely define their semantics. Finally, we present all the
possible patterns of events that can be captured through TESLA rules,
describing their use through various examples.

3.4.1 TESLA event and rule model

In TESLA we assume events, i.e. things of interest, to occur instan-
taneously at some points in time. In order to be understood and pro-
cessed, events have to be observed by sources (see Figure 3.2), which
encode them in event notifications (or simply events). We assume that
each event notification has an associated type, which defines the number,
order, names, and types of the attributes that build the notification. No-
tifications have also a timestamp, which represents the occurrence time
of the event they encode. The issue of who timestamps events, e.g., the
sources or the CEP system, and the need of ad-hoc mechanisms to cope
with out-of-order arrivals, have been discussed in the past [196] and are
out of the scope of this chapter. These are system issues that do not
impact the TESLA language, which is meant to process events in times-
tamp order, whoever sets it. By referring to the time model introduced
by our modelling framework in Section 2.3.6, we can say that TESLA
adopts an absolute time.
As an example, an event can be the temperature reading in a room

at a specific time. A sensor may observe this event and generate the
following notification:

Temp@10(Room = ”Room1”, V alue = 24.5)
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Where Temp represents the type of the notification and 10 is the times-
tamp. The Temp type defines two attributes: a string that identifies the
room in which the temperature was measured, and the actual measure
(a float). As attributes are ordered, notifications may also omit their
names.

Complex Event 
Processing Engine

Sources Sinks

Event Notifications

Rule Managers

TESLA
Rules

Event Notifications

Figure 3.2: TESLA Reference Architecture

TESLA rules define composite events from simpler ones. The latter
can be observed directly by sources or they can be composite events
defined by other rules. This means that TESLA allows for recursive
processing, as defined in our functional model in Section 2.3.1. In the
following we will refer to this mechanism also using the term “hierarchies
of events”.
Sinks subscribe to events and receive notifications as soon as their

requests are met. Subscriptions are as simple as in traditional publi-
sh-subscribe languages and include the type of relevant events together
with a filter over the content of events attributes, like in the following
example:

Subscribe(Temp, Room = ”Room1”and V alue > 20)

Subscriptions may refer to primitive events, i.e., those directly ob-
served by sources, or to composite ones, i.e., those derived through
TESLA rules. The resulting architecture distinguishes between Rule
managers who define TESLA rules, and sinks who subscribe to events.
As we will argument later, we fell that keeping the two roles separate
helps building reusable rules.

3.4.2 Structure of the rules

Each TESLA rule has the following general structure:
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define CE(Att1 : Type1, ..., Attn : Typen)

from Pattern

where Att1 = f1, .., Attn = fn

consuming e1, .., en

Intuitively the first two lines define a (composite) event from its con-
stituents, specifying its structure — CE(Att1: Type1, ..., Attn: Typen)
— and the pattern of simpler events that lead to the composite one. The
where clause defines the actual values for the attributes Att1, .., Attn of
the new event using a set of functions f1, .., fn, which may depend on
the arguments defined in Pattern. Finally, the optional consuming clause
defines the set of events that have to be invalidated for further firing of
the same rule.

3.4.3 Semantics of rules

Each TESLA rule associates a patter of events p with the composite
event e it represents. Accordingly, to provide a precise semantics for
rules we need to express the logical equality between the validity of p at
a given instant and the occurrence of e at the same instant.
In TRIO we can express the occurrence of an event using a time-

dependent predicate, which becomes true when the event occurs. On
the other hand, as we will prove through various examples, in TESLA
several events of the same type, possibly with the same attribute values,
may occur at the same time. To differentiate them we have to introduce
the concept of label : it is a unique global identifier for event notifications.
Notice that labels are only required to translate TESLA rules into TRIO
formulas, while they do not appear inside the TESLA language, which
operates at a higher level of abstraction. While we can safely assume that
events coming from external sources already have their own unique label,
we have to define the label of those composite events defined through
TESLA rules. To do so, we observe that a given set of events s can satisfy
a rule r at most once (we will prove this later through the uniqueness
of selection theorem). We leverage this property assuming that a time-
independent label generation function lab is defined, which returns new
labels taking two arguments: a unique rule identifier, and a set of labels
(those of the set of notifications s that satisfied the rule leading to the
new event). For labels to uniquely identify composite events, lab has to
be injective:
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∀ r1, s1, r2, s2

((lab(r1, s1) = lab(r2, s2)) ↔ (r1 = r2 ∧ s1 = s2))

Once labels have been introduced we can use them to formally de-
fine the occurence of events through the predicate Occurs(Type, Label),
which is true at the time when the event of type Type having label Label
occurs, and false in every other instant. The fact that labels are unique
and that a given event notification occurs only once, is formally captured
through the following formulas:

Alw ∀e1, e2 ∈ E,∀l ∈ L

((Occurs(e1, l) ∧Occurs(e2, l))→ e1 = e2)

Alw ∀e1, e2 ∈ E,∀l ∈ L,∀t > 0 (Occurs(e1, l)→
(¬Past(Occurs(e2, l), t) ∧ ¬Futr(Occurs(e2, l), t)))

Where L is the set of all valid labels and E is the set of all event types.
The first formula states that, in a given instant of time, there cannot be
two notifications having the same label and different types. The second
formula guarantees that, if an event with label l occurs at time t, no
other events having the same label can occur at different times.
To reason about the content of event notifications we introduce the

domain N of all valid names for event attributes. Since attributes can
have different types (e.g. string, int, float) for each type X we define a
time-independent function attV alX : L×N → X: given a label l and the
name of an attribute n it returns the value of the attribute in the event
notification having label l. For simplicity, in the following examples we
assume all attributes share a common domain V, so that we can use a
single function generically called attV al to associate attribute names to
their values. For the same reason, from now on we will omit types from
the define clause of our rules.
Using the elements defined above, a generic TESLA rule, in the form

shown in Section 3.4.2, is translated into the following TRIO formula
(we omit the translation of the consuming clause, as it will be addressed
later):

93



3 The TESLA Language

Alw ∀l1, .., lm ∈ L,∀n1, .., nn ∈ N

((Occurs(CE, lab(r, {l1, .., lm})) ↔ Pattern) ∧
(Pattern → attV al(lab(r, {l1, .., lm}), n1) = f1) ∧
(Pattern → attV al(lab(r, {l1, .., lm}), nn) = fn))

Where N is the set of all natural numbers and r ∈ N represents a
unique identifier for the translated TESLA rule, while l1, .., lm ∈ L are
the labels of all event notifications captured by Pattern and n1, .., nn

are the attribute names for the event type CE. The TRIO formula
asserts that, in every instant of time in which Pattern becomes true, an
event notification of type CE occurs, whose label is defined by the lab
function applied to the number of the rule r and the set of labels of all
event notifications captured by the pattern (and viceversa). The formula
also specifies the values for the new event’s attributes using the functions
defined in the corresponding TESLA rule.

3.4.4 Valid patterns

In the discussion so far we left unspecified the inner structure of a pat-
tern; we now introduce all operators used in TESLA to define valid
patterns.

Event occurrence

The simplest type of event pattern represents the occurrence of a single
event, possibly satisfying a set of constraints. As an example consider
the following requirement: generate an overflow notification when the
level of water in a river overcomes 20; the notification must include the
name of the river. This can be translated into the following TESLA rule:

define Overflow(Name)

from WaterLevel(Level > 20) as WL

where Name = WL.Name

As the example shows, TESLA puts the constraints over the content of
an event into parentheses after the type of the event. In this case a single
constraint is needed but TESLA accepts conjunctions of constraints as
well. To access the field of an event TESLA uses a dot notation event-
name.attribute-name. A name is associated to an event using the as
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keyword. When only an event of a given type is present in the pattern,
like in our example, it is also possible to omit the as clause and use
the event type as the name of the event. We can also split the type of
the selected event from the constraints on its attributes; for example the
from clause of the previous formula could be written as WaterLevel() as
WL and WL.Level>20.
Translating in TRIO rules involving single events is easy. Notice that

to keep formulas more compact, here and in the following we assume all
free variables to be universally quantified at the outermost level and all
formulas to start with the Alw operator, which we omit. Using these
conventions we provide the translation of a general rule selecting a single
event:

define CE(Att1, .., Attn)

from SE(Attx op V alx)

where Att1 = f1, .., Attn = fn ,

(Occurs(CE, lab(r, {l1})) ↔
(Occurs(SE, l1) ∧ attV al(l1, Attx) op V alx)) ∧
(Occurs(SE, l1) ∧ attV al(l1, Attx) op V alx) →
(attV al(lab(r, {l1}), Att1) = f1 ∧ .. ∧
attV al(lab(r, {ln}), Attn) = fn)

To capture the meaning of this formula, consider the situation in which
two different events of type SE, A and B, occur at the same time. As
the two events necessarily have different labels, lA and lB, to satisfy the
formula above two different CE notifications must be generated, having
labels lab(r, {lA}) and lab(r, {lB}). The two notifications are guaranteed
to be distinct (i.e. to represent different event occurrences), as the lab
function is injective.

Event composition

To capture the occurrence of several, related events, TESLA provides
three event composition operators: each-within, first-within, and last-
within. All event composition operators bind the occurrence of an event
to the occurrence of another one, introducing a detection window. Using
the terminology introduced in Section 3.2 we can say that they differ
from each other according to the selection policy they define. As an
example, consider the following rules:
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define F ire(V al)

from Smoke() and

each Temp(V al > 45) within 5min from Smoke

where V al = Temp.V al

define F ire(V al)

from Smoke() and

last Temp(V al > 45) within 5min from Smoke

where V al = Temp.V al

Both rules define the Fire event from Smoke and Temp. The first rule
leads to notify a Fire event for each Temp event higher than 45 occurred
within 5 minutes from the smoke detection (if any). We say that the each-
within operator defines a multiple selection policy as it uses any available
Temp notification in a given time window. The second rule, instead,
creates a single Fire notification by selecting only the latest Temp event
higher than 45 occurred within 5 minutes from the smoke detection.
The first-within operator exhibits a similar behavior, by selecting the
first event in the specified time interval. We say that the last-within
and first-within operators define a single selection policy as they force
the selection of at most one element. The formal definitions of all event
composition operators are shown below (for space reasons we omit the
attribute constraints and assignments):

define CE from A and each B within x from A ,

Occurs(CE, lab(r, {l0, l1}) ↔
(Occurs(A, l0) ∧ WithinP (Occurs(B, l1), T ime(l0), x))

define CE from A and last B within x from A ,

Occurs(CE, lab(r, {l0, l1}) ↔
(Occurs(A, l0) ∧ WithinP (Occurs(B, l1), T ime(l0), x)

∧ ¬∃t ∈ (Time(l1), T ime(l0)] Past(Occurs(B, l2), t)

∧ (¬Past(Occurs(B, l3), T ime(l1)) ∧ l3 > l1))
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define CE from A and first B within x from A ,

Occurs(CE, lab(r, {l0, l1}) ↔
(Occurs(A, l0) ∧ WithinP (Occurs(B, l1), T ime(l0), x)

∧ ¬∃t ∈ [x, T ime(l1)) Past(Occurs(B, l2), t)

∧ (¬Past(Occurs(B, l3), T ime(l1)) ∧ l3 < l1))

Here we used the time dependent function Time, which takes a label
as argument and returns the occurrence time of the event having that
label with respect to the current time, left implicit. Using such func-
tion, the definition of the each-within operator is straightforward: it only
adopts the WithinP temporal operator, binding CE notifications to each
B event found in the valid time interval. The definition of last-within
and first-within operators introduce an additional constraint imposing
no B events to occur after (resp. before) the selected one in the defined
time interval. Notice that to provide a unique order between events in
presence of simultaneous occurrences, we assume an ordering between
labels.

T(48)t = 1

t = 2

t = 3

t = 4

T(48) T(50)

T(48) T(50) T(40)

T(48) T(50) T(40) S

Figure 3.3: A possible history of event occurrences

To better understand the difference between single and multiple se-
lection operators, consider again the two TESLA rules described above.
We show an example of event history in Figure 3.3. S represents a Smoke
event, while T(n) represents an event of type Temp (n being the mea-
sured temperature). When at t=4 a Smoke event is detected, the rule
that uses the each-within operator combines it with every Temp event
greater than 45, which result in two different Fire notifications. On the
contrary, the rule that uses the last-within operator results in a single
Fire notification, that combining the Smoke event with the latest Temp
event greater than 45 (i.e. the one received at time t=2).
TESLA also offers a generalized version of the first-within and last-

within operators, called k-first-within and k-last-within. They can be
used to capture the second, third, etc. event occurrence from the be-
ginning (resp. end) of a specified interval. The formal definition of the
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semantics of these operators is omitted as it can be easily derived from
the definition of the basic single selection operators.
As a final remark, notice that TESLA allows the definition of rules

that combine multiple composition operators; they can be connected in
series, defining chains of event occurrences; or in parallel, allowing more
event occurrences to be bound to a single one. The rule below shows
both options:

define D()

from A() and each B() within 5min from A and

last C() within 3min from A and

last D() within 6min from B and

first E() within 2min from D and

E within 8min from A

Notice, in particular, the use of the within operator in the last line,
which introduces an additional timing constraint for an already defined
event E.

Parameterization

In Section 3.2 we introduced parameterization as one of the required
features in an event specification language. As an example, consider
again the rule about Fire notifications as defined through the each-within
operator in the previous section. Knowing that a Smoke and a Temp
events occurred within 5 minutes may be meaningless if we don’t know
whether the two events come from the same area. To express similar
relationships, TESLA introduces parameters through the $ operator.
Suppose that both Temp and Smoke events have an attribute called
Area: the following rule exemplifies the use of parameters to force the
two events of interest to come from the same area:

define F ire(V al)

from Smoke(Area = $x) and

each Temp(V al > 45 and Area = $x)

within 5min from Smoke

where V al = Temp.V al

Defining the semantics of parameters in TRIO is straightforward, we
simply add one or more constraints on the values of attributes. For
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example, the rule above requires attV al(l0,
Area) = attV al(l1, Area) where l0, l1 are the labels of the selected Smoke
and Temp events.

Theorem: Uniqueness of selection

As mentioned at the very beginning of this section, all TRIO formulas
used so far are correct under the assumption that a set of events can
be selected by a given rule only once. We call this assumption: unique-
ness of selection. Together with the adoption of an injective function to
define labels, it makes it impossible to generate different events sharing
the same label. As the operators described so far define all the event
selection strategies allowed in TESLA, we are now ready to prove that
the uniqueness of selection assumption is satisfied. In the remainder of
the paper we present new operators that extend the expressiveness of
TESLA. None of them, however, introduces new selection mechanisms:
at most they add new constraints, reducing the set of composite events
that may occur. Accordingly, none of them influences the uniqueness of
selection.
Proof. All TESLA rules joins the occurrence of a (composite) event to

the occurrence of a pattern of (simpler) events, one of which must occur
at the same time of the composite one, while the others occur in the
past. This guarantees that a given rule r is satisfied by a set of events
E only once, at time t. In fact, future evaluations of the same rule r at
time t1 > t would require at least a new event e to occur at evaluation
time t1. On the other hand, since rules only refer to current and past
events, e cannot be part of E, so the pattern of events satisfying r at t1
must differ from E.

Timers

Several application domains require rules to be evaluated periodically.
TESLA supports periodic rules using special events called timers. As
an example, we may require a rule to be evaluated only at 9.00 of Fri-
day by using Timer(H = 9,M = 00, D = Friday) in its from clause.
This approach keeps the syntax of the language simple, using a uniform
approach for both reactive and periodic rules, and it does not change
the semantics of rules (without impacting the uniqueness of selection
property).
If we look back at our functional model in Section 2.3.1, we can map

timers on the elements produced by the clock logical component to enable
periodic processing.
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Negation

Applications often need to reason not only about the events occurred,
but also about those that did not occur. As an example, we could detect
a fire when Temp and Smoke events are detected in the same area in
absence of Rain. To deal with similar cases, TESLA introduces the not
operator, which defines an interval of time in which a given event must
not occur. Such interval can be defined in two ways: using two events
as the interval bounds or using a single event together with the duration
of the interval. The following rules introduce the two cases:

define F ire(V al)

from Smoke(Area = $x) and

each Temp(V al > 45 and Area = $x)

within 5min from Smoke and

not Rain(Area = $x) between Temp and Smoke

where V al = Temp.V al

define F ire(V al)

from Smoke(Area = $x) and

each Temp(V al > 45 and Area = $x)

within 5min from Smoke and

not Rain(Area = $x) within 5min from Smoke

where V al = Temp.V al

The semantics of these two forms that the not operator may assume
is defined below. Notice that the first syntax is allowed only when the
relative order between the two events defining the interval of time is
known. This happens when both events belong to a common chain of
event occurrences.

define D from A and each B within x from A

and not C between B and A ,

Occurs(D, lab(r, l0, l1)) ↔
(Occurs(A, l0) ∧ WithinP (Occurs(B, l1), x) ∧
¬∃t ∈ [Time(l0), T ime(l1)) (Past(Occurs(C, l2)), t))
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C when A and not B within x from A ,

Occurs(c, lab(r, l0)) ↔ (Occurs(A, l0) ∧
¬∃t ∈ [Time(l0), T ime(l0) + x) (Past(Occurs(B, l1)), t))

Event consumption

As discussed in Section 3.2, one of the main limitations of existing CEP
languages is the lack of customizable event selection and consumption
policies. While the xxx-within operators introduced so far allow users to
adopt the preferred event selection policy, TESLA uses the consuming
clause to deal with event consumption, allowing users to specify the
selected events that have to become invalid for future detections (by the
same rule). As an example, consider the following rule:

define F ire(V al)

from Smoke() and each Temp(V al > 45)

within 5min from Smoke

where V al = Temp.V alue

consuming Temp

It consumes all selected Temp events, so a new Smoke would not fire
the rule until a new Temp (followed by a further Smoke) happens.
To define the semantics of rules that include the consuming clause,

we introduce a new time dependent TRIO predicate called Consumed.
Given a rule identifier r and a label l, Consumed(r,l) remains false until
the event with label l is consumed by the rule r, and it holds true after
event consumption. Formally, we ask the Consumed operator to satisfy
the following properties:

Alw ∀l ∈ L,∀r ∈ N
(Consumed(r, l)→ ∀ t > 0, Futr(Consumed(r, l), t))

Alw ∀l ∈ L,∀e, r ∈ N,∀S
((¬∃t > 0 (Past(Occurs(e, lab(r, S), t))) ∧ l ∈ S)

→ ¬Consumed(r, l))
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The former guarantees that once an event with label l has been con-
sumed by a rule r, it always remains consumed in the future (w.r.t. r).
The latter guarantees that if an event e has not (yet) been captured by
a rule r (i.e. it is not part of a set of labels S selected by the rule in
the past), it cannot be considered as consumed w.r.t. r. To show how
the Consumed predicate can be used to formalize the semantics of rules
including a consuming clause, we provide the translation of the TESLA
rule above in TRIO:

Occurs(Fire, lab(r, {l1, l2})) ↔ (Occurs(Smoke, l1)

∧ WithinP (Occurs(Temp, l2), T ime(l1), 5) ∧
attV al(l2, V alue) > 45 ∧ ¬Consumed(r, l2))

(Occurs(Smoke, l1) ∧
WithinP (Occurs(Temp, l2), T ime(l1), 5) ∧
attV al(l2, V alue) > 45 ∧ ¬Consumed(r, l2)) →
∀t > 0 Futr(Consumed(r, l2), t)

The first formula differs from the standard translation used so far as
it requires all events appearing in the consuming clause (i.e. Temp)
not to be consumed at evaluation time. The second specifies that, if
at time t the pattern is satisfied selecting the Temp event with label
l2, such event has to be considered consumed in the future. Using the
consuming clause together with single selection operators it is possible
to define rules that always capture a specific event (e.g. the first, or
the last) among non consumed ones only. To the best of our knowledge
no other languages based on patterns are expressive enough to define
similar rules. Also notice that event consumption is valid only within a
rule. We think that this semantics is the most natural for a CEP system,
in which multiple rules use the same event notifications independently,
possibly with different aims. Defining a global consume operator would
be straightforward, however we preferred not to introduce it as we think
that it would have made rule definition and management a harder tasks.

Aggregates

The importance of aggregates has been discussed in Section 3.2. Aggre-
gates apply a function to a set of values S to generate a new value v.
TESLA allows v to be used wherever a value is allowed; in particular v
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can be assigned to an attribute of the composite event being defined or it
can be used inside the constraints that select the relevant events. TESLA
aggregates capture values from events in a specified time interval. As for
negations, time intervals can be specified through the occurrence of two
events or through a single occurrence plus the duration of the interval.
The following examples show the two cases:

define AvgTemp(V al)

from Timer(M%5 == 0)

where V al = Avg(Temp().V alue)

within 5min from Timer

define HighV al(Name, V al)

from Stock(Name = $y, V al = $x) and

last Opening() within 1day from Stock and

$x > Avg(Stock(Name = $y).V al)

between Opening and Stock

where V al = S.V al, Name = S.Name

The first rule is evaluated periodically (every 5 minutes) and generates
an AvgTemp notification embedding the average value of temperature
readings in the last 5 minutes. The second rule generates a new High-
Val notification when the value of a Stock overcomes the average value
computed from the last Opening.
The following TRIO formula provides the semantics for a generic ag-

gregate function Fun applied to the attribute Val of events X occurred
between A and B. The formula defines a Set including all values of at-
tribute Val in events of type X occurred between A and B. Formally Set
is defined as a set of label-value couples, in such a way that the same
value coming from n different events is considered n times. The function
Fun uses values in Set to produce the result.

Fun(X.V al) between A and B = Y ,

∀ Set (∀x(x ∈ Set ↔ ∃l ∈ L(x =< l, attV al(l, V al) >

∧ withinP (Occurs(X, l), T ime(B), T ime(A))))

→ Fun(Set) = Y )
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Recursive processing

Most languages for CEP do not provide a separation between event defi-
nition rules and users subscriptions; subscribers deploy so called compos-
ite subscriptions that embed the pattern of events they are interested in.
While this approach has no impact on the expressiveness of the language,
in our opinion it makes definition of rules more difficult, as it does not
allow composite events to be reused.
On the contrary, TESLA enables composite events defined through a

rule to be used inside other rules thus realizing recursive processing ; this
way users may easily create very expressive hierarchies of events.
We think that this approach better fits the nature of many applica-

tions in which sources provide a high volume of low level information
items which need to be filtered and combined at different logical levels
to produce results for the final users. As an example, consider a weather
forecast application: sensors provide information about their locations
and the temperature they read. As a first step, a rule manager may
define an average temperature event that is generated every 5 minutes
and include all the readings coming from a given area. Then, these
events can be combined into patterns defining temperature trends. Fi-
nally, trends can be used together with other data (e.g. about wind) to
provide weather forecast.
Notice that a correct definition of hierarchies require no circular de-

pendencies to exist between rules. This constraint cannot be verified
directly inside the TESLA language, as it requires knowledge that is
outside the scope of single rules, however it can be easily checked by a
CEP engine at rule deploy time.

Iterations

We have already seen in Chapter 2 that several existing languages for
CEP define ad-hoc operators to express bounded or unbounded iterations
of patterns (Kleen closures) [194, 98, 46].
Such operators may be useful to detect trends: as an example they

enable patterns involving continuously increasing values for a stock. A
precise definition of iteration operators has to take into account a number
of aspects: selection and consumption policies, minimum and maximum
number of iterations, relations between attribute values, termination cri-
teria, etc., which complicate the language, both syntactically and seman-
tically.
On the other hand TESLA, with its ability to define hierarchies of

events and to adopt different selection and consumption policies for dif-
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ferent rules, is expressive enough to not require special operators to cap-
ture iterations. A great advantage in term of elegance and simplicity.
This is in line with our analysis in Section 2.3.8, where we show that a
language that provides both a sequence operator and recursive processing
can mimic iterations through recursive rules.
As an example, suppose we want to capture every iteration of events

of type A, where the attribute Val never decreases, to notify an event
B that contains the number of A that are part of the iteration. This is
captured by the following TESLA rules:

define RepA(Times, V al)

from A()

where T imes = 1 and V al = A.V al

define RepA(Times, V al)

from A($x) and last RepA(V al ≤ $x) within 3min

from A

where T imes = RepA.T imes+ 1 and V al = $x

consuming RepA

define B(Times)

from RepA()

where T imes = RepA.T imes

Notice how TESLA provides a high degree of flexibility. For exam-
ple, it is easy to modify the event selection and consumption policies or
content and timing constraints in the above rules to change the events
actually captured, e.g., to capture only the longest iteration occurred.

3.5 Conclusions

In this chapter we presented TESLA, our event specification language
for CEP. We explicitly designed TESLA to capture the needs of event
based applications, providing a simple and compact syntax while offering
high expressiveness and floxibility.
TESLA supports content-based event filtering and allows to easily cap-

ture complex relations among temporally related patterns of events. It
supports parameterization, negations, and aggregates, offering standard

105



3 The TESLA Language

and periodic rules within a single framework. It also clearly separates the
role of rules, used to define composite events, from the role of subscrip-
tions, used to express the interests of sinks, allowing recursive definition
of rules to easily specify expressive hierarchies of events. All these fea-
tures, together with the ability of specifying fully customizable policies
for event selection and consumption, allows TESLA to easily define event
iterations without requiring an explicit Kleene operator, i.e., keeping the
language syntax simple and elegant.
Moreover, TESLA is among the first languages for CEP to offer a

formal semantics, expressed using a temporal logic. This eliminates the
ambiguities typical of most other languages and allows system designers
to formally check the correctness of their implementation.
Since an event detection language is pointless without an engine in-

terpreting it, in the next chapters we present the design of different
algorithm for efficient event detection using TESLA rules and their im-
plementation on a running system.
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Parallel Hardware

4.1 Introduction

As highlighted in Chapter 2, selection is the fundamental operator for
CEP. Indeed, selecting which primitive events are relevant for a compos-
ite one is the first step that every CEP system has to perform. This is
done by matching the content of primitive events against some kind of
filter present in rules.
Moreover, the same kind of content-based matching has also to be

performed at the end of the CEP process, to decide the sinks interested
in the composite events just identified. As already shown in Chapter 2,
this is the same action at the base of publish-subscribe systems. For this
reason, publish-subscribe is the area in which the content-based matching
problem has been studied in details. Accordingly, in this chapter we will
compare with the results achieved in this field, using the terminology
developed for the research on publish-subscribe systems.
The content-based matching process is not a trivial activity [10], and

in many situations the matching component can easily become the bot-
tleneck of a publish-subscribe system. On the other hand, in several sce-
narios the performance of the publish-subscribe infrastructure may be a
key factor. As an example, in financial applications for high-frequency
trading [197], a faster delivery event notifications may produce a sig-
nificant advantage over competitors. Similarly, in intrusion detection
systems [198], the ability to forward the huge number of event notifi-
cations that results from observing the operation of a large network is
fundamental to detect possible attacks before they could compromise the
system.
This aspect has been clearly identified in the past and several algo-

rithms have been proposed for efficient content-based matching [199, 200,
26, 201]. While these algorithms differ in most aspects, they have one
in common: they were all designed to run on conventional, sequential
hardware. If this was reasonable years ago, when parallel hardware was
the exception, today this is no more the case. Modern CPUs integrate
multiple cores and more will be available in the immediate future. If
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this was not enough, modern Graphical Processing Units (GPUs) inte-
grate hundreds of cores, general enough to be used not only for graphic
processing but for processing in general.
Unfortunately, parallel programming is still a complex task and tra-

ditional algorithms have often to be fully redesigned to leverage parallel
hardware. This is definitely true in the case of GPUs, whose cores can
be used simultaneously only to perform data parallel computations; but
multicore CPUs have their peculiarities, too. As an example, the differ-
ent cores of a multicore CPU share a single cache and bus toward the
main memory, making memory management critical. This task is also
critical in GPUs, which usually have no direct access to the main mem-
ory and do not offer hardware managed caches, leaving all the duties in
the hand of programmers.
Moving from these premises, in this chapter we present Parallel Con-

tent Matching (PCM ), a data parallel algorithm explicitly designed to
leverage off-the-shelf parallel hardware (i.e., multicore CPUs and GPUs)
to perform content-based matching. We present two incarnations of this
algorithm: one for multicore CPUs using OpenMP [202], the other for
GPUs that implement the CUDA architecture [203]. We study their per-
formance comparing them against SFF [200], the (sequential) matching
component of Siena, often taken as a benchmark for its efficiency. This
analysis demonstrates how the use of parallel hardware can bring impres-
sive speedups in content-based matching. At the same time, by carefully
analyzing how PCM performs under different workloads, we also identify
the peculiar aspects of parallel CPU and GPU programming that mostly
impact performance.
The remainder of the chapter is organized as follow: Section 4.2 in-

troduces the data model and the terminology we use in the rest of the
chapter. Section 4.3 offers an overview of the OpenMP and CUDA pro-
gramming models, focusing on the aspects more relevant for our purpose.
Section 4.4 describes PCM and how we implemented it on OpenMP and
CUDA. The performance of these two implementations in comparison
with SFF is discussed in Section 4.5, while Section 4.6 presents related
work. Finally, Section 4.7 provides some conclusive remarks and de-
scribes future work.

4.2 Events and Predicates

For ease of exposition we report here the models of events and sub-
scriptions already introduced in Chapter 3. Here, we introduce a more
precise terminology (derived from the publish-subscribe research area)
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to identify the different components that build events and subscriptions,
to simplify the following description and analysis of PCM.
To be as general as possible we are adopting a data model and a

terminology that are very common among event-based systems [200].
We represent an event notification, or simply event, as a set of at-
tributes, i.e., 〈name, value〉 pairs. Values are typed and we con-
sider both numerical values and strings. As an example, e1 =
[〈area, “area1”〉, 〈temp, 25〉, 〈wind, 15〉] is an event that an environmen-
tal monitoring component could publish to notify the rest of the system
about the current temperature and wind speed in the area it monitors.
The interests of components are modeled through predicates, each

being a disjunction of filters, which, in turn, are conjunctions of ele-
mentary constraints on the values of single attributes. As an exam-
ple, f1 = (area = “area1” ∧ temp > 30) is a filter composed of two
constraints, while p1 = [(area = “area1” ∧ temp > 30) ∨ (area =
“area2” ∧ wind > 20)] is a predicate composed of two filters. A fil-
ter f matches an event notification e if all constraints in f are satisfied
by the attributes of e. Similarly, a predicate matches e if at least one of
its filters matches e. In the examples above, predicate p1 matches event
e1.
Given these definitions, the problem of content-based matching can

be stated as follow: given an event e and a set of interfaces, each one
exposing a predicate, find those interfaces e should be delivered through,
i.e., those exposing a predicate matching e.

DispatcherPublishers Subscribers

Brokers

publish

subscribe

notify

Figure 4.1: A typical publish-subscribe infrastructure

In a centralized publish-subscribe infrastructure, it is the dispatcher
that implements this function, by collecting predicates that express the
interests of subscribers (each connected to a different “interface”) and
forwarding incoming event notifications on the basis of such interests. In
a distributed publish-subscribe infrastructure the dispatcher is composed
of several brokers, each one implementing the content-based matching
function above to forward events to its neighbors (other brokers or the
subscribers directly connected to it).
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In the case of traditional publish-subscribe systems, the dispatcher
simply forwards the events received from the publishers to interested
subscribers. In the case of a CEP system, as we have seen, there may be
one or more brokers in charge of using received events to detect patterns
and generate notification of composite events accordingly. In this chapter
we focus on forwarding only, to isolate its contribution to the overall
performance of a system.

4.3 Parallel Programming Models

Attaining good performance with parallel programming is a complex
task. A naive paralleling of a sequential algorithm is usually not suffi-
cient to efficiently exploit the presence of multiple processing elements,
and a complete re-design of the algorithm may be necessary, taking into
account the peculiarity of the underlying architecture and its program-
ming model. In this section we present the architectures and program-
ming models considered in this chapter, focusing on the abstractions
offered and on the aspects that mostly affect performance.

4.3.1 Multicore CPU Programming with OpenMP

OpenMP (Open Multi-Processing) is an API for shared memory mul-
tiprocessing programming in C/C++ and Fortran, consisting of a set
of compiler directives and library routines. OpenMP provides thread
programming at a high level: the programmer specifies which portions
of code should execute in parallel, while the compiler decides low-level
details, including the creation of threads and the assignment of tasks to
threads. In particular, to develop data parallel algorithms like PCM,
OpenMP supports the SPMD (Single Program Multiple Data) imple-
mentation strategy [204], through the following primitives:

Parallel regions. The programmer defines regions of code that have to
be executed in parallel by different threads, and explicitly specifies the
number of threads to be used. Inside a parallel region, each thread is
uniquely identified by its ThreadNum, which the programmer may access
and use to differentiate the execution flows of threads.

Shared memory. Threads in a parallel region can declare private,
thread-local variables, but they can also access variables from a common
shared memory. Limiting data dependencies among threads is a key
aspect to obtain good performance.

Synchronization. To control the access to shared memory, OpenMP
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provides two different kinds of synchronization primitives: critical sec-
tions and barriers. Critical sections specify portions of parallel regions
that must be executed in mutual exclusion by the different threads. Bar-
riers are synchronization points at which all threads must wait before any
is allowed to proceed [205].

On top of them, OpenMP also offers some higher level primitives. The
most remarkable example (also used in the remainder of this chapter)
is the parallel for, which parallels for loops. Although OpenMP 3.0
introduces new directives to simplify task parallelism, we did not make
use of them while implementing our algorithm.

4.3.2 GPU Programming with CUDA

Introduced by Nvidia in Nov. 2006, the CUDA architecture offers a
new programming model and instruction set for general purpose pro-
gramming on GPUs. Different languages can be used to interact with a
CUDA compliant device: we adopted CUDA C, a dialect of C explicitly
devoted to program GPUs. The CUDA programming model is founded
on five key abstractions:

Hierarchical organization of thread groups. The programmer is
guided in partitioning a problem into coarse sub-problems to be solved
independently in parallel by blocks of threads, while each sub-problem
must be decomposed into finer pieces to be solved cooperatively in parallel
by all threads within a block. This decomposition allows the algorithm to
easily scale with the number of available processor cores, since each block
of threads can be scheduled on any of them, in any order, concurrently
or sequentially.

Shared memories. As in OpenMP, CUDA threads may access data
from multiple memory spaces during their execution: each thread has
a private local memory for automatic variables; each block has a shared
memory visible to all threads in the same block; finally, all threads have
access to the same global memory.

Barrier synchronization. Since thread blocks are required to execute
independently from each other, no primitive is offered to synchronize
threads of different blocks. On the other hand, threads within a single
block work in cooperation, and thus need to synchronize their execution
to coordinate memory access. In CUDA this is achieved exclusively
through barriers.

Separation of host and device. The CUDA programming model as-
sumes that CUDA threads execute on a physically separate device (the
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GPU), which operates as a coprocessor of a host (the CPU) running a
C/C++ program. The host and the device maintain their own separate
memory spaces. Therefore, before starting a computation, it is neces-
sary to explicitly allocate memory on the device and to copy there the
information needed during execution. Similarly, at the end results have
to be copied back to the host memory and the device memory have to
be deallocated.

Kernels. Like parallel regions in OpenMP, kernels are special functions
that define a single flow of execution for multiple threads. When calling
a kernel k, the programmer specifies the number of threads per block
and the number of blocks that must execute it. Inside the kernel it is
possible to access two special variables provided by the CUDA runtime:
the threadId and the blockId, which together allow to uniquely identify
each thread among those executing the kernel. As for the ThreadNum
in OpenMP, conditional statement involving these variables can be used
to differentiate the execution flows of different threads.

Architectural Issues

If compared to OpenMP, the CUDA model provides thread programming
at a lower level. There are details about the hardware architecture that
a programmer cannot ignore while designing an algorithm for CUDA.
The CUDA architecture is built around a scalable array of multi-

threaded Streaming Multiprocessors (SMs). When a CUDA program
on the host CPU invokes a kernel k, the blocks executing k are enumer-
ated and distributed to the available SMs. All threads belonging to the
same block execute on the same SM, thus exploiting fast SRAM to im-
plement the shared memory. Multiple blocks may execute concurrently
on the same SM as well. As blocks terminate new blocks are launched
on freed SMs.
Each SM creates, manages, schedules, and executes threads in groups

of parallel threads called warps. Individual threads composing a warp
start together but they have their own instruction pointer and local state
and are therefore free to branch and execute independently. On the other
hand, full efficiency is realized only when all threads in a warp agree on
their execution path, since CUDA parallels them executing one common
instruction at a time. If threads in the same warp diverge via a data-
dependent conditional branch, the warp serially executes each branch
path taken, disabling threads that are not on that path, and when all
paths complete, the threads converge back to the same execution path.
An additional issue is represented by memory accesses. If the layout of

data structures allows threads with contiguous ids to access contiguous
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memory locations, the hardware can organize the interaction with mem-
ory into several memory-wide operations, thus maximizing throughput.
This aspect significantly influenced the design of PCM’s data structures,
as we discuss in the next section.
In summary, we can say that, similarly to OpenMP, the CUDA pro-

gramming model ease the implementation of data parallel algorithms
using a SPMD implementation strategy. However, while OpenMP runs
on hardware architectures where different threads are free to execute dif-
ferent instructions without incurring in additional overhead, the CUDA
architecture is designed to execute efficiently only data parallel code that
operates on contiguous memory regions.
Inside a single SM, instructions are pipelined but, differently from

modern CPU cores, they are executed in order, without branch predic-
tion or speculative execution. To maximize the utilization of its com-
putational units, each SM is able to maintain the execution context of
several warps on-chip, so that switching from one execution context to
another has no cost. At each instruction issue time, a warp scheduler
selects a warp that has threads ready to execute (not waiting on a syn-
chronization barrier or for data from the global memory) and issues the
next instruction to them.
Finally, to give an idea of the capabilities of a modern GPU supporting

CUDA, we provide some details of the Nvidia GTX 460 card we used
for our tests. It includes 7 SMs, which can handle up to 48 warps of 32
threads each (for a maximum of 1536 threads). Each block may access a
maximum amount of 48KB of shared, on-chip memory within each SM.
Furthermore, it includes 1GB of GDDR5 memory as global memory.
This information must be carefully taken into account when program-
ming: shared memory must be exploited as much as possible, to hide
the latency of global memory accesses, but its limited size significantly
impacts the design of algorithms.

4.4 The PCM Algorithm

This section describes our PCM algorithm and its implementations in
OpenMP (OCM ) and CUDA (CCM ). As mentioned in Section 4.1, PCM
is designed to maximize the amount of data parallel computations, min-
imizing the interactions among threads. Moreover, it adopts a memory
layout in which information is stored in contiguous areas. This leverages
the CUDA ability to combine memory accesses to maximize throughput,
but it also proves (see Section 4.5) to provide maximum performance in
OpenMP.
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PCM is composed of two phases: a constraint selection phase and a
constraint evaluation and counting phase. When an event enters the
engine, the first phase selects, for each attribute a of the event, the set of
constraints having the same name as a. These constraints are evaluated
in the second phase, using the value of a. In particular, when a constraint
c is satisfied, we increase the counter associated to the filter c belongs
to. A filter f matches an event when all its constraints are satisfied and
so does the predicate p it belongs to. When this happens, the event can
be forwarded to the interface exposing p.

4.4.1 Data Structures

ValTypeOp

Names Constraints

FilterId

SizeC

(a) Constraints

CountSizeF InterfaceId
Filter0
Filter1
Filter2
...

InterfacesFilters

Interface0
Interface1
Interface2

...

(b) Filters and Interfaces

Figure 4.2: Data structures

Figure 4.2 shows the data structures we create and use during pro-
cessing. Figure 4.2a shows the data structures containing information
about constraints. In particular, Table Constraints groups existing
constraints into multiple rows, one for each name. Each element of the
table stores information about a single constraint: its operator (Op), its
type (Type), its value (Val), and an identifier of the filter it belongs
to (FilterId). If different filters share a common constraint c (which
we expect to be common in real applications), we duplicate c. This
simplifies memory layout and minimizes the size of each element of table
Constraints, which, in turn, maximizes the number of elements that can
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be accessed in parallel through a memory-wide operation by CUDA. Sec-
tion 4.5 measures the benefits of this solution. Moreover, since different
rows of table Constraints may include a different number of elements,
the actual size of each row is stored in vector SizeC. Finally, map Names
(〈name, rowId〉) associates each attribute name with the corresponding
row in Constraints.
Figure 4.2b shows the data structures containing information about

filters and interfaces. Each row of table Filters represents a different
filter and stores its size (SizeF), i.e., the number of constraints it is
composed of, the number of currently satisfied constraints (Count), and
the interface it belongs to (InterfaceId). Vector Interfaces represents
the output of our algorithm. It is a vector of bytes, one for each interface.
A value of one in position x means that the event under processing
must be forwarded through interface x. Both Count and Interfaces are
set to zero before processing an event and updated (in parallel) during
processing.
In the implementation adopting OpenMP, all data structures are stored

in the main (CPU) memory. In the CUDA version almost all of them
are permanently stored into the GPU memory; a choice that minimizes
the need for CPU-to-GPU communication during event processing. The
only exception is represented by map Names, stored on the CPU.

4.4.2 Implementing PCM in OpenMP (OCM)

Evaluating constraints in parallel using OpenMP is rather easy. When an
event e enters the engine, for each attribute a in e, we use map Names to
select the row of table Constraints associated to the name of a, then we
use a parallel for to evaluate the constraints part of this row in parallel.
When a constraint c is satisfied, we have to update field Count of the

filter that includes c. Since different threads may try to update such a
field concurrently, we define this update as an atomic operation. Atomic
operations in OpenMP are a special, low overhead, type of critical sec-
tions, which can be applied to variable assignments only. After updat-
ing field Count, we check whether it has become equal or greater than
SizeF. In that case we set to one the corresponding element in vector
Interfaces.
As a final remark, we notice that our algorithm uses the parallel for

loop also to reset field Count and vector Interfaces before processing
each event. Indeed, in our preliminary tests this solution proved to
significantly outperform not only the sequential for loop but also a call
to memset.
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4.4.3 Implementing PCM in Cuda (CCM)

The implementation of PCM on CUDA deserves more discussion. As
for OpenMP, when an event e enters the engine, it is the CPU that
uses map Names to select the relevant lines in table Constraints. In
principle, we could avoid this phase, transferring the whole content of
e to the GPU and letting it find the relevant constraints using parallel
threads. However, some preliminary experiments we performed show
that the computational effort required to select constraints on the CPU
using a STL map is negligible (less than 1% of the overall processing
time); on the other hand, this selection can potentially filter out a huge
number of constraints, thus making the subsequent evaluation on the
GPU much faster.

RowId Type Val
Attribute0

Attribute1

Attribute2

...

AttrId

Figure 4.3: Input data

As a result of this first phase, the CPU builds table Input, as in
Figure 4.3. It stores, for each attribute a in e, the id of the row in
Constraints associated to the name of a (RowId), the type of a (Type),
and its value (Val). This information is transferred to the GPU memory
to match e against relevant constraints. This evaluation step is per-
formed entirely on the GPU, launching a kernel that uses thousands
of threads working in parallel, each one evaluating a single attribute
a of e against a single constraint among those relevant for a in table
Constraints.
As we mentioned in Section 4.3, at kernel launch time the developer

must specify the number of blocks executing the kernel and the number
of threads composing each block. Both numbers can be in one, two,
or three dimensions. Figure 4.4 shows our organization of threads and
blocks. It shows an example in which each block is composed of only
4 threads, but in real cases 256 or 512 threads per block are common
choices. We organize all threads inside a block over a single dimension
(x axis), whereas blocks are organized in two dimensions. The y axis is
mapped to event attributes, i.e., to rows of table Input in Figure 4.3.
The x axis, instead, is mapped to set of constraints. Since the number
of constraints with the same name of a given attribute may exceed the
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Thread Block

blockId.x*blockDim.x+threadId
= 

ConstraintId

blockId.y
=

AttrId

Figure 4.4: Organization of blocks and threads

maximum number of threads per block, we allocate multiple blocks along
the x axis.
The kernel function is presented in Algorithm 1. At the first two lines,

each thread determines its x and y coordinates in the bi-dimensional
space presented in Figure 4.4 using the values of the blockId and threadId
variables, initialized by the CUDA runtime. More specifically, the value
of y is directly given by the y value of blockId, while the value of x is
computed as blockId.x·blockDim.x+threadId, where blockDim.x is the
x size of each block.
At this point each thread reads the data it requires from tables Input

and Constraints. Since all threads in the same block share the same
attribute, i.e., the same element in table Input, we copy such element
from the global memory to the block shared memory once for all. More
specifically, the command at line 3 defines a variable shInput in shared
memory, which the first thread of each block (the one having threadId
equal to 0) sets to the appropriate value taken from table Input. All
other threads wait until the copy is finished by invoking the __sync-
threads() command in line 7. Our experiments show that this optimiza-
tion increases performance by 2-3% w.r.t. the straightforward approach
of letting each thread separately access table Input from global memory
Afterward, each thread uses the RowId information copied into the

shInput structure to determine the row of table Constraints it has to
process (each thread will process a different element of such row). Since
different rows may have different lengths, we instantiate the number of
blocks (and consequently the number of threads) to cover the longest
among them. Accordingly, in most cases we have too many threads. We
check this possibility at line 9, immediately stopping unrequired threads.
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Algorithm 1 Constraint Evaluation Kernel
1: x = blockId.x·blockDim.x+threadId
2: y = blockId.y
3: __shared__ shInput
4: if threadId==0 then
5: shInput = input[y]
6: end if
7: __syncthreads()
8: rowId = shInput.RowId
9: if x ≥ SizeC[rowId] then

10: return
11: end if
12: constraint = Constraints[x][rowId]
13: type = shInput.Type
14: val = shInput.Val
15: if ! sat(constraint, val, type) then
16: return
17: end if
18: filterId = constraint.FilterId
19: count = atomicInc(Filters[filterId].Count)
20: if count+1==Filters[filterId].SizeF then
21: interfaceId = Filters[filterId].InterfaceId
22: Interfaces[interfaceId] = 1
23: end if

This is a common practice in GPU programming, e.g., see [206]. We will
analyze its implication on performance in Section 4.5.
In line 12 each thread reads the constraint it has to process from ta-

ble Constraints in global memory to the thread’s local memory (i.e.,
hardware registers, if they are large enough), thus making future ac-
cesses faster. Also notice that our organization of memory allows threads
having contiguous identifiers to access contiguous regions of the global
memory. This is particularly important when designing an algorithm for
CUDA, since it allows the hardware to combine different read/write op-
erations into a reduced number of memory-wide accesses, thus increasing
performance.
In lines 13 and 14 each thread reads the type and value of the attribute

it has to process and uses them to evaluate the constraint it is respon-
sible for (in line 15). We omit for simplicity the pseudo code of the sat
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function that checks whether a constraint is satisfied by an attribute. If
the constraint is not satisfied the thread immediately returns, otherwise
it extracts the identifier of the filter the constraint belongs to and up-
dates the value of field Count in table Filters. As already observed for
OpenMP, different threads may try to update the same counter concur-
rently. To avoid clashes, we exploit a special atomicInc operation offered
by CUDA, which atomically reads the value of a 32bit integer from the
global memory, increases it, and returns the old value. In line 20 each
thread checks whether the filter is satisfied, i.e., if the current number
of satisfied constraints (old count plus one) equals the number of con-
straints in the filter. If this happens, the thread extracts the identifier
of the interface the filter belongs to and sets the corresponding position
in vector Interfaces to 1.
As we mentioned in Section 4.3, CUDA provides best performance

when threads belonging to the same warp follow the same execution
path. After table Input is read (line 5) and all unrequired threads have
been stopped (line 10), there are two conditional branches where the
execution path of different threads may potentially diverge. The first
one, in line 15, evaluates a single attribute against a constraint, while
the second one, in line 20, checks whether all the constraints in a filter
have been satisfied before setting the relevant interface to 1. The threads
that follow the positive branch in line 20 are those that process the last
matching constraint of a filter. Unfortunately, we cannot control the
warps these threads belong to, since this depends from the content of
the event under evaluation and from the scheduling of threads. Accord-
ingly, there is nothing we can do to force threads on the same warp to
follow the same branch. On the contrary, we can increase the probabil-
ity of following the same execution path within function sat in line 15
by grouping constraints in table Constraints according to their type,
operator, and value. This way we increase the chance that threads in
the same warp, having contiguous identifiers, process constraints with
the same type and operator, thus following the same execution path
into sat. Our experiments, however, show that such type of grouping of
constraints provides a very marginal performance improvement and only
under specific conditions. On the other hand, it makes creation of data
structures (i.e., table Constraints that needs be ordered) much slower.
We will come back to this issue in Section 4.5.

Reducing Memory Transfers

To correctly process an event, we first need to reset fields Count and
vector Interfaces. In a preliminary implementation, we let the CPU
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perform these operations through the cudaMemset command, which al-
lows to set all bytes of a memory region on the GPU to a common value
(0 in our case). Although optimized, the cudaMemset command intro-
duces a relevant overhead, since it involves a communication between
the CPU and the GPU over the (slow) PCI-E bus. On the other hand,
since the CUDA architecture executes blocks in non deterministic order
and does not allow inter-blocks communication, we could not straight-
forwardly reset data structures within our kernel. Indeed, assuming a
subset of threads is used to reset data immediately after launch, we can-
not know in advance whether they are executed immediately, or if other
threads (in other blocks) get executed before.
To overcome this problem, we decided to duplicate data structures

Count and Interfaces. When processing an event we use one copy of
these data structures and we reset the other using different threads in
parallel, while we reverse the role of the two copies at the next event.
This way we avoid a call to cudaMemset, and we reset data structures
within the same kernel that executes the matching algorithm, reducing
the interactions between CPU and GPU memory to the minimum. We
only copy the event content to the GPU (filling table Input) and copy
back vector Interfaces to the CPU when computation is finished. Next
section analyzes the benefits of this approach in details.

4.5 Evaluation

Our evaluation had several goals. First, we wanted to compare PCM
with a state of the art sequential algorithm, to understand the real ben-
efits in parallelizing the matching process, both on CPUs and on GPUs.
Second, we wanted to analyze our code, to better understand the imple-
mentation choices that mostly impact on performance. Third, since the
performance of matching are influenced by a large number of parameters,
we wanted to explore the parameter space as broadly as possible, to iso-
late the aspects that make the use of a particular algorithm or hardware
architecture more profitable. Finally, we wanted to test the behavior of
our solutions when deployed on a complete system.

Engine

Input Connections Manager Output Connections Manager

Input Queue Output Queue

Figure 4.5: Architecture of a matching system

To this extent, we considered (and implemented) a generic system ar-
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chitecture, as shown in Figure 4.5. It includes three main components:
the Input Connections Manager handles the connections with sources.
It receives events from the network, as streams of bytes, decoding and
storing them into the Input Queue. The Engine only executes the
matching algorithm: it picks up events from the Input Queue, computes
the set of destinations they have to be delivered to, and stores the results
in the Output Queue. Finally, the Output Connections Manager han-
dles the connections with the sinks, by reading events from the Output
Queue, serializing them and delivering them to interested sinks.
The rest of the section is organized into three main parts. We first

concentrate on the Engine and analyze its latency in processing a single
event, under various workloads. During these tests we also monitor the
time required for installing subscriptions, and the memory usage required
by the different implementations. Second, we consider the case in which
several events are stored in the Input Queue ready to be analyzed, and
we measure the benefits of processing them in parallel, if any. Finally,
we study the behavior of the system as a whole, using a remote client as
an event generator1.
As a reference sequential algorithm, we used SFF [200] (v. 1.9.4), the

matching algorithm used inside the Siena event notification middleware,
which is known in the community for its performance. Similarly to PCM,
SFF is a counting algorithm, which runs over the attributes of the event
under consideration, counting the constraints they satisfy until one or
more filters have been entirely matched. When a filter f is matched,
the algorithm marks the related interface, purges all the constraints and
filters exposed by that interface, and continues until all interfaces are
marked or all attributes have been processed. The set of marked in-
terfaces represents the output of SFF. To maximize performance under
a sequential hardware, SFF builds a complex, strongly indexed data
structure, which puts together the predicates (decomposed into their
constituent constraints) received by subscribers. A smart use of hashing
functions and pruning techniques, allows SFF to obtain state-of-the-art
performance under a very broad range of workloads.
All the tests of this section were executed on a AMD Phenom II ma-

chine, with 6 cores running at 2.8GHz, and 8GB of DDR3 Ram. To
compile OpenMP we used the GCC compiler, version 4.4.5. The GPU
was a Nvidia GTX 460 with 1GB of GDDR5 Ram. We used the CUDA
runtime 4.0 for 64 bit Linux. Nowadays both the CPU and the GPU
we adopted are considered mid-low level hardware. On the other hand,

1All the code used during our evaluation is available for download from
http://cudamatcher.sf.net
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Number of events 1000
Attr. per event, min-max 3-5
Number of interf. 10
Constr. per filt., min-max 3-5
Filt. per interf., min-max 22500-27500
Number of names 100
Distribution of names Uniform
Numerical/string constr. 50% / 50%
Numerical operators =(25%),6=(25%),>(25%),<(25%)
String operators =(25%),6=(25%),subStr(25%),prefix(25%)
Number of values 100

Table 4.1: Parameters in the Default Scenario

they were top level one year ago, and they have a similar price, so the
comparison is fair.

4.5.1 Latency of Matching

To evaluate the latency of the matching process, we defined a default
scenario, whose parameters are listed in Table 4.1, and used it as a
starting point to build a number of different experiments, by changing
such parameters one by one and measuring how this impacts the per-
formance of CCM, OCM, and SFF. In our tests we let each algorithm
process 1000 events, one by one, and we calculate the average processing
time. To avoid any bias, we repeated all tests (including those reported
in Section 4.5.2 and 4.5.3) 10 times, using different seeds to randomly
generate subscriptions and events, and we plot the average value mea-
sured. The 95% confidence interval of this average was always below 1%
of the measured value, so we omitted it from all the plots.

Default Scenario

Table 4.2 (first row) shows the processing times measured by the algo-
rithms under analysis in the default scenario. This is a relatively easy-
to-manage scenario. It includes one million constraints on the average,
which is not a huge number for large scale applications. Under this load,
SFF requires slightly more than 1ms to process a single event, while OCM
requires 0.21ms, and CCM 0.139ms, providing a speedup of respectively
4.92x and 7.45x. This shows the benefit of a parallel algorithm w.r.t. a
sequential one, when multiple processing units are available.
To see how the same algorithm performs when only one processing

unit is available, we run OCM allocating a single processing thread to
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CCM OCM SFF
Processing time - Default sce-
nario)

0.139ms 0.21ms 1.035ms

Subscriptions deployment time
- Default scenario

527.5ms 483.22ms 992.28ms

Data structure size - Default
scenario

33.9MB (GPU) 33.9MB (CPU) 42.4MB (CPU)

Processing time - Zipf distribu-
tion of names

2.06ms 5.15ms 14.68ms

Table 4.2: Analysis of Matching Algorithms

OpenMP. Although OCM does not make use of advanced indexing tech-
niques, as SFF does, it shows similar sequential performance, with an
average processing time of 1.21ms. This also indicates that OCM scales
very well when increasing the number of cores, with almost 6x speedup
with 6 cores.

Deployment of Subscriptions

Besides measuring processing time, we were also interested in study-
ing the time required to create the data structures used during event
evaluation. Indeed, they need to be generated at run-time, when new
subscriptions are deployed on the engine. Even if it is common to assume
that the number of publishing largely exceeds the number of subscrib-
ing/unsubscribing in any event-based application, this time may become
relevant in some scenarios, and consequently deserves to be analyzed.
Table 4.2 (second row) shows the average time required by SFF, OCM,
and CCM to create their data structures. To attain its performance un-
der sequential hardware, SFF needs complex structures, which require
about 1s to be built in our default scenario. On the contrary, CCM
and OCM adopt simpler data structures: this allows OCM to be twice
as fast in creating them, with an overall deployment time of less than
500ms. When using CCM, most data structures have to be installed on
the GPU memory. Moving data from the CPU to the GPU memory
may introduce non negligible delays, caused by the (relatively) limited
PCI-Ex performance. In particular, we observed that latency is the most
limiting factor w.r.t. bandwidth, accordingly CCM builds all data struc-
tures on the CPU memory, and transfer them to the GPU using a single
copy. With this solution CCM is less than 50ms slower than OCM.
While Table 4.2 reports the results for the default scenario only, the

considerations above are true in all scenarios we tested. OCM is always
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at least twice as fast as SFF, while the overhead to copy data on the
GPU in a single chunk is marginal.
The complexity of the data structures used by SFF also reflects on

their size. As shown in Table 4.2 (third row), OCM and CCM require
less memory: the default scenario occupies 33.9MB vs 42.4MB. It is
worth mentioning that the maximum occupancy of GPU memory we
measured in our tests was below 200MB. Since GPUs nowadays have at
least 1GB of Ram, contrary to what happens in other domains, GPU
memory occupancy is not a problem for content-based matching.

An Analysis of CCM Processing Times

Figure 4.6 analyzes the cost of the different operations performed by
CCM during the matching process in the default scenario. In particu-
lar, it splits processing time into three parts: the time required to copy
data from the CPU to the GPU memory, the time required to execute
the kernel, and the time used to copy results back to the main memory.
We compare two different versions of our algorithm: as described in Sec-
tion 4.4.3, Memset resets field Count and vector Interfaces invoking the
cudaMemset command twice, before kernel starts (this time is counted
into the “copy data” step); on the contrary, Kernel resets data structures
directly inside the kernel code.
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Figure 4.6: An Analysis of CCM Processing Times

First of all, we observe that in both cases the cost of executing the
kernel dominates the others. If we compare the two versions of CCM, we
notice how the kernel’s execution time is higher when data structures are
reset inside the kernel but by a very low margin (moving from 0.117ms
to 0.122ms). On the other hand, the cudaMemset operation is quite
inefficient and avoiding it strongly reduces the execution time of the first
step of the algorithm (from 0.075ms to 0.009ms), thus making the Kernel
version about 30% faster. In the Kernel version, which we will use in
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the remainder of this section, the cost for moving data back and forth
over the (slow) PCI-E bus represents about 12% of the overall matching
time, meaning that we are exploiting the computational power of the
GPU while introducing a relatively small overhead.

Distribution of Names

The distribution of the names adopted inside constraints is an important
aspect for CCM. Indeed CCM creates and launches a number of threads
that depends from the size of the longest row in Constraints among
those selected by the names appearing in the incoming event. In pres-
ence of rows with very different sizes, the number of unrequired threads
may be relevant. To investigate the impact of this aspect, we changed
the distribution of names for both constraints and attributes, moving
from the uniform distribution adopted in the default scenario to a Zipf
distribution. Table 4.2 (fourth row) shows the results we obtained. First
of all we notice how all algorithms significantly increase their matching
time w.r.t. the default scenario. Indeed, they all use names to reduce the
number of constraints to process, and this pre-filtering becomes less ef-
fective with a Zipf distribution. In this scenario, the number of interfaces
selected by each single event becomes much higher with respect to the
reference scenario. In many cases an event selects all available interfaces.
This advantages SFF, which prunes already selected interfaces and stops
as soon as all interfaces are selected. This explains why the speedup of
OCM over SFF moves from 4.92x in the default scenarios to 2.85x. On
the other hand, the speedup of CCM against SFF remains unchanged,
meaning that launching a higher number of unrequired threads has a
minimal impact on CCM.
During our evaluation of CCM we also investigated the benefits of

ordering constraints according to their type, operator, and value, thus
increasing the probability that threads of the same warp follow a com-
mon execution path inside the function sat. In the general case, this
approach does not significantly decrease the processing time of events,
while it has a very negative impact on the cost of deploying subscrip-
tions. Accordingly, we decided not using it. However, when using a Zipf
distribution, a large number of constraints share a very limited set of
names. In this particular case ordering constraints introduces a measur-
able speedup moving the overall processing time from 2.06ms to 1.92ms.
We can conclude that the idea of ordering constraints is worth in all those
cases when the number of constraints with the same name grows above
a few hundred thousands (in the Zipf case we have 500.000 constraints
with the most common name, on average).
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Removing Duplicate Constraints

As mentioned in Section 4.4, SFF stores and processes each constraint
only once, even when it belongs to different filters, while PCM duplicates
them, thus keeping its data structures simple and effective to access,
allowing CUDA to easily perform memory-wide operations. To study
the impact of this design choice, we also implemented an ad-hoc version
of PCM following the same idea as SFF. The times we measured in the
default scenario were 0.31ms for CCM and 0.27ms for OCM, which are
greater than those measured for the standard algorithms (see Table 4.2).
Since we expect the presence of identical constraints into different filters
to be common in real applications, we modeled this aspect in our default
scenario, which includes one million constraints, but only 80000 unique
ones. This means that by removing duplicates we reduce the number of
stored constraints by an order of magnitude but this is not enough to
balance the penalty of accessing more complex data structures. On the
other hand, we cannot exclude that, especially in the OCM case where
the differences are more limited, specific workloads, with even larger
number of equal constraints, may advantage this solution.

Number of Attributes

Figure 4.7 shows how performance changes with the average number of
attributes inside events. In particular, Figure 4.7a shows the processing
time of the three algorithms. All of them exhibit higher matching times
with a higher number of attributes. Indeed, increasing the number of
attributes in the incoming events also increases the work that need to
be performed, since each of them has to be compared with the stored
constraints. However, SFF performs all these evaluations sequentially,
while OCM and CCM perform them in parallel. This explains why the
processing time increases faster in SFF, making the advantage of OCM
and CCM larger with a higher number of attributes. It is interesting to
note that the copies between CPU and GPU memory represent a fixed
overhead for CCM. This explains why CCM performs worse than OCM
when the processing cost is very reduced (i.e., with only one attribute).
However, when the complexity of processing increases, CCM easily out-
performs both SFF and OCM. This is evident if we consider the speedup
over SFF, plotted in Figure 4.7b: OCM moves from 4x with one attribute
to about 6x with 9 attributes, while CCM becomes ten times faster than
SFF with 9 attributes.
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Figure 4.7: Number of Attributes

Number of Constraints per Filter

Figure 4.8 shows how performance changes with the average number of
constraints in each filter. Increasing such number, while keeping a fixed
number of filters, increases the overall number of constraints deployed in
the engine, and thus the complexity of matching. This is confirmed by
Figure 4.8a. As in the previous case, the possibility to process constraints
in parallel advantages CCM and OCM: all algorithms show a linear trend
in processing time, but SFF times grow much faster. The speedups w.r.t.
SFF with 9 constraints per filter (see Figure 4.8b) overcome 6x for OCM
and 10x for CCM. With one or two constraints per filter SFF performs
better than OCM and CCM. This is a very special (and quite unrealistic)
case in which the chance to find a matching filter for a given interface is
very high, such that at the end all events are relevant for all interfaces.
The pruning techniques of SFF work at their best in this case, while
OCM and CCM always process all constraints, albeit in parallel.

Number of Filters per Interface

Figure 4.9 shows how performance changes with the number of filters
per interface. As in the scenario above, increasing such number also
increases the overall number of constraints, and thus the complexity of
matching. Accordingly, all the algorithms show growing processing times
(see Figure 4.9a). Interestingly, the matching time of OCM seems to
grow more than linearly: indeed, with a large number of filters, the cost
of setting their counter back to zero after processing becomes more and
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Figure 4.8: Number of Constraints per Filter

more relevant w.r.t. the overall processing time. Moreover, using a large
number of filters rapidly increases the number of matching interfaces,
allowing SFF to frequently exploit the pruning optimizations described
above. This is evident if we look at the speedup w.r.t. SFF (Figure 4.9b):
the curve of OCM decreases after 50000 filters per interfaces, when the
optimizations of the sequential algorithm start to balance the benefits of
parallelization. On the other hand, CCM exploits an architecture with
a much higher number of cores: as a consequence the speedup of CCM
continues to grow, but slowing as the number of filters per interface
increases. With 250000 filters per interfaces, it registers a speedup of
13x w.r.t. SFF.
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Figure 4.9: Number of Filters per Interface
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Also observe how a very small number of filters favors SFF: it performs
better than OCM with less than 700 filters, and better than CCM with
up to 1000 filters. Under such circumstances the matching is very fast,
with all algorithms registering an average processing time below 0.05ms,
and the (almost fixed) overhead of the parallel architectures becomes
relevant. Additionally, the fact that this overhead is greater for CUDA
than for OpenMP explains why OCM performs better than CCM with
up to 10000 filters.

Number of Interfaces

Another important aspect that significantly influences the behavior of a
content-based matching algorithm is the number of interfaces. In Fig-
ure 4.10 we analyze its impact on SFF, OCM, and CCM, moving from 10
to 100 interfaces. Notice that 100 interfaces may represent a realistic sce-
nario, in which several clients are served by a common event dispatcher
that performs the matching process for all of them. As in the previous
experiments, increasing the number of interfaces also increases the num-
ber of constraints, and thus the complexity of matching. Accordingly,
all algorithms show growing processing times as the number of interfaces
grows (Figure 4.10a). Also in this case the matching time of OCM grows
more than linearly, so that its speedup w.r.t. SFF decreases with the
number of interfaces (Figure 4.10b). On the contrary, the speedup of
CCM increases with the complexity of processing, moving from 7x to
more than 13x.
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Number of Names

All the algorithms under analysis make use of the attribute names in
the incoming event to select which constraints have to be evaluated.
Accordingly, the total number of names used inside constraints and at-
tributes represent a key performance indicator. Figure 4.11a shows how
the processing times change with the number of names for attributes
and constraints. Increasing this number allows the “constraint selection”
phase (common to all algorithm, and always performed on the CPU),
to discard a higher number of constraints. Accordingly, the cost of the
“constraint evaluation and counting” phase (the more expensive in terms
of computation and also the one that CCM performs on the GPU) de-
creases. This is confirmed by Figure 4.11a: all algorithms perform better
when the number of names increases, especially when moving from 10
to 100 names. After this threshold times tend to stabilize. This fact
can be explained by observing that over a certain number of names the
“constraint evaluation and counting” phase becomes so simple that the
processing time cannot decrease anymore.
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Figure 4.11: Number of Different Names

If we look at the speedup (Figure 4.11b), we observe two different re-
gions. When moving from 10 to 30 names the speedups of CCM and
OCM over SFF increase quickly. Indeed, with 10 names, the probability
for a filter to match an event is very high allowing SFF to leverage its
pruning techniques. This benefit vanishes when moving to 30 names. Af-
ter this threshold the speedups decrease. Indeed, as we already noticed,
increasing the number of names drops the complexity of the “constraint
evaluation and counting” phase, which CCM and OCM perform in par-
allel. With 1000 names, both CCM and OCM still outperform SFF,
but by a lower margin. Moreover, as the complexity of the “constraint
evaluation and counting” decreases, the fixed overhead of memory copies
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to/from the GPU becomes relevant for CCM, which performs worse than
OCM with more than 300 names.
Finally, we observe that these results are obtained with a uniform dis-

tribution of names. A Zipf distribution, considered more representative
of several real-case scenarios [207], would strongly favor CCM, as shown
in Table 4.2 (fourth row). Indeed, in such scenario, most constraints
would refer to a few attribute names, those also present in most events.
In other terms, the results obtained with a Zipf distribution of a large
number of names are similar to those obtained with a uniform distribu-
tion of much less names.

Type of Constraints

Figure 4.12 shows how performance changes when changing the type of
constraints. In particular, we measured the processing time when chang-
ing the percentage of constraints involving numerical values (the remain-
ing ones involve strings). When considering the impact of constraint
types, different aspects cooperate in determining the overall processing
times. On the one hand, matching numerical values is less expensive
than matching strings. On the other hand, the chances of matching a
numerical constraint are higher than those of a string constraint, which
results in a greater matching effort to increase counters and check if all
constraints of a filter have been matched. The second aspect is less rele-
vant for CCM and OCM, where all operations are performed in parallel,
while it has a greater impact on SFF. This explains why the matching
time of SFF increases with the number of numerical constraints, while
CCM and OCM show constant (and even decreasing, in the case of OCM)
processing times. As shown in Figure 4.12b, this results in a constantly
increasing speedup of CCM and OCM w.r.t. SFF.

4.5.2 Processing Events in Parallel

Consider the reference system architecture shown in Figure 4.5. With a
low input rate, events do not accumulate in the Input Queue: as soon as
the Input Connections Manager enqueues an event, it is immediately
dequeued and processed by the Engine. However, in case of bursts,
the rate at which events are put in the Input Queue may temporarily
become higher than the processing rate of the Engine. In this case many
events may be waiting in the Input Queue, ready to be processed. In
this section we investigate whether processing such events in parallel may
introduce some benefits for the algorithms we are considering.
To do so we created 1000 events and deployed them in the Input
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Figure 4.12: Type of Constraints

Queue. Then we let all algorithms pick up and process all of them k at a
time (in parallel), while varying k from 1 to 100, measuring the total time
spent. Subscriptions and events were generated using the parameters of
our default scenario. In the case of algorithms running on the CPU, we
used an OpenMP parallel for to iterate over events. This implementa-
tion is possible also with CUDA, since starting from the CUDA Toolkit
4.0 different CPU threads can safely invoke different kernels on the same
GPU. However, this would waste CPU resources that may be useful for
other purposes, as we will show in the next section. Accordingly, we
followed a different route, modifying CCM to use a different copy of the
Count and Interfaces structures for each event to be processed in par-
allel. This way we could use a single kernel for multiple events, thus
avoiding the overhead of launching multiple kernels. Figure 4.5.2 shows
the results we measured. When increasing the number of events pro-
cessed in parallel, SFF significantly increases its performance, moving
from more than one second to about 240ms to process 1000 events. We
also observe how this time quickly drops moving from 1 to 6 events pro-
cessed in parallel, where 6 is exactly the number of available cores. The
processing time then increases again with 7 events and slowly decreases,
becoming constant.
OCM shows a different behavior. Its processing time shows a minimum

when 3 events are processed in parallel and increases after this point, to
stabilize at about 500ms. On the other hand, this minimum is still
greater than the time measured when events are picked up sequentially.
Indeed, the minimum average processing time per event measured here is
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0.36ms vs 0.21ms of the previous section (see Table 4.2). We can conclude
that OCM does not benefit from processing different events in parallel.
Finally, CCM shows a small benefit from considering multiple events in
parallel: its processing time decreases from 141ms, when considering a
single event, to 114ms, when considering 10 events and above. This result
can be easily explained: most of the processing resources available on the
GPU are already exploited to process a single event, so that increasing
the number of events provides a small advantage.

4.5.3 Overall System Performance

As a final experiment, we were interested in studying the benefits of the
parallel algorithms when used inside a complete system. Accordingly, we
implemented the system architecture shown in Figure 4.5, and adopted a
remote client as a source and sink of events. In this scenario, one thread
was used inside the Input Connections Manager, and one inside the
Output Connections Manager. The Input Queue had a finite size of
100 events. The remote client was used to generate events at increasing
input rate and we measured the processing rate, i.e., the rate at which
events were processed by the Engine. This two rates initially coincide.
However, when the input rate begins overcoming the capabilities of the
Engine, incoming events accumulate on the Input Queue. When it is
completely filled, the Input Connections Manager have to drop incom-
ing events, and the two rates start diverging. Notice that, since we are
adopting an unbounded Output Queue, the processing rate we measure
is proportional to the throughput of the system.
Figure 4.5.3 shows the results we measured. For SFF and CCM we

considered two version, one processing events sequentially, and one pro-

133



4 Content-Based Matching on Parallel Hardware

 0
 1
 2
 3
 4
 5
 6
 7
 8
 9

 10

 0  5  10  15  20  25

Pr
oc

es
sin

g 
Ra

te
 (k

 e
ve

nt
s/

s)

Input Rate (k events/s)

CCM
CCM ME

SFF
SFF ME

OCM

Figure 4.14: Overall System Performance

cessing multiple events in parallel (denoted as ME in Figure 4.5.3). Ideally,
the processing rate should be the inverse of the matching latency of the
Engine, as measured in the previous sections. However, when considering
the overall system, some CPU resources are used by the two Connections
Managers to perform marshalling/unmarshalling of events and to handle
the communication with sources and sinks, thus potentially reducing the
performance of the matching process. This is confirmed by the results we
measured for the parallel version of SFF and for OCM. Indeed, both of
them require all 6 CPU cores of our test system to reach the peak perfor-
mance measured in the previous sections. When less cores are available
(some of them being allocated to other tasks) the overall performance
drops. Take OCM as an example. It exhibits a processing time of 0.21ms
per event in our reference scenario, meaning that it should be able to
process more than 4700 events/s. However, when used within a complete
system its processing rate hardly reaches 4000 events/s. Similarly, SFF
exhibits an average matching time of 0.237ms when processing multiple
events in parallel. This should translate into a processing rate of more
than 4200 events/s, while the performance we measured for the com-
plete system are below 2600 events/s. On the other hand, both versions
of CCM do not suffer this problem. This highlights a key, very positive
aspect of CCM: since it is entirely executed on the GPU it only requires
one CPU core to start memory copies and to launch kernels inside the
Engine, while the other cores are free for other system tasks, in particu-
lar marshalling/unmarshalling and communication. The same holds for
SFF but this cannot be considered as a positive aspect. Indeed, SFF,
with its purely sequential approach, is under-utilizing available resources
(i.e., CPU cores).
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4.5.4 Final Considerations

Our experience and the results presented so far allow us to draw some
general conclusions about content-based matching on parallel hardware.
First of all we may observe that the matching problem is relatively easy
to parallelize. Indeed, only a few operations (updates of filter counters)
need to be performed atomically. This allows our OCM algorithm to
scale linearly with the number of available cores. On the other hand, a
sequential algorithm like SFF can introduce a number of optimizations
that reduce the gap with OCM under particular scenarios. In general, we
measured a speedup between 2x and 6x depending from the scenarios we
tested. Moreover, when multiple events are available for processing, SFF
may process them in parallel with some advantages. We have seen that
the same is not true for OCM, since it already uses all available resources
to process a single event. This reduces the speedup of OCM over SFF
when considering the maximum processing rate (or throughput) of the
overall system.
Our experience in developing CCM let us draw some conclusions about

CUDA. First of all, programming CUDA is (relatively) easy, while at-
taining good performance is (very) hard. Memory accesses and transfers
tend to dominate over processing (especially in our case) and must be
carefully managed (see the case of the initial cudaMemset operation),
while having thousands of threads, even if they are created to be imme-
diately destroyed, has a minimal impact. Also, we observed a fixed cost
to pay to launch a kernel, which makes (relatively) simple problems not
worth being demanded to the GPU (see the case of simple filters with 1-2
constraints). Fortunately, at least for our problem, it is easy to determine
whether the set of subscriptions installed in the system is large enough
to take advantage of CCM. In practical terms, we implemented a trans-
lator that allows us to switch dynamically between the CPU (running
SFF or OCM) and the GPU (running CCM) to always get the best per-
formance. Focusing on the specific problem we addressed, we notice how
using a GPU may provide impressive speedup w.r.t. using a CPU. More
importantly, this speedup grows with the scale of the problem to solve.
This is true in our test system and becomes even more true if we consider
that Nvidia currently offers much better graphic cards, and also cards
(TESLA GPUs) explicitly conceived for high performance computing.
Moreover, using the GPU has the additional, fundamental advantage of
leaving the CPU free to focus on those jobs (like I/O) that do not fit
GPU programming, as demonstrated by our analysis of the processing
rate.

135



4 Content-Based Matching on Parallel Hardware

4.6 Related Work

Last decade saw the development of a large number of content-based
publish-subscribe systems [82, 208, 10, 209, 210] first exploiting a central-
ized dispatcher, then moving to distributed solutions for improved scala-
bility. Despite their differences, they all share the need of matching event
notifications against subscriptions. Two main categories of matching al-
gorithms can be found in the literature: counting algorithms [199, 200]
and tree-based algorithms [26, 201]. Both SFF and PCM are count-
ing algorithms: they maintain a counter for each filter that records the
number of constraints satisfied by the current event. On the contrary,
a tree-based algorithm organizes subscriptions into a rooted search tree.
Inner nodes represent an evaluation test; nodes at the same level evalu-
ates constraints with the same name; leaves represent the received pred-
icates. Given an event, the search tree is traversed from the root to
the leaves. At every node, the value of an attribute is tested, and the
satisfied branches are followed until the fully satisfied predicates (and
corresponding interfaces) are reached at the leaves. To the best of our
knowledge, no existing work has demonstrated the superiority of one of
the two approaches. SFF, used for comparison in Section 4.5, is usually
cited among the most efficient matching algorithms.
Despite the efforts described above, content-based matching is still

considered to be a complex and time consuming task [211]. To overcome
this limitation, researchers have explored two directions: on the one hand
they proposed to distribute matching among multiple brokers, exploit-
ing covering relationships between subscriptions to reduce the amount of
work performed at each node [212]. On the other hand, they moved to
probabilistic matching algorithms, trying to increase the performance of
the matching process, while possibly introducing evaluation errors in the
form of false positives [213, 214]. The use of a distributed dispatcher is
orthogonal w.r.t. our work. Indeed, the brokers that build a distributed
dispatcher have to perform the same kind of matching analyzed in this
chapter. Accordingly, PCM can be used in distributed scenarios, con-
tributing to further improve performance. At the same time, some of
the ideas behind PCM can be leveraged to exploit parallel hardware to
speedup probabilistic algorithms. Indeed, probabilistic matching usually
involves encoding events and subscriptions as Bloom filters reducing the
matching process to a comparison of bit vectors. This is a strongly data
parallel computation, which would perfectly fit OpenMP and CUDA. We
plan to explore this topic in the future.
The idea of parallel matching has been recently addressed in a few

works. In [215], the authors exploit multi-core CPUs both to speedup
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the processing of a single event and to parallel the processing of different
events. The results they obtain seem to be worse than those obtained by
PCM. Indeed, they measure a speedup of about 3x w.r.t. a sequential
version of their algorithm, with 8 available cores, while PCM shows a
speedup of about 6x with 6 cores. Other works investigated how to
parallel matching using ad-hoc (FPGA) hardware [216], while we focus
on off-the-shelf hardware. To the best of our knowledge, PCM is the first
matching algorithm to be implemented on GPUs. A preliminary version
of the algorithm, with an analysis of its performance (in terms of latency,
only) when implemented on GPUs, has been published in [136].
The adoption of GPUs for general purpose programming is relatively

recent and was first enabled in late 2006 when Nvidia released CUDA [203].
Since then, commodity graphics hardware has become a cost-effective
parallel platform to solve many general problems, including image pro-
cessing, computer vision, signal processing, and graphs algorithms. An
extensive survey on the application of GPU for general purpose comput-
ing can be found in [217].

4.7 Conclusions

In this chapter we presented a parallel content-based matching algorithm
and its implementation both on a multi-core CPU, using OpenMP, and
on CUDA GPUs. We compared it with SFF, the matching algorithm
of Siena, well known for its efficiency. Results demonstrate the benefits
of parallelism in a wide spectrum of scenarios: on the CPU we have
a speedup between 2x and 6x on our reference 6 core hardware; on the
GPU we have even higher speedups, reaching 13x in the most challenging
scenarios. This reflects the difference in processing power of the two
platforms, as acknowledged by Intel itself [218].
Moreover, delegating to the GPU the effort required for the matching

process brings additional advantages when considering the whole system,
by leaving the main CPU free to perform other tasks.
Notice that, although our presentation focuses on the case of content-

based publish-subscribe systems, the problem of matching is more gen-
eral. Indeed, as observed by others [200, 10], several applications can
directly benefit from a content-based matching service. They include
intrusion detection systems and firewalls, which need to classify packets
as they flow on the network; intentional naming systems [219], which re-
alize a form of content-based routing; distributed data sharing systems,
which need to forward queries to the appropriate servers; and service dis-
covery systems, which need to match service descriptions against service
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queries.
As observed in Chapter 2, matching is the main building block for

a CEP system. First, it realizes the selection of the primitive events
relevant for a composite one. Second, it is used to decide the sinks inter-
ested in the composite events identified. In the following of this thesis
we continue our analysis of the processing algorithms for CEP. In par-
ticular, in Chapter 5 we introduce T-Rex, our complex event processing
system, focusing on the algorithm it implements to efficiently evaluate
TESLA rules. In Chapter 6 we explore the possibility to adopt CUDA
GPUs inside T-Rex to increase its performance when it comes to deal
with complex rules, involving a large number of events.

138



5 The T-Rex Engine

5.1 Introduction

Complex Event
Processing Engine

Event observers
(sources)

Event consumers
(sinks)

Event definition
rules

Figure 5.1: The high-level view of an CEP application

Figure 5.1 shows again our reference architecture for a CEP applica-
tion. In Chapter 3 we already introduced TESLA, our event definition
language, while in Chapter 4 we presented the design and implemen-
tation of a parallel matching algorithm to select the primitive events
relevant for a composite one and to determine the sinks interested in
a specific event notification, based on its content. In this chapter we
address the design and implementation of T-Rex, a CEP engine that in-
terprets TESLA rules and efficiently evaluates incoming primitive events
to detect composite ones.
While this chapter mainly focuses on the description of the processing

algorithms used inside the engine to efficiently evaluate events, we also
developed client-side libraries for different platforms with the aim of
building a complete CEP middleware.
As we discussed in Section 2.4, almost all existing CEP (and, more

in general, IFP) systems make use of processing algorithms that evalu-
ate rules building results incrementally, as new events enter the engine.
Typically these processing algorithms are based on automata, and sev-
eral implementations, both from the academia (e.g. Cayuga [98]) and
from the industry (e.g. Esper [112]) proved their efficiency.
However, TESLA presents some significant difference w.r.t. exist-

ing languages. First of all, it offers time-bounded sequences of non-
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contiguous events. Second, it allows users to combine different sequences
of events inside a single rule, as shown in Section 3.4. Patterns built us-
ing these features are non-trivial to represent using structures based on
automata. This, in turn, may potentially impact also the efficiency of a
processing algorithm.
Following this intuition, we implemented two different versions of T-

Rex, one based on automata, and one based on a radically different
approach, in which processing is not performed incrementally, but de-
layed as much as possible. A detailed analysis of the two approaches
show how the second perform better in the vast majority of scenarios we
tested. Moreover, as we will see in Chapter 6, this second approach is
also much easier to parallelize, taking advantage of parallel hardware, if
available.
The rest of the chapter describes T-Rex in details and analyzes its per-

formance. In particular Section 5.2 introduces the reationale behind the
design of the two processing algorithms we implemented. Section 5.3 and
Section 5.4 describe the two processing algorithms in details. Section 5.5
presents the general structure of the T-Rex engine, while Section 5.6 and
Section 5.7 show how the presented algoriths have been implemented into
T-Rex to efficiently process event notifications. Section 5.8 evaluates the
performance of T-Rex, providing an detailed analysis of the two algo-
rithms proposed and comparing them with a state of the art commercial
product. Finally, Section 5.9 provides some conclusive remarks.

5.2 Event Processing Algorithms for TESLA

As we have seen in Chapter 3, at the heart of the TESLA language
is the capability of specifying sequences of events: a composite event
occurs when the last event of all the sequences in a rule is detected. Let
us call this event Terminator. The goal of a processing algorithm is to
analyze the history of primitive events received, looking for the relevant
sequences to create a composite event from each of them. Consider for
example Rule R1 below.

Rule R1
define Fire(area: string, measuredTemp: double)
from Smoke(area=$a) and

each Temp(area=$a and value>45)
within 5 min. from Smoke

where area=Smoke.area and measuredTemp=Temp.value
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Rule R1 defines a composite event Fire starting from a single sequence
of two events, Temp and Smoke. Smoke is the terminator of Rule R1;
accordingly, Rule R1 can fire only when a Smoke event is detected.
When implementing a CEP algorithm, two opposite approaches can

be followed. On the one hand, we can store incoming primitive events,
postponing all the processing to detect sequences until a terminator en-
ters the engine. On the other hand, we can process events incrementally
as they arrive, storing the results of intermediate computation. The sec-
ond approach potentially decreases the amount of processing performed
when a terminator is detected; however, it may demand for more mem-
ory to store partial results. In our analysis we consider both approaches,
designing an algorithm for each of them. We call the algorithm following
the first approach Column-based Delayed Processing (CDP), since it or-
ganizes the history of received events into columns and delays processing
them to the time when a terminator arrives. Similarly, we denote the
algorithm that follows the second approach Automata-based Incremental
Processing (AIP), since it processes events incrementally as they arrive
and stores partial results as automata.

5.3 The AIP Algorithm

This section provides an overview of the AIP processing algorithm. First
of all, when adopting the AIP algorithm, T-Rex translates each rule into
what we define an automaton model, which is composed of one or more
sequence models. At the beginning, each sequence model is instantiated
in a sequence instance (or simply sequence). New sequences are created
at run-time, while event notifications enter the engine. More specifically,
when a new event notification enters T-Rex several things may happen:

• new sequences can be created by duplicating existing ones;

• existing sequences can be moved from a state to the following one;

• existing sequences can be deleted, either because they arrive to
an accepting state, representing the detection of a new composite
event, or because they become invalid, i.e., unable to proceed any
further.

5.3.1 Creation of Automata

As described in Chapter 3, each TESLA rule filters event notifications
according to their type and content, and uses the *-within operators to
define one or more sequences of events. Additional constraints between
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events can be introduced using parameters and negations. Consider for
example the following Rule R2, which includes rule R1 introducing the
Wind event to build a complex enough rule to describe our algorithm in
all its aspects:

Rule R2
define Fire(area: string, measuredTemp: double)
from Smoke(area=$a) and

each Temp(area=$a and value>45)
within 5 min. from Smoke and
each Wind(area=$a and speed>20)
within 5 min. from Smoke and
not Rain(area=$a) between Smoke and Wind

where area=Smoke.area and measuredTemp=Temp.value

Rule R2 captures two sequences of events that concur in building the
Fire event. One is composed by a Temp event followed by Smoke, the
other is composed by a Wind event followed by Smoke. These two se-
quences share a common event (i.e., Smoke). This is typical with TESLA,
as it forces all sequences defined by a rule to share at least their last
event: the one that implicitly determines the time at which the rule fires
and the composite event is detected, i.e., the terminator. Besides this
relationship, Rule R2 defines additional relationships between the two
sequences of events that build the Fire event:

1. the Smoke, Wind, and Temp events have to refer to the same "area".
This is captured by using the shared parameter $a;

2. the interval between the Wind and Smoke events cannot include any
Rain event. This is captured by using the not-between TESLA
operator.

These considerations can be generalized in an algorithm that translates
a generic TESLA rule R into an automaton model for event detection. It
operates as follows: first, the sequences of events captured by R are iden-
tified and a sequence model is built for each sequence in R. A sequence
model is a linear, deterministic, finite state automaton. Each event in a
sequence of events captured by R is mapped to a state in the sequence
model, and a transition between two states s1 and s2 is labeled with the
content and timing constraints that an incoming event has to satisfy to
trigger the transition. Figure 5.2 shows the two sequence models, M1
and M2, derived from Rule R2.
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Figure 5.2: Event detection automata for Rule R2

After the sequence models originating from rule R are built, they are
annotated and combined in a single automaton model by introducing the
relationships among the states captured by the rule (modeled through
dashed lines in Figure 5.2). In particular, the states shared by two or
more sequence models are connected together, while the relationships de-
termined by parameters and negations are introduced. Figure 5.2 shows
the automaton model that results from Rule R2, which includes the rela-
tionships indicating the fact that S is a shared state, while states T, W,
and S are connected by a parameter, and states W and S are connected
by the negated event Rain that should not occur between them.

5.3.2 Processing Algorithm

To describe how automaton models created from TESLA rules are used
to process incoming events we first describe the processing algorithm
for single sequence models, then we show how sequences can interact to
capture generic TESLA rules, like the Rule R2 above.

Processing of sequences

Consider a rule that captures a single sequence of events like rule R1
(reported below for clarity), which represents the first half of Rule R2.
As we mentioned above, this rule is translated into the sequence model
M1 of Figure 5.2.

Rule R1
define Fire(area: string, measuredTemp: double)
from Smoke(area=$a) and
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Figure 5.3: An example of sequence processing

each Temp(area=$a and value>45)
within 5 min. from Smoke

where area=Smoke.area and measuredTemp=Temp.value

When the rule is deployed, the corresponding model is created and
a single sequence is instantiated from the model and installed in the
system, waiting in its initial state for the arrival of appropriate events.
When a new event e arrives, the algorithm reacts as follows: (i) it checks
whether the type, content, and arrival time of e satisfy a transition for
one of the existing sequences; if not, the event is immediately discarded.
If a sequence Seq in a state s1 can use e to move to its next state s2,
the algorithm (ii) creates a copy S′ of Seq, and (iii) it uses e to move
S′ to state s2. Notice that the original sequence Seq remains in state
s1, waiting for further events. Sequences are deleted when it becomes
impossible for them to proceed to the next state since the time limits
for future transitions have already expired. Notice that a sequence in its
initial state is never deleted as it cannot expire.
As an example of how processing of sequences works, consider Rule R1

and the corresponding model M1. Figure 5.3 shows, step by step, how
the set of incoming events drawn at the bottom is processed. At time
t = 0 a single sequence Seq of modelM1 is present in the system, waiting
in its initial state. Since Seq does not change with the arrival of new
events, we omit it in the figure for all time instants greater than 0. At
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time t = 1 an event T1 of type Temp enters the system. Since it matches
type, content, and timing constraints for the transition to state T , we
duplicate Seq, creating Seq1, which advances to T . Similarly, at t = 2,
the arrival of a new event T2 of type Temp creates a new sequence Seq2
from Seq and moves it to state T . At time t = 5 a Smoke event arrives
but from the wrong area, so it is immediately discarded. At time t = 7,
Seq1 is deleted, since it has no possibility to proceed further without
violating the timing constraint of its outgoing transition. At the same
time, the arrival of event T3 generates a new sequence Seq3. At time
t = 8 Seq2 is deleted, while the arrival of an event S2 of type Smoke
from the correct area duplicates Seq3, generating and advancing Seq31
to its accepting state S. This means that a valid sequence, composed
by events T3 and S2 has been recognized. After detection, the sequence
Seq31 is deleted. Similarly, at t = 9, the arrival of S3 causes the creation
of sequence Seq32 and the detection of the valid sequence composed by
T3 and S3.
Notice that all active sequences store the information about all the

events they used to reach their current state, i.e., their content and the
time when they occurred. As we said, the occurrence time of events
is used to check when a sequence can be deleted, while the content of
events is used to check the value of relevant attributes, like area in our
example, and to build the content of the generated events.
As a final remark, notice that sequences may include negations, which

constrain an event e not to occur in a given interval i. In particular, the
interval i can be expressed using two events (say, e1 and e2) belonging
to the same sequence, or using an event and a maximum time-span (say,
e3 and t). The two cases are processed using different techniques: in
the first case, when e arrives all sequences that have already reached the
state associated with the event e1, but not that associated with e2, are
immediately deleted; in the second case, instead, all e events occurred
within t are stored. When a sequence arrives at the state associated with
event e3, we check if there are instances of e arrived within t: if so, the
sequence is immediately deleted, otherwise it may proceed.

Processing of complete rules

As we said, generic TESLA rules usually capture multiple sequences of
events, always sharing at least one event with each other. Consider for
example Rule R2: it is translated into the automaton of Figure 5.2,
composed of models M1 and M2, which share the state S entered when
an event of type Smoke is detected. Now suppose that the arrival of a
Smoke event causes three sequences, instances of model M1, and two
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sequences, instances of model M2, to move to their final accepting state.
Each possible couple of sequences (S1, S2) (with S1 instance of model
M1 and S2 instance of model M2) captures a valid set of events for
the entire rule, which means that six different composite events Fire are
detected, all sharing the same Smoke event. On the contrary, if a Smoke
event is only used to accept sequences of type M1, but none of type M2
(or vice-versa), we can safely discard all sequences using it, since they
have no chance to be combined with sequences of model M2 (resp. M1)
to satisfy all rule’s constraints.
More in general, when a sequence S, instance of a sequence model M ,

can move to state X shared with models M1, ..,Mn using an event e,
our algorithm first checks if e can cause a transition to X in at least
one sequence for each model M1, ..,Mn. If this is not the case, then
S is deleted, otherwise it advances to state X. Similar checks are per-
formed to verify other relationships among different sequences, like those
resulting from the use of parameters. As an example, Rule R2 includes
a parameter constraint on the area attribute of Temp and Wind events.
This constraint has to be checked when two sequences (one instance of
M1, the other instance of M2) that may potentially result in detecting
a Fire event, both reach their final state.

Selection and consumption policies

Another feature of TESLA that we need to capture in our processing al-
gorithm is the definition of programmable event selection and consump-
tion policies. Capturing event consumption is straightforward: simply,
when a sequence S resulting from a Rule R arrives to its accepting state
using and consuming an event e, we can delete all other sequences result-
ing from the same Rule R that made use of e and have not yet arrived to
their accepting state. Indeed, they are all invalidated by the consump-
tion of e.
With respect to event selection, the described algorithm, by dupli-

cating sequence instances at each state transition, captures all possible
sequences of events that satisfy the content and timing constraints of
a rule, i.e., this algorithm always captures the multiple selection policy
typical of the each-within operator. However, TESLA includes opera-
tors, like first-within and last-within, which define different selec-
tion policies in which only a subset of all possible sequences need to be
selected. The most simple way to implement these operators is to select
or discard sequences only when they arrive to their final accepting state.
In the most general case this approach is also the only possible one. Con-
sider for example the following Rule R3, which adds a consuming clause
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to Rule R2:

Rule R3
define Fire(area: string, measuredTemp: double)
from Smoke(area=$a) and

last Temp(area=$a and value>45)
within 5 min. from Smoke

where area=Smoke.area and measuredTemp=Temp.value
consuming Temp

Now suppose we receive two Temp events, say T1 and T2, in this order.
When T2 arrives we cannot discard T1, as we could initially be tempted
to do; indeed, the arrival of a Smoke event would cause the generation
of a new composite event, but also the consumption of T2, making T1
become the last event received, and so the right candidate for further
rule evaluations. On the other hand, rule specific optimizations are pos-
sible: take for example Rule R2, which does not consume events. In
this case, when T2 occurs, T1 cannot become the last occurred event
for next evaluations, so it can be safely deleted. More in general, in the
presence of a last-within operator associated with an event X, without
a consuming clause for X, we can safely discard sequences composed by
previous events of type X when a new one is detected. Similar rule-
specific optimizations are possible also when the first-within operator
is involved. Consider for example the following Rule R4:

Rule R4
define Fire(area: string, measuredTemp: double)
from Smoke(area=$a) and

first Temp(area=$a and value>45)
within 5 min. from Smoke

where area=Smoke.area and measuredTemp=Temp.value

and suppose we receive two events of type Temp, T1, at time t = 1, and
T2, at time t = 4. If we receive an event S of type Smoke at time t = 5
we need to duplicate only the sequence including T1 (i.e., the first event
of type Temp within 5 minutes from S) not the one including T2. Notice
that in this case, in which the first-within operator is used, we cannot
delete the sequence including T2, as this event can become the first Temp
event valid when time proceeds and T1 becomes too old to be considered
again. However, by duplicating only the sequences that include the first
detected event we greatly reduce the number of automata stored in the
system.
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Computing Aggregates

As we have seen, TESLA rules may include the definition of aggregates.
As an example they may be used to extract the averave temperature over
a set of events received from sensors deployed in a wide area. If needed,
AIP computes aggregates at the end of processing, after an automaton
has arrived to its acceptng state. More in particular, each automaton
stores all received events that may be potentially useful for the compu-
tation of aggregates, according to the content, timing, and parameter
constraints expressed in its corresponding rule. When it arrives to its
accepting states, it analyzes them and uses their values to compute the
desired function.

5.4 The CDP Algorithm

While the AIP algorithm processes rules incrementally, as new events
enter the engine, the CDP algorithm takes the opposite approach: it
stores all events received until a terminator is found. To simplify the
analysis, instead of keeping a flat history of all received events, each rule
R organizes them into columns, one for each primitive event appearing
in the sequence defined by R.

5.4.1 Creation of Columns

As an example of how columns are created by the CDP algorithm, con-
sider the following Rule R5.

Rule R5
define ComplexEvent()
from C(p=$x) and each B(p=$x and v>10)

within 8 min. from C and
last A(p=$x) within 3 min. from B

Rule R5 defines a sequence including three primitive events of type
A, B, and C, respectively. The algorithm creates three columns (see Fig-
ure 5.4), each labeled with the type of the primitive events it stores and
with the set of constraints on their content. The maximum time interval
allowed between the events of a column and those of the previous one
(i.e., the window expressed through the *-within operator) are modeled
using a double arrow. Similarly, additional constraints coming from pa-
rameters are represented as dashed lines. Notice that the last column
reserve space for a single event.
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A, { }

B.p=A.p

B, {v>10}3 C, { }8

C.p=B.p

Figure 5.4: Columns for Rule R5

5.4.2 Processing Algorithm

For ease of exposition, we first discuss how the CDP algorithm works
when rules involve a single sequence of events, like in Rule R5. Then we
extend it to consider complete rules, involving multiple sequences.

Processing of sequences

When a new event e enters the engine, it is processed as follows. First,
we check whether it matches (i.e. satisfies type and content constraints
of) one or more columns. If this is the case, e is added on top of the
matching columns, otherwise it is immediately discarded. If among the
matched columns there is the last one (c`), the processing of the events
stored so far starts. Processing is performed column by column, from
the last one to the first one, creating partial sequences of increasing size
at each step. More precisely:

• the timestamp of e is used to find the index i of the first valid
element in column c`−1, by looking at the time window;

• all events in column c`−1 having an index i′ < i are deleted, since
they have no chance to enter the window in the future;

• the operation is repeated for each column, considering the times-
tamp of the first event left in column ck to delete old events from
column ck−1;

• e is combined with all the events stored in column c`−1 that sat-
isfy timing constraints, parameters, and selection policies, creating
partial sequences of two events;
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• each partial sequence is used to select elements from the previ-
ous column c`−2. The algorithm is repeated recursively until the
first column is reached, generating zero, one, or more sequences
including one selected event from each column;

• one composite event is generated for each sequence.

A, { }

B.p=A.p

B, {v>10}3 C, { }8

C.p=B.p

A(p=5)@1
A(p=4)@4
A(p=1)@7
A(p=2)@9

A(p=3)@12
A(p=3)@14

B(p=2)@2
B(p=4)@3
B(p=3)@6
B(p=1)@8
B(p=3)@11
B(p=3)@13

C(p=3)@15

C(p=3)@15B(p=3)@13

B(p=3)@11

A(p=3)@12

C(p=3)@15

Figure 5.5: An example of processing using columns

To better understand how the algorithm works, consider again Rule
R5 and the situation in Figure 5.5, where the events stored in each col-
umn are represented with their type, their value for the attribute p, and
their timestamp (which we assume integer, for simplicity). The event
C(p=3)@15 was the last entering the engine. Since it is a terminator
for Rule R5, it starts the processing algorithm. Its timestamp (i.e.,
15) is used to compute the index of the first valid element in Column
B, i.e., B(p=1)@8, as it results by noticing that the window between
Columns B and C is 8. Previous events are removed from Column B,
while the timestamp of B(p=1)@8 is used to remove elements from Col-
umn A whose timestamp is lower than 5. The remaining events are
evaluated to detect valid sequences. First, Column B is analyzed: events
B(p=3)@13 and B(p=3)@11 are both valid. Both are selected, since a
multiple selection policy is defined between events B and C. This gener-
ates two partial sequences (<C(p=3)@15, B(p=3)@13> and <C(p=3)@15,
B(p=3)@11>), as shown at the bottom of Figure 5.5. Event B(p=1)@8
is not selected, since it violates the constraint on attribute p. The two
partial sequences above are used to select events from Column A. Se-
quence <C(p=3)@15, B(p=3)@13> selects event A(p=3)@12, which is the
only one satisfying both its timing and parameter constraints. Indeed,
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the event A(p=3)@14 is not valid since its timestamp is greater than
the timestamp of B(p=3)@13. On the contrary, sequence <C(p=3)@15,
B(p=3)@11> does not select any event as none of those in Column A
satisfies its timing and parameter constrains. At the end of the pro-
cessing, the only valid sequence detected is <C(p=3)@15, B(p=3)@13,
A(p=3)@12>, so a single composite event is generated.

Processing of complete rules

The example above shows how the CDP algorithm detect a single se-
quence of events. As we have seen in Section 5.3 detecting complete
rules, including more than one sequence, is non trivial for the AIP algo-
rithm, which requires a post-processing phase to merge all the instances
detected for each sequence.
On the contrary, the CDP algorithm can combine different sequences

directly during processing, and does not need an ad-hoc merging phase.
To better understand how CDP manages the presence of multiple se-
quences, consider the following Rule R6.

Rule R6
define ComplexEvent()
from E() and each D() within 3 min. from E

and each C() within 3 min. from E
and each B() within 3 min. from D
and each A() within 3 min. from C

Rule R6 is composed of two sequences, one including events A, C, and
E, and one including events B, D, and E. While it is theoretically possible
to evaluate the two sequences separately and merge them only at the end,
as in the AIP algorithm, our tests have shown that this is less efficient
that processing multiple sequences concurrently.

E

A C

DB

Figure 5.6: Column Dependency Graph for Rule R6

To do so, we create a dependency graph among columns. As an exam-
ple, Figure 5.6 shows the column dependency graph for Rule R6. Events
of kind A can be extracted only when we know the timestamps of all
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valid events of type C. Accordingly, there is a dependency between A and
C; on the contrary there is no dependency between A and B.
Starting from the column dependency graph, we extract an order for

column evaluation in which each column is evaluated after the column
it depends from. In our example, a valid order could be E, D, C, A, and
B. Notice that dependencies can be determined when a rule is deployed.
Accordingly, the evaluation order can be computed at deploy time and
used during processing.
Processing is then performed moving from column to column, as in

the case of a single sequence. The only difference is that partial results
store events coming from different (partial) sequences. When all columns
have been visited the partial results produced already contain all valid
pattern of events detected, and do not need further processing to combine
sequences together.

Processing negations

In CDP, negations are considered as a special kind of columns: as all
other columns, they become part of the column dependency graph of a
rule, which determines when they can be evaluated. The only difference
w.r.t. other columns is the result of processing: if a partial sequence
captures events from a negation column, this means that it violates a
negation constraint expressed in the original rule, and accordingly it is
immediately discarded.

Computing aggregates

As for negations, also aggregates are considered as a special kind of
columns. Events matching the content constraints of an aggregate are
stored in its corresponding column c. After all partial sequences have
been identified, CDP selects, for each partial sequence, the relevant items
from c according to the timing and parameter constraints expressed in
the rule under processing. The value of selected items is then used to
compute the desired aggregate value (e.g., sum, average).

Event consumption

In CDP, handling event consumption is a simple operation. Indeed, when
a Rule R fires and a composite event is generated, CDP removes all
consumed events that are still stored in the columns for R. Differently
from AIP, CDP does not store intermediate processing results, which
could be potentially affected by the consumption of one or more events.
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Accordingly, as we will see in Section 5.8, consumption clauses introduce
less overhead in CDP than in AIP.

5.5 The Architecture of T-Rex

In this section we present in details the general architecture of the T-
Rex engine. T-Rex has been implemented in C++: the choice of this
language allows a fine-grained control of the memory layout, thus making
it possible for processing algorithms to implement more efficient data
structures for event processing.

Rule Manager
Rules

Incoming Events

Outgoing
(Composite) Events

Adapters

Local Clients

Remote Java 
Client

Remote C++ 
Client

Subscription Manager

Queue

Subscriptions

Processing Algorithm

Remote Android
Client

Figure 5.7: The Architecture of T-Rex

The general architecture of the T-Rex is presented in Figure 5.8.
External clients communicate with the T-Rex engine through a set of
Adapters, which allow them to easily deploy new rules, and send and
receive events. Up to now we have implemented four different adapters:
the first one allows the communication with local clients, running in the
same process of the T-Rex system, by mean of direct method calls. It
has been used during the testing and evaluation phase of the system, as
discussed in Section 5.8. The second and the third adapters allow the in-
teraction with remote clients written in the C++ or Java languages. The
fourth adapter allows the communication with mobile devices based on
Android [220]. The last three adapters implement the marshalling and
unmarshalling of events and TESLA rules, as well as the communication
through sockets.
When a client deploys a new rule, the Rule Manager processes it, gen-

erating the data structures required by the Processing Algorithm. For
example, rules are translated into automaton models when the AIP algo-
rithm is adopted, and into columns when the CDP algorithm is adopted.
When a new event enters the system, it is first put in a FIFO Queue.
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This component is used to avoid the loss of input events due to tempo-
rary bursts. Administrators can choose the maximum size of the queue
according to their needs: having a long queue decreases the probabil-
ity of losing events, but potentially introduce latency. The Processing
Algorithm picks up events from the Queue, processes them, and produces
composite events.
All composite events are sent to the Subscription Manager, which

keeps track of the interests (subscriptions) of clients and uses this in-
formation to deliver them the relevant events through the adapters. It
performs the matching process, as described in Chapter 4.

5.6 Implementing the AIP Algorithm

In this section we describe how the AIP algorithm has been implemented
in T-Rex, presenting the features that contribute to an efficient process-
ing of events.
As we mentioned, since AIP incrementally computes results as new

events enter the system, it may generate a large number of sequence
instances. Accordingly, in implementing this algorithm in C++, we
adopted advanced memory management techniques to avoid duplicat-
ing data (like events) shared by multiple sequences, and we used ad-hoc
indexing techniques to minimize the number of sequences to consider for
each incoming event.

Automaton Models

Static
Index

State Index State Index State Index

Sequences Sequences SequencesStored
Events

Rule Manager

Rules

Generator GeneratorGenerator

Incoming Events

Subscription Manager

Queue

Figure 5.8: The T-Rex Engine using AIP
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Figure 5.8 shows the inner logical components used by T-Rex to ex-
ecute the AIP algorithm. When a client deploys a new rule, the Rule
Manager generates its corresponding automaton model M , and passes M
to the Automaton Models component, which stores all the information
about sequence models (i.e., states, constraints on transitions, parame-
ters, etc.) as well as the information about inter-sequence relationships.
Notice that a rule R may include two types of constraints that affect

the sequences originating from R: some of them, like the type of the
event triggering a transition, can be directly associated to the sequence
models defined from R as they do not depend from the events actually
captured, others have to be associated to sequence instances. We call
static the former, dynamic the latter. For instance, consider Rule R1,
the constraint on attribute value of event Temp (i.e., Temp.value>45) is
static and the same holds for the timing constraint (i.e., Temp must occur
within 5 min. from Smoke). Conversely, the constraint on attribute
area of event Smoke (i.e., Smoke.area=$a) is dynamic, as it depends on
the value of the attribute area of event Temp, which is specific to the
sequence being considered and unknown at model creation time. During
the processing of rules, the Rule Manager identifies static constraints and
uses them to compile the Static Index, which is used to efficiently per-
form a preliminary type and content-based filtering of incoming events.
Since this is the same filtering at the base of traditional publish-subscri-
be systems, we were able to re-use well known techniques developed by
the community working on publish-subscribe. In particular, the Static
Index implements a counting algorithm as described in [23].
When the next event to be processed exits the Queue, the Static

Index identifies which sequence models and which states it may influ-
ence. If none is influenced, the event is immediately discarded; other-
wise the event is delivered to the Sequences component, which stores
all active sequence instances generated for each model. To speed up the
access to sequence instances from the related model, the State Index
maps sequence models to existing instances according to their current
state, i.e., for each sequence model M and state S it maps the instances
of M waiting in S. Once all the sequences affected by an incoming
event have been selected, T-Rex performs a further selection by looking
at dynamic constraints. In particular: (i) it checks timing constraints,
deleting all sequences violating them, and (ii) it looks at parameters,
ignoring sequences that present non-valid parameter values for the event
under processing. All remaining sequences are duplicated and advanced,
as described in Section 5.3. Notice that sequences generated from differ-
ent models are completely independent from each other and can be safely
processed in parallel. Accordingly, T-Rex performs actual processing of
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sequence instances using a pool of threads, so that it can take advantage
of multi-core hardware.
Since a single incoming event may be used in many different sequences,

we limit memory usage by avoiding an explicit copy of its content. In-
stead, each sequence keeps references to all the events it used to arrive
to its current state, and a single copy of each used event is saved in the
Stored Events data structure. As soon as all sequences using an event e
are deleted from the system, T-Rex removes e from the Stored Events.
When one or more sequences arrive to their accepting state, they are

forwarded to the Generator component, which performs several opera-
tions: (i) it retrieves the set of events that compose the various sequences
it receives; (ii) it uses the information stored into the Automaton Models
component to combine those sequences that are instances of the same
automaton model, as described in Section 5.3; (iii) it computes the val-
ues of the attributes of the new composite event notifications captured
by the received sequences.

5.7 Implementing the CDP Algorithm

In this section we present the implementation of CDP inside the T-Rex
engine, focusing on the aspects that contribute to its performance, and
on the main differences w.r.t. the AIP algorithm.

Columns

Static
Index

Stored
Events

Rule Manager

Rules

Generator GeneratorGenerator

Incoming Events

Subscription Manager

Queue

Figure 5.9: The T-Rex Engine using CDP

Figure 5.9 shows the inner structure of T-Rex when implementing the
CDP algorithm. The Rule Manager processes incoming TESLA rules
and produces Columns, as described in Section 5.4. As in AIP the Rule
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Manager isolates static constraints to build the Static Index. When a
new event e exits the Queue, the Static Index is used to decide which
columns e has to be put in. If e also enters the last column of a rule, then
the computation is started. Notice that, as for AIP, structures built from
different rules are completely independent from each other. Accordingly,
T-Rex exploits a pool of threads to process them concurrently on multi-
core hardware.
As we already observed in Section 5.4, CDP processes different se-

quences belonging to the same rule together. Accordingly, it does not
need additional components beside Columns to store single sequences be-
fore they are merged. As in AIP, a single copy of each event relevant
for the processing is actually saved in the Stored Events data structure,
while Columns refer to them only through pointer. This avoid duplication
of events, thus reducing the memory required during processing.
As we have seen in Section 5.4 two main operations are performed

during processing: i. old events are removed from columns; ii. rel-
evant events are extracted from columns. To efficiently support both
this operations columns have been implemented as circular buffers. This
way, removing an event does not require to move remaining ones; on
the contrary, it simply involves updating the pointers to the first and
last element. Second, since events are ordered according to their times-
tamps, finding the range of events that satisfy specific timing constraints
is efficiently implemented in logarithmic time, using a binary search.
When patterns of events satisfying a given rule are detected, they are

forwared to the Generator components. As in the AIP algorithm, the
generator components is used to compute the values of the attributes of
the composite event notification as expressed in the fired rule. This may
also include computing aggregates. However, differently form AIP, the
Generator does not need to merge together different sequences, since is
performed directly inside Columns.

5.8 Evaluation

Our evaluation had two main goals: on one hand we wanted to compare
T-Rex with other processing systems that could handle some of the typ-
ical rules that can be found in CEP applications, like those described in
Chapter 3; on the other hand we wanted to study the performance of
our system in a wide range of scenarios, comparing the results obtained
with the AIP and with the CDP algorithms.
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5.8.1 Comparison with a State of the Art System

As we have seen in Chapter 3, finding a system having features compa-
rable with those of T-Rex is not a simple task. Most exiting systems are
based on generic data processing rules, not suitable to capture sequences
of event notifications. On the other hand, available systems that are
explicitly designed to deal with event patterns often present a limited
expressiveness, if compared with TESLA. We finally decided to use Es-
per [112] for many reasons: it is an enterprise level product, widely used
(it includes a commercial version, EsperHA) and mature (we used ver-
sion 4.0.0); it adopts an expressive language with a rich syntax but also
puts great emphasis on efficiency and performance; it is open source and
provides extensive documentation; it is embedded in Java, which makes
the task of writing and executing tests easier.
All the results discussed below have been collected using a 2.8GHz

AMD Phenom II PC, with 6 cores and 8GB of DDR3 RAM, running
64 bit Linux. We use a local client to generate events at a constant
rate and to collect results. Using this approach, the interaction with the
CEP engine is realized entirely through local method invocations; this
choice eliminates the impact of the communication layer on the results
we collected and allows us to measure the raw performance of the two
CEP engines. We set the maximum size of the input queue to 100 events,
small enough to emphasize a difference in the processing time through a
loss of events. We studied the behavior of the two systems at different
input rates, executing each test 10 times: for each measure we plot the
average value and the 95% confidence interval.

Event filtering

At the base of a CEP engine is the operation of selecting, or filtering,
input events before using them to capture complex patterns. For this
reason we decided to start our analysis by comparing the filtering capa-
bilities of T-Rex and Esper.
To do so we deployed 1000 different rules on both systems. Each rule

simply filters input events according to the value of an attribute and
returns a new event containing such a value. On average, each event is
selected by a single rule; this means that, ideally, the event output rate
should be equal to the input rate.
Notice that the filtering capabilities are executed by a single compo-

nent, independently from the processing algorithm adopted for pattern
detection. Accordingly, the two versions of T-Rex, the one based on AIP
and the one based on CDP, present identical results.
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Figure 5.10: Filtering: Comparison between T-Rex and Esper

Figure 5.10 shows the performance of the two systems in terms of
throughput, i.e. composite events detected per second. Since the two
systems were processing identical loads with the same set of deployed
rules, they should theoretically detect the same number of composite
events. However, when the input rate increases, both engines start to
drop input events as their input queue becomes full: the rate at which
events start to be dropped as well as the number of dropped events and
consequently the throughput is a measure of the processing overhead.
We can observe how both systems can handle high event input rates,

in the order of tens of thousands events per second. Esper, however,
starts to drop input events at the rate of 30000 events per second, with
a maximum throughput that is below 35000 composite events per sec-
ond. T-Rex, instead, can handle up to 40000 events per second without
dropping from the input queue and registers a maximum throughput of
about 45000 composite events per second. As we said, this is a mea-
sure of the fact that T-Rex processes events faster than Esper when the
deployed rules simply require input event filtering and composite event
generation.

Case study

As a second step we wanted to compare the two engines using a realistic
case study. Accordingly, we decided to adopt one of the definitions of
fire introduced in Section 3.2. More specifically, we used the following
definition:

• Fire occurs when temperature higher than 45 degrees and some
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smoke are detected in the same area within 3 min. The fire notifi-
cation has to embed the temperature actually measured.

In translating it into TESLA rules we considered both a multiple se-
lection policy (as modeled by TESLA Rule R1) and a single selection
policy (as modeled by TESLA rule R3). We report here Rule R1 and
Rule R3 for simplicity.

Rule R1
define Fire(area: string, measuredTemp: double)
from Smoke(area=$a) and

each Temp(area=$a and value>45)
within 5 min. from Smoke

where area=Smoke.area and measuredTemp=Temp.value

Rule R3
define Fire(area: string, measuredTemp: double)
from Smoke(area=$a) and

last Temp(area=$a and value>45)
within 5 min. from Smoke

where area=Smoke.area and measuredTemp=Temp.value

To stress the two systems, each test was performed with 1000 different
rules deployed, all having the same structure (that of Rule R1 and Rule
R3), but defining 10 different composite events (Fire1, defined from
Temp1 and Smoke1, ..., Fire10, defined from Temp10 and Smoke10) and
asking for a different minimum temperature (from 1 to 100). The value
of the temperature of incoming Tempx events was uniformly distributed
between 1 and 100, while all events shared the same area attribute,
to maximize the probability of using events. Given these assumptions,
each incoming event was selected by 50 different rules, on average. Both
when using Rule R1 and Rule R3, we evaluated the engines with three
different loads, generating respectively 10%, 50%, and 90% of Smokex
events (the remaining events are Tempx). Both systems were configured
to take advantage of the six cores available on the hosting machine.
Figure 5.11 shows the results we obtained in the different scenarios

in terms of throughput. The left column includes the results regarding
Rule R1, while the right column shows the results for Rule R3.
In general, we observe that both systems perform very well, with a

throughput of hundreds of thousands of composite events detected per
second, even if the hardware we used for the tests is entry level for a
production CEP system. Even more important from our point of view
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(a) 10% of Smokex events
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(b) 50% of Smokex events
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Figure 5.11: Comparison between T-Rex and Esper using Rule R1 (left)
and R3 (right)
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is that T-Rex outperforms Esper in all scenarios, both when using AIP
and CDP.
In particular, T-Rex is capable of processing much more input events

before starting to drop them from the input queue, and when it drops
them it drops less than Esper. The tests also show how the different
selection policies associated with Rule R1 and Rule R3 influence the
behavior of both engines: Esper performs better when the multiple se-
lection policy is adopted (its performance are closer to those of T-Rex),
while the gap between the two engines increases when the single selection
policy is adopted. Also notice how the throughput of T-Rex seems to be
still increasing even at the highest input rates we were able to generate.
The same is not true for Esper: when rule R3 is adopted (right column)
the throughput starts decreasing after the input rate overcomes 6000
events/s; moreover, even at lower rates, it exhibits an irregular trend.
If we compare AIP and CDP, we notice that CDP performs better

when a single selection policy is adopted, independently from the per-
centage of Smokex events. On the contrary, AIP performs better with a
multiple selection policy and a large number of Smokex events. In these
particular scenarios, indeed, there is a large number of terminators, and
they all require a lot of processing to be combined with previously de-
tected Tempx events. Moreover, Rule R1 defines a sequence of two events
only, thus making automata easier to manage. As we will see in the
following of this section, this is the only scenario in which AIP performs
better than CDP.

Computing aggregates

The previous experiments considered two important aspects of a CEP
system: the capability of filtering input events and that of detecting
sequences of events. As shown in Chapter 3, another important feature
for a CEP system is the capability of computing the content of composite
events by aggregating the values of attributes in primitive events. To
evaluate the performance of T-Rex and Esper in this area we used the
following Rule R7.

Rule R7
define Fire(area: string, measuredTemp: double)
from Smoke(area=$a) and

45 < $t=Avg(Temp(area=$a).value
within 5 min. from Smoke)

where area=Smoke.area and measuredTemp=$t
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As in the previous test, we adopted 10 different definitions of Fire
(Fire1, ..., Fire10) and 100 different thresholds for the value of Tempx,
resulting in 1000 different deployed rules. To increase the throughput of
the system, the workload was generated to always satisfy the constraints
on the values of Tempx: this way every input Smokex event led to the
generation of 100 Firex events. Also in this case we evaluated the engines
with three different loads, generating respectively 10%, 50%, and 90% of
Smokex events.
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Figure 5.12: Comparison between T-Rex and Esper using Rule R7

Figure 5.12 shows the results we obtained. If we look at the per-
formance of AIP, we observe that it never drops input events when the
number of Smokex events is small (10%). When the percentage of Smokex
events increases, a higher throughput is generated. However, AIP starts
dropping input events as the input rate increases: as a consequence,
when the input rate overcomes a given threshold, the throughput be-
comes constant. This is not true for CDP: with a percentage of Smokex
events of 10% and 50% it does not drop input events, even at the high-
est input rate we tested. When considering 90% of Smokex events CDP
starts dropping events, but its curve continues to increase.
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The main task in Rule R7 is the selection of relevant Tempx events to
produce an aggregate, i.e., the average value. The difference in perfor-
mance between AIP and CDP suggests that this task is simplified when
events are organized in columns.
Finally, if we compare T-Rex with Esper we notice how the latter pro-

duces a much lower throughput: in all three tests, Esper starts dropping
events at an input rate of about 1000 events/s.

5.8.2 In-depth Analysis with Synthetic Workloads

The direct comparison with Esper on a realistic workload demonstrated
the efficiency of our system, even when compared with an advanced com-
mercial product. As stated at the beginning of this section, we were also
interested in studying the behavior of T-Rex under different loads. Ac-
cordingly we performed several tests using different synthetic workloads.
We defined a default scenario, in which 1000 rules were deployed in

the system, all of them defining a sequence composed by two events.
Each incoming event was relevant for exactly 1% of the deployed rules;
each rule (and each state inside a rule) had the same probability to
select incoming events. The windows between two consecutive events in
a sequence were 15 seconds long on average, ranging uniformly between
14 and 16 seconds.
Starting from this scenario we studied the behavior of T-Rex when

changing some parameters. In particular we focused on: (i.) the number
of events defined in each sequence, (ii.) the number of sequences defined
in each rule, (iii.) the number of rules deployed in the system, (iv.) the
percentage of events selected by each rule, and (v.) the average size of
the windows. Moreover, we evaluated the scalability of our system by
measuring how performance changes when increasing the number of CPU
cores used (unless otherwise stated we use all available cores). Finally, we
studied the influence of some TESLA constructs, namely negation and
consumption, on the performance of T-Rex. Since the selection policy
used in rules greatly influences the behavior of the system, we ran all
experiments twice: once using a multiple selection policy for all rules
(i.e., the each-within operator) and once using a single selection policy
(i.e., the last-within operator).
During our tests we measured the average time needed by T-Rex (both

using AIP and CDP) to process a single input event. In particular we
measured the time elapsed from the instant when the event starts to be
actively processed (i.e. when it exits the queue of input events) to the
instant when all sequences affected by that event have been processed,
including the time needed to produce new composite events for those
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sequences, if any, which arrived at their final state. This measure is
extremely important: first of all it tells us how each parameter impacts
the processing time of T-Rex. Second, it tells us which is the maximum
input rate T-Rex can handle. For example, if the processing time is
1 millisecond, we can theoretically handle up to 1000 input events per
second. Notice, however, that this is only a theoretical maximum, indeed,
the processing time we measure is an average value: single events may
take longer to be processed; accordingly, when using a finite input queue,
we may start dropping input events before this maximum rate.
To provide more details we also plot the throughput curves for each

workload we tested. By comparing the trend of the throughput we can
learn more about the input rate at which events actually start to be
dropped from the finite queue, but also about the kind of rules we are
processing: some of them, indeed, generate significantly more output
(i.e., composite) events than others.

Number of events in sequences

Figure 5.13 and Figure 5.13 study the behavior of T-Rex when changing
the number of events captured by each sequence. For AIP this represents
the number of states composing each sequence model, while for CDP it
represents the number of columns defined for each sequence.
Increasing the number of states in a sequence, when using a multiple

selection policy (Figure 5.13), increases the complexity of processing.
When using AIP this results in a larger number of sequence instances to
be duplicated during processing. When using CDP this results in more
events captured at each column, creating more partial results.
Accordingly, both when using AIP and CDP, the processing time con-

stantly increases with the number of states (Figure 5.13a). However,
AIP presents higher processing times, and the difference between AIP
and CDP increases with the number of sequence states. In particular,
AIP moves from 200 microseconds required to process sequences of 2
states to 800 microseconds for processing sequences of 5 states, whereas
CDP moves from 100 to less than 400.
Results are different when a single selection policy is adopted (Fig-

ure 5.14). AIP scales better, and its processing times move from 70 to
less than 90 microseconds. This is a result of the optimizations described
in Section 5.3 for rules involving a last-within operator, which allow
AIP to minimize duplication of sequences when new events arrive.
Also in this case, however, CDP performs better. Most significantly

it exhibits a processing time of about 50 microseconds which seems to
be independent from the number of states. When a single selection
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policy is adopted, a single event has to be selected from each column.
Accordingly, increasing the number of columns has a negligible impact
on performance.
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Figure 5.13: Number of states in sequences (Each-Within)

As for the throughput, in presence of a multiple selection policy we
expect it to grow with the number of states per sequence, since the
number of possible combinations of primitive events increases. This trend
is confirmed when the number of states moves from 2 to 3, but when
it grows further the throughput decreases (Figure 5.13b). This is an
effect of the increased processing overhead, which results in dropping
more and more input events, thus negatively affecting throughput. On
the other hand, we may notice that using a multiple selection policy
with long sequences represents an extreme situation. Indeed it is very
hard to find real applications that asks for all possible combinations
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Figure 5.14: Number of states in sequences (Last-Within)

of long series of events. Such an application, in fact, would need to
process a number of composite events (the output of the CEP system,
as in Figure 5.13b) much higher than the number of primitive events
captured. On the contrary, we expect applications to use a CEP system
to filter out most events, while returning only a small number of useful
information. However, even under this stressing conditions, T-Rex can
handle more than 1000 input events per second while producing up to
600000 composite events with the AIP algorithm and more than 700000
with the CDP algorithm.
Different considerations hold when the last-within operator (i.e., a

single selection policy) is used. In this case the throughput grows linearly
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Figure 5.15: Number of states in sequences (First-Within)

until at least 12000 input events per second (Figure 5.14b). This means
that our default queue of 100 elements allows T-Rex to easily handle
such large input traffic. We also observe that increasing the length of
sequences makes the throughput curve diverge from its linear behavior
(i.e., T-Rex dropping events) sooner when using AIP: this is due to the
slight increase in processing time. The same in not true for CDP, which
allows T-Rex to process all events without dropping them. Finally, we
notice that the longer the sequences the lower the throughput. This is
easily explained by remembering that a single selection policy inhibits
duplication of sequences while longer sequences require more input events
to arrive to an accepting state.
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In this first scenario we also tested the usage of the first-within
operator (Figure 5.15). Ideally, this case should resemble the one using
the last-within operator, with a low processing time and the ability of
accepting a large number of input events before starting dropping them.
This is true when the CDP algorithm is adopted.
On the contrary, when considering AIP, we notice some differences:

the processing overhead is less than that registered when using a mul-
tiple selection policy, but it is higher than that registered when using
the last-within operator. This can be explained by remembering what
we observed at the end of Section 5.3: the last-within operator, in
absence of consumption clauses, allows greater optimizations than the
first-within operator, with less sequences that need to be created and
more that can be deleted each time a new event arrives. As a result, the
performance of AIP when processing rules using the first-within oper-
ator is somehow in the middle between the performance measured when
using the each-within and those measured when using the last-within.
This trend appears in all the scenarios we tested. As a consequence we
will omit the analysis of the first-within policy in the following dis-
cussions.

Number of sequences in rules

Figure 5.16 and Figure 5.17 show how the system reacts when the number
of sequences composing each rule varies. When a multiple selection policy
is used (Figure 5.16), we observe a linear increase in the processing time,
both in AIP and in CDP: indeed, the system needs to perform additional
work to combine sequences together and to produce the higher number
of composite events that derives from this combination. By looking at
the throughput graph, it becomes even more evident how the number
of sequences influences the work to be done: more sequences means
more possibility to combine events, and hence more composite events to
generate.
The same is not true when a single selection policy is adopted (Fig-

ure 5.17). The processing time of AIP registers a moderate increase
(from about 70 microseconds to 100 microseconds), while CDP remains
constant. At the same time, when the number of sequences increases, the
throughput decreases. Indeed, with the same fraction of events captured
by each state in a rule, the system detects about the same number of
valid sequences, independently from the number of sequences composing
each rule, but more input events are needed to generate a composite one
when the number of sequences per rule increases.
Also in this case, it is important to observe how the use of a multiple
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Figure 5.16: Number of sequences in rules (Each-Within)

selection policy combined with a large number of sequences represents
an unrealistic scenario, which we tested only to stress the system. Even
in this extreme case T-Rex can handle about 1000 input events, produc-
ing more than a million composite events per second. This is a good
result, especially if we consider that not only the processing of input
events, but also the generation of composite events (and their internal
data structure) demands for computational resources.
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Figure 5.17: Number of sequences in rules (Last-Within)

Number of rules

Figure 5.18 and Figure 5.19 study how T-Rex reacts when the number of
deployed rules increases while keeping fixed the number of them triggered
by each incoming event (10). This is an important case since we envision
real deployments where a single CEP engine serves different applications,
each interested in different kinds of events.
In this scenario, when a multiple selection policy is adopted (see Fig-

ure 5.18) the number of generated events decreases with the number of
rules; indeed, each rule receives fewer events and thus has fewer chances
to combine them into valid sequences. This effect is emphasized by the
fact that the rate of events entering each rule decreases when we deploy
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Figure 5.18: Number of deployed rules (Each-Within)

a higher number of rules, and thus the probability of violating timing
constraints (and thus canceling existing sequences) becomes higher. This
also affects the processing time, that slightly decreases when the number
of rules increases, both for AIP and CDP.
The same is not true when a single selection policy is adopted (Fig-

ure 5.19). In this case each rule can fire at most once for each incoming
event, and the effect of a growing number of rules only negatively af-
fects the processing time, with more sequences to consider at each step.
In absence of dropped events the output rate is not influenced by the
number of rules deployed since we are considering the case in which each
event always trigger the same number of rules: 10.
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Figure 5.19: Number of deployed rules (Last-Within)

However, while CDP never drops input events, the higher processing
time of AIP makes it drop events when the input rate overcomes 10000
events per second.

Number of triggered rules

Figure 5.20 and Figure 5.21 study the behavior of T-Rex when the num-
ber of rules triggered by an incoming event grows. As expected, under
these conditions, independently from the selection policy adopted, the
processing time grows. Most importantly, when doubling the average
number of rules involved in the processing of an input event, the pro-
cessing time doubles as well: this means that T-Rex does not introduce
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any additional overhead and scales linearly. Similar considerations hold
for the throughput, which grows when the number of rules triggered by
each event grows. Notice, once again, that this scenario is explicitly de-
signed to stress the system: the number of output events generated per
second is extremely large if compared with the input rate.
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Figure 5.20: Number of triggered rules (Each-Within)

Average Windows Size

Figure 5.22 and Figure 5.23 analyze the impact of the windows size on
processing. As expected, when using a multiple selection policy (Fig-
ure 5.22) both processing time and throughput grow since more events
enter the window, more sequences are created and more composite events
are generated. Again, scalability is good, both for AIP and CDP, since
the increase in processing time is less than linear.
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Figure 5.21: Number of triggered rules (Last-Within)

Conversely, a single selection policy is not influenced by the window
size (see Figure 5.23). Indeed, to stress the system we are delivering
events at a very high rate such that even with the shortest window we
tested enough events arrive to complete detection.

Scalability

Figure 5.24 studies the impact of multi-core hardware on the performance
of T-Rex. As stated in Section 5.6 and Section 5.7, both when using AIP
and CDP, our system makes use of a thread pool to parallelize event
processing.
Notice that T-Rex exploits multiple processing cores only to evaluate
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Figure 5.22: Average Windows Size (Each-Within)

rules in parallel, while the evaluation of single rules is performed sequen-
tially. The issue of parallelizing the processing of single rules becomes
relevant in the case of extremely complex rules, involving a large number
of events. We will address this problem in Chapter 6, where we propose
an implementation of CDP explicitly tailored for GPUs.
To execute this test we first studied the best number of thread in the

thread pool when varying the number of available cores. Then, using this
value, we tested the processing time and the throughput with different
cores: to limit the number of cores that T-Rex could use, we exploited
the taskset Linux command. To increase the load of the system we
adopted our default scenario with a multiple selection semantics and a
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Figure 5.23: Average Windows Size (Last-Within)

low selectivity (each event triggers 100 rules on average). Since the tests
were executed on a 6 core machine, our analysis is limited to up to 5
cores (one is used by the client generating and submitting events).
What we observe is that the use of more cores brings benefits to the

system. This is particularly evident when moving from 1 to 2 cores,
but also moving to 3, 4, and 5 cores continues to bring benefits. Notice
that each thread in the thread pool processes an equal number of rules;
however, we cannot know in advance the cost for processing each rule.
This implies that different threads may require different times to accom-
plish their tasks. Since the system waits for all threads to complete, the
overall processing time is the processing time of the slowest thread. This
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Figure 5.24: Scalability

explains why doubling the number of cores does not double the overall
performance. Additionally, the filtering of events is performed using a
highly efficient, but sequential counting algorithm.
Figure 5.24 shows that both using AIP and CDP, when moving from 1

to 5 cores, we reduce the processing time by a half and we almost double
the maximum throughput.

Use of negation

Figure 5.25 investigates the impact using negation in rules. In particular,
we use Rule R8 below.
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Rule R8
define Fire(area: string, measuredTemp: double)
from Temp(area=$a and value>45) and

not Rain(area=$a) within 5 min. from Temp
where area=Temp.area and measuredTemp=Temp.value

To maximize the generation of events we operated as for Rule R1 and
R3, deploying 1000 different rules with the structure of Rule R8 but
defining 10 different composite events (Fire1, defined from Temp1 and
Rain1, ..., Fire10, defined from Temp10 and Rain10) and asking for a dif-
ferent minimum temperature in Tempx events (from 1 to 100). Then we
studied the behavior of T-Rex when changing the percentage of Rainx
events w.r.t. all incoming events. Since the input rate of events was par-
ticularly high, we decided to adopt a small window of 1 second, meaning
that Rainx events become invalid after 1 second.
What we observe is that the processing time is not influenced by the

percentage of Rainx events. Indeed the system stores all Rainx events re-
ceived in the last second and checks if any has been stored when receiving
a valid Tempx. When using CDP this operation can be performed more
efficently, taking advantage of the algorithms implemented for lookup in
columns.
The percentage of negative events strongly influences the through-

put, with fewer composite events captured when the percentage of Rainx
events grows. As a final note we observe how the presence of negation
increases the confidence interval, meaning that different runs have a high
probability to produce different results. Indeed, when using a negation
the order in which events are received can significantly influence the
output rate.

Use of the Consuming clause

Finally, Figure 5.26 and Figure 5.27 study the impact of adding a con-
suming clause to our default scenario. In particular, since the default
scenario defines a sequence of two states, we test the performance when
asking the consumption of the events participating in the first state.
When adopting a multiple selection policy (Figure 5.26) the processing

time decreases when adding the consuming clause, both for AIP and
CDP. Indeed, in the multiple selection case a large number of partial
results is generated during processing (automata for AIP and partial
sequences for CDP). Adding a consuming clause helps the system remove
some of them, i.e., those using a consumed event. Also note how the
presence of a consuming clause greatly reduces the number of generated
events.
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Figure 5.25: Use of Negation

When adopting a single selection policy (Figure 5.27), instead, the
number of generated events is not seriously affected by the presence of
a consuming clause. This is because, even when consuming one or more
events, it is highly probable to find another event of the same kind within
the required time window that allows the system to produce a composite
event.
In this case adding a consuming clause adds some overhead to AIP,

which cannot delete sequences as new events arrive, as explained at
the end of Section 5.3. This is also visible in the throughput graph:
adding the consuming clause makes AIP drop input events earlier. On
the contrary, CDP is not affected by this problem: indeed, to satisfy
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Figure 5.26: Use of the Consuming clause (Each-Within)

the constraints imposed by a consuming clause, it simply needs to re-
move consumed events from existing columns after a composite event
has been generated. As we have already seen, columns are explicitly de-
signed to make this operation efficient, thus reducing its impact on the
performance of the system.

5.9 Conclusions

In this chapter we introduced T-Rex, a CEP middleware explicily de-
signed to support TESLA rules. T-Rex proved to be capable of effi-
ciently processing large volumes of input events even with thousands of
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Figure 5.27: Use of the Consuming clause (Last-Within)

rules deployed.
We presented and evaluated two different processing algorithm: the

first one, AIP, processes events incrementally, as they enter the system,
and stores partial results in data structures based on automata. The
second one, CDP, takes the opposite approach. It simply stores received
events into columns and delays processing until a candidate terminator
is detected.
In Section 5.8 we compared T-Rex with Esper, one of the most widely

used commercial solution for CEP, known for its expressiveness and effi-
ciency. Our analysis show that T-Rex performs better in all the different
scenarios we tested. Moreover, using synthetic workloads we analyzed
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the behavior of T-Rex in a large number of situations, showing how it
provides good performance even with extremely challenging scenarios.
Interestingly, we measured significantly better performance with CDP

w.r.t. AIP, in almost all the scenario we tested. In particular, CDP is
better suited to process rules adopting a single selection policy and scales
better when the complexity of rules increases, e.g., when the length of
sequences increases, a negation or a consumption clause is added.
It is worth mentioning that most existing CEP systems explicitly de-

signed to detect temporal patterns of events are based on automata, or
more in general on incremental processing. This is true both for research
prototypes coming from the academia (e.g., [98, 100, 11]) and for mature
systems coming from the industry (e.g., [112]).
It is still an open issue to understand if approaches similar to CDP

can be extended to other systems, possibly including different operators
w.r.t. TESLA.
Another important aspect of CDP that its processing is strongly data

parallel. Accordingly, it can be efficiently implemented in parallel hard-
ware, to increase its performance in presence of complex rules. In Chap-
ter 6 we will discuss its implementation on modern GPUs based on the
CUDA architecture [203], with a detailed evaluation of its performance.
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6 Using GPUs for Low Latency
Event Processing

6.1 Introduction

In Chapter 5 we presented T-Rex in details, focusing on the processing
algorithms implemented for the detection of composite events. We have
seen how T-Rex leverages the presence of multiple processing cores to
evaluate different TESLA rules in parallel.
On the other hand, each single rule is processed by one core only, using

a strictly sequential algorithm. While this is reasonable for many appli-
cation scenarios, there are situations that involve very complex rules,
which require the analysis of a huge number of events. In this chapter
we address this issue, by investigating how the evaluation of a TESLA
rule can be implemented on modern GPUs based on the CUDA archi-
tecture.
While our analysis is based on TESLA rules, we focus on key operators

offered by almost all existing rule languages, namely sequence detection,
parameter evaluation, and aggregate computation, thus we believe that
our analysis and the solutions presented here can be easily extended to
other engines as well.
As discussed in Chapter 5, T-Rex offers two different processing al-

gorithms, namely AIP (Automata-Based Incremental Processing) and
CDP (Column-Based Delayed Processing). The first one processes events
incrementally as they arrive, storing the results of intermediate compu-
tation in form of automata. The second one postpones all the processing
until a terminator enters the engine.
As we have seen in Chapter 4, CUDA offers a lot of computational

power but only for data parallel algorithms on pre-allocated memory
areas. Unfortunately, the AIP algorithm does not fall in this category.
Each automaton differs from the others and requires different processing,
while new automata are continuously built and deleted at runtime. For
these reasons, we implemented the AIP algorithm on the CPU only, while
we implemented the CDP algorithm both on the CPU and GPU.
We compared the performance of the three resulting engines under

various workloads, to understand which aspects make the choice of each
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architecture more profitable. Our study shows that the use of GPUs
brings impressive speedups in all scenarios involving complex rules, when
the processing power of the hardware overcomes the delay introduced by
the need of copying events from the main to the GPU memory and vice
versa. At the same time, multi-core CPUs scale better with the number
of rules deployed in the engine.
The rest of the chapter is organized as follows: Section 6.2 recalls the

main features of the CDP algorithms, focusing on the main functions
we analyze here, i.e., sequence detection, parameter evaluation, and ag-
gregates computation. Section 6.3 presents in details how the CDP al-
gorithm has been implemented on CUDA. Section Section 6.4 evaluates
its performance under different workloads, comparing it with the original
implementations of T-Rex, as discussed in Chapter 5. Finally, Section 6.5
provides some conclusive remarks.

6.2 The CDP Algorithm

For ease of exposition, we first report here the main computational steps
performed by the CDP algorithm to analyze received primitive events,
detect patterns, and compile corresponding composite event notifica-
tions.
As said in Section 6.1, in this chapter we focus on some key opera-

tions common to almost all exisiting CEP engines: sequence detection,
parameter evaluation, and aggregates computation.

6.2.1 Detecting Sequences

For each Rule R, the CDP algorithm organizes received events into
columns, one for each primitive event appearing in the sequence defined
by R.
To simplify the analysis, instead of keeping a flat history of all re-

ceived events, each rule R organizes them into columns, one for each
primitive event appearing in the sequence defined by R. As an example,
the following Rule R9:

Rule R9
define ComplexEvent()
from C(p=$x) and each B(p=$x and v>10)

within 8 min. from C and
last A(p=$x) within 3 min. from B

would be translated in the columns shown in Figure 6.1. The algorithm
creates three columns, each labeled with the type of the primitive events
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6.2 The CDP Algorithm

it stores and with the set of constraints on their content. The maximum
time interval allowed between the events of a column and those of the
previous one (i.e., the window expressed through the *-within operator)
are modeled using a double arrows, while additional constraints coming
from parameters are represented as dashed lines.

A, { }

B.p=A.p

B, {v>10}3 C, { }8

C.p=B.p

Figure 6.1: Columns for Rule R9

Processing starts when If an incoming event e matches the content
constraints of a column c it is added on top of c. Detection of valid
sequences starts when an event enters the last column, c`. Processing is
performed column by column, from the last one to the first one, creating
partial sequences of increasing size at each step. In particular:

• the timestamp of e is used to find the index i of the first valid
element in column c`−1, by looking at the time window;

• all events in column c`−1 having an index i′ < i are deleted, since
they have no chance to enter the window in the future;

• the operation is repeated for each column, considering the times-
tamp of the first event left in column ck to delete old events from
column ck−1;

• e is combined with all the events stored in column c`−1 that sat-
isfy timing constraints, parameters, and selection policies, creating
partial sequences of two events;

• each partial sequence is used to select elements from the previ-
ous column c`−2. The algorithm is repeated recursively until the
first column is reached, generating zero, one, or more sequences
including one selected event from each column;

• one composite event is generated for each sequence.
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6.2.2 Computing Aggregates

As we have seen in the previous chapters, computing aggregates is one
of the main operations offered by CEP engines. Often, it may involve
the computation of a given function (e.g., sum, average) considering the
values of a large number of events.
As mentioned in Chapter 5, CDP stores events relevant for the com-

putation of an aggregate into a column c of a special kind. After all
partial sequences have been detected, CDP extracts, for each sequence,
the events in c that satisfy timing and parameter constraints and uses
them to compute the desired function.

6.3 Implementing the CDP Algorithm on CUDA

In Section 5.6 we presented in details how the CDP algorithm has been
implemented on the CPU. An aspect is particularly important for the
following discussion: to avoid duplication of events among different rules,
we save all received events in a common storage, while columns only
contain pointers to the actual content of events.
Due to the different programming model, porting the CDP algorithm

to CUDA is not straightforward. First of all we had to re-think the data
structures used to represent columns. Indeed, memory management is
a critical aspect in CUDA: the developer is invited to leverage the fact
that CUDA assembles together (and computes in a single memory wide
operation) concurrent memory access to contiguous areas from threads
having contiguous identifiers in the same warp. Using pointers to events
inside columns, as in the implementation on CPU, would lead to memory
fragmentation, making it impossible to control memory accesses from
contiguous threads. Accordingly, in the CUDA implementation columns
do not hold pointers to events but copies of them.
Since GPU memory has to be pre-allocated by the CPU (and allo-

cation has a non-negligible latency), we implemented each column as a
statically allocated circular buffer. Moreover, we choose to perform some
operations, those that would not benefit of a parallel hardware, directly
on the CPU, which keeps its own copy of columns. In particular, when
an event e enters the engine and matches a state s for a rule r, it is
added to the column for s in main memory. Then, a copy of the event
to the GPU memory is issued asynchronously: this means that the CPU
can go on without waiting for the copy to end. If e is a terminator for r,
the CPU uses the information about windows to determine which events
has to be considered from each column. We delegate this operation to
the CPU since it requires to sequentially explore columns in order from
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the last one (the result of the computation on a column is needed to
start the computation on the previous one), while computation on each
column can be efficiently performed using a sequential algorithm, i.e.,
a binary search. Once this operation has ended, the CPU invokes the
GPU to process the relevant events from each column. In particular, we
implemented two different kernels, optimized respectively for multiple
selection and single selection policies.

6.3.1 Multiple selection policy

When using a multiple selection policy to process a column c, each partial
sequence generated at the previous step may be combined with more than
one event in c. Our algorithm works as follows:

• it allocates two arrays of sequences, called seqin and seqout, used
to store the input and output results of each processing step. Se-
quences are represented as fixed-size arrays of events, one for each
state defined in the rule;

• it allocates an integer index and sets it to 0;

• at the first step seqin contains a single sequence with only the last
position occupied (by the received terminator);

• when processing a column c, a different thread t is executed for
each event e in c and for each sequence seq in seqin;

• t checks if e can be combined with seq, i.e., if it matches timing
and parameter constraints of seq;

• if all constraints are satisfied, t uses a special CUDA operation to
atomically read and increase the value of index. The read value k
identifies the first free position in the seqout array: the thread adds
e to seq in position c and stores the result in position k of seqout;

• when all threads have finished, the CPU copies the value of index
into the main memory and reads it;

• if the value of index is greater than 0 it proceeds to the next column
by resetting the value of index to 0 and swapping the pointers of
seqin and seqout into the GPU memory;

• the algorithm continues until index becomes 0, or all the columns
have been processed. In the first case no valid sequence has been
detected, while in the second case all valid sequences are stored in
seqout and can be copied back to the CPU memory.
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Figure 6.2: CDP Algorithm on CUDA (Multiple Selection Policy)

To better understand how the CDP algorithm works, consider the
example in Figure 6.3.1. It shows the processing of a rule R defining a
sequence of 3 primitive events. Two columns have already been processed
resulting in six partial sequences of two events each, while the last column
c to be processed is shown in figure. Since there are 6 sequences stored in
seqin and 7 events in c, our computation requires 42 threads. Figure 6.3.1
shows one of them, thread T , which is in charge of processing the event
E3 and the partial sequence S3. Now suppose that E3 satisfies all the
constraints of Rule R, and thus can be combined with S3. T copies E3

into the first position of S3; then, it reads the value of index (i.e., 3) and
increases it. Since this operation is atomic, T is the only thread that can
read 3 from index, thus avoiding memory clashes when it writes a copy
of S3 into the position of index 3 in seqout.
In our implementation, we use different thread blocks to process dif-

ferent elements in seqin: this way all thread in a block share the same
element in seqin. Similarly, threads with contiguous identifiers are used
to process contiguous positions in the column: this increases the per-
formance of memory access, since the hardware can combine operations
issued by different threads.

6.3.2 Single selection policy

When using a single selection policy to process a column c, each partial
sequence generated at the previous step can be combined with at most
one event in c. Accordingly, the processing algorithm is changed as
follows: instead of a single index, we define an array of indexes, one for
each sequence in seqin. As in the case of a multiple selection policy, each
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thread checks whether it is possible to combine an event e from column c
with one partial sequence in seqin. Consider the example in Figure 6.3.2.
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Figure 6.3: CDP Algorithm on CUDA (Single Selection Policy)

Thread T is in charge of processing event E4 and sequence S1. Now as-
sume thatE4 satisfies all constraints for Rule R. Assume the last-within
operator is adopted. In this case thread T calls an atomic function that
stores in the index associated to the sequence S1 the maximum between
the currently stored value (i.e., 1) and the index of E4 in the column (i.e.,
4). All positions in indexes are initially filled with the value −1. When
all threads have completed their processing, each position of indexes con-
tains the index of the last event in column c that can be combined with
the corresponding sequence, or −1 if no valid events have been found. At
this point, seqin is updated by adding the selected events inside partial
sequences, and by removing the sequences with a negative value in the
index array. Notice that in this case we directly update seqin with no
need to define an additional array for output. The same algorithm also
applies to the case a first-within operator is used: it is sufficient to
modify the initial value in indexes and to compute the minimum index
instead of the maximum.

6.3.3 Computing Aggregates on CPU and CUDA

To compute aggregates on the CPU we navigate through all events stored
for it, selecting the relevant ones (i.e., those that match constraints on
parameters, if any) and calculate the aggregate function on their value.
With CUDA, the process is performed in parallel by using a different
thread to combine couples of stored events. All threads in a block coop-
erate to produce a single value, using shared memory to store the partial
results of the computation.
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Figure 6.4: Computing aggregates on CUDA

To understand how the algorithm works, consider Figure 6.4. Assume
for simplicity that 8 events (E0, .., E7) have been stored for the aggregate,
and that the function to compute is the sum of a given attribute att for
all events satisfying some constraints. We use a single block composed of
4 threads (t0, .., t3). Each thread tx reads two events stored in the global
memory, in position x and x + 4: for example, thread t0 reads events
E0 and E4, as shown in Figure 6.4. This way, contiguous threads read
contiguous positions in global memory. Each thread tx checks whether
the event e it is considering satisfies the constraints defined by the rule.
If e does not satisfy them, it participate in the aggregate with a value of
0 (neutral for the sum), otherwise the value of att is used. Then, each
thread tx sums the values computed for its events and stores the result
into the shared memory, in position x. The rest of the computation is
performed in the shared memory: at each step the size of the array is
halved, with one thread computing the sum of two values. This way,
at each step, also the number of active threads is halved. At the last
step, only one thread (t0) is active, which stores the final results into the
global memory, where the CPU retrieves it.
Since CUDA limits the number of threads per block to 512, each block

can analyze up to 1024 events, producing a single value. If the number
of events stored for the aggregate is greater we use more blocks and thus
more than one result is produced. In this case, we apply the algorithm
again, by considering the partial values produced at the previous step as
input values for the next step, until a single value is produced.
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6.3.4 Managing Multiple Rules with CUDA

As we said, in the current CUDA implementation, columns include copies
of events. While this choice is fundamental to obtain good performance,
it consumes a lot of GPU memory. The amount of memory actually
required for each rule depends from the number of states it defines, from
the number of aggregates it includes, from the maximum size of each
column, and from the size of events (at least the part relevant for the
rule). In our tests, complex rules with a relevant history of one mil-
lion events consume up to 100MB of GPU memory. This means that
current GPU models, which usually include from 1 to 2GB of memory,
can manage 10 to 20 of such complex rules. Notice that this represents
a worst case scenario, since it is unusual for a rule to involve so many
events and since we do not consider the (common) case of rules sharing
events of the same type (i.e., sharing the same columns). Moreover, our
code statically allocates columns as circular buffers, which we had to size
big enough for our worst scenario. A better but more complex solution
would be to allocate GPU memory in pages.
In any case, our CUDA implementation checks whether the GPUmem-

ory is sufficient to store all deployed rules. If it is not, information about
rules is kept in the main memory and copied to the GPU only when
a terminator is detected, before starting sequence detection and aggre-
gates computation. While this solution removes the limitation on the
maximum number of rules that the engine can manage, it introduces
some extra overhead due to the additional copies to the GPU memory.
In Section 6.4 we analyze how this impacts performance.

6.3.5 Use of Multi-Core CPUs

As already specified in Chapter 5, T-Rex leverages multi-core CPUs to
process different rules in parallel, both when using the AIP algorithm
and the CDP algorithm. As said, since creating new threads may be an
expensive operation, we use a thread pool of fixed size. When a new
event e enters the engine, a copy of e is sent to each thread, then we wait
until all threads finish their processing to collect results (i.e., generated
composite events).
During our analysis, we also tried to combine the use of multiple

threads and the use of CUDA, by launching different CUDA kernels in
parallel. Unfortunately, we did not achieve any relevant improvement in
performance. Indeed, each kernel uses a number of blocks that is large
enough to exploit all GPU hardware resources. Accordingly, different
kernels, even if launched by different CPU threads in parallel, actually
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execute sequentially on the GPU. A multi-threaded solution, however,
may become useful in presence of multi-GPU configurations, to enable
concurrent processing of complex rules on different GPUs, under control
of a different CPU thread.
Finally, we decided not to use different CPU cores to parallelize

the processing of a single rule. Indeed, real applications often deal
with a large number of deployed rules; moreover complete systems
implement several other task beside event processing, including mar-
shalling/unmarshalling of notifications and network communication.
Therefore, they easily exploit all available cores by processing different
rules in parallel. Our approach simply demands most complex compu-
tations (if any) to the GPUs, using them as co-processors.

6.4 Evaluation

As we have already seen in Chapter 5, evaluating the performance of
a CEP engine is not easy: even when considering a limited number of
operators the processing time strongly depends from the workload. Un-
fortunately, to the best of our knowledge, there are no publicly available
workloads coming from real deployments. The Event Processing Tech-
nical Society [190] is currently promoting a survey to understand how
event processing technologies are used, but there are no results available,
yet.
Accordingly, we decided to follow the same path as in Chapter 5 and

use synthetic workloads, generating a large number of them to explore
the parameter space as broadly as possible and we present here the most
notable results, emphasizing the aspects that influence the behavior of
our implementations more significantly.
We defined a default scenario in which only three types of primitive

events: A, B, and C, exist, each one including three integer attributes.
We assume that: (i.) primitive events are uniformly distributed among
these three types; (ii.) their attributes are uniformly distributed in the
interval [1, 50000]; and (iii.) they enter the engine one at each clock tick
and they are timestamped by the engine with such clock tick. We also
assume that the following Rule R10 has to be processed:

Rule R10
define CE(att1: int, att2: int)
from C(att=$x) and last B(att=$x)

within 100000 from C and
last A(att=$x) within 100000 from B

where att1=$x and
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att2=Sum(A(att=$x).value within 100000 from B)

It defines a sequence of three states, one for each event type, joined by
a constraint on the value of attribute att, which requires an aggregate
to be computed. This is in line with several real world cases. As an
example, stock monitoring applications usually: (i) detect trends (by
looking at sequences of events); (ii) filter events that refer to the same
company (using parameter constraints); (iii) combine values together
(using aggregates). Similarly, a monitoring application may use rules
very close to Rule R10 to detect fire.
Notice that Rule R10 has a default window size of 100000 timestamps

(i.e., clock ticks). Again, this is in line with several real world cases
that require a lot of events to be processed before detecting a relevant
situation. As an example, in stock monitoring applications a lot of events
enter the engine for each second, each referring to a different company.
All of them have to be considered to detect which stock (i.e., company)
satisfies the trend captured by each rule. Similarly, to detect fire the
engine has to process events coming from the entire network (i.e., a lot
of events) to find the area where smoke and high temperature occur.
During our tests, we initialize the system by submitting a number of

events equal to the window size. At this point the number of events
entering the engine balances the number of events discarded by timing
constraints and we start our measures, which involve submitting other
100000 primitive events and calculating the average time required by the
different algorithms to process each of them. Since in our defaut scenario
all primitive events entering the engine are captured by the deployed rule,
what we are measuring is the average time needed by a rule r to process
an event e that is relevant for r. We are ignoring the time needed to
select the set of rules interested in e since we found it to be negligible,
even with a large number of deployed rules.
Notice how this default scenario significanlty differs from the one pre-

sented in Chapter 5. Here we are indeed focusing on a single rule that
demands large processing resources. We believe the two analyzed work-
loads to be complementary. In real world systems, we expect both a large
number of simple rules and a few number of very complex, resource de-
manding rules. As we will see in the following of this section, the former
are not suited to be processed on a GPU, while the second ones can re-
ceive greate advantages from the use of parallel hardware. This suggests
that GPUs and CPUs can work side by side, each one on a sub-set of
deployed rules, to provide the best architecture and processing algorithm
for each of them.
Starting from the default scenario above we measured the performance
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of our algorithms when changing the following parameters: (i.) the
number of primitive events in rules (i.e., the number of states in relevant
sequences), (ii.) the size of windows, (iii.) the number of values allowed
for each attribute, (iv.) the number of aggregates defined in each rule,
and (v.) the number of rules deployed in the engine. Notice also that our
default scenario uses the aggregate to define a value inside the generated
complex event CE, but it does not use it to filter out sequences. We
also explored the other case by using a slightly different rule and varying
the percentage of sequences filtered out by the aggregate after detection.
Finally, since the selection policy may significantly influence processing
time, all tests have been repeated twice, once using the last-within
operator and once using the each-within operator.
Tests were executed on the same reference hardware adopted in Chap-

ter 5 and Chapter 4: AMD Phenom II machine, with 6 cores running
at 2.8GHz, and 8GB of DDR3 RAM. The GPU was a Nvidia GTX 460
with 1GB of GDDR5 RAM. We used the CUDA runtime 4.0 for 64 bit
Linux platforms.

Default scenario

Figure 6.5 shows the processing time measured in the default scenario.
If we consider the two algorithms running on the CPU, we observe that
CDP performs slightly better than AIP, independently from the selection
policy. More interesting is the comparison of the CPU vs. the GPU
running the same CDP algorithm. In such scenario the use of the GPU
provides impressive speedups: more than 30x with a multiple selection
policy and more than 25x with a single selection one.

 0.01

 0.1

 1

 10

AIP CDP CPU CDP GPU

Pr
oc

es
si

ng
 T

im
e 

(m
s)

(a) Multiple Selection

 0.01

 0.1

 1

 10

AIP CDP CPU CDP GPU

Pr
oc

es
si

ng
 T

im
e 

(m
s)

(b) Single Selection

Figure 6.5: Default Scenario

In all cases, we measure a relatively small difference between the results
obtained with a multiple selection policy and with a single selection
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policy. Indeed, the default scenario makes use of a large number of
values for each attribute, making the constraints on parameters difficult
to be satisfied, and thus limiting the number of valid sequences detected
even in presence of a multiple selection policy.

Length of sequences

Figure 6.6 shows how the performance changes with the number of states
in each sequence. In particular, Figure 6.6(a) shows the processing time
of our algorithms taken separately, while Figure 6.6(b) shows the speedup
of each algorithm w.r.t. AIP (the slowest one) under the same selection
policy.
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Figure 6.6: Length of Sequences

As in our default scenario, each event entering the engine is captured
by one and only one state of the rule (we increase the number of event
types with the length of sequences). Since we do not change the size
of windows, this results in lowering the number of events to process for
each state when the sequences grow. This explains why the average time
to process an event decreases when the length of sequences grows (see
Figure 6.6(a)). Looking at Figure 6.6(a) and comparing lines with the
same pattern (i.e., same algorithm), we notice that, as in the default
scenario, the difference when moving from the single to the multiple
selection policy is limited.
Figure 6.6(b) confirms the results of the default scenario: CDP per-

forms better than AIP but it is the usage of the GPU which provides
the biggest advantages. The figure also shows that the speedup of the
fastest algorithms (CDP on the CPU and GPU) w.r.t. to the slowest
one (AIP) does not change significantly with the length of sequences.
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Size of Windows

The size of windows is probably the most significant parameter when
considering the use of GPUs. Indeed, increasing the size of windows
increases the average number of events to be considered at each state.
While the CPU processes those events sequentially, the GPU uses dif-
ferent threads running in parallel. On the other hand, there is a fixed
cost to pay in using the GPU, i.e., to transfer data from the main to
the GPU memory and to activate a CUDA kernel. As a result, using
the GPU is convenient only when there is a significant number of events
to process at each state. Figure 6.7(a) summarizes this behavior: on
one hand, the cost of the algorithms running on the CPU grows with
the size of windows, as expected. On the other hand, the cost of the
CDP algorithm running on the GPU is initially constant at 0.017ms (it
is dominated by the fixed cost associated with the use of CUDA) and
it starts growing only when the number of available cores is not enough
to compute events entirely in parallel. This growing is faster under a
multiple selection policy, which uses more threads and produces more
composite events to be transferred back to the main memory. With our
default scenario, the smallest size of windows that determines an advan-
tage in using the GPU is 4000. With a sequence of 3 states this results
in considering 1333 events in each state, on average. This is an impor-
tant result, since it isolates one dimension to consider when deciding the
hardware architecture to adopt. If the CEP engine is used for applica-
tions whose rules need to store and process a small number of events for
each state then it is better to use a CPU, otherwise a GPU is the best
choice.
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Figure 6.7: Size of Windows

Looking at Figure 6.7(b) we observe that the speedup of CDP running
on the CPU w.r.t. AIP remains constant with the size of windows, while,
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as already noticed, the GPU performs better and better as the size of
windows grows. With a window of 250000 events and a multiple selection
policy the speedup offered by the GPU is close to 100x against AIP and
close to 35x against CDP. Similar values hold for the single selection
policy.

Number of values

Another factor that significantly influences the performance of our al-
gorithms is the number of primitive events filtered out by constraints
on parameters, which, in our workload, is determined by the number
of values allowed for each attribute. Figure 6.8(a) shows that, under a
multiple selection policy, a higher number of values results in lower pro-
cessing times. Indeed, when the number of values grows, less primitive
events satisfy the constraint on parameter $x of Rule R10, which results
in detecting less composite events. The GPU implementation is the one
that mostly benefits from this aspect, since it has to transfer less com-
posite events back to the main memory, through the (relatively) slow
PCI-e bus.
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Figure 6.8: Number of values

On the GPU, the same behavior is registered under a single selection
policy. The same is not true for AIP and CDP running on the CPU,
which exhibit constant processing times under a single selection policy.
Indeed, when there is no need to perform (slow) memory transfers, the
advantage of reducing the number of composite events detected is bal-
anced by the greater complexity in detecting them: with a few events
matching the rule constraints, more and more events have to be processed
before finding the one that fires the single detection. The speedup graph
(Figure 6.8(b)) confirms the considerations above. The GPU is more
influenced than the CPU by a change in the number of attribute values.
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Number of aggregates

Figure 6.9 shows how the number of aggregates that must be computed
for a rule influences the processing time. During our analysis we kept
fixed (to the value of 0.33, as in Rule R10) the probability for a primi-
tive event of being relevant for each aggregate, independently from the
number of aggregates defined in a rule. Figure 6.9(a) shows that, both
under single and multiple selection policies, increasing the number of ag-
gregates only marginally impacts performance. Indeed, in our scenario
few composite events are captured at each interval, and the computation
of aggregates is started only when a valid sequence is detected. The
greater cost of computing 0 vs. 3 aggregates in this few cases explains
why performance (marginally) degrade when the number of aggregates
to calculate grows.
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Figure 6.9: Number of aggregates

Figure 6.9(b) shows that the GPU implementation is more affected by
an increased number of aggregates: indeed, even if the GPU computes
the aggregates faster than the CPU, copying the primitive events to the
columns storing data for aggregates increases the number of memory
transfers from the main to the GPU memory, which we already noticed
being a bottleneck for CUDA.

Use of multi-threading

All previous tests considered a single rule, and consequently a single
thread of execution on the CPU. Here we study how performance changes
when multiple rules are deployed and a pool of threads is used to process
them in parallel. While some results on the use of multi-threading have
already been presented in Chapter 5, in this chapter we are considering a
different workload, including more complex rules. The values measured
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here become relevant for a direct comparison with the results obtained
by the GPU implementation.
During this analysis we are interested in capturing the (common) case

when a primitive event entering the engine is relevant for a subset only
of the deployed rules. Accordingly, we consider rules having the same
structure of Rule R10 but using different event types, in such a way that
each primitive event entering the engine is captured by 1/10 of the rules.
We will see how this choice impacts the performance on the GPU in the
next section, here we are interested in preliminarily studying the use of
multi-threading on a multi-core CPU.
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Figure 6.10: Use of multi-threading

In particular, Figure 6.10 shows the speedup of the multi-threaded
CPU algorithms w.r.t. the single-threaded case, when the number of
deployed rules grows. For the multi-threaded case we used a thread pool
whose size was experimentally determined to best match the number of
rules and the number of available cores (6 in our test system). Both
AIP and CDP take advantage from the use of multi-threading when the
number of rules increases: on our 6 cores CPU the maximum speedup we
could achieve is slightly below 2.5x. Notice that with a small number of
rules (below 10), the single-threaded implementation performs slightly
better than the multi-threaded one, due to the overhead in synchronizing
multiple threads.
We observe how these results are in line with what we measured in

Chapter 5, where we considered an even larger number of rules, but
usually involving a reduced number of processing events, and thus de-
manding less processing capabilities.
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Number of rules

After analyzing the influence of multi-threading we are ready to test the
behavior of our algorithms (running the faster, multi-threaded version
of code on the CPU), when the number of rules grows. Figure 6.11(a)
shows that the performance of all our algorithms increases linearly when
the number of rules to process grows (a linear function is a curve in a
logarithmic graph).
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Figure 6.11: Number of rules

More interesting is Figure 6.11(b), which compares the CDP algorithm
running on CPU and GPU w.r.t. the AIP algorithm. First of all we
notice that the speedup gained by using the GPU is lower than that
measured in our default scenario, even with a few rules. This behavior
can be explained by remembering that we moved from a scenario where
each primitive event entering the engine is relevant for the only rule
available, to a scenario in which the same events are relevant for only
1/10 of the rules. With a fixed size of windows and a growing number of
rules, this means that each rule captures much less primitive events than
in the default scenario, i.e., less events have to be stored and processed
for each rule. As we observed while analyzing the influence of the size of
windows on performance, this phenomenon advantages the CPU more
than the GPU. Moreover, the reduced processing complexity also reduces
the differences between the single and the multiple selection policy in all
algorithms, as shown both by Figure 6.11(a) and 6.11(b).
A second consideration that is evident looking at Figure 6.11(b) is the

quick drop of the GPU speedup when more than 10 rules are deployed
into the engine. This can be explained by remembering what we said in
Section 6.3.4: the giga byte of RAM available on our GPU is enough to
store the events relevant for at most 10 different rules. More rules require
the CDP algorithm implemented on the GPU to continuously move data
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from the main to the GPU memory. The impact of this operation is
evident: the speedup of the GPU significantly drops when moving from
10 to 20 rules, both under single and multiple selection policies.
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Figure 6.12: Number of rules (simple rules)

To better understand the actual limits of the CUDA architecture, we
repeated the experiment above by further decreasing the number of rules
influenced by each event and hence the number of events to consider
when processing each rule. In particular, we considered a scenario where
each primitive event entering the engine is captured by only 1/100 of the
available rules. To balance the effect of this change on the number of
composite events captured, we also reduced the number of possible val-
ues for each attribute to 1000. Finally, to consider the most challenging
case for the GPU, we let the number of deployed rules go from 20 (twice
those that may enter the GPU memory) to 250. Intuitively, this scenario
is challenging for CUDA because it uses a large number of “simple rules”,
i.e., rules that require few events to be processed at each terminator.
Figure 6.12 demonstrates that this is indeed a very tough scenario for
CUDA. Independently from the selection policy adopted, the CDP al-
gorithm running on the CPU outperforms the same algorithm running
on the GPU from 50 rules and above. This is not the first time we see
the CPU outperform the GPU in our tests. The same happened for a
single rule when we decreased the size of windows. Even in that case
the rule became “simple” as it involved few events. On the other hand,
in that scenario there was a bound: the size of windows cannot become
negative. Moreover, the (absolute) processing times were very small, so
the (relative) advantage of the CPU was not relevant, in practice. This is
not the case here. The number of rules may grow indefinitely, at least in
theory, and the more rules we have the better the CPU performs w.r.t.
the GPU, the longer are the (absolute) processing times. This means
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that the (relative) advantage of the CPU grows and becomes relevant
also in practical, absolute terms. We may conclude that handling a large
number of rules represents a real issue for CUDA.

Selectivity of aggregates

In all the tests so far, we used aggregates as values for the generated com-
plex events, but we did not use them to filter out sequences. We analyze
this case here, by changing the form of rules. In particular, we relaxed
the constraints on parameters and the size of windows to detect a large
number of valid sequences (we adopted a multiple selection policy), while
we used an aggregate to filter out part of them. This workload is chal-
lenging for the CDP algorithm running on the GPU. Indeed, detecting
valid sequences and evaluating aggregates for each of them are opera-
tions performed separately and in order by the GPU. As a consequence,
increasing the number of detected sequences also increases the amount
of (sequential) work to be performed. Moreover, each composite event
generated must be copied from the GPU to the CPU memory, introduc-
ing additional delay. To highlight this aspect, we changed the number
of sequences filtered out by the aggregate, thus changing the number of
events generated at the end of the process.
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Figure 6.13: Ratio of accepted composite events

Figure 6.13 shows the results we obtained. First of all we observe
how the increased complexity of the workload significantly increases the
processing time of all algorithms w.r.t. the default scenario. Secondly,
as we expected, this scenario is challenging for the GPU, which is still
performing better than the CPU (both AIP and CDP algorithms) but
with a smaller speedup w.r.t. the default scenario. On the other hand,
the fact that the GPU still performs better than the CPU is a sign that
the advantages it provides in reducing the processing time dominates
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the cost of transferring data around. Finally, we notice that the more
composite events are accepted (i.e., pass the filter of the aggregate) the
lower is the advantage in using the GPU as the cost of memory transfers
increases.

6.5 Conclusions

In this chapter, we studied how a CEP engine may take advantage of
modern GPUs to speed up processing. In particular, we considered some
of the most common operators offered by existing CEP engines, i.e., se-
quence detection, parameter evaluation, and aggregates computation.
We described in details how our CDP algorithm, introduced in Chap-
ter 5, can be implemented on the CUDA architecture for general purpose
programming on GPUs.
We analyzed the performance of our CUDA implementation using a

large number of workloads, and we compared it with our original T-
Rex engine, using both the AIP and the CDP algorithm, to identify the
aspects that make the use of each architecture more profitable. The
large number of processing cores offered by modern GPUs makes them
more suitable to process complex rules, storing and analyzing a huge
number of primitive events: during our analysis we registered speedup
of more than 40x on the average processing time required by a single
rule. However, the programming model and hardware implementation of
CUDA introduce an overhead that makes the use of GPUs inconvenient
when rules are very simple. Moreover, handling a large number of rules
represents a significant issue when using CUDA, since its programming
model forces a large number of memory copies, thus increasing processing
time.
In conclusion, considering the impressive speedups in managing com-

plex rules together with the limitations listed above, we believe that
GPUs should be used as co-processors, processing only part of the rules:
the most complex ones. Simple rules can be easily handled by the CPU,
making use of multi-core hardware if available.
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7.1 Introduction

As already mentioned in the previous chapters, event-based applications
usually involve a large number of distributed components, possibly dis-
persed over a wide geographical area. For this reason, beside implement-
ing efficient processing algorithms for the detection of composite events,
it becomes of primary importance for a complete CEP system to offer a
good deployment strategy.
The deployment strategy defines i. how the processing load is dis-

tributed over different nodes and ii. how these nodes interact and com-
municate with each other to produce the required results and to deliver
them to interested component.
The first aspect is often referred to as the operator placement problem:

given a network of processors and a set of processing rules, it tries to find
the best possible mapping of the operators defined in rules on available
processing resources. Depending from the application requirements, the
operator placement may pursue different goals, e.g., maximize the quality
of service by reducing the latency required to deliver notifications to
interested parties, or minimize the usage of network resources.
In the last few years, several works have addressed the operator place-

ment problem, offering different solutions [145]. The problem is known
to be extremely complex to solve, even for small instances with a re-
duced number of processors and rules. Accordingly, existing approaches
are often based on approximated optimization algorithms or heuristics;
moreover, they usually rely on a centralized decider, which collects all
the relevant information about the network status and locally computes
a solution for the problem. Only a few proposals have considered a de-
centralized algorithm for solving the operator placement [221]. Finally,
most operator placement algorithms are studied for clustered systems
(see Section 2.3.3), in which all processing nodes are colocated and well
connected [143, 144]: in this setting, the operator placement problem
essentially translates into a load balancing problem.
As mentioned, when considering a deployment strategy, operator place-

ment is only half of the problem: when the processing is split among
different nodes, it also becomes necessary to precisely define the proto-
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cols that govern the interaction among them, specifying how rules and
subscriptions are deployed, how primitive events are forwarded from the
sources to the processing nodes, and how composite events notifications
are finally delivered to interested sinks.
These issues are usually not considered in existing CEP systems: most

of them are based on a centralized deployment, in which all the processing
is performed on a single machine (e.g. [98, 48]). Even when distributed
processing is allowed, the communication among nodes often requires
manual configuration [123].
In this chapter, we present different processing strategies for the T-

Rex CEP system. Our solutions are explicitly tailored to large scale
distributed scenarios: they take into account the topology of the process-
ing network as well as the location of event sources and their generation
rates. Moreover, they do not rely on centralized deciders; on the contrary
the different processing nodes autonomously decide which parts of the
processing they have to execute locally and which parts can and should
be delegated to other nodes. All proposed deployment strategies have
been fully implemented as part of T-Rex, including the protocols needed
to organize processing nodes into an overlay network, to deploy rules and
subscriptions, and to deliver nodifications from sources to sinks.
We also show a preliminar evaluation and comparison of the processing

strategies implemented, using the Omnet++ network simulator [222].
Our analysis shows that our strategies for distributed processing bring
significant advantages in terms of network traffic w.r.t. a centralized
solution, in which a single processing node performs all the work to
combine primitive events and to deliver composite events to sinks. At
the same time, some of the proposed strategies also reduce the latency
required to deliver notifications to interested clients, often considered
one of the most important metric to evaluate a CEP system.
Finally, some of the proposed strategies also include mechanisms that

enable T-Rex to automatically adapt to the network traffic, and in par-
ticular to event generation rates. Despite being theoretically promising,
these mechanisms provide, at least in our simulations, only limited ben-
efits in terms of network traffic. On the other hand, we believe they
deserve more investigations, on a wider range of workloads. This should
allow to better isolate the cases in which they appear more suitable, thus
enabling their activation only in the specific cases that can significantly
benefit from their application.
The rest of the chapter is organized as follows: in Section 7.2 we

present how we model our processing network. In Section 7.3 we present
in details the deployment strategies we considered. In Section 7.4 we
evaluate such strategies. Finally in Section 7.5 we survey related work,
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providing some conclusive remarks in Section 7.6.

7.2 Network Model

Figure 7.1 shows the deployment architecture of T-Rex. As in previous
chapters, we consider a set of sources that observe and publish primitive
events and a set of sinks that express their interests in receiving both
primitive and composite events by subscribing to them.

T-Rex System

Sources Sinks

Rule managers

Processors

Figure 7.1: The deployment architecture of T-Rex

Differently from previous chapters, we now assume T-Rex to be in-
ternally built around different processors, connected together to form
an overlay network, which cooperate to detect and route events from
sources to sinks. Using the terminology introduced in Chapter 2, we are
considering a networked deployment model. Each external client (either
a source or a sink) is connected to the system through a link to a single
processor.
As usual, the processing is performed according to the set of TESLA

rules that rule managers deployed on the system.
As we will better show in Section 7.3, the deployment strategies that

we studied for T-Rex rely on the knowledge of the kind of events pro-
duced at each source. Accordingly, we ask sources to advertise the type
of events they will publish. This builds a contract between the sources
and the T-Rex system: only events whose type has been advertised can
be published; such contract is exploited by the T-Rex system to enable
distributed detection of composite events, as explained in Section 7.3. It
is worth mentioning that the use of advertisements has been first intro-
duced (and widely adopted) by publish-subscribe systems [223].
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7.3 Deployment Strategies

We now discuss in details the deployment strategies considered in this
work. For ease of exposition, we separately describe the main proto-
cols used as building blocks to define complete strategies: in particular
we show i. how nodes organize themselves into one or more processing
trees; ii. how advertisements and subscriptions are forwarded among
processing nodes; iii. how rules are recursively partitioned and dis-
tributed among available processing node; iv. how event notifications
are forwarded; v. how we can exploit traffic information to limit event
transmission.
For simplicity, the following discussion assumes that nodes cannot fail.

However, all the mechanisms described below can be extended to detect
and react to node failures.

7.3.1 Building Processing Trees

As said in Section 7.2 we consider different processors connected in an
overlay network. We do not impose any condition on the structure of
such an overlay: nodes can be connected in any way, forming a generic
graph.
However, to simplify the communication, our deployment strategies

organize nodes into one or more processing trees. More precisely, they
use a processing tree to collect primitive events from sources1 (the leaves)
and forward them to a processing node responsible for their analysis (the
root of the tree). The same tree is then used to distribute the results
of processing (i.e., composite events), following the reverse paths, from
the root down to the leaves. For simplicity, in the following discussion
we assume sinks to be interested only in composite events; subscriptions
to primitive events are easily handled using well known protocols for
content-based routing (see for example [28, 224]).
As we will better show in the following sections, our strategies define

mechanisms for distributed processing: although event notifications may
potentially need to be forwarded until they reach the root of a processing
tree, they are already filtered and (partially) processed at intermediate
nodes, thus reducing the amount of information that flows along the tree,
as well as the processing load at the root node.
Since we want to reduce the latency required to collect information

from sources and to deliver results to sinks, we build Shortest Path Trees,

1For simplicity we forget about sinks and sources to focus on the overlay network of
processors; for this reason in the following we use the term sink (resp. source) to
indicate the processor a sink (resp. source) is connected to.
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using the link delay as a cost metric. In particular, the creation of a tree
rooted at a processor P is always started by P itself. It sends a special
message CreateTreeP to all its neighbors. When a node N receives such
a message it behaves as follows.

• If N receives the message for the first time, it marks the sender S
as its father in the tree rooted in P ; it sends an ACK message to S
and forwards the message to all its neighbors except S.

• If N already received the message, it sends a NACK message to the
sender S.

When a node N receives an ACK, it marks the sender as its child for
the tree rooted in P . N obtains a complete knowledge about its children
in the tree as soon as it receives an ACK or NACK message from all its
neighbors.
This protocol allows all nodes to obtain local knowledge about a tree,

i.e., their father and the set of their children.

7.3.2 Single Tree vs. Multiple Trees

In our analysis we consider two classes of deployment strategies. The
first one organizes all the nodes into a single processing tree: in this
class of solutions one node C is elected as a sort of center of the network.
All events move from sources to C going up along its tree. As mentioned,
while moving along this path, events are filtered and (partially) processed
according to the TESLA rules deployed on the system. When they arrive
to C the processing is complete and the corresponding composite events
are generated. They are delivered to interested sinks by flowing back
down the tree.
The second class of strategies, instead, creates one tree for each sink.

In this class of solutions primitive events flow from the sources along
different trees. More precisely, if a sink S is interested in a composite
event ce, all primitive events that contribute to the generation of ce move
from their sources up along the tree of S. The same happens for all sinks
interested in ce.
Processing is performed as in the previous case: as primitive events

move toward the root of a tree, they are combined to generate composite
ones. However in this case the root of the tree always coincides with
an interested sink (and there is a separate tree for each interested sink).
Therefore, when a composite event reaches the root of the tree, there
is no need to further distribute it. On the one hand, this removes the
need for spreading composite events once they have been detected. On
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the other hand, this class of solutions potentially duplicates primitive
events, by forwarding them over multiple trees.
To better understand the differences between the two classes of strate-

gies consider Figure 7.2. It represents a sample overlay network with 7
processors. Now assume a single TESLA rule has been deployed in the
system, which processes Smoke (S) and Temp (T) events to detect possi-
ble occurrences of Fire. There is a single source of Smoke, connected to
processor 7, and a single source of Temp, connected to processor 6, while
there are two sinks interested in Fire, one connected to node 1, and one
connected to node 5.
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(a) Single Tree
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(b) Multiple Trees

Figure 7.2: Single Tree vs. Multiple Trees

An example of single tree strategy is shown in Figure 7.2(a), where
node 2 is chosen as the root of the tree. Temp and Smoke events flow
from their sources up to node 2. Here they are combined to detect Fire;
finally, Fire notifications are delivered from node 2 to the sinks (node 1
and node 5).
The adoption of a multiple tree strategy is shown in Figure 7.2(b).

One tree is built for each sink interested in Fire (i.e., node 1 and node
5). Sources forward events along both trees: for example node 6 sends
Temp events to 5 using the path 6-4-2-5, and to node 1 using the path
6-4-2-1. Since the first three nodes share a common sub-path (i.e., the
first three nodes), a single copy of each event notification is actually de-
livered along this sub-path. To do so, we adopt a special header field for
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event notifications, which stores the set of trees an event has to traverse.
Similarly, source 7 delivers Smoke notifications both to processor 1 and
to processor 5. Notice how in this case there are no Fire events flowing
the network, since they are autonomously detected at each sink.
As we said, the adoption of single or multiple processing trees defines

two classes of solutions. Indeed, other aspects have to be considered
as well to completely identify a solution, and in particular i. where
the different processing steps required to generate composite events take
place (e.g., only in the root, or also inside intermediate nodes), and ii.
how the different processors interact with each other (e.g., using a push
or a pull approach).

7.3.3 Forwarding of Advertisements

As we said in Section 7.2, we require external sources to send Advertisement
messages to notify the T-Rex system about the set of event types they
will publish. Depending from the class of deployment strategy adopted,
advertisements are forwarded along a single tree, or along multiple trees.
For simplicity, we show how advertisements are forwarded on a single

processing tree, since the same procedure is applied for each tree in the
case more than one is defined.
Advertisements are forwarded from sources up to the root of the tree.

Each node saves all the event types contained in the advertisements
coming from its descendants in an advertisement table (one for each
defined tree). In Figure 7.3 we show the advertisement table of processor
2 after it has been filled (we denote the set of message types advertised
by processor x as types(x)). Processor 1 is the root of the tree.

1 2

3 6

5

4

7

5 types(5) ∪ types(7)
4 types(4) ∪ types(6)
2 types(2)

Event TypesProcessor
Advertisement Table

Figure 7.3: Forwarding of advertisements
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7.3.4 Forwarding of Subscriptions

Subscriptions are forwarded as advertisements: they move from the sinks
up the the root of each processing tree. As in the case of advertisements,
they are combined at each step and stored in a local subscription table
(one ofr each tree) at each node.
Subscriptions are then used to forward (composite) event notifications

along the opposite path, from the root down to the leaves of the tree.
When receiving an event notification, each node computes the set of
children it has to be delivered to, by executing a content-based matching
algorithm.
Notice, however, that this process is necessary only when a single tree

strategy is adopted. On the contrary, multiple trees strategies do not re-
quire subscriptions to be forwarded, since each sink becomes responsible
for producing all the composite events required by its local client.

7.3.5 Rule Deployment

As shown in the previous sections, processing is performed along trees:
primitive events are forwarded from the sources up to the root, and they
are filtered and processed at each step. To do so, rules are installed
in the root, and then recursively partitioned into simpler derived rules
while moving toward the sources. The partitioning algorithm exploits the
information stored in the advertisement tables of each node, to process
(and filter out, if necessary) event notifications as near as possible to
sources.
In the case of a single tree strategy, the deployed rules are forwarded

to the root of the single tree, which is responsible for partitioning them
and distributing the resulting “derived rules”.
On the contrary, in the case of a multiple trees strategies, rules are

accessible by each processor in the overlay network: they are actually
stored at one or more nodes, but all nodes in the network can download
them on demand.
When a sink S issues a subscription for composite events of type c, the

processor S is connected to becomes in charge of detecting c; accordingly
it considers all the rules that generate events of type c (asking them to
the nodes storing them, if needed), and partitions and distributes them
along its own processing tree.

Partitioning TESLA rules

We now show how TESLA rules are partitioned. As we have seen in
Chapter 3, TESLA is an expressive language, which provides operators
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to express complex temporal patterns, including negations, parameters,
and aggregates. These features make the partitioning algorithm rela-
tively complex. For the sake of clarity, we prefer to present it through
examples, to better show the reasons behind the different cases. The in-
terested reader can download the code implementing our strategies from
http://home.elet.polimi.it/margara.
As a first example consider the following Rule R11 and the processing

tree shown in Figure 7.4.

Rule R11
define CompEvent()
from A() and last B() within 5 min. from A

and last C() within 5 min. from B
and last D() within 5 min. from C
and last E() within 5 min. from D

1

2

3 4 5

A, B C, E D

Figure 7.4: Rule Deployment: an Example

In Figure 7.4, processor 1 is the root of the processing tree, and there
are three sources: node 3 produces primitive events of kind A and B; node
4 produces events of kind C and E; finally, node 5 produces events of kind
D. This information is stored in the advertisement table of node 2; since
advertisements are combined at each level of the tree, node 1 has a single
entry in its advertisement table, stating that all kinds of events (A, B, C,
D, and E) come from node 2.
In this example, the partitioning of Rule R11 is performed as follows:

by looking at its advertisement table, node 1 observes that node 2 has all
the information needed to correctly process the entire rule R11. Accord-
ingly, it does not partition it, but sends the complete rule to processor
2, thus delegating the entire processing to it, including the generation of
derived composite events.
Node 2 looks at the advertisements coming from its children: none

of them produces all the events required to process the complete Rule
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R11. Accordingly, node 2 remains the responsible for producing com-
posite events: it splits Rule R11 into derived rules, and forwards them
to processor 3, 4, and 5.
Derived rules simply contain the pattern of events to be detected (as

usually specified in the From clause of TESLA rules), but they do not
specify a composite event to be generated. They are only used to limit
as much as possible the number of event notifications that are forwarded
up along the processing tree. When a node N , responsible for processing
a derived rule R′, receives a set of primitive events PE that satisfy the
pattern expressed into R′, it simply forwards all event notifications in
PE to its father.
Consider for example processor 3: its local clients produce all events

of kind A and B. To correctly process Rule R11, node 2 does not need
to receive all the events of kind A and B produced, but only notifications
of A events preceeded by a B event in the previous 5 minutes; moreover,
since the last-within operator is used, only the last B event before each
A is relevant.
Accordingly, processor 2 creates the following derived rule, and delivers

it to processor 3.

A() and last B() within 5 min. from A

Similarly, node 2 does not need to receive all events of kind C, but only
those preceeded by an event of kind E. Accordingly, it creates and sends
the following sub-rule to processor 4.

C() and each E() within 10 min. from C

Notice that C and E are not contiguous elements in the sequence de-
fined by Rule R11, but they are separated by event D (which is not
produced by the sources of processor 4). Accordingly, the derived rule
considers a timing constraints that sums the time limits between C and
D together with the time limit between D and E. Similarly, with its local
knowledge, processor 4 cannot apply optimizations derived from the use
of a single selection policy: therefore, the derived rule is defined using
the each-within operator.
Finally, processor 5 receives a simple derived rule that asks the for-

warding of all events of type D. In our example we only considered event
types: however, all the constraints on the content of events expressed in
rules are exploited to provide a more fine-grained partitioning of rules.
The procedure described here is applied recursively: derived rules are

themselves split into other derived rules, until all sources have been
reached.
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Handling Events from Multiple Sources

To better understand how the partitioning of rules is performed, consider
again Rule R11, now with the processing tree represented in Figure 7.5.

1

2 3

C, D, EA, B, C

Figure 7.5: Rule Deployment: Events from Multiple Sources

At a first sight, it may be tempting to split Rule R11 into two derived
rules, one involving A, B, and C (for processor 2), and one involving C,
D, and E (for processor 3). However, neither processor 2, nor processor
3 receive all events of type C and thus may produce wrong results if
they consider C during processing. It is processor 1 that is responsible
for combining events of type C with the others. More in general, the
detection of a certain type t of events may be delegated, from the father
to a child in the processing tree, only when the child is the only one that
advertises the event type t.
Accordingly, in the situation shown in Figure 7.5, Rule R11 is split

into three derived rules.

The first one involves events A and B and is forwarded to processor 2:

A() and last B() within 5 min. from D

The second one involves events D and E and is forwarded to processor 3:

D() and last E() within 5 min. from D

The last one involves events of type C and is forwarded both to processor
2 and to processor 3:

C()

Handling Parameters

As we have seen in Chapter 3, TESLA rules may include parameters
that bind the content of different primitive events. While partitioning
a rule, if a parameter p involves only events that are captured by a
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derived rule d, than p is added to d. Otherwise, if p involves events from
different derived rules, it cannot be attached to any of them; in this case
parameter p is checked at a higher node of the processing tree, where all
involved primitive events are received.
Consider for example Rule R12 below and the two processing trees in

Figure 7.6.

Rule R12
define CompEvent()
from A(v=$x) and last B(v=$x) within 5 min. from A

and last C() within 5 min. from B

1

2 3

CA, B

(a)

1

2 3

B, CA

(b)

Figure 7.6: Handling Parameters

In Figure 7.6(a), both events of type A and B come from the same node
2. In this case the parameter can be added to the derived rule sent to
processor 2, which becomes:

A(v=$x) and last B(v=$x) within 5 min. from A

On the contrary, in the situation shown in Figure 7.6(b), events of
type A come from node 2, while events of type B comes from node 3.
Accordingly, the derived rule sent to processor 2 (i.e., A()) does not
contain any reference to the parameter, and the same applies to the
derived rule sent to processor 3:

B() and last C() within 5 min. from B

Node 1 remains responsible for detecting th complete Rule R12 and
for checking the values of attribute v in events A and B.
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Handling Negations

Similarly to parameters, negations can be attached to derived rules only
if they include all the primitive events used to specify their time bound.
Consider for example the following Rule R13 and the two processing

trees in Figure 7.7.

Rule R13
define CompEvent()
from A() and last B() within 5 min. from A

and last C() within 5 min. from B
and not D() between C and B

1

2 3

B, C, DA

(a)

1

2 3

C, DA, B

(b)

Figure 7.7: Handling Negations

In Figure 7.7(a) both events B and C come from the same node as
the negated event D. Accordingly, we can include the negation inside the
derived rule delivered to processor 3, which becomes:

B() and last C() within 5 min. from B
and not D() between C and B

On the contrary, in Figure 7.7(b), events of type B are detected by
processor 2. In this case the negation cannot be included as part of the
derived rule for processor 3. All events of type D have to be delivered to
node 1, which is responsible for processing the negation.
Accordingly, node 2 receives the following derived rule:

A() and last B() within 5 min. from B

while node 3 receives two different derived rules, one for events of type
C (derived rule C()), and one for events of type D (derived rule D()).
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Computing Aggregates

In the deployment strategies described in this work, all the aggregates
of a rule R are always computed by the node responsible for generating
composite events for R.
In the case of rules involving complex aggregates over large volumes of

data, it would be possible to modify this behavior by including special
messages between processors that deliver the (partial) results of aggre-
gates. We plan to explore this aspect in the near future. However, as we
have seen in Chapter 5, processing usually does not introduce a signifi-
cant delay. Furthermore, as explained in Section 6, processing of complex
rules can take advantage of GPUs, if available, to further reduce such
delay. In any case, the time to compute aggregates remains negligible
when compared with the time required to forward information on a wide
area network. Accordingly, we do not expect to receive significant ad-
vantages in terms of delay from the definition of incremental aggregate
evaluation. On the other hand, performing aggregation in-network, as
primitive events flow from the sources to the root of the processing tree
may contribute to reduce the number of notifications to forward, and
thus to limit the usage of network resources.

7.3.6 Forwarding of Events

As mentioned, primitive events are forwarded from the sources up along
the processing trees. In the case of multiple trees strategy, event notifi-
cations are labeled with the set st of trees they are relevant for.
When a processor p receives a primitive event e, it reads the set st;

for each tree t in st, p extracts the set of rules (and derived rules) de-
ployed, and uses them to process e. All produced results (either com-
posite events, in the case of complete rules, or primitive events, in the
case of derived rules) are delivered to the father of p in tree t.
Given the results shown in Chapter 5 and Chapter 6, we adopt our

Column-Based Delayed (CDP) algorithm to process events at each node.
As we will see in Section 7.4, the adoption of CDP also limits the memory
usage of the different nodes, allowing us to simulate larger networks.
As a final remark, notice that different derived rules may be deployed

on a single processor p, all regarding the same tree t. In this case, it
becomes possible for a primitive event to be produced as a result of the
processing algorithm more than once, also at different time instants. To
avoid duplicate transmissions, each processor keeps a history of already
forwarded events for each tree it participates in. The size of this history is
dynamically computed depending from the timing constraints expressed
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in rules, which in turn determine the maximum period of time in which
events are kept in columns for processing.

7.3.7 Push vs. Pull-Based Forwarding

1

2 3

TS

Figure 7.8: Limitations of the Push-Based Forwarding

Consider now the processing tree shown in Figure 7.8. Processor 1
is responsible for detecting Fire starting from Temp (T) and Smoke (S),
using Rule R3, defined in Chapter 5 and reported here for simplicity.

Rule R3
define Fire(area: string, measuredTemp: double)
from Smoke(area=$a) and

each Temp(area=$a and value>45)
within 5 min. from Smoke

where area=Smoke.area and measuredTemp=Temp.value

Smoke events are produced by processor 2, while Temp event are pro-
duced by processor 3. In certain areas it may be common to receive a
large number of event notifications about high temperature, while Smoke
notifications are much less frequent. Since processor 1 can produce Fire
only when it receives both Smoke and Temp, the vast majority of events
delivered by node 3 are simply discarded; forwarding them to processor
1 only wastes network resources.
Starting from these considerations we introduced in our deployment

strategies the concept of pull-based forwarding as opposed to the more
common push-based approach. In particular, every derived rule has an
associated mode which can be either push or pull. A push derived rule
requires the processor receiving it to promptly send all matching sets
of primitive events up to its parent; on the contrary a pull derived rule
requires the processor to store matching sets of events until the parent
explicitly asks for them. So, in the example of Figure 7.8, processor 1
could decide to send the derived rule for events of type T in pull mode,
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and to ask for the delivery of stored events only after receiving events of
type S from processor 2.
More specifically, the protocols used to decide the mode associated

to derived rules and to ask for stored messages (in case of pull derived
rules) work as follows. When a processor P receives a rule r, it processes
and partitions it as explained above. Among the derived rules generated
starting from r, one is selected as the master rule, while all the others
are considered slave. The mode associated to the master is push, while
slave derived rules have a pull mode. When processor P receives a set
of events that satisfy the pattern expressed in the master, it sends an
Awakening message to all children processing slave derived rules. When
receiving this message, a child processor C, processing the slave sub rule
r′, starts sending all events matching the pattern expressed in r′ to the
parent.
Consider again our example: assume that node 1 chooses the derived

rule about Smoke as master derived rule for Rule R3. When it receives a
Smoke notification, it sends an Awakening message to node 3. Node 3 has
a pull derived rule regarding the detection of Temp notifications: when
it detects a high temperature, it stores the corresponding notification in
a buffer, where it remains for the next 5 minutes (the timing constraints
expressed in Rule R3; after this time limit Temp events have no chance to
be relevant for the rule). When it receives an Awakening message Rule
R3 sends all the event notifications stored (if any) to node 1, followed
by a special End message, to notify that all events have been delivered.
After receiving the End message node 1 starts processing. In this case we
say that the Awakening opens a past window of 5 minutes for the slave
rule.
The way slave derived rules are processed depends from the position

of the primitive events they have to detect inside the pattern specified
in the original rule. As another example consider again Figure 7.8, but
now assume that the derived rule about Temp is elected as a master. In
this case, node 2 does not have to store any Smoke notification; on the
contrary, it can discard all of them. When node 2 receives a Awakening
message from node 1 (meaning that a Temp notification has been de-
tected) it starts sending all Smoke events it detects in the following 5
minutes. In this case we say that the Awakening opens a future window
of 5 minutes for the slave rule.
In the most general case, with TESLA rules that define more than

one sequence, an Awakening can open both a past window and a future
window.
It is worth mentioning that not all rules can be elected as master:

an example is represented by rules used only to deliver events required
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to compute negations (as the rule regarding events of type D in Fig-
ure 7.7(b)). Indeed, they attract notifications about events that should
not occur; as such, they cannot guide the detection of patterns.
Finally, in all those cases in which there are parameters that involve

events defined in the master rule and events defined in a slave rule, the
Awakening message asks only for events having the right value for the
shared parameters (which are added to the Awakening message), thus
further reducing the network traffic.
In our previous example, if the derived rule about Smoke is selected as

master, and a Smoke event is detected from an area A, this area is stored
inside the Awakening message sent to node 3, so that only stored Temp
coming from area A are forwarded.

7.3.8 Adaptive Selection of Masters

The right choice for the master vs. slave derived rules may strongly
influence the performance of our protocol. Indeed, if events satisfying
the master rule are received sporadically, then fewer requests are sent
to children holding slave rules, which may drop several events locally
(i.e., those exiting the window) resulting in less network traffic. On the
contrary a master rule that continuously receives notifications eliminates
the benefit of the pull-based approach. To address this issue, our protocol
monitors traffic flowing in the network and let each processor adapt its
choice of master rules to the traffic monitored in the previous time frame.
More specifically each processor B stores, for each rule r it is respon-

sible for, the number n of events it received in a given amount of time
t from each derived rule r′ originating from r. Periodically, B computes
the generation rate of each derived rule r′, gr(r′) = n/t, and uses it to
update its decision about the master derived rule, by choosing the rule
with the lowest generation rate.
In presence of multiple derived rules deployed, the selection of an ap-

propriate master becomes more complex. Indeed, it is possible for a
primitive event pe to participate into more than one derived rule. If at
least one of this rules is selected as master, notifications about pe will be
received in push mode. Accordingly, when multiple rules are deployed,
we do not only consider the generation rate of rules, but also the number
of primitive events that are already received in push mode since they are
covered by other rules.
Notice how also this protocol allows nodes to take decisions au-

tonomously. Selection of master and slave rules is a local decision that
each node takes solely on the base of the traffic information it collected
during processing.
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In summary, the mechanism combining push and pull-based forward-
ing, coupled with this adaptive mechanism in the choice of which part
of a rule to manage as push and which to treat as pull, results in the
ability for our protocol to optimize composite event detection to the ac-
tual traffic, minimizing the number of event nofifications that need to be
forwarded to correctly detect

7.4 Evaluation

We implemented all the protocols described in Section 7.3 in T-Rex.
While in the near future we plan to test them on a real distributed set-
ting, possibly adopting workloads coming from existing applications, we
have currently tested them using the Omnet++ network simulator [222].
This allows to obtain a preliminary comparison of their performance un-
der very different scenarios, while also checking their correctness under
a well controlled environment. Notice that, despite the network layer,
responsible for the communication between nodes, was simulated, all
nodes run the complete code of T-Rex, including the marshalling and
unmarshalling of packets, the CDP algorithm to detect composite events
starting from primitive ones, and the matching algorithm to select the
sinks each event notification has to be delivered to.
The use of a simulated environment enables a high level of control

and replicability. At the same time, the choice of running the complete
code of T-Rex at each simulated node allows a faster check of our im-
plementation. On the other hand, the sum of these two choices poses
some limitations on the complexity of considered scenarios. We were
able to simulate networks with up to 50 processing nodes; however, we
had to reduce the number of deployed rules and the event generations
rates. Indeed, all nodes were executed on a single machine, sharing a
limited amount of available memory (8Gb). Despite T-Rex consumes a
relatively small amount of memory, Ram easily becomes the bottleneck
when introducing tens of nodes.
It is worth mentioning that the processing time measured during our

tests are not influenced by the simulated environment. Indeed, Om-
net++ is a discrete event simulator, in which only a single node is actu-
ally executed at each point in time, with access to the whole resources
of the hosting machine, an AMD Phenom II, with 6 cores running at
2.8GHz.
We studied four different strategies. The first one is denoted as

Distributed (ST) in the following graphs. It makes use of a single
processing tree (thus the name ST), and uses the protocol described in
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Section 7.3 to split deployed rules and to realize a distributed detection
of composite events. The second one is denoted Distributed (MT); it
performs distributed detection exploiting multiple processing trees. The
third and the fourth ones (Push-Pull (ST) and Push-Pull (MT) adopt
the hybrid push-pull forwarding between nodes, splitting each rule into
master derived rules and slave ones, and executing an adaptive selec-
tion of master, according to network traffic. The only difference among
them is that the former exploits a single processing tree, whereas the
latter exploits multiple processing trees. As a term of comparison we
implemented a Centralized strategy, in which all event notifications are
delivered to a single node C (using the minimum path from the source
to C), which performs all the processing, extracts composite events, and
delivers them to all interested sinks.

Default scenario

As also done in Chapter 4, Chapter 5, and Chapter 6, to perform our
tests we defined a default scenario, and then we changed a number of
parameters to explore their influence on the results we measured.
Our default scenario includes 20 processing nodes, each one connected

with 5 other nodes, on the average. The topology has been generated
using the Brite [225] topology generator, with an average link delay of
5ms. Sources produce 120 different types of primitive events. This means
that the set of sources connected to each processor produces on the
average 6 different types of event notifications. Each type of event has
the same probability of being produced, and the generation rates vary
between 1 notification every 1000 seconds and 10 notifications per second,
with exponential distribution. We deploy 100 TESLA rules, each one
including a sequence of 3 events with time windows of 1 minute, on the
average. Each rule produces a different type of composite events, and
the set of sinks connected with each processor is interested in 10 of them,
on the average.
Despite its simplicity, this scenario allows us to cover almost all the

aspects defined in our protocols, including the algorithms for recursive
partitioning of rules and distributed detection of composite events.
To increase the traffic of events flowing in the network, we decided

not to include filtering of primitive events based on their content. This
means that in our default scenario rules only filter primitive events on
the basis of their types. In the following, we will separately investigate
how the use of content-based filtering impact on performace, showing
how it strongly advantages our strategies, which are capable of pushing
event filtering near to the sources, w.r.t. a centralized solution.
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Before running the actual tests phase, we execute a configuration
phase, in which all nodes run the protocols to build the overlay network,
and all rules and subscriptions are deployed. 30 seconds after sources
begin publishing primitive events, we start monitoring the behavior of
the system and we keep measuring until the most rare event has been
published at least 100 times. With some type of events being published
every 1000 seconds, this means that our tests span more than 24 hours of
(simulated) time. We repeated all measure 10 times; the 95% confidence
interval we computed was always below 1% of the measured value.
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Figure 7.9: Default Scenario

Figure 7.9 shows the results we measured in the default scenario. In
particular, Figure 7.9(a) shows the delay for obtaining results, while
Figure 7.9(b) shows the overall traffic generated by the T-Rex system.
We computed the delay for obtaining results as the difference between

the time in which a sink receives a composite event e, and the time in
which e occurs (i.e., the time in which the last primitive event necessary
for its detection occurs). Since we are working in a simulated environ-
ment, we can measure this time without incurring in synchronization
errors between nodes.
If we look at Figure 7.9(a), we first observe a significant difference

between the strategies that make use of a single tree (i.e., Centralized,
Distributed (ST), and Push-Pull (ST)), and the strategies that adopt
multiple processing trees (i.e., Distributed (MT), and Push-Pull (MT)),
with the second class showing lower delays. Indeed, strategies based on
multiple trees duplicate the processing required for the detection of a
composite event e, exploiting the trees of all sink interested in e. This
removes the need for delivering composite event notifications after pro-
cessing, thus eliminating the time needed for this phase.
If we compare the strategies that adopt a single tree, we observe that
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Centralized and Distributed (ST) behave almost identically, while
Push-Pull (ST) exhibits a slightly higher delay. This was expected,
since pull notifications are not delivered immediately, but only when
explicitly asked. The same holds when multiple processing trees are
adopted: Push-Pull (MT) shows higher delay w.r.t. Distributed (MT).
If we look at the network traffic (Figure 7.9(b)), we immediately ob-

serve that the Centralized strategy generates significantly more traffic
than the other strategies. This means that, in our default scenario, the
in-network filtering mechanisms introduced by distributed processing of
events allows nodes located near sources to discard a large number of
primitive events.
As we said, in our default scenario we are not performing any kind of

content-based filtering of primitive events: accordingly, the results shown
in Figure 7.9(b) derive uniquely from the time-based filtering of events
that do not contribute to valid sequences in the specified time windows.
In the following, we will analyze how results change both when content-
based filtering is added and when the size of windows is modified.
If we compare the four strategies that perform a distributed processing

of events, we observe how those that make use of multiple processing trees
generate more traffic. On the one hand, using multiple processing trees
means that primitive events have to flow across different paths, thus
producing more traffic. On the other hand, using multiple processing
trees removes the need to forward composite events after their detection.
The results shown in Figure 7.9(b) demonstrates that in our default
scenario the cost of moving primitive events overcomes the benefits of
removing the forwarding of composite events.
Finally, if we compare the Push-Pull and the Distributed strategies,

we measure a very small benefit of the first ones w.r.t. the second ones.
This means that in our default scenario the benefits of introducing pull
notifications is marginal.

Number of composite events

Figure 7.10 shows how results change when increasing the number of
composite events, and hence the number of deployed TESLA rules. In-
terestingly, the delay perceived by sinks (Figure 7.10(a)) does not change
significantly.
When the number of rules increases, so does the complexity of pro-

cessing. However, the increased processing time does not impact on the
average delay. This is in line with our analysis of T-Rex in Chapter 5:
processing times are in the order of tens of microseconds and are there-
fore dominated by communication delays.

227



7 Distributed Event Processing

 0

 10

 20

 30

 40

 50

 60

 20  40  60  80  100  120  140  160  180  200

Av
er

ag
e 

de
la

y 
(m

s)

Number of Composite Events

Centralized
Distributed (ST)
Distributed (MT)

Push-Pull (ST)
Push-Pull (MT)

(a) Average Delay (ms)

 0

 5

 10

 15

 20

 25

 20  40  60  80  100  120  140  160  180  200

N
et

w
or

k 
tra

ffi
c 

(K
B/

s)

Number of Composite Events

Centralized
Distributed (ST)
Distributed (MT)

Push-Pull (ST)
Push-Pull (MT)

(b) Average Traffic per Second (KB/s)

Figure 7.10: Number of Composite Events

On the contrary, by looking at the overall traffic generated by T-Rex
(Figure 7.10(b)), we notice that it increases with the number of deployed
rules: indeed, primitive events are captured by a larger number of rules,
and hence they have a higher probability of being moved from node to
node for processing.
Interestingly, the number of deployed rules does not alter the differ-

ences among the strategies under analysis, with single tree strategies
showing a reduced network traffic.

Number of subscriptions
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Figure 7.11: Number of Subscription per Node

Figure 7.11 shows how results change with the number of subscriptions
issued by the sinks connected to each processing node. The number of
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subscription does not influence the number of composite events gener-
ated, while it determines where composite events have to be forwarded.
Moreover, it also influences the strategies involving multiple processing
trees, since a higher number of sinks subscribing to a composite event e
increases the number of processing tree used to detect e.
If we consider the delay perceived by sinks (Figure 7.11(a)), we ob-

serve that the results measured are not influenced by the number of
subscriptions. This means that a larger number of interested sinks for
each produced event (and an increased number of processing trees, for
MT strategies) do not significantly impact on the delay, which is domi-
nated by the latency of network links, as already observed in the previous
section.
On the other hand, as expected, the network traffic increases with the

number of subscriptions (Figure 7.11(b)). It is interesting to note how
strategies adopting multiple processing trees perform better than strate-
gies based on a single tree when the number of subscriptions is low (below
5 subscriptions per node). This can be easily explained by remembering
that the main advantage of MT strategies is that they do not need to
forward composite event notifications; at the same time they introduce
an additional cost for moving primitive events over different trees. When
the number of subscriptions is low, so is the number of processing trees
adopted: accordingly the advantages of MT strategies come at a small
cost. On the other hand, when the number of subscriptions increases,
so does the number of processing nodes. Accordingly, with more than
5 subscriptions per node, the strategies based on a single tree become
more convenient in terms of generated traffic.
Finally, we observe how a large number of subscriptions negatively in-

fluences the Push-Pull (MT) strategy. With a large number of different
processing trees, the pull mechanism does not produce benefits: in the
communication between two processors, primitive events asked in pull
mode for a tree may indeed be necessarily forwarded in push mode for
another tree, thus preventing traffic optimizations.

Selection policy

In our default scenario all sequences were defined using a single selec-
tion policy, and more precisely using the last-within operator. We
now investigate how results change when introducing a percentage of
each-within operators (up to 30%) inside rules.
Results are shown in Figure 7.12. As in previous sections, the average

delay registered by the sinks remains constant (Figure 7.12(a)). Once
again, the differences in processing times are dominated by the latencies
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Figure 7.12: Selection Policy

of network links.
When considering the network traffic (Figure 7.12(b)), the adopted

selection policy contributes in two ways: on the one hand, our recursive
partitioning of rules becomes more efficient when it can exploit the pres-
ence of a single selection policy to reduce the number of primitive events
to forward from processor to processor; on the other hand, a multiple se-
lection policy produces a larger number of composite events, which need
to be forwarded to interested sinks.
By analyzing the results we obtained in Figure 7.12(b), we can con-

clude that the first aspect has only a marginal impact. This can be de-
duced by observing the network traffic generated by MT strategies, which
do not need to forward composite events after detection. Moving from
0 to 30% of each-within operators only produces a limited increase in
network traffic.
On the other hand, strategies that make use of a single processing

tree (i.e., Centralized, Distributed (ST), and Push-Pull (ST)) sig-
nificantly increase the network traffic when a multiple selection policy is
adopted. As expected, MT strategies become more and more convenient
when the ratio between composite events and primitive events increases,
i.e., when a multiple selection policy is adopted.

Size of windows

Figure 7.13 shows the performance of the different deployment strategies
when changing the size of the time windows used inside rules, moving
from 30 to 120 seconds.
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Figure 7.13: Size of Windows

As in previous sections, the average delay observed by sinks (Fig-
ure 7.13(a)) does not change significantly. On the other hand, the size
of windows has a visible impact on the generated network traffic. More
in particular, as expected, all strategies exhibit higher traffic with larger
windows; indeed, larger windows increase the number of primitive events
participating in valid sequences, and hence the number of composite
events generated.
Although it is not evident from the graph, if we compare the

Distributed and Push-Pull strategies adopting a single processing tree
w.r.t. the Centralized strategy, we observe that the differences in terms
of traffic slightly decrease with the size of the windows. Indeed, larger
windows reduce the possibility to filter out primitive events before they
reach the root of the processing tree. On the contrary, when considering
strategies using multiple processing trees w.r.t. the Centralized strat-
egy, we measure larger differences with larger time windows. Indeed, the
larger the windows, the higher the number of generated composite events:
as already seen in previous sections, this advantages MT strategies, which
do not need to forward composite events after they are detected.
A final observation regards the use of pull notifications. They appear

to be more efficient with small windows, when the number of primitive
events flowing the network is reduced.

Filtering of primitive events

As mentioned in previous sections, our default scenario does not include
any kind of content-based filtering of events. In this section we inves-
tigate how results change when the value of event attributes is used to
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Figure 7.14: Filtering of Primitive Events

filter out primitive events.
When considering distributed processing of rules (as in the

Distributed and Push-Pull deployment strategies), this operation can
be performed directly in the first node that processes a primitive event,
thus reducing the number of events that flow the network w.r.t. the
Centralized approach. We consider this analysis extremely important,
since we expect real applications to make wide use of the selection of
primitive event based on their content while defining their rules.
In the tests presented in Figure 7.14, each rule only selects primitive

events that present a specific value for a given attribute. In our simu-
lations we change the number of values that each attribute can assume,
moving it from 1 to 10. A value of 1 means that all events are accepted
for creating valid sequences (as in previous sections), while a value of 10
means that only 10% of primitive events is valid, and 90% of events can
be immediately discarded.
In Figure 7.14(a) we observe the average delay measured by the sinks.

As expected, it is not influenced by the presence of content-based filter-
ing of primitive events. On the other hand, increasing the number of
attribute values reduces the network traffic registered by all strategies
(Figure 7.14(b)). Indeed, a higher percentage of filtered events reduces
the number of generated composite events. This advantages all strate-
gies, including the Centralized one.
At the same time, all the strategies that enable distributed processing

obtain an additional benefit, since they can reduce the number of prim-
itive events to be forwarded, by discarding them immediately, as they
enter the processing network. This is clearly visible in Figure 7.14(a),
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where all strategies that perform distributed processing register a much
lower traffic w.r.t. the Centralized strategy, and their advantage in-
creases with the number of values per attribute.

Number of processing nodes
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Figure 7.15: Number of Processing Nodes

A parameter of primary importance when considering a distribution
strategy is the number of available processing nodes. Figure 7.15 shows
how performance changes when moving from 5 to 50 processors. While
increasing the number of nodes, we also increase the number of connec-
tions, thus limiting the differences between topologies in terms of number
of hops needed to forward a packet from one node to another one. As for
the default scenario, all network topologies have been generated using
the Brite [225] topology generator.
When increasing the scale of the network, we also increased the number

of primitive event type, and the number of deployed rules. We believe
this better represents realistic scenarios, in which the heterogeneity of
events observed and generated grows with the scale of the network.
Despite we limited the differences in terms of number of hops between

the topologies we considered, we observe that the delay measured by
sinks (Figure 7.15(a)) increases with the number of hops, when moving
from 5 to 10 nodes. After 10 nodes the measured results do not exhibit
a clear trend, with visible oscillations determined by the heterogeneity
of the topologies adopted. This behavior is more evident for strategies
adopting a single processing tree, which strongly rely on the topology
when building the unique tree used to forward events. On the other
hand, it is less visible when multiple trees are adopted.
The traffic generated by T-Rex (Figure 7.15(b)) increases with the size

of the network. This can be explained by remembering that we increased
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the number of primitive events and the number of deployed rules. The
most interesting aspect, however, is the behavior of the strategies based
on multiple processing trees. Since they need to forward primitive events
over different paths, the traffic they generate increases with the number
of possible trees, and hence with the number of nodes in the overlay
network.
This result seems to suggest that the adoption of multiple processing

trees is not convenient for large scale networks. However, it is worth
mentioning that in our scenario we do not consider locality of events:
primitive events may be generated at different (and distant) nodes, and
they can participate in several different rules. On the other hand, we
expect locality to be present in almost all real applications, in two forms.
i. Locality of primitive events in rules, meaning that rules can be

divided into classes, and primitive events participate only in a limited
number of classes. As an example, events of type Temperature could
participate in rules related to environmental monitoring, but they will
not probably appear in rules related to inventory management.
ii. Locality of publishers: events that participate in the same rule

are often produced by nearby sources. For example all events related to
inventory management are produced in a single building.
In some cases we also expect to see locality of sinks, meaning that

composite events are consumed near to the place in which most of the
primitive events used for their detection are published.
To better understand the benefits of locality, we defined and simulated

a new scenario, in which we significantly increased the locality of primi-
tive events (we defined classes of ten rules, all using the same primitive
events), and the locality of publishers.
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Figure 7.16: Number of Processing Nodes (with Locality)

The results measured in this scenario are shown in Figure 7.16. Since
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we did not consider the locality of sinks, the measured delay does not
change significantly w.r.t. the previous scenario (see Figure 7.16(a)).
On the other hand, we observe remarkable differences in the network
traffic (Figure 7.16(b)). While processing strategies that adopt a single
processing tree are still more efficient, the processing strategies based
on multiple processing trees now show similar results, with an average
network traffic that is significantly lower than those of the Centralized
strategy.
To conclude, we can say that strategies adopting multiple processing

trees suffer from the need of delivering primitive events over different
paths, which can theoretically limit their applicability to large scale sce-
narios. However, the presence of locality significantly reduces the impact
of this aspect.
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Figure 7.17: Number of Processing Nodes (with Filtering)

Finally, it is worth remembering that our scalability tests were ex-
ecuted without content-based filtering of events. If introduced, it can
provide significant advantages to the distributed processing.
This is shown in Figure 7.17, which shows the network traffic mea-

sured when 90% of primitive events is filtered out based on the value
of attributes. As in the case of locality, distributed processing becomes
more efficient than centralized one, with a significantly reduced network
traffic. Moreover, the reduced number of primitive events flowing the
network increases the advantages of pull notifications, especially with a
large number of processing nodes.

Publication rate

Finally, Figure 7.18 shows how performance changes with the publica-
tion rate. In particular, during our simulations, we fixed a maximum
publication rate of 10 events per second, while we changed the minimum
publication rate, moving it from 1 event every 5 seconds to 1 event every

235



7 Distributed Event Processing

 0

 10

 20

 30

 40

 50

 60

 10  100  1000  10000

Av
er

ag
e 

de
la

y 
(m

s)

Max Time Between Publications

Centralized
Distributed (ST)
Distributed (MT)

Push-Pull (ST)
Push-Pull (MT)

(a) Average Delay (ms)

 0

 10

 20

 30

 40

 50

 60

 10  100  1000  10000

N
et

w
or

k 
tra

ffi
c 

(K
B/

s)

Max Time Between Publications

Centralized
Distributed (ST)
Distributed (MT)

Push-Pull (ST)
Push-Pull (MT)

(b) Average Traffic per Second (KB/s)

Figure 7.18: Publication Rate

10000 seconds. Since we adopt an exponential distribution, this opera-
tion has only a minimal impact on the average publication rate. On the
other hand, it has a great impact on the number of composite events
generated, since events of certain types may become extremely rare.
Figure 7.18(a) shows the delay measured by sinks. As expected, it is

not influenced by the publication rate. Figure 7.18(b) shows the network
traffic generated by the different strategies. When increasing the max-
imum time between publications, all strategies present a lower traffic:
indeed, less composite events are generated. While this advantages all
the strategies that adopt a single processing tree (and thus need to for-
ward composite events after detection), it produces a greater advantage
for strategies using distributed processing, since they can filter a higher
number of primitive events that do not satisfy timing constraints ex-
pressed in rules. Accordingly, the advantage of both Distributed (ST)
and Push-Pull (ST) over Centralized increases with the maximum
time between publications.
On the other hand, strategies that adopt multiple processing trees are

not influenced by the number of generated composite events, but only by
the possibility of filtering out primitive events. As a result, the advantage
of Distributed (MT) and Push-Pull (MT) over Centralized in terms
of generated traffic does not change significantly with the maximum time
between publications.
Finally, we observe how a small difference between publication rates

makes it inconvenient to adopt mechanisms for pull notifications. Indeed,
the number of primitive events forwarded in pull mode becomes small,
and the cost of the mechanisms overcomes the advantages.
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Final considerations

We have already seen in Chapter 5 and Chapter 6 how the choice of a
particular workload can seriously affect the performance of an algorithm.
When dealing with a CEP system, the number of parameters to consider
is huge and it becomes even larger when distributed processing is taken
into account: it becomes fundamental to consider the number of available
nodes, the topology of the processing network, and the capabilities of
network links. Most importantly, it becomes fundamental to know which
nodes produce a certain information, and where they are located. For
example, we have seen the importance of locality during our analysis of
the scalability of strategies.
Given this premise, we believe that further investigations are needed

to better analyze the different processing strategies presented here, pos-
sibly using data coming from real distributed applications. The limits
derived from the usage of a network simulator currently prevent us from
conducting more exhaustive studies. To overcome this limitation, in the
near future we plan to move to a more powerful machine for the tests,
but also to try real deployments, possibly using public testbeds like Plan-
etLab [226] or Emulab [227].
Keeping these considerations in mind, we can still draw some conclu-

sions from the results measured in this section. First of all, processing
times contribute only marginally to the average delay required to deliver
event notifications to sinks. This suggests that strategies that reduce the
number of transmissions (using multiple processing trees) result in lower
delays, even if they potentially duplicate processing and increase network
traffic. This becomes evident if we look at all the graphs regarding the
delay measured by sinks. Even if we changed a large number of param-
eter, the delay remained almost constant in every test we run. The only
exception is represented by the scalability test, where we changed the
topology of the network. As expected, in all the test we run, the delay
was lower with strategies that adopt multiple processing trees.
A final consideration regards the strategies that adopt a hybrid push-

pull approach. In most of the tests we performed, they provide limited
benefits in terms of network traffic, while increasing the delay measured
by sinks. We still believe that this approach deserves more investigations,
on a wider range of workloads. This should allow to better isolate the
cases in which pull mode notifications are suitable, thus enabling an
activation of the pull mechanisms only for certain rules and only between
nodes that can significantly benefit from its application.
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7.5 Related Work

One of the aspects addressed by the deployment strategy of a CEP sys-
tem is the operator placement problem, which specifies how the operators
defined inside rules are deployed on available processing nodes.
A good survey of most existing solutions for the operator placement

problem can be found in [145]. A first fundamental consideration about
the operator placement problem regards the kind of operators it ad-
dresses. Going back to our classification of rule specification languages
presented in Chapter 2, we notice that most existing algorithms for op-
erator placement are based on transforming languages. Indeed, these
languages define a sequence of transformations that incoming data has
to pass through to produce the desired output: since these transforma-
tions are applied one after the other, it is easy to deploy them on different
nodes. On the contrary, detecting languages specify complex patterns,
often involving timing constraints, and splitting them is not trivial. Dis-
tributed detection of pattern has been first explored in [228], with a very
simple language. An important contribution comes from [11], where the
authors study how patterns can be optimized for efficient distribution.
As we mentioned in Section 7.1 many solutions have been proposed for

the operator placement problem [138, 139, 46, 79, 140, 31, 141, 30, 142,
143, 144, 127]. They strongly differ from each other on many aspects.
First of all, they start from different assumptions: some of them con-

sider large scale networks of processors, while others assume clusters of
colocated machines; some consider nodes with heterogeneous computa-
tional resources, while others consider homogeneous nodes; some of them
assumes that single operators can be duplicated at different processing
nodes, if needed, while others do not allow duplications.
Second, they are designed for different goals: for example, minize the

delay required to produce results other, minimize the usage of network
resources, or a combination of the two, or again minimize processing
resource usage, and hence power consumption.
Since the problem is known to be NP hard, it is usually solved using

approximated algorithm or heuristics. Most systems rely on a central-
ized decider, which collects all relevant information about the network
status and locally computes a solution for the problem. Only a few pro-
posals have considered a decentralized algorithm for solving the operator
placement.
The deployment strategies proposed in this chapter solve the operator

placement problem in a distributed way, by recursively splitting rules at
each node; moreover, our push-pull approach exploits traffic information
to alter the communication between nodes.
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Beside offering a solution for the operator placement problem, a com-
plete deployment strategy also needs to precisely define the protocols
that govern the interaction among processing nodes, specifying how in-
formation is collected, processed, and finally delivered to interested sinks.
As we have seen in Chapter 2 these issues are usually not considered

in existing CEP systems: most of them are based on a centralized de-
ployment, in which all the processing is performed on a single machine
(e.g. [98, 48]). Others define distributed processing, but are based on ex-
tremely simple languages if compared with TESLA, which do not capture
all the needs of event-based applications [228]. Even when distributed
processing is allowed, nodes often require manual configuration [123]. It
is worth mentioning that some remarkable example of automated distri-
bution can be found among DSMSs [79, 152].
Our deployment strategies include a set of protocols that define how

nodes organize themselves into processing trees, handle deployed rules
and subscriptions, and collect, process, and deliver event notifications.
Finally, our different solutions adopted in our protocols are inspired by

work on distributed publish-subscribe systems and content-based rout-
ing [212].

7.6 Conclusions

In this chapter we presented different deployment strategies for dis-
tributed event processing in T-Rex. Given a set of connected proces-
sors, our strategies precisely define the communication among processing
nodes to handle rule deployment, subscriptions, and to collect, process,
and deliver event notifications.
Differently from most existing algorithms, our solutions do not rely

on a centralized component that collect information and decides where
the different processing operators have to be installed; on the contrary,
this operation is performed in a distributed way, with each node au-
tonomously taking decisions based on local knowledge about their neigh-
bors.
Described deployment strategies have been fully implemented inside

the T-Rex system. In this chapter, we presented a preliminar evaluation
using the Omnet++ network simulator. Different aspects emerge from
our analysis: first of all we observe that the processing delays introduced
by T-Rex are negligible if compared with typical network delay, even
when considering links with low delay and high bandwidth. This is in
line with our analysis of T-Rex in Chapter 5. This suggests that duplicat-
ing the processing can be a good strategy for reducing the delay required
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to deliver results to sinks. Section 7.4 confirms this intuition: strategies
based on multiple processing trees provide lower delays. Moreover, as
explained in Chapter 6, also in presence of complex rules that may sig-
nificanlty increase the processing time, the use of GPUs as co-processors
contribute in obtaining a low processing delay.
Section 7.4 also shows that the use of distributed processing can sig-

nificantly reduce the network traffic required for event detection and
delivery in a large range of scenarios. When considering network traffic,
our analysis shows that strategies based on a single processing tree are
generally more efficient in most of the scenarios we tested, at least un-
til the number of composite events generated remains small w.r.t. the
number of primitive events published by sources.
Finally, some of the deployment strategies we implemented include

mechanisms that allow T-Rex to automatically adapt the interaction
among processors to the network traffic, and in particular to event gen-
eration rates, by applying a hybrid push-pull approach to deliver event
notifications. Although in our analysis this approach has provided only
limited advantages in terms of reduction of network traffic, we believe
it deserves more investigation. As a future work, we plan to test our
strategies on a real network, possibly using more realistic workloads.
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Several complex information systems are designed around an event-based
core that guides and controls the behavior of other sub-systems. It op-
erates by observing primitive events that occur in the external environ-
ment, interpreting and combining them to extract higher-level composite
events, and delivering them to the components in charge of reacting to
them. This event-based core is realized by a Complex Event Processing
(CEP) system.
The first problem one encounters when approaching CEP systems is

defining them. Indeed, they are part of a wide class of systems that we
call Information Flow Processing (IFP) systems, generally developed to
solve the problem of processing continuous flows of information coming
from heterogeneous sources to derive new knowledge. IFP systems in-
clude a wide range of heterogeneous proposals, including Active DBMSs,
Data Stream Processing Systems (DSMSs), CEP systems, and many ap-
plication specific products. They were historically developed by different
communities, each one bringing its background, experties, and vocabu-
lary. Comparing these systems is hard tasks and the boundaries between
classes are often blurred.
In the first part of this thesis we offer a modelling framework to com-

pare and analyze existing IFP systems. This enables to extract advan-
tages and limitations of the different approaches, and offers a common
ground to simplify the discussion and the cooperations among differ-
ent research and industrial communities, reducing the effort required to
merge the results produced so far.
The rest of the thesis presents in details the design and implementation

of T-Rex, our CEP system explicitly studied to provide expressiveness,
ease of use, efficient processing, and scalability to support large-scale
distributed scenarios.
While analyzing existing systems to define our modelling framework,

we soon realized that the first step for building a CEP system was the
definition of a proper language for the specification of composite events
starting from primitive ones. Surprisingly, we also realized that almost
all existing systems are based on generic data processing language, which
fail to provide the desired abstraction when it comes to implement an
event-based system.
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To overcome this limitation we defined TESLA, our language explic-
itly designed to deal with events and their temporal relations. TESLA
offers a compact syntax, which allows the definition of complex temporal
patterns through a small number of simple operators. It offers content
and timing constraints, sequences, negations, aggregates, with customiz-
able selection and consumption policies. Moreover TESLA is formally
defined using a metric temporal logic; this makes it possible to under-
stand its semantics, but also to check the correctness of a CEP system
that processes events according to TESLA rules.
As a future work we plan to extend TESLA to deal with uncertainty:

we believe this plays a central role in the future diffusion of CEP sys-
tems. Not only sources may produce events with an associated degree of
uncertainty, but in many applications the uncertainty is inherently part
of how we model the world. Providing support for uncertainty may raise
the level of abstraction, making the definition of composite events more
natural.
In the following part of the thesis we present the processing algorithm

used inside T-Rex. First we present PCM, a novel algorithm for content-
based matching explicitly defined to take advantage of the increasing
power of parallel hardware. PCM has been implemented both on multi-
core CPUs and on GPUs based on the CUDA architecture. If compared
with state of the art solutions, it provides significant speedups; moreover,
the use of GPUs also provides the fundamental advantage of leaving the
CPU free to perform other tasks, like network communication.
Our contribution enables a new level of performance for all those sys-

tems that rely on event filtering, like publish-subscribe systems. More-
over, event filtering and forwarding is at the base of every CEP system.
Another contribution of the thesis is the design of two processing algo-

rithms for TESLA rules. One (AIP) is based on automata and processes
events incrementally, as they become available; the other one (CDP) ac-
cumulates all received events into ad-hoc data structures called columns
and delays the processing as much as possible.
We implemented both algorithms in T-Rex and we tested them using

a large number of workloads. First, we demonstrate the efficiency of
T-Rex by comparing it with a mature commercial product. Even with
thousands of TESLA rules deployed, T-Rex can handle high volumes of
incoming events, with both algorithms.
The comparison of the two algorithms shows that CDP overperforms

AIP in almost all the scenarios we defined. This is an important research
result. Indeed, most existing systems are based on automata, or in gen-
eral on incremental processing. As a future work we plan to explore this
issue in details, to understand if CDP-like processing algorithms can be
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applied to a wider class of languages and systems.
Although our implementations exploit the presence of multi-core CPUs

to handle multiple rules in parallel, single rules are precessed sequentially,
on a single core. In many application scenarios this is perfectly accept-
able; however, there may exist scenarios that involve extremely complex
rules. To cope with this situation, we studied how the T-Rex processing
algorithms can take advantage of the presence of GPUs to adopt them as
co-processors to reduce the processing time of most complex rules. Also
in this case, our performance analysis on a large number of workloads
shows impressive speedups w.r.t. our sequential implementation.
Finally, to deal with large scale distributed scenarios, we defined dif-

ferent deployment strategies that allow T-Rex to exploit the availability
of different processing nodes. Our contribution includes the definition of
a set of protocols that different processors can use to organize them into
an overlay network, partition and distribute rules, collect events from
sources, cooperatively processing them, and finally distribute them to
interested parties. All defined protocols have been fully implemented
in T-Rex and we provide a first evaluation using a network simulator.
Our analysis shows that our strategies contribute in limiting the network
traffic to detect composite events and deliver them to interested sinks in
almost all the scenarios we tested. Moreover, some of the defined strate-
gies also reduce the delay required to obtain results, which is usually
considered one of the most important performance metric for CEP.
We plan to significanlty extend our evaluation in the near future, using

a real distributed setting, and possibly workloads extracted from real
application.
To conclude, CEP is a relatively young and continuously evolving re-

search field. We do not believe that the contributions of this thesis repre-
sent a definitive answer to most of the problems we identified. However,
we are convinced that they define a valid ground to start future research
effort.
The research around CEP needs to significantly evolve to meet the re-

quirements of application. First of all it has to provide an adequate level
of abstraction to allow natural definition of composite events. We are
confident that TESLA represents a step in the right direction. Second, it
has to support this abstraction with efficient algorithms that exploit all
the potentiality of modern hardware, as we investigated with our work
on T-Rex. Finally, it has to provide automatic scalability with complex
protocols that optimize the usage of available resources.
If we are able to answer all these research challenges, we will succeed in

creating powerful systems that completely support event-based commu-
nication, simplifying the interaction between heterogeneous, distributed
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components.
We envision a world in which mature CEP infrastructures create a

strong abstraction over event detection and signalling, similar to the role
DBMSs currently play for static data, hiding the algorithms required
to detect complex situations and the low level details about network
communication.
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Jeong-Hyon Hwang, Anjali Jhingran, Anurag Maskey, Olga Pa-
paemmanouil, Alexander Rasin, Nesime Tatbul, Wenjuan Xing,
Ying Xing, and Stan Zdonik. Distributed operation in the bore-
alis stream processing engine. In SIGMOD ’05: Proceedings of the
2005 ACM SIGMOD international conference on Management of
data, pages 882–884, New York, NY, USA, 2005. ACM.

[153] Sandeep Pandey, Kedar Dhamdhere, and Christopher Olston.
Wic: a general-purpose algorithm for monitoring web information
sources. In Proceedings of the Thirtieth international conference
on Very large data bases - Volume 30, VLDB ’04, pages 360–371.
VLDB Endowment, 2004.

[154] Jianliang Xu, Xueyan Tang, and Wang-Chien Lee. Time-critical
on-demand data broadcast: Algorithms, analysis, and performance
evaluation. IEEE Trans. Parallel Distrib. Syst., 17:3–14, January
2006.

[155] Haggai Roitman, Avigdor Gal, and Louiqa Raschid. A dual frame-
work and algorithms for targeted online data delivery. IEEE Trans-
actions on Knowledge and Data Engineering, 99(PrePrints), 2010.

[156] Haggai Roitman, Avigdor Gal, and Louiqa Raschid. On trade-
offs in event delivery systems. In DEBS ’10: Proceedings of the
Fourth ACM International Conference on Distributed Event-Based
Systems, pages 116–127, New York, NY, USA, 2010. ACM.

[157] Mehul A. Shah, Joseph M. Hellerstein, and Eric Brewer. Highly
available, fault-tolerant, parallel dataflows. In SIGMOD ’04: Pro-
ceedings of the 2004 ACM SIGMOD international conference on

261



Bibliography

Management of data, pages 827–838, New York, NY, USA, 2004.
ACM.

[158] Jeong-Hyon Hwang, Magdalena Balazinska, Alexander Rasin,
Ugur Cetintemel, Michael Stonebraker, and Stan Zdonik. High-
availability algorithms for distributed stream processing. In ICDE
’05: Proceedings of the 21st International Conference on Data
Engineering, pages 779–790, Washington, DC, USA, 2005. IEEE
Computer Society.

[159] Magdalena Balazinska, Hari Balakrishnan, Samuel R. Madden, and
Michael Stonebraker. Fault-tolerance in the borealis distributed
stream processing system. ACM Trans. Database Syst., 33(1):1–
44, 2008.

[160] Jennifer Widom and Stefano Ceri. Introduction to active database
systems. In Active Database Systems: Triggers and Rules For Ad-
vanced Database Processing, pages 1–41. Morgan Kaufmann, 1996.

[161] Matthew Wright, James Chodzko, and Danny Luk. Principles and
Applications of Distributed Event-Based Systems, chapter 1, pages
1–18. IGI Global, 2010.

[162] Arvind Arasu, Shivnath Babu, and Jennifer Widom. An ab-
stract semantics and concrete language for continuous queries over
streams and relations. Technical Report 2002-57, Stanford Info-
Lab, 2002.

[163] Lukasz Golab and M. Tamer Özsu. Update-pattern-aware model-
ing and processing of continuous queries. In SIGMOD ’05: Pro-
ceedings of the 2005 ACM SIGMOD international conference on
Management of data, pages 658–669, New York, NY, USA, 2005.
ACM.

[164] Namit Jain, Shailendra Mishra, Anand Srinivasan, Johannes
Gehrke, Jennifer Widom, Hari Balakrishnan, Uǧur Çetintemel,
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